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Summary

e Variation in gene expression among natural populations are key contributors to adaptive
evolution. Understanding the architecture underlying adaptive trait evolution provides
insights into the adaptive potential of populations exposed to novel selective pressures.

e We investigated patterns and processes driving trait differentiation under novel climatic
conditions by combining common garden experiments with transcriptome-wide datasets
obtained from Pinus strobiformis - Pinus flexilis hybrid zone populations.

e We found strong signals of genotype-environment interactions at the individual transcript
and the co-expression module level, a marked influence of drought related variables on
adaptive evolution and an environment dependent influence of P. flexilis ancestry on
survival. Using co-expression network connectivity as a proxy for pleiotropy we
highlight that adaptive transcripts were pleiotropic across both gardens and modules with
strong population differentiation exhibited lower preservation across gardens.

e Our work highlights the utility of integrating transcriptomics with space-for-time
substitution studies to evaluate the adaptive potential of long-lived species. We conclude
by suggesting that the combination of pleiotropic trait architectures and substantial
genetic variation may enable long-lived forest tree species to respond to rapid shift in

climatic conditions.
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Introduction

Spatial variation in selection pressures can lead to ecological specialisation and genetic
differentiation among populations. Such ecological specialisation is often referred to as local
adaptation and is a key contributor towards 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 found
in their home environment (Clausen et al. 1948; Savolainen et al. 2013; Pickles et al. 2015).
Common garden studies have also revealed among-population variation in phenotypic plasticity
(Dayan et al. 2015), defined as the environment-dependent expression of a trait value. Local
adaptation and phenotypic plasticity are commonly represented by genotype-by-environment
interactions (GEI) and hypothesised as major mechanisms facilitating survival under changing
climatic conditions (Bradshaw, 2006; Nicotra et al. 2015). Despite the abundance of studies
investigating local adaptation, very few have evaluated GEI and the architecture underlying it
under novel selection pressures. Such novel selection pressures can be imposed through space-
for-time substitution designs (sensu Pickett, 1989) conducted by using common gardens located
beyond or at the climate margin of a species range (Geber and Eckhart, 2005). Most empirical
studies of adaptive evolution have been in line with Fisher’s theoretical prediction of variation in
quantitative traits being driven by many small effect loci (Fisher, 193). But contrary to the
relatively higher contribution of small effect loci under migration-selection balance, we might
expect a disproportionate effect of large effect loci during initial stages of adaptation to novel
selective pressures (Orr, 1998; Hamala et al. 2021).

Studies of forest trees often reveal strong patterns of local adaptation at broad and fine
spatial scales (Csilléry et al. 2014; reviewed in Lind et al. 2018). Across most forest trees and in
general for species exhibiting limited isolating barriers, both intra- and inter-specific gene flow
are key sources of adaptive evolution, specifically when faced with novel selective pressures
(Aitken et al. 2008; Taylor & Larson, 2019; Bolte & Eckert, 2020). This is likely because inter-
specific gene flow via hybridization increases additive genetic variation, which influences trait
responses to selection (Falconer & McKay, 1996). Studies in spruce, pine and poplar that utilize
fitness-associated quantitative traits such as height, volume, bud set and disease resistance have
demonstrated higher heritability and phenotypic variance in hybrid populations compared to non-

hybridized populations, and better hybrid performance in novel environmental conditions
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(reviewed in Dungey, 2001; Suarez-Gonzalez et al. 2016, 2018; De La Torre et al. 2014).
However, investigations of the architecture underlying GEI under novel environments and the
contribution of hybrid ancestry towards GEI have lagged behind traditional investigations of
adaptive evolution in forest trees.

Combining global gene expression datasets with survival — a key fithess component- can
help overcome the challenge posed by longevity of trees. Gene expression variation in natural
populations is often highly heritable, is influenced by genetic and environmental variation, and
thus reflects signatures of various selective pressures (Whitehead & Crawford, 2006). By
capitalizing on the modular nature of gene expression patterns (Hartwell et al. 1999) and treating
gene expression as a quantitative trait (see Roberge et al. 2007), we can more thoroughly
evaluate the architecture that may be favoured under novel selective pressures. Data obtained
from transcriptomic profiling can be organized into co-expression modules. This approach relies
on connectivity patterns among genes and assumes that strongly connected genes are reflective
of similar functional categories and exhibit coordinated response to selective pressures.
Connectivity patterns within a co-expression module can be shaped by selection, such that highly
connected “core” genes are often pleiotropic and experience stronger selective constraints, while
“peripheral” genes with lower connectivity are often involved in GEI (Cork & Purugganan,
2004; Josephs et al. 2017).

Our study utilizes the natural hybrid zone formed between two ecologically divergent
species of pine, Pinus strobiformis Engelm. and P. flexilis E. James, to evaluate signatures of
GELl. Both species have broad geographic distributions across western North America, with
hybrid populations inhabiting fragmented 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 (Menon et al. 2018; Critchfield,1975). These hybrid populations experience
severe drought, aseasonal frost and diurnal fluctuations in temperature (Adams & Kolb, 2004;
Williams et al. 2010). In agreement with theoretical models (Fisher, 1930), previous genotype-
environment association studies in this system have demonstrated a dominance of many small
effect loci driving adaptive evolution (Menon et al. 2021). However, an understanding of how
adaptive evolution proceeds under novel selective pressures is only beginning to be gathered in

