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Summary

� The leaf economics spectrum (LES) describes a suite of functional traits that consistently

covary at large spatial and taxonomic scales. Despite its importance at these larger scales, few

studies have examined the major drivers of intraspecific variation in the LES – phenotypic plas-
ticity and standing genetic variation.
� Using experimental precipitation manipulations, we examined whether covariation among

leaf economics traits and selection on leaf economics traits and trait combinations change as

diverse genotypes of the widespread perennial grass Panicum virgatum are exposed to differ-

ences in precipitation. We also used RNA-Seq to examine whether groups of co-expressed

genes that align with leaf economics traits function in processes hypothesized to underlie the

LES.
� Water availability impacted leaf economics trait covariation in important ways – covariation

between leaf economics traits and selection on covariation between traits (i.e. correlational

selection) tended to be strongest when water availability was high. Additionally, many genes

associated with leaf economics traits functioned in processes that may explain how the LES

originates, such as chloroplasts, cell walls, and nitrogen metabolism.
� Water availability is likely an important modulator of selection and evolution of the LES in

P. virgatum that can be better understood by examining gene expression.

Introduction

The leaf economics spectrum (LES) is an example of phenotypic
integration, where several functionally related traits covary. It is
highly consistent at large taxonomic and spatial scales (Wright
et al., 2004; Anderegg et al., 2018), but often breaks down at
lower taxonomic levels, such as within genera or species (Edwards
et al., 2014; Martin et al., 2017). Leaf economic trait covariation
within species can be driven by the environment and genetic
architecture and variation (i.e. pleiotropy, linkage, and epistasis)
(Westerband et al., 2021). When leaf economics traits are largely
genetically determined, the LES should be more consistent across
environments, especially in the absence of genotype-by-
environment interactions. When the environment influences leaf
economics traits (i.e. environment or genotype-by-environment

effects), intraspecific trait covariation occurring in one environ-
ment may be unpredictable or entirely absent in another
environment (Schlichting, 1986). Leaf economics trait covaria-
tion may increase if selection favors particular trait combinations
(i.e. correlational selection occurs) or if leaf economics traits are
controlled by the same set of genes and respond similarly to stress
(e.g. pleiotropy or shared genetic networks). Phenotypic integra-
tion can decline if extreme stress reduces developmental stability
(Wang & Zhou, 2022) or if traits differ in their environmental
responsiveness (Gianoli & Palacio-L�opez, 2009; Matesanz
et al., 2021). This may occur when the genetic or molecular bases
of these traits only partially overlap or when selection for traits
independently becomes stronger than selection for traits in com-
bination. An important question, then, is whether covariation
among leaf economics traits changes across environments (Mate-
sanz et al., 2021), and if so, what causes this change.

Two potentially important processes that could explain changes
in leaf economics traits and their covariation are phenotypic plas-
ticity and intraspecific genetic variation (Anderegg et al., 2018;
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Westerband et al., 2021). Phenotypic plasticity, which is the abil-
ity of a single genotype to produce different phenotypes in
response to changing environmental conditions (Schlicht-
ing, 1986), can be active – driven by metabolic or physiological
responses to the environment – or passive – resulting from stress
responses or genetic correlations with other biological processes –
and can increase or decrease fitness (i.e. adaptive vs maladaptive
plasticity; Ghalambor et al., 2007). The strength and speed of
plastic responses can vary among traits (Famiglietti et al., 2024)
and along resource gradients (e.g. nutrients, light, water;
Mooney, 1972, Wright et al., 2004, Keenan & Niinemets, 2016),
which may cause correlations between traits to change or break
down (Pigliucci & Preston, 2004). For instance, photosynthesis
often declines precipitously and reversibly under acute drought,
while foliar nutrient concentration and leaf mass per area (LMA)
may change more gradually and only under extended drought
(Aspinwall et al., 2023; Melton et al., 2023; Famiglietti
et al., 2024). Intraspecific genetic variation is an important driver
of leaf economics strategies that is difficult to isolate from envir-
onmental effects in the natural field environments where the LES
is typically studied (e.g. Wright et al., 2004; P�erez-Harguindeguy
et al., 2013). To partition variation in traits between genetic and
environmental sources, then, diverse genotypes can be grown
across experimental gradients in an environmental variable (e.g.
Aspinwall et al., 2017; Exposito-Alonso et al., 2019).

While both phenotypic plasticity and genetic variation are
potentially important general determinants of leaf economics
strategies, neither phenomenon alone can explain which
lower-level processes underlie leaf economics trait variation, the
subject of several studies (e.g. Shipley et al., 2006; Blonder
et al., 2015; Mason et al., 2016; Onoda et al., 2017). An early
attempt to identify the lower-level physiological and molecular
processes that cause the LES used structural equation modeling
to propose that one or more latent variables (i.e. a theoretical
construct that cannot be directly measured) were necessary to
explain the relationships between leaf economics traits (Shipley
et al., 2006). The authors posited that these latent variables were
likely associated with a trade-off between structural tissue and
carbon fixation or a trade-off between leaf longevity, photosyn-
thetic rate, and construction cost (Shipley et al., 2006). Onoda
et al. (2017) built upon this model using detailed, low-level ana-
tomical and physiological traits to assess two potential trade-offs:
a trade-off in nitrogen (N) allocation between chloroplasts and
nonphotosynthetic components, particularly cell walls, and a
CO2 diffusion trade-off associated with allocation to mesophyll
cell walls vs mesophyll surface area. Another approach with many
advantages to identifying the physiological and molecular func-
tions (i.e. the latent variable) underlying the LES is to examine
the links between transcriptomic responses and the morphologi-
cal and physiological traits that comprise the LES. Transcrip-
tomics requires no prior knowledge of the traits that could
underlie leaf economics trade-offs and is high throughput and
relatively cheap compared with the laborious methods used in
past studies (Blonder et al., 2015; John et al., 2017; Onoda
et al., 2017). These attributes make transcriptomics a promising
approach for assessing the importance of the lower-level

