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Summary

� Leaf reflectance spectroscopy is emerging as an effective tool for assessing plant diversity

and function. However, the ability of leaf spectra to detect fine-scale plant evolutionary diver-

sity in complicated biological scenarios is not well understood.
� We test if reflectance spectra (400–2400 nm) can distinguish species and detect fine-scale

population structure and phylogenetic divergence – estimated from genomic data – in two

co-occurring, hybridizing, ecotypically differentiated species of Dryas. We also analyze the

correlation among taxonomically diagnostic leaf traits to understand the challenges hybrids

pose to classification models based on leaf spectra.
� Classification models based on leaf spectra identified two species of Dryas with 99.7%

overall accuracy and genetic populations with 98.9% overall accuracy. All regions of the spec-

trum carried significant phylogenetic signal. Hybrids were classified with an average overall

accuracy of 80%, and our morphological analysis revealed weak trait correlations within

hybrids compared to parent species.
� Reflectance spectra captured genetic variation and accurately distinguished fine-scale pop-

ulation structure and hybrids of morphologically similar, closely related species growing in

their home environment. Our findings suggest that fine-scale evolutionary diversity is cap-

tured by reflectance spectra and should be considered as spectrally-based biodiversity assess-

ments become more prevalent.

Introduction

Biodiversity faces significant threats worldwide (Bellard et al.,
2012; Pimm et al., 2014; Isbell et al., 2015), so it is critical that
we improve our ability to assess diversity in order to understand
and conserve ecological and evolutionary processes (Atwater &
Callaway, 2015; Cavender-Bares et al., 2017). Although biodi-
versity typically is assessed at the species level, it is now clear that
fine-scale diversity – the genetic and phenotypic diversity present
within species and taxonomic complexes – also warrants evalua-
tion and monitoring. Fine-scale diversity facilitates taxon-specific
adaptive potential (Hoffmann et al., 2017) and it can have signif-
icant positive effects on community structure and ecosystem pro-
ductivity (Crawford & Rudgers, 2013; Atwater & Callaway,
2015; Raffard et al., 2019). The influences and consequences of
fine-scale diversity are particularly important to consider among
Arctic-alpine plants because they frequently exhibit high within-
species genetic diversity (Grundt et al., 2006).

In addition to fine-scale diversity, hybrid taxa are another
dimension of biodiversity requiring attention because hybrids
may exhibit ecologically or evolutionarily significant capabilities,
such as the effects of transgression on adaptive potential and inva-
siveness (Rieseberg et al., 2003, 2007; Abasolo et al., 2012;
Dittrich-Reed & Fitzpatrick, 2013; Gallego-T�evar et al., 2018).
Alternatively, phenotypically intermediate hybrids can enable the
genetic swamping and extinction of parent taxa (Todesco et al.,
2016). These low levels of biological organization are most fre-
quently, and appropriately, defined using genomic data, but it is
imperative that we advance our methodologies for estimating and
monitoring this fine-scale diversity to maximize biodiversity data
in a rapidly changing world.

Leaf reflectance spectroscopy is emerging as a powerful tool to
assess plant phylogenetic and functional diversity, and to monitor
how it changes over space and time (Turner, 2014; Jetz et al.,
2016; Cavender-Bares et al., 2017; Schweiger et al., 2018; Serbin
et al., 2019; Meireles et al., 2020). This approach is based on the
principle that the electromagnetic radiation reflected off leaves
(400–2500 nm) carries information about their structural and*These authors contributed equally to this work.
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chemical traits (Curran, 1989; Ustin et al., 2009; Cavender-Bares
et al., 2017). We know that pigments absorb in the visible region
(VIS; 400–700 nm), whereas light in the near infrared region
(NIR; 700–1100 nm) is scattered by leaf anatomical, tissue, water,
and surface features, and light in the short-wave infrared region
(SWIR; 1400–2500 nm) is scattered and absorbed by anatomical
features and biochemicals such as cellulose, phenolics and water
(Gates et al., 1965; Carter, 1991; Ustin et al., 2009; Kokaly &
Skidmore, 2015; Fang et al., 2017). Thus, leaf spectra are dense,
complex and dynamic phenomic datasets influenced by both envi-
ronmental and genetic factors. They can be effectively leveraged
using supervised statistical models to estimate phenotypic traits
(Ustin & Gamon, 2010) or estimate diversity (Durgante et al.,
2013; Lang et al., 2017; Schweiger et al., 2018; Meireles et al.,
2020).

Leaf spectra mostly have been used to differentiate groups at or
above the species level, and these taxa are usually classified with
high accuracy (Durgante et al., 2013; Lang et al., 2017; Wang &
Gamon, 2019; Meireles et al., 2020). The few studies that have
assessed fine-scale diversity have shown variable success.
Cavender-Bares et al. (2016) classified leaves from four Quercus
oleoides populations with low accuracy, but Madritch et al. (2014)
were able to classify 79 genotypes of Populus tremuloides with
moderate to high accuracy. Thus, it is important to continue to
test the limits of spectral detection using genomic data and small
spatial scales for closely related taxa, populations and hybrids.

