
 
 
 

Charles Darwin University

Scale-dependent signatures of local adaptation in a foundation tree species

von Takach, Brenton; Ahrens, Collin W.; Lindenmayer, David B.; Banks, Sam C.

Published in:
Molecular Ecology

DOI:
10.1111/mec.15894

Published: 01/05/2021

Document Version
Peer reviewed version

Link to publication

Citation for published version (APA):
von Takach, B., Ahrens, C. W., Lindenmayer, D. B., & Banks, S. C. (2021). Scale-dependent signatures of local
adaptation in a foundation tree species. Molecular Ecology, 30(10), 2248-2261.
https://doi.org/10.1111/mec.15894

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain
            • You may freely distribute the URL identifying the publication in the public portal

Take down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Download date: 24. May. 2023

https://doi.org/10.1111/mec.15894
https://researchers.cdu.edu.au/en/publications/8a2be380-5266-45d4-8220-ffde0ade67fa
https://doi.org/10.1111/mec.15894


1

1 Scale-dependent signatures of local adaptation in a foundation tree species

2

3 Brenton von Takach1,2, Collin W. Ahrens3, David B. Lindenmayer2, Sam C. Banks1

4

5 1Research Institute for the Environment and Livelihoods, Charles Darwin University, Darwin, 

6 NT 0909, Australia.

7 2Fenner School of Environment and Society, The Australian National University, Canberra, 

8 ACT 2601, Australia.

9 3Hawkesbury Institute for the Environment, Western Sydney University, Richmond NSW 

10 Australia

11

12 *Author for correspondence:

13 brenton.takach@cdu.edu.au

14 https://orcid.org/0000-0002-7999-3521

15

Page 1 of 46 Molecular Ecology

mailto:brenton.takach@cdu.edu.au
https://orcid.org/0000-0002-7999-3521


2

16 Abstract

17 Understanding local adaptation is critical for conservation management under rapidly changing 

18 environmental conditions. Local adaptation inferred from genotype-environment associations 

19 may show different genomic patterns depending on the spatial scale of sampling, due to 

20 differences in the slope of environmental gradients and the level of gene flow. We compared 

21 signatures of local adaptation across the genome of mountain ash (Eucalyptus regnans) at two 

22 spatial scales: a species-wide dataset and a topographically-complex sub-regional dataset. We 

23 genotyped 367 individual trees at over 3700 single-nucleotide polymorphisms (SNPs), 

24 quantified patterns of spatial genetic structure among populations, and used two analytical 

25 methods to identify loci associated with at least one of three environmental variables at each 

26 spatial scale. Together, the analyses identified 549 potentially adaptive SNPs at the sub-region 

27 scale, and 435 SNPs at the range-wide scale. Thirty-nine genic or near-genic SNPs, associated 

28 with 28 genes, were identified at both spatial scales, although no SNP was identified by both 

29 methods at both scales. We observed that non-genic regions had significantly higher 

30 homozygote excess than genic regions, possibly due to selective elimination of inbred 

31 genotypes during stand development. Our results suggest that strong environmental selection 

32 occurs in mountain ash, and that the identification of putatively adaptive loci can differ 

33 substantially depending on the spatial scale of analyses. We also highlight the importance of 

34 multiple adaptive genetic architectures for understanding patterns of local adaptation across 

35 large heterogenous landscapes, with comparison of putatively adaptive loci among spatial 

36 scales providing crucial insights into the process of adaptation.

37
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42 Introduction

43 Globally, anthropogenic modifications to landscapes and climates are resulting in changing 

44 frequencies and intensities of disturbances such as wildfires, pest outbreaks, and extreme 

45 weather events (Abatzoglou & Williams, 2016; Seidl et al., 2017). In the context of these rapid 

46 contemporary environmental changes, understanding the patterns and drivers of local 

47 adaptation is important for developing practical and effective management strategies 

48 (Hoffmann & Sgrò, 2011; Sinclair et al., 2015). For example, if the genomic architecture of 

49 local adaptation varies across different spatial scales, then this could: (1) have implications for 

50 our understanding of the risk to populations or species under emerging new environmental 

51 conditions, and (2) assist management actions designed to ensure that such populations or 

52 species have the adaptive potential to persist (Alfaro et al., 2014; Holliday et al., 2017).

