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Summary

� The digitization of vast herbarium collections has made millions of plant specimen images

freely available online, which can now be used to generate phenotypic datasets of unprece-

dented scope. Here, we assess the potential of computer vision tools to automate the extrac-

tion of predicted leaf mass per area (LMApred) from digitized herbarium specimens.
� We use an automated pipeline to extract leaf area and petiole width from 22 680 leaves,

representing a phylogenetic informed sample of 1580 species of woody angiosperms.

LMApred is estimated using a proxy equation that models the scaling relationship between

petiole width and leaf mass. We assess potential sources of error in LMApred estimates and

evaluate whether documented LMA–climate patterns are recovered using this dataset and

phylogenetic comparative methods.
� Our LMApred dataset responds mainly to temperature and solar radiation and presents a

positive correlation with latitude. The proxy equation, not the automated pipeline, is responsi-

ble for most of the error in LMApred estimates.
� Our pipeline underscores the power of combining herbarium digitization with new techni-

ques for automated trait scoring. The increased size of datasets generated using this tool

allows investigation of potential LMA–climate relationships with a geographically balanced

sample while also utilizing comprehensive phylogenetic information.

Introduction

Leaves are the organs responsible for the bulk of photosynthesis
in most plant species, which provide them with the energy used
in all metabolic functions and play a key role in transforming car-
bon from the air into carbon that can enter the energy ladder.
Local temperature, water availability, and environmental stress
can all impact the efficiency of photosynthesis; thus, specific leaf
morphologies are expected to be favored through evolution under
different climatic conditions (e.g. Peppe et al., 2011; Dong
et al., 2020; Li et al., 2020; Baumgartner & Peppe, 2021). Cli-
matic conditions are highly spatially variable and so conse-
quently, are leaf forms. The almost endless variations in leaf
morphologies and the tendency to find similar forms in similar
habitats have not gone unnoticed by botanists, ecologists, and
evolutionary biologists of the past century (e.g. Bailey & Sin-
nott, 1915, 1916; Axelrod, 1966; Mooney & Dunn, 1970; Par-
khurst & Loucks, 1972; Grime, 1977). As a result, there has
been substantial interest in understanding how leaf traits correlate
with their surrounding physical environment, especially in rela-
tion to climate, when analyzing large spatial scales.

This interest has culminated in foundational studies, such as
the description of a leaf economic spectrum that is largely gener-
alizable to woody plants (Reich et al., 1997; Wright et al., 2004).
Leaves of different plant species are positioned along the spec-
trum by how they use key resources, such as water, nutrients, and
carbon, the efficiency of their photosynthesis, and the longevity
of their leaves. Leaf mass per area (LMA), a measurement that
represents how much biomass is contained in a unit of leaf area
(Niinemets, 2001), is the leaf trait that most closely correlates
with variation along the leaf economic spectrum. Leaves on the
‘slow-return’ end of the spectrum have a high LMA and tend to
be more costly to produce, with higher longevity and greater
investment in defense against environmental stressors. This strat-
egy correlates with lower net photosynthetic rate and is more
commonly associated with open areas and limited water
resources. Conversely, leaves on the ‘fast-return’ end of the spec-
trum have a lower LMA and tend to be cheaper to produce, with
shorter leaf lifespans. This strategy correlates with higher net
photosynthetic rate and is typical of not only species that priori-
tize rapid growth, such as deciduous species in temperate forests,
but also those in habitats where competition for light is intense
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and fast growth is essential, such as in tropical rainforests (Reich
et al., 1997, 1998; Wright et al., 2002; Poorter et al., 2009;
Bruelheide et al., 2018; Dong et al., 2020; Li et al., 2020). These
general trends in LMA–climate correlations have been consis-
tently observed across taxa and geographical areas, with dozens of
studies addressing this topic over the last two decades (e.g. Niine-
mets, 2001; Wright et al., 2005; Shipley et al., 2006; Ordoñez
et al., 2009; Poorter et al., 2009; Heberling & Fridley, 2012;
Maire et al., 2015; Neyret et al., 2016; Dong et al., 2020; Joswig
et al., 2022).

Although the relationship between LMA and climate has been
thoroughly explored, two main challenges remain in understand-
ing how climate shapes leaf economic traits over space and time.
First, while the relationship between leaf traits and environmental
variables is consistently recovered, it is often ‘noisy’, with climate
having low predictive power over leaf traits (Anderegg, 2023;
Butrim et al., 2024). This means that while similar leaf forms
tend to be found under similar climatic conditions, co-occurring
species may still show considerable variation in their leaf traits,
indicating that many leaf strategies can succeed within the same
climate. Recent advances in the availability of phylogenetic data
for flowering plants (e.g. Smith & Brown, 2018; Zuntini
et al., 2024) offer new opportunities to test whether accounting
for evolutionary relationships improves the predictive power of
trait–environment analyses (Ackerly & Reich, 1999). However,
fully leveraging recently inferred phylogenies is constrained by
the relatively slower expansion of reliable leaf trait datasets. This
leads to a second challenge: the existing taxonomic and geo-
graphic gap in functional trait knowledge (the ‘Raunkiaer short-
fall’; Hortal et al., 2015), particularly for taxa occurring in
tropical regions (Vasconcelos, 2023). This lack of data may limit
our ability to understand globally generalizable processes and pat-
terns in plant ecology and evolution, as our current understand-
ing might be skewed toward observations in temperate areas
where much of the data come from (Collen et al., 2008; Cornwell
et al., 2019).

