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Introduction 

The capture of sunlight by plants and other primary producers is the main driver of the world’s 

carbon cycle. The photosynthetic machinery that plants use to fix carbon dioxide and light energy 

into storable carbohydrates must be able to handle intense fluxes of energy, and both lack and 

excess of light put plants at a disadvantage—either from starvation or from damage. Plant leaves 

evolve in how they absorb, reflect, or avoid light in ways that can be explained as functional 

adaptations to their environment. Since the amount of light can fluctuate dramatically in the span 

of minutes, plants need physiological strategies to adjust to rapidly changing light levels. Here, I 

present four studies on the interactions between plant tissue and the light environment—two of 

which concern the functional role of light capture and use, and two of which are methodological 

studies that explain how we can use plants’ interactions with light to understand their strategies 

more broadly. In doing so, I describe three distinct and important roles of light for plant ecology: 

light is a resource, a potential stressor, and a tool that allows researchers to characterize plants’ 

functional strategies. 

 

Chapter 1 reports on a study in the Big Biodiversity (BioDIV) experiment that seeks to 

characterize the range of strategies that plants have to cope with excess light under stressful 

conditions. In a survey of prairie plants, we find that species may either primarily use 

biochemical or structural strategies to protect themselves from excess light. The position along 

this continuum is phylogenetically conserved; C4 grasses, for example, tend to have higher 

concentrations of both photosynthetic and photoprotective pigments than forbs or legumes. Using 

proximal hyperspectral imaging, I show that communities whose species mainly rely on 

biochemical mechanisms of photoprotection have less reduction in projected leaf area during 

water-limited periods; these species can effectively tolerate stressful conditions. Other species 

may alter their canopy structure or rely on phenological escape to avoid stress. More generally, 
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photoprotective strategies appear correlated with a much broader suite of physiological traits 

across species. 

 

In Chapter 2, I use growth surveys and physiological measurements in the Forests and 

Biodiversity (FAB) experiment to show how broadleaf trees respond to shade from faster-

growing conifer neighbors. While most species were harmed by shade, growing slower and 

assimilating less carbon, two species showed the opposite trend. These two species were the most 

shade-tolerant in the experiment and were exceptionally susceptible to photoinhibition, such that 

shade from their larger neighbors facilitated their growth. Species interactions thus emerged from 

underlying physiological mechanisms that govern how species responded to their light 

environment and the resulting microclimate. Several species showed steeper leaf angles and 

greater investment in carotenoids in full fun, which suggests that they relied on both structural 

and biochemical mechanisms of photoprotection. 

 

In these first two chapters, I emphasize the dual role of light as an essential resource and a 

potential stressor for plants. These two roles shape the ways that whole communities and 

ecosystems operate. Chapter 1 shows that communities dominated by plants with high 

concentrations of photosynthetic and photoprotective pigments are less likely to avoid light 

during stressful times in the season. As a result, they may be able to maintain physiological 

function under such stressful conditions. Chapter 2 shows that species interactions among trees—

competition and facilitation—emerge at least in part from the dramatic effects that individuals 

have on each other through shading, which can be positive or negative. Facilitation in particular 

could contribute to the ubiquity of positive biodiversity-productivity relationship in forests, 

especially among species that differ in shade tolerance (Toïgo et al. 2017; Searle and Chen 2019). 

More speculatively, since the growth and fitness of plants is often decreased by light limitation 
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and low light and light stress at high light, many plants may have a hump-shaped response to light 

availability. This pattern is analogous to the hump-shaped Type IV functional response in 

consumer-resource interactions, under which one species can be facilitated by another, even when 

they are ostensibly competing for a shared resource (Ranjan and Bagchi 2016). The dual role of 

light as a resource and a stressor could thus have predictable and general effects on the structure 

of plant communities. 

 

These first two chapters establish their findings using reflectance spectroscopy and chlorophyll 

fluorescence as indicators of the functional traits or physiological status of plants. In Chapters 3 

and 4, I continue to explore the use of light as a tool to understand plant functional strategies. 

These two chapters aim to use reflectance spectroscopy to estimate traits in different kinds of leaf 

tissue. Chapter 3 focuses on leaf litter, whose chemical traits are often measured to gain insight 

into components of nutrient cycle such as nutrient resorption and decomposition. I show that one 

can estimate fiber concentration and elemental composition using pressed-leaf spectra and, with 

somewhat higher accuracy, ground-leaf spectra. Chapter 4 is about pressed leaves, such as 

herbarium specimens, whose functional traits ecologists increasingly seek to measure in order to 

fill in trait databases or understand the impacts of global anthropogenic changes. I show that 

reflectance spectroscopy can provide non-destructive estimates of several leaf functional traits 

from pressed leaves, which may extend the possibility of using a wider variety of herbarium 

specimens in functional ecology. In both chapters, I emphasize the role of trait covariance in 

allowing models to predict traits that may have weak optical signatures, which could alter the 

robustness of out-of-sample predictions. 

 

Plant functional ecologists often aim to measure functional traits in order to describe the 

economic strategies that plants have evolved to survive and reproduce. These traits can also be 
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used to predict community patterns and ecosystem fluxes; for example, because so much of leaf 

nitrogen is allocated to photosynthetic pigments and enzymes, leaf nitrogen concentration 

correlates with maximum photosynthesis at the leaf level and photosynthesis at the canopy level 

(Reich 2007). The leaf reflectance spectrum provides an integrated picture of many aspects of the 

leaf’s function, which may allow researchers to infer the evolutionary and ecological forces that 

shape how plants construct their leaves across space and time. Moreover, the reflectance 

spectrum of a fresh leaf may not be just an epiphenomenon of underlying traits; light absorbance 

by the leaf could often have direct consequences for physiological function because of its 

importance for the energy balance, which governs leaf temperature. Although reflectance 

spectroscopy is primarily a tool for estimating leaf functional traits, it may also reveal the ways 

that light capture or avoidance per se—for photosynthesis or to avoid damage—is driven by 

evolutionary or ecological forces that cause plants to adapt or acclimate to their environment. In 

summary, understanding the myriad ways that plants interact with their light environment in their 

rich complexity can help us create better explanations of how plants communities and ecosystems 

work.



1This chapter has been published in Photosynthetica (January 2018) and is reprinted here under a 
Creative Commons Attribution 4.0 International License. The research was conducted in 
collaboration with Jeannine Cavender-Bares, Keren Bitan, Amy Verhoeven, Ran Wang, Rebecca 
Montgomery, and John Gamon. A summary of the license can be found here: 
https://creativecommons.org/licenses/by/4.0/ 
 

Chapter 1 

Community-wide consequences of variation in photoprotective physiology among prairie plants1 
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Introduction 

Plants use a number of photoprotective mechanisms to avoid photoinhibition and molecular 

damage caused by excessive radiation, which can lower their photosynthetic capacity (Demmig-

Adams and Adams III 1996, Ashraf and Harris 2013). These mechanisms can be classified as 

tolerance mechanisms, which dissipate energy or quickly repair oxidative damage, or avoidance 

mechanisms, which alter whole-leaf light absorption to reduce excess energy absorption (Steyn et 

al. 2002). One tolerance mechanism of photoprotection is the xanthophyll cycle, in which the 

two-step de-epoxidation of violaxanthin into zeaxanthin via the intermediate anteraxanthin allows 

plants to dissipate excess radiation via nonphotochemical quenching (NPQ) (Demmig-Adams and 

Adams III 1996, Müller et al. 2001). 

 

Conditions that limit the amount of energy that can be captured by photosynthesis may force 

plants to dissipate more energy through these nonphotochemical means. For example, drought 

may limit photosynthesis by forcing plants to close their stomata, causing plants to upregulate 

pathways involved in NPQ, including the xanthophyll cycle. Consequently, xanthophyll cycle 

activity and xanthophyll pool sizes may be upregulated under conditions that limit light use 

efficiency (LUE), including drought. Many other carotenoids, such as β-carotene and lutein, can 

also help de-activating reactive oxygen species (Jahns and Holzwarth 2012), while other 

pigments, such as anthocyanins, may have other photoprotective roles, such as screening out light 

(Steyn et al. 2002). On the other hand, some species have avoidance mechanisms to reduce light 

interception, increase reflectance, or move chloroplasts away from the cell surface (Wada 2013). 

 

Lineages and functional groups of species often have consistent differences in function that 

reflect their varying ecological strategies (Donoghue 2008). However, the comparative ecology of 

photoprotection in terrestrial plants is little-studied (for examples, see Montgomery et al. 2008, 
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Savage et al. 2009, Ramírez-Valiente et al. 2015), leaving it unclear to what extent 

photoprotective mechanisms show these patterns of structured variation among species. 

Furthermore, because photoprotection is tightly bound to other aspects of plant function, 

including photosynthesis and water relations, it is important to understand how variation across 

time and across species in the use of photoprotective pigments is related to other aspects of plant 

function. Do photoprotective traits correlate with other aspects of physiology to form a spectrum 

of strategies for response to light stress? Or do they constitute an independent axis of variation? 

 

The comparative biology of photoprotection matters because measures of photoprotective activity 

are important in characterizing LUE to model primary productivity over large scales (Garbulsky 

et al. 2011). Simple models of unstressed plants assume that LUE is constant, such that net 

primary productivity is proportional to absorbed photosynthetically active radiation (PAR) 

(Haxeltine and Prentice 1996). This assumption is often unrealistic – under natural conditions, 

plants do face stress, frequently causing declines in LUE whose severity may vary among sites 

based on their environmental conditions and whether they are dominated by species susceptible to 

light stress. Habitats and regions vary in the functional composition and evolutionary history of 

their constituent species, and understanding the comparative physiology – including 

photoprotective physiology – of these species can help explain ecosystem-level properties. 

Previous studies have revealed large variation in photoprotective strategies among tree species in 

a single stand (Gamon et al. 2005), and between functionally distinct species that often inhabit 

different niches, such as deciduous broadleaf and evergreen needleleaf trees (Gamon et al. 2015, 

Springer et al. 2017). Given these findings, characterizing the extent of variation in 

photoprotective strategies among prairie species from a single site could help in understanding 

how a range of strategies can succeed in a uniform environment. 
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To assess photoprotective and photosynthetic physiology over large spatial scales or with high 

temporal resolution, researchers often use nondestructive methods based on light reflectance 

spectra, which can often be assessed through remote sensing. One simple spectral index designed 

to track diurnal variation in xanthophyll cycle activity, and thus LUE, is the photochemical 

reflectance index (PRI), calculated as the normalized difference 

𝑃𝑃𝑃𝑃𝑃𝑃 =
𝜌𝜌531 − 𝜌𝜌570
𝜌𝜌531 + 𝜌𝜌570

 

where ρn denotes the percent reflectance at a wavelength of n nanometers. Since the development 

of the PRI, much research has shown that PRI is influenced not only by xanthophyll cycle activity 

(“facultative” changes, sensu Gamon and Berry 2012), but also the total pool size of xanthophylls 

and other pigments (“constitutive” changes, Gamon and Berry 2012), which corresponds to total 

photoprotective capacity. While constitutive changes occur more slowly, their influence is 

especially dominant in comparisons across species or over seasonal time scales (Stylinski et al. 

2002, Sims and Gamon 2002, Wong and Gamon 2015). In both cases, changes associated with 

high photoprotection, and often low LUE – large carotenoid pools and high xanthophyll de-

epoxidation state – cause PRI to become lower, although PRI can also be influenced by other 

pigments, such as anthocyanins (Gitelson et al. 2017a). 

 

At scales larger than the individual leaf, spectral characteristics of vegetation can also be 

influenced by the architecture of the canopy. At low levels of canopy closure or projected leaf 

area index – one-sided leaf area per unit ground area – the signature of the soil background has a 

strong effect on remotely sensed spectra. Low plant cover and canopy architectures that make soil 

more visible from above can make remotely sensed PRI more dependent on the soil background 

(Barton and North 2001), weakening or erasing its relationship with leaf-level pigment 

concentrations and LUE (Soudani et al 2014, Gitelson and Gamon 2015, Gitelson et al. 2017b). 
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Abiotic drivers like drought can influence the structure of the canopy by causing mortality, 

altering phenology, and causing plants to modify their leaf display – for example, by leaf rolling 

(Kadioglu and Terzi 2007) or assuming more vertical leaf inclinations (Comstock and Mahall 

1985, Gamon and Pearcy 1989, Joel et al. 1997), which under stressful conditions can help 

protect the photosynthetic function of the plant (Turgut and Kadioglu 1998, Pearcy et al. 2005, 

Nar et al. 2009). Consequently, both changes in leaf-level chemistry and canopy structure can 

cause remotely measured PRI to vary over time. This fact challenges the interpretation of 

remotely sensed PRI as a measure of leaf-level LUE or photosynthetic activity without 

controlling for canopy effects.  

 

In this paper, we ask the following related questions: 

1. How do the concentrations of xanthophyll-cycle pigments and other pigments involved in 

photoprotection vary seasonally and across species within a diverse set of prairie plants? 

2. Is species-level variation in photoprotective pigment concentrations related to broader 

aspects of plant physiology? 

3. What community-wide consequences arise from species-level variation in 

photoprotection and associated physiological traits? 

4. How are spectral indicators of photoprotective physiology influenced by leaf-level 

physiology and canopy structure at seasonal scales? 

5. How might these patterns affect our ability to detect changing LUE associated with 

xanthophyll cycle activity using remote sensing? 
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Methods 

Study site and species 

We collected data from May to October 2014 in Cedar Creek Ecosystem Science Reserve in East 

Bethel, Minnesota. All measurements were collected in the Big Biodiversity Experiment (BioDIV 

or BigBio; E120), a biodiversity manipulation experiment comprising 9 x 9 m plots seeded with 

1, 2, 4, 8, or 16 tallgrass prairie species. (For this study, we ignore plot-level diversity to consider 

the 16 species in isolation.) The 16 species included belong to five families, and include four 

functional groups: legumes, forbs, and C3 and C4 grasses (Table 1.1). Within the species pool 

selected for this study, functional groups are monophyletic within the phylogeny, meaning that 

for this study, functional groups and evolutionary history are closely linked (Table 1.1). Within 

the 168 plots in BioDIV, we chose a subset of 35 plots in which to measure leaf-level 

physiological parameters, including 11 monoculture plots and 24 multi-species (between 2 and 16 

species) plots. Each species was sampled in three distinct plots of varying diversity. 

Monocultures were not available for all 16 species in the study. Despite regular weeding, plots 

often contained species not originally planted in them (Kennedy et al. 2002); in all plots, we only 

measured species planted by design. Further details about the design of the experiment can be 

found in Tilman et al. (2001). 

 

Pigment concentrations 

At several points across the season, we assessed concentrations of carotenoids and chlorophyll a 

and b in leaf tissue of individuals belonging to each species using high-performance liquid 

chromatography (n = 327 total) following previously described methods (Ramírez-Valiente et al. 

2015). Briefly, we used a hole punch to collect disks from the youngest fully expanded leaf of 

each sampled individual. These disks were immediately wrapped in aluminum foil and stored in a 

liquid nitrogen Dewar until they could be stored in a –80°C freezer, where they were kept until 
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analyzed with high-performance liquid chromatography (HPLC) on an Agilent 1200 HPLC 

system (Agilent Technologies Inc., Santa Clara, California, USA). For chlorophyll and each 

carotenoid pigment, we used multiple calibration standards of known concentration to develop 

calibration equations in order to convert integrated areas of chromatogram peaks to 

concentrations. 

 

We extracted anthocyanins (n = 761) from leaf disks by shaking them for 24 h with –20°C 

acidified methanol (0.1% HCl/vol). We used a SpectraMax Plus 384 Plate Reader (Molecular 

Devices, Sunnyvale, CA, USA) to measure absorbance at 653 nm and 532 nm, the peak 

absorbances of chlorophyll and anthocyanins, respectively. About 25% of absorbance at 532 nm 

is due to chlorophyll, so we used the equation AA = A653 – 0.25 × A532 to estimate anthocyanin 

absorbance (AA) from raw absorbances A (Murray and Hackett 1991). We estimated the final 

concentrations using a molar extinction coefficient of 28,000 L mol(anthocyanin)–1 cm–1 (Lee et 

al. 2005). 

 

We used the inferred pigment concentrations, in terms of nanograms per milligram of leaf tissue, 

to calculate metrics of xanthophyll-cycle activity, following Savage et al. (2009), including the 

total xanthophyll cycle pool size (V+A+Z, where V is the concentration of violaxanthin, A is the 

concentration of antheraxanthin, and Z is the concentration of zeaxanthin). We also calculated the 

de-epoxidation state (DPS): 

DPS =
0.5A + Z

V + A + Z
 

We summarized the species-level variation in pigment concentrations by performing a principal 

components analysis on the correlation matrix of species mean concentrations of total 

chlorophyll, V+A+Z, neoxanthin, lutein, β-carotene, and anthocyanins. 
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Gas exchange 

Gas exchange measurements (n = 166 total) were taken from the uppermost fully expanded leaves 

of selected individuals of each species using a Portable Photosynthesis System (LI-6400 XT, LI-

COR, Lincoln, NE, US). We maintained a block temperature of 25°C and relative humidity of 40-

60%. Measurements were taken at ambient CO2 and a PPFD of 1500 μmol(photon) m–2 s–1 (red + 

10% blue). We adjusted for leaves that did not cover the 6 cm2 leaf chamber by using a marker to 

indicate the part of the leaf that was enclosed, scanning the leaf, and using ImageJ software to 

measure the area (Schneider et al. 2012). We corrected for variation in enclosed area in all 

analyses. 

 

We used gas-exchange measurements to calculate intrinsic water-use efficiency (WUEi) as the 

ratio of net photosynthetic rate [μmol(CO2) m–2 s–1] to stomatal conductance [mol(H2O) m–2 s–1]. 

 

Chlorophyll fluorescence 

We used a Hansatech FMS2 pulse-modulated chlorophyll fluorometer to measure chlorophyll 

fluorescence parameters throughout the season (n = 590 individuals). For each individual sampled 

at each sampling date, we took a dark-acclimated and a light-acclimated measurement on the 

newest fully expanded leaf. To collect dark-acclimated measurements, we attached a leaf clip to 

each sampled leaf to block out sunlight for at least 30 minutes. After taking each dark-acclimated 

measurement, we removed the clip and allowed the leaf to acclimate to ambient midday sunlight 

for at least 120 minutes before taking a light-acclimated measurement. 

 

As a measure of the general stress level of plant leaves, we calculated the maximal dark-adapted 

quantum yield (Fv/Fm) as (Fm-F0)/Fm. We also calculated the electron transport rate as 
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ETR = 0.5 × 0.84 × ∆F/Fm′ × PPFD 

where ∆𝐹𝐹/𝐹𝐹𝑚𝑚′ , also notated ΦPSII, denotes the effective quantum yield of photosystem II, and 

PPFD is the photosynthetic photon flux density [μmol(photon) m–2 s–1]. The constant 0.5 is based 

on the assumption that PSI and PSII apportion PAR equally; we treat leaf absorption as fixed 

when calculating ETR, so 0.84 represents a plausible absorption for the average leaf (Björkman 

and Demmig 1987). 

 

Predawn water potential 

Predawn water potential (n = 70 total) was measured with a Scholander pressure bomb in mid-

June. Water potential data are reported in figures as the balancing pressure [MPa] used to counter 

the xylem tension, so reported values are positive, and more positive values represent more 

negative predawn water potential. 

 

Spectral reflectance measurements 

Throughout the season, we used a UniSpec-SC portable leaf reflectometer (PP Systems, 

Amesbury, MA, US) to collect visible and near-infrared (VIS/NIR, 310–1100 nm) hyperspectral 

reflectance spectra of multiple leaves from three individuals from each originally seeded species 

in each plot we sampled (n = 632 individuals). Between plots, we used a white reference panel 

(Spectralon, Labsphere, North Sutton, NH, US) to collect a reference scan representing 

approximately 100% reflectance; measurements of leaves were calibrated against this scan. 

During data processing, we removed spectra that had peak reflectance below 0.3 or appeared 

clearly unlike a green leaf. At any given time point, the spectra for leaves of the same individual 

were averaged, and PRI was calculated from the average spectrum. 
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Every two weeks from late May through August, and once a month in September and October, 

we used a UniSpec-DC Spectral Analysis System to collect VIS/NIR (310–1100 nm) 

hyperspectral reflectance spectra at the canopy scale in our plots, as well as in bare soil. The 

instrument collected upwelling radiance and downwelling irradiance simultaneously using two 

fiber optics. The upward-pointing fiber optic measured solar irradiance with a cosine head. The 

downward-pointing fiber optic had a field-of-view restrictor to limit the field-of-view to about 

15°, resulting in a spatial resolution of about 0.5 m2. We collected a series of measurements for 

each plot by moving along the northern edge of the plot and taking a scan every 0.5 m, taking 

care not to shadow the plot. We also collected a white reference scan before measuring each plot. 

We then calculated the reflectance at each measured wavelength λ as 

𝜌𝜌𝜆𝜆 =
𝐿𝐿𝑡𝑡,𝜆𝜆/𝐸𝐸𝑡𝑡,𝜆𝜆

𝐿𝐿𝑝𝑝,𝜆𝜆/𝐸𝐸𝑝𝑝,𝜆𝜆
 

where L and E refer to upwelling radiance and downwelling irradiance, respectively, and the 

subscripts t and p refer to measurements over the target plot and the calibration panel, 

respectively. The nominal bandwidth of the detectors (band-to-band spacing) was 3 nm, so we 

used linear interpolation reduce the spacing to 1 nm. The spectra for a single plot at a given 

sampling date were averaged, and PRI was calculated from the plot-level average spectrum. 