trees and across other systems.
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96 The overarching goal of this work was to evaluate the interaction between interspecific
97  gene flow and novel selective pressures on the genomic architecture of GEI. To simulate novel
98  selective pressures, we utilized a space-for-time substitution design wherein we planted the
99  hybrid seedlings across two common gardens that represent the extremes of their suitable habitat.
100  One garden represented a warmer, more arid climate while the second garden represented a
101  combination of higher aridity and increased freeze events (Fig. S1). Together our design is
102  representative of the global increase in aridity and warming along with shifts in multivariate
103  environmental axes as is projected to occur in the western US under all plausible climate change
104  scenarios (Cook et al. 2015). By coupling our hybrid zone populations with a space-for-time
105 substitution design assaying gene expression patterns we test the following hypotheses. (H1) Our
106  assayed population will demonstrate strong signals of adaptive trait differentiation. This will
107  reflect the heterogeneity in source population environmental conditions as well as the novel
108  selective pressures that our seedlings were exposed to. (H2) Differences in the selective
109 environment between the two gardens will result in garden specific patterns of trait
110  differentiation. However, given the potential physiological and cellular cross-talk between
111  various stress tolerance strategies (Wong et al. 2005), we expect to note some degree of shared
112  patterns of differentiation. As a result, while overall co-expression network preservation may be
113  strong, modules exhibiting BS specific population differentiation may have generally low
114  preservation in WP and vice-versa. (H3) Hybrid genomic ancestry will impact GEI. Drawing
115  from our previous work demonstrating adaptive introgression of P. flexilis-like loci only along
116  freeze-related environmental gradients, we expect higher contribution of ancestry towards
117  adaptive evolution and towards increased survival in the colder garden. (H4) The architecture of
118  adaptive evolution will be dominated by weakly connected “peripheral” genes in the co-
119  expression modules given that these are less likely to have negative pleiotropic consequences
120 and hence amenable to be fine-tuned in response to changing selective pressures.
121
122 Methods & Materials
123
124  Common garden design
125 This study makes use of seedlings obtained from 30 maternal trees that were replicated

126  across two common gardens established in the Kaibab National Forest, AZ (Fig. 1la & b) as part
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of the Southwest Experimental Garden Array (SEGA). Seedlings within each garden were
planted in a randomized block design with siblings representing members of each of the 30
maternal families (Squillace, 1974). In August 2019, we sampled 90 seedlings per garden (3
siblings/maternal family) representing 30 maternal families originating from 10 populations (3
maternal trees/population) (Fig. 1b) sampled across the Pinus strobiformis-P. flexilis hybrid zone
(Menon et al. 2018). Our sampling year and design provided the opportunity to assess how trees
will respond to novel selective pressures. During 2019, the high elevation garden, Bear Springs
(BS), 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 garden, White Pockets
(WP), experienced warmer and drier conditions relative to the sampled populations and to BS as

well (Fig. S1). The seedlings were further exposed to a 50% reduction in ambient precipitation

for 3 growing seasons prior to our sampling in 2019.
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Figure 1: a) Location of the two common gardens on the Kaibab National Forest and b)

Location of the sampled populations in relation to the common garden sites.

Transcriptomic dataset
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144 For each seedling, a maximum of three fascicles from the current year’s growth were
145  sampled and flash frozen in liquid nitrogen for RNA extraction. Sampling was done across two
146  days with consistent weather conditions between the hours of 12:00 and 17:00. A maximum of
147 100 mg of needle tissue per seedling was ground into a fine powder using liquid nitrogen with a
148  mortar and pestle by adding in 40 mg of Polyvinylpyrrolidone (PVP-40). Total RNA was

149  extracted using Spectrum Plant total RNA kit (Sigma-Aldrich) with slight modifications to the
150 manufacturer’s protocol. Following polyA tail selection to enrich for mRNA, paired-end (2

151  x150bp) RNA libraries were prepared following standard protocols for NEBNext Ultra I RNA
152  Library Prep (Illumina) and sequenced on the Novaseq6000 platform at Novogene Co.

153  (Sacramento, CA).

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

161

162  Genomic dataset & estimation of hybrid ancestry

163 To evaluate genome-wide divergence among the populations used in our transcriptome
164  sampling and to estimate the influence of hybrid ancestry on gene expression patterns we

165  obtained genomic DNA from 270 trees using DNeasy 96 Plant Kit (Qiagen). These 270 trees
166  included the 30 maternal trees represented in our mixed-sib family design along with previously
167 identified 154 pure P. strobiformis and 86 pure P. flexilis individuals (Menon et al. 2018; Fig.
168  S2a). Following the ddRADseq library preparation detailed in Parchman et al. (2013), we size
169  selected 300-400 bp regions and performed single-end sequencing (1 x 150 bp) on lllumina
170  HiSeq 4000 (Novogene Corporation). The resulting fastq files were processed using dDocent
171 v.1.0 (Puritz et al. 2014) to obtain genotype calls, as in Menon et al. (2018, 2021). Following
172 post-filtering steps implemented in VCFTOOLS v.0.1.153 (Danecek et al. 2011) and custom
173  functions implemented through python v.3 (Methods S2), we obtained 23,261 SNPs. We used
174  this full dataset of 270 individuals and 23,261 SNPs to estimate hybrid ancestry through the
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175  genotype likelihood-based clustering algorithm implemented in NGSAdmix (Skotte et al. 2013)
176  with K=2 representing the two hybridizing species.

177

178  Estimation of maternal expression trait values

179 Prior to conducting further analyses using the 47,651 transcripts obtained after a series of
180 filtering steps (Methods S1), we normalised the read count data for varying library sizes using
181  the Trimmed mean of M values (TMM) approach implemented within the calcNormFactors

182  function from edgeR v.3.14.0 (Robinson et al. 2010) in R v.4.0.2 (R Core Team, 2020). We then
183 filtered out transcripts that were not expressed across all three sibs nested within the same

184  maternal family in either garden. To evaluate signatures of adaptive trait differentiation we

185 implemented a mixed effects model (eq. 1) that utilized the sib design and determined each

186  maternal family’s normalised expression value for the 27,441 transcripts retained from our

187 filtering steps:

188
189 Yijkum = u + Batch; + SY, + Garden| (Fpao%) + € 1)
190

191  Here, Y represents the normalised expression of the transcript for seedling i, u represents the
192  global mean for the transcript. Batch and SY are fixed effects and represent the date of

193  sequencing and year of planting, respectively. Fam represents the maternal family which is
194  nested within Pop (representing the source population of the maternal family) and treated as the
195 random effect which is allowed to vary by Garden. This linear mixed effect model was fitted
196  using the fitvarPartModel() function in the variancePartition v.1.16.1 package (Hoffman &
197  Schadt, 2016) in R, which uses log-transformed normalised counts and precision weights
198  obtained from voomWithDreamWeights. Precision weights are ideal to model mean-variance
199 trends typical of RNAseq datasets (Law et al. 2014). Using the fitted model in (1), we then
200 obtained garden-specific maternal values and garden-specific population values for each

201  transcript.