functions previously proposed by Shipley et al. (2006) and
Onoda et al. (2017) to leaf economics strategies and for identify-
ing other potentially important functions that can be tested in
future studies. This can be done by identifying groups of genes
with similar expression patterns across diverse genotypes, differ-
ent environments, or both, and comparing these groups of
co-expressed genes to leaf economics traits (Horvath, 2011).
When a strong relationship between a gene co-expression net-
work and leaf economics traits exists, analyses can assess whether
these co-expressed genes function in particular processes more
frequently than would be expected by chance across the entire
transcriptome (Alexa & Rahnenfuhrer, 2024).

Although transcriptomic responses are more dynamic than the
morphological and physiological traits that comprise the LES
(Volaire, 2018), they can still reveal much about how plasticity and
genetic variation influence leaf morphology and physiology. First,
plants with different leaf economics strategies often construct leaves
that differ in tissue composition (Poorter et al., 2009; Onoda
et al., 2017). Because gene expression can vary among the diverse
cell types that comprise the leaf (e.g. Marand et al., 2021; Xia
et al., 2022), leaves that are constructed in different ways may pos-
sess different transcriptomic profiles. Second, examining transcrip-
tomic profiles across a range of genotypes and environments may
help to distinguish genes that are strongly associated with plant
traits that vary little with the environment from genes specifically
associated with traits in a particular environment (Cruz et al., 2020;
Darwiche & Struhl, 2020) as well as whether the relationship
between gene expression and leaf economics traits strengthens as
leaf economics traits become more integrated.

In this study, we examined phenotypic plasticity and genetic
variation in leaf economics traits in multiple genotypes of the
widespread, phenotypically diverse grass Panicum virgatum L.
(Poaceae). Ecotypes of P. virgatum experience substantially dif-
ferent growing season lengths across their native range in the
eastern and central United States, which may explain differ-
ences in leaf economics strategies among its ecotypes (Cas-
ler, 2012; Lovell et al., 2021; Heckman et al., 2024): The
upland ecotype, which is more common in the northern por-
tion of the range of P. virgatum, often exhibits acquisitive phe-
notypes, while the lowland ecotype, which is more common in
the southern portion of the range, typically exhibits conserva-
tive phenotypes (Aspinwall et al., 2013; Heckman et al., 2020).
Within these plants, we measured three leaf economics traits –
leaf nitrogen concentration (NMASS), LMA, and photosynthetic
rate (AMASS) – and gene expression across an experimental gra-
dient of precipitation to address the following five questions.
(1) How do changes in precipitation impact variation in, and
covariation among, leaf economics traits? (2) Does selection for
leaf economics traits and trait combinations change along a pre-
cipitation gradient? (3) Do patterns of gene expression align
with the acquisitive–conservative leaf economics trade-off? (4)
Does the relationship between gene expression and leaf eco-
nomics traits strengthen in environments with stronger leaf
economics trait covariation? (5) Does the alignment between
gene expression and the leaf economics trade-off give insight
into physiological functions underlying the LES?
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Materials and Methods

Plant system

Panicum virgatum L. is an ecologically and economically impor-
tant perennial C4 grass species possessing high phenotypic varia-
tion in leaf economics traits. Panicum virgatum is common
throughout eastern and central North American grasslands, occu-
pying habitats that vary considerably in season length and mean
annual temperature and precipitation (Lowry et al., 2014). To
occupy these diverse habitats, P. virgatum has diverged into three
ecotypes – upland, coastal, and lowland – with the coastal eco-
type exhibiting characteristics intermediate between the other
two ecotypes (Lovell et al., 2021). The upland ecotype typically
occurs in northern regions with short growing seasons and pos-
sesses an acquisitive strategy; the lowland ecotype occurs in
southern regions with long growing seasons and possesses a con-
servative strategy (Aspinwall et al., 2013; Heckman et al., 2020;
Chen et al., 2021).

Experimental design

We performed this study at the USDA Grassland Soil and Water
Research Lab near Temple, TX, USA. At this site, soils are mod-
erately deep (50–100 cm) and fine-textured (Austin silty clay,
fine silty, carbonatic, and Udorthentic Haplustol); mean annual
precipitation is 910 mm, mean annual minimum air temperature
is 13.0°C, and mean annual maximum air temperature is 25.6°C
(data from NOAA weather station located at 31.078078,
�97.318268; see Aspinwall et al., 2013 for details).

Our study utilized a subset of genotypes and precipitation
treatments within a larger precipitation manipulation experiment
described by Aspinwall et al. (2017). Specifically, we focus on six
P. virgatum genotypes, which originated between 27°N and
40°N, including the genome reference genotype and several gen-
otypes that represent important cultivars (Supporting Informa-
tion Table S1). Panicum virgatum cultivars do not differ
genetically in appreciable ways from natural populations, primar-
ily because they have not undergone substantial selection (Casler
et al., 2015; Lovell et al., 2021). We focused on the tetraploid
(49) subset of genotypes planted in this experiment rather than
pooling tetraploid and octoploid (89) genotypes to facilitate
gene expression analysis, which resulted in an unbalanced distri-
bution of genotypes across ecotypes – four of the six genotypes
were southern lowlands and only one was a northern upland
(SUM). We sampled single genotypes from diverse populations
to assess how these genotypes respond to precipitation variation
within the limited space available in our experimental facility
(Aspinwall et al., 2017). We acknowledge, however, that this
choice limits our ability to predict responses to precipitation
extremes across the phenotypic and genetic diversity that exists
within this widespread species.