We expect traits to be able to separate populations and species,
yet hybrid individuals will not necessarily form a phenotypically
cohesive group because individuals will inherit and express differ-
ent sets of parental alleles resulting in variable phenotypes and
weakly correlated traits (Guo et al., 2004; Cheng et al., 2011).
Although such individuals are difficult to classify statistically
using macro-morphological data such as organ sizes and shapes
(Field et al., 2009; Abasolo et al., 2012), reflectance spectra are
proving to be detailed enough to identify such challenging hybrid
taxa. For instance, an analysis of bloodwoods (Corymbia), showed
that their weedy, morphologically complex hybrids could not be
classified accurately using 30 morphological traits, but classifica-
tions of these same hybrids using spectral data was 72–100%
accurate (Abasolo et al., 2012, 2013). Reflectance spectra also
have been used to accurately detect Citrus (P�ascoa et al., 2018)
and Populus (Deacon et al., 2017) hybrids.

In this study, we estimated the ability of leaf spectra to detect
phylogenetic divergence and low taxonomic levels in a compli-
cated, yet frequently encountered, biological scenario of closely
related, co-occurring, hybridizing plants. Dryas octopetala L. s.l.
has been described as one to nine species and numerous subspeci-
fic taxa representing geographically and/or ecologically distinct
lineages, many of which form hybrids with intergrading mor-
phologies (Hult�en, 1959; Skrede et al., 2006; Elven et al., 2011).
Two noteworthy taxa (currently described as species) in this com-
plex are Dryas ajanensis Juzepczuk ssp. beringensis Jurtzev (here-
after D. ajanensis) and D. alaskensis A.E. Porsild (in accordance
with the Flora of North America treatment; Springer & Parfitt,
2014), which were established as ecotypes through the exemplary
experiments of McGraw & Antonovics (1983). These species are

very close relatives, possibly sister species, that are believed to
have diverged during the Pleistocene (Hult�en, 1959). Individuals
expressing intermediate leaf morphologies, long presumed to be
hybrids, are found in tight contact zones between habitats
(Hult�en, 1968; Max et al., 1999).

We generated spectral and genomic datasets for Dryas individ-
uals, collected across six alpine sites in the interior of Alaska, and
used them to determine: (1) Can we use spectra to accurately
classify species, hybrids and genetically defined populations? and
(2) To what degree does spectral variation correlate with genetic
variation at these low taxonomic levels? These closely related, co-
occurring, hybridizing taxa provide a challenging system to
explore the boundaries of biodiversity detection via spectroscopy.

Materials and Methods

Taxon sampling

We sampled D. ajanensis, D. alaskensis and putative hybrids from
six alpine sites in the interior of Alaska, USA (Fig. 1). Dryas aja-
nensis is an abundant species found in isolated patches on dry,
rocky fellfields across boreal North America. It is identified read-
ily by small tomentose leaves (5–15 mm) with rust-colored
‘scales’ (multicellular, feathered hairs) occurring on the midvein
on the bottom (abaxial) side of the leaf. Dryas alaskensis occurs in
wet tundra microhabitats in Alaska and the Yukon Territories. It
has larger leaves (15–50 mm) with less pubescence and stipitate
glandular trichomes on the abaxial midvein, and sometimes with
adaxial wax secretions (Hult�en, 1959, 1968; McGraw &
Antonovics, 1983). Individual plants displaying both kinds of
adaxial midvein pubescence (rarely was this on the same leaf)
were identified in the field as hybrids.

We collected c. 10–15 leaves from evenly spaced Dryas individu-
als along a 100-m transect (except that no transect was used atWick-
ersham Dome B) that traversed wet and dry habitats, and two
voucher specimens per taxon were collected at each site and
deposited at the FieldMuseum herbarium.We collected leaves from
the following number of individual plants from each site; Bison
Gulch (BG: 20 D. ajanensis), Eagle Summit (ES: 19 D. alaskensis,
21 D. ajanensis, two hybrids), Murphy Dome (MD: 20 D. ajanen-
sis), Twelve Mile Summit (TM: 22 D. alaskensis, 20 D. ajanensis,
two hybrids), Wickersham Dome A (WDA: 20 D. ajanensis) and
Wickersham Dome B (WDB: 11 D. alaskensis, 16 D. ajanensis, five
hybrids; Fig. 1; Supporting Information Table S1).