202

203  Assessing per-transcript level signatures of local adaptation

204 We treated expression as a quantitative trait (see Lasky et al. 2014; Huang et al. 2020)

205 and evaluated the among population component of heritable variance (Qsr) (Spitze, 1993). Under


https://doi.org/10.1101/2021.11.24.469945
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.11.24.469945; this version posted November 25, 2021. The copyright holder for this preprint

(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

206
207
208
209
210
211
212

213

214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231

available under a CC-BY-ND 4.0 International license.

neutrality, we expect Qs to be similar to its genome wide equivalent (Fst) (Leinonen et al.
2008), but under spatially divergent selection pressures driving local adaptation Qst should
exceed Fst. To generate our expectation of differentiation under neutrality, we retained 11,432
biallelic SNPs identified across only the 30 maternal families for which gene expression data
were available. For these SNPs we estimated Fst using the method of Weir and Cockerham
(1984) as implemented in the HIERFSTAT package v.0.04-22 in R (Goudet, 2005). Using the
per transcript variance components obtained from equation (1) we estimated Qsr as:

Qsr = 2

where o2 represents the among population variance component and o2, represents the within
a w

92

602, + O’é

population (among family) variance components. The constant 6 represents the mixed-sib design
assuming a 50:50 mixture of half-sibs and full-sibs. Confidence intervals (Cl, 95%) per transcript
per garden were obtained using 1000 parametric bootstrap estimates generated using the
bootMer() function implemented in Ime4 (Bates et al. 2015). To address hypothesis H1 at the per
trait level we compared the 0.025 quantile of Qst for each transcript with the 0.95 quantile of Fst
and identified transcripts exhibiting signatures of adaptive expression differentiation across
gardens and unique to each garden. Since we are primarily interested in the architecture
underlying GEI, subsequent analyses and our main results focus only on three Qsr categories: (a)
conditionally adaptive in BS (BS-condA), transcripts with Qst > Fst only in high elevation
garden; (b) conditionally adaptive in WP (WP-condA), transcripts with Qst > Fst only in low
elevation garden; and (c) adaptive plasticity (Ad-Pl), transcripts with Qst > Fst across both
gardens and a significant Qst reaction norm (p < 0.05) assessed through a t-test (Fig. 2). For
each of these Qst categories we performed gene ontology (GO) enrichment analyses using a
hypergeometric test with 1000 permutations to compute the family-wise error rate as
implemented 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 (Table S1).
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234 Figure 2: Schematic representation of Qst categories used in this study. Numbers next to each
235  category indicate the number of transcripts classified under them using the Qst - Fst comparison.
236

237  Assessing co-expression module level signatures of local adaptation

238 Local adaptation is often influenced by trait covariation (O’Brien et al. 2019), thus

239  modules formed by sets of strongly correlated transcripts can be effectively used to capture

240  signatures of local adaptation. We made use of modules identified from gene co-expression

241  networks constructed per garden using the WGCNA v1.70 package (Langdelfer & Horvath,

242  2008) in R. Since WGCNA does not implicitly account for the study design, we used the family
243  level transcript abundance estimated from eq. 1 as input. Thus, in our case the co-expression
244 network represents sets of transcripts with correlated expression levels across maternal families
245 inagiven garden. Modules formed within each co-expression network were visualised using the
246  prefuse force directed edge weighted layout in Cytoscape v.3.8.2 (Shannon et al. 2003). To

247  highlight transcripts of interest and reduce complexity we filtered out weakly connected

248  transcripts and edges with weights below the 75th quantile for the module (Fig. S3).

249  Transcripts falling within each module were used to perform GO enrichment analyses using the
250  same approach as described above for the three Qst categories of interest. To address hypothesis
251  H1 at the functional module level we evaluated among population differences in the co-

252  expression module using a linear model with the first eigengene of each module as the response

253  variable and population of origin as the predictor variable. We also assessed the relative
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254  representation of individual adaptive transcripts (identified using Qst- Fst approach above, Fig
255  2) in each module (eg. 3). For modules detected at BS, we used the BS-condA as the Qst

256  category, while for modules in detected in WP we used the WP-condA category. In all cases,
257  relative representation was estimated as:

NQst—module

N
258  Relative representation of adaptive transcripts = —y—— 3)

Ninodule
Npetwork

259  where NosT -modute 1S the number of transcripts in a module that were also classified under the

260  respective Qs category, Nosr is the number of transcripts identified under the Qst category (Fig.
261 2), Nmodule is the total number of transcripts in a module, and Nnework is the total number of

262  transcripts used in WGCNA. Statistically significant over- or under-represented modules (two
263  tailed p < 0.05) were identified by permuting the transcript labels and calculating 10,000 null
264  relative representation estimates for each module.

265

266  Estimating the effect of environment on among population differentiation

267 To further address hypothesis H1 and H2 at the per-transcript level we identified climatic
268  drivers of adaptive differentiation for our three Qsr categories (Fig. 2) using redundancy analysis
269 (RDA) in R (vegan package v.2.5.6: Oksanen et al. 2013). Annual and seasonal climate variables
270  at 1 km resolution were obtained from ClimateWNA v6.1 (Wang et al. 2016) for the period

271  1981-2010 for each of the 30 maternal trees. Population-level estimates of climate variables were
272  obtained by averaging values across the three maternal trees selected per population. Following
273  Menon et al. (2021), we classified the environmental variables into drought- and freeze-

274  associated variables, as these two axes are likely the primary selective agents across the hybrid
275  zone populations. To reduce the dimensionality of the environmental dataset and avoid

276  multicollinearity, we performed principal component analysis (PCA) separately for the drought
277  and freeze associated variables and retained the PC axes that explained at least 90% of the

278  variance as predictors in RDA. We used the population-level estimates of gene expression from
279  eq. (1) as the response matrix with the drought-associated PCs, freeze-associated PCs, and

280  geography as the predictor matrices. Geography was represented by scaled and centered

281  estimates of latitude and longitude. For each Qs category, we evaluated whether among

282  population gene expression differences were primarily impacted by a) all three predictor matrices
283  jointly, b) by the drought-associated matrix, or c) by freeze-associated matrix.