Before planting in our experimental facility, each genotype was
clonally propagated by first dividing, then multiplying, rhizomes
from a single genet collected at each location (i.e. plants from
each genotype are genetically identical). Individual plants were

initially grown outdoors in separate 3.79-l pots and then trans-
planted directly into the soil in plots in March 2011. Plants were
arranged in plots on 1-m centers in duplicate, such that indivi-
duals of the same genotype never abutted one another. During
establishment in 2011, plants were well-watered.

This experimental facility included 24 5-m 9 5-m plots
arranged in four spatial blocks, of which 12 plots were used in
the current study. Within each block, plots were 0.25 m apart;
blocks were 2.76 m apart. We surrounded each plot with pond
liner (1.84 mm thick; Firestone Specialty Products, Indianapolis,
IN, USA) that extended 10 cm above the soil surface to limit
overland flow of water into and out of plots and 120 cm below
the soil surface to limit the movement of subsurface water and
roots between plots. The experiment was covered by open-sided
18.3-m 9 73.0-m rainout shelters with 2.1-m-high walls and
4.2-m-high leaves on each end (Windjammer Cold Frame; Inter-
national Greenhouse Co., Danville, IL, USA), which maximized
air movement and heat dissipation (Aspinwall et al., 2013). The
shelters excluded precipitation year-round with a clear 150-lm
polyethylene greenhouse film, which transmits c. 90% of photo-
synthetically active radiation (PAR; Aspinwall et al., 2013). We
applied precipitation treatments using programmable 90° sprink-
lers placed in each corner of the plot (LEIT XRC Series Ambient
Powered Irrigation Controller; DIG Corp., Vista, CA, USA;
Hunter HP2000; Hunter Industries Inc., San Marcos,
CA, USA).

We assigned each of our 12 plots to one of three precipitation
treatments – low (severe drought, 530 mm annual precipitation),
mean (average precipitation, 978 mm annual precipitation), and
high (extremely wet conditions, 1541 mm annual precipitation),
which began in March 2012 and continued through the end of
2012. These treatments were applied to approximate the season-
ality, size distribution, and spacing of rainfall events typical of the
desired conditions at this site using a stochastic weather generator
that was calibrated to the 102-yr site-level precipitation record
(data spanning 1900–2002 downloaded from a NOAA weather
station located at 31.078078, �97.318268; LARS-WG 5.5;
Semenov et al., 1998, Aspinwall et al., 2017). Varying the season-
ality, size distribution, and spacing of rainfall events more accu-
rately mimics the historical differences between years typical of
each precipitation treatment at this site than would simply alter-
ing the total amount of experimental rainfall applied to each
treatment. In general, the high treatment received larger and
more frequent precipitation applications than the low and mean
treatments; all treatments were relatively dry during summer.

In total, this study began with 144 plants (3 precipitation
treatments 9 4 spatial blocks 9 6 genotypes 9 2 replicates), but
mortality reduced the final sample size to 137 plants.

Phenotypic responses

To examine variation in leaf economics strategies, we measured
three commonly studied leaf economics traits – mass-based car-
bon assimilation (AMASS), mass-based leaf nitrogen concentration
(NMASS), and LMA. We sampled these 1-yr-old plants over 2 d
in mid-June 2012 when plants were actively growing. Two blocks
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were measured each day, and the sequence of measurements on
each day was randomized across treatments, genotypes, and repli-
cates. To quantify leaf net CO2 assimilation (ACO2, lmol
m�2 s�1) on each plant, we measured leaf-level gas exchange on
two fully expanded, mature upper-canopy leaves from separate
tillers using a portable photosynthesis system (LI-6400; Li-Cor,
Lincoln, NE, USA). All measurements occurred between
11:00 h and 14:00 h. For all measurements, ambient midday
photosynthetic photon flux density was c. 1500 lmol m�2 s�1

and PAR within the cuvette was maintained at 1500 lmol m�2

s�1. Chamber supply [CO2] was controlled at 400 lmol mol�1,
resulting in cuvette [CO2] of 389.0 � 7.0 (mean � SD). The
cuvette block temperature was set at the forecasted ambient air
temperature, Ta (32°C). Water vapor content of incoming
air was controlled (29 � 3 mmol H2O mol�1), such that refer-
ence relative humidity was consistent across measurements. After
gas exchange measurements, single-sided leaf area (cm2) of one
sampled leaf was measured using a portable leaf area meter (LI-
3000A; Li-Cor). The leaf was then dried to a constant mass at
65°C, and LMA (g m�2) was calculated as dry leaf mass divided
by leaf area. The dried leaves were ground into a fine powder
using a ball mill (SPEX 8000D Mixer/Mill; SPEX SamplePrep,
Metuchen, NJ, USA), and NMASS (% N) was measured using a
combustion elemental analyzer (Flash 2000; Thermo Scientific,
Waltham, MA, USA). AMASS was calculated as LMA/ACO2.
While no single leaf can adequately characterize the traits of an
entire plant, we focused on sampling a small number of leaves at
a similar developmental stage and canopy position to ensure that
comparisons are standardized and valid, as is common in leaf eco-
nomics trait sampling (e.g. Wright et al., 2004; P�erez-
Harguindeguy et al., 2013). At the end of the growing season
(November 2012), we measured aboveground plant biomass by
clipping at 10 cm above the soil surface and then weighed the
biomass after drying at 65°C for at least 48 h in forage drying
ovens (kg per plant).