Plot-level reflectance spectra can be downloaded from the EcoSIS Spectral Library at 

https://ecosis.org/#result/2ed7336a-22d4-4a8b-ac4e-ace4b1b16268.  

 

From the plot-level spectra, we also used the mean reflectance of bands from 350 to 1100 nm as a 

proxy for albedo, which is expected to increase with the amount of vegetation due to the high 

NIR reflectance of green leaf tissue. Mean reflectance, like other features of the reflectance 

spectrum, is influenced not only by the amount of vegetation but by the way it is projected 

https://ecosis.org/#result/2ed7336a-22d4-4a8b-ac4e-ace4b1b16268
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horizontally; for example, more vertical leaf angles project less area when viewed from above, 

reducing the amount of visible vegetation. 

 

Percent cover 

We measured percent cover of each species in each of our 35 plots on June 19 and August 1. 

Percent cover was evaluated in nine 0.5 × 0.5 m subplots within each plot, positioned 1 m apart 

from each other 0.5 m from the plot’s northern edge. We evaluated cover to the nearest percent 

below 20%, and to the nearest 5% above that. For each subplot, bare ground was calculated so 

that total cover would add up to 100%. 

 

Climate and soil moisture 

Daily precipitation and mean temperature records were collected at the Cedar Creek weather 

station, about 0.76 km away from the BioDIV experiment. 

 

Once a month between May and September, we measured soil moisture content at four depths 

using time-domain reflectometer in 38 representative plots sampled from the entire BioDIV 

experiment. We deployed a sensor (Trime FM, IMKO GmbH, Ettlingen, Germany) with a 17 cm 

long probe vertically into the soil inside a PVC tube at four depths: 3–20 cm, 20–37 cm, 80–97 

cm, and 140–157 cm. We calibrated the sensor using the same setup with wet and dry glass 

beads, in accordance with manufacturer’s instructions. 

 

Phylogenetic tree and comparative analyses 

We created a phylogenetic tree of the species in the experiment using phyloGenerator (Pearse and 

Purvis 2013). The tree was built using rbcL sequences combined with a taxonomic constraint 

from Phylomatic (Webb and Donoghue 2005). First, a maximum likelihood (ML) estimate of the 
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phylogeny was created using RAxML (Stamatakis 2006), followed by a BEAST run to estimate 

branch lengths under the ML topology (Drummond et al. 2006). Because phyloGenerator outputs 

an unrooted tree, we placed the root at the known split between Poaceae and the other species, 

which are all dicots. We then converted the tree into an ultrametric chronogram using the chronos 

function in the R package ape v. 4.1 (Paradis et al. 2004), using four estimated ages for ancestral 

nodes from Wikström et al. (2001), with additional estimates of node ages within families drawn 

from Kim et al. (2005) for Asteraceae, Lavin et al. (2005) for Fabaceae, and Giussani et al. (2016) 

for Poaceae. 

 

To assess phylogenetic conservatism in pigment and physiological traits, we calculated 

Blomberg’s K (2003) for a selected set of traits. Using R packages phytools 0.6 (Revell et al. 

2012) and geiger 2.0.6 (Harmon et al. 2008), we compared the observed K value to the 

distribution of values expected under two null models: (1) A white noise model that maintains the 

structure of the phylogeny but swaps the tip labels, and (2) a simulation of Brownian motion trait 

evolution over the phylogeny. Rejecting null model (1) would suggest that evolutionary history 

influences values of a trait, such that more related species are more similar. Rejecting null model 

(2) suggests that trait values cannot be described as a random walk in which variance is 

proportional to evolutionary distance, a scenario of relatively high trait conservatism (mean K = 

1). 

 

All data analysis was performed in R v. 3.3.2 (R Core Team, 2016). 

 

 

 

 



17 
 

Results 

Determinants of Plot-Level PRI 

Mean plot-level PRI increased during the early growing season, from late May to late June, then 

steadily declined during the hottest, driest part of the season, which occupied the bulk of July 

(Fig. 1.1; Fig. 1.2). Plot-level PRI reached a nadir in early August, after which it briefly peaked 

again following a handful of moderate rains. Afterward, it underwent a late-season decline. 

 

Plot-level PRI showed only a weak association with PRI at the leaf level (Fig. 1.2). Instead, PRI 

was linked to mean plot-level reflectance, which suggests that over seasonal time-scales in this 

system, PRI was driven largely by the amount of plant biomass, or its horizontal display. Across 

sampling dates, the mean plot-level PRI was strongly correlated with mean plot-level reflectance 

(r2 = 0.513; p = 0.018; n = 9). Within a single sampling date, plot-level PRI showed significant 

correlations with plot-level reflectance from May until early July (r2 from 0.1766 to 0.2732; p << 

0.01; n = 35), with no significant relationship afterward. Also corroborating the strong link 

between PRI and reflectance in the early season is the fact that variation in both quantities across 

plots was correlated with the amount of bare ground (Fig. S1.1). Bare soil spectra collected had a 

mean PRI of –0.0975, which was lower than 97.8% of our individual plot measurements. This 

indicates that an increased signal of the soil background lowered PRI in our system, consistent 

with the temporal dynamics. 

 

Temporal Dynamics of Leaf-Level Physiology 

Between the early growing season (May/June) and July, concentrations of all pigments declined 

steeply in most lineages (Fig. 1.3). Because chlorophyll concentrations declined more than 

V+A+Z, the (V+A+Z)/Chl ratio increased slightly during this period. At the same time, leaf-level 

PRI underwent a slight but noticeable decline, consistent with a role in tracking carotenoid : 
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chlorophyll ratios (Fig. 1.2C). (As expected, PRI was also negatively correlated with DPS across 

species (Fig. 1.4B).) 

 

Despite an apparent lack of precipitation and a reduction in soil volumetric water content during 

July (Fig. 1.1), there was surprisingly little evidence for marked stress at the leaf level. Leaf-level 

PRI dipped slightly but remained fairly constant during this period (Fig. 1.2C), as did ETR and 

dark-adapted Fv/Fm (Fig. S1.2). However, all of these traits eventually showed late-season 

declines likely associated with senescence (Fig. 1.2C; Fig. S1.2). 

 

Trait Correlations and Phylogenetic Conservatism 

Across species, mean concentrations of photosynthetic and photoprotective pigments were 

strongly correlated with each other and with a suite of other physiological traits (Fig. 1.4B), 

including traits related to water use (WUEi, water potential) and photosynthesis (WUEi, ETR, 

Fv/Fm). In a principal component analysis (PCA) of the correlation matrix between species means 

of set of pigment traits, the first principal component (PC) explained 81.7% of the variation, and 

represented a general continuum from higher to lower constitutive pigment concentrations (Fig. 

1.4A). Concentrations of photosynthetic pigments also appeared to be coordinated temporally; the 

early-season decline in pigment concentrations was shown in all pigments (Fig. 1.3). 

 

Both pigment traits and other physiological traits tended to be conserved across the phylogeny 

(Fig. 1.5). Of the traits shown in Fig. 1.5, only predawn water potential did not show significant 

phylogenetic conservatism; for all other traits, a white noise null model was rejected, but a 

Brownian motion null model, which shows clear conservatism, was not rejected. 
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Pigments and Water Limitation 

We calculated a community weighted mean of the first PC of the PCA (Fig. 4A) by using June 

percent cover data to calculate the following weighted sum: 

𝐶𝐶𝐶𝐶𝐶𝐶𝑝𝑝 = �𝑐𝑐𝑖𝑖𝑝𝑝𝑃𝑃𝐶𝐶𝑖𝑖
𝑖𝑖

 

where cip is the cover of species i in plot p and PCi is the value of species i along the first PC axis. 

As an index of response to water limitation, we subtracted the plot-level PRI and mean 

reflectance for each plot during a particularly wet period during late June (dashed line, Figs. 1.1 

and 1.2) from the values during a drier period in early August (dotted line). The resulting 

differences are not a pure indicator of response to water limitation because species undergo 

typical phenological changes, and we are also not able to rule out responses to other 

environmental changes. However, of all species, only L. perennis declined significantly in percent 

cover between late June and early August. Furthermore, Wang et al. (2016) showed that only in 

eight- and sixteen-species plots (which included 12 of our 35 plots) did weighted mean plant 

height noticeably change after late June, and in these plots, height continued to increase into 

August. The fact that PRI and mean reflectance declined sharply as height remained constant or 

increased makes it unlikely that the former is due purely to phenological change associated with 

the life-cycle of plants. Instead, it seems most plausible that it is a stress response. 

 

Regressions of change in plot-level PRI and mean reflectance against the community-weighted 

mean of the first PC axis showed that plots with low mean values on the first PC axis – plots 

whose dominant species have constitutively higher pigment concentrations – tended to show a 

smaller decrease (or even an increase) in mean reflectance and PRI (Fig. 1.6). 
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Discussion 

Concentrations of photoprotective pigments show strong correlations, both across species and 

across time. This suggests that these pigment concentrations are coordinated as a suite of traits. 

Moreover, variation across species is structured phylogenetically and by functional group, with 

certain functional groups, like C4 grasses, having higher pigment concentrations than others, like 

forbs. This phylogenetic structure also corresponds with structure in other traits; C4 species, 

which have high pigment concentrations, also experience more negative predawn water potential, 

and lower Fv/Fm and ETR, but higher WUEi, mostly driven by a higher net photosynthetic rate. 

Leaf-level PRI also showed modest but significant phylogenetic conservatism; this is consistent 

with findings that many parts of reflectance spectra are phylogenetically informative and 

conserved, which may contribute to the remote sensing of biodiversity (Cavender-Bares et al. 

2016, McManus et al. 2016). 

 

The trait correlations we found suggest a strategy for thriving in hot, dry environments, and in 

warmer, drier parts of the growing season, as C4 grasses often do (Edwards et al. 2010). Due to 

the CO2-concentrating mechanism of their bundle-sheath cells, C4 grasses can maintain their 

photosynthetic rates for some time even after limiting stomatal conductance (Ghannoum 2009), 

reducing their susceptibility to carbon starvation and hydraulic failure (Taylor et al. 2014). High 

concentrations of photoprotective pigments may also help in maintaining photosynthetic capacity 

in a stressful environment with high PAR and limited water. The ability to withstand stress and 

maintain growth during the dry mid-season may permit C4 grasses to coexist with other species 

through phenological niche partitioning (Fargione and Tilman 2005). In this context, the 

covariance and phylogenetic structure of pigment concentrations makes sense as part of a 

physiological strategy that allows later-maturing phenology. 
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Pigment concentrations were also coordinated with each other temporally (Fig. 1.3). Pigment 

concentrations declined in the early-to-midseason, which was surprising, given that xanthophyll 

pool size has been found to increase under mild drought in a meta-analysis (Wujeska et al. 2013). 

The declines may have been a result of ontogenetic changes in the developing leaves, as structural 

components like lignin and cellulose expand in their share of leaf mass (Miyazawa et al. 2003). 

Here, these ontogenetic changes may have overwhelmed the stress response. Nevertheless, 

V+A+Z declined less than other pigments, and even increased in some lineages, consistent with 

the trend in the meta-analysis. 

 

Surprisingly, most aspects of leaf-level physiology remained nearly constant during the July mid-

season, suggesting that most species were able to avoid adverse effects of water limitation and 

light stress on photosynthetic physiology at the leaf level (Fig. 1.2C; Fig. S1.2). The extent of 

water limitation was likely mild, so traits that enabled tolerance or avoidance of mild stress may 

have enabled species to maintain physiological function and avoid severe damage. As expected, 

many traits showed clear signatures of senescence. PRI, dark-adapted Fv/Fm, and ETR all showed 

marked declines (Fig. 1.2C; Fig. S1.2), indicating a breakdown in photosynthetic capacity and 

reduction in LUE. These traits, which all serve as indicators of photosynthetic downregulation, 

were strongly correlated at the level of individual means (Fig. S1.3), and PRI and ETR were both 

correlated with Fv/Fm (although not with each other) across species means (Fig. 1.4B), consistent 

with prior research (Gamon et al. 1997, Peguero-Pina et al. 2008, Springer et al. 2017). 

 

Given the relative stability of leaf-leaf physiology until the late season, it is evident that temporal 

variation in leaf-level PRI cannot fully explain the wide seasonal changes in plot-level PRI. 

Temporal patterns at both scales have some similarities, including a late-season decline most 

likely caused by the onset of senescence. However, the trajectory of plot-level PRI has some 
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features – including a rise in the early growing season and a dip during the dry spell in early 

August – that are not shown, or not shown as clearly, in the leaf-level PRI. In these cases, 

changes in PRI are perhaps better explained by changes in total plot reflectance and soil visibility, 

a conclusion reinforced by the fact that inter-plot variation in PRI is strongly correlated with the 

amount of bare ground (Fig. S1.1). The temporal changes may be driven by whole-plant growth 

during the early season, and by drought response for the mid-season decline, consistent with the 

findings of Gitelson et al. (2017b) in annual crops. 

 

Studying the same plots during the same season, Wang et al. (2016) found that the normalized 

difference vegetation index (NDVI), a spectral index of greenness, also declined during this mid-

season drought, which they explained as either a consequence of the drought or of anthesis, since 

many species (including A. gerardii, M. fistulosa, P. virgatum, P. purpureum, P. villosum, S. 

scoparium, and S. nutans) achieve peak flowering near that time. Flowers may decrease NDVI, 

depending on their reflectance spectrum (Joel et al. 1997, Shen et al. 2009), but their effect on 

PRI is unknown. It is unlikely that this decline is caused by elevated mortality, considering the 

low severity of the drought; in addition, Wang et al. (2016) found that the only species with 

significant declines in estimated cover between June and early August was L. perennis. Although 

we did not directly measure species structural responses to water limitation, it seems plausible 

that adaptive changes in canopy structure are responsible for some of this mid-season temporal 

variation. 

 

Across plots and over the season, PRI appears to be strongly affected by canopy properties, both 

in terms of the amount of vegetative biomass and, potentially, the horizontal projection of these 

tissues. The late May-early June increase in plot-level PRI occurs despite an apparent decline in 

leaf-level PRI during the same time. This trend is likely due to rapid whole-plant growth in the 
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early growing season, which increases the fraction of absorbed PAR (fAPAR) and overwhelms 

changes at the individual leaf level. The early August decline in plot-level PRI, which occurs 

without a similarly large decline in leaf-level PRI, may be due to drought responses such as leaf 

rolling or changes in leaf inclination. In this case, PRI may not be indicating efficient use of 

intercepted light, but instead adaptive changes in canopy structure that allow plants to intercept 

less light, reducing fAPAR. The possibility that remotely sensed PRI integrates both fAPAR and 

LUE may help to explain its demonstrated success in tracking primary productivity over intervals 

longer than the diurnal time-scales for which it was designed (Garbulsky et al. 2011). However, it 

calls into question the mechanistic basis of remote sensing-based models of productivity that use 

PRI to measure LUE, because temporal and spatial variation in PRI may be due not just to 

variation in LUE, but also changes in canopy structure (Barton and North 2001, Gitelson et al. 

2017b). Except over brief time periods, or in sites where canopy structure remains fairly constant, 

as in closed-canopy evergreen stands, canopy structure is likely to be the dominant control on 

PRI. 

 

If adaptive changes in canopy structure do drive temporal variation in spectral characteristics, the 

fact that the plots that had the greatest mid-season decline in mean reflectance and PRI were ones 

dominated by species with low pigment concentrations (Fig. 1.6) suggests an alternate strategy to 

reducing light stress. Rather than maintaining the suite of traits associated with tolerance of light 

stress and water limitation that C4 grasses have, these species may attempt to avoid light stress 

through changes in canopy structure to reduce light interception, which causes them to maintain 

lower leaf-level DPS and higher PRI. Some, but not all, of these species (especially the C3 grasses 

and L. perennis) may also grow and flower primarily in the cooler early season (Wang et al. 

2016), another way of avoiding mid-season stress. The fact that plots dominated by C4 species 

saw lower mid-season declines in mean reflectance and PRI is likely due in large part to the 
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mid/late-season dominated phenology of these species, rather than a direct effect of leaf-level 

physiology, but leaf-level traits – including photoprotective traits – are likely to facilitate the 

phenological strategies that these species have. Together, these traits of C4 species have 

consequences for whole-community properties, allowing plots where they predominate to stay 

productive even through water-limited parts of the growing season. On the other hand, plots with 

high abundances of some early-season dominants like L. perennis may face a rapid decline in 

productivity. 

 

From the perspective of remote sensing of physiology, the existence of distinct strategies for 

photoprotection and drought response – avoidance vs. tolerance – supports the broader 

framework of “optical types,” or distinct syndromes of linked traits that yield different signatures 

when sensed remotely (Ustin and Gamon 2010). Because these optical types correspond to 

functional roles, their existence can help explain the effectiveness of remote sensing in measuring 

biodiversity (Jetz et al. 2016) and scaling up plant physiology to whole ecosystems (Cavender-

Bares and Bazzaz 2004, Ollinger et al. 2008). 

 

This chapter was originally written for a special issue to commemorate Govindjee’s 85th birthday. 

We conclude with a brief note on Govindjee’s role in facilitating the ecophysiology of 

photosynthesis. The methods and paradigms that ecologists use to understand physiology and 

fitness in the context of whole communities are limited by the pace of advances in biochemistry 

and biophysics. Although most of Govindjee’s research is not ecological, his seminal work on 

topics like chlorophyll a fluorescence and the xanthophyll cycle illuminated how plants work in a 

truly integrative way. The challenge for ecologists is to translate this physiological understanding 

into the complex, multifactorial world of real, diverse plant communities. 
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Table 1.1. Species considered in this study. 

Species Abbreviation Family Functional 
group 

Koeleria macranta 
(K. cristata) 

koecr Poaceae C3 grass 

Poa pratensis poapr Poaceae C3 grass 
Andropogon gerardii andge Poaceae C4 grass 
Panicum virgatum panvi Poaceae C4 grass 
Schizachyrium 
scoparium 

schsc Poaceae C4 grass 

Achillea millefolium achmi Asteraceae Forb 

Asclepias tuberosa asctu Apocynaceae Forb 
Liatris aspera liaas Asteraceae Forb 
Monarda fistulosa monfi Lamiaceae Forb 
Solidago rigida solri Asteraceae Forb 
Amorpha canescens amoca Fabaceae Legume 
Lespedeza capitata lesca Fabaceae Legume 
Lupinus perennis luppe Fabaceae Legume 
Petalostemum 
candidum 
(Dalea candida) 

petca Fabaceae Legume 

Petalostemum 
purpureum 
(Dalea purpurea) 

petpu Fabaceae Legume 

Petalostemum 
villosum 
(Dalea villosa) 

petvi Fabaceae Legume 
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Fig. 1.1: (A) Mean daily temperature measured from the Cedar Creek weather station. (B) Daily 

precipitation measured from the Cedar Creek weather station. (C) Volumetric water content (%) 

as measured by time-domain reflectometry at four soil depths in a set of BioDIV plots. Error bars 

denote ± 1 SE. Dashed and dotted lines represent particularly wet and dry times in the growing 

season. 
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Fig. 1.2: (A) Mean plot-level reflectance from 350 to 1100 nm, calculated from full UniSpec-DC 

reflectance spectra over this spectral range. Error bars denote ± 1 SE. (B) Plot-level 

measurements of PRI, calculated from UniSpec-DC spectra. Error bars denote ± 1 SE. (C) Leaf-

level PRI, separated by functional group. A small of jitter was added to points to avoid 

overplotting. Curves are LOESS fits with span = 0.75. Dashed and dotted lines represent 

particularly wet and dry times in the growing season. 
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Fig. 1.3: Monthly variation in pigment traits, including (A) total chlorophyll [ng mg–1 wet tissue] 

(B) V+A+Z [ng mg–1 wet tissue], (C) β-carotene [ng mg–1 wet tissue], and (D) DPS. Error bars 

denote ± 1 SE. 
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Fig. 1.4: (A) Principal component analysis (PCA) of species mean pigment concentrations. 

Colors represent taxonomic families. Scores and variable loadings are plotted along the first two 

principal components. PCA was performed on the correlation matrix, effectively giving all 

variables equal weight by scaling them to a mean of zero and variance of one. A small amount of 

jitter was added to reduce overlap among points and arrows. (B) Correlations among species 

pigment and physiological traits. The width of an edge represents the absolute value of Pearson’s 

correlation coefficient r between two traits. Red edges denote negative correlations; black edges 

denote positive ones. Edges with r<0.5 are not shown. Trait abbreviations in figures are as 

follows: WP – predawn water potential (expressed in terms of positive balancing pressure); VAZ 

– total xanthophyll pool size; DPS – xanthophyll de-epoxidation state; Chl – total chlorophyll 

concentration; Neo – neomycin concentration; Bc – β-carotene concentration; Lut – lutein 

concentration; Antho – anthocyanin concentration; PRI – leaf-level photochemical reflectance 

index; WUEi – intrinsic water-use efficiency; FvFm – dark-adapted maximum quantum yield; 

ETR – electron transport rate. 
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Fig. 1.5: (A) Phylogeny showing trait values of species in this study. All traits are shown 

normalized to a mean of zero and variance of one. Black circles denote negative values, while 

white circles denote positive values. The diameter of the circle represents the absolute value of 

the scaled trait. X represents missing data for a trait-species combination. Species codes are in an 

in-text table. Trait abbreviations are as in Fig. 4. (B) Blomberg’s K for each trait plotted on the 

tips of the phylogeny. Observed values were compared to null distributions generated by random 

tip-swaps and Brownian motion evolution along the phylogeny. Rows three and four, 

respectively, show the p-values of rejecting these null hypotheses. Only p<0.1 are shown. 
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Fig. 1.6: Plot-level linear regression of the change in (A) PRI and (B) mean reflectance from wet 

to dry periods (blue and red in Fig. 1 and 2) against the community weighted mean of PC1 from 

Fig. 4A. Low values on the x-axis represent higher constitutive pigment levels of the dominant 

species in a plot. Shaded areas represent 95% confidence intervals. 
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Introduction 

The sun’s light powers photosynthesis—the chain of reactions through which plants turn carbon 

dioxide into the living matter they use to grow and reproduce. A dominant view in plant ecology 

is that light is often a limiting resource, such that competition for scarce light can govern the fate 

of plant species (Braun-Blanquet 1932; Canham et al. 1994; Monsi & Saeki 2005; Dybzinski & 

Tilman 2007). But physiologists have also shown that, when other factors limit photosynthesis, 

plants commonly absorb more light than they can use. Beyond an initial linear rise with 

increasing light, photosynthesis begins to saturate, such that additional light contributes little to 

the plant’s carbon gain. By limiting photosynthesis, environmental stresses like water limitation, 

cold temperatures, or nutrient-poor conditions can exacerbate the excess of light (Fig. 2.1; Long 

et al. 1994; Demmig-Adams & Adams 1992). 

