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Abstract

Natural plant populations often exhibit marked differences in gene expression patterns that can reflect hetero-
geneity in selective pressures. Analyzing gene expression as a quantitative trait provides a unique opportunity
to evaluate the underlying genomic basis of a plethora of traits and their interactions in driving adaptive evo-
lution. We investigated patterns and processes driving expression differentiation under conditions mimicking
future climates by combining common garden experiments with transcriptome-wide datasets obtained from
hybrid populations of Pinus strobiformis and P. flezilis . We found strong signals of genotype-environment
interactions (GEI) at the individual transcript and the co-expression module levels suggesting a marked in-
fluence of drought related variables on adaptive evolution. Overall, survival was positively associated with P.
flezilisancestry, but it exhibited an environment-specific pattern. Co-expression modules exhibiting strong
associations with survival and genomic ancestry were representative of similar functional categories across
both gardens. Using network topology measures, putatively adaptive garden-specific expression traits were
pleiotropic and belonged to modules exhibiting high population differentiation yet low preservation across
gardens. Overall, our study suggests the presence of substantial genetic variation underlying univariate and
multivariate traits in novel climates that may enable populations of long-lived forest trees to respond to
rapid shifts in climatic conditions in early seedling stages when mortality tends to be the highest. Our find-
ing of pleiotropic trait architectures underlying adaptive traits, however, implies rapid adaptive responses
to changing selection pressures depend on whether trait covariances align with the direction of change in
selection pressures.
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INTRODUCTION

Spatial variation in selection pressures leads to ecological specialisation and genetic differentiation among
populations. Such ecological specialisation, often referred to as local adaptation, contributes to biodiversity.
Common garden experiments and provenance trials of numerous species have demonstrated local adaptation
via a fitness reduction when populations are translocated to abiotic and biotic conditions that diverge
from those of their home environment (Clausen et al. , 1948; Savolainen et al. , 2013; Pickleset al.
2015). Common garden studies have also revealed among-population variation for phenotypic plasticity
(i.e., environment-dependent expression of a trait value; Dayan et al ., 2015), which itself is a phenotypic
trait that can be adaptive (Reed et al. 2011). As climate change brings with it drastic mismatches and
interannual fluctuations, variation in phenotypic plasticity among genotypes — referred to here as genotype-
environment-interactions (GEI) — will be a major determinant of survival in the long term (Chevin, Collins
& Lefevre, 2013; Franks, Weber & Aitken, 2014). Despite the abundance of studies investigating local
adaptation and demonstrating GEI, few empirical studies have evaluated the architecture underlying GEI
under novel selection pressures (Etterson & Shaw, 2001). Experimentally, novel selection pressures can be
imposed through space-for-time substitution designs (Pickett, 1989) conducted by using common gardens
located beyond or at the climate margin of a species range (Geber & Eckhart, 2005). Contrary to the larger
contribution of small effect loci towards adaptive evolution in polygenic selection models (Fisher, 1935;
Barghi et al ., 2020), novel selective pressures may disproportionately favor architectures of large effect loci.
Some of these larger effect loci might have pleiotropic consequences, impacting several correlated traits which
may not directly be the target of selection (Orr, 1998). The fitness benefits of pleiotropic architecture are
likely to be transient and dominant only in the early phases of adapting to a new optima, specifically in
species with high migration rates (Battlay et al ., 2023; Hamala et al ., 2021).

Populations of forest trees are often locally adapted (Lind et al ., 2018) with both intra- and inter-specific
variants as key sources contributing towards the architecture of adaptive evolution, specifically under novel
selective pressures (Aitken et al ., 2008; Taylor & Larson, 2019; Bolte & Eckert, 2020). This is likely



because inter-specific gene flow via hybridization can increase additive genetic variation, which influences
trait responses to selection (Falconer & McKay, 1996). Studies in spruce, pine and poplar assessing fitness-
related traits such as height, volume, bud set and disease resistance have demonstrated higher heritability
and phenotypic variance in hybrid populations as compared to non-hybrid populations, as well as increased
hybrid performance in novel environmental conditions (Dungey, 2001; De La Torre et al ., 2014; Suarez-
Gonzalez et al ., 2016, 2018). Investigations of the architecture underlying GEI in novel environments
and the contribution of hybrid ancestry to the evolution of this architecture, however, have lagged behind
traditional investigations of adaptive evolution in forest trees. This is partially because of the difficulty in
evaluating total lifetime fitness due to the longevity of trees.

Combining gene expression with survival — a key fitness component in trees — can help overcome the challenge
posed by the longevity of tree lifecycles. Regulatory elements affecting gene expression disproportionately
drive signals of adaptive evolution, especially for polygenic traits (Mei et al ., 2018). As such, it is expected
that gene expression, which often also shows high heritability and responses to selection (Whitehead &
Crawford, 2006; Eckert et al ., 2013), should be informative about architectures of adaptive evolution in
natural populations. Even before the availability of genome-wide transcriptomic datasets, studies in systems
biology demonstrated that metabolites, proteins, and gene expressions operate in the context of functional
modules and are related to each other through a complex network of interactions (Hartwell et al ., 1999;
Tohge et al ., 2005; Civelek & Lusis, 2014). The modular nature of biological networks permits environmental
cues to target specific functional modules, limiting impact on other modules. Leveraging the modular nature
of gene expression patterns (Hartwell et al ., 1999) and treating gene expression itself as a quantitative
trait (Roberge et al ., 2007) can aid a better understanding of the multivariate architecture underlying
adaptive evolution (Fagny & Austerlitz, 2021). This is enabled by estimation of co-expression networks
(Barabdsi & Oltvai, 2004) using genetic values of expression levels that are treated as quantitative traits
(i.e., one trait per locus). Genetic value is widely used in quantitative genetics as it represents the combined
effect of all the alleles underlying a trait that an individual carries (Falconer & Mackay, 1996). Variation in
genetic value is likely reflective of heterogeneity in selection pressures across the studied genotypes and is
key for facilitating heritable responses to selection. The patterns and strength of connections among traits
in co-expression networks, moreover, is often reflective of differing selection pressures. For example, strongly
connected expression traits located at the core of networks often experience strong selective constraints, while
those with lower connectivity are located at the periphery and often involved in GEI (Cork & Purugganan,
2004; Josephs et al ., 2017). When co-expression networks are constructed using genetic values rather than
raw expression values, the connectivity patterns can be indicative of genetic covariances which are important
components of the genetic architecture (Lande, 1980). We can thus use co-expression networks connectivity
as a surrogate for understanding the relative role of two components of the genetic architecture - pleiotropy
and linkage disequilibrium (LD). Genetic covariances between traits is key in determining the directionality of
response to selection but has received limited attention in climate change studies, partly due to the extensive
and rigorous experimental designs needed (Shaw & Etterson, 2012). Due to the rapid decay of LD in forest
trees (Neale & Savolainen, 2004), high connectivity observed in networks is more likely to be indicative of
strong pleiotropy as opposed to LD.