It is in this context that digitized herbarium specimens can
have a large impact on advancing research on trait–
environment correlations in plants, especially when combined
with machine learning tools for automated trait scoring. With
the digitization of large herbarium collections, millions of
images of plant specimens are now freely available online,
representing an unprecedented source of phenotypic data
(Heberling, 2022; Davis, 2023). A common challenge in utiliz-
ing this resource is the inconsistency in trait measurements and
the time required to manually complete these measurements.
This process can be prohibitively slow when carried out by
hand, but automated techniques could enable the creation of
phenotypic datasets on a scale never seen before (Weaver
et al., 2020; Weaver & Smith, 2023; Boyko, 2024). These
new datasets built from digitized specimens can help overcome
gaps and reduce taxonomic and geographical biases in previous
trait datasets. This has the potential of substantially increasing
data available for analyzing functional traits in both quality
and quantity – and finally matching trait datasets with the
wealth of phylogenetic data now available.

In this study, we assess the potential of herbarium specimen
images and recent developments in machine learning tools to
assemble large, phylogenetically balanced LMA datasets. LMA, as
the name suggests, is usually measured by dividing leaf mass by
leaf area, with both measurements taken directly from fresh or
dried leaves (Queenborough & Porras, 2014; Heberling, 2022).
Although LMA cannot be directly measured from images of her-
barium specimens, it can be predicted based on the scaling rela-
tionship between petiole width and leaf mass (LMApred, Royer
et al., 2007). We evaluate the utility of LMApred datasets to fill
geographical gaps in leaf trait knowledge and for analyzing global
LMA–climate correlations, while accounting for the common
ancestry between the species. Our specific goals with this investi-
gation were the following: (1) to test the power of machine learn-
ing tools in automated measurements of relatively small plant
structures that can be observed in images of herbarium speci-
mens, that is, petioles, here utilized to estimate a proxy for LMA;
(2) to verify whether a herbarium-based approach of trait scoring
can contribute to closing the biodiversity gap in trait data
reported for tropical regions; (3) to assess whether previously
recognized patterns of LMA–climate relationships are recovered
using a LMApred dataset; and (4) to test whether the weak rela-
tionship between climate and LMA in previous studies may have
resulted from ignoring phylogenetic relationships in statistical
analyses.

Materials and Methods

Phylogenetically informed sample

Our focal sample was restricted to woody nonmonocotyledonous
angiosperms (more commonly referred to as ‘woody dicots’) for
several reasons. First, the method for estimating LMApred from
petiole width for woody dicot angiosperms (Royer et al., 2007;
see details below) has a large and globally distributed calibration
dataset, unlike similar models for herbaceous angiosperms,
broadleaf gymnosperms, and ferns (Royer et al., 2010; Peppe
et al., 2014; see table 13.2 in Peppe et al., 2018, for a comparison
between all these models). In addition, the herbaceous angios-
perm model is restricted to nonsessile leaves with a distinct
petiole, which excludes graminoids and would need to be deter-
mined on a species-by-species basis as many herbaceous angios-
perms lack a distinct petiole. Finally, the machine learning
software used here has not been yet trained to recognize fern or
gymnosperm leaves and does not consistently recognize the
leaves/petioles of herbaceous angiosperms.

To ensure that species means estimates for LMApred were accu-
rate and that we could account for within-species variation in cli-
matic affinities and phenotypes, we also restricted our sample to
species that had at least 10 imaged specimens with valid coordi-
nates online. We also selected species that were included in the
seed plant phylogeny built with molecular data from Smith &
Brown (2018; i.e. GBMB.tre; henceforward the S&B tree),
because our chosen analytical framework requires fully bifurcated
phylogenetic trees, and those relationships are more trustworthy
when molecular data are the basis of the inference.
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To filter a list of only woody dicots, we first gathered all
vascular plant names from Plants of the World Online
(POWO, (2024), which include 351 028 accepted species
(Fig. 1, Step 1). Then, we excluded all the nonangiosperms and
monocots from the list, reducing it from a list of 453 families to
342 represented families and 256 471 accepted species. Next, we
excluded herbaceous species using the life form data also available
through POWO and the categorization of Humphreys
et al. (2019), which simplifies the Raunkiaer categories of
POWO allowing us to filter for species classified under ‘woody
perennial’ only. That further reduced our list of species to
117 193 names (Fig. 1, Step 2). We then used the function
search_specimen_metadata of R package MVH (Vasconcelos &
Boyko, 2025) to filter for taxa with at least 10 herbarium speci-
mens with valid coordinates and images available online, which
reduced the list of species to 42 424 names (Fig. 1, Step 3). Next,
we intersected this list of species with a version of the S&B tree
for which the tips had been taxonomically harmonized to match
with the Global Biodiversity Information Facility (GBIF) back-
bone taxonomy using the R package TAXIZE (Chamberlain &
Szöcs, 2013), resulting in a list of 12 195 species (Fig. 1, Step 4).