Tissue collection and library preparation

To examine the relationship between leaf economics traits and
gene expression, we collected tissue for RNA sequencing (RNA-
Seq) from two representative, fully expanded upper-canopy leaves
at the same time as photosynthesis measurements (see Lovell
et al., 2016 for details). Then, we cut 2-cm sections from the
proximal portion of both leaves, removed their midribs, placed
the leaf sections into a 2-ml Eppendorf tube, and flash-froze them
in liquid nitrogen. Samples were transported to the laboratory
on dry ice. The samples were then homogenized (SPEX
Geno/Grinder 2000; SPEX SamplePrep) after adding three stain-
less steel beads to the tubes. RNA was extracted with the standard
TRIzol protocol and treated with DNase I to remove contami-
nating genomic DNA (Meyer et al., 2011). Finally, we prepared
RNA-Seq library samples using a modified version of the 30

Tag-Seq protocol (Meyer et al., 2011). To do this, we amplified
purified RNA and individually barcoded samples before sequen-
cing on the Illumina HiSeq platform (Genomic Sequencing and
Analysis Facility, University of Texas at Austin, Austin, TX,

USA) with a goal of obtaining 5 million reads per sample (Lovell
et al., 2016). The 30 Tag-Seq protocol selects molecules using a
poly-A capture and employs a known inline adapter on the 50

end of the molecule (Meyer et al., 2011; Lohman et al., 2016).

Bioinformatic analysis of RNA-Seq data

We received sequencing samples demultiplexed on a per-run
basis and processed each fastq file individually. To generate the
count matrix from the raw sequence data, we first checked
the quality of raw sequence reads (FASTQC; Andrews, 2010) and
then filtered raw sequences by removing a poly-A tail of 15-mer
length and known adapter sequence (cutadapt; Martin, 2011).
Next, we removed trimmed sequences shorter than 70 base pairs
and mapped the remaining sequences against the P. virgatum
v.5.0 reference (Lovell et al., 2021) using BWA-mem with
default parameters (Li, 2013). Only uniquely mapped reads
(--primary) based on the P. virgatum v.5.1 annotation file (avail-
able at https://phytozome-next.jgi.doe.gov/info/Pvirgatum_v5_
1) were used to quantify the RNA-Seq counts (FEATURECOUNTS;
Liao et al., 2013).

Data analysis

To answer the first question – how do changes in precipitation
impact variation in, and covariation among, leaf economics
traits – we took three approaches. First, we quantified
genotype-specific variation in leaf economics traits in response to
precipitation by fitting linear mixed models with one of the three
leaf economics traits (i.e. LMA, NMASS, or AMASS) as the response
and genotype, precipitation, and genotype-by-precipitation as
fixed effect predictors and whole plot nested within spatial block
as a random effect; this model also estimated variances for each
combination of genotype and precipitation treatment separately
(lme() function in package NLME; Pinheiro et al., 2023). Second,
we evaluated the degree of covariation in leaf economics traits
and whether covariation differed among genotype or precipita-
tion treatment by fitting linear mixed models in which one of the
three leaf economics traits was the response and another was a
fixed effect predictor that was allowed to interact with genotype
and precipitation treatment (i.e. trait1 ~ trait2 9 genotype 9 pre-
cipitation); this model also included a nested random effect of
whole plot within spatial block (lme() function in package NLME).
We then performed post hoc tests to estimate the slope of the
trait1 ~ trait2 relationship at different levels of precipitation and
genotype and to determine whether these slopes differed between
levels of precipitation and/or genotype (emtrends() and test()
functions in package EMMEANS; Lenth, 2018). Third, we evalu-
ated the degree of integration among these three leaf economics
traits using the phenotypic integration index (PINT), which
quantifies phenotypic integration as the variance of the eigenva-
lues of the correlation matrix among traits (PHENIX package;
Wagner, 1984, Torices & Mu~noz-Pajares, 2015).

