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Abstract

Knowing which drivers affect the spatial distribution of hybridizing species and their admixed individuals on local or
regional scale can leverage our understanding about processes that shape taxonomic diversity. Hybridizing white oak
species (Quercus sect. Quercus) represent an ideal study system to elucidate which environmental factors determine
their relative abundance and admixture levels within admixed forest stands. To elaborate these relationships, we used
58 species-diagnostic single-nucleotide polymorphism (SNP) markers and high-resolution topographic and soil data to
identify the environmental factors associated with taxonomic composition of individuals and populations in 15 mixed
stands of Q. petraea and Q. pubescens in the Valais, an inner-Alpine valley in Switzerland. At the individual tree level,
generalized linear models (GLMs) explained a relatively small part of variation (R?=0.32). At the population level,
GLM s often explained a large part of variation (R*=0.54-0.69) of the taxonomic indices. Mean taxonomic composition
of the sites depended mainly on altitude and geographic position. Moreover, the more within-site variation we found
in predictors related to topographic position, the higher was the average genetic admixture of single trees. Our results
show that a multitude of topographic and edaphic factors affect the taxonomic composition and admixture levels of
these two hybridizing oak species on local scale and that regional heterogeneity of these factors promote taxonomic
diversity and admixture. Overall, our study highlights the prospects of using tailored genetic resources and high-resolution
environmental data to understand and predict taxonomic composition in response to changing environments.
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Introduction

A central question in evolutionary ecology is which
environmental factors drive the spatial distribution of
Communicated by J. Chen species. Ecological niche models (ENMs), also called
species distribution models (SDMs), have traditionally been
used to address this issue and have given insights into the
ecological and evolutionary processes that determine species
distribution on mostly large spatial scale (reviewed in, e.g.,
Elith and Leathwick 2009; Guisan et al. 2017). However,
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Classically, hybrid complexes have been described as
systems in which the two parental species persist along
spatial and/or environmental gradients, with a hybrid zone
in-between where hybrids are constantly produced and may
even have a fitness advantage compared to their parental
taxa (Abbott 2017). For example, the two parental species
carrion and hooded crows (Corvus corone and C. cornix)
have clear distributions in Eastern and Western Europe,
respectively, and co-occur in a narrow range in Central
Europe (Vijay et al. 2016), building a hybrid zone that is
maintained by assortative mating and social marginalization
(Randler 2007). In forest trees, such hybrid zones can be
found over short or long spatial and environmental gradients
like altitude, latitude, or soil moisture, for example, in
the genera Abies, Picea, Populus, and Quercus (Abbott
2017). For instance, species integrity in Sitka, white, and
Engelmann spruce (Picea spp.) in British Columbia is likely
maintained by environmental selection in parental habitats,
but hybridization and introgression can be found along
fine-scale environmental gradients (Hamilton et al. 2015).
In some cases, parental species and their hybrids can also
occur in local sympatry. A classic example is the species
complex of Louisiana Irises (Iris spp.), where species have
clear ecological niches, but can be found, together with their
hybrids, in sympatry within only a few meters (Cruzan and
Arnold 1993). It has been shown that the spatial arrangement
of the different taxa is non-random but, among others,
associated to micro-environmental conditions and assortative
mating (Cruzan and Arnold 1993; Johnston et al. 2001).

To answer the question which environmental factors
are driving taxonomic composition and admixture within
and between closely located populations of hybridizing
species, one ideally studies a set of natural populations
that (a) show high taxonomic variation (characterized by
accurate species-diagnostic genetic markers), (b) span a
large environmental gradient (described by high-resolution
environmental data), but (c) are closely situated to exhibit
historical and contemporary gene flow and admixture.
European white oaks (Quercus sect. Quercus), in particular
Quercus petraea, Q. pubescens, and Q. robur, represent an
ideal study system to tackle this question. These species
differ in their habitat requirements (e.g., Rellstab et al.
2016b), co-occur in mixed stands (e.g., Lepais and Gerber
2011; Rellstab et al. 2016a; Truffaut et al. 2017), and are
known to hybridize and back-cross (e.g., Curtu et al. 2007a;
Lepais and Gerber 2011; Leroy et al. 2017).

Various studies exist on the taxonomic composition, and
admixture of white oak stands on local and regional scale.
For example, using paternity analysis, Curtu et al. (2009)
studied hybridization and introgression in a Romanian
mixed forest stand containing four white oak species (Q.
frainetto, Q. petraea, Q. pubescens, and Q. robur) and found
that asymmetric gene flow due to reproductive barriers and
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relative abundance of the parental species has led to a mosaic
of oak taxa on fine spatial scale. Lepais and Gerber (2011)
investigated hybridization and introgression in a mixed stand
of four white oak species (Q. petraea, Q. pubescens, Q. pyr-
enaica, and Q. robur) in southwestern France and discov-
ered that species integrity was retained despite interspecific
gene flow, but also detected asymmetric introgression by
unequal contributions from pollen donors. Truffaut et al.
(2017) used demographic monitoring and genetic methods
to study adult and juvenile trees in one large mixed stand
of Q. petraea and Q. robur in western France and showed
ongoing hybridization and succession processes (from Q.
robur to Q. petraea) on a fine spatial scale. All of these stud-
ies have not directly assessed the association of taxonomic
composition and levels of admixture with environmental
(micro-)conditions as potential drivers. More recently, Fu
et al. (2022), using genome wide data, found that adaptive
introgression between two widespread Asian non-white oak
species, Quercus acutissima and Q. variabilis, was, among
others, driven by environmental factors.