Genetic structure and ancestry

We isolated DNA from silica-dried leaf samples and prepared
GBS libraries using the ApeKI restriction endonuclease (Elshire
et al., 2011). Libraries were prepared and sequenced at the
University of Wisconsin DNA Sequencing Center on an Illumina
NovaSeq 6000 (2 9 150-bp reads). We aligned reads to the
D. drummondii genome (GCA_003254865.1) and called single
nucleotide polymorphisms (SNPs) using ipyrad (Eaton & Over-
cast, 2020). A description of steps from DNA isolation to SNP
calling is available in Methods S1.
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In order to establish the population genetic structure of this
system, we first conducted principal components analysis (PCA)
in R/ADEGENET v.2.1.3 using all single nucleotide polymorphisms
(SNPs) to summarize genetic variation and discontinuities
among individuals and sites (Jombart, 2008; R Core Team,
2021). Next, we used the model-based clustering method STRUC-
TURE to estimate the number of populations in the dataset via
each sample’s proportional assignment to a set number of
inferred ancestral groups (Pritchard et al., 2000). For one to 10
groups (K), we completed 10 replicate runs of 1 million genera-
tions plus 500 000 generations of burn-in. STRUCTURE’s Q-value
is the proportion of an individual’s ancestry from ancestral group
K, therefore K = 2 represents an index of genomic ancestry from
D. ajanensis or D. alaskensis. We then completed separate STRUC-
TURE runs for each species to delineate populations. To gauge fur-
ther support for the separation of lineages by populations or sites,
we dropped the hybrid samples and reconstructed a maximum-
likelihood phylogeny from the full, concatenated SNP dataset
using IQ-TREE v.1.6.12 with the GTR+ASC model of nucleotide
evolution and 1000 ultrafast bootstrap pseudoreplicates (Hoang
et al., 2018; Minh et al., 2020).

Spectral data

We collected leaves in labeled tea bags, placed them within plastic
bags containing ample silica gel desiccant, and left them to dry

for 36–60 h before scanning. Water and water vapor have strong
effects on spectral reflectance, especially in the near and short-
wave infrared (NIR and SWIR) regions (Carter, 1991), so thor-
oughly drying the leaves with silica gel reduces the effect of this
environmental variable as well as reveals distinctive anatomical
and chemical features in these spectral regions (Costa et al., 2018;
P�ascoa et al., 2018). Although the limitations of fieldwork
imposed variability in the duration of drying times, we are confi-
dent that these small leaves with thin cuticles were fully desic-
cated in < 24 h of storage in silica gel. This is based on the
empirical work of Carri�o & Rossell�o (2014), as well as our meth-
ods to verify the effects of residual water – which are described
below and in Methods S2. Reflectance measurements (scans here-
after) were taken after a warm-up period of ≥ 15 min using a
PSR+ portable spectroradiometer (Spectral Evolution, Haverhill,
MA, USA) with reflectance contact probe (with tungsten halogen
light source) and leaf probe clip. A Spectralon® white reference
was recorded every five samples to recalibrate, then the leaf clip
was reversed to the black background during spectral readings.

We scanned the leaves in three stages owing to the small size of
the leaves. First, we arranged two to five leaves across the leaf clip
to cover as much of the entire field of view as possible without
overlap and with the adaxial leaf surface facing the probe. We
then scanned spectral reflectance from 350 to 2500 nm two times
to include possible variability from the instrument or slight varia-
tions in the output from the light source. For the second stage,

Fig. 1 Map of study area in Alaska, USA.
Sampling site acronyms: BG, Bison Gulch; ES,
Eagle Summit; MD, Murphy Dome; TM,
Twelve Mile Summit; WDA, Wickersham
Dome Site A; WDB, Wickersham Dome Site
B. The maximum distance between sites was
252 km, the minimum distance was 3 km and
the average distance was 118 km. The red
rectangle on the inset map of North America
represents the study area.
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we added one to three leaves to cover more of the exposed black
background and took two more scans. We added one to three
more leaves for the third stage, resulting in a total of six scans per
specimen. The addition of leaves was implemented to explore the
two possible shortcomings of measuring leaves that were smaller
than the spot size of the reflectance contact probe; those being
exposed background that generates noise in the spectra and par-
tially overlapping leaves that alter the shape and magnitude of the
reflected spectrum (Neuwirthov�a et al., 2017).

Spectral analyses

We processed the reflectance spectra by removing erroneous scans
that had reflectance values > 1.0. The resulting dataset consisted
of 1045 scans at 1-nm resolution representing 178 individual
plants (Table S2). We then trimmed the spectra to a length of
400–2400 nm to remove regions of higher noise (350–399 nm,
2401–2500 nm; Cavender-Bares et al., 2016). All manipulations
of the spectra were conducted using R/SPECTROLAB (Meireles
et al., 2017). These processed spectra were used in the following
analyses, and all six scans (or fewer if scans had reflectance values
> 1.0) were used to represent the respective specimen.

We classified species (with and without hybrids), populations,
collection sites, and a combination of species identity and collec-
tion site (with and without hybrids) using partial least squares
discriminant analysis (PLS-DA), a multivariate analysis that clas-
sifies observations from PLS regression on indicator variables
(Chevallier et al., 2006). This method works well with high
dimensional multicollinear datasets such as those acquired via leaf
reflectance spectroscopy (Barker & Rayens, 2003; Cavender-
Bares et al., 2016). We executed the following PLS-DA proce-
dure independently for each classification unit (species, popula-
tions, sites, and species plus site). For classifying species,
populations and sites, we partitioned the data such that a random
80% of the spectral data was used as a training set, and the
remaining 20% was used for a testing set. However, for classify-
ing the combination of species and location, we split the data so
that 50% was used for testing and 50% was used for training
because low sample sizes in some of the classes, such as hybrids
belonging to a particular location, prevented the use of smaller
allocations of data for testing the models. Furthermore, the spec-
tra exhibited large variation at the scale of the individual, so we
chose to treat each scan as an independent measurement in these
models.