 

Light is thus both an essential resource and a potential stressor. A chronic excess of light can 

cause plant cells lasting oxidative damage, especially to Photosystem II (PSII). Oxidative damage 

reduces the efficiency of photosynthesis and can be costly to repair, but plants can avoid it using 

mechanisms of photoprotection (Murchie & Niyogi 2011). These mechanisms include 

biochemical pathways that safely dissipate excess light as heat—most notably, the xanthophyll 

cycle. They also include structural means to avoid absorbing too much light, such as self-shading 

canopies, reflective leaves, or steep leaf angles (Lovelock et al. 1992; Streb et al. 1997; Pearcy et 

al. 2005; Kothari et al. 2018). 

 

Each form of photoprotection comes with costs. Once induced, many forms of biochemical 

photoprotection are slow to reverse. Even when light stress subsides, these mechanisms may 

continue to suppress photosynthesis for some time, making them costly under fluctuating light 

(Demmig-Adams & Adams 2006; Kromdijk et al. 2016). Structural mechanisms like self-shading 
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may be costly under low ambient light. In general, photoprotective mechanisms are stronger 

under environmental conditions that put plants at risk of damage, including high light 

(Montgomery et al. 2008) and cold or dry climate (Cavender-Bares 2007; Savage et al. 2009; 

Wujeska et al. 2013; Ramírez-Valiente et al. 2013). Under such conditions, plants need strong 

photoprotection to prevent even more costly damage. 

 

Depending on how well-protected a plant is, prolonged exposure to excess light can still cause 

enough damage to reduce carbon assimilation rates (Egerton et al. 2000; Howell et al. 2002; 

Murchie & Niyogi 2011). Consistent with Long et al. (1994), we use the term “photoinhibition” 

to describe a drop in carbon assimilation caused by either photodamage or slow-reversing 

biochemical photoprotection. Bright sunlight causes photoinhibition directly by exposing leaves 

to more radiation—but it also acts indirectly by altering other microclimatic conditions like 

temperature, soil moisture, and vapor pressure deficit (VPD; Björkman & Powles 1984). For 

example, high VPD can cause stomata to close, which limits the use of light for photosynthesis; 

without an energetic sink, the resulting excess of light can then cause photoinhibition, which 

limits photosynthetic capacity even further. Belowground competition may also make plants more 

vulnerable to photoinhibition by depleting resources they need for photosynthesis. Because these 

stresses vary along environmental gradients, photoinhibition and photoprotective investments are 

likely to affect the distribution and persistence of plant populations (Külheim et al. 2002). 

 

Given that excess light can cause stress, it may be that one plant species can facilitate another 

through shading. Whether a plant receives net costs or benefits from its neighbors’ shade depends 

on the balance of two effects: 

1. Reduction in light available at any instant, which can increase the frequency and 

severity of photosynthetic light limitation; and, 
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2. Avoidance of chronic light stress, which can increase photosynthesis at any given 

light level. 

Monteith et al. (1977) defined light-use efficiency (LUE) as net photosynthesis divided by the 

amount of photosynthetically active radiation (PAR) absorbed. Chronic photoinhibitory stress 

lowers LUE, such that plants do less with the amount of light they absorb. Shade helps when, 

across time, the gain of avoiding chronic stress is greater than the loss caused by potential light 

limitation. Changes in light availability alter the horizontal position along a photosynthetic light-

response curve at each moment; changes in LUE alter the shape of the curve such that plants 

assimilate more or less carbon at a given position along the curve (Fig. 2.1). Both effects must be 

considered together to test whether shading helps or hurts. 

 

The species interactions that result from shading could help to explain the results of experiments 

that manipulate biodiversity, including tree diversity. Experimental and observational research 

alike has shown that biodiversity often promotes ecosystem functions such as productivity 

(Tilman et al. 2014). In forests, this trend has been shown in both experimental (Potvin & Gotelli 

2008; Tobner et al. 2016; Grossman et al. 2017; Williams et al. 2017; Huang et al. 2018; Zemp et 

al. 2019) and observational (Gamfeldt et al. 2013; Liang et al. 2016; Oehri et al. 2017) data, 

across temperate (Tobner et al. 2016; Grossman et al. 2017; Williams et al. 2017), subtropical 

(Huang et al. 2018), and tropical (Potvin & Gotelli 2008; Zemp et al. 2019) biomes. These 

positive relationships are robust to variation in climate, successional stage, and other factors 

(reviewed in Grossman et al. 2018; Ammer 2018). 

 

One of the possible drivers of positive biodiversity-productivity relationships is interspecific 

facilitation (Wright et al. 2017; Barry et al. 2018). In biodiversity experiments, patterns of 

productivity within species or functional groups can sometimes serve as evidence that some 
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species facilitate others (Mulder et al. 2001; Fichtner et al. 2017), but they cannot tell us the 

physiological mechanisms that allow facilitation to occur. Ecologists may need to understand 

these mechanisms to forecast species interactions and productivity under environmental change 

(Wright et al. 2017; Barry et al. 2018). 

 

Here, we tested whether the shade created by tree crowns can facilitate the carbon assimilation 

and growth of neighboring trees in the Forests and Biodiversity (FAB) experiment at Cedar Creek 

Ecosystem Science Reserve (East Bethel, MN). We asked: Do some species aid others by 

shielding them from stress caused by intense sunlight? In particular, we sought to test whether 

slow-growing, shade-tolerant broadleaf trees might be facilitated by adjacent fast-growing 

conifers (Table 2.1). We addressed this question by measuring the physiology and woody growth 

of broadleaf species across plots that vary in species composition. If certain species do benefit 

from the shade of their neighbors, we would expect individuals with larger neighbors to have 

higher growth and carbon assimilation rates. We also posed the hypothesis that trees exposed to 

high light would use structural and biochemical photoprotective mechanisms more than trees 

shaded by their neighbors. If true, this finding would imply that trees growing in high light must 

invest in photoprotection to avoid damage, reinforcing the claim that light stress influences the 

interactions within these communities. 

 

Methods 

Experimental design 

The Forests and Biodiversity (FAB) experiment began in 2013 and comprises 142 4 × 4 m plots, 

each planted with 64 trees in a 0.5 × 0.5 m grid. The experiment has three blocks, each with 49 

plots arranged in a 7 × 7 square. Neighboring plots within a block share a boundary. Each plot is 

planted with 1, 2, 5, or 12 species from a pool of 12 total species, including four evergreen 
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conifers with needle-like leaves and eight deciduous angiosperms with broad leaves (Table 2.1). 

Except for five-species plots, each distinct species composition has a replicate in each block. All 

species in a plot have nearly equal frequency, and the placement of species within a plot is 

random. The experimental design is described in greater detail in Grossman et al. (2017). 

 

The mean relative growth rate in monoculture during the first three years varied dramatically 

among species, being highest in conifers and B. papyrifera (Table 2.1). During these first three 

years, Grossman et al. (2017) found that diverse plots overyield in productivity—their growth is 

greater than a weighted average of the constituent species’ growth in monoculture. Using the 

partition of Loreau & Hector (2001), most of this overyielding came from complementarity 

effects—which are often interpreted as a result of synergistic interactions among species—rather 

than selection effects. 

 

Tree growth 

We surveyed tree growth in late fall of each year. For all living trees, we measured diameter and 

height to the tallest leader. We measured basal diameter (5 cm from the ground) for trees less than 

137 cm tall, and diameter at breast height for trees more than 137 cm tall. For a subset of 

individuals, we measured both diameters. To predict basal diameter when it was not measured, 

we used linear relationships predicting basal diameter from the height of the same individual in 

the same year and the basal diameter in the previous year. 

 

We estimated woody stem volume as 𝑉𝑉 = 𝜋𝜋𝑟𝑟2ℎ, where h is height and r is the basal radius (half 

the basal diameter). This assumes each tree stem is a cylinder, an assumption that has been used 

and justified in other tree diversity studies in the absence of system-specific allometric equations 

(Tobner et al. 2016; Williams et al. 2017). We then calculated the yearly relative growth rate 
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(RGR) between 2016 and 2018 as 𝑃𝑃𝑅𝑅𝑃𝑃 = (ln𝑉𝑉2018 −  ln𝑉𝑉2016)/2 (Hoffman & Poorter 2002). 

We chose 2016 as a starting point because no replanting of dead trees occurred after that point. 

 

For each tree, we also calculated the average stem volume of its eight neighbors (in cardinal and 

intercardinal directions) in 2018 as a proxy for the intensity of aboveground interactions. For each 

species, we tested whether individual growth increased, decreased, or remained constant with 

neighbor size. We also tested whether any species showed hump-shaped responses to neighbor 

size using the two-lines test (Simonsohn 2018). Neighbors were sometimes missing because of 

mortality or because the focal individual was on the experiment’s edge. In such cases, we 

assigned the neighbor a volume of zero. 

 

Photosynthetic physiology 

We measured dark- and light-acclimated chlorophyll fluorescence parameters and reflectance 

spectra in all eight broadleaf species. We also measured photosynthetic light-response curves 

among four focal species (A. rubrum, B. papyrifera, Q. ellipsoidalis, and T. americana). 

 

For physiological measurements, we focused on plots belonging to one of three treatments: (1) 

relatively open monocultures of broadleaf species (“monoculture”); (2) bicultures comprising one 

broadleaf and one conifer species (“shaded biculture”); and (3) twelve-species plots (“twelve-

species”) (see Fig. S2.1 for sample images). For each species in each treatment, we measured 

physiological parameters on six individuals—two in each of three plots. Neither A. negundo nor 

Q. macrocarpa was planted with a conifer in any biculture. We used B. papyrifera as a shaded 

biculture partner for Q. macrocarpa because it is a fast-growing species that creates shade. We 

omitted the shaded biculture treatment for A. negundo. When possible, we chose the same trees 
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within a plot for each kind of physiological measurement so that we could compare these aspects 

of physiology within individuals. 

 

Photosynthetic light-response curves 

We measured photosynthetic light-response curves from the four focal species during July 2018 

using an LI-6400 gas exchange system (LI-COR BioSciences, Lincoln, NE) with a 6400-40 Leaf 

Chamber Fluorometer head. From each tree (n = 72 total), we selected a fully expanded upper 

leaf with no visible sign of disease or herbivory. We noted the angle of each leaf relative to 

horizontal (to the nearest 15˚) before beginning measurements. Each curve had nine steps in 

descending order of brightness: 2000, 1500, 1000, 500, 200, 100, 50, 20, and 0 µmol m-2 s -1. We 

also measured relative electron transport rate (ETR) using chlorophyll fluorescence at each light 

level. We maintained favorable conditions inside the chamber during each measurement. 

Following each curve, we removed the leaf to measure leaf mass per area (LMA) using a balance 

and a flatbed scanner. Further details about light-response curve procedures and ETR calculations 

can be found in Appendix S1. Finally, we estimated parameters like the light-saturated 

photosynthetic rate (Asat) by fitting a non-rectangular hyperbolic model (Lobo et al. 2013) to each 

light-response curve using R code written by Nick Tomeo, available at: 

https://github.com/Tomeopaste/AQ_curves. 

 

We aimed to determine how carbon assimilation rates vary with the ambient light level, which we 

define as the photosynthetic photon flux density (PPFD) in an open field adjacent to the 

experiment. For most leaves we measured, in situ light availability is lower than the ambient light 

level, mainly because each tree is shaded by its neighbors. Following Howell et al. (2002), we 

transformed each measured light-response curve along the x-axis based on how much light it 

https://github.com/Tomeopaste/AQ_curves
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receives as a proportion of ambient light. This procedure lets us estimate carbon assimilation as a 

function of ambient light. 

 

For example, if the topmost leaves of a tree only receive 50% of ambient light, we would stretch 

its light-response curve two-fold along the x-axis. For this tree, the realized assimilation rate we 

estimate at an ambient (or open field) PPFD of 2000 µmol photons m-2 s -1 would be the 

assimilation rate at a leaf-level PPFD of 1000 µmol m-2 s -1. We estimated the scaling factor for 

each individual as RLA × cos(θ), where RLA is relative light availability (see Light availability) 

and θ is the leaf angle from horizontal. (Taking the cosine of θ approximately corrects for the 

reduction in horizontally projected leaf area in steeply inclined leaves when the sun is directly 

overhead, as simplified from Ehleringer & Werk [1986].) We used this procedure on each fitted 

curve in order to compare across treatments in a way that accounts for the variable light intensity 

each individual receives. We refer to the unscaled photosynthetic light-response curves as a 

function of the leaf chamber PPFD as chamber light-response curves, and the rescaled light-

response curves as a function of ambient PPFD as ambient light-response curves. 

 

Finally, we used ambient light-response curves to estimate carbon assimilation by top leaves 

throughout July. We used an hourly averaged time series of ambient solar radiation from Carlos 

Avery Wildlife Management Area in Columbus, MN, 13.6 km away from the study site. 

Following Udo and Aro (1999), we assumed that each Watt m-2 of solar radiation has about 2.08 

μmol photons m-2 s-1 of PAR. By using these data as inputs to the ambient light-response curves, 

we estimated carbon assimilation integrated over the month of July, as Posada et al. (2009) do at 

daily scales. This procedure assumes that the photosynthetic response to light remains constant, 

and is not affected by factors like leaf temperature and stomatal closure. While this assumption is 
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never quite true, we consider it a useful way of estimating the consequences of realistic 

fluctuations in light. We compared treatments within species using ANOVA. 

 

Throughout the paper, we express assimilation per unit of leaf dry mass because we aim to 

determine the plants’ return on investment in biomass. As expected, leaves growing in low light 

environments tended to have lower LMA in most species (Fig. S2.2; Poorter et al. 2019; Williams 

et al. 2020), and expressing data on a mass basis accounts for these large differences in 

construction cost. We also express stomatal conductance (gs) and electron transport rate (ETR) on 

a mass basis to compare them with assimilation rates, with the caveat that both processes 

typically occur near the leaf surface. 

 

Instantaneous chlorophyll fluorescence, pigments, and spectral reflectance 

In all eight broadleaf species, we measured chlorophyll fluorescence parameters using an FMS2 

pulse-modulated fluorometer (Hansatech Instruments Ltd., Norfolk, UK) over two days in late 

July (n = 138 total). We measured dark- and light-acclimated parameters at the same spot on the 

same leaves. We attached opaque clips to leaves in the evening before measuring dark-acclimated 

Fv/Fm within two hours after sunrise. This parameter describes the maximum quantum yield of 

PSII and is a general index of photoinhibition, including sustained photoprotection (Murchie & 

Lawson 2013). We then took light-acclimated measurements between 12:00 and 14:00 each day. 

The protocol involved the following steps: actinic light at 1000 µmol m-2 s-1 for 15 seconds, a 

saturating pulse, and two seconds of far-red light. We exposed all leaves to the same actinic light 

because we aimed to assess photoprotective capacity under comparable light conditions, even 

though each tree had a different light environment. 
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From these data, we estimated qN, a parameter that indicates how much a plant relies on 

photoprotective dissipation (non-photochemical quenching) under the imposed actinic light. This 

parameter is correlated with de-epoxidation of xanthophyll cycle pigments (Watling et al. 1997; 

Cavender-Bares & Bazzaz 2004). Following Kramer et al. (2004), we also calculated the quantum 

yields ϕPSII, ϕNPQ, and ϕNO, which sum to 1. These three parameters are the proportions of light 

energy dissipated by photosynthetic chemistry, non-photochemical quenching, and non-regulated 

dissipation. The last is a crucial parameter because it represents light that a plant cannot dissipate 

safely; this portion of the absorbed light may contribute to photodamage. Appendix S1 contains 

formulas for all parameters and justifications for our choices in data analysis. 

 

On separate top leaves of the same trees, we measured reflectance spectra (350-2500 nm) using a 

PSR+ 3500 field spectroradiometer (Spectral Evolution, Lawrence, MA). We used these spectra 

to calculate the photochemical reflectance index (PRI), a two-band index that most strongly 

indicates carotenoid : chlorophyll ratios (Gamon et al. 1992; Wong & Gamon 2015; Gitelson et 

al. 2017a). This index is calculated as PRI = (R531 - R570) / (R531 + R570), where Rn is reflectance at 

a wavelength of n nm. Low PRI tends to indicate high carotenoid : chlorophyll ratios. We also 

estimated species-specific linear responses of PRI and chlorophyll fluorescence parameters to 

relative light availability (see Light availability). 

 

To understand how photoprotective allocation varies with adaptations to shade, we used shade 

tolerance values that Niinemets & Valladares (2006) compiled on a five-point scale based on 

prior literature. Higher values along this scale indicate that plants are able to grow in lower light 

conditions. 
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Phenology 

We monitored the timing of leaf abscission in monoculture and shaded biculture plots for T. 

americana to assess whether shade could delay senescence and abscission, extending the period 

for carbon gain (Cavender-Bares et al. 2000). In early August, we surveyed 120 T. americana 

trees (60 in monoculture, 60 in shaded biculture) to determine the proportion of leaves that had 

fallen based on how many of the top five axillary buds lacked a leaf. From each of these trees, we 

marked a single leaf and returned every 1-2 weeks to monitor its senescence. We assessed each 

leaf on a binary basis (senesced or not) based on whether it had at least 50% remaining green leaf 

area. We chose this criterion as a simple proxy for the continuous scale used by Cavender-Bares 

et al. (2000). Based on the initial survey and the repeated surveys of marked leaves, we tracked 

the proportion of leaves that had senesced over time. To ensure that leaves were 

photosynthetically active until near the point of senescence, we collected a one-time measurement 

of dark-acclimated Fv/Fm in mid-September among remaining leaves. 

 

We also performed a one-time measurement of 60 (30 per treatment) A. rubrum plants on October 

1, using the same protocol we used to do our initial early August survey of T. americana. We 

aimed for this survey to help test whether our results hold across species. 

 

Water potential 

Water deficits—even moderate ones—can reduce carbon gain by causing stomata to close 

(Brodribb et al. 2003). To assess how our treatments affected water status, we measured leaf 

water potential using a Scholander pressure bomb. We measured pre-dawn water potential (ΨPD) 

in all eight broadleaf species (n = 96) and midday water potential (ΨMD; between 12:00 and 

14:00) in only the four focal species (n = 48). In these measurements, we included monoculture 

and shaded biculture treatments, except in A. negundo, where we used the twelve-species 
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treatment in place of the absent shaded biculture treatment. We removed leaves and immediately 

placed them in impermeable plastic bags with wet paper towels. We carried leaves in coolers to 

be measured indoors within 90 minutes. 

 

Because we only intended to test whether there was a general tendency across species for water 

potential to vary with light, we included species as a random effect and light availability as a 

fixed effect in regression models for both ΨPD and ΨMD. We calculated p-values using 

Satterthwaite’s degrees of freedom method in the lmerTest package (Kuznetsova et al. 2017), 

noting that such values should be interpreted conservatively. 

 

Leaf angles 

Leaf angle is a key control on light exposure because more vertical leaves intercept less light 

when the sun is directly overhead, and allow light to percolate deeper into the canopy. As a result, 

steep leaf angles can be a key structural strategy for avoiding light, temperature, and water stress 

(Valladares & Pugnaire 1999; Werner et al. 1999; Pastenes et al. 2004; Valiente-Banuet et al. 

2010). We predicted that trees in monoculture would have steeper leaf angles than those in other 

treatments because they need to avoid excess light. From each of three species (A. rubrum, Q. 

ellipsoidalis, and T. americana), we randomly selected five individuals from each of six plots—

three from monoculture treatments, three from shaded bicultures (n = 15 per species × treatment). 

On these individuals, we measured the leaf angle from horizontal of the top five leaves in the 

crown to the nearest 15˚. 

 

Because angles of leaves within individuals may be non-independent, we tested whether 

treatments differ using a mixed-effects model with treatment as a fixed effect and individual tree 

nested within plot as a random effect. Deviations from horizontal in either direction can reduce 
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light interception, so we used the absolute value of leaf angle as the dependent variable in 

statistical analyses. We again calculated p-values using Satterthwaite’s degrees of freedom 

method. 

 

Environmental data 

Light availability 

On a cloudy day with diffuse light conditions, we measured light interception above each tree 

selected for this study (n = 138) using an AccuPAR LP-80 ceptometer (METER Group, Pullman, 

WA). We took the mean of two to four PAR measurements in the open and the mean of two 

measurements directly above the topmost leaf of each tree. By calculating a ratio of these values, 

we could calculate the percent of light transmitted to the top of each tree. We called this value 

relative light availability (RLA). This value is typically well-correlated with the percentage of 

ambient light available over much longer time-scales (Parent & Messier 1996). 