Species identification based on leaf morphological
characters is notoriously difficult in white oak species,
especially in Q. petraea and Q. pubescens where
hybridization is abundant and leaf morphological characters
can be highly overlapping (e.g., Bruschi et al. 2000; Rellstab
et al. 2016a; Viscosi et al. 2009). Consequently, several sets
of molecular markers have been developed to distinguish
white oak species and classify admixed individuals
(e.g.,Guichoux et al. 2011; Kampfer et al. 1998; Steinkellner
et al. 1997). However, especially with microsatellite
markers, the assignment of and differentiation between Q.
petraea and Q. pubescens remains difficult (e.g., Curtu et al.
2007b; Neophytou 2014; Rellstab et al. 2016a). These two
species exhibit a short phylogenetic distance in combination
with extensive contemporary gene flow following recent
secondary contact after a period of isolation (Bruschi
et al. 2000; Leroy et al. 2017). However, the recently
developed set of species-discriminatory single-nucleotide
polymorphisms (SNPs) of Reutimann et al. (2020), based
on reference individuals from across the European continent,
has substantially improved species assignment, leading the
way to accurate estimates of admixture levels.

Here, we used these species-diagnostic SNPs (Reutimann
et al. 2020) together with high-resolution topographic and
soil data to identify the environmental factors associated
with individual taxonomic assignment, population-specific
taxonomic composition, variation in taxonomic composition,
and levels of admixture in 15 mixed stands of Q. petraea
and Q. pubescens. The study took place in an area of about
7 km X 30 km in the Valais, the inner-Alpine upper Rhone
valley in Switzerland. This valley is characterized by steep
and rugged terrain that offers large gradients in topography
and soil characteristics. It has been previously shown that Q.
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petraea and Q. pubescens co-occur and are admixed in this
region (Gugerli et al. 2008; Rellstab et al. 2016a; Reutimann
et al. 2020). Specifically, we addressed the following ques-
tions: (1) Do microclimatic environmental conditions allow
to predict the taxonomic assignment of single trees? (2) Do
environmental variables on regional scale (i.e., at popula-
tion level) predict the taxonomic composition of popula-
tions? (3) Does environmental variation within population
influence the taxonomic variation within the population? (4)
Does environmental variation within population influence
the admixture levels within the population?

Materials and methods
Study system

The two European white oak species Q. petraea (sessile oak)
and Q. pubescens (pubescent oak) belong to the subgenus
Quercus and are monoecious trees that occur over large
areas throughout Europe. Sympatric white oak species
have undergone extensive cytoplasmic exchange (Petit
et al. 1993), and especially Q. petraea and Q. pubescens
are known for elevated levels of interspecific gene flow
(Gerber et al. 2014; Salvini et al. 2009). Despite little
genetic and morphological differentiation (Bruschi et al.
2000; Rellstab et al. 2016a), the two parental taxa normally
occupy slightly different, but overlapping habitat types.
Quercus pubescens was shown to be more resistant to
drought-induced air embolism than the more widespread and
generalist Q. petraea (Cochard et al. 1992) and can survive
extreme drought events (Galle et al. 2007). In addition,
Q. pubescens generally occurs under warmer atmospheric
temperatures and higher soil pH than Q. petraea (Leroy
et al. 2020). Quercus robur, the third species included in
the present dataset, but not a focus of the analyses, thrives on
deep and moist soils and mainly occupies riparian hardwood
forests. Regionally, it is mainly found in the westernmost
part of the Valais, i.e., outside our study region.

The Valais, an inner alpine valley of Switzerland and
the home of our study populations, provides suitable and
overlapping habitats for both targeted white oak species and
represents an ideal study area to investigate interspecific
habitat differences on a regional scale. The Valais is char-
acterized by steep slopes and high mountain ranges rising
above 4000 m a.s.1., which shelter the inner part of the valley
from the moist oceanic air masses transported with westerly
and southerly winds. In the main valley, a dry-subcontinental
climate prevails with high insolation, low precipitation (less
than 600 mm precipitation per year), and an annual mean
temperature of about 9.5 °C (period 1961-1990; Mete-
oSwiss). It is also characterized by high daily and seasonal
temperature ranges, low humidity, and a strong precipitation

gradient along the altitudinal gradient, which collectively are
known to have shaped the composition of plant communities
(Korner and Riedl 2021).