53 Advancements in DNA sequencing technologies and methods of data analysis over the past 

54 decade have led to increasingly detailed insights into the way that genetic diversity varies 

55 across landscapes (Hendricks et al., 2018; Manel & Holderegger, 2013). Researchers can now 

56 utilise thousands to millions of single-nucleotide polymorphisms (SNPs) from across a genome 

57 to investigate patterns of demography and evolutionary history in unprecedented detail (Bragg, 

58 Supple, Andrew, & Borevitz, 2015; Brousseau, Fine, Dreyer, Vendramin, & Scotti, 2020). 

59 Such datasets can be used to identify specific loci at which variation is putatively being driven 

60 by local adaptation, through the exploration of associations between phenotypes, genotypes 

61 and environmental variables (Ahrens et al., 2018; Evans et al., 2014; Rellstab, Gugerli, Eckert, 

62 Hancock, & Holderegger, 2015; Sork et al., 2013). By understanding the rate of change in allele 

63 frequencies as a result of selection, we can contextualise the ways in which particular genetic 

64 architectures are likely to contribute to rapidly changing environments (Jordan, Dillon, Prober, 

65 & Hoffmann, 2016; Rellstab et al., 2016).
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66 Much of the current landscape genomics literature focuses on environmental variables along 

67 broad latitudinal or longitudinal gradients, as climate change predictions focus on continental 

68 shifts in bioclimatic conditions (Bradbury et al., 2010; Dillon et al., 2014; Hecht, Matala, Hess, 

69 & Narum, 2015; Jordan, Hoffmann, Dillon, & Prober, 2017). However, bioclimatic conditions 

70 also can be influenced by topographic and edaphic heterogeneity at fine spatial scales (Lind et 

71 al., 2017; Wang, O’Neill, & Aitken, 2010), such that selection can be driven by both large scale 

72 and small scale processes. Previous work has shown that local adaptation can influence genetic 

73 composition on microgeographic scales (i.e. where dispersal neighbourhoods extend across 

74 environmental gradients) when the homogenising effect of gene flow is exceeded by divergent 

75 selection (Banks, Davies, & Cary, 2017; Eckert et al., 2015; Haldane, 1930; Richardson, Urban, 

76 Bolnick, & Skelly, 2014; Skelly, 2004). Thus, even when dispersal is high and gene flow across 

77 environmental gradients is substantial, selection can still lead to local adaptation by filtering of 

78 individuals within a generation/cohort of individuals (e.g. Vizcaíno-Palomar, Revuelta-

79 Eugercios, Zavala, Alía, & González-Martínez, 2014).

80 There is a clear gap in the research literature around the detection of adaptive genetic variation 

81 across different spatial scales, although there is evidence that similar adaptive phenotypes 

82 (convergent traits) can develop as a result of different genetic/biochemical pathways both 

83 within and between species (Martin & Orgogozo, 2013; Pascoal et al., 2014; Yeaman et al., 

84 2016). This suggests that the genetic architecture of local adaptation could vary according to 

85 the scale at which selective processes operate. Research on eucalypts has found that traits 

86 showing local adaptation to aridity among species are probably derived largely from 

87 independent genetic components (Steane, Potts, et al., 2017). These studies suggest that the 

88 scale at which sampling is conducted may be important for understanding patterns of local 

89 adaptation, as well as the genetic architecture of adaptive traits, with selective processes 

90 differing between regions, populations and species (Anderson, Perera, Chowdhury, & 
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91 Mitchell-Olds, 2015; Richardson et al., 2014). Further, as both patterns of environmental 

92 variation and the distribution of available adaptive genetic variation may vary across spatial 

93 scales, our ability to identify loci showing signals of putative adaptation is also likely to vary. 