10
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284

285 Influence of P. flexilis ancestry on expression patterns and survival

286 Survival for all mixed-sibs in the gardens was recorded in August 2019 as a binary trait.
287  To obtain family and population level estimates of survival we fitted a similar mixed effect

288  model as used for expression traits but with binomial error distribution (Swenson et al. in prep)
289  implemented with gImmTMB (Brooks et al. 2017) in R.

290 To assess hypothesis H3 at the per transcript level, we correlated mean population-level
291  estimates of P. flexilis ancestry obtained from NGSAdmix (Fig. S2b) with population-level

292  expression values for each Qs category. For BS-condA and WP-condA, we used expression
293  values estimated at BS and WP, respectively. For Ad-Pl we used the absolute difference in

294  expression values across gardens. For each Qst category the observed distribution of correlation
295  coefficients was compared against an empirical background distribution that was matched on
296  expression bins to the category of interest. Significant deviation in the observed dataset was
297  evaluated using the Kolmogorov-Smirnov test implemented in R at a threshold of 0.05. Since our
298  results were not sensitive to the binning, and expression levels did not vary much by category
299  (results not shown), we report results only from the simple permutation test. Using a similar
300 approach, we evaluated whether the three Qst categories deviated significantly from the

301  background set of transcripts in their association with the estimated population-level survival
302 measured at the respective gardens (Swenson et al. in prep). For the Ad-PI category we used the
303 mean of the estimated survival values across gardens. Similarly, we tested H3 at the co-

304  expression module level by evaluating whether the eigengene expression for a module was

305 associated with P. flexilis ancestry and with survival using Pearson’s correlation coefficient with
306  multiple testing correction (q < 0.05).

307

308  Connectivity patterns of Qst transcripts and preservation of modules across gardens

309 Network topological measures such as gene-gene connectivity and centrality of a gene
310 are often reflective of types and strength of selection acting on the gene (Jordan et al. 2004;

311  Josephs et al. 2017; Des Marais et al. 2017). We obtained three measures of connectivity for
312  each transcript. These reflected intramodular connectivity (kWithin), connectivity to all

313 transcripts disregarding module membership in the network (kTotal) and the difference between

314  inter- and intra-modular connectivity (KDiff).

11
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315 To evaluate hypothesis H2 from a co-expression network perspective we performed

316  comparative network analyses using 10,000 permutations with the WGCNA package

317  (Langfelder et al. 2011) in R. We utilised two aggregate summary statistics implemented within
318 WGCNA to declare a module as being preserved or not across gardens. Zsummary represents a
319 normalised value of various connectivity and density-based measures following a permutation
320 test procedure, while medianRank simply scores each module based on the observed preservation
321  statistic. Following Langfelder et al. (2011), we used both Zsymmary and medianRank for

322  inference, because while the former is strongly influenced by module size the latter is not. We
323  declared a module as preserved across gardens if its Zsummary SCOre was higher than 10 and

324  medianRank below 5. Modules with Zsummary score below 10 and a medianRank above 5 had
325  weaker evidence for preservation (Langfelder et al. 2011).

326  To assess hypothesis H4, we implemented the network characterization approach developed by
327  Mabhler et al. (2017) to define the core of a module, while the core of a network was defined as
328  the top 10% of transcripts with highest kTotal. We determined if the observed relationship

329  Dbetween Qst categories and connectivity was significantly different than expected by chance by
330 performing 10,000 null permutations. Since expression levels are often associated with

331  connectivity in a co-expression network (Fig. S4), our permuted sets were matched on bins of
332 gene expression to be representative of the core transcripts.

333

334

335

336 RESULTS

337  Transcript and module level signatures of adaptive evolution (H1)

338 At the per transcript level estimates of Qsracross both gardens ranged from 0 to 1 (Fig. 2)
339  with a mean of 0.31 + 0.37 (sd) for BS and 0.37 + 0.38 for WP. Approximately 50% of the

340 transcripts exhibited differentiation below 0.1 in BS and 40% were below 0.1 in the WP. Only
341  20% of the transcripts had strong differentiation (above 0.9) in either garden. The distribution of
342  Fsrusing genome-wide ddRADseq markers was centered on zero with a multilocus Fst of 0.015
343  (Fig. S2.c). Using Qst-Fst comparisons, we identified 334 transcripts as adaptive in BS, 469 as
344  adaptive in WP, 234 as BS-condA, 344 as WP-condA and 26 transcripts under the category Ad-
345 Pl (Fig. 2).
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347  Figure 3: Distribution of transcript expression Qs values across gardens.
348
349 At BS, our co-expression network consisted of 22,757 transcripts, which were grouped

350 into 31 modules (Methods S3, Fig S5) with the number of transcripts per module ranging from
351 7510 5668. At WP, our co-expression network consisted of 23,468 transcripts, which were

352  grouped into 26 modules with the number of transcripts per module ranging from 96 to 9410
353  (Methods S3, Fig S5). Using the eigengene values of each module we identified 20 modules in
354 WP and 21 in BS exhibiting strong signals of among population differentiation (Table S3). Of
355  these 20 modules identified in WP, five were also significantly enriched for transcripts

356  categorised under WP-condA (p < 0.05). The five modules exhibiting significant depletion for
357  WHP-condA transcripts also had weak eigengene level population differentiation (Fig. 4a,b, Table
358  S3). Similarly in BS of the 21 modules, four were also significantly enriched (p < 0.05) for

359 transcripts categorised under BS-condA and three modules that were significantly depleted (p <
360 0.05) did not exhibit strong module eigengene level population differentiation (Fig. 4c,d, Table
361  S3). In WP, the number of transcripts in enriched modules ranged from 125 to 3439 while in BS
362  they ranged from 139 to 5668. Overall, using a Kruskal-Wallis test, Qst enrichment or depletion
363  was not associated with module size across either garden (BSa=2 = 4.78, p = 0.09, WPgt=2 = 0.68,
364 p=0.71).
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Figure 4: Relationship between Qs transcript enrichment, module size and module
preservation measures across gardens for modules identified in a & b) WP: Low elevation
garden and in ¢ & d) BS: High elevation garden. Vertical dotted line indicates the cutoff for
declaring a module as preserved using median rank and Z-preservation score. Note that a value
below 5 for median rank indicates strongly preserved modules, while modules with Z-
preservation score above 10 are preserved. Only modules significantly over-enriched or under-

enriched for Qst outlier transcripts have been labelled.