Sampling design

Our sampling design consisted of 15 closely located oak
populations (238 individuals included in the final analysis)
in the central Valais (Fig. 1, Table S1) between Grone and
Visp, covering an area of around 210 km? (7 km x 30 km).
The distance between populations ranged from 1.4 to
31.6 km. Populations were selected from a larger set avail-
able from the Swiss Evoltree intensive study site (ISS,
Lefevre et al. 2016, https://www.evoltree.eu/resources/inten
sive-study-sites/sites/site/valais), maximizing the variabil-
ity of topo-climatic conditions across populations. Six of
the populations (87 trees) were genotyped and taxonomi-
cally assigned in Reutimann et al. (2020); the remaining
nine populations (166 trees) were newly genotyped for this
study. We assessed the geographic position of a reference
point for each population with a hand-held GPS instrument
(eTrex, Garmin, Schaffhausen, Switzerland). The precision
of the localization is commonly at 2-5 m. From each refer-
ence point, we chose the closest, up to six adult oak trees
along transects following the four main wind directions,
leading to leaf samples from 10 to 23 trees per population
for DNA extraction. The position of each tree was calculated
by measuring distance and angle to the reference point with
a laser-based Vertex instrument.

Environmental data

We derived topographic and edaphic data to characterize
environmental conditions in each population at the stand
and individual level. A previous study on a much larger
spatial scale (Rellstab et al. 2016b) showed that soil water
characteristics (described by topographic factors here), soil
pH, and other topographic factors like slope differ among the
habitats of white oak species in Switzerland. The original
dataset consisted of geographic position, 14 topographic
factors and one edaphic factor (Table S2), which were then
reduced to 13 variables (Table 1, and see below).

For topography, we used a 2 m digital elevation model
(swissALTI3D with a vertical precision of about+0.5 m;
https://www.swisstopo.admin.ch/en/geodata/height/alti3d.
html) to derive 14 variables (Table S2) at 4 m resolution
based on biological hypotheses and their informative
power on local scale (Leempoel et al. 2015). We generated
morphometric, hydrologic, and radiation grids for
Switzerland using SAGA 6.2 (Conrad et al. 2015) and
extracted these variables with a bilinear interpolation
method using the package RASTER v. 3.6.2 (Hijmans 2019)
in R 4.0.2 (R Development Core Team 2020).
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Fig. 1 Sampling design and
taxonomic characteristics of
the 15 Quercus sect. Quercus
populations. a Map of sampling
locations represented as pie
charts, which indicate mean
genetically assigned taxon
proportions (colors of charts)
and admixture index (S, size of
charts) averaged per population.
Numbers correspond to simpli-
fied population labels. b Bar
plot of all 238 sampled trees.
Each vertical bar represents a
single individual and colors
reflect assignment probabilities
to respective taxon clusters.
Red lines show mean S (genetic
admixture) at the population
level. Populations are ordered
from West to East
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Table 1 Environmental variables used as predictors in statistical models. Variables t03, t04, and t05 are proxies for water flow, snow movement,
erosion, and solar radiation (for further details see also Leempoel et al. (2015))

Type (resolution) Variable Description Unit Range
Geographic position  long Longitude Decimal Degrees ~ 7.49 —7.89
lat Latitude Decimal Degrees ~ 46.25 — 46.33
Topography (4 m) t0lalt Altitude m 577.9 -1317.8
t02slp Slope Degrees 3.31-43.33
t03asp Eastness, aspect Degrees 15.05 -339.40
t04vcu Vertical curvature (topographic convexity) Degrees/m -0.06 —0.06
t0O5hcu Horizontal curvature (topographic concavity) Degrees/m -0.24-0.55
t08tpi Topographic position index (topographic exposure) No unit -10.12-10.53
t09vrm Vector ruggedness measure (topographic heterogeneity)  No unit 0.00 - 0.06
t10twi Topographic wetness index No unit 1.00 - 4.61
t12sdir Potential direct solar radiation KWh/m? 320,4832 - 520,0987
t13sdif Potential diffuse solar radiation kWh/m? 527,834 - 731,198
Soil (25 m) pH Soil pH No unit 4.65-6.95

To include the edaphic dimension, we derived a topsoil
pH layer for the forested area of Switzerland (Baltensweiler
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et al. 2021). This layer is based on 1944 forest soil profiles
sampled by the Swiss Federal Research Institute WSL over
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the period from 1989 to 2018. We applied a random forest
model implementation from the R-package carer v6.0-68
(Kuhn 2008), in which we used 80% of the soil profiles as
training set and 20% as independent validation set. A total of
126 predictors were used as soil-forming factors to describe
geology, topography, climate, and vegetation. The R? of the
validation set was 0.37, and the root mean square error was
1.08. The spatial resolution of the final pH layer is 25 m and
is based on all soil profiles. Extraction was then carried out
as described above.

