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Abstract

Functional traits are central to how organisms perform and influence ecosystem function.
Although phylogenetic constraints and environmental conditions are both known to affect trait
distributions, data limitations have resulted in large scale studies modeling traits either as species
weighted averages (ignoring intraspecific variation) or as a function of the environment (ignoring
phylogenetic constraints). As a result, large scale predictions for trait distributions do not include
key drivers, likely resulting in biased predictions, and cannot be used to assess the relative
contributions of inter- and intraspecific variation.

To address these limitations, we developed a joint model integrating phylogenetic and
environmental information to understand and predict the distribution of eight leaf traits across the
eastern United States. This joint model explained 68% of trait variation, outperforming both
species-only and environment-only models, with variance attributable to phylogeny alone (23%),
the environment alone (18%), and their overlapping effects (26%). The importance of
phylogenetic constraints and the environment varied by trait, with some traits associated
predominantly with environmental variation and others with phylogeny.

To make predictions more continuously across the eastern USA we combined this model with
data from the large-scale Forest Inventory and Analysis survey to estimate traits for ~1.2 million
trees. The combined model exhibited significant deviations in predictions from both species-only
and environment-only models with variation in the direction and magnitude of these differences
among ecoregions. These predictions demonstrate the importance of modeling both intra- and
interspecific variation to understand and predict large scale gradients in species and ecosystem
traits.
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Significance Statement

Large scale trait studies typically rely on species level average trait values, but recent research
suggests that intra-species variation plays a key role in the ecology of species across their range
of distribution. We developed a new continental scale approach that integrates inter- and intra-
specific variation on leaf traits by leveraging the interaction between the environment and the
phylogenetic relationships across species. Using this approach to make predictions for over a
million trees covering the Eastern United States shows that combining intra- and inter-species
variation is crucial for capturing patterns at the continental scale. This approach represents a
novel state of the art method with the potential to become the new standard for understanding
traits at large scales.

Introduction

Global change is expected to cause extensive changes in terrestrial ecosystems, driving
unprecedented redistribution of plant species and their associated traits (Pecl et al., 2017, Diaz,
S., and M. Cabido, 2001). Plant functional traits are involved in key ecosystem processes from
local community assembly (McGill et al., 2006, Sterck et al., 2011) to global land-surface
biogeochemical cycles, and these processes are interconnected across scales (Reichstein et al.,
2014, Peaucelle et al., 2019). Biotic interactions, micro-climate, and soil conditions can affect
species co-occurrence and influence local trait distributions (Bruelheide et al., 2018, Simpson et
al., 2016), and variation in climate within species ranges can affect realized niches and drive
plastic trait responses (Chave, 2013). Given their central role across multiple levels of
organization, understanding and predicting how traits vary within and among species across
different scales and environments is essential for monitoring and conserving present and future
ecosystem function (Violle et al., 2014).

Plant traits vary geographically through a combination of interspecific shifts in species
abundances and intraspecific trait variation (Valladares et al., 2014, Miinzbergova et al., 2017).
Fully understanding how traits respond to the environment across wide geographic areas requires
approaches that integrate both of these sources of trait variation. However, this is challenging
because individual level trait data are geographically and taxonomically limited, making it hard for
traditional methods to identify the relative importance of intra- and interspecific trait variation at
broad spatial scales (Henn et al., 2018). In addition, to effectively predict broad-scale geographic
patterns requires the ability to make predictions for species not included in trait datasets but
widely distributed across the continent. Nonetheless, most current approaches to understanding
and predicting large scale trait variation circumvent these limitations by focusing on either
environmental predictors (ignoring species effect on traits) or species-level trait averages
(ignoring the environment).

Environmental models develop empirical relationships between trait values and environmental
variables, either ignoring species identity (e.g., Ordonez et al., 2009) or treating it as a random
effect (e.g., Moles et al. 2014). This approach does not directly model known phylogenetic signals
in traits variation driven by biological, physical, and historical constraints (Wright et al., 2004,
Anderegg et al., 2018), instead assuming that the environmental model implicitly captures
relevant changes in species distribution and abundance. Moreover, because the information
about species identity is missing from predictions, these models cannot be used to explicitly
identify the amount of traits variation uniquely ascribable to inter- intra species (but see Moles et
al. 2014) and potentially yield biased predictions for assemblage level trait values unless the
environmental model fully captures relevant shifts in species abundance.