Drivers of adaptive evolution at the per-transcript level (H2 & H3)

14


https://doi.org/10.1101/2021.11.24.469945
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.11.24.469945; this version posted November 25, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-ND 4.0 International license.

377 For our three Qst categories of interest (WP-condA, BS-condA and Ad-PI, see Fig. 2),
378  we evaluated the impact of environmental factors on population level expression differences
379 using RDA. To determine if these transcripts were related to garden specific survival and

380  whether they were influenced by genomic ancestry, we utilised a permutation-based correlation
381  approach.

382 The full RDA model (model 1) was significant for all three Qs categories and explained
383  50% of the expression variance for BS-condA category, 17% for the WP-condA category and
384  19% for Ad-PI (Table 1). Similarly, the RDA model used to assess the conditional impact of
385 drought (model 2) was significant for all categories and explained 48% of the variance for the
386  BS-condA category, 23% for the WP-condA category and 38% for the Ad-PI. Unlike the drought
387  model (model 2), model 3 assessing the impact of freeze conditioning on drought had much

388  lower explanatory power and was not significant for any category.

389

390 Table 1: Redundancy analyses (RDA) based variance partitioning, model R? and significance of
391 the multivariate models along with representative candidate genes for the three Qst categories.
392  Candidates were determined manually based on the annotations from EnTAP (see Table S1 &
393  Methods S1) by focusing on transcripts with highest Qst values in each category.

394

Category  Model R2  RZ%dj p-value Candidates
BS-condA Drought + Freeze + Geography  0.88 0.5  0.003 WRKY4, CYC4,
(model 1) XTH9, LRR,
VIN3, CO-like,
Drought + Geography 0.77 0.48 0.001
PPR, ERF1,
(model2)
GAST], TIP1
Freeze + Geography 045 0.02 04
(model3)
WP-condA Drought + Freeze + Geography  0.81 0.17 0.2 CyP450, ARF2,
(model1) ERF2, SWEET,
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Drought + Geography 0.65 0.23 0.04 Ycf3, WRKY,
(model2) PPR, LRR
Freeze + Geography 05 01 017
(model3)
Adap-PI Drought + Freeze + Geography  0.82 0.19 0.3 SAURS0, a-
(modell) expansin, ERG3,
LPPD

Drought + Geography 0.68 0.38 0.03
(model2)
Freeze + Geography 034 0 0.8
(model3)

395

396 Using 23,261 ddRADseq markers, estimates of genomic ancestry for the 30 maternal

397  trees ranged from 0.18 to 1 (Fig. S2b), with a value of 1 indicating 100% genomic ancestry from
398  Pinus flexilis. Proportion of sibs surviving per maternal family ranged from 0.37 to 1 in BS and
399 from 0.23 to 0.90 in WP. Across both gardens, estimated survival of maternal family was

400  positively correlated with genomic ancestry (Pearson’s r for WP = 0.24, p = 0.18 and for BS =
401  0.40, p=0.02). Across all transcripts, population level expression values were weakly correlated
402  with population level estimates of ancestry (-0.02 £ 0.31 in BS and 0.02 £ 0.31 in WP). The

403  distribution of correlation coefficients for the relationship between mean population genomic
404  ancestry and population level expression values ranged from -0.6 to 0.8 for BS-condA, from -0.8
405  to 0.8 for WP-condA and from -0.6 to 0.4 for Ad-Pl. While the observed distribution was slightly
406  shifted towards negative values for Ad-PI, the cumulative distribution of correlation coefficients
407  between ancestry and transcript abundance for all categories was not significantly different from
408 their respective matched background set of transcripts (BS-condA p=0.702 & D = 0.046 , WP-
409 condAp=0.84 & D =0.03, Ad-PIp=0.74 & D =0.13).
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410 Using a similar approach we evaluated the relationship between population level

411  expression values and estimated maternal survival for each of the Qst categories. Overall,

412  expression values were weakly correlated with our estimate of survival (-0.008 + 0.32 in BS &
413  0.029 = 0.33 in WP). Correlation coefficients ranged from -0.68 to 0.76 for BS-condA, from -
414  0.89to 0.73 for WP-condA and from -0.42 to 0.55 for Ad-PI category. Similar to our observation
415  for the relationship between ancestry and transcript abundance, the observed cumulative

416  distribution of correlation coefficients for all categories was not significantly different from their
417  respective backgrounds (BS-condA p=0.817 & D = 0.073, WP-condA p =0.11 & D = 0.065,
418 Ad-Pl p=0.39 & D =0.17).

419 No functional groups, as assessed using GO terms, were significantly enriched across the
420  three Qst categories. In contrast, GO terms related to signal transduction and cell communication
421  were significantly depleted for BS-condA, while GO terms related to hydrolase activity were
422  significantly depleted for WP-condA (Table S2). By manually scanning the annotations for each
423  category (Table S1), we note several transcripts related to freeze and drought tolerance as wekk
424 as cell wall modulation (Sung & Amasino, 2005; Raimund, 2015; Tucker et al. 2018) such as
425  VIN3, PPR, XTH and Aquaporins like TIP1 in the BS-condA category. Transcripts in the WP-
426  condA category were notably related to drought stress response and photosynthesis (Lata et al.
427  2015; Zhang et al. 2020), such as several ERF family genes, SWEET, WRKY and psbE, as well as
428  auxin responsive elements such as ARF2. Finally, for transcripts in the Ad-PI category, we noted
429  auxin responsive elements such as SAURS50 (Sun et al. 2016) critical for light signaling, a-

430 expansin and the ABA signaling pathway family genes such as LPPD which have known roles in
431  several plant developmental and stress response pathways (Marowa et al. 2016).