The generalized linear models (GLMs) used below allow
for n-2 predictor variables, where 7 is the number of sam-
pling sites. Since we included 15 populations in this study,
we reduced the set of 17 predictors described above to 13
predictors. Moreover, we wanted to exclude redundant infor-
mation and limit collinearity in statistical models. To do so,
we performed pairwise Pearson’s correlations between all
environmental variables (Table S2) and applied the follow-
ing rules to keep descriptors; (i) secondary (i.e., derived)
variables that were highly correlated (+>10.75) with primary
variables were removed (e.g., slope retained over morpho-
metric protection index), and (ii) when two primary vari-
ables were highly correlated (r>10.751), we selected the one
we considered biologically more relevant to test our hypoth-
eses (e.g., direct solar radiation preferred over sky view fac-
tor). Based on this procedure, we retained 13 environmental
variables for downstream analyses (Table 1, Table S2). All
the retained variables were scaled and centered before per-
forming the analyses.

Genotyping and taxonomic assignment

Extracted DNA was retrieved from the EvolTree DNA
repository (Stierschneider et al. 2016). All samples were
genotyped with a set of 58 unlinked, species-diagnostic
SNPs described in Reutimann et al. (2020). These SNPs
were shown to reliably discriminate between Q. petraea, Q.
pubescens, and Q. robur and allow to estimate admixture
levels of individuals and populations. Samples with more
than 10% missing data were excluded from the analyses.
The taxonomic status of the genotyped individuals was
assessed with the species assignment approach described in
Reutimann et al. (2020). In brief, we used the training set
(n=194) developed in Reutimann et al. (2020) to assign
the samples with STRucTURE (Pritchard et al. 2000) using
the USEPOPINFO parameter. When USEPOPINFO is
turned on, information of individuals with POPFLAG =1
(here training individuals) is used to group the remaining
individuals. This ensures that individuals are assigned to
predefined clusters and makes results more comparable and
interpretable than without using the POPFLAG parameter.
STRUCTURE was run with K=3 (number of clusters, i.e., spe-
cies), 10 iterations, and 1,000,000 repetitions after a burn-in

period of 100,000 runs. For each individual, we obtained
assignment probabilities to each of the three taxa included
in the training, which are similar to co-ancestry coefficients,
i.e., the proportion of the genome that derives from each of
the three species. These assignment probabilities were used
to calculate the Shannon’s diversity index (S) as an indicator
of admixture within individuals. This index is scaled from
zero to one, where a value of zero indicates no admixture
and one means that an individual is fully admixed, i.e., it has
equal assignment probabilities for all three species.

In the present study, we concentrated on assignment
probabilities of Q. petraea and Q. pubescens. The third spe-
cies, Q. robur, was only found in very low proportions (27
out of 238 trees show Q. robur probabilities of above 10%
and maximal 30%; Fig. 1) and was thus not used as a main
objective in the analyses. However, because they are part
of the natural hybrid complex in white oaks, assignment
probabilities of Q. robur were not removed from the data-
set. Assignment probabilities of Q. petraea and Q. pube-
scens therefore do not necessarily sum up to 100%, and all
analyses described below that use assignment probabilities
as response variable were initially performed each for Q.
petraea and Q. pubescens. Moreover, measures of admixture
in individuals and populations, as well as of taxonomic vari-
ation of populations, also include Q. robur fractions.

Model selection

To address the specific questions that were introduced above
and are described below in more detail, we applied two dif-
ferent model selection procedures, using the 13 retained
explanatory variables (centered and scaled) and differ-
ent response variables derived from genetically inferred
assignment probabilities (Q values). We used the Q values
of Q. pubescens as a basis for all the models, since it is the
predominant species in the study area. The results using Q
values of Q. petraea are highly similar and therefore not
reported here. This is due to the fact that the Q values of
the third species, Q. robur, are usually very low, leading to
almost reciprocal Q values for Q. petraea.

Generalized linear models (GLMs) and generalized lin-
ear mixed models (GLMMs) were built with the gamlss
function of the R-package camLss (Rigby and Stasinop-
oulos 2005). The gamlss function is generally used for
more complex generalized additive models; however, in
this study, we used it for GLMs and GLMMs because of
its flexibility to use different distribution families and link
functions and to make the different model estimates better
comparable with each other. A beta family with a logit link
was used to model the distribution of response variables
that are proportions derived from a continuous number
(Douma and Weedon 2019) and a normal family with a
logit link for normally distributed response variables such

@ Springer
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as variances. Random effects were added by specifying
a random intercept model with the random function of
GaMLss. The best explaining models were identified using
a stepwise model selection procedure in both directions
(forward and backward) based on the generalized Akaike
information criterion (GAIC) integrated in the stepGAIC
function (default parameters, GamLss). To further minimize
collinearity between predictor variables, a model result-
ing from the stepwise procedure that contained variables
with a variance inflation factor (VIF) >3 (Zuur et al. 2010)
was run again, excluding the explanatory variable with
the highest VIF as computed with the vif function of the
R-package car (Fox and Weisberg 2019).