Our study uses the natural hybrid zone formed between two ecologically divergent species of pine, Pinus
strobiformis Engelm. andP. flexilis E. James, to evaluate signatures of GEI and its contribution towards
adaptive evolution. Both species have broad geographic distributions across western North America, with
hybrid populations inhabiting sky-island ecosystems of New Mexico, Arizona, Texas and southern Colorado
(Bisbee, 2014; Menon et al ., 2018) where they experience ongoing gene flow from P. flexilis(Critchfield,
1975; Menon et al ., 2018). Species distributed in fragmented populations are often vulnerable to extreme
environmental fluctuations due to limited standing genetic diversity preventing adaptive responses (Aguilar
et al ., 2008; Willi et al ., 2006). Previous work in this system has demonstrated no reduction in genetic
diversity despite the high degree of fragmentation (Menon et al ., 2020) which may be the result of adaptive
introgression (Menon et al ., 2021). These findings set the stage for evaluating the effect of interactions bet-
ween interspecific gene flow and novel selective pressures as experienced under changing climatic conditions



on the genomic architecture of GEI in long-lived species.

We were specifically interested in evaluating the performance of the hybrid seedlings to climatic conditions
that diverge from the historical norms of temperature and moisture availability and are similar to those
expected under climate change models. To simulate these novel selective pressures, we utilized a space-for-
time substitution design wherein we planted hybrid seedlings across two common gardens that represented
warm to cool mean annual temperatures on an elevational gradient. Using this design, we tested the following
four hypotheses about the role of GEI towards adaptive evolution employing transcriptome-wide expression
traits at the per-transcript and co-expression module levels:

H1: Sampled populations will demonstrate strong signals of local adaptation at both the per-transcript and
the module level. These will be reflective of heterogeneity in source populations’ environmental conditions
as well as novel selective pressures to which seedlings were exposed at the common gardens.

H2: Environmental differences (see Fig. S1) between common gardens will result in garden-specific patterns
of trait differentiation (i.e., GEI) at both the per-transcript and the module level.

H3: Based on previous work on adaptive introgression in this system (Menon et al ., 2021) hybrid genomic
ancestry will impact GEI at both the per-transcript and the module level.

H4: Traits with low connectivity within the co-expression network will dominate the architecture of ad-
aptive evolution because such traits likely experience weak selective constraints and are more amenable to
physiological fine tuning.

Overall, we demonstrate the prevalence of GEI across the transcriptome of our focal species and the key
role it plays in driving adaptive evolution towards novel climatic conditions. By leveraging the connectivity
patterns of gene expression traits within a quantitative genetic framework, we suggest the initial steps toward
tracking novel climate optima disproportionately involve pleiotropic genetic architectures.

MATERIALS & METHODS
Seed sources, seedling culture, and common garden design

Seeds were collected from 30 maternal trees representing 10 populations (3 maternal trees/population; Fig.
1b) occurring across the Pinus strobiformis - P. flexilis hybrid zone in Arizona, Colorado, New Mexico, and
Texas (Menon et al ., 2018). Cones were dried and processed prior to seed sowing and the first growth season
in the Research Greenhouse at Northern Arizona University as described in Bucholz et al . (2020). Replicates
of each maternal family in two gardens were planted into 107 cm x 117 cm X 91 cm raised bed garden boxes
constructed at two Southwest Experimental Garden Array (SEGA) common gardens in the Kaibab National
Forest, AZ (Fig. 1) also as described in Bucholz et al . (2020). Sets of seedlings from one tree are mixed-sib
families (maternal families), and it is unknown whether seedlings within a maternal family are full or half
siblings. Further details about seed sources and common garden design are detailed in Bucholz et al . (2020).

Seedling sampling

In August 2019, we sampled 90 seedlings per garden (3 siblings/maternal tree) representing 30 maternal
trees originating from 10 populations (3 maternal trees/population) (Fig. 1) across the P. strobiformis-P.
flezilis hybrid zone (Menon et al ., 2018). To evaluate the selective pressures experienced by the seedlings
in the gardens relative to that in their native range we used climate variables at 1 km resolution from
ClimateWNA v6.1 (Wang et al ., 2016). Population-level estimates of climate variables were obtained by
averaging values across the three maternal trees selected per population. During 2019, the high elevation
cold garden experienced drier and colder conditions relative to the values noted across a 60-year period in
the native range of the sampled hybrid populations. The low elevation warm garden, experienced warmer
and drier conditions relative to the sampled populations and relative to the cold garden as well (Fig. S1).
The seedlings in each garden were further exposed to a 50% experimental reduction in growing season
precipitation for three growing seasons prior to sampling in 2019 (see Bucholz et al . (2020) for details).



Transcriptomic dataset

For each seedling, up to three fascicles from the current year’s growth were sampled and flash frozen in
liquid nitrogen for RNA extraction. Tissue sampling was performed across two days with consistent weather
conditions between the hours of 12:00 and 17:00. A maximum of 100 mg of needle tissue per seedling was
ground into a fine powder using liquid nitrogen with a mortar and pestle with 40 mg of polyvinylpyrrolidone
(PVP-40) added. Total RNA was extracted using Spectrum Plant Total RNA Kits (Sigma-Aldrich). Follo-
wing polyA tail selection to enrich for mRNA, libraries were prepared following standard protocols for the
NEBNext Ultra IT RNA Library Prep (Illumina) and sequenced on the Novaseq6000 platform at Novogene
Corporation (Sacramento, CA).

Raw data were assessed for quality using fastqc and trimmed to remove adapters and low-quality reads using
TrimGalore v.0.6.4 (Krueger, 2015). Due to lack of a well-annotated genome from a closely related species,
we built a de novo transcriptome assembly using Trinity v.2.8.5 (Grabherr et al ., 2011; Haas et al ., 2013)
with ak -mer length of 24 and a minimum contig size of 300bp. Further details about the assembly pipeline,
filtering steps, quality assessment and annotations using EnTAP (Hart et al ., 2020) are detailed in the
Supporting Information (Methods S1).