94 Thus, comparison of results among different sets of individuals sampled at different spatial 

95 scales can provide information about the patterns and processes involved in local adaptation.

96 Here, we investigate the genetic components potentially underlying local adaptation at two 

97 spatial scales in the widespread foundation species (sensu Ellison et al., 2005) mountain ash 

98 (Eucalyptus regnans). Mountain ash dominates the mid-elevation forests of the south-eastern 

99 Australian administrative regions of Victoria and Tasmania, often growing in monospecific, 

100 even-aged stands resulting from regular high-intensity (stand-replacing) fire events. The 

101 species has a patchy distribution across a large area (700 km by 500 km), with substantial 

102 geographical barriers to gene flow existing between patches. Importantly, the Bass Strait 

103 separates the Victorian and Tasmanian parts of the species range, with a distance of at least 

104 200 km likely preventing any gene flow between these regions for at least ten thousand years 

105 (Duncan, Worth, Jordan, Jones, & Vaillancourt, 2016; Lambeck, Rouby, Purcell, Sun, & 

106 Sambridge, 2014). Within each region, the distribution of the species is further divided by 

107 inhospitable low-lying habitats, which have led to levels of genetic differentiation among parts 

108 of Victoria that are approximately equal to that between Tasmania and the mainland (von 

109 Takach Dukai, Jack, Borevitz, Lindenmayer, & Banks, 2019). Forests dominated by mountain 

110 ash are also considered critically endangered ecosystems, with wildfire and logging causing 

111 substantial changes to the age structure and structural characteristics of the forest (Burns et al., 

112 2015; Lindenmayer, Blair, McBurney, & Banks, 2015; von Takach Dukai, Lindenmayer, & 

113 Banks, 2018). With forest stands frequently requiring artificial reseeding to ensure adequate 

114 regeneration (Fagg, Lutze, Slijkerman, Ryan, & Bassett, 2013), it is critical that we develop an 

115 understanding of the patterns and processes involved in local adaptation in mountain ash, to 
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116 contribute to the development of ecologically and economically appropriate seed-sourcing 

117 strategies for landscape management.

118 In this context, our primary aims here are to identify signatures of local adaptation in the 

119 genome of mountain ash, and determine the extent to which patterns of local adaptation vary 

120 at, or are similar across, two geographic scales: (1) the full range of the species and (2) within 

121 the spatially-restricted region of the Victorian Central Highlands (VCH). The VCH is a suitable 

122 small-scale region for study as it is topographically complex, and mountain ash is more or less 

123 continuously distributed throughout the region with low levels of genetic differentiation (von 

124 Takach Dukai, Peakall, Lindenmayer, & Banks, 2020). We utilise two genotype-environment 

125 association methods to identify loci under putative selection, including latent-factor mixed 

126 modelling (LFMM) and redundancy analysis (RDA), to maximise information content. We 

127 predict that low levels of genetic differentiation between mountain ash populations ensures that 

128 a high level of standing genetic variation is present in most populations, providing the genetic 

129 material needed for selection to occur across both large- and fine-scale environmental 

130 gradients. In this context, we hypothesise that many of the loci under putative selection at the 

131 range-wide spatial scale will also be identified at the small spatial scale. However, we also 

132 hypothesise that fundamental differences between spatial scales (such as the extent of variation 

133 in environmental variables and magnitude of gene flow) have led to stronger signals of 

134 adaptation across the range-wide spatial scale sampling compared to its small spatial scale 

135 counterpart. Thus, we suggest that by examining the similarities and differences between these 

136 two spatial scales we will gain a greater understanding of how fine-scale heterogeneous 

137 landscapes contribute to the process of adaptation.