From the list of 12 195 species left in Step 4, we wanted to
sample a subset of species that made sure that all areas of the
angiosperm phylogeny were relatively well represented and not
biased toward the most species-rich clades. To that end, we used
the S&B tree to create an inverted variance–covariance matrix
that was then used to calculate normalized phylogenetic sampling
probabilities (i.e. phylogenetic weights) for each of the 12 195
remaining species. Phylogenetic weights were computed follow-
ing Rohlf (2001), where weights are calculated as (IT�C�1)�1
where C�1 is the inverse of phylogenetic variance–covariance, I is
the identity matrix matching the dimensions of C, and 1 is a vec-
tor of ones of length equal to the number of taxa. We then ran-
domly sampled 2000 species from the available taxa, using the
phylogenetic weights as sampling probabilities, that is higher
weights (more evolutionarily unique taxa) are more likely to be
sampled (Fig. 1, Step 5). By picking 2000 species in this step, the
goal was to have at least 1500 species left in the final dataset after
filtering out inaccurate coordinates, images with poor resolution,
and leaves with imprecise segmentation and/or measurement in
the LeafMachine2 pipeline (described below).

Assembly of virtual herbarium

We used the R package MVH (Vasconcelos & Boyko, 2025) to
assemble a virtual herbarium of specimens from our target list of
2000 species. We used the function search_specimen_metadata
to find records for the species in our list, and removed duplicate
records based on their geographic coordinates and records out of
the natural range of the genus according to POWO’s dataset
(POWO, 2024). Low resolution images (< 3 megapixels) can
compromise the accuracy of measurements, and specimens
imaged without rulers cannot be measured with our pipeline, so
images with these characteristics were removed from our final
sample as well. Then, for species with more than five imaged spe-
cimens left in the metadata after these initial steps of filtering, we
set a preference score to favor specimens that came from collec-
tions observed to be imaged with rulers that result in more accu-
rate measurements (e.g. rulers with at least two-unit marker types
like cm and mm, or cm and 1/8 inch; Weaver & Smith, 2023)
and to avoid specimens from collections observed to have low
resolution images online or no ruler on images. Finally, we also
favored collections made in the spring and summer for latitudes
higher than 30° North and South, to avoid collections from
deciduous forests with few or no leaves. We then sampled the five
highest records in the preference score of the metadata to down-
load with the function download_specimen_images, download-
ing a total of 6463 specimens from 136 institutions (GBIF.org,
2025; see Supporting Information Table S1 for list).

Automated measurements of LMApred from herbarium
specimen images

LMApred can be estimated from images of herbarium specimens
using an equation (henceforward ‘proxy equation’) that is often
used by paleobotanists based on the scaling relationship between
petiole width and leaf mass:

log LMAð Þ= a þ b log Petiole Width2=Leaf Area
� �

Eqn 1

where for woody dicots a= 3.07 and b= 0.382, for a predictive
power of R2= 0.55 (Royer et al., 2007; Peppe et al., 2018). This
model is based on the correlation between leaf mass and petiole

Fig. 1 Five steps utilized to choose the sample of species for further measurement and analysis. Step 1: the whole universe of described vascular plants (c.
350 k species) in the Plants of the World Online (POWO, 2024) dataset. Step 2: a subset of species in Step 1 that includes only woody ‘dicots’ (c. 100 k
species). Step 3: a subset of species in Step 2 with at least 10 imaged specimens with valid coordinates available online (c. 42 k species). Step 4: a subset of
species in Step 3 that were sampled in the Smith & Brown (2018) tree inferred from molecular data (c. 12 k species). Step 5: a random, but phylogenetically
informed, subset of 2000 species from those available in Step 4. GBIF, Global Biodiversity Information Facility.
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width – the heavier the leaf, the thicker the petiole must be to
support it.

To automate measurements of leaf area and petiole width, we
analyzed the dataset of 6463 specimen images using the instance
segmentation model LEAFMACHINE2 v.2.3 (hereafter LM2; Weaver
& Smith, 2023), a computer vision tool designed to interpret and
process phenotypic data from images of herbarium specimens. For
each specimen image, LM2 recognizes, masks, and segments indi-
vidual leaves and rulers (Fig. 2a). Rulers are used to calculate a con-
version factor, that is how many pixels correspond to 1 cm in that
image. The area of the leaf is then calculated based on the number
of pixels in the segmented leaf mask (Fig. 2b; green polygon). To
measure petioles, leaves that were not covered (i.e. bounds of the
leaf are unobstructed) or broken were identified. Each of these
leaves was then reoriented with the LM2 landmarking model so
that the base of each leaf could be consistently located (Fig. 2b,c),
and LM2 then identifies the stalk just underneath it as the petiole
(Fig. 2c; blue polygon). It then isolates it (Fig. 2d) and calculates
the width as the number of pixels on the base of the petiole close