432

433  Drivers of adaptive evolution at the co-expression module level (H2 & H3)

434 At the module level, across both gardens we noted a wide range of eigengene

435  associations with ancestry, ranging from -0.56 to 0.35 in WP and -0.32 to 0.41 in BS (Table S3).
436  Compared to the association with ancestry, eigengene expression was generally more strongly
437  related to survival and ranged from -0.50 to 0.72 in both gardens (Table S3). In WP the module
438 ME11 exhibited a significant (p < 0.05) negative association with ancestry, as well as with

439  survival (Table 2), however the association with ancestry was not significant after using a false
440  discovery rate (FDR) of 0.05. In BS, ME13 exhibited a significant (p < 0.05) positive association
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441  with ancestry and survival, but was noted in WP the association with ancestry was not significant
442  after FDR correction (Table 2).

443 GO enrichment analysis for modules exhibiting Qs category enrichment, depletion,

444  strong association with ancestry or with survival identified a wide range of functional groups
445  across both gardens (Table 2, Table S2). Nevertheless, some notable patterns emerged. Across
446  both gardens, Qst category enrichment modules were predominantly associated with GO terms
447  and genes related to stress response, cell wall modulation and response to light stimuli. In

448  contrast, Qs category depleted modules across gardens were predominantly represented by

449  developmental and metabolic processes. One notable exception to this pattern was the ME12
450  module in BS which exhibited a strong enrichment but was associated with floral and

451  reproductive processes. In WP the ME16 module was associated with similar functional terms as
452  ME12 in BS but exhibited a strong depletion for our garden specific Qs category. Functional
453  terms associated with metabolic processes were generally under-represented, and terms

454  associated with response to abiotic stress were over-represented in the modules strongly

455  associated with both survival and ancestry in WP (ME11) as well as in BS (ME13). Across both
456  gardens, modules exhibiting the strongest association with survival (ME26 in BS and ME19 in
457  WP) were primarily associated with GO terms related to glutathione transferase, detoxification
458  and response to abiotic stimuli.

459

460

461 Table 2: Candidate multivariate traits or MEs associated with survival, ancestry or exhibiting
462  Qstenrichment along with the annotation of the transcript with the highest or the next highest
463  module membership (RMEM) in cases where the top most transcript was lacking a clear

464  annotation.

465
Garden | Module ID | Survival Ancestry Qstenrichment | hMEM annotation
association association
value
BS ME13 0.62 0.41 2.87 Golgi intermediate
(p = 2e-04, (p=0.02, protein 3
q =0.003) q=0.23)
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ME26 0.71 0.29 0.644 WRKY14
(p = 1e-05, (p=0.01,

q = 3e-04) q=0.23)

ME16 -0.19 -0.17 1.37 Non-race specific
(p=0.32) (p=10.36) disease resistance-1

(NDR1)

ME12 -0.18 -0.11 2.12 Snakin-2
(p=0.34) (p=0.55)

ME14 0.29 0.049 2.12 E3 ubiquitin-protein
(p=0.12) (p=0.79) ligase (KEG)

WP ME24 0.53 0.23 3.96 [3-carotene hydrolase
(p =0.003, (p=0.22) (CHY-pB)
q=0.016)

ME19 0.69 0.35 0.99 Light regulated WD1
(p = 3e-05, (p = 6e-02,

g =0.0003) q =0.40)

MES8 -0.27 -0.56 0 Trehalose-6-phosphate
(=02 (p=0.001, synthase 1

q=0.027)

ME11 -0.43 -0.47 1.62 E3-ubiquitin protein
(p=0.02, (p=0.009, ligase (UPL5-like)
q=0.04) q=0.12)

ME2 0.43 0.17 1.41 Phospholipase C Gene
(p=0.02, (p=0.36) Family- like (PI-PLC)
q=0.04)

ME1 -0.24 -0.017 2.10 RNA binding protein
(p=02) (p=0.9)

ME3 -0.22 0.11 2.02 Filament like protein
(p=0.23) (p=0.6) (|:pp7)

ME15 0.3 0.21 1.72 ubiquitin-like modifier
(p=0.08) (p=03) (ULP)

Relationship between network connectivity and adaptive evolution (H4)

Across both gardens, Qst was positively associated with module connectivity (kWithin Pearson’s
r BS =0.36, p <0.0001 & WP =0.46, p < 0.0001) and with total network connectivity (kTotal
Pearson’s r BS =0.53, p < 0.0001& WP = 0.56, p < 0.0001). Additionally, both WP -condA and
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472  BS-condA transcripts as a group were significantly over-represented among transcripts located in
473  the core of the module (obs WP = 1.74, p < 0.0001; obs BS = 2.5, p < 0.0001) as well at the core
474  of the garden specific co-expression network (obs WP = 2.0, p < 0.0001; obs BS =3.9, p <

475  0.0001) (Fig. 4; Fig. S3). This pattern persisted even after accounting for differences in

476  expression levels between the core and the periphery transcripts. For most modules exhibiting
477  strong population differentiation, the transcript with highest Qst also had the highest module
478  membership and hence was located at the module core (Fig. S3). However, the average Qst for
479  core transcripts was higher than that of the periphery only for 38% of the strong differentiated
480 modules in BS and for 20% of the differentiated modules in the WP (Table S3). Most modules
481  were preserved across gardens with respect to either medianRank or Zsymmary. Our stringent

482  threshold using the union of both measures identified five modules out of the 31 identified in BS
483  as being strongly preserved in WP and four out of the 26 WP modules being strongly preserved
484  in BS (Table S3; Fig. 4). Although overall co-expression network preservation was high across
485  gardens, some interesting module specific patterns emerged. Modules enriched for Qst

486  transcripts usually had higher medianRank and were less preserved across gardens while

487  modules depleted for Qst had consistently lower medianRank and often strongly preserved

488  across gardens (Fig. 4a,c).