138
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139 Materials and methods

140 Sample collection

141 We collected 442 cambium tissue samples of mountain ash from across its natural distribution 

142 in Victoria and Tasmania (Figure 1a). All samples were from trees older than about 50 years 

143 (based on tree diameter and known fire histories) to ensure that modern methods of artificial 

144 reseeding were not impacting natural levels of genetic diversity and population differentiation. 

145 We collected 313 samples from 19 sites (mean of 16.5 samples per site) across the species 

146 distribution, typically by taking a sample from the nearest tree at every 20 m interval along a 

147 180 m transect. There were sites where linear transects and even sample sizes were not possible 

148 due to the combined effects of logging and wildfire reducing stand size and density of old trees 

149 in many parts of the distribution (Lindenmayer, Blanchard, Blair, McBurney, & Banks, 2016), 

150 and so the transect length was expanded accordingly. At nine sites, we also collected a second 

151 sample from one of the trees, to act as a technical replicate from the field. The remaining 

152 samples were collected from across the VCH, with variable distances between samples and at 

153 a range of elevations and topographic conditions (Figure 1b). As messmate (Eucalyptus 

154 obliqua) commonly hybridises with mountain ash, we collected 20 messmate samples to allow 

155 for the calculation of ancestry coefficients and exclusion of admixed individuals from the 

156 dataset (as per von Takach Dukai et al., 2019). All samples were placed in individual brown 

157 paper bags for air-drying and then stored at 4°C prior to DNA extraction.

158
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159

160 Figure 1. Sampling design for comparative study of spatial scale in mountain ash (Eucalyptus 
161 regnans). Panel (a) shows all samples collected (blue points), with a box around the regional 
162 sampling pattern that is displayed in detail in panel (b). The distribution of mountain ash is 
163 shown in green in both panels. Reference messmate (Eucalyptus obliqua) tissue samples were 
164 collected at the red point in panel (a). The number of samples collected at each site is 
165 represented by point size in (a), with points in (b) representing individual samples. 

166
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167 Sample preparation and sequencing

168 We homogenised samples using an automated cryogenic tissue grinding machine (Labman 

169 Max Planck Cryogenic Grinder Dispenser, Labman Automation & Custom Robotics), and 

170 stored the ground samples at -18°C prior to DNA extraction. We extracted whole genomic 

171 DNA in plate format, using a randomised order of samples and following the kit’s instructions 

172 (Stratec Invisorb DNA Plant HTS 96).

173 Library preparation for genotyping-by-sequencing was conducted as per von Takach Dukai, 

174 Jack, Borevitz, Lindenmayer, and Banks (2019), and included (1) digestion of 400 ng of 

175 genomic DNA of each sample using PstI restriction enzyme digestion (New England BioLabs 

176 Inc.), (2) fragment ligation with a unique barcode adapter pair, (3) purification and PCR 

177 amplification using two GBS primers (Integrated DNA Technologies) (Elshire et al., 2011), 

178 (4) post-purification quantification using microfluidic capillary electrophoresis (PerkinElmer 

179 Labchip GX-II), (5) equimolar pooling using an automated robotic liquid handling machine 

180 (PerkinElmer NGS Express), and (6) purification using a Genelute PCR Clean-Up Kit (Sigma-

181 Aldrich). The pooled samples were then size fractionated and a 250-450 bp gel cutout was 

182 performed, with sequencing conducted on multiple lanes of an Illumina HiSeq 2500 platform 

183 (along with hundreds of additional mountain ash samples used for separate projects) using a 

184 100-base paired-end read. 

185 Bioinformatic pipeline and hybrid exclusion

186 We demultiplexed sequencing data using exact matches and combinatorial index mode with 

187 Axe (Murray & Borevitz, 2018), correctly assigning 93% of reads. Adapters were removed and 

188 reads quality-trimmed (Phred score Q=30) at both ends using BBDuk, with NextGenMap 

189 (Sedlazeck, Rescheneder, & von Haeseler, 2013) used to align reads to the E. grandis v2.0 
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190 reference genome (Bartholome et al., 2015; Myburg et al., 2014). We then used SAMtools (Li 

191 et al., 2009) to create Binary Alignment/Map (BAM) files for each sample and sort reads.