 

Soil water content 

We collected a one-time measurement of soil volumetric water content in mid-August using a 

FieldScout Time-Domain Reflectometer 350 (Spectrum Technologies, Inc., Aurora, IL). This 

single measurement followed six days from the last rain. At midday, we collected and averaged 

three measurements in each of 32 plots, spanning monocultures of the four core broadleaf species, 

shaded bicultures, and twelve-species plots. 

 

Air temperature 

For nine days during early September, we set out four Thermochron iButtons (model DS1921G; 

Maxim Integrated Products, Sunnyvale, CA, USA) in shaded plots and two in twelve-species 

plots, setting them to log air temperature hourly. Each iButton was suspended on mesh inside a 1 
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m-tall PVC pipe that was capped with an elbow to shield against solar irradiance. We compared 

these data to air temperature measured hourly under open, sunny conditions at the Cedar Creek 

LTER weather station about 0.77 km away. We assumed that data from this station would be 

representative of air temperature in non-shaded areas. We ignored nighttime and early morning 

(20:00-08:00 h) readings because iButtons may have been influenced by evaporative cooling of 

condensed water droplets. 

 

Results 

Tree size and growth 

Relationships between focal individual RGR and total neighbor stem volume were noisy but often 

highly significant, as shown using OLS regression (Fig. 2.2). In most species, individuals with 

larger neighbors had lower RGR, including in A. rubrum (R2 = 0.033, p <10-5), Q. alba (R2 = 

0.038, p <10-6), Q. ellipsoidalis (R2 = 0.030, p <10-5), Q. macrocarpa (R2 = 0.027, p <10-5), and 

Q. rubra (R2 = 0.056, p <10-9). On the other hand, some species grew faster with larger neighbors, 

including A. negundo (R2 = 0.018, p < 0.005) and T. americana (R2 = 0.019, p <10-4). B. 

papyrifera showed no significant relationship with neighbor size. No species had a hump-shaped 

response. These results are qualitatively unchanged by eliminating trees on the edge of the 

experiment or incorporating plot as a random effect. 

 

Although these individual-level effects are noisy, they show strong tendencies in average stem 

growth across the full range of neighbor size. Imagine two T. americana trees that begin at the 

same size in 2016: One in monoculture, where the average neighbor in 2018 is 573 cm3, and one 

growing in a shaded biculture with Pinus strobus, where the average neighbor is 2175 cm3. The 

individual-level regression predicts that after two years, the average T. americana in the shaded 

biculture would be 39.7% larger because of the difference in mean RGR. Or, consider Q. rubra, 
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which had the strongest negative response to neighbor size: We predict that an average tree in the 

shaded biculture would be 39.1% smaller than in monoculture. Because these figures assume that 

treatments have not developed any average size differences by 2016, they may underrepresent the 

true differences in size that have accumulated, and may continue to accumulate with time. 

 

We can also aggregate these observations to the plot scale—for example, by considering the RGR 

of summed stem volume of each species in each plot (Fig. 2.2). (This approach is distinct from an 

average of individual RGRs, which assigns equal weight to small and large individuals.) 

Although aggregation leaves less power to detect significant relationships, the relationships we 

find here explain much more of the variation in growth across plots, including negative RGR 

responses to average neighbor size in Q. alba (R2 = 0.311, p < 0.001) and Q. macrocarpa (R2 = 

0.174, p < 0.01) and a positive response in T. americana (R2 = 0.282, p < 0.001). 

 

Trees that died between 2016 and 2018 dropped out of our individual-level analyses of RGR 

because their stem volume was 0 in 2018, making it impossible to calculate RGR. To see whether 

mortality could alter our conclusions, we also performed statistical analyses on untransformed 

growth in stem volume from 2017 to 2018, in which we alternately (1) treated mortality as a 

decline in volume to 0, or (2) removed trees that died from analyses. The rate of mortality was 

low between 2016 and 2018 (~7.5%), and accounting for mortality makes no qualitative 

difference when considering absolute growth as the response variable (Fig. S2.3). 

 

Photosynthetic physiology 

Photosynthetic light-response curves 

In three out of the four focal species (Q. ellipsoidalis, A. rubrum, and T. americana), 

photosynthetic rates (per unit dry mass) were higher in shaded biculture and twelve-species 
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treatments than in monoculture at any given chamber light level (Fig. 2.3, left). In the lone 

pioneer species, B. papyrifera, photosynthetic rates in shaded biculture were lower than in the 

other two treatments. 

 

The rate of photosynthesis is often limited either by ETR or by the RuBP carboxylation rate, 

which in turn is often limited by stomatal diffusion of CO2 (Farquhar et al. 1980). In our data, 

both ETR and stomatal conductance (gs) increase with light availability (Fig. S2.4). (ETR tends to 

decline at very high light levels, especially in shaded treatments, perhaps because of acute 

photoinhibition.) Within each species, the rank-order of treatments in photosynthetic rates, ETR, 

and gs are broadly congruent. One exception is that T. americana in shaded biculture has much 

higher gs than in twelve-species or monoculture plots, despite having slightly lower 

photosynthetic rates than in twelve-species plots. 

 

Compared to chamber light-response curves, the picture that emerges from ambient light-

response curves is more complex (Fig. 2.3, right). In B. papyrifera, the assimilation rate was still 

lowest across light levels in the shaded biculture treatment. In late-successional T. americana, the 

assimilation rate was higher in shaded biculture and twelve-species treatments by up to 25% 

compared to monoculture across most light levels. In the other two species, the assimilation rate 

was highest in monoculture at low light, but twelve-species and (in Q. ellipsoidalis) shaded 

biculture plots intersected and surpassed monocultures when enough light was available. A. 

rubrum and Q. ellipsoidalis grew less and had lower relative light availability (RLA) in shaded 

bicultures than T. americana (Fig. S2.2), so their assimilation rates dropped considerably more in 

ambient light-response curves. 
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Using a time series of solar radiation, we estimated total assimilation rates in July 2018 based on 

each ambient light-response curve (Fig. S2.5). We found that trees would have lower total 

assimilation in shaded biculture than in monoculture in A. rubrum (ANOVA; p = 0.008) and B. 

papyrifera (p = 0.002). In both species, trees in twelve-species plots did not differ from those in 

monoculture. In the other two focal species, there were no significant differences at all among 

treatments. In these integrated estimates, the cost of shade seem larger than one might suppose 

from looking only at instantaneous assimilation rates under high ambient light. We attribute these 

high costs to low light levels: PPFD was under 500 µmol m-2 s-1 more than 60% of the time. It is 

under such dim conditions that trees in monoculture most outperform those in shaded biculture. 

 

Instantaneous chlorophyll fluorescence, pigments, and spectral reflectance 

Among all eight species but early-successional B. papyrifera, dark-acclimated Fv/Fm declined as 

RLA increased (Fig. 2.4), confirming that high light exposure causes photoinhibition. Among the 

four focal species, dark-acclimated Fv/Fm is positively correlated with Asat, the light-saturated 

photosynthetic rate (OLS regression; R2 = 0.44; p < 10-9; Fig. 2.5); slopes are not significantly 

different among species. The correlation suggests that photoinhibitory declines in PSII efficiency 

may explain why three out of four species had higher Asat in shaded bicultures and twelve-species 

plots. 

 

In most species, qN rose with RLA, which shows that trees that grow in high light use non-

photochemical quenching more to dissipate excess light (Fig. 2.4). Two species were clear 

exceptions: In T. americana and A. negundo, qN was nearly invariant across light environments, 

showing that these species do not increase photoprotective dissipation with light. 
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Extracting the species-specific slopes of dark-acclimated Fv/Fm against RLA, we find that that the 

species with the greatest decline in Fv/Fm are the most shade-tolerant (Fig. 2.5; R2 = 0.601; p = 

0.025). Similarly, qN increases less with RLA among shade-tolerant species (R2 = 0.619; p = 

0.022). These trends suggest a trade-off between tolerance to shade and tolerance to excess light: 

Shade tolerant species fail to upregulate non-photochemical quenching, putting them at risk of 

photoinhibition. 

 

To illustrate why shade-tolerant species show such large increases in photoinhibition with light, 

consider ϕPSII, ϕNPQ, and ϕNO—the quantum yields of PSII photochemistry, non-photochemical 

quenching, and non-regulated dissipation (Fig. S2.6). We set aside B. papyrifera, which grows 

fast enough that it is seldom truly shaded. In most other species, ϕNO decreases with light in the 

growth environment (Fig. 2.4). Plants growing in the open can either use light at 1000 μmol 

photons m-2 s-1 for photochemistry, or dissipate much of the remainder through non-

photochemical quenching, keeping ϕNO close to the oft-cited theoretical minimum of ~0.17 (Tietz 

et al. 2017). But in T. americana and A. negundo, ϕNO is nearly equal across the gradient of light 

availability, which may explain why these species show such large declines in dark-acclimated 

Fv/Fm with light. Sun-exposed trees of all species are more photoinhibited because they 

experience high light levels more often, but the risk is especially great for the shade-tolerant 

species. 

 

PRI declined with increasing light availability in all species, which supports the idea that trees in 

monoculture allocate more to carotenoids (Fig. 2.4). Although this relationship had remarkably 

consistent slopes and intercepts across nearly all species, B. papyrifera had higher PRI at all light 

levels within its narrow domain. 
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Phenology 

In T. americana, leaf abscission in monoculture began in early August, and more than half of all 

leaves had senesced by September 3 (Fig. 2.6). In shaded bicultures, more than 90% of leaves 

remained by September 3, and no survey found greater than 50% senescence until October 1. We 

assigned the senescence date of each leaf as the date of the first survey by which it had senesced; 

using this response variable, leaves in monoculture senesced much earlier than those in shaded 

cultures (t-test; p < 10-11). These results suggest that leaves in shaded bicultures had, on average, 

one additional month for carbon gain. Here, we assume that leaves in shaded biculture did not 

downregulate photosynthesis any longer before abscission than those in monoculture. This 

assumption was supported by mid-September measurements of dark-acclimated Fv/Fm. In shaded 

biculture, dark-acclimated Fv/Fm averaged 0.745 at this point, which was higher than the mean 

among remaining monoculture leaves, 0.642 (t-test; p = 0.061). 

 

Our one-time measurement of A. rubrum leaves in early October confirmed that this pattern is not 

limited to T. americana. A. rubrum trees in shaded biculture plots retained about 56% of their 

leaves, while those in monoculture retained only 10% (t-test; p < 10-4). 

 

Water potential 

We removed two data points, one in each treatment, with ΨPD more negative than -0.8 MPa on the 

grounds that they may have been subject to measurement error. Across treatments, the mean ΨPD 

and ΨMD were -0.15 and -1.29 MPa. ΨPD increased with light availability (p < 10-5), making it less 

negative in monocultures than shaded bicultures by an average of 0.07 MPa. This result holds 

even including the outliers (p = 0.013). By midday, the pattern reversed; ΨMD declined with light 

availability (p < 10-4), making it more negative in monocultures than shaded bicultures by an 

average of 0.33 MPa. 
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Leaf angles 

Among each of the three species whose leaf angles we measured, leaves were more horizontal in 

the shaded biculture treatment (Fig. 2.7). The size of this fixed effect varied among species: 9.0˚ 

in Q. ellipsoidalis (p = 0.037), 22.0˚ in A. rubrum (p = 0.022), and 25.0˚ in T. americana (p = 

0.002). Because T. americana leaves usually drooped downward in monoculture, leaf angles 

became less negative in the shade. In Q. ellipsoidalis, whose leaves were often inclined upward in 

monoculture, leaf angles became less positive in the shade. In A. rubrum, leaf angles were 

inclined both up and down in monoculture, but varied less in either direction in the shade. 

 

Environmental factors 

In our survey, soil moisture varied among treatments (ANOVA; p < 0.01); it was lowest (5.7%) 

in shaded biculture plots and highest (7.2%) in broadleaf monoculture plots. We found that 

daytime air temperature in the open was higher than in shaded bicultures or twelve-species plots 

at 62.5% of hourly log-points during the nine-day logging period. The air temperature in 

monocultures averaged 1.03˚ C higher over this period. 

 

Discussion 

We investigated how species interactions in a tree diversity experiment might emerge from the 

physiological responses of trees to the light environment created by their neighbors. We found 

that two species (A. negundo, T. americana) grew faster on average with larger neighbors, while 

five (A. rubrum, Q. alba, Q. ellipsoidalis, Q. macrocarpa, and Q. rubra) grew slower. The two 

species with positive responses to neighbor size were shade-tolerant and susceptible to 

photoinhibition in high light, which could reduce carbon assimilation in monoculture. The five 

species with negative responses were shade-intolerant, resistant to photoinhibition, and tended to 
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have lower carbon assimilation in shaded bicultures. The divergent responses of these two groups 

of species appear to be driven in part by their tolerance to excess light. Here, we interpret these 

patterns further. 

 

Interpreting patterns of stem growth 

The stem growth data show that larger neighbors increase aboveground growth in T. americana 

and A. negundo, the most shade-tolerant species. We interpret this pattern as a result of 

facilitation, perhaps through abiotic stress amelioration. Because we did not measure root growth, 

we cannot rule out the chance that this trend is caused by a shade avoidance response that 

increases allocation to shoots compared to roots in the shade (Schall et al. 2012). Nevertheless, 

the idea that much of this effect is facilitative is supported both by physiological data and by 

other studies wherein shade increased combined root and shoot biomass (e.g. Ryser & Eek 2000; 

Semchenko et al. 2012). 

 

In contrast, focal individuals of all four Quercus species and A. rubrum grew less when 

surrounded by larger neighbors. In these species, neighborhood interactions are dominated by 

competition, potentially both aboveground and belowground. The fact that soil moisture was 

lowest in our dense-growing shaded biculture plots suggests the occurrence of belowground 

competition. The pioneer species B. papyrifera, whose leaves had lower photosynthetic rates in 

the shaded biculture, had a neutral response to neighbor size, perhaps because its rapid growth 

allowed it to overtop its neighbors. Aside from B. papyrifera, we found, as in prior research 

(Montgomery et al. 2010), that more shade-tolerant species show more facilitative responses to 

being shaded. 
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Physiology of carbon gain 

We chose our four focal species along a gradient from early-successional, shade-intolerant B. 

papyrifera, to mid-successional A. rubrum and Q. ellipsoidalis, to late-successional, shade-

tolerant T. americana (Braun 1950). This successional gradient aligns with the varied 

consequences of shade for carbon gain across species. Growing in a shaded biculture can either: 

(1) decrease assimilation rates (compared to monoculture) at all ambient light levels, as in B. 

papyrifera; (2) decrease assimilation under low ambient light, but increase it under high light, as 

in A. rubrum and Q. ellipsoidalis; or (3) increase assimilation rates at most ambient light levels, 

as in T. americana. Our finding that carbon gain in T. americana can increase under shade is 

reinforced by Carter and Cavaleri (2018), who find that its photosynthetic rates may increase 

down vertical gradients from the upper canopy to the sub-canopy. 

 

The untransformed light-response curves can help us identify the causes of these patterns. As a 

function of leaf chamber PPFD—without penalizing for lowered light availability—three of our 

four species (A. rubrum, Q. ellipsoidalis, and T. americana) had higher photosynthetic rates in the 

shaded biculture and twelve-species treatments than in monoculture (Fig. 2.3, left). In all species 

except early-successional B. papyrifera, dark-acclimated Fv/Fm declines with light availability. 

This trend suggests a role for photoinhibition in determining photosynthetic rates because dark-

acclimated Fv/Fm correlates with Asat. Because photoinhibition most often occurs through damage 

or downregulation of PSII, it is usually thought to depress photosynthesis by lowering ETR. But 

both ETR and stomatal conductance mirror the patterns in photosynthesis across treatments in 

chamber light-response curves (Fig. S2.4), so both may have some role in explaining why most 

species had lower photosynthesis in monoculture. 
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Given that light availability fluctuates—diurnally, seasonally, and with cloud cover—the 

treatment that performs best may also vary from moment to moment. We produced a more 

integrated picture by estimating total assimilation during the month of July, assuming that each 

tree’s photosynthetic light-response curve remains constant (Fig. S2.5). While trees in shaded 

bicultures had lower estimated assimilation than in monoculture in two of our focal species (B. 

papyrifera and A. rubrum), those in twelve-species plots had similar assimilation compared to 

those in monoculture in all four species. It may be that the intermediate light environment in these 

twelve-species plots allowed trees to avoid photoinhibition without becoming frequently light-

limited (Fig. S2.2). We caution that these measurements are only based on top leaves, such that 

we cannot directly evaluate whole-plant carbon gain. 

 

These estimates of assimilation during July cannot explain certain features in our stem growth 

data—including, for instance, the clearly positive effect of neighbor size on growth in T. 

americana. We next discuss two kinds of phenomena that could contribute to variation in growth 

rates, but which analyses based on light-response curves do not account for: Delayed senescence 

and microclimatic effects. Both may contribute to potential positive effects of shading by 

neighbors. 

 

T. americana in monoculture dropped its leaves nearly a month earlier into the fall compared to 

the shaded biculture (Fig. 2.6). We also found accelerated senescence in full sun in A. rubrum. 

Given that leaves remained photosynthetically active until shortly before abscission (as in Mattila 

et al. 2018), shade could allow these trees a longer period of carbon gain. The pattern that the 

light environment affects senescence timing admits at least two explanations: (1) that plants in the 

sun accumulate phenological cues for senescence related to temperature, or (2) that excess light 

and other stresses cause damage that accelerates senescence (Cavender-Bares et al. 2000; 
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Brelsford et al. 2019), especially as the temperature declines, rendering leaves more susceptible to 

photodamage (Juvany et al. 2013; Renner & Zohner 2019). Contrary to the first explanation, air 

temperatures in full sun remained higher than in shaded plots. 

 

Although we emphasize the role of light stress, other microclimatic factors could contribute to 

variation in photosynthetic rates among treatments. Because we aimed to control the chamber 

microclimate, our light-response curves may not capture the influence of the ambient 

microclimate. For example, ΨPD was slightly more negative in shaded bicultures, while ΨMD was 

more negative in monocultures. These results are consistent with the idea that soil moisture is 

higher in monocultures, as we found, while daytime VPD is higher in high biomass plots, as 

Wright et al. (2018) found on hot, dry days at Cedar Creek. Our water potential measurements 

show that water stress was not very severe in any treatment, but even modest differences could 

change the timing of stomatal closure (Brodribb et al. 2003). It also seems plausible that greater 

light exposure may make leaf temperature higher in monoculture (Schymanski et al. 2013), which 

could push leaves above thermal optima for photosynthesis. 

 

In summary, we contend that being shaded has both costs and benefits. Shade reduces the light 

available for photosynthesis, but it may also prevent chronic stress caused by excess light, 

allowing the plant to use the light it absorbs more efficiently. Both factors must be considered 

together in order to show whether shade helps or harms a plant. 

 

Mechanisms of photoprotection 

Plants’ strategies to avoid damage from excess light can be classified broadly into biochemical 

and structural strategies. We show that trees in full sun allocate more to biochemical 

photoprotection, as shown by lower PRI and higher qN in most species. The two most shade-
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tolerant species—A. negundo and T. americana—show no greater capacity for non-

photochemical quenching when grown in full sun than in shade. Across a gradient of shade to 

sun, these species may experience large increases in ϕNO, and may suffer from greater 

photodamage as a result, as supported by patterns of dark-acclimated Fv/Fm. This result is 

consistent with other research that finds that shade-adapted species often fail to increase their 

photoprotective abilities in the sun (Montgomery et al. 2008). 

 

Our leaf angle survey is also consistent with the idea that plants may steeply incline their leaves 

to avoid intercepting excess light—a form of structural photoprotection. Leaves that are steeply 

inclined intercept less light per unit area, particularly during midday, when solar radiation is 

otherwise most intense. The dramatic trend in leaf angles suggests that these species use gross 

structural characteristics to partially regulate their light absorption. 

 

Some plants may lack perfect photoprotective mechanisms in part because they are costly. 

Building pigments and proteins for photoprotection uses nutrients that could otherwise be 

allocated to chlorophyll, RuBisCO, or structural tissue components. Slow relaxation of NPQ may 

hinder photosynthesis even when light declines enough to relieve the imminent threat of damage 

(Zhu et al. 2004; Murchie & Niyogi 2011; Kromdijk et al. 2016). Steep leaf angles may also 

decrease photosynthesis by reducing light interception even when light is limiting—and all plants 

experience light-limiting conditions at least sometimes, as during cloudy days or nighttime. All 

the same, plants in more open environments may need photoprotective mechanisms to avoid even 

greater costs due to photodamage under brighter conditions. That most species upregulate 

photoprotection in high light, despite the costs, implies that these species may otherwise incur a 

risk of damage from excess light. These findings reinforce that light stress and its alleviation 

through shading can contribute to net species interactions. 
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The case for facilitation 

We found that shade from large neighbors increases both net photosynthetic rates and stem 

growth rates in shade-tolerant species. This finding has precedents: Ball et al. (1991) and Egerton 

et al. (2000) showed that shade enhances photosynthesis and growth of evergreen Eucalyptus 

seedlings during the winter, when cold imposes a risk of photoinhibition. Howell et al. (2002) 

also found that among the evergreen divaricating shrubs of New Zealand, leafless outer branches 

reduce photoinhibition during the winter by shading inner leaves. Species can also facilitate each 

other from light stress in communities of phytoplankton (Gerla et al. 2011), which nearly all face 

some risk of photoinhibition (Edwards et al. 2015), especially under cold temperatures (Edwards 

et al. 2016) These studies show that facilitation through shading can occur in many kinds of 

environments, but perhaps more so in stressful ones. 