To assess the second question – does selection for leaf econom-
ics traits change along a precipitation gradient – we performed
phenotypic selection analyses (Lande & Arnold, 1983;
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Stinchcombe et al., 2008). We used aboveground biomass as a fi-
tness/performance proxy, which we first mean-standardized sepa-
rately by precipitation treatment by dividing each plant’s
aboveground biomass by treatment-level mean aboveground bio-
mass. As is standard in phenotypic selection analyses, this resulted
in a relativized fitness proxy for each treatment where average
fitness = 1; above-average fitness > 1; and below-average fitness
< 1. To assess the linear and nonlinear effects of leaf economics
traits on aboveground biomass, we also mean-centered and
variance-standardized (mean = 0, SD = 1) leaf economics traits
separately by precipitation treatment. We fit two sets of models –
selection differentials, where each leaf economics trait was mod-
eled separately to detect both direct and indirect selection on each
trait, and selection gradients, where all three leaf economics traits
were modeled together to detect only direct selection on each
trait – to examine how these standardized traits impacted
mean-standardized biomass (terHorst et al., 2015). As is custom-
ary, we fit both selection differential and selection gradient mod-
els in two parts (lmer() function in package LME4). We first
assessed linear directional selection by fitting a model that only
included the main effects of leaf economics traits and their inter-
actions with precipitation. Then, we assessed nonlinear stabiliz-
ing or disruptive selection (both selection differentials and
selection gradients) and nonlinear correlational selection (selec-
tion gradients only) by fitting a second set of models that
included main effects, quadratic effects, all two-way interactions
between NMASS, LMA, and AMASS, and interactions between all
leaf economics predictors and precipitation treatment. Each
model also included a nested random effect of whole plot within
spatial block and a random slopes and intercepts effect of precipi-
tation treatment and genotype. To evaluate selection separately
in each precipitation treatment, we performed post hoc tests on
these phenotypic selection models as well as whether selection
differed among precipitation treatments (using the emtrends(),
test(), and joint_tests() functions in EMMEANS). We then calcu-
lated bootstrapped confidence intervals (CI) on selection differ-
entials and selection gradients (bootstraps() function with 1000
iterations in package RSAMPLE; Frick et al., 2024). When there
was a significant quadratic effect in selection differential models,
we determined whether the quadratic effect represented a hump
(i.e. stabilizing selection) or a nonlinear increase or decrease (i.e.
directional selection; Mitchell-Olds & Shaw, 1987) by testing
the null hypothesis that the hump of the quadratic relationship is
at the minimum or maximum value (MOStest() function in
package VEGAN; Oksanen et al., 2022).

To examine the third, fourth, and fifth questions – which
molecular functions underlie correlations between gene expres-
sion and leaf economics traits across precipitation treatments –
we used gene co-expression network analysis. Before analyzing
transcriptomic data, we removed all transcripts with fewer than
five counts per individual plant, which left 22 329 of c. 65 000
P. virgatum v.5.0 gene models. To account for variation in
sequencing depth, we normalized all gene expression counts
(DESEQ2 package; Love et al., 2014). Specifically, we created a
design matrix with interactive effects of precipitation treatment
and genotype (DESeqDataSetFromMatrix() function), then

normalized the counts (estimateSizeFactors() function with the
ratio method, followed by the counts() function with option
‘normalize = T’) and log2-transformed them.

Next, we evaluated the relationship between the LES and
the transcriptome using weighted gene co-expression network
analysis (WGCNA), an approach that identifies clusters of genes
with highly correlated expression profiles, which can then be
associated with phenotypic traits of interest (WGCNA package;
Langfelder & Horvath, 2008, 2012). We set minModuleSize
to 100 and merge cutHeight to 0. The soft thresholding
power, which was determined by scale-free topology model fit
(R2 cutoff = 0.8), differed between analyses (16 for high +
low precipitation; 12 for high precipitation only; and 17 for
low precipitation only). The WGCNA identified 23 distinct gene
expression modules across high + low precipitation, 23 for
high precipitation only, and 14 for low precipitation only. We
calculated Pearson correlations between gene expression mod-
ules and leaf economics traits, leaf economics trait combina-
tions (the product of the standardized values for each pair of
traits), and LES factor 1 – the scores generated from explora-
tory factor analysis on these three traits (fa() function in pack-
age PSYCH; Revelle, 2024). When Pearson correlations were
significant, we examined whether expression modules were
enriched in particular functions using Gene Ontology (GO)
enrichment analysis (TOPGO package; Alexa & Rahnen-
fuhrer, 2024). The GO enrichment analysis assesses whether
genes with particular functions (GO terms) are present within
an expression module more often than expected based on the
frequency of these GO terms throughout the analyzed tran-
scriptome (i.e. all transcripts that met filtering criteria and had
an assigned GO term). Specifically, we performed Fisher’s
exact test on GO terms containing at least 50 annotated genes
using topGO’s ‘weight01’ algorithm (Alexa & Rahnen-
fuhrer, 2024).

Results

How do changes in precipitation impact variation in, and
covariation among, leaf economics traits?

The main sources of variation differed among leaf economics
traits (Table S2; Fig. 1). Genotypes had different LMA responses
to precipitation – three genotypes (AP13, KAN, and K9S)
exhibited large reductions in LMA as precipitation increased,
while the other three genotypes exhibited relative stability in
LMA (P < 0.001; Table S2; Fig. 1a). Genotypes differed signifi-
cantly from one another in NMASS (P < 0.001), but there was no
precipitation (P = 0.236) or genotype-by-precipitation effect
(P = 0.892; Table S2; Fig. 1a). AMASS was highly responsive to
precipitation (P = 0.006) – increasing approximately threefold,
on average, between the low and high precipitation treatments –
but exhibited no genotype (P = 0.186) or genotype-by-
precipitation effects (P = 0.340; Table S2; Fig. 1a).

Across all genotypes and treatments, these three leaf economics
traits generally covaried as predicted by previous leaf
economics studies (Table S3). However, the degree of covariation
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between traits was often weak at low and mean precipitation
relative to high precipitation. Specifically, AMASS and NMASS cov-
aried positively within the mean and high precipitation treat-
ments (P = 0.007 and P = 0.021, respectively), but did not
covary in the low precipitation treatment (P = 0.861; Table S4;
Fig. 2a). AMASS and LMA only negatively covaried at high preci-
pitation (P = 0.044), but not at low or mean precipitation
(P = 0.328 and P = 0.142, respectively; Table S4; Fig. 2a).
NMASS and LMA positively covaried in all three precipitation
treatments (low, P = 0.066; mean, P = 0.005; high, P = 0.019;
Table S4; Fig. 2a).