We used a two-step procedure to account for class imbalance.
In the first step, we ran 100 iterations of PLS-DA with 10-fold
cross-validation repeated three times. Each iteration used an inde-
pendent partition of the data (see above for how the partition was
made) in which the training set was downsampled, and the final
model of the respective iteration was tested against the testing set
to determine model accuracy. The number of components for
which the average overall accuracy was maximized was used as
the optimal number of components in the second step. This sec-
ond step was the same as the first except that the training data
was upsampled in each iteration and the number of components
used was equal to the number chosen from the first step to

prevent overfitting. Finally, the overall classification accuracy was
calculated as the mean accuracy extracted from confusion matri-
ces across all the 100 iterations used with the upsampling proce-
dure (second step).

We evaluated the potential effect of differences in drying times
on our classifications by using the same PLS-DA procedure, with
10 iterations instead of 100, to classify the site of collection using
spectra with water absorption features and the visible spectrum
removed. We assessed site-based classification because it covaried
with drying time, and we removed the water absorption features
and the visible spectrum because pigments and water content are
most likely to be affected by drying (Carter, 1991; Chen et al.,
2012). The specific wavelengths removed from the spectra for
this analysis were the visible spectrum 400–749 nm and water
absorption features at 960–980 nm, 1170–1190 nm, 1235–
1255 nm, 1300–1460 nm, 1750–2030 nm, 2040–2060 nm,
2135–2155 nm and 2153–2173 nm (Thenkabail & Lyon, 2016;
Wang & Gamon, 2019).

Additionally, we created a PLS beta regression model, imple-
mented in R/PLSRBETA, to predict the proportion of D. alaskensis
ancestry as quantified by the genetic analyses (Fig. S1a), for each
sample using the spectra as predictor variables (Bertrand et al.,
2013). The PLS beta regression restricts the response variable to a
beta distribution which is necessary to predict the continuous
ancestry variable inherently restricted between 0 and 1. We used
D. alaskensis ancestry and spectral data from the three sites in
which both D. alaskensis and D. ajanensis occurred. The model
was assessed after 10-fold cross-validation repeated five times. We
chose the optimal number of components (52) as the lowest
number of components within two Akaike information criteria
(AIC) of the number of components with the lowest AIC. Model
RMSE and r2 statistics were determined by comparing the mean
predicted ancestry values from the five repeats to the ancestry val-
ues estimated by the genetic analyses.

We determined the phylogenetic signal, or the degree to which
closely related individuals resemble each other more than any
two randomly drawn individuals from the same phylogenetic tree
(Blomberg & Garland, 2002), for each wavelength in the
reflected spectrum. We calculated Blomberg’s K, a measure of
phylogenetic signal that compares the similarity of any two indi-
viduals to that expected by Brownian motion (Blomberg et al.,
2003; Meireles et al., 2020), using the phylosig function in the
R/PHYTOOLS package with an ultrametric tree, the mean spectra
per individual, the SEs associated with those means, and 500 tip-
swap simulations per trait (1 nm wavelength; Revell, 2012; Par-
adis & Schliep, 2019). The result was then compared to the max-
imum Blomberg’s K-value estimated from data simulated on a
tree with no phylogenetic covariance.

Morphological analyses

We analyzed leaf morphologies and trait correlations among par-
ent species and hybrids to test our hypothesis that hybrids have
variable and inconsistent morphologies compared to the parent
taxa. We measured four taxonomically informative, though not
necessarily spectrally informative, traits from 135 total leaves (five
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leaves 9 nine individuals 9 three taxa total; Springer & Parfitt,
2014; Hult�en, 1959; Elven et al., 2011): leaf length (millimeters),
abaxial midvein scales (presence or absence), abaxial midvein
stipitate glandular trichomes (presence or absence) and degree of
adaxial tomentum (glabrous–or nearly so, intermediate or dense).
Pubescence and midvein morphology were observed with a digi-
tal microscope. We used a multivariate analysis of variance
(MANOVA) to test for differences between the traits of parent
species and the traits of the hybrids (R Core Team, 2021). We
then constructed trait correlation matrices for parent species and
hybrids using Pearson product–moment correlations. The corre-
lation structure of the parents was compared to that of the
hybrids using a Mantel test with 23 permutations (complete enu-
meration) in R/VEGAN (Oksanen et al., 2019).

Results

Genetic analyses

We generated a median of 3.08M reads per sample with a
median of 99.8% of these passing quality filters. We then
mapped a median of 22 345 loci per sample to the reference
genome with an average depth of coverage of 38.7 reads, resulting
in 52 325 filtered SNPs from 12 961 GBS loci mapped to 367
D. drummondii scaffolds. We subsampled SNPs at least
50 000 bp apart to get a final dataset of 3042 unlinked SNPs.