Due to these limitations, it has been suggested that species-level models are more informative
than modeling the relationship between environment and traits directly (Clark, 2016; Yang et al.,
2018, Swenson et al., 2010, Zhang et al., 2018). Species-level models assume that
environmental drivers affect trait distributions indirectly by shaping community structure and
species abundance and therefore that species distributions are the best predictor of traits and
associated ecosystem function. These approaches estimate large scale trait distributions using
community weighted means based on species-level average trait values (Swenson 2010, Clark
2016, Wieczynski et al., 2019, Swenson 2017, Stahl et al., 2014) or broad plant functional types


https://doi.org/10.1101/2021.04.01.438064
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.04.01.438064; this version posted April 2, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

(Butler et al., 2017). These models can be used to make predictions for traits over large areas by
leveraging large scale forest vegetation surveys (e.g., forest inventories). However, this approach
ignores intraspecific variation, which can be larger than interspecific variation for broadly
distributed species (Niinemets, 2015, Messier et al., 2017).

The above approaches have made important contributions to our understanding of trait variation,
but neither approach explicitly incorporates both key drivers. This limitation potentially results in
biased predictions and prevents assessment of the relative importance of inter- and intraspecific
variation on trait distributions across a continuum of geographical scales. To address this
limitation, we developed a model that combined species phylogenetic information (from the Tree
of Life; Hinchliff et al., 2015) and environmental drivers (climate, elevation, slope and terrain
aspect) with large scale leaf trait data from the National Ecological Observatory Network (NEON)
(National Ecological Observatory Network, 2020). We jointly modeled eight leaf traits: nitrogen
(N%), carbon (C%), chlorophyll A (ChlA%), chlorophyll B (ChlB%), carotenoids (Crt%), leaf mass
per area (LMA, g m), lignin (%) and cellulose (%). We compared this combined model to models
based on only environmental drivers or only species information. We integrated the combined
model with USA Forest Inventory and Analysis (FIA)(USDA Forest Service, 2001, Smith et al.,
2002) and Daymet data (Thornton et al., 2018) to make predictions for ~1.2 million trees across
the eastern USA, compared these predictions to species-only and environment-only approaches
to assess the influence of model differences on large scale prediction, and analyzed the relative
contribution of environmental factors and phylogeny to quantifying leaf trait variation across
ecoregions.

Results and Discussion

Model evaluation. We built the species, environment, and combined models using leaf trait data
from NEON and evaluated their explanatory power using the Bayesian R? of the predicted values
for 88 out-of-sample test trees. For all 8 leaf traits, the combined species and environment model
explained the largest amount of variance in the held-out test data (average R? across the 8 traits
= 0.64), substantially outperforming both the environment-only (average R? = 0.35) and species-
only (average R? = 0.52) models (Figure 1, Figure S.2). The combined model had the highest
performance for predicting LMA (R? = 0.84) and the lowest performance for predicting ChlA (R? =
0.53). Uncertainty in predictions was accurately estimated across all traits, with mean 95%
coverage values ranging from 94.3% to 98.8% (Figure S.3). The importance of different
environmental drivers also varied among traits, supporting an important role of climate in driving
leaf economics in local communities (Ordofiez et al. 2009). Precipitation and temperature were
mainly important for traits involved in photosynthesis (N%, Chlorophyll A, B and Carotenoids),
generally having a positive effect on their concentration (with the exception of Chlorophyll B,
Figure S.4). Net radiation showed a negative effect on N%, while vapor pressure generally had a
negative effect on pigments but positive on traits associated with leaf toughness and durability
(cellulose, lignin and C%). Elevation was the most important topographic predictor and the
strongest environmental driver of LMA patterns (Figure S.4), consistent with previous studies
(Reich & Oleksyn, 2004, Hedin 2004, Poorter et al., 2009, Kitajima et al.,2016). The joint model
structure also captured the strong correlations among LMA and N% widely described by the leaf
economics spectrum (Reich et al, 1997, Wright et al., 2004). A hierarchical clustering of traits
based on model residuals supported two major trait classes (Figure S.5): traits mainly involved in
photosynthesis (Croft et al., 2017) and traits involved in leaf structure.

Role of species and environmental effects in predicting traits. We used variance partitioning
on the out-of-sample test data to explore the relative contributions of inter- and intraspecific trait
variation. Variance uniquely explained by species effects is by definition independent of
environmental effects and thus represents pure interspecific variation. Similarly, variance uniquely
explained by environmental drivers is independent of species effects (i.e., shifts in species
composition) and thus represents intraspecific trait variation. Variance explained by the combined
species-environment model but not uniquely ascribable to either species or environmental effects
may include variation that could be explained by either species or environmental effects alone, as
well as variation that can only be explained by a combined approach. Variance explained by non-
combined approaches (i.e., species-only or environment only models) is difficult to interpret,
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because these approaches ignore the joint variance component, do not allow for variance
partitioning and may therefore overestimate the pure species and pure environmental variance
components. On average, interspecific variation (pure species effect) accounted for 29% of the
total explained trait variation across the 8 traits, intraspecific variation (pure environment effect)
accounted for 12%, and joint species-environment effects accounted for 23%.