Like these bivariate relationships, overall phenotypic integra-
tion was highest at high precipitation (PINT = 0.408, 95%
CI = 0.165, 0.712; Fig. 2b). However, phenotypic integration
was intermediate at low precipitation (PINT = 0.289, 95%
CI = 0.142, 0.568; Fig. 2b) and lowest at mean precipitation
(PINT = 0.178, 95% CI = 0.066, 0.414; Fig. 2b). Together,
these results suggest that leaf economics covariation breaks down
largely, but not solely, due to the sensitivity of AMASS to water
availability.

Does selection for leaf economics traits or trait
combinations change along a precipitation gradient?

We found support for the prediction that selection for leaf eco-
nomics traits changes along a precipitation gradient (Tables S5–
S7; selection differential coefficient estimates and bootstrapped
CIs in Table S7). When fitting univariate selection differential
models to estimate total selection on individual traits, we found
directional selection on NMASS at both low and high precipitation

(P = 0.001 and P = 0.019, respectively; Table S7) and marginal
directional selection on AMASS at low precipitation (P = 0.087).
There were also significant quadratic effects of LMA on biomass
at low precipitation (P = 0.038; Table S7) and AMASS on bio-
mass at high precipitation (P = 0.076; Table S7), indicating that
these relationships between LES traits and biomass were non-
linear. However, we found no evidence that the humps of these
relationships occurred at an intermediate value (P = 0.17 and
P = 0.49, respectively), supporting directional selection on both
traits.

We fit multivariate selection gradient models to test for direct
selection on each leaf economics trait. Here, we found that direc-
tional selection on individual leaf economics traits occurred at
low precipitation, while correlational selection for combinations
of leaf economics traits occurred at high precipitation (Tables S8–
S10; selection gradient coefficient estimates and bootstrapped
CIs in Table S10). At low precipitation, significant linear selec-
tion gradients were common (Fig. S1). Specifically, there was a
significant interaction between precipitation treatment and
AMASS (P = 0.023; Table S9): biomass and AMASS were positively
associated at low precipitation, but not at high precipitation
(P = 0.005 and P = 0.858, respectively; Table S10). Similarly,
there was a marginally significant interaction between precipita-
tion and NMASS (P = 0.076; Table S9): biomass and NMASS were
negatively associated at low precipitation but not at high precipi-
tation (P < 0.001 and P = 0.124, respectively; Table S10).
Finally, there was a marginally significant positive relationship
between LMA and biomass across both treatments (P = 0.079;
Table S9), but not within either the low or high precipitation
treatments (P = 0.122 and P = 0.224, respectively; Table S10).
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In addition to directional selection, there were also significant
nonlinear selection gradients. Most notably, the interactive effect
of NMASS and LMA on biomass changed marginally with precipi-
tation treatment (P = 0.079; Table S9). At high precipitation,
but not at low precipitation, LMA and NMASS interacted to

influence biomass (P = 0.024 and P = 0.620, respectively;
Table S10): Plants with high LMA and low NMASS or low LMA
and high NMASS performed better than plants with high
LMA and high NMASS or low LMA and low NMASS (Fig. 3).
While the sample size for these analyses was lower than
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recommended for detecting selection gradients (Kingsolver
et al., 2012), bootstrapped CIs on selection gradient estimates
support these significant results (Table S10).

Do patterns of gene expression align with the
acquisitive – conservative leaf economics trade-off?
Does the relationship between gene expression and leaf
economics traits strengthen in environments with stronger
leaf economics trait covariation?

Correlations between gene expression modules and leaf econom-
ics traits varied considerably among precipitation treatments.
When the high and low precipitation treatments were combined,
LMA 9 NMASS was significantly correlated with three gene
expression modules and marginally correlated with two addi-
tional modules; LMA and NMASS were each individually corre-
lated with five modules (Fig. S2). This is consistent with evidence
that the bivariate relationship between LMA and NMASS was
strong across precipitation treatments. Moreover, AMASS was cor-
related with three modules and LMA 9 AMASS was correlated
with two modules (Fig. 4). Under high precipitation, LMA was
significantly correlated with 4/23 modules (c. 17%), while
NMASS, LMA 9 NMASS, and LES factor 1 were each significantly
correlated with two modules, and AMASS and LMA 9 AMASS

were each correlated with one module (Fig. S3). At low precipita-
tion, 29% of expression modules (4/14) exhibited significant cor-
relations with NMASS, two modules were significantly correlated
with AMASS and LMA 9 NMASS, and only one module was sig-
nificantly correlated with LES factor 1. None of the other traits
or trait combinations were significantly correlated with > 1 mod-
ule (LMA and LMA 9 AMASS = 1/14 modules; Fig. S4). Thus,
while covariation between leaf economics traits was highest at
high precipitation, links between leaf economics traits and gene
expression were similar between low and high precipitation.

Does the alignment between gene expression and the leaf
economics trade-off give insight into the physiological
functions underlying the LES?