Estimation of hybrid ancestry and population structure

We obtained genomic DNA from 270 trees using DNeasy 96 Plant Kits (Qiagen). These trees included the
30 maternal trees described above along with 154 parental P. strobiformis and 86 parental P. flexili s trees
(Menon et al ., 2018; Fig. S2a). Following the ddRADseq library preparation detailed in Parchman et al
. (2012), we size selected 300-400 bp regions and performed single-end sequencing (1 x 150 bp) on the
Iumina HiSeq 4000 platform (Novogene Corporation) for multiplexed sets of 96 trees. The resulting data
were processed using dDocent v.1.0 (Puritz et al ., 2014) as in Menonet al . (2018, 2021) to obtain genotype
calls. Following post-filtering steps implemented in VCFTOOLS v.0.1.153 (Danecek et al ., 2011) and custom
functions (Methods S2), we obtained 23,261 SNPs. We used this full dataset of 270 individuals and 23,261
SNPs to estimate hybrid ancestry through the genotype likelihood-based clustering algorithm implemented
in NGSAdmix (Skotte et al ., 2013), with the number of clusters (K) set to the two hybridizing species (K
= 2). We estimated multilocus F gt from 11,432 of the 23,261 SNPs that were polymorphic across the 30
maternal trees using the method of Weir and Cockerham (1984) as implemented in the hierfstat v.0.04-22
package (Goudet, 2005) in R v.4.0.2 (R Core Team, 2020).

Estimation of maternal expression trait values

Prior to conducting further analyses using the initial 47,651 transcripts obtained after a series of standard
filtering steps (Methods S1), we normalised read count data for varying library sizes using the trimmed mean
of M values (TMM) approach as implemented with thecalcNormFactors function from the edgeR v.3.14.0
package (Robinson et al ., 2010) in R. We further filtered transcripts that were not expressed across all three
siblings nested within the same maternal tree in either garden. We implemented a linear mixed effects model
for each of the remaining 27,441 transcripts (Eq. 1):

Yijximn = p + Batch; + SYj, + Garden,,| ( Pop, ) + €ijkinm (1)

Fam,,

Here, Yjjumn represents the normalised expression value of a transcript for the ¢ th seedling in thej P

sequencing batch sowed in thek ™ year from the m *Pmaternal tree nested within the I ** population at n **
garden. The global mean across all seedings for a transcript is given by u. The terms Batchand SY are fixed
effects and represent the date of sequencing and year of seed sowing, respectively. The term Fam represents
the maternal tree that is nested within Pop , which represents the source population of the seeds for a
maternal tree. Both Fam and Pop are treated as random effects that are allowed to vary by the fixed effect of
Garden . This linear mixed effect model was fitted using the fit VarPartModel function with log-transformed
normalised counts and precision weights, which are ideal for RNAseq datasets (Law et al ., 2014), obtained
from thevoom WithDream Weights function in the variancePartition v.1.16.1 package (Hoffman & Schadt,



2016) in R. Using the fitted model in equation (1), we obtained garden-specific genetic values for maternal
trees and populations for each transcript.

Assessing per-transcript level signatures of adaptive evolution

We evaluated the among population component of additive genetic variance (Qgsr ) for each transcript given
our quantitative genetic study design (Spitze, 1993). Under neutrality, Qsr should be similar to its genome-
wide equivalent (Fgr ) (Leinonen et al ., 2008). Under spatially divergent selection pressures driving local
adaptation, however, ¢) g should statistically exceedF gr. Using the per transcript variance components
obtained from equation (1), we estimated Qg7 as:

2
QST = ﬁu (2)

where o2 represents the among population variance component and o2, represents the within population
variance component. The constant 6 originates from our assumption that the mixed-sib design is a 50:50
mixture of half and full siblings (Gilbert & Whitlock, 2015). Confidence intervals (CI, 95%) per transcript
per garden were obtained using 1000 parametric bootstrap estimates generated using the bootMer function
implemented in the lme4 v.1.1-28 package in R (Bates et al ., 2015). To address our hypotheses concerning
garden specific patterns of adaptive differentiation at the per-transcript level (H1 & H2), we compared the
0.025 quantile of Qg7 for each transcript with the 0.95 quantile of Fgp and identified transcripts exhibiting
signatures of local adaptation. Since we are primarily interested in the architecture underlying GEI, subse-
quent analyses and our main results focus on three Qgrcategories: (a) conditionally adaptive in cold garden
(Cold-condA), transcripts with Qsr >Fsr only in high elevation garden; (b) conditionally adaptive in the
warm garden (Warm-condA), transcripts withQgr > Fsr only in low elevation garden; and (c¢) adaptive
plasticity (Ad-Pl), transcripts with Qg1 > Fg7 across both gardens and a significant Qs reaction norm (p <
0.05) assessed using a ¢ -test (Fig. 2). For each Qg category, we performed gene ontology (GO) enrichment
analyses using a hypergeometric test with 1000 permutations to compute the family-wise error rate as im-
plemented in the GOfuncR v1.12 package (Grote, 2020) in R. The background for GO enrichment analyses
was the full set of GO terms across all annotated and non-contaminant transcripts from EnTAP (Table S1;
Methods S1).

Assessing co-expression module level signatures of adaptive evolution

Local adaptation is often influenced by trait covariation (O’Brienet al ., 2019), thus modules formed by
sets of strongly correlated transcripts effectively capture the architecture of local adaptation. We used the
estimated genetic trait values for maternal trees from eqn. 1 to construct garden-specific co-expression
networks using WGCNA v1.70 (Langdelfer & Horvath, 2008) in R. This is different from the standard
practice of constructing co-expression networks using raw expression values across tissues, individuals or
environments. Since we are using genetic values and not raw expression levels the co-expression network
can be treated as a proxy for variance-covariance matrix (G -matrix), which has a long history of use in
understanding the genetic architecture of local adaptation (summarized by MacPhersonet al ., 2015). Each
co-expression network consists of modules formed by sets of strongly correlated transcripts. This modularity
permits selection to act on only certain functional categories. Modules formed within each network were
visualised using the prefuse force-directed edge-weighted layout in Cytoscape v.3.8.2 (Shannonet al ., 2003).
We filtered out weakly connected transcripts and edges with weights below the 75" quantile for the module
for clarity (Fig. S3).