To further validate the relevance of the variables included
in the final models after the stepwise model selection pro-
cedure, we applied Bayesian model averaging (BMA) with
the bms function of the R-package BMS (Zeugner and Feld-
kircher 2015). In contrast to the GLMs/GLMMs described
above, BMA does not identify a single best explaining
model, but summarizes all possible (best) models and
thereby provides additional information on the number,
importance and sign of predictors. It uses Markov Chain
Monte Carlo (MCMC) samplers to sort through model space
and to assess the coefficients and posterior inclusion prob-
ability (PIP) of the covariates, posterior model size, and
model probability (PMP). We performed BMA on models
that contained the same covariates as the models before
applying the stepwise model selection described above.
The models were run with default settings, except that the
length of burn-in was set to 1,000,000, number of iterations
to 3,000,000, the number of best models to sample to 1000,
and a uniform model prior was used. GLMM:s could not
be validated with this approach, as the inclusion of random
effects is not possible with the BMS package. Posterior
means of model coefficients produced by this procedure tend
to underestimate the coefficients because they represent the
coefficients averaged over all sampled models, including
the model in which the variable was not included (Zeugner
2011). The values of posterior mean coefficients can there-
fore not be directly compared to coefficient estimates result-
ing from the stepwise model selection procedure, but the
sign of the coefficients can be validated.

We implemented the following models to address our
specific questions:

Question 1: Do micro-environmental conditions pre-
dict the taxonomic status of single trees? To answer
this question, we used the 13 environmental descriptors
(Table 1) to predict the taxonomic status of single trees
(Q values of Q. pubescens). The first statistical model
represents a GLM produced by the stepwise selection
procedure that ignores site-level effects:

Model 1a: Q value ~environment.

@ Springer

The second model represents a GLMM that accounts
for site-level effects. By introducing a random intercept,
factors that describe the within-site distribution of trees
can be identified, independent of the absolute levels of
environmental descriptors. Different preferences among
taxa are analyzed within sites, and not across all sites.
Model 1b: Q value ~ environment + (1lsite).

Question 2: Do site-level environmental variables
predict the taxonomic composition of the populations?
To answer this question, we used a GLM with mean
environmental values as explanatory variables and mean
Q values as response variable:

Model 2: mean(Q value) ~ mean(environment).

Question 3: Does environmental variation within sites
influence the taxonomic variation of the populations?
To answer this question, we used a GLM that tests the
effect of variation (expressed as standard deviation, sd)
in environmental predictors on the variation in Q values:
Model 3: sd(Q value) ~ sd(environment).

Question 4: Does environmental variation within sites
influence the admixture levels within the populations?
To answer this question, we used a GLM that tests the
effect of variation (expressed as standard deviation, sd) in
environmental predictors on average admixture level S of
trees in a population. Model 4 is different from Model 3
because it looks at individual admixture, not population-level
variation in assignment probabilities.

Model 4: mean(S) ~ sd(environment).

Results
Genotyping and taxonomic assignment

Of the 166 trees newly genotyped in this study, 15 were
removed due to an excessive proportion of missing data. The
final dataset consisted of 238 individual genotypes from 15
populations (Fig. 1). Mean Q values of Q. pubescens of the
populations were between 0.36 and 0.91 (median=0.76).
Based on a Q value threshold of 0.9 as in Reutimann et al.
(2020), we identified 75 Q. pubescens and seven Q. petraea
trees; the remaining 156 trees were identified as presumably
admixed. Individual admixture values (S) ranged from 0.08
to 0.98 (median=0.47) and population means of § (Fig. 1)
ranged from 0.29 to 0.67 (median=0.49).

Environmental data

The scaled and centered environmental variables showed
high variation within and between populations (Fig. 2).
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Fig.2 Overview and distribution of the scaled and centered environmental variables used in the statistical models. Individual values are colored
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Mainly the topographic variables with a resolution of 4 m
revealed ample variation within populations, which was
less so for geographic position, altitude, and soil pH, the
latter being based on a lower spatial resolution than the
topographic variables.

Statistical modelling

At the individual level, the GLM applied with a stepwise
procedure for model selection (Model 1a) explained a
relatively small part of the variation (R’>=0.32, Fig. 3,
Table S3). However, six topographic factors had a significant
effect on Q values. The most significant variable was altitude
with a negative effect, meaning that trees at high altitude were
genetically less Q. pubescens-, but more Q. petraea-like.
Altitude was followed by pH, vector ruggedness measure, and

potential diffuse solar radiation, all having a positive effect on
individual Q. pubescens Q values. Horizontal curvature and
eastness had a weak but significant negative impact on the
proportion of Q. pubescens in individual trees. Importance
and sign of the top predictors were strongly confirmed by
BMA (Fig. 4, Table S4); for example, altitude and pH, in this
order, were always included in the 100 top models, followed
by vector ruggedness and solar radiation. The most likely
model consisted of the first three predictors.