In aggregate, LES factor 1 – which explained 46% of the variation
in these three leaf economics traits in exploratory factor analysis
across the high and low precipitation treatments – was correlated
with four gene expression modules (Fig. 4). In total, these four
modules were enriched in over 100 GO terms. Here, we highlight
GO terms that describe functions hypothesized by Shipley
et al. (2006) to underlie the LES (Table S11). Specifically, photo-
synthetic functions were represented by at least 18 GO terms in
three modules, including chloroplast organization and photosyn-
thetic electron transport chain in the darkgreen module
(GO:0009658; P = 0.015; GO:0009767; P = 0.010, respec-
tively); Chl biosynthetic processes and chloroplast inner mem-
brane in the paleturquoise module (GO:0015995, P = 0.043;
GO:0009706, P = 0.043, respectively); and cellular response to
light stimulus and response to blue light in the royalblue module
(GO:0071482, P = 0.044; GO:0009637, P < 0.001, respec-
tively). Additionally, cell wall functions were represented by at
least seven GO terms in three modules, including plant-type cell
wall and regulation of cellular macromolecule biosynthetic pro-
cesses in the paleturquoise module (GO:0009505, P = 0.023;
GO:2000112, P = 0.037, respectively); cell wall and hydrolase
activity, hydrolyzing O-glycosyl compounds in the royalblue mod-
ule (GO:0005618, P = 0.012; GO:0004553, P = 0.003, respec-
tively); and glycosyltransferase activity in the saddlebrown module
(GO:0016757, P = 0.031). Finally, nitrogen metabolism was
represented by at least four GO terms in two modules, including
response to organonitrogen compound, amine metabolic process,
and proteolysis involved in the protein catabolic process in the
saddlebrown module (GO:0010243, P = 0.020; GO:0009308,
P = 0.021; GO:0051603, P = 0.024) and response to nitrogen
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compound in the darkgreen module (GO:1901698, P < 0.001).
Aside from these key leaf economics functions, another large class
of GO terms significantly associated with LES factor 1 was related
to biotic and abiotic stress, including response to virus and jasmo-
nic acid-mediated signaling pathway in the royalblue module
(GO:0009615, P = 0.014; GO:0009867, P = 0.049) and absci-
sic acid-activated signaling pathway and positive regulation of
defense response in the saddlebrown module (GO:0009738,
P = 0.030; GO:0031349, P = 0.015).

Discussion

The LES is observed across communities and biogeographic loca-
tions at a variety of scales, but often breaks down within species
and across resource gradients (Wright et al., 2004; Edwards
et al., 2014; Martin et al., 2017; Anderegg et al., 2018). We
found that precipitation treatment (i.e. water-availability-related
phenotypic plasticity), genotype (i.e. standing genetic variation),
and precipitation-by-genotype were significant predictors of dif-
ferent leaf economics traits, highlighting the importance of these
sources of variation in understanding leaf economics strategies in
P. virgatum. At high precipitation, bivariate relationships
between LMA, NMASS, and AMASS were most consistent with
LES predictions, and integration among these three traits was
highest. At lower precipitation, these bivariate relationships and
multivariate integration weakened primarily, although not exclu-
sively, because AMASS was more sensitive to changes in precipita-
tion than LMA and NMASS. Similarly, correlational selection for
leaf economics covariation was strongest at high precipitation
when LMA–NMASS combinations were significantly associated
with plant performance. Together, these results are consistent
with the idea that phenotypic integration declines with decreasing
water availability (Gianoli & Palacio-L�opez, 2009; Matesanz
et al., 2021). Finally, transcriptomic results provide support for
the functional identity of a previously hypothesized latent vari-
able underlying the LES. Specifically, genes associated with leaf
economics strategies functioned in chloroplasts and photosynth-
esis, cell walls, and nitrogen metabolism.

Changes in precipitation impact leaf economics traits
differently

Despite the importance of intraspecific trait variation, its two
major sources – phenotypic plasticity and genetic variation – have
been challenging to disentangle (Westerband et al., 2021). Here,
both phenotypic plasticity (precipitation treatment effect) and
standing genetic variation (genotype effect and genotype-by-
precipitation effects) were important contributors to leaf eco-
nomics trait expression. Moreover, the contributions of plasticity
and genetic variation differed among traits – the highly dynamic
trait, AMASS, was more plastic than LMA and NMASS, which typi-
cally reflect conditions over several weeks to months. This differ-
ence in plasticity was particularly apparent in bivariate analyses,
where the LMA–NMASS relationship changed less across the pre-
cipitation gradient than the relationships between AMASS and
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these other two traits. One possible explanation for the changes
in leaf economics relationships is a change in resource limitation:
at higher precipitation, NMASS and AMASS become more coupled,
which is consistent with a shift from water- to nitrogen-limited
growth (Hooper & Johnson, 1999).

Correlational selection supports the evolution of the LES at
high precipitation

Because plants are often functionally integrated, selection on
combinations of traits – correlational selection – is likely to be an
important evolutionary process, but correlational selection has
been studied considerably less than other forms of selection
(Svensson, 2023). In fact, the most extensive survey of studies of
selection on the LES found little evidence for correlational selec-
tion (Donovan et al., 2011). Here, we found evidence for correla-
tional selection on the LES: concordant LMA – NMASS

combinations – a conservative strategy of high LMA and low
NMASS or an acquisitive strategy of low LMA and high NMASS –
were more advantageous at high precipitation than discordant
LMA – NMASS combinations that do not correspond to either
LES strategy. This may occur because the advantage of low
NMASS – low resource requirements to maintain metabolic func-
tion – is most beneficial when leaves are sufficiently strong (i.e.
high LMA) to live long enough to recoup the carbon costs of
their construction (Wright et al., 2004). Thus, our results are
consistent with the idea that phenotypic integration is strongest
in high-resource environments because selection favors particular
trait combinations. In the low precipitation treatment, phenoty-
pic integration appears to have broken down – directional selec-
tion favored high AMASS and low NMASS rather than
combinations of traits. This decline in phenotypic integration at
low precipitation may have occurred because the stress imposed
by this treatment was beyond the adaptive range of many geno-
types (Riley et al., 2023), resulting in high relative performance
among the plants that were best able to continue assimilating car-
bon when water availability was low. Another possibility that we
cannot rule out is that our sample size was too low to detect
weaker, but still biologically meaningful, correlational selection
on LES trait combinations at low precipitation (Kingsolver
et al., 2012). Bootstrapped CIs on selection gradient estimates,
however, support our conclusion that selection favors more inte-
grated phenotypes at high precipitation than at low precipitation.