Transcripts classified into each module were used to perform GO enrichment analyses using the same ap-
proach as described above for the three () g1 categories of interest. To address our hypotheses concerning
adaptive evolution (H1 & H2) at the module level, we evaluated among-population differences in the co-
expression module using a linear model with the first eigengene of each module as the response variable and
population of origin as the predictor variable. We also assessed the relative representation (RR ) of individual
adaptive transcripts (identified using the @ gr-F gt approach above, Fig. 2) in each module. For modules
detected at the cold garden, we used the Cold-condA as the@ g category, while for modules detected at



the warm garden we used the Warm-condA category. In all cases, RR was estimated as:

NQst—module

RR = —Jax (3

module
Nnetwork

where Ng st -module is the number of transcripts in a module that were also classified under the respective @)
st category, N 4 is the number of transcripts classified under the @ s category (Fig. 2),N module is the total
number of transcripts in a module and N jetwork 18 the total number of transcripts used in WGCNA. Statisti-
cally significant over- or under-represented modules (two tailed test, p < 0.05) were identified by permuting
the transcript labels and calculating 10,000 null RR estimates for each module. For significant modules, we
evaluated whether RR was associated with module size using a Kruskal-Wallis test as implemented with the
stats v. 4.0.1 package in R.

Estimating the effect of environment on among population expression trait differentiation

To further address H1 & H2 at the per-transcript level, we identified climatic drivers of adaptive differentia-
tion for each@ gt category (Fig. 2) using redundancy analysis (RDA) as implemented in the vegan v.2.5.6
package in R (Oksanen et al ., 2013). Following Menon et al . (2021), we classified the environmental variables
obtained from ClimateNA into drought- and freeze-associated variables, as these two axes are likely the pri-
mary selective agents across the hybrid zone populations. To reduce the dimensionality of the environmental
dataset, we performed principal component analysis (PCA) separately for the drought- and freeze-associated
variables and retained PC axes that explained at least 90% of the variance. We used the population-level
estimates of gene expression as the response matrix with the drought-associated PCs, freeze-associated PCs,
and geography as the predictor matrices. Geography was represented by scaled and centered estimates of
latitude and longitude. For each @ st category, we evaluated the effect of the full model that included all
three predictors, as well as the marginal effects of terms when the full model was significant (p < 0.05).

Influence of P. flexilis ancestry on expression patterns and survival

Survival for seedlings was recorded in August 2019 as a binary trait. To obtain maternal tree and population-
level estimates of survival, we fitted a similar linear mixed effect model as used for the expression data, but
with a binomial error distribution (Swenson 2021), as implemented with the glmmTMB v. 1.1.2.3 package
(Brooks et al ., 2017) in R.

To assess the impact of genomic ancestry on adaptive trait differentiation (H3) at the per-transcript level,
we correlated mean population-level estimates of P. flexilis ancestry obtained from NGSAdmix (Fig. S2b)
with population-level expression values for each@ gt category. For Cold-condA and Warm-condA, we used
expression values estimated at cold and warm gardens, respectively. For Ad-PI we used the absolute difference
in expression values across gardens. For each () s category, the observed distribution of Pearson’s correlation
coefficients (r ) was compared against an empirically determined background distribution based on 10,000
permutations that were matched to the expression levels of transcripts in the category of interest. Significant
deviation in the observed dataset was evaluated using the Kolmogorov-Smirnov test implemented in R (p <
0.05). We report results only from a simple permutation test that does not involve expression level binning
since our results were not sensitive to binning and expression levels did not vary much by category (results not
shown). Using a similar approach, we evaluated whether the three@ gt categories deviated significantly from
the background set of transcripts in their association with the estimated population-level survival measured
at the respective gardens and the mean across gardens for the Ad-P1 category. Similarly, we tested the third
hypothesis at the module level by evaluating whether the eigengene expression for a module was associated
with both P. flexilisancestry and survival using a false discovery rate-based multiple testing correction as
implemented in the stats package in R (¢< 0.05).

Connectivity patterns of QsT transcripts and a multivariate perspective on GEI

The positioning of traits within a co-expression network relies on their patterns of connectivity with other
traits. Identifying where adaptive traits fall within the co-expression network can help us understand whe-
ther adaptive evolution proceeds through large pleiotropic effects or through smaller fine tuning of weakly



pleiotropic traits (Jordanet al ., 2004; Des Marais et al ., 2017; Josephs et al ., 2017). Additionally, compa-
ring co-expression networks across environments allows identification of modules targeted by selection and
those that are un-altered by changing environmental conditions, which we investigated by calculating three
measures of connectivity for each expression trait. These reflected intramodular connectivity (kWithin),
connectivity to all transcripts disregarding module membership in the network (kTotal) and the difference
between inter- and intra-modular connectivity (kDiff). Specifically, to evaluate garden-specific patterns of
GEI (H2) from a multivariate perspective, we performed comparative analyses using 10,000 permutations
with the WGCNA package (Langfelderet al ., 2011). We used two aggregate summary statistics to declare
a module as being preserved across gardens. Zgsymmary represents a normalised value of various connecti-
vity and density-based measures following a permutation test procedure, while medianRank simply scores
each module based on the observed preservation statistic. Following Langfelder et al . (2011), we used both
Z summary andmedianRank for inference of module preservation. We declared modules as preserved across
gardens if their Zsymmary scores were higher than 10 andmedianRank scores were below 5.

To assess whether weakly pleiotropic traits dominate the architecture of adaptive evolution (H4), we im-
plemented the network characterization approach developed by Méhler et al. (2017) to define the core of
a module based on the top 10% of transcripts with the highest kTotal. We determined if the observed re-
lationship between Qg categories and connectivity was significantly different than expected by chance by
performing 10,000 permutations. Our permuted sets were matched on bins of expression levels to be represen-
tative of the core transcripts since expression levels are often associated with connectivity in a co-expression
network (Fig. S4).