to the base of the leaf blade (Fig. 2e), which can then be converted
into centimeters (cm) using the conversion factor of the image. It
is important to note that the number of leaves per specimen sheet
varied widely. For sheets with a single leaf, measurements were
straightforward. However, for sheets with multiple leaves, measure-
ments were taken for all identifiable leaves, although not every spe-
cimen was of sufficient quality to yield reliable data, and those
were discarded at later stages of data processing. Leaflets were trea-
ted as equivalent to simple leaves, and petiolules were treated as
equivalent to petioles for consistency and as supported by the
proxy equation for LMApred above. To minimize potential biases,
leaflets were also excluded from the training dataset of LM2 before
analyses to force the software to identify them as simple leaves
instead of leaflets.

Because petioles are usually tiny structures that are hard to find
and segment, we took additional precautions to ensure that our
measurements were reliable. First, as a ground truth for petiole
width, we made manual measurements of petioles in 1500 (one
to five leaves per sheet) out of the 6463 specimen images in the

Fig. 2 Summarized LeafMachine2 pipeline for measurements of leaf area and petiole width. (a) Identification and masking of leaves and rulers on specimen
image. (b) Leaves are segmented, and the area of the leaf (green polygon) is measured based on a pixel to cm conversion factor. (c) Leaves are reoriented
based on their shape and likely position of petiole (blue polygon). (d) Petiole is then isolated and (e) measured as the number of pixels in the transversal
section of the area close to the base of the leaf (green line). Pixels are then transformed into centimeters based on the same conversion factor as (a).
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dataset using Labelbox (Labelbox, 2024) to facilitate cross-check
with automated measurements. A simple linear regression was
then performed to assess the strength of the correlation between
manual and automated measurements. Second, during initial
testing, we discovered that LM2 was suggesting unrealistically
large values for petiole width due to specimen shadow in images
and certain placement of leaves that compromised measurements
(e.g. too close to the edges of the specimen). This led the software
to capture the width of the stem instead of the petiole in some
instances. After some software adjustment and comparison with
ground truth data, we decided to use only the minimum petiole
width measurement for each specimen to calculate LMApred for
leaves in that specimen, as this was consistently the closest to the
manually measured petioles. We then also removed measure-
ments with a z-score > 3 in the log data per species (all leaves of
all specimens in each species) before species-level analyses.

To quantify how much error comes from the proxy equation
and how much comes from LM2 computer vision measurements
of petiole widths, we implemented a two-step Monte Carlo simu-
lation approach. For each leaf in our dataset, we performed 1000
simulations that incorporate uncertainty from: (1) the computer
vision measurement error of petiole width and (2) the inherent
uncertainty in the proxy equation (Royer et al., 2007). First, we
quantified measurement uncertainty by applying our calibration
model (R2= 0.61; see ‘Summary statistics and computer vision
performance’ in the Results section) that converts computer-
vision measured pixel widths to ground truth widths. For each
simulation, we added random noise based on the residual SE of
this calibration, thereby simulating the measurement error distri-
bution. These simulated widths were then converted from pixels
to metric units using the specimen-specific conversion factors.
Second, we propagated these uncertain petiole width measure-
ments through the proxy equation. To account for the inherent
uncertainty in this relationship (R2= 0.55), we added normally
distributed random errors to each LMApred value. The error var-
iance was calculated as Var(LMApred) × (1–0.55), representing
the unexplained variance in the original regression. This results
in a relationship that is expected to produce an R2 of 0.55.
Finally, for each leaf, we calculated the point estimate of LMApred

alongside 95% confidence intervals derived from the 2.5th and
97.5th percentiles of the simulated distribution.

We then decomposed the relative contributions of different error
sources, proxy equation or LM2 petiole measurements, to the total
uncertainty in our LMApred estimates. We conducted three parallel
simulations for a random subset of 100 specimens: (1) incorporat-
ing uncertainty from both the LM2 petiole measurements and the
proxy equation, (2) incorporating uncertainty only from LM2
petiole measurements, and (3) incorporating uncertainty only from
the proxy equation. For each scenario, we calculated the variance of
the resulting LMApred distributions and determined the proportion
of total variance attributable to each error source.

Environmental data and LMApred mapping

Climate data were extracted by overlaying filtered occurrence
points from the MVH metadata with high resolution RASTER files

from selected environmental variables. Following previous studies
on leaf trait-climate correlations (e.g. Wright et al., 2004, 2017),
we extracted climatic data for mean annual temperature (MAT),
mean annual precipitation (MAP), temperature seasonality, preci-
pitation seasonality, solar radiation, aridity index, and mean
annual wind speed. All variables except the aridity index were
taken from 2.5-min resolution RASTER layers from WorldClim2
(Fick & Hijmans, 2017), whereas the aridity index was taken from
a 30-s resolution RASTER (Trabucco & Zomer, 2018). These vari-
ables were selected because they represent different axes of climatic
variation that may impact leaf morphology, including temperature,
water availability (for precipitation variables and aridity index),
and physical stress (for mean annual wind speed; Vogel, 2009).
Based on preliminary analyses showing a latitudinal gradient in the
mapped LMApred, we also included absolute mean latitude as one
predictor for multiple regressions analyses, based on the coordi-
nates of specimens sampled for each species in the dataset. Extrac-
tion of data per specimen and summarization of climatic means
per species were performed in R using functions of the packages
GEODATA, SP, and RASTER (Hijmans et al., 2015, 2024; Pebesma &
Bivand, 2005). To visualize the geographical distribution of the
sample and distribution of LMApred in space and per main WWF
biome type (Olson et al., 2001), we used the R package SPECIESGEO-