192 To obtain a sample-by-SNP matrix, we used the ANGSD software package (Korneliussen, 

193 Albrechtsen, & Nielsen, 2014). Unmapped reads were removed from BAM files, with 

194 remaining reads only retained for SNP calling where they formed proper pairs and where the 

195 minimum map quality was ≥ 10 (ensuring repeat regions were also removed) (as per 

196 Lemopoulos et al., 2019).  Loci were only used to calculate posterior genotype probabilities if 

197 they were highly likely to be polymorphic (non-zero minor allele frequency likelihood ratio 

198 test p-value ≤ 0.00001), were genotyped in at least 20% of individuals, had a minimum of five 

199 reads per locus per sample, and had fewer than 1000 reads per locus per sample. Genotypes 

200 were called using the posterior probabilities and assuming a uniform prior, with a posterior 

201 probability threshold of at least 0.98. This retained 34937 unfiltered SNPs, with a mean read 

202 depth per locus per sample of 90.7 and median read depth per locus per sample of 54.8. The 

203 SNP by sample matrix was then read into the statistical analysis software R (R Core Team, 

204 2020), for further filtering and analysis. 

205 We excluded putative E. regnans–E. obliqua hybrids from the dataset with an analysis of 

206 admixture proportions in the ‘SNPRelate’ package (Zheng et al., 2012; Zheng & Weir, 2016). 

207 For this analysis, we first filtered out SNPs where the proportion of samples in which the site 

208 was genotyped was less than two thirds or where minor allele frequencies were < 0.05), 

209 retaining 1956 SNPs. We also removed samples in which less than 70% of loci were genotyped, 

210 retaining 423 samples. We used the snpgdsAdmixProp function in SNPrelate to investigate 

211 individual ancestries via an eigen-analysis approach (Supplemental Figure S1). Any samples 

212 with more than 10% estimated admixture with messmate were removed from the analysis, 

213 which retained 367 samples. We then created a hierarchical clustering dendrogram of these 367 

214 samples using the hclust function on a Euclidean distance matrix, and inspected it visually to 
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215 ensure that all biological replicates were closely paired (Supplemental Figure S2). Biological 

216 replicates were then removed from the sample set.

217 After the reference messmate samples, hybrids, and replicates had been removed from the full 

218 sample set, the initial 34937 SNPs were filtered on call rate (≥ 0.7), minor allele frequency 

219 (MAF ≥ 0.03), observed heterozygosity (HO < 0.6), and linkage disequilibrium (LD). To filter 

220 on LD, we removed SNPs using the snpgdsLDpruning function where the correlation was > 

221 0.5 within a sliding window of 500 base-pairs, with a 500 base-pair window deemed adequate 

222 because LD decays rapidly in Eucalyptus (Murray et al., 2019). All four of these filtering steps 

223 were implemented on two sample sets; a range-wide dataset, consisting of 17 widespread 

224 populations, and a reduced dataset containing only samples collected with the VCH region. 

225 This retained 3709 SNPs from 215 samples for the range-wide dataset; and 3840 SNPs from 

226 124 samples for the VCH dataset, with 2758 SNPs common to both datasets. Overall 

227 missingness was low in both datasets, with just 6% missing data in the range-wide dataset and 

228 8% missing data in the VCH dataset. The two datasets represent different geographical scales 

229 at which we were able to identify signatures of local adaptation by disentangling random 

230 genetic processes from selection through implementation of a quasi-replicated experimental 

231 design, and searching for loci that were correlated with environmental variables. Comparing 

232 the two datasets also increases our ability to discern true positives from false positives, as 

233 random processes such as genetic drift or isolation-by-distance are less likely to result in the 

234 same associations in multiple independent sample sets. However, we also note that SNPs found 

235 to be putatively adaptive in one spatial scale but not the other may still be adaptive. 