RESULTS
Transcript and module level signatures of adaptive evolution

At the per-transcript level, estimates of Qg7 across both gardens ranged from 0 to 1 (Fig. 3), with a mean
(£ 1 sd) of 0.31 + 0.37 for the cold garden and 0.374+ 0.38 for the warm garden. Approximately 50% of
the transcripts exhibited differentiation below 0.10 in the cold garden, while 40% were below 0.10 in the
warm garden. Only 20% of the transcripts exhibited strong differentiation (> 0.90) in either garden. The
distribution of Fgr using genome-wide ddRADseq markers was clustered around zero, with a multilocusFisp
of 0.015 (95% CI [0.06, 0.08]) (Fig. S2.c). Using Qs7-Fs7 comparisons, we classified 234 transcripts as Cold-
condA, 344 transcripts as Warm-condA and 26 transcripts as Ad-P1 (Fig. 2) thus supporting H1 and H2 at
the per-transcript level.

At the cold garden, the co-expression network consisted of 22,757 transcripts, which were grouped into
31 modules (Methods S3, Fig S5), with the number of transcripts per module ranging from 75 to 5,668.
At the warm garden, the co-expression network consisted of 23,468 transcripts, which were grouped into
26 modules, with the number of transcripts per module ranging from 96 to 9,410 (Methods S3, Fig S5).
Using the eigengene values of each module, we identified 20 modules at the warm garden and 21 at the
cold garden that were strongly differentiated across populations (Table S3). Of the 20 modules identified at
the warm garden, five were significantly enriched for transcripts classified as Warm-condA (p < 0.05). Five
modules were significantly depleted for Warm-condA transcripts and did not overlap with the 20 strongly
differentiated modules (Fig. 4; Table S3). Similarly, at the cold garden four of the 21 strongly differentiated
modules were significantly enriched (p < 0.05) for transcripts categorised under Cold-condA. Three modules
were significantly depleted (p < 0.05) for Cold-condA transcripts and did not overlap with the 21 strongly
differentiated modules (Fig. 4; Table S3). At the warm garden, the number of transcripts in enriched modules
ranged from 125 to 3,439, while at the cold garden they ranged from 139 to 5668. @) grenrichment or depletion
was not associated with module size across either garden (Cold garden: H = 4.78, df = 2, p = 0.09; Warm
garden: H = 0.68, df = 2, p = 0.71). These patterns of strong module level population differentiation noted
across both gardens render support for H1.

Drivers of adaptive evolution at the per-transcript level

Drought, freeze and geography associated variables jointly explained 50% of the expression variance for the



Cold-condA category, 17% for the Warm-condA category and 19% for the Ad-Pl category (Table 1). The
full model with all three predictors was significant only for the Cold-condA category and this was driven by
geography and drought on the first RDA axis (p geo = 0.004,p drought = 0.011).

Estimates of genomic ancestry for the 30 maternal trees ranged from 0.18 to 1.00 (Fig. S2b), with 100%
genomic ancestry from P. flexilisset at a value of 1.0. Survival estimates ranged from 0.37 to 1.00 at the
Cold garden and from 0.23 to 0.90 at the Warm garden. Across both gardens, estimated survival of maternal
trees was positively correlated with their genomic ancestries (Pearson’s r ; Warm garden: r= 0.24, p =
0.18; Cold garden: r = 0.40, p = 0.02). On average (& 1 sd), population-level expression values were weakly
correlated with population-level estimates of ancestry (-0.02 = 0.31 in Cold garden and 0.02 £+ 0.31 in
Warm garden). Correlation coefficients for individual transcripts, however, ranged from -0.6 to 0.8 for Cold-
condA, from -0.8 to 0.8 for Warm-condA and from -0.6 to 0.4 for Ad-Pl. The cumulative distribution of
correlation coefficients between ancestry and transcript abundance for all categories was not significantly
different from their respective matched background set of transcripts (Cold-condA: D = 0.05, p = 0.702;
Warm-condA:D = 0.03, p = 0.84; Ad-Pl: D = 0.13, p = 0.74). Several transcripts in the Warm-condA and
Cold-condA categories displayed significant associations with ancestry (p < 0.05), but none were significant
after multiple test corrections. No transcript in the Ad-Pl category was significantly associated with ancestry.

Expression values on average (£ 1 sd) were weakly correlated with survival estimates (Cold garden: r =
-0.008 + 0.32; Warm garden:r = 0.029 + 0.33). Correlation coefficients for individual transcripts, however,
ranged from r = -0.68 to 0.76 for Cold-condA, from r = -0.89 to 0.73 for Warm-condA and fromr = -0.42
to 0.55 for Ad-PI category. The cumulative distributions of correlation coefficients for all categories were not
significantly different from their respective backgrounds (Cold-condA:D = 0.073, p = 0.817; Warm-condA: D
= 0.065,p = 0.11; Ad-Pl: D = 0.17, p = 0.39). Similar to the case of ancestry, we identified several transcripts
for the Warm-condA and Cold-condA categories as significantly associated with survival (p < 0.05), although
none passed the multiple testing correction. No transcript in the Ad-P1 category was significantly associated
with survival.

While no GO terms were enriched in either @) gpcategories, significant depletion was noted for GO terms
related to signal transduction and cell communication in Cold-condA, and for hydrolase activity in Warm-
condA (Table S2). Several transcripts related to freeze and drought tolerance, as well as cell wall modulation
were classified under the Cold-condA category. These included VINS ,PPR , XTH and Aquaporins such as
TIP1 (Sung & Amasino, 2005; Raimund, 2015; Tucker et al ., 2018). Similarly, the Warm-condA category
contained transcripts related to drought stress response and photosynthesis, including numerous ERF family
genes, SWEET , WRKY, psbE and multiple auxin responsive elements, such as ARF2 (Lata et al ., 2015;
Zhang et al ., 2020). Transcripts classified in the Ad-PI category, included auxin responsive elements, such
as SAURS50 (Sun et al ., 2016), which is critical for light signaling, a-e£mavow and ABA signaling pathway
family genes, such as LPPD , which have known roles in numerous plant developmental and stress response
pathways (Marowa et al ., 2016). Thus, even without clear relationships between population-level tran-
script abundances, survival, and genomic ancestry by Qg7 category, there were several notable examples of
functionally sensible genes in each Qg1 category consistent with adaptive responses to drought and freeze
gradients. Together with the analyses presented in the previous section these results provide support for
hypothesis H1 and H2 at the per-transcript level but render minimal support for H3.