The STRUCTURE results corroborated this clear separation of
D. alaskensis and D. ajanensis individuals. When two clusters were
defined (K = 2), the putative morphologically intermediate indi-
viduals were inferred to be 31.5–48.1% admixed hybrids
(Fig. 2a). When we dropped the hybrids and analyzed the two
species independently across several K (Fig. S2), we found
D. alaskensis was best modeled as two populations, D. alaskensis-
WDB and D. alaskensis-ESTM (Eagle Summit plus Twelve
Mile), which is sensible because ES and TM are connected by
contiguous habitat (Fig. 1). Dryas ajanensis also showed lack of
gene flow among sites, being best modeled as four populations:
D. ajanensis-BG, D. ajanensis-ESTM, D. ajanensis-MD and
D. ajanensis-WD (Wickersham Dome A plus Wickersham Dome
B; Figs 2a, S2).

The PCA of SNPs also revealed a significant genetic separation
of species and sites (Fig. 2b). The first principal component (PC)
explained 11.1% of the total genetic variation and clearly sepa-
rated D. ajanensis and D. alaskensis individuals, with hybrids
falling in the middle, and the second PC separated individuals by
site (2.8% of variance explained). In both species, individuals
from ES and TM overlapped on both PC axes, supporting those
as a single population. D. ajanensis-WDA and D. ajanensis-WDB
individuals had proximal values on these PC axes but overlapped
only on a single axis.

Phylogenetic inference corroborated a robust separation of
D. alaskensis and D. ajanensis as well as the six total populations
inferred from STRUCTURE (Fig. 2c). Within D. alaskensis, all
WDB individuals, except a single individual, form a clade with
96% bootstrap support that is set within several ES and/or TM
lineages (Fig. 2c). Within the D. ajanensis clade, BG, ESTM and

MD all form well-supported monophyletic groups. Individuals
from WDB form a nested series of lineages subtending a nearly
monophyletic clade of WDA individuals (Fig. 2c).

Overall, the results of our genetic analyses support the delin-
eation of six reproductively isolated groups: D. alaskensis is split
into D. alaskensis-ESTM and D. alaskensis-WDB, and D. ajanen-
sis is split into D. ajanensis-BG, D. ajanensis-ESTM, D. ajanensis-
MD and D. ajanensis-WD. The PCA and STRUCTURE show some
genetic differentiation among the D. ajanensis-WDA vs WDB
sites, but as a consequence of their overall similarity and proxim-
ity (3 km), as well as the fact that our main conclusions were
robust to splitting these sites into two populations, we chose to
treat them as a single population.

Spectral analyses

The mean reflectance for D. ajanensis, D. alaskensis and the
hybrids appeared superficially similar (Fig. 3a), yet we were able
to train PLS-DA models to classify spectral scans of the three taxa
with 92.9� 1.8% accuracy (Fig. 3b; the ‘�’ indicates one stan-
dard deviation (SD)). Dryas alaskensis was predicted with
95.9� 2.7% accuracy and D. ajanensis with 92.4� 2.6% accu-
racy. Hybrids alone were predicted with 80.3� 13.9% accuracy
(Fig. 3b). All regions of the reflected spectrum were useful for
separating these taxa with the VIS and SWIR appearing to be rel-
atively more informative than the NIR according to variable
importance calculations – the contribution of coefficients associ-
ated with each wavelength weighted proportionally to the reduc-
tion in the sums of squares (Fig. S3; Kuhn, 2021). This may
indicate that these species are best separated by their leaf pig-
ments, such as chlorophyll, carotenoids and anthocyanins, as well
as their lignin, cellulose and phenolic compound contents (Ustin
et al., 2009; Kokaly & Skidmore, 2015; Thenkabail & Lyon,
2016). When PLS-DA models were trained without hybrids,
D. alaskensis and D. ajanensis were classified with an overall accu-
racy of 99.7� 0.4%. In contrast to the minor spectral reflectance
differences at the species level, the mean spectral reflectance val-
ues of populations noticeably varied (Fig. 3c). The PLS-DA mod-
els correctly classified scans to their genetically determined
population with 97.7� 1.9% to 100% accuracy depending on
the population (98.9� 0.7% overall accuracy; Fig. 3d). See
Table S3 for complete overall accuracy statistics and the number
of components used for each set of classification models.