CODER (Töpel et al., 2017) to categorize occurrence points as the
biomes where the specimens were originally collected. For analyses
of distribution patterns in relation to latitude, we binned mean
values of LMApred and specimen count per 1-degree latitude before
plotting. Finally, to assess the potential of our pipeline to fill geo-
graphical and taxonomical gaps in existing open datasets of func-
tional traits, we compare the geographical distribution of the
species in our resulting dataset of LMApred with those currently
available on TRY for the trait 3117, ‘Leaf area per leaf dry mass’
(Kattge et al., 2020).

Phylogenetic comparative methods

To evaluate the influence of climatic variables on LMApred, we con-
ducted phylogenetic generalized least squares regressions using the
R package PHYLOLM (Ho et al., 2016). All analyses were performed
on the log-transformed species-mean LMApred values. The phylo-
geny used for this analysis was a subset of the S&B tree that only
included the sampled species. We then used the function dredge
from the R package MUMIN (Barton & Barton, 2015) to explore
all 128 potential combinations of predictors in the full model.
Model selection was based on AICc values (top models are pre-
sented in Table S3). We standardized climatic variables as z-scores,
but little difference was found between standardized and unstandar-
dized measures of climatic variables so only standardized regressions
are presented here (see Table S4 for regression results with unstan-
dardized variables). Model averaging was applied to top models
within 2 AICc units from the best model to account for model
uncertainty. We also used the function extended.pgls of the R pack-
age GEOMORPH to analyze the impact of infraspecific variation in
univariate regressions between LMApred and each climatic variable.

To evaluate the influence of phylogenetic relationships on
LMApred, we compared the goodness-of-fit of predictive models
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with and without phylogenetic information. Specifically, we
examined two measures of R-squared: R2

resid and R2
lik (Ives

Anthony, 2019). R2
resid provides an absolute measure of fit and

reflects the total variance explained by the model. This includes
all fixed effects and the phylogenetic structure. By contrast, R2

lik

quantifies the incremental improvement in explanatory power
gained by adding phylogenetic structure to the model. We use
the RR2 R-package (Ives & Li, 2018) to examine the different
measures of R2 in addition to running a complete analysis
(including dredge) without phylogenetic information. Finally, we
examine the effect sizes and variable importance across the best
models. We consider the model-averaged coefficients as our effect
sizes. Variable importance is calculated using the importance
function from the MUMIN package and is the sum of Akaike
weights across all models in which a given predictor appeared.

Results

Summary statistics and computer vision performance

Our LM2 pipeline recovered measurements for 70 833 leaf
areas and 38 079 petiole widths. After all filtering steps that

discarded specimens with inaccurate coordinates and leaf areas
with no matching petiole and vice versa, we ended up with
22 549 leaves with trustworthy measurements for both leaf area
and petiole width (Figs 3a,b, S1, S2), covering a total of 5665
specimens, 1670 species, and 245 angiosperm families
(Table S2). To validate our automated approach, we compared
a subset of 1755 petiole width measurements that could be
accurately measured using both automated and manual meth-
ods. This comparison revealed a strong correlation between
methods (linear regression, P< 0.001, R2= 0.61; Fig. 3d),
emphasizing the accuracy of LM2 automated measurements of
petiole width. Leaves where both petiole width and leaf area
measurements were recovered were used to calculate LMApred,
resulting in 22 549 LMA measurements (Figs 3c, S3). Our ana-
lysis of sources of error in the estimates showed that measure-
ment uncertainty from LM2 petiole width contributed 41.78%
of the total variance, while the proxy equation contributed
58.22% of the variance in the final LMApred estimates (boxplot
comparison, Fig. 3e). The 95% confidence intervals were wider
when incorporating both error sources compared with either
source alone, but most of the uncertainty came from the proxy
relationship (Fig. S4).
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Fig. 3 Data distribution for (a) petiole width and (b) leaf area using LM2 in 22 549 leaves where both measurements were recovered (48 outliers omitted in
(a) and 2 outliers omitted in (b)). (c) leaf mass per area (LMA) as calculated from LM2 Petiole Width and LM2 Leaf Area using Eqn 1 (42 outliers omitted).
Outliers in (a–c) were omitted from figures for visualization purposes only. (d) Comparison between manual and LM2 petiole width measurements in 1755
petioles. Warmer colors represent higher values, and colder color lower values. Solid line in (d) highlights a 1 × 1 relationship. Dashed line indicates the
trend line from linear regression in (d) and the median value of the measurements in (a–c). (e) Boxplots comparing the width of 95% confidence intervals
when considering different sources of error for predicted leaf mass per area (LMApred).
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Geographical origin of specimens and spatial distribution of
LMApred