 

Much of the work on facilitation in plant communities is guided by the stress-gradient hypothesis 

(SGH), which proposes that facilitative interactions are more common in stressful environments 

(Bertness & Callaway 1994; Maestre et al. 2009). We can understand photoinhibition in light of 

the SGH as follows: Stressful conditions limit the use of light for photochemistry, turning high 

light exposure into an additional stressor. Under such conditions, shade from neighbors can 

ameliorate stress, resulting in facilitation. Under benign conditions, where plants can use more of 

the available light for photochemistry, high light exposure may not cause damage. Here, shading 

by neighbors can cause light limitation, resulting in an adverse, competitive effect on growth. As 

we show here, whether or not a species is stressed by its environment also depends on its own 

physiological tolerances. 
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Competition and facilitation in biodiversity-ecosystem function relationships 

The SGH brought attention to facilitation in plant ecology, including in biodiversity-ecosystem 

function research. For example, Mulder et al. (2001) showed that in experimental moss 

communities, biodiversity increased productivity only under drought, as species interactions 

became more positive. But facilitation is still overlooked in biodiversity-ecosystem function 

research (Wright et al. 2017)—and with some exceptions (e.g. Wright et al. 2015), even studies 

that do invoke facilitation seldom seek to explain how and why it actually occurs, and how it 

contributes to the overall effect of diversity. 

 

Overyielding—or biodiversity-enhanced growth—is a hallmark of positive biodiversity-

ecosystem function relationships. A whole community can only overyield if at least one of its 

constituent species overyields. Even though we test how species growth changes with neighbor 

size, not neighbor diversity, our results show that shading allows some species to grow faster in 

shaded bicultures or twelve-species plots. In the same experiment, Grossman et al. (2017) found 

that T. americana had the greatest overyielding in multi-species plots of any broadleaf species, 

especially when growing with conifers or B. papyrifera. Grossman et al. (2017) further showed 

that conifer partners in these species combinations also grew faster than they did in monoculture, 

resulting in community overyielding. 

 

The two broadleaf species that were facilitated by shade had low tolerance to excess light, and 

likely benefited from the milder microclimate their larger neighbors created. The conifer species, 

which are fast-growing and less shade-tolerant (except for P. strobus), may also have grown 

faster in bicultures with broadleaf species because they faced less competition for light than in 

monoculture. Other researchers have found that heterogeneity in shade tolerance explains the 

effect of tree diversity on productivity, but attributed this result to higher stand-level light capture 
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enabled by crown complementarity (Zhang et al. 2012; Toïgo et al. 2017; Searle and Chen 2019). 

We show that facilitation of shade-tolerant species by shade-intolerant species is an equally 

compelling explanation. 

 

We can place these findings in the context of the three classes of facilitative mechanisms 

distinguished by Wright et al. (2017): 

1. Biotic facilitation, which is mediated by higher-order trophic interactions, such as 

promotion of shared mutualists or dilution of natural enemy loads; 

2. Resource enrichment, in which some species increase resource availability for others; 

and, 

3. Stress amelioration, in which some species create a favorable microclimate for others. 

In the FAB experiment, diversity has a small and variable effect on damage by aboveground 

herbivores and pathogens, which suggests that enemy-mediated biotic facilitation may have a 

limited role (Grossman et al. 2018). Nutrient enrichment is probably not a major mechanism for 

facilitation here because, although nitrogen is the main limiting mineral nutrient at Cedar Creek 

(Tilman 1987), none of the planted tree species associates with nitrogen-fixing microbes. What 

remains is stress amelioration, which is likely to be the main kind of facilitation in this 

experiment, perhaps acting in concert with niche partitioning to explain the complementarity 

effect. 

 

In the literature on biodiversity and ecosystem function, the attempt to parse out explanations—

such as niche partitioning and facilitation—often depends on ever-finer statistical partitions of 

biomass or productivity data (Loreau & Hector 2001; Fox & Kerr 2012), whose interpretation is 

often debated (Carroll et al. 2011; Pillai et al. 2019). But because productivity has physiological 

causes, we can explain patterns in productivity using physiological measurements. These 
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techniques can help us determine what specific kinds of interactions among plants and their 

environment produce biodiversity-productivity relationships, and how these interactions emerge 

from basic aspects of plant function. 

 

In this study, survey-based tree growth data and physiological measurements both show that 

certain species respond positively and others respond negatively to the size of their neighbors. 

But only the physiological measurements allow us to explain why these species diverge—they 

show that these interactions emerge in part from the photosynthetic responses of trees to the light 

environment created by their neighbors. The insights gained from measuring physiological 

mechanisms may benefit community ecology more widely. 
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Table 2.1: Characteristics of species in FAB. Except for B. papyrifera, broadleaf species tended to grow slower than needleleaf conifers. Shade 

tolerance is drawn from Niinemets and Valladares (2006), who evaluated it along a 1-5 scale where higher values indicate an ability to grow under 

lower light. 

Scientific 
name 

Species 
code 

Common name Family Leaf form Mean RGR in 
monoculture, 
2013-6 (/year) 

Shade tolerance  Partner in shaded 
biculture 

Acer negundo ACNE Box elder Sapindaceae Broadleaf 0.039 3.47 None 
Acer rubrum ACRU Red maple Sapindaceae Broadleaf 0.379 3.44 Pinus banksiana 
Betula 
papyrifera 

BEPA Paper birch Betulaceae Broadleaf 1.272 1.54 Pinus banksiana 

Juniperus 
virginiana 

JUVI Eastern redcedar Cupressaceae Needleleaf 0.975 1.28 NA 

Pinus 
banksiana 

PIBA Jack pine Pinaceae Needleleaf 2.288 1.36 NA 

Pinus resinosa PIRE Red pine Pinaceae Needleleaf 1.619 1.89 NA 
Pinus strobus PIST White pine Pinaceae Needleleaf 1.722 3.21 NA 
Quercus alba QUAL White oak Fagaceae Broadleaf 0.735 2.85 Pinus strobus 
Quercus 
ellipsoidalis 

QUEL Northern pin oak Fagaceae Broadleaf 0.722 NA Pinus strobus 

Quercus 
macrocarpa 

QUMA Bur oak Fagaceae Broadleaf 0.547 2.71 Betula papyrifera 

Quercus rubra QURU Northern red oak Fagaceae Broadleaf 0.505 2.75 Pinus strobus 
Tilia 
americana 

TIAM American 
basswood 

Tiliaceae Broadleaf 0.724 3.98 Pinus strobus 
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Fig. 2.1: (L) When measuring carbon assimilation across light intensities for a single leaf, one usually finds a saturating curve. Consider two 

hypothetical photosynthetic light-response curves of leaves from unstressed (blue) and photoinhibited (red) plants, where the unstressed plant’s 

neighbors reduce its light exposure. Given a light-response curve, a reduction in light tends to reduce photosynthesis (represented by the small 

black arrow along the red curve). But if a long-term reduction in light spares the plant from photoinhibition, it can change the shape of the curve 

such that carbon assimilation at any given light level is greater (represented by the small black vertical arrow). The balance (represented by the 

large dashed arrow) may either increase or reduce carbon assimilation. In this framework, shading most often helps when light is abundant: the 

risk of photoinhibition is greater, and the proportional cost of a given percentage decline in light is lower, since light-response curves are usually 

concave-down. 

(R) To allow us to compare photosynthetic rates visually, we should put the two light-response curves on a common x-axis that represents ambient 

light, as in an adjacent open field. We need to scale the blue light response curve horizontally because when the stressed plant receives the amount 

of light corresponding to the red dashed line in (A), the unstressed plant receives a proportionally lower amount, here represented by the blue 

dashed line. By stretching the blue curve proportionally such that these two lines coincide, we can compare the true estimated photosynthetic rates 

at a given light availability. 
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Fig. 2.2: Relative growth rate (RGR) of woody stem volume in individuals of each species 

between fall 2016 and 2018 as a function of the total stem volume of all neighbors. Gray dots 

represent individuals, and the OLS regression line is fit through the individual-level data. Large 

colored dots are aggregated to the plot scale, as described in the main text, and color-coded by 

treatment. A shaded biculture is a plot in which the focal broadleaf species grows with either a 

conifer or B. papyrifera (unless B. papyrifera is the focal broadleaf species). An open biculture is 

a plot in which the focal broadleaf grows with another broadleaf species (other than B. 

papyrifera). 
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Fig. 2.3: Mass-based photosynthetic light-response curves for four broadleaf species. The left 

panels display photosynthetic rates as a function of chamber light intensity; the right panels 

represent an estimate of realized photosynthetic rates as a function of ambient light intensity, 

which are lower because of shading by neighbors (as in Fig. 2.1B). Species are arranged from the 

least shade-tolerant (B. papyrifera) to the most (T. americana). Error bars in left panels are ± 1 

SE. 
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Fig. 2.4: Dark-acclimated Fv/Fm, qN, ϕNO, and PRI as a function of relative light availability 

across species and treatments. Best-fit lines come from species-specific OLS regressions. 
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Fig. 2.5: Compared to shade-intolerant species, shade-tolerant species show greater declines in 

dark-acclimated Fv/Fm and smaller increases in qN as light availability increases. Asat derived 

from light-response curves correlates positively and strongly with dark-acclimated Fv/Fm; slopes 

are statistically indistinguishable among species. 
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Fig. 2.6: Timing of fall leaf abscission in monoculture and shaded biculture treatments of T. 

americana. 
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Fig. 2.7: Top leaf angles of A. rubrum (left), Q. ellipsoidalis (middle), and T. americana (right) 

across treatments. 

 



3This research was carried out in collaboration with Sarah E. Hobbie and Jeannine Cavender-
Bares. 

Chapter 3 

Rapid estimates of leaf litter chemistry using reflectance spectroscopy3 
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Introduction 

Long-lived plants resorb a large fraction of the nutrients in their leaves before they senesce. Such 

plants store the nutrients they resorb to build new tissues rather than having to replace these 

nutrients from the soil. But like soil nutrient uptake, resorption has metabolic and physiological 

costs, so the optimal level of nutrient resorption varies among environments (Wright and 

Westoby 2003). Accordingly, species vary widely in their nutrient resorption efficiency—the 

fraction of a given nutrient that is resorbed (Aerts 1996; Vergutz et al. 2012). For example, plants 

often (Kobe et al. 2005; Hayes et al. 2013; Yuan and Chen 2015), though not always (Diehl et al. 

2003), resorb a greater fraction of leaf nutrients when soil nutrients are scarce. Because of its role 

in the plant’s nutrient economy, resorption efficiency is increasingly recognized as an important 

trait for adaptation to the environment. 

 

Nutrient resorption leaves the resulting leaf litter relatively nutrient-poor, which can limit the rate 

of decomposition of fresh litter by microorganisms in the soil (Berg 2014). Hence, nutrient-poor 

litter decomposes more slowly than nutrient-rich litter, at least in initial stages (Cornwell et al. 

2008). The nutrient concentration of leaf litter is sometimes called nutrient resorption proficiency 

(Killingbeck 1996); species that draw down the nutrient concentration of their leaves to a lower 

level are more proficient at resorption. 

 

To address many ecological questions about nutrient resorption and litter decomposition requires 

measuring litter chemistry. In particular, estimating nutrient resorption efficiency can be 

expensive and labor-intensive because it requires measuring the nutrient concentration of leaves 

both before and after they senesce. Because measuring nutrient concentration through elemental 

analysis is destructive, researchers cannot measure the same exact leaves before and after 

senescence. Predicting litter decomposability can also be complicated because it often requires 
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knowing more than just litter nutrient concentrations—for example, the concentrations of lignin, 

cellulose, condensed tannins, and other chemical constituents of the leaf can also influence 

decomposition rates (Cornwell et al. 2008; Talbot and Treseder 2012). The number of traits and 

samples that need to be measured can add up rapidly to make even conceptually simple projects 

expensive and time-consuming. 

 

Such complications may impede our ability to understand and forecast the fluxes of carbon and 

mineral nutrients between plants, litter, and soil. In particular, researchers seeking to understand 

how rates of elemental cycling may be altered by plant species composition need to characterize 

litter nutrient fluxes to soils and rates of litter decomposition and nutrient release (Hobbie 1992; 

Hobbie 2015). For example, decomposition rates—often measured using time-consuming 

litterbag experiments—may depend on the functional traits or diversity of the community’s litter 

(Cornwell et al. 2008; Liu et al. 2020; Grossman et al. 2020). It has been conjectured that, since 

nutrient-rich litter releases nutrients into the soil faster (Parton et al. 2007; Mikola et al. 2018), a 

decline in resorption efficiency with soil fertility could reinforce fertility gradients—a hypothesis 

that has been difficult to test empirically (Hobbie 2015). The ways that plants condition the soil 

around them through their nutrient resorption strategies could help explain the ways species 

interact by altering the resource supply (Chávez-Vergara et al. 2015). Such conditioning could 

also help explain the persistent differences in nutrient cycling among arbuscular mycorrhizal and 

ectomycorrhizal plant communities (Phillips et al. 2013), since the former tend to have higher 

litter nutrient concentration (Averill et al. 2019). More comprehensive data on nutrient resorption 

efficiency and proficiency might help to explain how rates of nutrient cycling and decomposition 

vary among ecosystems. 
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Further open questions concern the role of nutrient resorption within the broader economic or life 

history strategies of the plant (Rea et al. 2018). For example, physiological ecologists have 

proposed that some plants may produce anthocyanins during senescence because their 

photoprotective functions help to extend leaf lifespan, enhancing nutrient resorption (Feild et al. 

2001; Hoch et al. 2003; Renner and Zohner 2019). Large-scale tests of such hypotheses are still 

missing, in part because of logistical difficulties in estimating litter chemistry and nutrient 

resorption across many species. Fast, simple estimates of litter chemistry could make it easier 

both to study the physiological significance of nutrient resorption and to rapidly estimate litter 

decomposability. 

 

The need to carry out rapid and low-marginal cost estimates of tissue chemistry has led some 

plant functional ecologists to turn to reflectance spectroscopy, a technique that involves 

measuring the reflectance of light from a sample across many wavelengths. The reflectance 

spectrum that results can be used to infer the structure or composition of the sample. 

 

Leaves scatter and absorb light in ways that are determined by their structure and chemical 

constituents. Nevertheless, most widely studied functional traits—such as leaf mass per area 

(LMA), leaf nitrogen concentration (Nmass), and fiber concentration—cannot be identified with 

specific structures or chemical constituents that have unique optical signatures. Nmass, for 

example, includes nitrogen in molecules as different as RuBisCO and chlorophyll. This challenge 

has led ecologists to adopt a multivariate empirical approach to linking traits and reflectance 

spectra using statistical techniques like stepwise regression or partial least-squares regression 

(PLSR) (Curran et al. 1989). Ecologists have built PLSR models predicting traits like LMA or 

Nmass with a high degree of accuracy from spectra, measured either while the leaf was fresh or 

after drying and grinding it into powder (Serbin et al. 2014; Serbin et al. 2019; Streher et al. 
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2020). Further research has shown that spectral models can predict concentrations of defense 

compounds (Couture et al. 2016), leaf age (Chavana-Bryant et al. 2017), and physiological rates 

like the maximum rate of RuBP carboxylation in photosynthesis (Vcmax; Serbin et al. 2012; Wu et 

al. 2019; Meacham-Hensold et al. 2019). 

 

The vast majority of this body of research based on measurements of leaves collected while 

green, during the growing season. Because PLSR models are often sensitive to idiosyncrasies of 

the data used to train them, models trained on green leaf spectra and traits are not likely to make 

accurate predictions of senesced leaf traits. Some researchers have built models to predict 

decomposition-related traits (Joffre et al. 1992; McTiernan et al. 2003; Coûteaux et al. 2005; 

Hobbie 2005) or of the exponential decomposition rate k itself (Gillon et al. 1999; Fortunel et al. 

2009) from ground senesced leaf tissue using near-infrared reflectance (NIR) spectroscopy. Many 

traits that influence decomposition rates also influence forage quality, and there is an extensive 

body of research predicting such traits using NIR spectroscopy, occasionally even in senescent 

foliage (e.g. Smith et al. 1998). Such studies have often shown high accuracy (R2 > 0.9) in 

predicting traits like Nmass, fiber concentration, and phenolics, albeit usually using a limited 

number (<120) of calibration samples from one or a few species.  

 

Here, we expand on prior work by building models to predict traits related to litter quality and 

recalcitrance from reflectance spectra. Compared to previous studies, we calibrate and validate 

our models using more samples from more species. This breadth allows us to make predictions 

over a wide range of trait values and test how well models predict both intra- and interspecific 

trait variation. 

 



81 
 

We also measured spectra from the same samples while intact and ground to test whether 

grinding improves trait estimates by homogenizing the tissue. Applying existing models requires 

grinding leaf tissue, which is a destructive and often time-consuming step. In the interest of 

making trait estimates faster and non-destructive, we also wanted to test whether spectra of intact, 

unground litter can predict litter traits as well as spectra of ground litter. 

 

We predict that ground-leaf spectra will provide more accurate estimates of many chemical traits 

than intact-leaf spectra, in accordance with prior research on green leaves. For example, among 

the studies whose results are compiled in Serbin et al. (2014), those that use ground leaves to 

predict Nmass each achieve a calibration R2 of at least 0.94, while those that use fresh leaves range 

from 0.59 to 0.93. In a direct comparison, Couture et al. (2016) predicted the condensed tannin 

concentration of aspen leaves better with ground than intact tissue. On the other hand, intact-leaf 

spectra may outperform ground-leaf spectra for structural traits like LMA since grinding destroys 

the leaf structure. 

 

Finally, we compared our litter chemistry estimates to known ecological trends. We predicted that 

conifer litter would have higher LMA, recalcitrant fiber concentration, and Cmass and lower Nmass 

compared to broadleaf species (Reich et al. 1995; Cornelissen 1999; Krishna and Mohan 2017). 

These patterns are thought to explain much of why conifer litter tends to show slower 

decomposition rates than broadleaf litter (Cornwell et al. 2008). 

 

Methods 

Samples 

During fall of 2018, we collected senescent leaf litter from the first generation of the Forests and 

Biodiversity experiment (FAB1) at Cedar Creek Ecosystem Science Reserve (East Bethel, MN, 
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USA). In May 2013, one- to two-year-old trees were planted in a 0.5 × 0.5 m grid within plots 

that vary in their species richness (1, 2, 5, or 12 species) and composition. The species pool 

included eight broadleaf angiosperms (Acer negundo, Acer rubrum, Betula papyrifera, Quercus 

alba, Quercus ellipsoidalis, Quercus macrocarpa, Quercus rubra, and Tilia americana) and four 

needleleaf gymnosperms (Juniperus virginiana, Pinus banksiana, Pinus resinosa, and Pinus 

strobus). We did not collect litter from J. virginiana because individual trees seldom produced 

enough litter at once for spectroscopic or chemical analyses. We collected additional A. neguno 

samples from mature trees in a residential yard in Minneapolis, Minnesota, 50.0 km from FAB1. 

 

We collected litter samples as close as we feasibly could to the time of senescence using both 

litterfall traps on the ground and hand-collection of senesced leaves from trees. We only took 

leaves from trees when there was a complete abscission layer across the petiole; in such cases, it 

only took very slight pressure to remove the leaf. Because tree species dropped their leaves at 

different times, we collected litter at various times from September to November 2018 to ensure 

that the litter we collected had recently senesced. We discarded litter samples found in traps after 

rain to avoid collecting litter samples whose nutrients had partly leached out. 

 

We collected 322 litter samples, seeking to represent the variation in leaf traits within each 

species (mean: 29 per species; range: 17-37 per species). While our sampling did not explicitly 

account for the species richness and composition treatments in FAB, we collected leaves from 

each species across a variety of neighborhoods and light environments to maximize intraspecific 

variation. Each sample included 1.5-3.0 g of tissue and could include multiple similar leaves. 

When a single trap contained more than 2.5-3.0 g of leaves, we divided them into two or more 

samples by keeping together leaves that we subjectively judged to be more visually similar. We 
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dried each sample in a drying shed at 40 °C for at least three days. Afterward, we stored them in a 

cool, dark room until we could conduct spectral and trait measurements. 

 

Spectral data collection 

We measured reflectance spectra of each sample, both intact and ground, using a PSR+ 3500 full-

range (350-2500 nm) spectrometer (Spectral Evolution, Lawrence, MA, USA). For intact-leaf 

spectra, we used the Spectral Evolution leaf clip assembly. We used a built-in 99% Spectralon 

white reflectance standard to calibrate readings before each sample. Among broadleaf species, 

many of the leaves curled in on themselves during senescence, so when possible, we sought to 

measure spectra in relatively flat portions of the leaf to minimize specular reflection. Among 

needleleaf species, we made mats by laying out needles in a single layer; because of their shape, 

there remained small gaps or areas of overlap between needles. We discarded spectra with large 

discrepancies in the sensor overlap region, or (particularly for needleleaf species) with very high 

(>70%) or very low (<30%) peak reflectance, which often indicated that the needle mat was 

highly non-uniform. There remained at least three reflectance spectra for each sample—more for 

samples that included multiple leaves. 