We were able to classify both the species identity and collec-
tion site, the finest classification resolution, with an overall accu-
racy of 92.0� 1.2% (Fig. 4). Site alone was predicted with an
accuracy of 99.8� 0.3% (Fig. S4). Leaf scans from all D. alasken-
sis sites as well as D. ajanensis from BG and MD were correctly
assigned with > 94% accuracy when hybrids were included in the
model. Occasionally, one species was misclassified as the other
species belonging to the same site with the main contributions to
this phenomenon coming from 8.5� 5.9% of D. ajanensis from
WDB being misclassified as D. alaskensis from WDB, which
could be a result of the higher levels of admixture at this site
(Fig. 2a). Most of the misclassifications were attributed to
D. alaskensis or D. ajanensis being classified as a hybrid from the
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same site. For example, 6.2� 4.0% of D. ajanensis from ES,
9.0� 3.1% of D. ajanensis from TM and 9.9� 6.3% of D. aja-
nensis from WDB were misclassified as hybrids from the respec-
tive sites. When we modeled species and site without hybrids,
individuals were classified with 98.9� 0.8% accuracy (Fig. S5).
Most of the error resulted from D. ajanensis from ES and WDB
being classified as D. alaskensis from the respective site
(2.5� 2.9% for ES, 5.0� 6.7% for WDB). When we removed
water absorption features and the visible wavelengths from the
spectra, our PLS-DA models classified location with 99.8� 0.3%
accuracy (51 components; Fig. S6) which indicates that our dry-
ing procedure did not create an unintended drought artifact. Fur-
thermore, our analysis of residual leaf water content across sites
showed weak spatial autocorrelation (Methods S2; Fig. S7), so
drying the leaves for 36–60 h in silica gel before scanning was suf-
ficient to control for this environmental factor.

The PLS beta regression predicted the proportion of
D. alaskensis ancestry of the samples with mean RMSE = 0.13
and r2 = 0.91 (Fig. 5). Also, our test for phylogenetic signal indi-
cated that all 1-nm wavelengths carried phylogenetic information
with the VIS and SWIR being most similar between closely
related individuals (Fig. S8). Blomberg’s K was greater than the
maximum Blomberg’s K estimated from the null model and

significant for all wavelengths (P = 0.002). These results corrobo-
rate the evidence from our discriminant analyses that leaf
reflectance spectra carry useful genetic information and reflect
phylogenetic relationships at these fine levels of biological organi-
zation.

Morphological analyses

We evaluated the hypothesis that hybrids exhibit inconsistent
morphologies by quantifying a few taxonomically (although not
necessarily spectrally) informative morphological traits and their
correlations. Dryas ajanensis and D. alaskensis were clearly sepa-
rated by abaxial midvein pubescence and by adaxial tomentum,
in agreement with previous descriptions (Hult�en, 1968), but
hybrid individuals are not uniformly intermediate across all traits
(Fig. S9). Although both midvein morphologies (glands and
scales) were present on hybrid plants observed in the field, indi-
vidual leaves were not consistent in these traits.

Our analysis of four taxonomically informative leaf traits (leaf
length, tomentum, glands, scales) showed high trait correlation
coefficients between leaves of parent D. ajanensis or D. alaskensis
individuals, indicating consistent trait expression (absolute values
from 0.46 to 0.87; Fig. 6a). Unsurprisingly, the traits of hybrids

Fig. 2 Dryas species and population genetic structure. (a) STRUCTURE bar plots showing the proportion of each individuals’ genome assigned to Dryas
alaskensis (DAK) and D. ajanensis (DAJ) species (K = 2, top), and proportional assignment to the optimal six groups (K = 6, bottom). (b) Plot of first two
principal components, explaining 13.9% of the total genetic variation among individuals with 95% quantile ellipses circumscribing each site for each taxon.
(c) Maximum-likelihood cladogram without hybrids; branches with < 70% bootstrap support have been collapsed, backbone nodes with > 95% bootstrap
support are indicated by circles. Colors for site and population assignments are provided in legend. Hybrids are abbreviated as DX. Site acronyms: BG, Bison
Gulch; ES, Eagle Summit; ESTM, Eagle Summit and Twelve Mile; MD, Murphy Dome; TM, Twelve Mile; WDA, Wickersham Dome A; WDB, Wickersham
Dome B; WD, Wickersham Dome A and B.
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were significantly different from the parent species (MANOVA:
F = 3.7, P = 0.007), but the correlation coefficients between traits
in hybrid individuals were much weaker (absolute values from
0.08 to 0.31, and 0.50 for scales and glands; Fig. 6b). Although
we do not expect these few traits to drive spectral reflectance val-
ues, this supports our hypothesis that traits have segregated differ-
entially among hybrid individuals and thus their overall
morphology is not consistently intermediate between parents.
The Mantel test confirmed that the correlation structure between
traits within hybrids was not the same as the parent species
(r = 0.77, P = 0.083).

Discussion

Biodiversity detection from reflectance spectra has mostly focused
on taxa at or above the species level (Ustin & Gamon, 2010;
F�eret & Asner, 2012; Durgante et al., 2013) despite the impor-
tance that fine-scale genetic and phenotypic diversity has for eco-
logical and evolutionary processes (Crawford & Rudgers, 2013;
Hoffmann et al., 2017). Thus, our goal was to determine if fine-
scale diversity characterized from genomic sequence data over a
small geographic scale could be detected via leaf spectral
reflectance. We demonstrated that reflectance spectroscopy cap-
tures genetic information that can be used to accurately classify
leaves to species, hybrids and populations in a taxonomically
challenged group of arctic dwarf shrubs.