The relative importance of inter- and intraspecific effects varied widely among traits. Species
effects explained most of the variation in N% and LMA. For these traits, often used in large scale
species and trait distribution studies, species distributions may contain more information about
traits than direct predictions from the environment, as previously suggested by species- average
models. In contrast, the intraspecific component of the model accounted for as much or more of
the variance than the interspecific one for pigments and also uniquely explained a non-negligible
amount of variance for C% and lignin. Note that our analysis only quantifies intraspecific variation
in upper canopy (sun-lit) leaves across space, and thus does not include intraspecific variation
from sun to shade across canopy light gradients (Osnas et al., 2018, Niinemets et al., 2015).
Furthermore, 62% of species in our analysis were only sampled within a single NEON site, thus
representing only a small fraction of the true environmental range. Thus, our analysis likely
underestimates the true level of intraspecific trait variation.

Model transferability. To determine the appropriateness of using the model to make predictions
outside of NEON sites, we tested the performance of the combined model on novel locations and
novel species using independent data from the Botanical Information and Ecology Network
(BIEN) (Enquist et al., 2009) and a subset of TRY (Kattge et al., 2020) leaf trait datasets. These
datasets include trait data on LMA, N% and C% for 62 species, including 27 species not present
in the training data (Figure S.1, supplement S1). The combined model showed good
transferability to other data sources (mean R? = 0.54, 95% coverage = 91%, Figure S.6). The
inclusion of full phylogenetic relationships in addition to environmental predictors yielded
successful model transfer to species not sampled at NEON sites (mean R? = 0.4, 95% coverage
= 94%, Figure 2). This was possible because phylogenetic relationships allow for borrowing
strength from closely related species sampled across a wider geographic range (Evans et al.,
2016). The model is therefore suitable for large scale application.

Predicting large scale trait variation. To understand large scale variation in traits using our
combined model and to compare it to the species-only and environment-only approaches, we
integrated each of the three models with data on tree species abundance and topographic data
from ~30,000 Forest Inventory and Analysis (FIA) plots (~1.2 million trees) and climate data from
DayMet (Figure 3, S.7, S.8, S.9) to predict leaf traits across the eastern USA. Predictions from
the combined model differed from species- and environment-only models at scales ranging from
ecoregions to the entire eastern USA (Figure 4). These differences were complex, with different
regions exhibiting shifts of different magnitudes and directions from either species- or
environment-only approaches (Figure 4, Figure S.10, Supplement 4). 80% of ecoregion-trait-
model combinations exhibited significant differences in predicted plot level traits between the
combined and species- or environment-only models (p < 0.0001 in paired t-tests). These results
showed that neither predictions from species-only nor environment-only produced traits
distributions statistically overlapping with the combined model, suggesting that both species and
environment contain non-overlapping biological information at large scales. Also, 93% of
ecoregion-trait combinations exhibited different trait distributions predicted by the species-only
and environment-only models (p < 0.0001 in a paired t-test), suggesting that in most cases the
environment and species affects traits distribution in different ways and magnitude. This
demonstrates the importance of a combined modeling approach for prediction as well as
inference.

In addition to improving plot level trait predictions, one of the essential reasons for including both
environmental drivers and species information in large scale trait models is that this combined
approach allows for predictions of intraspecific variation (Figure 5). Species-level models, by
definition, do not account for intraspecific variation; and although environment-only models
include intraspecific variation, they also include trait variation due to shifts in species composition.
This interspecific variation must be separated from intraspecific variation to predict the latter. The
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joint-hierarchical structure of our model makes this possible for hundreds of unique species-trait
combinations. This is important because the predicted degree of intraspecific variation varied
widely in both form and magnitude across species. For example, the magnitude of intraspecific
variation in N% ranged from less than 10% of the total observed N% variation for species with
limited geographic ranges (e.g., Populus heterophylla, Sabal palmetto, and Gleditsia aquatica), to
~17% for conifers with broader geographic ranges (e.g. Pinus palustris, Pinus taeda and Pinus
echinata), to over 60% of the total variation for broadleaf species wide-ranging across the eastern
USA (like Cercis canadensis, Betula lenta, and Carpinus caroliniana).