Gene expression identifies functions underlying the LES

Identifying the genes and gene pathways that impact leaf eco-
nomics traits can contribute substantially to understanding the
evolution of leaf economics strategies. Here, we found that many
genes involved in functions hypothesized to drive leaf economics
strategies were associated with our leaf economics traits, includ-
ing many genes associated with chloroplasts and photosynthesis,
cell walls, and nitrogen metabolism (Shipley et al., 2006; Onoda
et al., 2017). A previous study also found that acquisitive liana
species exhibited gene expression profiles consistent with rapid
growth, high photosynthetic rates, and limited stress responses

(Sezen et al., 2022). This suggests that transcriptomics can contri-
bute substantially to identifying the latent variable or variables
underlying the LES. While not hypothesized by Shipley
et al. (2006) or Onoda et al. (2017), we also detected notable
enrichment in genes associated with biotic stress. This could
occur because the acquisitive–conservative trade-off described by
the LES extends to defense against herbivores and pathogens
(Mason & Donovan, 2015; Welsh et al., 2016; Heckman
et al., 2019). Some evidence supports this in P. virgatum: high-
LMA, southern genotypes tend to have stronger leaves that are
more resistant to insect herbivory and fungal disease than low-
LMA, northern genotypes (VanWallendael et al., 2020; Durant
et al., 2024; Headrick et al., 2024).

Comparing leaf economics traits to transcriptional profiles
across different conditions may help to identify the genes that
consistently underlie the LES (Cruz et al., 2020; Darwiche &
Struhl, 2020). Supporting this, our co-expression network analy-
sis found stronger relationships between gene modules and leaf
economics traits or trait combinations when high and low preci-
pitation treatments were combined than when either treatment
was examined in isolation. These core genes that exhibit strong
relationships with leaf economics traits or trait combinations
across treatments, then, are compelling targets for further study
of leaf economics strategies. Future studies could improve our
understanding of the molecular mechanisms driving the LES by
examining whether these core genes are associated with leaf eco-
nomics traits using genetic mapping approaches, like linkage or
association mapping (Napier et al., 2023). Future studies could
also functionally validate these results through genome editing or
manipulative experiments using mutants for a particular gene
or molecular mechanism. While this is not yet possible in most
wild species, some model organisms like Arabidopsis thaliana
possess mutants for many genes and CRISPR/Cas9 now has
many experimental applications (Scholl et al., 2000; Moradpour
& Abdulah, 2020). Similarly, the genes associated with leaf eco-
nomics traits in a single environment may also be valuable for
future leaf economics research. Future studies could examine
whether these genes have important environment-specific effects
on leaf economics traits or whether we lacked the statistical
power to detect their effect in the other environment.

The links between gene expression and leaf economics traits
that we observed may arise from differences in leaf functional
anatomy between plants with different leaf economics strategies,
such as differences in cell size and tissue composition. For
instance, high photosynthetic rates may be promoted by large
bundle sheath cells, and long leaf lifespans may arise from pro-
portionally large amounts of cell wall (Sage, 2004; Onoda &
Wright, 2018; Watcharamongkol et al., 2018). If these composi-
tional differences are associated with different transcriptional pro-
files across cell types, aggregating these differences across entire
leaf sections could elicit differential gene expression (Marand
et al., 2021; Xia et al., 2022). Thus, even though gene expression
at a single time point may represent different time scales than
some of the leaf economics traits that we measured – AMASS is far
more dynamic than LMA or NMASS, for instance – all three traits
may be linked to gene expression through leaf morphology or
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composition. Future studies could distinguish between variation
in gene expression that is driven by leaf composition and varia-
tion driven by gene expression differences within a given tissue
type (i.e. do plants with an acquisitive strategy have inherently
acquisitive cells?) by using single cell RNA sequencing (scRNA-
Seq) (Wang et al., 2021).

Conclusions

Intraspecific variation in leaf economics traits may be an important
determinant of species responses to environmental variation and
their impacts on ecosystem functioning (Anderegg et al., 2018;
Westerband et al., 2021). Intraspecific variation is also critical to
the evolution of the LES (Donovan et al., 2011; Anderegg
et al., 2018), however, relatively little is known about its origins.
Here, we demonstrate that leaf economics traits and trait combina-
tions exhibit considerable variability in response to changes in pre-
cipitation. Specifically, the selective pressure on different leaf
economics traits changed with precipitation – from directional
selection on individual traits at low precipitation to correlational
selection on combinations of LMA and NMASS at high precipita-
tion. This is particularly important because the LES may evolve dif-
ferently than predicted when different precipitation regimes select
for different combinations of leaf economics traits and plasticity
alters the expression of these traits. Finally, our gene expression
results support the long-standing hypothesis that a latent variable
underlying the LES includes major functions related to chloroplasts
and photosynthesis, cell walls, and nitrogen metabolism, which can
improve our knowledge of LES evolution across broader scales.
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