Genomic sequencing proved an effective method for establishing
species and population-level structure in Dryas. Max et al. (1999)

hypothesized that Dryas plants at alpine sites in interior Alaska
would have distinct allozyme profiles owing to the effects of drift
on isolated mountaintop populations. Initially we were unsure if
we would find population genetic structure in this study region
because Max et al. (1999) found no allozyme differences among
sites and very few differences between species, and we expected that
widely distributed species like D. ajanensis would be genetically
cohesive at this spatial scale (Fig. 1). However, our dense sampling
and deep sequencing strategy readily revealed the genetic differenti-
ation of Dryas species and mountaintop population structure
(Fig. 2). Together, our studies confirm there is negligible gene flow
across unsuitable habitat at lower, forested elevations. Also, the
genomic data showed D. ajanensis and D. alaskensis were clearly dif-
ferentiated, and although it would be useful to sample other parts
of the range, our results indicated these are valid (plant) species
exhibiting morphological and phylogenetic distinction despite
recurrent hybrid formation (Baum, 2009).

Several pieces of evidence indicate that our models can recover
this fine-scale genetic structure from leaf reflectance spectra. First,
we found significant phylogenetic signal in the spectra (Fig. S8),
which adds to the body of evidence that spectra convey evolu-
tionary relatedness (Madritch et al., 2014; Cavender-Bares et al.,
2016; Schweiger et al., 2018; Meireles et al., 2020). We also
demonstrate that the full reflected spectrum is useful for deter-
mining phylogenetic relationships below larger taxonomic units,
such as families or orders, as is presented by Meireles et al.
(2020). Second, our partial least squares (PLS) beta regression
model accurately estimated the proportion of D. alaskensis

Fig. 3 Species and population classification
from leaf reflectance spectroscopy. (a) Mean
reflectance values for each species. (b)
Confusion matrix from the partial least
squares discriminant analysis (PLS-DA) model
discriminating species. (c) Mean reflectance
values for each population. (d) Confusion
matrix from the PLS-DA model discriminating
populations. For the spectra plots: DAJ,
Dryas ajanensis; DAK, D. alaskensis; and DX,
hybrids. In the confusion matrices, the
number in each cell represents the proportion
of scans from the reference class (row)
classified into the predicted class (column).
Correctly classified scans fall into the
diagonal and misclassifications are off-
diagonal. White cells represent zeroes. The
proportion of correct identifications are
indicated by the size and shade of the orange
squares. Site name acronyms: ESTM, Eagle
Summit and Twelve Mile; WDB, Wickersham
Dome B; BG, Bison Gulch; MD, Murphy
Dome; WD, Wickersham Dome A and
Wickersham Dome B.
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ancestry from the spectra, and the models explained 91% of the
variation in the ancestry of the individuals. This is a novel and
alternative approach to spectral classification of taxa that is a
promising direction for dynamic analyses of hybrid zones and
broader analyses of population structure and admixture. This
analysis was also successful in revealing spectral similarities within
species sampled from multiple sites and the intermediate spectral
values of hybrid individuals (Fig. 5).

Third, the genomic resolution of species- and population-level
structure was captured very well by the spectral reflectance data,
which were used to classify leaves to their populations with
98.9% average accuracy (Fig. 3d). The PLS discriminant analysis
(PLS-DA) models successfully classified leaves from populations
Eagle Summit plus Twelve Mile (ESTM) and Wickersham
Dome (WD) to their correct species with 97.8% (D. ajanensis-
WD) to 99.7% (D. alaskensis-ESTM) accuracy despite these pop-
ulations spanning two sites (Fig. 3d). Our classification of these
six Dryas populations was more accurate than the discrimination
of four populations of Quercus oleoides grown in a common gar-
den (Cavender-Bares et al., 2016). Conversely, our ability to clas-
sify these populations is comparable to the classification of
Populus tremuloides genotypes from aerial imaging spectroscopy
(Madritch et al., 2014), which further demonstrates the ability of
spectra to detect fine-scale genetic diversity in situ.

Lastly, we accurately classified species identities from
reflectance spectra of D. alaskensis and D. ajanensis that co-

occurred (Fig. 3b), and we observed near-perfect classification
accuracy (99.7%) when we trained the models without hybrids.
We classified these two species of Dryas from leaf reflectance spec-
tra more accurately than reported for classifying Quercus species
(Cavender-Bares et al., 2016); however, the difference in the
number of species included in the models (two species of Dryas
vs 28 species of Quercus) and the differences in sample prepara-
tion (dry Dryas leaves vs fresh Quercus leaves) may account for
the differences in model accuracy. The accuracy of our models
that classified both of the Dryas species and the hybrids were less
accurate than previous studies that classified aspen (Populus; Dea-
con et al., 2017) and bloodwood (Corymbia; Abasolo et al., 2013)
species and hybrids.