236 Patterns of differentiation and genomic position 

237 Using the method of Steane, Potts, et al. (2017), we obtained all gene positions in E. grandis 

238 v2.0 (Bartholome et al., 2015; Myburg et al., 2014) from the Phytozome database 
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239 (http://www.phytozome.net/) and determined whether each SNP was genic (located within a 

240 gene), near-genic (within 500 bp of a gene), or nongenic (> 500 bp from the start or end points 

241 of a gene). Near-genic SNPs were identified to allow us to determine whether cis-regulatory 

242 elements showed signals of selection. To compare the influence of genomic position on 

243 standard genetic parameters, we calculated the means and standard errors of the inbreeding 

244 coefficient (FIS), fixation index (FST), overall expected heterozygosity (HE), and observed 

245 heterozygosity (HO) across all loci (for the range-wide dataset only) and plotted the results as 

246 barcharts. We calculated the FST for each SNP and created kernel smoothed histogram (density) 

247 plots for genic and nongenic loci to visually inspect whether the patterns of range-wide FST 

248 differed among genic and non-genic SNPs.

249 Population and spatial genetic structure

250 As an initial investigation into geographic patterns of genetic diversity, we calculated HE, HO, 

251 FIS, and the percentage of polymorphic loci for each population (where n > 8) using GenAlEx 

252 v6.503 (Peakall & Smouse, 2006, 2012). Next, we used the ‘TESS3R’ package (Caye, Deist, 

253 Martins, Michel, & François, 2016) to generate maps of modelled genetic structure across the 

254 full range of the species. We used the tess3 alternating projected least squares algorithm to test 

255 models of genetic structure featuring a discrete number of ancestral populations (K values from 

256 1 to 10, each with 10 replicates) and estimated the K value that best represented the data via a 

257 cross-entropy scree-plot. The best-supported scenario(s), identified by visual identification of 

258 a clear plateau or change in curvature in the plot, was then mapped across the landscape. 

259 Genotype-environment associations

260 We searched for signatures of local adaptation using two alternative genotype-environment 

261 association (GEA) methods to identify loci in both the range-wide and VCH sample sets 

262 associated with environmental variables. Missing genotype data were imputed via the impute 
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263 function of the ‘LEA’ package (Frichot & François, 2015), utilising K ancestral populations 

264 and method= “mode”. To obtain predictor variables, we uploaded the latitude and longitude of 

265 each individual into the Spatial Portal of the Atlas of Living Australia (ALA, 

266 http://spatial.ala.org.au/). We extracted the values for three environmental variables at each 

267 location, including mean annual precipitation, mean maximum temperature of the warmest 

268 month, and topographic wetness index (Williams et al., 2006, 2010; Xu & Hutchinson, 2011, 

269 2013) (Supplemental Table S1 and Figure S3). Variables representing water availability and 

270 temperature are strong predictors of eucalypt distribution and growth patterns (Austin, Pausas, 

271 & Noble, 1997; Lindenmayer et al., 2016), with topographically-defined variables important 

272 for predicting niche conditions in wet-forest species (Austin & Niel, 2011). We then generated 

273 latent factor mixed models (via the lfmm2 exact least-squares function of the LEA package) to 

274 identify allele frequencies that were correlated with each of the environmental variables (Caye, 

275 Jumentier, Lepeule, & François, 2019; Frichot & François, 2015). This method controls for 

276 population structure via a number of latent factors equal to the number of ancestral populations 

277 (K = 4 selected for the range-wide dataset, and K = 2 for the VCH dataset). The P-values for 

278 each SNP were adjusted using the in-built robust estimate of the genomic inflation factor to 

279 improve the shape of the histogram (Martins, Caye, Luu, Blum, & François, 2016) and 

280 subjected to a Benjamini-Hochberg algorithmic correction (Benjamini & Hochberg, 1995) to 

281 ensure a low rate of false discovery (corrected to 1 in 10,000 SNPs). 