Adding a site identifier as random effect to the indi-
vidual model (GLMM, Model 1b) led to an increased R? of
0.45 (Fig. 3, Table S3). Hence, accounting for differences
between sites revealed that other factors might be impor-
tant in determining the individual taxonomic composition
within populations. In addition to pH (positive), vector
ruggedness (positive), and horizontal curvature (negative)
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Fig. 3 Plot of significant model ;
term coefficients included in the t13sdif R
selected models and their 95%
confidence intervals (*P <0.05, t12sdir * %k
*#*P<0.01, and ***P <0.001).
Model 3 (sd(Q) ~sd(E)) is not 3
shown because it contained t10twi ¥
no significant terms. See also
Table S3 for more details. Q=0 B ol

t09 ‘
values (species assignment vrm ——
probabilities) of Q. pubescens; % Model
E:env1.ronmenta1 predictors; t08tpi I L & 1a) O-E(R¥=032)
S=admixture level; sd =stand- e ) !
ard deviation; R>=explanatory —% 1b) Q-E+1|site(  R*=0.45)

’ t05hcu Faly
power of the model. For details 8- 2)mean( Q)~mean(E)( R?=0.69)
on environmental factors, see 4)mean( S)~sd(E)( R?=0.54)
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t01lalt XK
ol KK XK
pH * 3k k R
long —_
-0.50.0 0.51.0
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that also showed a significant effect in the Model 1a with-
out random effect, trees with a high topographic position
index and potential direct solar radiation seemed to exhibit
high Q. pubescens Q values within populations. For the
GLMM model, no respective Bayesian model is available.
At the population level (Model 2), mean taxonomic
composition seemed to be mainly driven by the more gen-
eral geographic/topographic variables altitude and longi-
tude (Fig. 3, Table S3). Populations exhibited a higher
proportion of Q. pubescens again at lower altitude and in
more western sites. Horizontal curvature was also included
in the final model but not as a significant term, presum-
ably not having a strong effect on the response variable.
Model 2 explained the most variation of all models with
R?>=0.69. Altitude was confirmed to be a main driver of
mean population Q values of Q. pubescens, as the vast
majority of the posterior model mass inferred by BMA
remained on models that included altitude (Fig. 4),
whereas all other factors were not nearly as frequent in
the top 100 models (Table S4). The most likely model
included altitude, longitude and horizontal curvature.
Even though the model based on variation of environmen-
tal conditions and taxonomic composition (Model 3) showed
high explanatory power (R*=0.53), it did not include any
significant model terms (Table S3). Despite explaining a
high amount of variation overall, this indicates that the vari-
ation of predictor variables has no systematic influence on
the variation of Q values in our study system. PIP values of
0.47 and lower (Table S3) and no strong patterns of model
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inclusion of model terms in the best 100 models in the BMA
support the lack of significant variables in the stepwise
model selection procedure.

Finally, in Model 4, testing the effect of environmental
variation on mean levels of admixture showed an R*>=0.54
(Table S3). Admixture levels were significantly explained
by the variation in topographic position index, topographic
wetness index, and pH (Fig. 3, Table S3), as supported by
the most likely model in BMA (Fig. 4). Whereas variation in
topographic wetness index and pH was estimated to have a
weak negative impact on mean admixture, variation in topo-
graphic position index had a strong positive coefficient and
was also the most important variable in the BMA with a PIP
of 0.63 (Table S4).

Discussion

Environmental variables are commonly used to predict
the habitat suitability and distribution range of species
(Elith and Leathwick 2009), the latter being potentially
affected by changing environmental conditions induced
by, e.g., global warming. However, this type of inference
commonly neglects genetic, intraspecific variation, even
though it is the foundation of species’ evolutionary pro-
cesses. In this context, we show here that taxonomic com-
position and admixture levels of single trees and entire
populations of hybridizing and sympatric white oaks (Q.
petraea and Q. pubescens) are non-random, but correlating
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Fig.4 Posterior model
probabilities of the best 100
models from the Bayesian
model sampling and averag-
ing. Explanatory variables that
were included in models are
represented on the y-axis and
cumulative model probabili-
ties on the x-axis (models are
ordered from left to right, with
decreasing probabilities). Yel-
low and purple colors indicate
that a variable is included in

a particular model having a
positive or negative coefficient,
respectively. White color means
the non-inclusion of a variable.
The more important a variable
is to explain the dependent
variable, the more it is included
in a model, resulting in a high
posterior inclusion probability
of the respective variable. Q=0
values (species assignment
probabilities) of Q. pubescens;
E =environmental predictors;
S=admixture level; sd =stand-
ard deviation. For details on
environmental factors, see
Table 1
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with spatial and environmental (topography and soil) vari-
ation. To our knowledge, this is the first study that uses
a continuous taxonomic gradient rather than distinct spe-
cies borders or taxonomic groups (Khodwekar and Gailing
2017) to model the ecological requirements of different
taxa, thereby accounting for admixture among species (see
also Létourneau et al. 2018, who used a similar approach
with within-species genetic groups). Remarkably, we
found that environmental factors cannot only explain the
fine-scale taxonomic composition of admixed tree popula-
tions, but also the average admixture level of trees within
these populations. Our study therefore highlights the use
of species-diagnostic markers to assess intra-genera and
interspecific diversity, which can then be connected to local
environmental conditions to support taxonomically diverse,
adapted, and resilient forest stands.