The best represented biomes in the sample are Tropical & Sub-
tropical Moist Broadleaf Forest (3347 specimens, 59% of the
sample), Temperate Broadleaf & Mixed Forest (639, 11%),
Temperate Conifer Forest (383, 6.7%), and Tropical & Subtro-
pical Grasslands, Savannas, and Shrublands (304, 5.3%; Fig. 4).
The geographical origin of the specimens is relatively
well-distributed across the globe, with particularly good coverage
from the tropical Americas, Africa, and Southeast Asia (Fig. 5b).
Among the biomes with 100 or more specimens in the sample,
LMApred tends to be highest in Desert & Xeric Shrublands (med-
ian 205.4 g m�2), Mediterranean Forests, Woodlands & Scrub
(184.8 g m�2), and Tropical & Subtropical Grasslands, Savannas
& Shrublands (168.6 g m�2), and lowest in Temperate Conifer
Forests (146.3 g m�2), Tropical & Subtropical Moist Broadleaf
Forest (146.4 g m�2), and Temperate Broadleaf & Mixed Forests
(149.9 g m�2; Figs 4, S5; Notes S1 for all biomes). When analyz-
ing the distribution of LMApred globally, a positive correlation
between LMApred and latitude is revealed, with lower values of
LMApred tending to be found close to the equator. Larger values
are often found in higher latitudes, although the variance is also
higher in those regions (Fig. 5a).

Evolutionary relationships between LMA and climate

The top model (AICc wt= 0.24) of our multiple regression ana-
lyses included absolute mean latitude, MAT, MAP, temperature

seasonality, and solar radiation as predictors (Tables S3, S4). Our
model-averaged regression found significant effects for MAT
(Estimate=�0.253� 0.047, P< 0.001), solar radiation
(0.148� 0.032, P< 0.001), temperature seasonality
(Estimate=�0.217� 0.051, P< 0.001), and mean absolute
latitude (0.119� 0.053, P< 0.001; Fig. 6a). These three vari-
ables were also the ones with the highest importance value
(Fig. 6b), that is they are recovered as predictors in all models in
the set of best models. MAT and solar radiation presented the lar-
gest effect sizes: the first presenting a negative effect and the sec-
ond two a positive effect on LMApred (Fig. 6a). Interestingly,
when accounting for within-species variance in univariate ana-
lyses, only MAT emerged as significant (Fig. S6). Overall, these
results suggest that temperature variables are stronger predictors
of LMApred than precipitation variables at a global scale.

Model fit and the effect of incorporating phylogenetic
information

For the phylogenetic regression model, the R2
resid was 0.293. This

means that c. 29.3% of the variance in LMApred was explained by
climatic variables when phylogenetic relationships were
accounted for. Furthermore, the R2

lik for this model was 0.186.
This suggests a significant contribution of phylogeny to the mod-
el’s explanatory power. By contrast, our re-analysis using a non-
phylogenetic linear model resulted in an R2

resid and R2
lik of 0.122

(there is no difference in the two types of R2 because this model
assumes no covariance structure in the error). For this model,
only 12.2% of the variance was explained. Thus, the inclusion of
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Fig. 4 Violin plots showing the density and
distribution of sample size (‘n = . . .’ in black, on
the right side) and median predicted leaf mass per
area (LMApred) values (in red) for biomes with
sample size > 100 specimens. Violin plots are
ordered from lower to higher LMApred medians.
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phylogenetic information resulted in an increase of 42% in expla-
natory power (from 0.122 to 0.293), suggesting a substantial
improvement in model fit when phylogenetic structure is consid-
ered. The increase in total variance explained demonstrates the
significant role that phylogenetic relationships play in predicting
LMApred alongside climatic variables.

Discussion

Machine learning as a tool to unlock herbaria potential as a
source of functional trait data

Our approach demonstrates the clear potential of using herbar-
ium specimen images for functional trait scoring. This method
can be particularly powerful for addressing taxonomic and geo-
graphic gaps in global datasets: even when focusing on a phylo-
genetically broad but relatively small number of species (< 1% of

the total described diversity of angiosperms; POWO, 2024), our
sample was surprisingly proportional to species diversity patterns,
with most sampled specimens coming from tropical regions and
biomes where woody angiosperms are most diverse (Figs 4, 5b;
Taylor et al., 2023). Also, many of the species we analyzed, even
if not the explicit focus of our sampling, are currently absent
from the largest and most widely used open dataset of functional
traits (i.e. TRY, Kattge et al., 2020; Fig. S7). However, it is
important to note that, because our LMApred estimates are
derived from digital images of herbarium specimens, rather than
from direct measurements of fresh or dried leaves, they differ
from conventional LMA measurements usually reported in ecolo-
gical datasets and should be treated as a distinct trait when
exported to open data aggregators of functional traits, and further
analyses are needed to understand the implications of integrating
these estimates with LMA measurements obtained through other
methods. Our work therefore represents an early step toward

Fig. 5 Global distribution of 5665 specimens sampled in this study summarized by (a) mean predicted leaf mass per area (LMApred) and (b) mean specimen
count per 2.5 × 2.5 degree grid cell. Both measurements are in log scale.
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leveraging automated methods and herbarium specimen images
to achieve comprehensive trait diversity knowledge world-wide.
These approaches, combined with the increasing number of
imaged collections, have the potential to create datasets far larger
than those currently available in online repositories (e.g. BIEN,
Maitner et al., 2018; TRY, Kattge et al., 2020) in the near future.