 

After removing their petioles, we ground leaf samples by placing them in individual plastic vials 

with ball bearings and shaking them with a paint shaker for several hours. To measure ground-

leaf spectra, we used the Spectral Evolution benchtop reflectance probe and glass-windowed 

sample trays. Before measuring each sample, we measured a white Spectralon panel placed in a 

sample tray for calibration. For sample measurements, we put at least 0.6 g of leaf powder into a 

sample tray. (Preliminary tests showed that adding additional material did not change the spectra, 

suggesting that transmittance was close to zero.) The benchtop probe pressed the loose powder 

into an even pellet. We measured three spectra per sample: We turned the sample tray 120° 
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between the first two measurements, and loosened and mixed the powder between the second and 

third measurements. Our measurements of ground tissue spectra were highly repeatable: The 

median vector angle between spectra of the same sample was <0.6°. 

 

The spectrometer automatically interpolated the spectra to 1 nm resolution. We performed all 

subsequent processing using spectrolab v. 0.0.8 (Meireles et al. 2018) in R v. 3.6.1 (R Core Team, 

2019). We averaged all spectra for a given sample, treating intact-leaf and ground-leaf spectra of 

the same leaves as separate samples. Because the region from 350 to 400 nm was often noisy, we 

trimmed each spectrum to 400-2500 nm. For intact leaves only, we also corrected discontinuities 

at the overlap regions between adjacent sensors using the match_sensors() function in spectrolab. 

 

Leaf mass per area measurements 

Leaves lose mass during nutrient resorption, and researchers risk underestimating resorption 

efficiency when they fail to account for mass loss. To avoid this risk, many studies either express 

nutrient concentration of green and senesced leaves on a per-area basis, or add a mass loss 

correction factor (van Heerwaarden et al. 2003). We measured LMA of each leaf sample to 

convert from the per-mass basis of most chemical trait measurements to a per-area basis. 

 

For broadleaf species, we often could not measure the area of whole leaves because they were 

curled and brittle. Instead, we punched out four to six 0.3 cm2 disks from each dried leaf sample 

with a hole punch, seeking to represent the variation within the sample, including veins. We 

measured the mass of all leaf disks and calculated LMA as the total mass divided by the total 

area. 
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For needleleaf species, we measured the mass and area of five needles per sample. We estimated 

area as the length times the maximum cross-sectional width of the needle. We then measured the 

mass of each needle and calculated LMA as the total mass divided by the total area. 

 

Chemical trait measurements 

We measured leaf carbon (Cmass) and nitrogen (Nmass) concentration on ground, oven-dried 

samples using dry combustion gas chromatography performed by an elemental analyzer (Costech 

ECS 4010 Analyzer, Valencia, California, USA). To estimate nutrient resorption, we converted 

mass-based elemental composition to area-based estimates (Carea and Narea) by multiplying them 

with LMA. This method accounts for mass loss due to resorption, but not the smaller bias caused 

by leaf shrinkage, which is harder to quantify (van Heerwaarden et al. 2013). 

 

We measured fiber fractions on ground, oven-dried samples using an ANKOM 200 Fiber 

Analyzer (Ankom Technology, Macedon, New York, USA). The first digestion in a hot neutral 

detergent solution washes out plant solubles; the fraction of tissue that remains is called neutral 

detergent fiber (NDF). The second digestion in a hot acidic detergent solution further washes out 

bound proteins and hemicellulose; the fraction of tissue that remains is called acid detergent fiber 

(ADF), and comprises mostly cellulose and lignin. Because the paint shaker ground our samples 

into a very fine powder, we had to use small-pored ANKOM F58 fiber bags, which cannot be 

used in the final acid detergent lignin (ADL) digestion to measure lignin concentration alone. 

 

We removed some samples prior to statistical analyses because of clear issues during trait data 

collection—for example, the rupture of sample bags while measuring fiber fractions. Unlike some 

other studies (e.g. Gillon et al. 1999), we did not remove samples with large prediction residuals 

during statistical analyses. 
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Statistical analyses 

We modeled the relationship between traits and spectra using partial least-squares regression 

(PLSR), which is well-suited to handle datasets that include many collinear predictors. PLSR 

reduces the full matrix of spectra to a smaller number of orthogonal latent components that best 

explain the variation in the variables to be predicted. We implemented our PLSR models in R 

package pls v. 2.7.1. 

 

Previous studies using a PLSR modeling framework have often restricted the range of 

wavelengths used to predict certain traits (e.g. Serbin et al. 2014). These restrictions are meant to 

select bands whose reflectance may be most causally linked to the traits in question based on 

prior research or on known absorption features. Here, we used the full spectrum (400-2500 nm) to 

predict each trait, on the grounds that biochemical changes during senescence may alter the 

relationship between high-level functional traits like Nmass and specific optical features. 

Researchers may also transform reflectance to pseudo-absorption (log R-1) or calculate the first- 

or second-order derivative of the spectrum, which may make certain absorption features more 

prominent. We found that using pseudo-absorption did not improve model performance (data not 

shown), and we avoided using derivatives because they could amplify the influence of noise in 

the spectrum. 

 

We divided our samples into calibration (80%) and validation (20%) datasets, stratified by 

species. We fit models for each trait on the complete calibration dataset, using 10-fold cross-

validation to select the optimal number of model components to use in further analyses while 

avoiding overfitting. We selected the smallest number of components whose cross-validation root 

mean squared error of prediction (RMSEP) was within one standard deviation of the very lowest 
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RMSEP at any number of components. We used ground-leaf models built on the full calibration 

dataset to calculate the variable importance in projection metric (VIP) for each trait (Wold et al. 

1994). 

 

Like Serbin et al. (2014; 2019), we sought to describe the performance of the model calibration 

with jackknife resampling, repeatedly dividing the calibration data into random 70% and 30% 

subsets 1000 times. We trained models for each trait on the 70%, using the previously determined 

number of components, and assessed their performance by predicting the remaining 30% and 

calculating RMSE and the coefficient of determination (R2). 

 

We then used the resulting 1000 models to predict traits from the validation (20%) dataset, which 

allowed us to test how stable the predictions were across different potential sets of calibration 

data. We quantified model performance using R2 and root mean squared error (RMSE), averaged 

across the predictions from the 1000 models. We also report the RMSE as a percentage of the 

sample data range (%RMSE), following Feilhauer et al. (2010). 

 

Results 

There was a high level of variation in each trait both across the entire dataset and within species. 

For example, Nmass varied nearly 11-fold; in contrast, Cmass only varied about 1.7-fold (Table 3.1). 

In spite of the high level of intraspecific variation, especially among broadleaf species, species 

identity alone could account for between 46.0% (Narea) and 93.7% (LMA) of the variation in each 

trait. In general, needleleaf species had much higher LMA, Cmass, NDF, and ADF, and lower Nmass 

than broadleaf species, consistent with trends in non-senescent green leaves (Serbin et al. 2014; 

Averill et al. 2019). Consequently, we see correlations among leaf economic traits—for example, 

LMA and Nmass—across the whole dataset (R2 = 0.426; p < 10-15), but a weaker correlation among 
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just needleleaf samples (R2 = 0.214; p = 1.33 × 10-5) and none among just broadleaf samples (R2 < 

0.005; p = 0.153). 

 

Among both ground-leaf and intact-leaf spectra, the coefficient of variation (CV) was highest in 

the visible range and decreased into the near-infrared range (NIR; Fig. 3.1). For intact-leaf spectra 

only, the CV once again increased into the short-wave infrared range (SWIR). Both intact-leaf 

and ground-leaf spectrum showed a local maximum of the CV at around 672 nm, which is near an 

absorption peak of chlorophyll a. Gitelson and Merzlyak (1996; 1997) found that reflectance at 

670 nm is most sensitive to the amount of chlorophyll at low concentrations, as during late 

senescence. The VIP metric also showed a global maximum at 672 nm for every trait (Fig. 3.2), 

suggesting that the amount of chlorophyll remaining at abscission may be a good index of many 

traits, especially Nmass. More generally, the VIP metric showed that the visible range is most 

important for predicting all traits, with further peaks in the SWIR around 1920-1940 nm and (for 

fiber traits only) 2140-2200 nm. In fresh tissue, variation in reflectance around 1920-1940 nm is 

often interpreted as a measure of absorption by water, but given that our samples were dried, this 

explanation is unlikely. In general, visible and SWIR reflectance seem to be most informative in 

predicting nutrient- and fiber-related traits in litter 

 

Each of our traits could be predicted with moderate-to-high success from both intact-leaf and 

ground-leaf spectra (Fig. 3.3; Tables 3.1 and 3.2). As in previous studies (e.g. Serbin et al. 2014), 

the models for Nmass and (for intact-leaf spectra) LMA achieved the highest calibration and 

validation accuracy, followed by fiber fractions and Cmass (Tables 3.1 and 3.2). All chemical traits 

were estimated more accurately on a mass basis using ground-leaf spectra than intact-leaf spectra. 

However, LMA was estimated more accurately using intact-leaf spectra. Because we used LMA 

to convert from a mass to an area basis, we built models predicting Narea and Carea (nitrogen and 
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carbon on a per-area basis) only from intact-leaf spectra. The Carea model (%RMSE=6.04) had 

better performance than the Cmass model (%RMSE=10.2), but the Narea model (%RMSE=8.50) 

had worse performance than the Nmass model (%RMSE=5.35; Fig. 3.4). Jackknife analyses 

showed that traits for which the average model performance was poorest—such as NDF, Cmass, 

and Narea—also had the greatest variability in model performance (Figs. S3.1 and 3.2). 

 

Discussion 

We show that PLSR models trained on reflectance spectra can make accurate predictions of 

several chemical traits related to nutrient cycling across a wide range of litter samples from 

broadleaf and needleleaf trees. For each trait, a single calibration model can capture the variation 

among and within our 11 species, suggesting that these predictions can be applied generally. Such 

predictions allow us to recover well-established ecological differences among species—for 

example, that needleleaf species have higher fiber concentration and lower Nmass than broadleaf 

species. Perhaps most importantly, intact-leaf models are almost as accurate as ground-leaf 

models for most traits, which suggests that several traits can be jointly estimated using a single 

measurement that takes seconds. 

 

Interpretation 

The hierarchy of which traits can be predicted best or worst recapitulates results from green 

leaves collected during the growing season. Nmass can be predicted nearly perfectly from intact-

leaf and ground-leaf spectra (Bolster et al. 1996; Richardson and Reeves 2005; Petisco et al. 

2006; Kleinebecker et al. 2009; Serbin et al. 2014).  

 

On a mass basis, all chemical traits were predicted with greater accuracy from ground-leaf 

spectra. This result corroborates the few previous comparisons of intact- and ground-leaf spectra 
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(Serbin et al. 2014; Couture et al. 2016). Veins and other features cause leaves to vary in their 

chemical makeup across the lamina; when measuring intact-leaf spectra, researchers may find it 

hard to sample such features in a representative way, especially for leaves that curl when dry. 

Leaves may also vary through their cross-section, but the optical features of deeper tissues may 

be obscured in part by the surface. Drying and grinding may improve predictions by 

homogenizing such variation. 

 

On the other hand, LMA and area-based traits were better predicted from intact-leaf spectra. 

Grinding destroys the leaf structure, so it may be perplexing that ground-leaf spectra could 

predict structural traits like LMA at all, as here and in Serbin et al. (2014). We suspect that the 

relationship between ground-leaf spectra and LMA must be indirect—perhaps mediated through 

correlations between LMA and chemical traits that have clear optical signatures even in ground 

tissue. Drawing on Chadwick and Asner (2016), Nunes et al. (2017) described the ability to 

estimate a trait indirectly, through correlations with other traits, as a “constellation effect.” Since 

trait correlations within species often differ from those among species (Anderegg et al. 2018), 

such effects can explain why a model trained across many species may fail to capture 

intraspecific variation. Indeed, in our dataset, ground-leaf spectra do a poor job of predicting 

intraspecific variation in LMA; species-specific slopes of measured vs. predicted values are often 

far from 1. Indeed, the ground-leaf spectra do worse than species identity alone at predicting 

LMA across the whole dataset (validation R2 of 0.905 vs. 0.938). In contrast, intact-leaf spectra 

slightly outperform species identity as a predictor of LMA (validation R2 of 0.954 vs. 0.938), 

likely because some absorbance features in the spectrum are driven by the structure of the intact 

leaf. 
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Changing the basis of normalization from mass to area alters the accuracy of nitrogen and carbon 

estimates. While Nmass is predicted more accurately than Narea, Cmass is predicted less accurately 

than Carea. We attribute this trend to the fact that Nmass correlates negatively with LMA, while 

Cmass correlates positively with LMA among species—correlations driven primarily by the split 

between broadleaf (low LMA) and needleleaf (high LMA) species. After converting to an area 

basis—multiplying Nmass and Cmass by LMA—species differ less in Narea and more in Carea. 

Conversion from a mass basis to an area basis increases the percentage of variation explained by 

species identity alone for carbon (R2 from 0.721 to 0.945), but decreases it for nitrogen (R2 from 

0.786 to 0.460). As a result, any absorption feature that differentiates species, whether causally 

related to carbon content or not, can aid estimates of Carea much more than Nmass. The “correct” 

basis for prediction varies depending on the question: often a mass basis to study decomposition, 

an area basis to study nutrient resorption, and possibly a normalization-independent basis when 

addressing broader questions about trait covariance (Osnas et al. 2013). 

 

The future of spectroscopic trait estimation 

Compared to conventional measurements of plant tissue functional traits, spectroscopic trait 

estimates are easy, fast, potentially non-destructive, and (on the margin) cheap. Spectrometers are 

expensive, but once this initial capital cost is paid, measuring each spectrum is essentially free. 

Once samples have been collected, measuring each spectrum of an intact leaf takes only several 

seconds. In contrast, both ground-leaf spectra and conventional measurements require grinding 

leaves, which can be a time-consuming process. Using the protocol we describe here, we could 

measure the spectrum of a single ground sample (including preparation and sample tray cleanup) 

in 5-7 minutes. In contrast, doing both elemental analysis and fiber analysis takes about 25 

minutes per sample. Furthermore, the time saved through spectroscopic trait estimation grows as 

the number of traits of interest increases. 
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Despite their advantages, spectroscopic trait estimates are unlikely to replace standard 

measurements until they are both highly accurate and general. Perhaps skeptical of the generality 

of existing PLSR models, many researchers who use reflectance spectroscopy choose to build 

their own models, tailored to the particular species and tissues that they intend to study (e.g. 

McTiernan et al. 2003; Decruyenaere et al. 2009; Ecarnot et al. 2013). While this practice allows 

researchers more confidence in their trait estimates, it requires them to spend time and money 

doing the manual trait measurements needed to calibrate the models, and must do so again 

whenever they adopt a new study system. The mere fact that our models have good performance 

does not guarantee that they would make precise and unbiased trait estimates from litter collected 

from different species under different conditions. Spectral models may sometimes provide good 

relative estimates of traits even when extrapolated beyond the kind of tissue used to calibrate 

them (e.g. Kula et al. 2020), but such estimates should be treated with caution. 

 

We might use features like the ability to predict intraspecific as well as interspecific variation as 

heuristics that a certain model might be robust. From this perspective, our ground-leaf model for 

ADF might be more robust than our ground-leaf model for LMA. Even though the ADF model 

has a lower R2, it appears to be much better at capturing intraspecific variation, which suggests 

that the performance of the model is driven by optical features that are causally linked to ADF—

not just a trait that happens to covary with ADF within this dataset. 

 

Recent studies have attempted to tackle the challenge of building trait-spectra models that apply 

globally, across all kinds of leaf material. For example, Serbin et al. (2019) show that a single 

model can predict the LMA of fresh, green leaves across 11 sites from the tropics to the Arctic. It 

remains to be seen whether any single model could predict traits like Nmass or LMA from leaf 



93 
 

tissue across many species at all stages of senescence and decomposition. The predictive success 

of global green-leaf models, as in Serbin et al. (2019), may leverage the fact that green leaves 

only vary from each other in highly constrained ways—for example, along a continuum from sun 

to shade leaves, or from conservative to acquisitive leaves (Wright et al. 2004). These constraints 

imply that a trait like Nmass will correlate reliably with other traits like LMA and phosphorus per 

unit mass (Pmass). If the reflectance at a band responds to both the concentrations of the most 

common nitrogen-containing compounds (altering Nmass) and the number of mesophyll cell layers 

(altering LMA), then the covariance between these traits could be an asset in predicting them 

both. Such constellation effects could even aid in predicting traits that do not have any direct 

optical signatures—for example, δ15 N (Serbin et al. 2014)—via their correlations with other traits 

that do. 

 

Senescence could conceivably weaken some of these trait relationships—for example, by 

decoupling Nmass from LMA across species. Or it could weaken the relationships between traits 

and their optical features—for example, by changing nitrogen from forms that have clear optical 

features (like chlorophyll) to forms that do not, in ways that vary among species. In such cases, it 

could be difficult to build a global model that achieves the same degree of predictive success as 

global green-leaf models. Some evidence suggests that litter traits do also covary with each other, 

or with green-leaf traits, in somewhat predictable ways (Freschet et al. 2010; Freschet et al. 2012; 

Jackson et al. 2013). Using tissue from a single conifer species, Gillon et al. (1999) could predict 

Cmass, Nmass, and Pmass within and across groups of fresh and senescent needles with equal 

accuracy. But while fresh green leaves are all similar, each senescent leaf may age in its own 

(species-dependent) way. For example, some of our species (A. rubrum, Q. alba, Q. ellipsoidalis, 

Q. rubra) often produce reddish anthocyanins during senescence, but the rest do not. Such 
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differences could make the relationship between traits and optical features more contingent for 

senescent foliage. 

 

Finally, we note that plants produce and shed litter from many kinds of tissue besides leaves, and 

these other litter sources, too, contribute to the nutrient economy (Lü et al. 2012). Reflectance 

spectroscopy may help measure decomposability-related traits in other tissues. For example, fine 

root decomposition is an important but little-understood part of nutrient cycling; Freschet et al. 

(2013) estimate that fine roots contribute 33% of annual litter inputs in forests. Elle et al. (2019) 

show that PLSR models built using near-infrared reflectance spectroscopy can predict fine root 

lignin, which makes the tissue more recalcitrant to decomposition (See et al. 2019; but see, in 

contrast, Sun et al. 2018). Continuing to develop trait models for other plant tissues could make it 

easier to study how plants alter nutrient cycling in a comprehensive way. 

 

Ultimately, whether a global litter trait-spectra model can be built is an empirical question that 

can only be answered by amassing a wide variety of data. While we do not attempt to build such a 

global model here, we show that reflectance spectroscopy can provide accurate litter trait 

estimates across temperate tree species that vary widely in their litter chemistry, using more 

species and samples than any previous model of litter chemistry. 
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Table 3.1. Summary statistics of PLSR model calibration and validation from intact-leaf spectra. 

% RMSE is calculated as RMSE divided by the range of data within either the training data set 

(calibration) or the testing data set (validation), which may be smaller than the range reported in 

the complete data set. 

 Range No. 
components 

R2  RMSE  %RMSE  

   Cal. Val. Cal. Val. Cal. Val. 
NDF 0.286-0.724 9 0.760 0.775 0.0431 0.0374 9.83 8.59 
ADF 0.207-0.587 12 0.871 0.892 0.0296 0.0253 7.80 6.67 
Cmass 0.409-0.694 12 0.725 0.711 0.0183 0.0175 8.94 10.2 
Nmass 0.0024-

0.0257 
18 0.922 0.940 0.00129 0.00114 5.54 5.35 

Carea (g 
cm-1) 

0.00162-
0.0172 

8 0.939 0.944 9.11×10-4 9.02×10-4 5.84 6.04 

Narea (g 
cm-1) 

2.72×10-5-
2.43×10-4 

16 0.763 0.772 1.54×10-5 1.61×10-5 7.14 8.50 

LMA (g 
cm-1) 

0.00395-
0.0282 

11 0.944 0.954 0.00145 0.00137 5.98 5.74 
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Table 3.2. Summary statistics of PLSR model calibration and validation from ground-leaf 

spectra. Data ranges in the complete data set are reported in Table 3.1. 

 No. 
components 

R2  RMSE  %RMSE  

  Cal. Val. Cal. Val. Cal. Val. 
NDF 12 0.827 0.835 0.0375 0.0382 9.32 8.77 
ADF 16 0.911 0.889 0.0252 0.0289 6.96 7.62 
Cmass 18 0.761 0.748 0.0185 0.0166 9.03 9.74 
Nmass 19 0.948 0.962 0.00105 0.000877 4.49 4.12 
LMA (g 
cm-1) 

17 0.875 0.905 0.00211 0.00192 8.72 8.23 
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Fig. 3.1: Distributions of spectral reflectance and its coefficient of variation (CV) among intact (left) and ground (right) leaf litter samples. Black 

lines connect the median (solid), 2.5 and 97.5 percentiles (dashed), and minimum and maximum (dotted) of reflectance at each wavelength. The 

solid red line shows the coefficient of variation among spectra at each wavelength. 
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Fig 3.2: The variable importance of prediction (VIP) metric in ground-leaf models for fiber-

related (top) and nutrient-related or structural (bottom) traits. 
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Fig. 3.3: Independent validation results for predictions of NDF, ADF, Cmass, Nmass, and LMA from 

intact-leaf spectra (left) and ground-leaf spectra (right). In each panel, a separate regression line is 

shown for each of the 11 species, overlaid on top of the thick dashed 1:1 line. The error bars for 

each data point are 95% confidence intervals calculated from the distribution of predictions based 

on the model coefficients from the 1000 jackknife iterations. 
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Fig. 3.4: Independent validation results for predictions of Carea and Narea from intact-leaf spectra. 

Regression lines and error bars are as in Fig. 3.3.