Model comparisons

To strengthen our inferences, we compared the applied
model selection procedure to BMA. The latter approach is
especially suited to validate the importance and sign of the
different predictors while accounting for model uncertainty.
Indeed, the GLMs were confirmed by BMA both in terms
of sign of coefficients of the predictors and by the high
congruence of PIP and P values (Table S4). The selected
GLMs were always in the top three most probable models
as inferred with BMA with the exception of Model 3 (testing
variation) that did not include any significant terms.

Predicting the taxonomic status of single trees

Predicting the taxonomic status of individual trees can be
essential in forest management and conservation. For example,
when searching for seed sources for stand rejuvenation or new
plantations, the selection of mother trees may be of prime
importance to ensure a match between the micro-environmental
conditions at source and target location. Similarly, knowledge
about the taxonomy of single trees might be relevant in selective
tree removal in forest management to promote adapted and
resilient forest stands. However, this study shows that such
ambitious goals might be difficult to achieve, because the
explanatory power of Model 1a (R*=0.32) was only moderate.
The following issues could explain this outcome. First, the
applied taxonomic assignment might result in some noise that
cannot be explained by environmental variation. Second, our
environmental predictors (including the exact location of the
individual trees) might not be accurate enough to describe
the microhabitat of single trees. Finally, stochastic processes
and unmeasured factors like human influence (e.g., forest
management), differences in phenology, animal dispersal
vectors, wind patterns, and competition might substantially
influence the spatial arrangement of single trees. The effect of
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competition is supported by the improvement with model 1b
(R2 =0.45) that includes a random factor for site (see below).

Still, there were six environmental predictors that had a
significant effect on the taxonomic status of individual trees
(Model 1a). Most importantly, oaks with a high proportion of Q.
pubescens in their genome were found at low altitude and high
soil pH. Whereas it has been shown that Q. pubescens prefers
more alkaline, calcareous soils (Leroy et al. 2020; Rellstab et al.
2016b), it is not clear whether the link to low altitude comes
from its tolerance for very warm conditions (Leroy et al. 2020)
or whether our sampling setup partly ignored populations of
Q. pubescens at high altitudes, where this species is known to
occur. Of the topographic factors, topographic heterogeneity
(ruggedness) and direct solar radiation had the strongest effect
and were correlated to higher proportions of Q. pubescens in
single trees, the latter confirming a previous result in a large-
scale study at the population level (Rellstab et al. 2016b) and
likely being related to soil temperature and water regime.
When we accounted for site effects by introducing a random
factor (Model 1b), the strong and significant effect of altitude
disappeared, showing that the effect of altitude was mainly
driven at the site level. Those predictors that remain significant
and strong (in this order: pH, ruggedness, diffuse solar
radiation) best explain taxonomic variation within sites and
could be seen as the factors that are important in competition of
the two taxa in occupying different micro-environments within
the sites. Going further, the individual-based models could be
improved by in situ measurements of soil and atmospheric
conditions, which are known to be highly fluctuating locally
on a daily basis in mountainous regions.

Predicting the taxonomic composition
of populations

Since stochastic and unmeasured effects limit our ability to
predict the taxonomic status of single trees, population-level
analyses might be more promising in describing the ecological
preferences of the studied taxa along the continuous taxonomic
gradient. Indeed, population-level analyses of taxonomic
composition and environmental descriptors had a very high
explanatory power (Model 2, R>=0.69). Averaging both
components obviously removed possible noise associated to
the uncertainties discussed in the single-tree models. Again,
altitude was the strongest descriptor in the final model,
with higher genetic fractions of Q. pubescens occurring in
populations at lower mean altitude. Moreover, longitude was a
significant descriptor, with lower proportions of Q. pubescens
in more eastern populations. Such an effect of geographical
location could come from correlation with other environmental
descriptors (specifically topographic position index in this case)
or unmeasured variables (e.g., predominant wind direction).
Overall, the population-level analyses partly confirm the results
of the individual models, but with less significant terms.
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Predicting the taxonomic variation of populations

Because different oak species have different ecological
requirements and tolerances, taxonomically diverse
oak stands should be well equipped for adaptation to
environmental changes through natural selection and
adaptive introgression (Lazic et al. 2021) and be more
resilient to extreme events. Here, we hypothesized that
variation in micro-environmental conditions promotes
such high taxonomic diversity, and that certain
environmental factors are driving this pattern. However,
despite high explanatory power (R*=0.53), we did not
find any significant predictors in Model 3. In other words,
no predictor had a consistent influence on taxonomic
diversity. This points to complex processes that determine
diversity in these sites such as community dynamics,
species interactions, and colonization history.