Drivers of adaptive evolution at the co-expression module level

At the module level across both gardens, we noted a wide range of eigengene correlations with ancestry,
ranging from r = -0.56 to 0.35 at the warm garden and from r = -0.32 to 0.41 at the cold garden (Table
S3). Compared to the association with ancestry, eigengene expression was generally more strongly related
to survival and ranged from -0.50 to 0.72 at both gardens (Table S3). At the warm garden, for example, the
ME11 module exhibited a significant (p < 0.05) negative association with ancestry, as well as with survival
(Table 2), however the association with ancestry was not significant after multiple test corrections. Similarly
at the cold garden, the ME13 module exhibited a significant (p < 0.05) but positive association with ancestry
and survival, however the association with ancestry was again not significant after multiple test corrections



(Table 2). Similar to the case at the per-transcript level, the results at the module level do not support H3.

GO enrichment analysis for modules exhibiting at least one of the following - @ st category enrichment, @ st
category depletion, or strong correlation with ancestry and/or survival -identified a wide range of functional
groups across both gardens (Table 2, Table S2). Across both gardens,@ st category enrichment modules
were predominantly associated with GO terms and genes related to stress response, cell wall modulation and
response to light stimuli. In contrast, @ gt category depleted modules across gardens were predominantly
represented by developmental and metabolic processes. Functional terms associated with metabolic processes
were generally under-represented, and terms associated with response to abiotic stress were generally over-
represented in the modules strongly associated with survival and ancestry at the warm garden (e.g., ME11
module), as well as at the cold garden (e.g., ME13 module). Across both gardens, modules exhibiting the
strongest association with survival (i.e., the ME26 module at the cold garden and ME19 at the warm garden)
were primarily associated with GO terms related to glutathione transferase, detoxification and response to
abiotic stimuli.

Relationship between network connectivity and adaptive evolution

Across both gardens, Qsr was positively associated with module connectivity (kWithin; Cold garden: r
= 0.36, p < 0.0001; Warm garden: r = 0.46,p < 0.0001) and with total network connectivity (kTotal;
Cold garden r = 0.53, p < 0.0001; Warm garden: r = 0.56, p < 0.0001). Additionally, transcripts in the
Warm-condA and Cold-condA categories were significantly over-represented at the core of their respective
modules (Warm garden enrichment = 1.7, p < 0.0001; Cold garden enrichment = 2.5, p < 0.0001), as well
as at the core of the garden-specific network (Warm garden enrichment = 2.0, p< 0.0001; Cold garden
enrichment = 3.9, p < 0.0001) (Fig. 4; Fig. S3). This pattern persisted even after accounting for differences
in expression levels between the core and the periphery transcripts. For most modules exhibiting strong
population differentiation, the transcript with highest @Qgralso had the highest module membership and
hence were located at the module core (Fig. S3). The average Qg7 for core transcripts, however, was higher
than that of the periphery for only 38% of the strong differentiated modules at the cold garden and for only
20% of the differentiated modules at the warm garden (Table S3). Overall, results from our module and
network level relative representation analyses do not support H4.

Only five modules out of the 31 identified at the cold garden and four out of the 26 modules identified at the
warm garden were strongly preserved across gardens using our joint threshold (Table S3; Fig. 4). Generally,
modules enriched for Qg1 categories were weakly preserved across gardens, while Qsrdepleted modules had
consistently strong preservation across gardens (Fig. 4a,c) providing further support for H2 at the module
level.

Discussion
Hybrid zone populations exhibit adaptive potential to novel climatic conditions

Current patterns of genetic diversity in populations of forest trees are outcomes of various evolutionary
processes structured by past events (Hampe & Petit, 2005; Mayol et al ., 2015), which often results in
extant populations exhibiting adaptational lags to their current climate conditions. Although this has been
documented for several tree taxa (Seliger et al ., 2021), it does not necessarily mean these populations
are devoid of adaptive potential. Theory suggests that GEI should be prevalent in populations exhibiting
adaptational lags and those occurring in heterogenous environments (Via & Lande, 1985; Ghalambor et al
., 2007). Sequential founder events, high levels of landscape fragmentation and the associated loss of genetic
diversity, however, can restrict the evolution of GEI (Schmid et al ., 2019).

The populations sampled in this study naturally occur across the fragmented landscapes of the southwestern
United States, where they experience markedly different seasonal and annual means and fluctuations in
environmental conditions, as well as gene flow from a northern congener, P. flexilis (Menon et al ., 2018).
By treating gene expression patterns and resulting co-expression modules as quantitative traits, we revealed
strong signals of garden-specific adaptive trait differentiation (i.e., GEI) thus supporting our first and second
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hypotheses. In general, our estimates ofQ st agree with previously published estimates from studies of
forest trees (Lind et al ., 2018), and more specifically with the estimates obtained using expression datasets
(Roberge et al ., 2007; Leder et al ., 2015). Although the presence of neutral population structure in the
transcriptomic dataset used to construct the co-expression modules could generate false positives, eight of
the strongly differentiated modules were also enriched for various Qgr categories (Fig. 4). We suggest
these are likely true candidates for garden-specific signatures of adaptive evolution, given the overall weak
population structure in this hybrid zone (Menon et al ., 2018).

The signals of local adaptation noted under the novel environmental conditions of our study suggest that
populations of long-lived tree species, such as conifers, might not be limited in their ability to adapt to
rapidly changing climatic conditions. Our results contrast with predictions of extensive future maladapta-
tion suggested for other long-lived tree species such as oak (Browne et al ., 2019), poplar (Fitzpatrick et al
., 2020; Gougherty et al ., 2021) and spruce (Frank et al ., 2017). This contrast may relate to methodolog-
ical differences among past studies and ours. Specifically, by using a space-for-time substitution study we
allow for the architecture of adaptive evolution to reflect response to novel conditions. However, similarities
between the space-for-time substitution design used in the present study and by Fitzpatrick et al . (2020)
and Browneet al . (2019) suggest that our contrasting results might follow from the inclusion of hybrid
populations, which matters because hybrid populations frequently show increased additive genetic variance
(Reif et al ., 2007; Kulmuni, Wiley & Otto, 2023) (Table 2). Nevertheless, we advise caution in the inter-
pretation that populations of long-lived tree species may be more adaptable to novel climates than expected
because the presence of additive genetic variation underlying climatically relevant traits is only one of the
important conditions needed for an adaptive response. Correlations between traits can be modulated by
environmental conditions (Wood & Brodie, 2015) and correlations antagonistic to the direction of selection
can impede adaptive responses (Walsh & Blows, 2009). While this does not seem to be the case in our study,
as is evident through Qg enrichment at the core of the networks and strong co-expression module differenti-
ation, we cannot conclude that evolution is occurring in the direction of the novel selective pressure. Such a
conclusion would require a larger sample size and more thorough quantitative evaluation of the multivariate
trait space.