The most accurate classification model of our study (99.8%
overall accuracy) discriminated samples by their collection sites
alone (Fig. S4). An initial reaction to this could be that we were
classifying the environment as opposed to genetics, but this
model actually added the signal from genetics with any signal
from site-based environmental factors. The confounding effects
of environmental factors on phenotype was directly observed only
in the few instances where taxa were misclassified as a different
taxon belonging to the same site, which was rare and mostly
involved hybrids (Fig. 4). Although it would be desirable to
understand the environmental vs genetic components of the
observed variability, the unanticipated covariance of genetic
structure with mountaintop sites in this Dryas system is not

Fig. 4 Confusion matrix from the partial least
squares discriminant analysis (PLS-DA) model
discriminating samples by species and
collection site. Row and column names are
acronyms for the site of collection: BG, Bison
Gulch; ES, Eagle Summit; MD, Murphy
Dome; TM, Twelve Mile; WDA, Wickersham
Dome A; WDB, Wickersham Dome B. The
numbers in each cell correspond to the
proportion of classifications per row
averaged over 100 iterations. Larger squares
and darker shades of orange indicate larger
proportions of scans classified as the
corresponding cell. White cells correspond to
true zeros, and zeros indicate proportions
< 0.001. Correctly identified species and
collection site combinations are represented
in the diagonal and misclassifications are
found on the off-diagonal.
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conducive to such an analysis. Nonetheless, we provide multiple
lines of evidence that fine-scale genetic diversity is an identifiable
signal in the spectra.

Our analysis of trait correlations was an effort to understand
why hybrids failed to achieve classification accuracies as high as
parent taxa (80% vs 92–96%; Fig. 3b). This analysis indeed
showed that hybrid leaves overall had very weak correlations
among several taxonomically informative traits compared to
leaves of parent species, as would be expected from the differen-
tial inheritance and expression of alleles in hybrid individuals
(Guo et al., 2004; Cheng et al., 2011). However, we did not clas-
sify hybrids poorly at every site, and the average classification
accuracy of 80.3% is most likely pulled down by 41.3% of
hybrids from ES being classified as D. alaskensis from ES (Fig. 4).
This may be because the genetic admixture of the hybrid sample

ES03_DX was 31.5% (Fig. S1b) – the least balanced hybrid we
sampled – and the leaf morphology of both ES hybrids leaned
toward D. alaskensis (glandular trichomes, sparse tomentum, little
to no midvein scales). In contrast to the ES hybrids, the TM and
WDB hybrids were classified quite accurately (88.4–99.5% accu-
racy; Fig. 4). The two samples from TM had genetic admixture
close to 50% (47.2% and 47.7%), and the five samples from
WDB had admixtures ranging from 36.2% to 48.1%; WDB
hybrids showed a range of admixture but benefitted from a larger
sample size.

In a similar study, three hybrid aspen individuals with inter-
mediate leaf morphology between parent species were classified
using spectra with 94–99% accuracy (Deacon et al., 2017). How-
ever, > 900 individuals representing several Corymbia hybrid taxa
could be classified using 30 morphological traits with only 9.5–

Fig. 5 Predicted Dryas alaskensis ancestry
from spectral reflectance vs genomic
ancestry. The points indicate the mean
predicted ancestry for each individual plant,
and the bars represent the full range of
ancestry predicted from individual scans per
plant. The diagonal line represents the 1 : 1
perfect relationship between predicted and
actual values. Note: The D. ajanensis
individual in the top left of the plot had only
one scan after the spectral clean-up
procedure.

Fig. 6 Pairwise correlations between
taxonomically informative leaf traits. (a) Trait
correlations among leaves of the parent
species, Dryas ajanensis and D. alaskensis.
(b) Trait correlations among leaves of
hybrids. More detailed descriptions of traits
are found in the Materials and Methods
section. Blue, negative correlations; red,
positive correlations; shading corresponds to
the magnitude of the correlations.
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76% accuracy, but these morphologically challenging and incon-
sistent hybrid taxa could be classified using spectra with 72–
100% accuracy (Abasolo et al., 2012, 2013). In summary, we
should expect classification accuracy of genetically or morpholog-
ically inconsistent hybrids to improve when more individuals are
scanned – a standard effect of sample size in statistical classifica-
tion (Foody, 2009). Our study design differs from the others
because we were not focused primarily on hybrid taxon classifica-
tion, so our hybrid sample sizes were determined by their relative
abundance along a transect.

We have shown that closely related, co-occurring plant
species, their hybrids and their populations can be distinguished
by the way light is reflected from their leaves. Our study
extends the body of evidence on the utility of leaf-level spectral
profiles by showing that they can successfully detect fine-scale
genetic variation and, thus, can be applied to all levels of bio-
logical diversity above the level of the individual (Bickford
et al., 2007; Madritch et al., 2014; Cavender-Bares et al., 2016;
Meireles et al., 2020). Scaling biodiversity detection from leaf-
level spectra to remotely sensed imagery comes with challenges
that should not be understated, such as the presence of pixels
that contain multiple individuals of different species (Rocchini,
2007; Wang & Gamon, 2019). However, the fact that fine-
scale evolutionary diversity is captured by the spectrum of a leaf
– a fundamental biological unit – suggests that assessing genetic
variation using remote sensing should be possible if scaling
methods improve and higher spatial resolution spectral images
become more widespread. Likewise, the fact that hybrids can be
accurately classified from spectra indicates that spectroscopy
could be leveraged for studying plants along hybrid zones and
accelerate the study of speciation, functional ecology and com-
munity interactions (Evans et al., 2012; Abbott, 2017; Camp-
bell et al., 2018).
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