489

490

491  Discussion

492

493  Hybrid zone populations exhibit adaptive potential to novel climatic conditions

494 Long-lived tree species in the northern hemisphere have experienced long-term climatic
495  fluctuations causing them to be distant from their current climate optima. As a result, the present
496  patterns of genetic diversity are often structured by past environmental events (Hampe & Petit,
497  2005; Mayol et al. 2015) causing populations to exhibit an adaptation lag and not necessarily be
498  devoid of potential adaptive variants. Theory suggests that GEI should be prevalent in

499  populations exhibiting an adaptation lag and occurring in heterogenous environments (Via &
500 Lande, 1985; Ghalambor et al. 2007). Sequential founder events, high levels of landscape

501  fragmentation and the associated loss of genetic diversity, however, can restrict the evolution of
502  GEI (Schmid et al. 2019).
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503 The populations used in this study occur on fragmented landscapes in the sky islands of
504  the southwestern United States, where they experience marked seasonal and annual fluctuations
505 inenvironmental conditions as well as gene flow from a northern sister species, P. flexilis

506 (Menon et al. 2018). By conceptualising gene expression and co-expression modules formed by
507 them as a quantitative trait we revealed strong signals of GEI and lend support to H1 (Fig. 2, 4).
508 However, in relation to studies conducted in conifers (reviewed in Lind et al. 2018) we found a
509 larger number of strongly differentiated traits (Fig. 3). This could be a result of sampling the

510 transcriptome profile of juvenile trees representing a hybrid zone. Selective pressures,

511  specifically those involved in post-zygotic isolating barriers, tend to be strongest during early life
512  stages across tree species (Lindtke et al. 2014; Zhao et al. 2014). Additionally, trait

513 differentiation will be elevated during early stages of species divergence (Ogasawara & Okubo,
514  2009). Taken together this suggests that one possibility for the strongly differentiated transcripts
515 identified here is their role in the maintenance of species boundaries between P. flexilis and P.
516  strobiformis. Another possibility is our limited population sampling which resulted in high levels
517  of uncertainty around point estimates of Qst resulting in only 2.5% of transcripts being classified
518 under the Qsr categories (Fig. 2) regardless of the U-shaped distribution we note for the point
519 estimates (Fig. 3). The observed proportion of putatively adaptive traits identified through our
520 permutation approach, however, agrees with estimates across other systems (Roberge et al. 2007;
521  Leder et al. 2015). At the co-expression module level, we noticed similarly strong signals of

522  population differentiation (Table S3). While some of these modules could be false positives due
523  to population structure in the gene expression dataset used to construct co-expression modules,
524  eight of the strongly differentiated modules were also enriched for our target Qst categories (Fig.
525  4). We suggest these are likely true candidates for garden-specific signatures of adaptive

526  evolution, specifically given the overall weak population structure in our study system (Menon et
527 al. 2018).

528 Taken together the strong GEI noted in our study likely resulted from a combination of
529 juvenile trees exhibiting environment-dependent hybrid fitness, high heterogeneity and strong
530 differences in source environmental conditions (Hopken et al. 2013; Williams et al. 2010) and
531  the novel selective environment the seedlings were exposed to. The signals of local adaptation
532  noted under novel environmental conditions in our study design suggest that long-lived species

533  such as conifers may not be limited in their ability to adapt rapidly to changing climatic
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conditions. At the very least, these populations have ample standing variation despite their

fragmented habitat that could aid response to novel selective pressures.

Drought and hybrid ancestry influence adaptive evolution and generate GEI

Results from our transcript categorisation and co-expression module enrichment analyses
partially agreed with H2. While we were able to identify garden specific patterns of adaptive
differentiation and some level of sharing at both the per-transcript (Fig. 2) and co-expression
module level (Fig. 4), the driver of adaptive evolution remained the same across gardens. Even
though BS is much colder than WP, both the WP-condA and BS-condA sets were significantly
associated only with drought and not freeze-related variables (Table 1). Similarly, at the co-
expression network level we noted high overall preservation across gardens, despite the Qst
enriched modules exhibiting weak preservation as would be expected given their garden specific
categorisation. There are several possible explanations for this. First, the high preservation could
be reflective of physiological and molecular overlap and interactions between mechanisms
associated with drought and cold tolerance (Pandey et al. 2015; Zhou et al. 2019). Second, trees
across both gardens experienced a 50% reduction in ambient precipitation even though generally
BS was colder and less dry than WP. This shared drought stress implemented both as part of our
space-time-substitution design and artificially through rain-out shelters could have generated the
high network preservation and a strong impact of drought on adaptive trait differentiation. Third,
in agreement with previous work demonstrating drought as a major selective gradient in these
populations (Goodrich et al. 2016; Bucholz et al. 2020; Menon et al. 2021) and strong genetic
control for growth cessation phenology in trees (Howe et al. 2007; Holliday et al. 2010; Swenson
et al. in prep), our environment association results reflect a stronger impact of source population
selective environment on trait differentiation (Table 1). Specifically, had we sampled during bud
flush and the active growth period following it, which is known to be under lower genetic
control, we might have noted lower network preservation and perhaps a marked impact of freeze
stress. Finally, network preservation statistics are predominately assessed using patterns of
connectivity among transcripts, causing the noted preservation to be likely driven by the
importance of pleiotropic architecture across both gardens that exposed the trees to extreme

environmental conditions (Fig. 1.b).
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At the multivariate level, gene expression modules associated with ancestry were often
also strongly associated with survival (Table S3; Table 2). Specifically, two Qsrenriched
modules - ME24 in WP and ME13 in BS- were strongly associated with P. flexilis ancestry as
well as with survival making the genes and regulatory regions within these modules a key
candidate for further detailed studies of GEI (Fig. 4; Table 2). The absence of strong associations
with ancestry for the three Qsr categories is likely because our study utilised estimates of
ancestry from ddRAD-seq dataset, which although is representative of overall genomic ancestry,
provides less coverage of genic regions in species with large genomes such as pines (Parchman
et al. 2018). Interestingly, P. flexilis ancestry was positively associated with survival across both
gardens. Despite this positive trend, the association between survival and ancestry was
significant only in BS and both survival as well as ancestry remained uncorrelated to population
transcript abundance levels. These results thus provide only partial support for H3 and highlight
the need for finer scale evaluation to gather more evidence for hybrid ancestry driving GEI.
However, drawing from our previous work (Menon et al. 2021) and a likely wider environmental
tolerance of P. flexilis than P. strobiformis (Windmuller-Campione & Long, 2016) we speculate
that significant association between ancestry and survival only in BS is indicative of P. flexilis
like variants enhancing survival in cooler environments. Overall, by using a space-for-time
substitution study design and measuring several quantitative traits through transcriptomics, we
highlight that conifer hybrid zones contain substantial additive genetic variation for expression

traits with a likely environment dependent contribution of introgressed variants.