Predicting the admixture levels within populations

Finally, we tested whether variation in micro-environmental
conditions can predict the mean admixture level of
individuals within a population (Model 4). This model
is different to Model 3, in which taxonomic diversity is
defined as variation within populations, and not within
individuals. All populations considered in this study
showed relatively high levels of admixture (Fig. 1), and
the explanatory power of Model 4 was high (R>=0.54).
Variation in topographic position index (the difference
between the elevation of the focal tree and the mean of
its surrounding environment) was substantially and
positively correlated with admixture levels. Topographic
position index is a proxy for topographic exposure (the
difference of the tree’s elevation to the mean elevation
of a specified neighborhood), and high values might be
linked to extreme temperatures and low soil water content.
Habitat heterogeneity could be linked to admixture
levels in two ways. First, heterogeneous habitats might
represent a fitness advantage for admixed individuals,
because they are genetically more diverse and therefore
might be better equipped for a variety of environmental
conditions than their more specialized parental species.
Alternatively, elevational heterogeneity might promote
admixture processes in mixed oak stands by enhancing
pollen flow within and between sites, similarly as fire-
induced population thinning increased gene flow in Pinus
halepensis (Shohami and Nathan 2014). Contrary, variation
in pH and topographic wetness index actually seem to
impede admixture processes, shown by weak negative
correlation with admixture index S. However, the exact
processes from which such negative correlations can arise
remain unknown.

Implications

In a world of rapid climate change, forest tree species are
especially challenged. Due to their long lifespan and generation
time (Petit and Hampe 2006), they can only slowly adapt to
new conditions (Aitken et al. 2008; Dauphin et al. 2021) and
often show limited dispersal abilities (heavy seeds, animal
vectors) to track their present ecological niche. However, they
normally exhibit very high genetic diversity due to their large
population sizes and massive gene flow by wind pollination
(Petit and Hampe 2006). In large populations, natural selection
is highly efficient, and adaptational shifts can be achieved
in one generation (Saleh et al. 2022). Gene flow allows the
introgression of gene variants that could be beneficial in future
or changing environments, but can also counteract genetic
adaptation (Kremer et al. 2012). In this sense, hybridization
and admixture between species, as studied here, can be an
important component for forests and their present species. We
show here that on local and regional scale, a large, continuous
taxonomic gradient within Quercus sect. Quercus exists. Both
species can be found as pure individuals, but the populations are
clearly dominated by admixed trees. The spatial arrangement
of these continuous taxa is not random, but partly correlated to
(micro-) environmental conditions. Similar findings of a non-
random association of taxonomic gradients and environmental
conditions have been shown in two sympatric red oak species
(Khodwekar and Gailing 2017). This clearly shows that white
oak species should not be considered and managed as pure
species, but be seen as a highly diverse species complex with a
high adaptive potential through hybridization and introgression.
Our data also suggest that habitat heterogeneity promotes
admixture processes that normally result in increased genetic
diversity—an important aspect to ensure resilient and adaptive
forests for ongoing and forthcoming environmental changes.
Finally, from a scientific perspective, incorporating information
about evolutionary lineages, subspecies, or admixture into
SDMs can substantially increase the precision of a species’
predicted tolerance to climate change (Lecocq et al. 2019;
Razgour et al. 2019; Waldvogel et al. 2020).

Limitations

Our study has important limitations that need to be considered
when interpreting the results. First of all, our inferences
are purely based on correlative approaches that do not
necessarily describe causality. This is especially true for the
topographic variables used in the model that are also proxies
for micro-climatic conditions. Moreover, these topographic
characteristics mostly stay constant over time and do not
allow for future projections, unless they are somehow linked
to terrain movements or climatic data. However, climate
projections do not have the required resolution to work on
such a scale. The only alternative are in situ measurements,
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which should be considered in future studies looking at
micro-environmental variation. Second, the findings are
limited to our regional sampling area; inferences on which
environmental factors are generally driving the two species
and their admixture should be treated with caution. Within
our study region, the selected sites only partly represent
the environmental ranges of the two species. Still, many of
our findings, for example, regarding temperature and pH,
are actually congruent with previous findings on a larger
scale (Leroy et al. 2020; Rellstab et al. 2016b). Finally, it
is important to again emphasize that the species-diagnostic
SNPs used here represent taxonomic, and not necessarily
neutral genetic diversity (Reutimann et al. 2020). Although
it is very likely that levels of admixture are highly linked to
genetic diversity, other markers—preferably genome-wide
and much higher in numbers (Fischer et al. 2017)—are needed
to accurately describe genetic diversity, especially within taxa.

Conclusions

Our results show that a multitude of environmental factors
shapes the taxonomic and admixture landscape of these two
hybridizing oak species on local and regional scale and that
heterogeneity of these factors promote taxonomic diversity
and admixture. These outcomes also highlight the need for
individual, in situ measured variables to even better explain the
potential drivers of fine-scale patterns of individual taxonomic
status and genetic composition. Overall, our study stresses the
prospects of studying high-resolution environmental factors and
detailed taxonomic gradients with genetic data for understanding
the ecological and evolutionary processes that shape the local
taxonomic compositions and levels of admixture. Information
on taxonomic gradients can greatly complement SDMs, which
are mostly based on presences and absences of uniform species
and therefore often ignore the existence of admixed individuals,
several ecotypes, and their ecological niches.
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