Drought and hybrid ancestry influence adaptive evolution and generate GEI

Results from our transcript categorisation (Fig. 2) and co-expression module enrichment analyses (Fig 4)
support the second hypothesis of garden-specific trait differentiation. Despite the more arid conditions at
the warm garden, the marginal effect of drought on population-level transcript differentiation was significant
only at the cold garden. The strong impact of drought on population differentiation found here conforms
with previous studies conducted in P. strobiformis (Goodrich et al ., 2016; Bucholz et al ., 2020; Menon
et al ., 2021). While drought was an important selective pressure in both gardens, its effect may have
been exaggerated at the cold garden because of freeze-related rupturing of cell wells during the previous
winter season (Bachofen et al . 2015) leading to elevated susceptibility to drought stress. Given the overlap
in molecular pathways leading to stress tolerance (Blodner et al. 2005) such carry-over effects or cross-
susceptibility may be common across long-lived plants, although the opposite indicating higher tolerance to
the second stressor has also been noted (Kong & Henry, 2019).

The absence of association with freezing stress could be due to global rather than local adaptation (Booker
et al ., 2020) aided by expression of variants introgressed from P. flezilis , strong confounding between
geography and freeze-related variables or compounded effects of drought and freeze stress in the cold garden.
Ongoing work demonstrating higher post-winter survival in the cold garden when compared to the warm
garden (Moler ERV. 2020) as well as a significant association between P. flexilis ancestry and survival in the
cold garden provide some evidence for garden-specific effect of introgressed variants. At the network level, we
noted very limited preservation across gardens using our joint threshold (Table S3; Fig. 4). The modules that
were strongly preserved consisted of transcripts with low garden specific population differentiation and were
generally related to metabolic processes that are likely essential for basic organismal functioning. Overall,
this highlights strong and consistent patterns of GEI.
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At the multivariate level, modules correlated with ancestry were often also strongly correlated with survival
(Table S3; Table 2). Specifically, two Qs enriched and weakly preserved modules — ME24 (warm garden)
and ME13 (cold garden) — were strongly associated with P. flezilis ancestry, as well as with survival, making
the traits and the loci underlying them a key candidate for further detailed studies of GEI (Fig. 4; Table 2).
Furthermore, none of the transcripts encompassing these modules were shared across the two gardens. Since
we sampled the transcriptomes of juvenile hybrid trees, it is possible that some of the strongly differentiated
traits documented here are involved in post-zygotic isolating barriers (Lindtkeet al ., 2014; Zhao et al .,
2014). Overall associations between ancestry and expression levels of the three Qs categories, however, were
not significant. There are at least two potential explanations for these results. First, ancestry estimates were
obtained from a ddRADseq dataset, which although is representative of overall genomic ancestry, provides
less coverage of genic regions in species with large genomes such as pines (Parchmanet al ., 2018). Second,
ancestry was obtained for maternal trees and correlated with the maternal tree’s genetic values that were
estimated using only the surviving seedlings. Given that postzygotic barriers are often expressed in seedling
stage (Ogasawara & Okubo, 2009) resulting in high mortality, it is likely that our design could not fully
capture the impact of ancestry on maternal tree’s genetic expression value as we only used the surviving
seedlings without strong incompatibilities.

Interestingly, the proportion of P. flexilis ancestry was positively associated with survival across both gardens,
but significant only at the cold garden. Survival and ancestry remained uncorrelated to population-level
transcript abundances. These results thus provide only partial support for the third hypothesis of hybrid
ancestry interacting with GEI and highlight the need for an in-depth evaluation mapping expression difference
between parentals and hybrid trees in novel environments. Nevertheless, drawing from our previous work
(Menonet al ., 2021) and the likely wider climatic tolerance of P. flezilis (Windmuller-Campione & Long,
2016), we speculate that the significant correlation between ancestry and survival only at the cold garden is
indicative of P. flexilis -like variants enhancing survival in cooler environments, which aligns with the higher
latitudinal distribution of the species range of P. flexilis thanP. strobiformis .

Transcriptome wide profiling illustrates the prevalence of pleiotropic architectures

Strongly correlated traits within biological networks often experience selective constraints, as variants oc-
curring in the genes underlying these traits could cause deleterious pleiotropic effects (Jordanet al ., 2004).
On the other hand, traits with lower connectivity will often be involved in adaptive evolution and in GEI,
as selection can fine tune population responses to local environments without disrupting key functional
components (Cork & Purugganan, 2004; Josephset al ., 2017). Despite this, our work demonstrates an over-
representation of GEI transcripts at the core of networks and of the modules, thereby leading us to reject our
fourth hypothesis of adaptive evolution being dominated by weakly connected peripheral traits. Following
Fisher’s geometric model (Fisher, 1930), if populations are further from their fitness optima, variants that
impart pleiotropic influences are advantageous during the initial stages of the adaptive walk (Orr, 1998). We
suggest that this is likely the case for the expanding hybrid zone populations (Menon et al ., 2020) that are
exposed to novel selective pressures. Under this scenario of demographic and climatic mismatch, pleiotropy
speeds up evolution to fitness optima. However, our study uses a narrow definition of pleiotropy restricted to
the number of associated expression traits which could have a multitude of different functions. While gene
expression is widely treated as a quantitative trait, its association with other genes within a co-expression
network may not always reflect pleiotropy and could be confounded by the effect size of unaccounted for
cis-variants (Josephset al ., 2017. However, considering the large genome size of conifers, and that most va-
riants in our study are located in non-genic regions, this would be a challenging task to accomplish without
further improvement in genomic resources.

Conclusions

Studies focusing on seedling adaptive potential to multivariate stressors mimicking changing climatic condi-
tions are timely given the focus on assisted migration efforts. A multitude of common garden experiments
and genome-wide association studies provide remarkable evidence for local adaptation and GEI (Langlet,
1971; Savolainenet al ., 2013). Here, we demonstrate strong evidence of adaptive evolution and GEI at both
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the per-transcript and co-expression module levels, with partial evidence that these patterns interact with
interspecific gene flow through the survival component of fitness. We further highlight that populations of
long-lived tree species may be more able than expected to respond to rapidly changing climatic conditi-
ons through ample genetic variation underlying expression traits and a modulation of genetic architecture
depending on the degree and direction of environmental change. This response, moreover, appears to be
provided by pleiotropic loci underlying strongly connected adaptive expression traits. The generality of our
primary finding of rapid adaptive potential aided by pleiotropic loci additionally awaits further work across
phylogenetically diverse tree species distributed across various climatic gradients with differing demographic
histories.
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Table 1 : Redundancy analyses (RDA) based modelR 2 and significance of the multivariate models along
with representative candidate genes for the three@ st categories. Candidates were determined manually
based on the annotations from EnTAP (see Table S1 & Methods S1) by focusing on transcripts with highest
Qsrvalues in each category.