Transcriptome wide profiling illustrates the prevalence of pleiotropic architecture

Strongly connected core genes within biological networks often experience selective
constraints, as mutations occurring in these genes impart pleiotropic effects which could
manifest as deleterious to multiple downstream traits (Jordan et al. 2004). On the other hand,
genes with lower connectivity will often be involved in adaptive evolution and in GEI as
selection can fine tune population responses to local environment without disrupting preserved
functional components (Cork & Purugganan, 2004; Josephs et al. 2017). Despite this, our work
demonstrates an overrepresentation of traits exhibiting GEI in the core of the network and at the
core of the module, thereby rejecting H4. Following Fisher’s geometric model (Fisher 1930), if

populations are further from their fitness optima, large effect loci that impart pleiotropic
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595 influences might be advantageous during the initial stages of the adaptive walk (Orr 1998). We
596  suggest that this is likely the case for our expanding hybrid zone populations (Menon et al. 2020)
597  that were exposed to novel selective regimes. While further validation through eQTL analysis is
598  warranted, similar enrichment of strongly differentiated transcripts in the core of the co-

599  expression network has been noted in other studies (des Marias et al. 2017; Hamala et al. 2020;
600 Chateigner et al. 2020) and hence is unlikely an anomaly.

601

602  Conclusions

603 Species responses to changing climatic conditions are variable across populations and
604 involve a combination of adaptation, migration and extirpation (Aitken et al. 2008). Common
605 garden approaches and genome-wide association studies across plants have provided remarkable
606  evidence for GEI and for local adaptation (Langlet, 1971; Savolainen et al. 2013). Our results
607  show strong signals of GEI at both per-transcript and co-expression module level reiterating
608  decades of studies demonstrating local adaptation in forest trees. By utilizing a space-for-time
609  substitution design we additionally demonstrate that long-lived tree species are likely equipped
610  to respond to rapidly changing climatic conditions through the initial advantage provided by
611 large effect pleiotropic loci. Additionally, we highlight the environment dependent impact of
612 interspecific gene flow towards adaptive evolution in the P. strobiformis-P. flexilis hybrid zone
613  populations. Our work stands among recent efforts to evaluate adaptive potential of species at or
614  beyond their climate edge (Geber & Eckhart, 2005; Olsen et al. 2019) and highlights the utility
615  of transcriptomics to assess the architecture aiding evolution towards a novel climate optimum.
616

617

618  Supporting information

619

620 Methods S1: Details of the pipeline and summaries used for denovo transcriptome assembly.
621

622  Methods S2: Pipeline details for SNP calling and filtering using ddRAD-seq genotyping.
623

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

626
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627  Figure S1: a) PCA of 76 environmental variables from climateWNA for the normal 1981-2010
628  for the 10 sampled populations and for the study year 2019 for the common gardens. (b)

629  Heatmap representing the proportion of times drought or freeze related environmental variables
630 measured at the gardens in 2019 were outside the range experienced by the assayed population
631 across a 60 year period. Garden environment was declared as an outlier if it fell outside the 95
632  percentage confidence interval of the climatic condition experienced by the populations for each
633  year. This evaluation was done on a year-by-year basis. Warmer (red) colours indicate higher
634  drought intensity and colder (blue) colours indicate higher freeze events experienced by the

635  gardens relative to the assayed populations.

636  Variables used for (b) Tmax_wt = winter mean max temperature, Tmin_wt = winter mean min
637  temperature, Tave_wt = winter mean temperature, DD_0_wt = winter degree-days below 0°C,
638 DD5_wt = winter degree-days below 5°C, DD_18 wt= winter degree-days below 18°C,

639 DD18 wt=winter degree-days above 18°C, NFFD_wt=winter frost-free days, PAS_wt=winter
640  precipitation as snow (mm), Eref wt = winter Hargreaves reference evaporation, Tmax_sm =
641  summer mean max temperature, Tmin_sm = summer mean min temperature, Tave_sm = summer
642  mean temperature, DD5_sm = summer degree-days above 5°C, DD18 sm = summer degree-
643  days above 18°C, DD_18 sm= summer degree-days below 18°C, Eref_sm= summer Hargreaves
644  reference evaporation (mm), CMD_sm = summer Hargreaves climatic moisture deficit,RH_sm=
645  summer relative humidity (%), CMI_sm = summer Hogg’s climate moisture index (mm),

646  PPT_sm = summer precipitation.

647

648  Figure S2: a) Geographical range map of P. strobiformis and P. flexilis along with the

649  populations sampled for ddRAD-seq genotyping. b) STRUCTURE plot of genomic ancestry for
650 the 30 maternal trees represented by the mixed-sibs sampled for RNA-seq and c) Distribution of
651  Fst values for the 30 maternal trees.

652

653  Fig S3: Visualization of Qst enriched modules in BS and WP with circles representing the nodes
654  (transcripts) and lines representing the edges (correlation between transcripts). Transcripts

655 classified as BS-condA or WP-condA are highlighted in color while the rest are represented by
656  black circles. The location of the transcripts in the module are representative of their edge

657  weights (i.e intra-modular connectivity).
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658
659  Fig S4: Relationship between mean transcript expression and co-expression connectivity levels

660 for a) WP and b) BS. Transcripts were divided into bins of mean expression by their position in
661  the co-expression network (core vs. periphery) to highlight their level of connectivity.

662

663  Figure S5: A) Evaluation of scale free topology at various soft-thresholding powers and B)
664  clustering dendrogram of transcripts using a soft-thresholding of 8 for BS and 9 for WP.

665

666

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

668

669  Table S2: Summary of GO terms and the enrichment analyses for three Qst categories (BS-
670 condA, WP-condA, Ad-PI) and for all modules across the two gardens.

671

672  Table S3: Summary statistics for modules identified across the gardens. Columns represent
673  eigengene association with survival and ancestry, Qst enrichment score, annotation of the

674  transcript with the highest module membership, preservation scores and difference in mean Qst
675  between transcripts classified in the core and periphery of a module (Qst periphery - Qst core).
676
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