Our LM2 pipeline had already been demonstrated to work
well for leaf area measurements, but for the first time, we
attempted to use it to measure petiole width, a structure that is
more sensitive to errors due to its small size and similarity to
stems. Estimating LMApred from the automated extraction of
petiole width introduces at least two potential sources of error
into the estimates: the automated measurement itself, which was
shown to have a strong but noisy correlation (R2= 0.61; Fig. 3d)
with manual measurements; and the proxy for LMA based on the
scaling relationship between petiole width and leaf mass, which
again shows a strong but noisy predicting power in the target taxa
(R2= 0.55 for woody dicots; Royer et al., 2007).

Although our uncertainty analysis revealed that measurement
error from the LM2 pipeline contributed to a lower proportion
of the total variance than the proxy equation, both had similar
contributions to the variance in final LMApred estimates. In
that way, potential paths forward in improving LMApred esti-
mates using this pipeline should focus both on improving the
proxy equation and the automated petiole width measure-
ments. For instance, proxy equations tailored to specific plant
lineages within woody dicots could be developed, as the proxy
itself likely varies throughout the angiosperm phylogeny. As
for the LM2 pipeline, we found that specimens with cordate
or irregular bases present greater challenges for accurate petiole
width estimation (Table S5; Fig. S8), which could be the focus
of future improvements in the computer vision model. Future
studies can also use further developments of this method to
explore traits like leaf toothiness and shape, and how these
contrast with climate.

Temperature as the main predictor of leaf mass per area

Despite challenges in estimating LMApred for certain leaf forms,
our approach was able to uncover many of the well-known
LMA-biome and LMA–climate trends previously observed in
other studies. For example, we found that lower LMApred is
expected in environments with a high MAT, higher temperature
seasonality, and low solar radiation (Fig. 6), which has been
shown in previous LMA–climate analyses (e.g. Wright
et al., 2002; Poorter et al., 2009). These conditions are particu-
larly prevalent in tropical and subtropical (low temperature sea-
sonality) and temperate (high temperature seasonality) broadleaf
rainforests. As the name suggests, these are environments that
favor the colonization and persistence of species with larger
leaves. Larger leaves also tend to be relatively thinner and less
dense, and to have higher net photosynthetic rates per unit area
(Reich et al., 1998; Niinemets, 2001; Hassiotou et al., 2010).
While leaves with these characteristics should be advantageous in
areas where competition for light is intense, larger leaves are also
thought to be more likely to overheat in hot conditions, espe-
cially if not enough water is available in the soil to cool them off
through transpiration. Therefore, both water availability and
temperature are expected to be important in modulating thermal
regulation of a leaf. Without enough water, large leaves risk being
damaged by heat (Vogel, 2009; but see Leigh et al., 2017).

Therefore, it is surprising that our multiple regression model
did not find variables related to precipitation (e.g. MAP and pre-
cipitation seasonality) or moisture (e.g. aridity index, wind) as
being as explanatory for LMApred variation as those linked to
temperature. While MAP and aridity index appear among the
predictors in many of the top models (Table S3), MAT, solar
radiation, and temperature seasonality show consistently stronger
effects on LMApred across models (Fig. 6), and only MAT
appears to have a significant relationship with LMApred when
within-species variance is considered (Fig. S6). This result is also

Fig. 6 Results of model averaging for the top
phylogenetic generalized least squares models. (a)
Effect size of each variable in the averaged global
phylogenetic model for predicted leaf mass per
area (LMApred)–climate correlation, including SE.
Red indicates positive effect size (positive
correlation), whereas blue indicates negative
effect size (negative correlation). Solid dots
indicate variables with significant effect on
LMApred (i.e. P< 0.001). (b) Importance value of
each variable, highlighting how frequently that
variable is included as predictors in the models
with lowest AICc (higher importance value
indicates frequent inclusion of that variable).
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unexpected because precipitation is one of the main axes of cli-
matic variation in tropical latitudes (Fick & Hijmans, 2017),
which is where most of our sample comes from. Potential expla-
nations for this pattern are that precipitation, and even aridity
index, are not ideal proxies for soil water availability, as suggested
in previous global analyses (Moles et al., 2014). Alternatively,
temperature might indeed be the main modulator variable of
LMA variability, playing a greater role than water availability in
regulating leaf heating and cooling.