The response of N% to temperature varied from the globally observed bell-shaped pattern (Reich
& Oleksyn, 2004) to no relationship (only 91 out of 180 species showed meaningful relationships)
and varied in range and magnitude depending on the species (Figure 5a, Figure S.11). While
evaluating the accuracy of large scale predictions of intraspecific variation is challenging due to
data limitations, the combined model produced realistic ranges of intraspecific variation when
compared with available independent data for widely distributed species. Specifically, the
intraspecific variation of N% predicted from the combined model showed ranges similar to those
observed in independent data for three of the most widespread and abundantly sampled species
in the NEON, FIA and TRY datasets (Abies balsamea, Acer rubrum, and Fagus grandifolia). For
these species (Figure 5b-d), the combined model predictions showed N% covering a large range
of values (1.12 N% on average), comparable to the average difference between evergreen
needleleaf and broadleaf deciduous species in eastern USA (1.13 from NEON field data). This
intraspecific variation holds fundamental information about how trees adapt to different
environmental conditions (Albert et al., 2010, Henn et al., 2018) and is not captured by
approaches relying only on species average trait values or only on the environment with no
information about species.

Conclusions and Implications. Both species and environmental effects are fundamental to
understanding the drivers and distribution of plant traits and their response to global change.
Combining species and environmental effects in a single model is challenging due to raw data
limitations. However, as we show here, a combined approach is possible with available large
scale datasets and results in better prediction than models using either species average traits or
the environment in isolation. Our results show that both interspecific variation driven by shifts in
species’ abundances and intraspecific variation related to the environment play key roles in
shaping trait distributions at near-continental scales. The influence of these different components
varies by species, trait, and ecoregion. Capturing this complexity requires models that account for
intra- and interspecific trait variation, as in our combined modeling approach. This advance in
large scale trait modeling was made possible by recent increases in open data on traits,
phylogeny, and forest composition. Our approach overcomes previous data limitations by
integrating these different sources of biological information to create a single integrated model for
making large scale predictions of leaf traits that can be applied to species not included in the
training data. This transferability relies on phylogenetic and environmental signals in the trait data.
The advances in large scale prediction provided by our combined modeling approach should
enable future work aiming to better understand the causes and ecosystem-level consequences of
intra- and interspecific trait variation across space and time.

Materials and Methods

Data. We used provisional data from the National Ecological Observatory Network (NEON), the
Botanical Information and Ecology Network (BIEN) and TRY to link information on leaf traits,
species identity, and approximate locations for individual trees. We used Foliar Physical and
Chemical Properties (DP1.10026.001)( and Vegetation Structure data (DP1.10098.001) from
NEON to build joint trait distribution models with environmental drivers (climate and topography)
alone, phylogenetic drivers (species identity and phylogeny) alone, and both (combined model).
Linking the two different NEON datasets produced individual tree data with stem geolocation and
measures of eight leaf traits (LMA, chlorophyll A and B, carotenoids, lignin, cellulose, C, N) for
542 trees in 21 sites across the USA (Figure S.1). Since foliar trait concentrations can vary
significantly with phenology and position within the canopy (Niinemets et al., 2015), foliar samples
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were collected at the yearly “peak of greenness” season and from the sunlit portion of the canopy.
We tested the generalizability of our approach outside of NEON sites by evaluating it on
independent (out of sample) data available from the Botanical Information and Ecology Network
(BIEN) and the TRY dataset (Kattge et al., 2020, Appendix S1). These two datasets provide
measures for a subset of traits including C, N and LMA for a total of 223 individual trees. We used
data from the Open Tree of Life (Redelings BD, Holder, 2017) to measure phylogenetic distance
between species. Data for environmental drivers included average monthly climate data from
1995 to 2015 (Appendix S1) extracted from Daymet (Thornton et al., 2018) and topographic
variables (i.e. elevation, slope and aspect) reported in the NEON and FIA datasets. For three
common eastern USA tree species (Acer rubrum, Fagus grandifolia, and Abies balsamea), we
used all publicly available leaf N% data from the TRY database (Kattge et al., 2020) to quantify
intraspecific variation in leaf N% across each species’ geographic range within the USA. We
selected these three species for the following reasons: (1) Abies balsamea is the needleleaf
species with the most leaf N% data in TRY for the USA; (2) Fagus grandifolia is the broadleaf
species with the most leaf N% data in TRY for the USA; and (3) Acer rubrum occurs throughout
much of the eastern USA in a wide variety of habitats (e.g., from xeric to mesic; Burns and
Honkala 1990) and has abundant leaf N% data in TRY. We used forest survey data from the
Forest Inventory and Analysis (FIA) database (https://www.fia.fs.fed.us/) to estimate trait
distributions for all individual trees surveyed in the FIA across the eastern USA from 2016 to
2019. We used Lv.3 ecoregions and Lv. 2 ecoprovinces as defined by the Environmental
Protection Agency (McMahon 2001, Omernik et al., 2014) to analyze traits distribution at different
scales.