282 A multivariate GEA method, redundancy analysis (RDA), was also employed to identify SNP-

283 environment associations. RDA summarises genotypes into sets of covarying markers and 

284 identifies markers that are most strongly correlated with individual environmental variables 

285 (Forester, Lasky, Wagner, & Urban, 2018). We used the same three environmental variables 

286 identified above, to avoid strong patterns of multicollinearity among environmental variables 

287 (Supplemental Figure S3). The rda function of the ‘vegan’ (Oksanen et al., 2018) package was 
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288 used to conduct the RDA (option ‘scale=TRUE’), and the proportion of the variance explained 

289 by the environmental variables estimated using the RsquareAdj function. The significance of 

290 the linear relationship between each constrained axis and the environmental variables was then 

291 assessed using the anova.cca function. Outlier loci for each significant axis were identified 

292 using a standard deviation of 3 (two-tailed p-value = 0.0027). The predictor variable that each 

293 outlier locus was most correlated with, along with the strength of the correlation and whether 

294 the locus was genic, near-genic or non-genic, was then determined and tabulated. To annotate 

295 genic or near-genic candidate SNPs with known gene functions, we extracted gene IDs and 

296 descriptions from the E. grandis v2.0 genome assembly. We also entered the associated 

297 sequence data for each candidate SNP into the blastn function of BLAST 

298 (https://blast.ncbi.nlm.nih.gov/). Finally, we explored significant GO enrichment among the 

299 SNPs associated with environment at both spatial scales using E. grandis gene IDs in the 

300 EUCANEXT gene ontology database (http://bioinfo03.ibi.unicamp.br/eucalyptusdb/) 

301 (Nascimento et al., 2017). Significance was determined using Fisher’s exact tests to identify 

302 which GO terms were over-represented from the input gene set.

303 Using the location specific environmental data, we calculated the relationships between 

304 environment and genetic distance using a generalised dissimilarity model (GDM) within each 

305 sampling regime to quantify the different environmental relationships. Here, we focus on the 

306 SNPs that were commonly adaptive between the range-wide and VCH sampling regime. To do 

307 this, we used the ‘gdm’ package v1.3.7 (Manion et al., 2018) and a genetic distance matrix to 

308 estimate genomic turnover through environmental space. The GDM analysis calculates the 

309 amount of genomic variation (partial genomic distance) that explains each environmental factor 

310 (i.e. mean annual precipitation, mean maximum temperature of the warmest month, and 

311 topographic wetness index) (Ferrier, Manion, Elith, & Richardson, 2007; Fitzpatrick & Keller, 

312 2015). We estimated genomic turnover separately for each environmental variable and 
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313 sampling regime (six total times), creating a predictive spline for each environment-SNP group 

314 (i.e. three environments across two sampling regimes). We then plotted each spline showing 

315 the change in partial genomic distance across each independent environmental distribution.

316
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317 Results

318 Patterns of differentiation and genomic position

319 Of the 3709 SNPs retained in the range-wide dataset, 2519 were genic, 892 were nongenic, and 

320 298 were near-genic. Overall levels of expected heterozygosity and genetic differentiation were 

321 similar between genic (HE = 0.232 and FST = 0.048) and non-genic (HE = 0.226 and FST = 

322 0.042) datasets, but genic SNPs had significantly higher observed heterozygosity (genic HO = 

323 0.22, non-genic HO = 0.19; GLM, t = -4.74, p < 0.001) and significantly lower inbreeding 

324 coefficients (genic FIS = 0.05, non-genic FIS = 0.14; GLM, t = 10.78, p < 0.001) than non-genic 

325 SNPs, indicating that gene space is less inbred in this species (Figure 2). The upper tail of 

326 genetic differentiation was very similar between genic and non-genic loci, with density plots 