4This research was carried out in collaboration with Rosalie Beauchamp-Rioux, Etienne 
Laliberté, and Jeannine Cavender-Bares. 

Chapter 4 

Rapid estimates of functional traits from pressed, intact leaves using reflectance spectroscopy4 
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Introduction 

The world’s herbaria together contain more than 390 million specimens (Thiers 2016), which are 

collectively one of the greatest resources for understanding global plant and fungal diversity. 

Herbarium specimens are collected for many reasons—for example, to document that a species is 

present in a certain location, or to sequence DNA in order to estimate phylogenies. But these 

specimens can also be repurposed for new ends, unforeseen by the collectors (Meineke et al. 

2018; Heberling et al. 2019). More than ever, ecologists are interested in using herbarium 

specimens to measure functional traits: for example, to evaluate long-term secular changes, often 

in response to human activity (e.g. Miller-Rushing 2009; McLauchlan et al. 2010; reviewed in 

Lang et al. 2018); to fill in gaps in sparse trait databases (Queenborough and Porras 2014); or to 

conduct comparative studies among groups of far-flung species that are hard to sample all at once 

(e.g. Jardine et al. 2020). Using herbaria for functional ecology holds the promise of letting us 

reach the inaccessible, including the past or parts of the world distant from our own. 

 

But a broad class of methods for measuring functional traits are destructive—they require 

grinding up tissue for chemical analyses. Such methods include assays for fiber concentration or 

condensed tannins and most techniques to determine the elemental or isotopic composition of a 

sample. Because many herbarium specimens are essentially irreplaceable, herbarium curators 

may be hesitant to allow samples to be destroyed for ecological research. The development of 

non-destructive techniques to estimate leaf traits from herbarium specimens would make it easier 

to use them in functional ecology. 

 

Reflectance spectroscopy is one such technique that can be performed non-destructively. It 

involves measuring the percent reflectance of light from a surface at a range of wavelengths. 
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Together, these measurements constitute a reflectance spectrum. For leaf tissue, researchers tend 

to measure reflectance between (at most) about 350 and 2500 nm, a range that includes most solar 

radiation. Reflectance within this range carries information about many critical plant traits 

because the chemical and structural makeup of the leaf determines how it absorbs and reflects 

light. 

 

Models have been built to estimate a wide range of traits from spectra. Physics-based radiative 

transfer models like PROSPECT can be used to estimate traits like the content of chlorophyll, 

carotenoids, or water from fresh-leaf spectra (Féret et al. 2017). Statistical models, often created 

using techniques like partial least-squares regression (PLSR), can be used to estimate an even 

wider range of traits, albeit in a less mechanistic way. Many ecologically important traits, like 

leaf nitrogen concentration (Nmass) and specific leaf area (SLA), lack a unique set of absorption 

features because they cannot be identified with a specific chemical constituent. Nitrogen, for 

example, is found alike in nucleic acids, chlorophyll, and RuBisCO, in ratios that vary from plant 

to plant. A multivariate empirical approach based on statistical techniques like PLSR or stepwise 

regression gives researchers the flexibility to predict such composite traits (Curran 1989). 

 

Ecologists have used such approaches to estimate many important plant traits. These include 

broad functional traits like Nmass and SLA (Serbin et al. 2014; Serbin et al. 2019; Streher et al. 

2020), condensed tannins and other defense compounds (Couture et al. 2016), non-structural 

carbohydrates (Ramirez et al.  2015), and even physiological rates like the maximum rate of 

RuBP carboxylation in photosynthesis (Vcmax; Serbin et al. 2011; Wu et al. 2019; Meacham-

Hensold et al. 2019). Such leaf-level PLSR models have been used to address such varied 

ecological subjects as defense responses to herbivory (Kula et al. 2020), biodiversity and 
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ecosystem function (Schweiger et al. 2018), and functional trait responses to El Niño (Nunes et 

al. 2019). 

 

Although such statistical approaches are more flexible, they are often somewhat sensitive to the 

kind of data used to train them. Existing PLSR models, for example, have mostly been trained on 

spectra of fresh leaves (e.g. Serbin et al.  2019) or dried, ground leaves (e.g. Serbin et al. 2014). 

Such models are not likely to make good predictions of the traits of dried, intact leaves like 

herbarium specimens because both drying and grinding produce changes in the shape of the 

reflectance spectrum. 

 

We sought to test whether we could use a PLSR modeling approach to estimate traits from 

pressed leaves like herbarium specimens. Could such an approach yield similar or greater 

accuracy than using spectra of fresh or ground leaves? For most chemical traits, such as Nmass or 

leaf fiber concentration, we suspected that ground-leaf spectral models may be the most accurate, 

as has often been the case in prior literature (Serbin et al. 2014; Couture et al.  2016). The leaf 

lamina varies in its structure and composition across its surface; by homogenizing this variation, 

grinding may allow us to capture a more representative sample of tissue. On the other hand, 

grinding disrupts structural traits like SLA. We do not yet provide a direct comparison between 

fresh-leaf and pressed-leaf spectra in this manuscript, but one might predict that pressing and 

drying leaves reduces performance in predicting water-related traits like leaf dry matter content 

(LDMC). On the other hand, absorption by water may obscure absorption features of other 

compounds in the short-wave infrared range (SWIR), which might make it harder to predict 

certain chemical traits from fresh-leaf spectra (Ecarnot et al. 2013; Couture et al. 2016). 
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In addition, herbarium specimens and other stored leaf tissue collections may change in their 

optical properties in preparation or storage. We asked whether discoloration reduces the accuracy 

of trait estimates, which may suggest whether or not spectroscopy is useful on old or degraded 

specimens. 

 

Finally, we asked how accurately pressed-leaf spectra can be used to identify samples to species. 

Reflectance spectra often show phylogenetic signal, at least in certain wavelength ranges, because 

of phylogenetic conservatism in the evolution of their underlying traits (McManus et al. 2016). 

As a result, it is often possible to classify species or higher-level taxa from fresh-leaf spectra 

(Cavender-Bares et al. 2016; Meireles et al. 2020). A few studies with tropical forest species have 

aimed to discern whether reflectance spectra of pressed herbarium specimens, too, can be used to 

classify species or higher-level taxa, with promising results (Durgante et al. 2013; Lang et al. 

2015; Lang et al. 2017). Here, we aim to replicate those studies using the common species in our 

dataset and compare the accuracy of classification from pressed-leaf and ground-leaf spectra. 

 

Methods 

Sampling 

We compiled data from four projects, each including multiple leaf traits and reflectance spectra. 

The projects include: 

1. Quebec Broadleaf Trees (QBT; UdeM): Broadleaf trees sampled throughout the growing 

season in 2018 at various sites in southern Quebec (n = 417). 

2. Quebec Trees and Herbs (QTH; UdeM): Forbs, grasses, shrubs, and broadleaf trees from 

forests and open areas throughout the growing season in 2017 at four sites in southern 

Quebec (n = 75). 
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3. Îles-de-Boucherville (IBV; UdeM): Forbs, shrubs, and grasses collected from throughout 

the growing season in 2018 from the Parc national des Îles-de-Boucherville in southern 

Quebec (n = 72). 

4. Warren Chronosequence (WCS; UdeM): A single broadleaf tree species (Agonis 

flexuosa) collected across a chronosequence of soil age in southwestern Australia (Turner 

and Laliberté 2015; n = 67). 

The majority of samples are from trees (n = 518), with shrubs (n = 47) and forbs (n = 36) also 

somewhat well-represented. The full dataset includes 77 species and two subspecies of the reed 

Phragmites australis. Each sample is being prepared as a specimen for the Marie-Victorin 

Herbarium in Montréal, Quebec, Canada. 

 

A further set of samples (n ≈ 360) from trees and herbaceous prairie plants at Cedar Creek 

Ecosystem Science Reserve (East Bethel, MN) is being processed to increase the generality of the 

models across sites. 

 

In general, we aimed to avoid leaves with noticeable damage from herbivores or pathogens. For 

each dataset, we measured reflectance spectra of leaves at three stages: while (1) freshly sampled, 

(2) pressed and dried, and (3) ground into fine powder. We also measured a suite of leaf 

functional traits on each of these samples. Further details on spectral and trait measurements are 

provided in later subsections, but we first make some notes on our sampling procedures. 

 

For each sample, we collected a group of leaves at about the same vertical position of the same 

individual—the same branch, for trees. We measured fresh leaf spectra on five leaves per sample 

in the field and took them to the lab to measure gross leaf structural traits, such as RWC and 
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SLA. We then divided the leaves into two groups: (1) a portion to be pressed and preserved as an 

accessioned herbarium specimens, and (2) a portion to be dried, ground using a cyclone mill with 

2 mm mesh, and used for chemical analyses. We measured pressed-leaf spectra on the former 

portion prior to mounting, and ground-leaf spectra and chemical traits on the latter. Although 

these are distinct subsets of leaves, we treat them as identical in their trait values and spectra 

under the assumption that they are very close in canopy position and unlikely to systematically 

differ. 

 

Spectral measurements 

We measured leaf-level reflectance spectra on each fresh tissue sample in 2019 using an HR-

1024i spectroradiometer (Spectra Vista Corporation, Poughkeepsie, NY) outfitted with an 

integrating sphere (QBT, QTH, IBV, WCS). We do not use these data in the analyses presented 

here, although we are working to incorporate them into future analyses. 

 

We measured leaf-level reflectance spectra on all pressed, intact leaf samples using a PSR+ 3500 

spectroradiometer with a leaf clip foreoptic (Spectral Evolution, Haverhill, MA). We calibrated 

reflectance against a white Spectralon reflectance panel and measured 3-7 spectra per sample. 

Although all samples were pressed in a plant press, some nevertheless dried in a way that created 

an uneven leaf surface. Some samples underwent noticeable discoloration during drying or 

storage, including browning or blackening, which we noted. In general, we aimed to avoid 

uneven or discolored areas when measuring spectra, although it was sometimes not entirely 

possible when discoloration was pervasive. 
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We measured ground-leaf spectra using the PSR+ 3500 spectroradiometer with a benchtop 

reflectance probe foreoptic that pressed loose powder into a smooth, even pellet. For sample 

measurements, we added least 0.6 g of leaf powder into a sample tray; in preliminary tests, 

adding additional material did not change the spectra, suggesting that transmittance was close to 

zero. We calibrated reflectance against a white Spectralon reflectance panel placed in the same 

sample trays. We measured three spectra per sample, turning the sample tray 120° between the 

first two spectra, and loosening and mixing the powder between the second and third spectra. A 

small number (<15) of specimens could not be measured because there was not enough ground 

leaf material. 

 

The spectrometer automatically interpolated the spectra to 1 nm resolution, although the true 

spectral resolution is more variable and coarser. We trimmed all spectra to include only 400-2500 

nm because the region from 350-400 nm had greater noise. We averaged all spectra for a given 

sample. 

 

Trait measurements 

All trait measurements were performed without petioles, but with the rachis for compound leaves, 

on the grounds that the rachis is functionally analogous to the midrib of a simple leaf. We 

measured the following leaf structural and chemical traits: Specific leaf area (SLA), leaf dry 

matter content (LDMC), leaf nitrogen per unit mass (Nmass), leaf carbon per unit mass (Cmass), 

neutral detergent fiber (NDF), acid detergent fiber (ADF), and acid detergent lignin (ADL). The 

last three represent fractions of increasingly recalcitrant fiber. Ongoing analyses on the same 

samples will measure total chlorophyll, total carotenoids, macronutrients, tannins, and phenolics, 

and we plan to incorporate these traits into future analyses. 
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Leaves were weighed for fresh mass and scanned for their fresh area shortly after collection, then 

dried for 72 h in a drying oven before reweighing for dry mass. We calculated LDMC as dry 

mass divided by fresh mass and SLA as fresh area divided by dry mass. 

 

Ground bulk tissue samples were analyzed for Nmass and Cmass using a Vario MICRO Cube 

combustion analyzer (Elementar, Langenselbold, Germany). The same samples were also 

analyzed for fiber fractions using an ANKOM 2000 Fiber Analyzer (Ankom Technology, 

Macedon, New York, USA) to perform a series of digestions. The first digestion in a neutral 

detergent washes off plant solubles, leaving the NDF fraction. The second digestion in an acidic 

detergent removes bound proteins and hemicellulose, leaving the ADF fraction, which comprises 

mainly cellulose and lignin. The third digestion in 70% sulfuric acid removes cellulose, leaving 

the ADL fraction, which is mainly lignin. 

 

For the WCS project, only Nmass and Cmass are currently available; data on the other traits is still 

being compiled. Consequently, comparing the prediction accuracy among different traits may 

sometimes involve comparing somewhat different numbers and ranges of samples, a situation that 

we will rectify as the data become available. 

 

Scoring discoloration 

We inspected each specimen visually to note signs of discoloration that was likely to have 

occurred in storage. Common forms of discoloration include blackening or browning or the 

development of a silvery or whitish finish on the leaf surface. Based on our descriptive notes, we 

scored each leaf on a discrete scale from 0 to 4. A score of 0 indicates no noticeable discoloration. 
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1 through 4 indicate successively greater changes in storage, from 1 (either <5% 

blackening/browning or development of a silvery finish to the leaf) to 4 (>80% 

blackening/browning). 

 

Statistical analysis 

We used a PLSR modeling framework to link the pressed- and ground-leaf spectra to the traits we 

measured. PLSR is well-suited to handle leaf spectral datasets, which have large numbers of 

collinear predictors, because it projects the spectral matrix to a smaller number of orthogonal 

latent components in a way that maximizes the ability to predict the response variable. We 

implemented PLSR modeling in the R package pls v. 2.7.1. We conducted analyses separately for 

pressed-leaf and ground-leaf spectra, using the full (400-2500 nm), untransformed spectrum to 

predict each trait. 

 

Our methods for model calibration and validation mostly follow Serbin et al. (2014). First, we 

divided the data into calibration (80%) and validation (20%) datasets, stratified by project. We 

began by fitting a model for each trait on the full calibration dataset, using 10-fold cross-

validation to select the optimum number of components. For each trait, we selected the smallest 

number of components for which the cross-validation root mean squared error of prediction 

(RMSEP) was within one standard deviation of the global minimum RMSEP at any number of 

components. This number of components—a distinct number for each trait—was used in further 

analyses that aimed to predict traits in the independent validation dataset. We used the variable 

importance in projection (VIP) metric calculated for pressed- and ground-leaf calibration models 

to see which parts of the spectrum were most important for predicting each trait (Wold et al. 

1994). 
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To test how well we could predict traits from the independent validation dataset, we developed a 

new set of models for each trait. We did a jackknife analysis by repeatedly (1000×) dividing the 

80% calibration data further into random 70% training and 30% testing subsets. For each trait, we 

trained models on the 70% using the previously determined optimal number of components and 

predicted the remaining 30% to get a distribution of model performance statistics (R2, RMSE). 

This distribution could show how sensitive model performance is to varying sets of training and 

testing data. 

 

We applied the 1000 jackknife models for each trait to the 20% independent validation dataset. 

For each sample in the validation dataset, we generated a distribution of predictions from the 

1000 models. Using averaged predictions from the 1000 models, we quantified model 

performance using R2 and root mean squared error (RMSE). We also report the RMSE as a 

percentage of the sample data range (%RMSE), following Feilhauer et al. (2010). For each trait, 

we also tested whether the magnitude of residuals (observed minus predicted) in the validation 

dataset varied among leaves scored with different amounts of discoloration. 

 

Finally, we aimed to test the ability to use pressed-leaf and ground-leaf spectra in species 

classification using partial least-squares discriminant analysis (PLS-DA). We took spectra from 

the seven most common species in our dataset, all trees: Acer rubrum, A. saccharum, Agonis 

flexuosa, Betula populifolia, Fagus grandifolia, Populus tremuloides, and Quercus rubra. Each 

of these species was represented by at least 25 specimens. We divided the full dataset into 60% 

training and 40% testing datasets. In the R library caret v. 6.0.84, we trained a model using 10-

fold cross-validation within the training dataset and applied the model to the testing dataset. We 
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summarized the PLS-DA model performance using Cohen’s kappa (κ), a statistic that describes 

the agreement between the true and predicted species identities, taking into account the 

probability of agreement by chance. 

  

Results 

We saw large variation among samples in each of our target traits, ranging from 1.4-fold variation 

in Cmass to 22-fold variation in ADL (Table 4.1). Trees tended to have higher LDMC, Cmass, NDF, 

ADF, and ADL than other growth forms, consistent with prior research (Ma et al. 2018), although 

grasses also had high NDF and ADF. Forbs often had high Nmass. Some of the trait variation was 

driven by particular projects; for example, A. flexuosa in the WCS project tended to have 

particularly high Cmass and low Nmass. 

 

The coefficient of variation (CV) of pressed-leaf reflectance was largest where reflectance itself 

was lowest—namely, in the regions of the visible spectrum with the strongest absorbance from 

chlorophyll (Fig. 4.1). A small number of specimens, primarily the wetland grasses Phragmites 

australis and Phalaris arundinacea, had much higher visible reflectance than all other specimens. 

The CV of pressed-leaf reflectance once again increased into the short-wave infrared (SWIR) 

range as mean reflectance declined. Ground-leaf reflectance showed similar trends, but with little 

increase in the SWIR. 

 

For all traits except SLA, the VIP metric for pressed-leaf spectral models showed a global 

maximum around 705 nm, which for many spectra is near the inflection point of the red edge 

between the visible and near-infrared (NIR) regions (Fig. 4.2). All traits had a decline in VIP into 

the NIR and a rise in the SWIR with another strong peak around 1920 nm—again, SLA less so 
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than other traits. Reflectance at 1920 nm is often strongly associated with absorption by water in 

fresh tissue, but any association with water is unlikely here because all tissue was dry. 

 

In general, our models predicted traits in the independent validation dataset with moderate-to-

high accuracy (Tables 4.1 and 4.2; Figs. 4.3 and 4.4). The performance of ground-tissue models 

for certain traits, including Nmass and Cmass, was nearly perfect (validation R2 = 0.967 and 0.939), 

while other traits were predicted with much less accuracy, such as SLA (validation R2 = 0.447), 

consist with prior research (e.g. Serbin et al. 2014). For pressed-leaf models, all traits were 

predicted with R2 between 0.638 and 0.836, which again suggests fairly strong model 

performance with some error. 

 

We sought to compare the performance of pressed-leaf and ground-leaf models. Some of the 

samples that had insufficient tissue for ground-leaf spectra were at the extremes of the trait 

distribution, so we consider RMSE as the main statistic to evaluate whether ground-leaf or 

pressed-leaf models perform better for a given trait (Tables 4.1 and 4.2). Each of the chemical 

traits we consider was better estimated from ground-leaf spectra than pressed-leaf spectra, 

especially Cmass (validation RMSE = 0.835 vs. 0.529) and Nmass (validation RMSE = 0.278 vs. 

0.107). For SLA, the two kinds of spectra performed comparably (validation RMSE = 2.20 for 

pressed leaves vs. 2.27 for ground leaves). Statistics from jackknife analyses show that model 

performance is most variable and dependent on the training/testing datasets for traits that are 

predicted less accurately. 

 

Perhaps the most surprising result is that pressed-leaf models still performed reasonably well for 

most traits. For example, the ground-leaf models in Serbin et al. (2014) had a validation RMSE of 
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2.8 and 2.4 for ADF and ADL. In comparison, our pressed-leaf models achieved an RMSE of 

2.29 and 1.56 for these traits. (Note that the procedure for measuring calibration data for fiber 

traits itself has high variance between replicate samples; Brinkmann et al 2002.) On the other 

hand, our pressed-leaf model for Nmass performed worse than that in Serbin et al. (2014; validation 

RMSE 0.13 vs 0.278). Although these comparisons are across different datasets, they seem to 

establish that pressed-leaf models are not categorically worse than ground-leaf models. 

 

We tested for relationships between discoloration and the magnitude (absolute value) of the 

residuals for each trait. Our independent validation dataset contained only one specimen scored at 

a 4 for discoloration. After removing this specimen as a potential outlier with undue influence on 

the slope estimates, there was no correlation between the magnitude of residuals and discoloration 

for any trait (p > 0.05). 

 

Our PLS-DA analyses showed that models using both pressed-leaf and ground-leaf spectra 

showed nearly perfect performance at classifying species (Fig. 4.5). The optimal pressed-leaf 

model, which had 19 PLS components, correctly predicted the identity of all but one sample in 

the training dataset (κ = 0.993; p < 10-15; Fig. 4.5).The optimal ground-leaf model, which had 20 

PLS components, predicted the species identities in the training dataset with complete accuracy (κ 

= 1; p < 10-15; Fig. 4.5). 

 

Discussion 

We show that we can estimate a wide range of leaf functional traits of 77 woody and herbaceous 

species from reflectance spectra, both of pressed leaves and of ground leaf material (Tables 4.1 

and 4.2; Figs. 4.3 and 4.4). While ground-leaf trait estimates often show higher accuracy—



 

116 
 

consistent with the success of such models in prior research (Serbin et al. 2014)—we show that 

pressed-leaf estimates are often not much less accurate. It may depend on the research question 

whether the somewhat greater error obtained from pressed leaves is acceptable, but we suggest 

that it will be for a wide range of questions concerning large-scale ecological or evolutionary 

trends, especially among a wide range of functionally disparate species. In general, even pressed-

leaf spectral models predict traits within the range of accuracy shown in previous studies of fresh-

leaf or ground-leaf spectra (Serbin et al. 2014). These results broaden the uses of spectroscopy in 

providing accurate estimates of important leaf functional traits. 