Overview of Models. Here, we briefly summarize the statistical modeling framework. Additional
details are in Appendix S2. We modeled the joint multivariate distribution of the eight leaf traits
(the response variables) using three different approaches: (1) Environment-only model using
climate and topography as fixed effects; (2) Phylogeny-only model using species as random
effects, with covariances among the random effects structured by the phylogenetic tree for all
woody species detected in the FIA; (3) Combined model including both environmental and
species/phylogenetic effects. In the environment-only and combined models, environmental
effects were fit using a generalized additive modeling approach, which allows for taking into
account non-linear relationships between independent and dependent variable In the species-
only and combined models, phylogenetic relationships across species were modeled by including
species as a random effect and calculating their correlation structure from cross-species
cophenetic distance (Paradis et al., 2019). The distance matrix was used to estimate the
correlation structure across species and genuses, allowing for borrowing strength from widely
sampled species to rare or unsampled taxa (de Villemeruil & Nakagawa, 2014). We used
multivariate normal families, simple splines, and weakly informative priors in all cases (Appendix
S2). To reduce the number of climate predictors and to avoid problems with collinearity, we
calculated a specific PCA for each climate variable (net radiation, precipitation, vapor pressure,
maximum and minimum temperature) using a 30 years’ time series of monthly averages, from
1985 to 2015. We used the first component of each PCA as climate variables in the environment-
only and combined models. To quantify uncertainty in predictions we used the Bayesian R?
(Gelman et al., 2018). We used variance partitioning to quantify the relative effects of
environment and phylogeny on intra- and interspecific trait variation. See additional methods
details in Appendix S1-S3. Code for reproducing analyses is available on Zenodo
(https://zenodo.org/badge/latestdoi/353383665).
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Figure 1. Variance partitioning between pure species, pure environmental (intraspecific
variation), and joint species-environment effects based on the R? for independent validation data.
Pure environmental variation is independent of species variation, and vice versa. Joint variation is
jointly explained by both species and environmental effects and cannot be uniquely ascribed to
either. LMA is leaf dry mass per area, and all other traits are % mass
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Figure 2. Observed vs. predicted values from the combined model for (a) LMA (g m), (b) N%,
and (c) C%, either assuming phylogenetically-structured covariance among species random
effects (azure), or assuming independent species random effects (orange). Ellipses are 95%
confidence ellipses. (d) RMSE (normalized by standard deviation) showing the difference

between accounting for (azure) or ignoring (orange) phylogenetic relationships when predicting
traits from untrained species.
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Figure 3. Trait distributions across the eastern USA for leaf structural (LMA, lignin, cellulose and
%C), macro-nutrient (N%) and pigment (carotenoids, chlorophyll A and B) traits. Values represent
species-abundance-weighted trait averages at each FIA plot (n = 30,331 plots).
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Figure 4. Divergence in N% between the combined model and the species-only (a) and
environment-only (b) models. Dots represent FIA plots where predicted N% was higher in the
combined (blue), environment (orange), or species (green) model, or plots where little to no
divergence (p > 0.0001) was found (white). (c-f) Examples of divergence patterns in four
ecoregions (see the outlined ecoregions in a-b, labeled c-f according to their corresponding
histogram): divergence between the combined model and the environmental model (yellow) or
the species model (green). Vertical black line represents FIA plots where the divergence from the
combined model is 0. (c) combined, species, and environment models capturing similar
information (AN%-~ 0); (d) species and environment models similar to each other but diverging
from the combined model; (e-f) divergence among all three models.
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Figure 5. Intraspecific variation of predicted leaf N% for tree species in eastern USA. (a) Trends
of the median N% prediction vs. maximum temperature for the 91 species showing significant
effect of temperature on N% distribution (the darkness of the curve increases with the strength of
the relationship between N% and temperature). Trends are estimated using GAMs and may be
prone to artifacts at the extremes of their tails. (b-d) Geographic patterns and range of
intraspecific N% for two widespread deciduous broadleaf (Acer rubrum and Fagus grandifolia)
and one widespread needleleaf evergreen (Abies balsamea) tree species. Mean (points) and
99% intraspecific ranges (lines) in b-d are from: TRY data (within the eastern USA), NEON data
(within the eastern USA), the combined model, and random error from the species-only model.
Red crosses represent geolocation of TRY field data.
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