Category Model R? Rzadj p-value Candidates

Cold-cond A Drought + Freeze + Geography 0.88 0.53 0.003 WRKY4, CYC4, XTH9, LRR, VIN3, CO-like,
Warm-condA  Drought + Freeze + Geography 0.81 0.17 0.20 CyP450, ARF2, ERF2, SWEET, Ycf3, WRKY
Adap-P1 Drought + Freeze + Geography 0.82 0.19 0.39 SAURS0, a-expansin, ERG3, LPPD

Table 2 : Candidate modules associated with survival, ancestry and/or exhibiting @ st enrichment along
with the annotation of the transcript with the highest or the next highest module membership (hMEM) in
cases where the topmost transcript was lacking a clear annotation. Q-values are given for p-values < 0.05.

Garden Module ID Survival (r) Ancestry () Enrichment hMEM
value (RR) annotation
COLD ME13 0.62 (p = 2e-04, 041 (p =002, ¢q 287 Golgi
g = 0.003) = 0.23) intermediate
protein 3
ME26 0.71 (p = 1e-05, 0.29 (p = 0.01, ¢ 0.64 WRKY14
q = 3e-04) = 0.23)
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ME16 -0.19 (p =0.32)  -0.17 (p = 0.36)  1.37 Non-race specific
disease
resistance-1
(NDR1)

ME12 018 (p = 0.34)  -0.11 (p = 0.55)  2.12 Snakin-2

ME14 029 (p=0.12)  0.049 (p = 0.79)  2.12 E3
ubiquitin-protein
ligase (KEG)

WARM ME24 0.53 (p = 3e-03, 0.23 (p =0.22) 3.96 B-carotene
g = 0.02) hydrolase
(CHY-B)
ME19 0.69 (p = 3e-05, 0.35 (p = 6e-02, 0.99 Light regulated
q = 3e-04) g = 0.40) WD1
MES -0.27 (p = 0.20)  -0.56 (p = 1e-03, 0 Trehalose-6-
g = 0.03) phosphate
synthase 1
ME11 043 (p =002, -047 (p = 9¢-03, 1.62 E3-ubiquitin
q = 0.04) g =0.12) protein ligase
(UPL5-like)
ME2 043 (p =002, ¢ 0.17 (p = 0.36)  1.41 Phospholipase C
= 0.04) Gene Family-
like (PI-PLC)

ME1 0.24 (p = 0.20)  -0.017 (p = 0.90) 2.10 RNA binding
protein

ME3 022 (p=023) 0.1 (p=0.60)  2.02 Filament like
protein (FPP7)

ME15 0.3 (p = 0.08) 0.21 (p = 0.3) 1.72 ubiquitin-like

modifier (ULP)

Figures

Figure 1: Location of sampled populations, common gardens and the geographic range of the hybridizing
species. Inset shows the study area on an elevation map.

Figure 2: Schematic representation of @ gt categories.
Figure 3: Distribution of transcript expression @ gt values across gardens.

Figure 4: Relationship between @) gptranscript enrichment, module size and module preservation measures
across gardens (WARM: Low elevation garden — panels a & b ); (COLD: High elevation garden — panels ¢
& d ). The vertical dotted line indicates cutoff for declaring a module as preserved usingmedianRank and
Zsummary score. Only modules significantly over-enriched or under-enriched for @ st outlier transcripts have
been labelled.

Supporting information

Methods S1: Details of the pipeline and summaries used forde novo transcriptome assembly.
Methods S2: Pipeline details for SNP calling and filtering using ddRAD-seq genotyping.

Methods S3 : Details of steps and summary statistics for construction of the co-expression networks.

Figure S1: a) PCA of 76 environmental variables from climateWNA for the normal 1981-2010 for the 10
sampled populations and for the study year 2019 for the common gardens. (b) Heatmap representing the
proportion of times drought or freeze related environmental variables measured at the gardens in 2019 were
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outside the range experienced by the assayed population across a 60-year period. Garden environment was
declared as an outlier if it fell outside the 95 percent confidence interval of the climatic condition experienced
by the populations for each year. This evaluation was done on a year-by-year basis. Warmer (red) colours
indicate higher drought intensity and colder (blue) colours indicate higher freeze events experienced by the
gardens relative to the assayed populations.

Figure S2: a) Geographical range map of P. strobiformisand P. flexilis along with the populations sampled
for ddRAD-seq genotyping. b) STRUCTURE plot of genomic ancestry for the 30 maternal trees represented
by the mixed-sicold sampled for RNA-seq andc) Distribution of Fgr values for the 30 maternal trees.

Fig S3: Visualization of @ st enriched modules at the cold and warm gardens with circles representing the
nodes (transcripts) and lines representing the edges (correlation between transcripts). Transcripts classified
as Cold-condA or Warm-condA are highlighted in color while the rest are represented by black circles.
The location of the transcripts in the module are representative of their edge weights (i.e intra-modular
connectivity).

Fig S4: Relationship between mean transcript expression and co-expression connectivity levels for the a)
Warm andb) Wold garden. Transcripts were divided into bins of mean expression by their position in the
co-expression network (core vs. periphery) to highlight their level of connectivity.

Figure S5: A) Evaluation of scale free topology at various soft-thresholding powers and B) clustering
dendrogram of transcripts using a soft-thresholding of 8 for the Cold garden and 9 for the Warm garden.

Table S1 : Annotations for all 47,651 transcripts generated through EnTAP.

Table S2: Summary of GO terms and the enrichment analyses for three @ gt categories (Cold-condA,
Warm-condA, Ad-Pl) and for all modules across the two gardens.

Table S3: Summary statistics for modules identified across the gardens. Columns represent eigengene
association with survival and ancestry, @) st enrichment score, annotation of the transcript with the highest
module membership, preservation scores and difference in mean () gt between transcripts classified in the
core and periphery of a module (Qgr periphery - Qgrcore).
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