 

The ability to predict SLA from ground-leaf spectra, or LDMC from either kind of spectrum, may 

seem perplexing. Grinding destroys the structure of the leaf, and pressing leaves removes water, 

such that the ability to estimate these traits cannot be a result of optical features driven by the 

traits themselves. Instead, we suggest that we sense these traits via their correlations with traits 

whose optical signatures are not destroyed by pressing or grinding. This kind of effect—a 

“constellation effect” (sensu Chadwick and Asner 2016; Nunes et al.  2017)—has been used to 

explain the ability to estimate other traits that have no optical signatures, including leaf 

micronutrients (Nunes et al. 2017) and δ15N (Serbin et al. 2014). However, reliance on such 

constellation effects may make models less robust in situations where trait covariance breaks 

down. 

 

With some exceptions, the VIP metric shows that the same bands are often important for 

predicting different traits, both in pressed-leaf and ground-leaf models (Fig. 4.2). This may be 

taken as an artifact of trait covariance, but surprisingly, across the whole dataset, many traits only 

covary weakly. While NDF, ADF, and ADL all show correlations (R2 = 0.194-0.781), the others 
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often do not. For example, while Nmass, Cmass, and LDMC all show broadly similar patterns of VIP 

across the spectrum, including peaks at 705 and 1920 nm, they covary only weakly with each 

other (R2 = 0.072-0.142). The fact that some of the same regions of the spectrum are important for 

predicting traits should not be taken purely as an artifact of trait covariance. 

 

PLS-DA models showed that pressed-leaf spectra and ground-leaf spectra alike could be used to 

classify species with nearly perfect accuracy (Fig. 4.5), replicating work on tropical flora 

(Durgante et al. 2013; Lang et al. 2015; Lang et al. 2017). We caution that the most common 

species in our dataset are mostly not closely related—only two are congenerics—in contrast to 

many of the species used in prior work. Nevertheless, this analysis helps to confirm the generality 

of the idea that spectral data can often be used to identify species or higher-level taxonomic 

groups (Meireles et al. 2020). 

 

The future of spectroscopic trait estimation 

Although trait predictions from spectral models often involve some error, they have a few 

advantages over conventional trait measurements: they are (1) potentially non-destructive; (2) 

fast, especially compared to measuring multiple traits; and (3) have low marginal cost, despite the 

high capital cost of buying a spectrometer. Because of these advantages, the widespread adoption 

of leaf spectroscopy could make it easier to address questions that require large datasets of 

functional traits. But researchers who are attracted to reflectance spectroscopy by the promise of 

quick, cheap trait estimates may be deterred if researchers must each make their own trait 

prediction model, which would imply that they must still measure traits conventionally on a 

subset of their samples. For that reason, we should aim for spectral models to be general. 

 



 

118 
 

Unfortunately, a model trained on one spectral data set may not always make good trait 

predictions from a second data set for multiple reasons. First, the ranges and the covariance 

structure of the traits may differ among the data sets. For example, if a researcher wants to apply 

a model trained on boreal conifers alone to tropical broadleaf species, the conifer model may be 

extrapolating well beyond its range. A general trait model must include a broad range of 

functional variation, which poses a logistical challenge because any one site only encompasses a 

fraction of global trait variation. And even portions of trait space that are represented within the 

training dataset may be poorly predicted—for example, Streher et al. (2020) found that models 

for leaf mass per area (LMA) among plants in the seasonally dry Neotropics performed poorly 

above 300 g m-2. A fully general model, if such a thing is possible, would need to represent the 

full spectrum of leaf structure and chemistry. 

 

Another class of issues with model generality concerns the spectrometers and their foreoptics. 

Spectra of whole, intact leaves can be measured with different foreoptics, including integrating 

spheres, contact probes, or leaf clips. Among these, only integrating spheres ensure that the leaf is 

illuminated by diffuse light, so they provide the most accurate and repeatable measurements. 

Spectra measured with leaf clips tend to show higher reflectance by an average of 14%, most 

likely because of anisotropic reflection of direct light, but they are also faster than integrating 

spheres (Hovi et al. 2018). We use leaf clips with dried specimens here because using an 

integrating sphere would require placing specimens inside the sphere or in one of the ports, both 

of which could damage the delicate pressed specimens.  Aside from foreoptics, spectrometers 

themselves may differ in subtle ways due to their sensors and techniques for processing spectra. 

Such technical considerations may hinder the effort to build a general trait model by cobbling 

together data from individual studies. 
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What should herbarium managers do? 

If traits can be reliably estimated from the spectra of pressed leaves, researchers may be able to 

use herbarium specimens in service of many of the core goals of functional ecology. This 

technique may allow researchers to reduce their reliance on measuring traits or reflectance spectra 

through intensive field campaigns in order to fill in trait datasets. It could also keep researchers 

from having to do destructive conventional trait measurements on herbarium specimens. 

 

But measuring and interpreting the spectra of herbarium specimens presents additional 

challenges. Perhaps the most concerning is the potential for the optical properties of specimens to 

degrade in storage. Such degradation could make it hard to distinguish secular trends in the traits 

of living plants over time from changes in storage. Even in this study, where no specimens were 

collected prior to 2017, many specimens underwent noticeable changes in color, including 

browning or blackening; ~12% of specimens were scored at 2 or higher. Certain preparation and 

storage conditions could accelerate changes in optical properties. For example, when collecting 

herbarium specimens in the wet tropics, researchers often treat leaves with an alcohol solution to 

prevent spoilage. Such treatments could discolor leaves, as could the spoilage that would occur in 

their absence. Certain species may also be more susceptible to discoloration than others; for 

example, in our dataset, ~42% of Populus grandidentata specimens were scored at 2 or higher, 

but no Betula papyrifera specimens were. Other factors like the temperature and humidity in 

storage may have an influence. 

 

Whether such degradation in storage could affect the accuracy of trait estimation is an open 

empirical question. We find no evidence that it does, even for badly discolored specimens, but 
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our specimens were only collected as early as 2017, while ecologists may want to use specimens 

collected decades ago. Long-term studies of the same specimens over time—especially with sets 

of specimens subjected to varying preparation and storage techniques—may help establish how 

optical properties tend to change. In any case, it seems likely that estimating traits in old or 

degraded specimens will require including equally old or degraded specimens in the dataset used 

to build the trait model. 

 

There may be other difficulties besides degradation in storage. Many herbarium specimens are 

glued to a paper backing, but measuring reflectance usually requires using a pure black 

background, which ensures that none of the light transmitted through the leaf is reflected back 

into the sensor. It may be possible to measure and correct for reflectance from the paper backing, 

but this step would require additional processing. 

 

It may be that the best way to incorporate spectroscopy into the operation of a working herbarium 

would be to measure the spectra of recently pressed and collected specimens that have not yet 

been mounted. The spectrum could then be linked to the herbarium record for future analyses and 

perhaps even made available to download, together with metadata about the instrument, foreoptic, 

specimen preparation, and date of spectral measurements. While the ideal situation would be for 

researchers collecting specimens to gather enough extra tissue to grind into a bulk sample for 

chemical analyses, doing so is not always feasible—and furthermore, the reflectance spectrum 

integrates information about many traits, including ones that researchers may not initially think to 

measure directly using the bulk sample. 
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Extensive further research is needed before researchers can confidently estimate traits from older 

herbarium specimens. Nevertheless, we show that pressed-leaf spectra can retain a lot of 

information about the functional traits of leaves, which raises the possibility of using herbaria as 

tools in plant functional ecology in a much more comprehensive way. 
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Table 4.1. Summary statistics of PLSR model calibration and validation from pressed-leaf 

spectra. %RMSE is calculated as RMSE divided by the range of data within either the training 

data set (calibration) or the testing data set (validation), each of which may be smaller than the 

range reported in the complete data set. 

 Range No. 
components 

R2  RMSE  %RMSE  

   Cal. Val. Cal. Val. Cal. Val. 
NDF (%) 11.1-62.9 16 0.708 0.768 4.00 3.90 7.73 8.27 
ADF (%) 8.27-34.7 15 0.602 0.667 2.36 2.29 8.96 10.7 
ADL (%) 1.26-27.8 12 0.517 0.651 1.82 1.56 8.85 9.52 
Cmass (%) 39.5-53.6 16 0.814 0.836 0.894 0.835 6.34 7.71 
Nmass (%) 0.883-5.62 17 0.799 0.762 0.244 0.278 5.15 6.86 
SLA (m2 
kg-1) 

8.40-42.7 5 0.660 0.708 2.17 2.20 6.32 7.24 

LDMC 
(mg g-1) 

159-521 21 0.676 0.638 30.1 34.1 8.31 10.2 
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Table 4.2. Summary statistics of PLSR model calibration and validation from ground-leaf 

spectra. Data ranges in the complete data set are reported in Table 4.1. 

 No. 
components 

R2  RMSE  %RMSE  

  Cal. Val. Cal. Val. Cal. Val. 
NDF (%) 19 0.797 0.838 3.48 3.64 6.71 7.73 
ADF (%) 21 0.803 0.833 1.88 1.89 7.13 8.79 
ADL (%) 20 0.730 0.820 1.59 1.53 7.76 9.34 
Cmass 20 0.915 0.939 0.637 0.529 4.53 4.64 
Nmass 20 0.948 0.967 0.132 0.107 2.78 2.63 
SLA (m2 
kg-1) 

9 0.415 0.447 2.47 2.27 7.20 9.90 

LDMC (mg 
g-1) 

19 0.727 0.700 28.2 25.8 7.79 9.96 
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Fig. 4.1: Distributions of spectral reflectance and its coefficient of variation (CV) among pressed (left) and ground (right) leaf samples. Black lines 

connect the median (solid), 2.5 and 97.5 percentiles (dashed), and minimum and maximum (dotted) of reflectance at each wavelength. The solid 

red line shows the coefficient of variation among spectra at each wavelength.
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Fig. 4.2: The variable importance of projection (VIP) metric calculated based on pressed-leaf 

models (A) and ground-leaf models (B). Each panel shows fiber-related traits (top) and traits 

related to structure or elemental composition (bottom). 
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Fig. 4.3: Independent validation results for predictions of NDF, ADF, and ADL from pressed-leaf 

(left) and ground-leaf spectra (right). In each panel, a separate regression line is shown for each 

functional group, overlaid on top of the thick dashed 1:1 line. The error bars for each data point 

are 95% confidence intervals calculated from the distribution of predictions based on the model 

coefficients from the 1000 jackknife iterations. 
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Fig. 4.4: Independent validation results for predictions of Cmass, Nmass, SLA, and LDMC from 

pressed-leaf (left) and ground-leaf spectra (right), displayed as in Fig. 4.3. 

 



 

130 
 



 

131 
 

Fig. 4.5: Confusion matrices for partial least-squares discriminant analysis from pressed-leaf (left) and ground-leaf (right) spectra. Numbers on the 

diagonal represent correctly classified species, while off-diagonal numbers represent misclassified species; the row denotes the true species 

identity, while the column denotes the model’s prediction. 
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Appendices 

Appendix S1: Methodological Supplement to Chapter 2 

 

Materials and Methods 

Photosynthetic light-response curve methods 

We measured photosynthetic-light response curves from the four focal species (Acer 

negundo, Betula papyrifera, Quercus ellipsoidalis, and Tilia americana) during July 2018 using 

an LI-6400 gas exchange system (LI-COR BioSciences, Lincoln, NE) with a 6400-40 Leaf 

Chamber Fluorometer head. From each tree (n = 72 total), we selected a fully expanded, sun-

exposed leaf with no visible disease or herbivory. We noted the angle of each leaf relative to 

horizontal to the nearest 15˚ before beginning measurements. Each curve had nine steps in 

descending order of brightness: 2000, 1500, 1000, 500, 200, 100, 50, 20, and 0 µmol m-2 s -1. 

During each curve, we controlled environmental conditions to reduce the immediate 

effects of environmental conditions other than light on stomatal conductance. We kept relative 

humidity at a favorable level, typically between 65 and 75%, and set the block temperature as 

close as possible to 25 ˚C. The reference CO2 concentration remained at 400±10 ppm. We kept 

each leaf in the chamber for at least five minutes before beginning each curve. We checked that 

outputs were stable, and matched IRGAs before each measurement. 

 Since it is hard to control chamber conditions perfectly, any differences that remain 

among treatments could contribute to the variation we observe in photosynthetic function. During 

light-response curves, we found no difference among treatments in leaf-to-air VPD within the 

chamber. There were significant but slight differences in leaf temperature inside the chamber; 

leaves in monoculture, shaded biculture, and twelve-species plots had average temperatures of 

27.7 ˚C, 26.5 ˚C, and 27.0 ˚C, respectively. Previous studies on the temperature response of some 
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of the same species in Minnesota have typically found thermal optima below 26 ˚C (Sendall et al. 

2015). But while cooler leaves may be closer to thermal optima, the small differences we find in 

leaf temperature cannot explain much of the variation in photosynthetic rates. 

In all but five light-response curves, we also used a saturating pulse to measure light-

acclimated chlorophyll fluorescence at each light level. These data allowed us to calculate ϕPSII, a 

measure of the efficiency of Photosystem II (PSII) at each actinic (or photosynthetic) light level, 

as: 

𝜙𝜙𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
𝐹𝐹𝑚𝑚′ − 𝐹𝐹𝑠𝑠
𝐹𝐹𝑚𝑚′

 

where Fs is the steady-state fluorescence yield under actinic light, and Fm’ is the maximum 

fluorescence yield of the actinic light-acclimated sample following a saturating light pulse, which 

temporarily closes all PSII reaction centers. From this parameter, we calculated electron transport 

rate as: 

𝐸𝐸𝐸𝐸𝑃𝑃 = 𝜙𝜙𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 × 𝑃𝑃𝑃𝑃𝐹𝐹𝑃𝑃 × 0.42 × 0.5 

where PPFD is photosynthetic photon flux density (the light level inside the chamber, in µmol m-2 

s -1), 0.42 is an estimate of leaf absorptance, and 0.5 is an estimate of the fraction of photons that 

are captured by PSII rather than PSI. Electron transport rate is a key parameter because electron 

transport is one of the main steps that is capable of limiting photosynthesis (Farquhar et al. 1980), 

especially when light availability or PSII efficiency are low. 

 

Chlorophyll fluorescence procedure 

 As described in the main text, we used dark- and light-acclimated measurements of 

chlorophyll fluorescence to calculate several derived parameters, from which we make inferences 

about photosynthetic and photoprotective function. Most importantly, we wanted to assess: (1) 
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capacity for non-photochemical quenching, as measured through the parameters qN or NPQ; and 

(2) the partitioning of light energy dissipation among pathways, as assessed using the quantum 

yields ϕPSII, ϕNPQ, and ϕNO. 

 These derived chlorophyll fluorescence parameters are calculated from a few basic 

measurements taken during the dark- and light-acclimated measurements, including: Fo, the 

minimum fluorescence yield of a dark-acclimated sample with all PSII reaction centers open; Fo’, 

the minimum fluorescence yield of a light-acclimated sample with all PSII reaction centers open 

(following far-red light exposure); and Fm, the maximum fluorescence yield of a dark-acclimated 

sample following a saturating pulse. Fv, the variable fluorescence yield of a dark-acclimated 

sample, is calculated as Fm – Fo. 

 The parameters qN and NPQ are meant to indicate the rate constant of the thermal 

dissipation of energy from PSII (Bilger and Schreiber 1986; Bilger and Björkman 1990). These 

parameters increase with the use of NPQ to dissipate light—in this case, under exposure to 1000 

µmol m-2 s -1. They are calculated, respectively, as: 

𝑞𝑞𝑞𝑞 = 1 −
𝐹𝐹𝑚𝑚′ − 𝐹𝐹𝑜𝑜′

𝐹𝐹𝑚𝑚 − 𝐹𝐹𝑜𝑜
;𝑞𝑞𝑃𝑃𝑁𝑁 =

𝐹𝐹𝑚𝑚 − 𝐹𝐹𝑚𝑚′

𝐹𝐹𝑚𝑚′
 

In our dataset, qN is highly correlated (R2 = 0.96) with the natural logarithm of NPQ; we chose to 

report qN to easily visualize variation among leaves with low NPQ and to help satisfy the error 

term normality assumption of OLS regression. 

 The quantum yields ϕPSII, ϕNPQ, and ϕNO represent the proportions of absorbed light 

energy that are dissipated through photochemistry, non-photochemical quenching, and non-

regulated dissipation. Since these pathways exhaust the options, their quantum yields sum to 1. 

We calculated them following the “lake model” derivation of Kramer et al. (2004), which treats 

photosynthetic reaction centers as connected by shared antennae. We achieve qualitatively similar 

results using the simpler analogues found in Hendricksen et al. (2005). 
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 The parameter ϕPSII is calculated as shown above (Supplemental Methods, Photosynthetic 

light-response curve procedure). In the derivation from Kramer et al. (2004), ϕNPQ and ϕNO are 

calculated using the parameter qL, an estimate of the fraction of open PSII reaction centers. qL is 

calculated as: 

𝑞𝑞𝐿𝐿 =
𝐹𝐹𝑚𝑚′ − 𝐹𝐹𝑠𝑠
𝐹𝐹𝑚𝑚′ − 𝐹𝐹𝑜𝑜′

𝐹𝐹𝑜𝑜′

𝐹𝐹𝑠𝑠
 

Given this parameter, we can calculate ϕNO as: 

𝜙𝜙𝑁𝑁𝑁𝑁 =
1

𝑞𝑞𝑃𝑃𝑁𝑁 + 1 + 𝑞𝑞𝐿𝐿 �𝐹𝐹𝑚𝑚𝐹𝐹𝑜𝑜
− 1�

 

and given the other two quantum yields, we can calculate ϕNPQ as: 

𝜙𝜙𝑁𝑁𝑃𝑃𝑁𝑁 = 1 −𝜙𝜙𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 − 𝜙𝜙𝑁𝑁𝑁𝑁 

 Many researchers, including Murchie and Lawson (2013) and Tietz et al. (2017) treat 

~0.83 as a theoretical maximum of ϕPSII (or dark-acclimated Fv/Fm) after a period of dark-

acclimation long enough to reduce non-photochemical quenching to zero. Similarly, one may 

treat ~0.83 as a theoretical maximum of ϕPSII + ϕNPQ, deviations from which indicate high ϕNO, 

and thus, a declining ability to regulate energy dissipation. We show this putative maximum in 

our ternary plot of the quantum yields (Fig. S6). 
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Appendix S2: Supplementary Figures 

Fig. S1.1: Pairwise scatterplots of bare ground percentage, mean reflectance, and PRI across plots 

in June (upper right triangle) and August (lower left triangle), with least-squares best fit lines. 
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Fig. S1.2, Seasonal change in (A) ETR and (B) dark-adapted Fv/Fm with LOESS fits (span = 

0.75). Dashed and dotted lines are as in Figs. 1.1 and 1.2. 
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Fig. S1.3: Pairwise correlations between ETR, Fv/Fm, and PRI across families, with least-squares 

best-fit lines. 
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Fig. S1.4: Seasonal change in leaf-level reflectance, with LOESS regression (span=0.75). Dashed 

and dotted lines are as in Fig. 1 and 2. 
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Fig. S2.1: Example images of Tilia americana in shaded biculture (top) and monoculture 

(bottom). Red scale bars represent about 1 m in the foreground. 
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Fig. S2.2, Relative light availability (top) and specific leaf area (SLA; bottom) of each species across treatments. SLA is the reciprocal of leaf 

mass per area (LMA). We show SLA values from all leaves used in photosynthesis and chlorophyll fluorescence measurements. Error bars in left 

panels are ± 1 SE. 
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Fig. S2.3: Growth of woody stem volume in individuals of each species between fall 2017 and 

2018 as a function of the total stem volume of all neighbors. Gray dots represent individuals, 

while colored dots are aggregated to the plot scale and color-coded by treatment. Two OLS 

regression lines are fit for each species: One (blue) to all data, and one (red) excluding trees that 

died between 2017 and 2018. 
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Fig. S2.4: Responses of ETR and stomatal conductance to light availability for the four focal 

broadleaf species. Error bars are ± 1 SE. 
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Fig. S2.5: An estimate of total carbon assimilation across species and treatments throughout the 

month of July, calculated by applying a time series of solar radiation from a nearby weather 

station as inputs to our ambient light-response curves. Error bars are ± 1 SE. 
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Fig. S2.6: A ternary plot depicting variation among species and treatments in ϕPSII, ϕNPQ, and 

ϕNO, as calculated using the lake model derivations of Kramer et al. (2004). These three quantities 

describe light energy dissipation through photochemistry, through non-photochemical quenching, 

and through non-regulated dissipation, respectively. A thick dashed line represents 0.83 the 

theoretical maximum efficiency of PSII posited in Tietz et al. (2017). Deviations to the lower 

right of this line represent increasingly high ϕNO, which can result in photodamage. 
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Fig. S2.7: Water potential before dawn (ΨPD; top) and at midday (ΨMD; bottom) as a function of 

light availability. Data are from monoculture and shaded biculture treatments in all eight species 

(ΨPD) or only the four focal species (ΨMD). Best-fit lines come from species-specific OLS 

regressions. Two outliers in ΨPD are not included. 
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Fig. S3.1: Intact-leaf spectral model performance statistics for each trait based on 1000 jackknife 

resamples from the calibration data set. 
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Fig. S3.2: Ground-leaf spectral model performance statistics for each trait based on 1000 

jackknife resamples from the calibration data set. 
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Fig. S4.1: Pressed-leaf spectral model performance statistics for each trait based on 1000 

jackknife resamples from the calibration data set. 
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Fig. S4.2: Ground-leaf spectral model performance statistics for each trait based on 1000 

jackknife resamples from the calibration data set. 

 