Latitudinal gradient of LMApred

Specimens with lower LMApred were more frequently found near
the equator (Fig. 5b), which aligns with previously documented
latitudinal gradients in leaf area (Wright et al., 2017), given a
general negative correlation is often observed between LMA and
leaf area (Wright et al., 2004), and the general pattern of low
LMA in tropical rainforests (Poorter et al., 2009). However, at
finer scales, the relationship between leaf area and mass shows
variability, as they do not always scale proportionally (e.g. Pickup
et al., 2005). This variability is consistent with the fact that LMA
is influenced by both leaf density and thickness, which can scale
differently and independently with climate (Niinemets, 2001).
Latitudinal trends in LMA or specific leaf area (SLA, the inverse
of LMA) have been observed in local studies (e.g. Wang
et al., 2016), though sometimes in the opposite direction of our
results. Interestingly, our results also show higher LMApred var-
iance at higher latitudes, which could be due to a smaller sample
size from those regions or may reflect true ecological differences.
Temperate zones often exhibit variable stress and disturbance pat-
terns, with contrasting strategies like deciduousness (lower LMA)
or stress resistance (higher LMA; Poorter et al., 2009; see also
Fig. S9). Further research in other taxonomic groups not sampled
here, such as herbaceous taxa, ferns, and gymnosperms, is needed
to determine whether the patterns observed in our study reflect
genuine ecological trends or are artifacts of our methodology.

The role of phylogeny in modulating the leaf investment
trade-off

The increased size of our LMApred dataset relative to previous
work allows us to investigate potential climatic relationships with
LMA with a geographically balanced sample and while also utiliz-
ing comprehensive phylogenetic information. Leaves are among
the most plastic and evolutionarily labile of the plant organs (e.g.
Givnish, 2002; Nicotra et al., 2011; Chitwood & Sinha, 2016).
Indeed, leaf traits are often regarded as poor systematic descrip-
tors at higher taxonomic scales because their morphology and
plasticity tend to vary even among closely related lineages (e.g.
Royer et al., 2008; McKee et al., 2019; Baumgartner et al., 2020;
Gaem et al., 2024). This variation results from constant pressure
to adapt to changes in the surrounding environment, often in
relation to climate, which is the relationship we aimed to explore
here. For that reason, it is interesting to see that even at this scale,
phylogeny remains important in determining what leaf traits are
expected in a given climate. The substantial improvement in

model fit with the addition of phylogeny suggests that the regres-
sion residuals – errors in the LMApred based on climatic variables
– are not randomly distributed but are instead phylogenetically
structured (Ives Anthony, 2019). This means that species within
certain parts of the phylogeny tend to have similar deviations
(either over- or underestimates) from the predicted LMA values.
By including phylogeny, the model accounts for these structured
residuals, effectively capturing evolutionary patterns that influ-
ence LMA beyond the climatic predictors alone.

This structure supports the idea of an evolutionary lag in leaf–
climate matching – that is, the tendency of species to inherit traits
from ancestors even when these traits may not be the most advan-
tageous in that environment (e.g. Deaner & Nunn, 1999). If evo-
lutionary lag contributes to the limited explanatory power of
climate in climate–trait correlations in previous studies (Ander-
egg, 2023), accounting for phylogenetic relationships in correla-
tion models should strengthen the predictive power of climate in
the analyses (e.g. Ackerly & Reich, 1999). When models lack the
inclusion of phylogenies, they essentially assume that adaptation
occurs instantaneously (Felsenstein, 1985), disregarding the
influence of common ancestry on lineage traits and in explaining
trait-environment mismatches. Of course, even when accounting
for a phylogenetic structure in the residuals, we should not expect
all variation in a trait to be fully explained by the environmental
predictors in the regression model. Many additional strategies
unrelated to the focal trait likely contribute to a lineage’s success
in a given environment. In this sense, an ideal LMA value for a
particular climate may not exist, as these additional factors also
shape a plant’s success in an environment.

Conclusions

Digitizing herbarium specimens is critical for collections to be
found and used, and to preserve the data should anything hap-
pen to the physical specimen, but developments in machine
learning tools are opening them up for new uses. In this study,
we demonstrated how machine learning tools enable the assem-
bly of large phylogenetically and geographically balanced data-
sets by automating trait extraction from images of herbarium
specimens. However, despite the potential for machine learning
pipelines to enhance trait data gathering, there are several
opportunities to refine our approach. Addressing the issue of
shadows in smaller leaf structures could greatly enhance mea-
surement accuracy, while the current inability to differentiate
leaf developmental stages (i.e. young leaves vs fully expanded
leaves) may also introduce a potential source of bias. More com-
parisons between field, physical herbarium specimens, and com-
puter vision measurements from specimen images for specific
taxa and plant structures would refine our approach and allow
measuring the contribution of the shrinkage effect in specific
traits. Similarly, the proxy equation – our primary source of
error – may be improved by developing lineage-specific ver-
sions, so incorporating phylogenetic information could
strengthen its predictive power. With continued refinement,
these tools have the potential to revolutionize how we extract,
analyze, and scale plant trait data globally.
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