327 of FST values showing no bump in the upper tail of genic loci (Supplemental Figure S4). Taking 

328 the top 5% of the FST distribution of SNPs resulted in the retention of 186 loci. Of these, 131 

329 were genic, 41 were nongenic, and 14 were near-genic, respectively 5.2%, 4.6% and 4.7% of 

330 the total number of loci in each category. Together, these results indicate only minor 

331 differences in FST patterns between genic and non-genic loci. 
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332

333 Figure 2. Comparison of mean values for genetic parameters, including the inbreeding 
334 coefficient (FIS), fixation index (FST), expected heterozygosity (HE), and observed 
335 heterozygosity (HO), for 215 mountain ash (Eucalyptus regnans) individuals from across the 
336 species distribution. Parameters were calculated from genome-wide SNPs separated based on 
337 whether they were located inside genes (n=2519) or outside genes (n=892). A SNP was defined 
338 as being outside a gene if it was more than 500 bp from the start or end point of a known 
339 Eucalyptus grandis gene, with SNPs < 500 bp from the start or end points not included in the 
340 analysis. Error bars represent standard errors of the mean.

341
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342 Population and spatial genetic structure

343 Most population genetic parameters were similar between sites (Supplemental Table S2). Mean 

344 site-level values (±SE) of HE and HO were 0.221 and 0.213 respectively. The inbreeding 

345 coefficient was positive at all sites (mean FIS = 0.02) except for one (Toolangi 277 FIS = -0.02). 

346 Genetic differentiation between populations was low with a mean (±SE) pairwise FST of 0.04. 

347 The percentage of polymorphic loci per population was high (mean 81%), with the highest 

348 percentage (92%) in the Powelltown region of Victoria, and the lowest percentage in the 

349 Tasman Peninsula (74%).

350 Investigation of the scree-plot of cross-validation scores (created using the TESS3R package) 

351 suggested no optimal number of ancestral clusters was present in the range-wide genetic 

352 dataset, with increasing values of K resulting in small reductions in cross-entropy 

353 (Supplemental Figure S5). However, the largest drops in cross-validation scores were observed 

354 when K values increased from 1 to 2, 2 to 3 and 3 to 4, and this hierarchical population genetic 

355 structure was visualised for K values of 2, 3 and 4 (Figure 3). While the mean per-locus level 

356 of genetic differentiation in the range-wide dataset was not high (FST = 0.048), low levels of 

357 background geographic structuring were clearly present.

358
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359

360 Figure 3. Hierarchical population genetic structure in mountain ash (Eucalyptus regnans), 
361 identified using 3709 genome-wide SNPs and 215 individuals from across the species 
362 distribution. Panels (a), (b) and (c) respectively show the population genetic structure when 
363 two, three or four ancestral clusters are identified in the dataset. Colours in each panel represent 
364 an ancestral cluster, with black points indicating sampling locations.

365
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366 Genotype-environment association

367 Environmental variation at both spatial scales was substantial, although the range wide scale 

368 tended to cover a broader range of values than the regional scale (Supplemental Figure S6). 

369 The VCH region had higher mean values for each environmental variable than the range-wide 

370 scale, a pattern that was particularly pronounced for mean annual precipitation, with the VCH 

371 receiving an average of more than 200 mm of additional annual precipitation compared to the 

372 range-wide dataset. Across all samples, mean annual precipitation ranged from about 900 mm 

373 up to over 1600 mm, with mean maximum temperatures of the hottest month varying from 

374 below 18°C to nearly 26°C.

375 Putative associations between SNPs and the three environmental variables were observed on 

376 all 11 chromosomes as well as eight un-assigned scaffolds (Supplemental Table S3). We found 

377 more associations in the smaller sample set of the VCH region (592 associations from 549 

378 unique SNPs) than for the larger range-wide sample set (479 associations from 435 unique 

379 SNPs). A much larger number of putative associations were identified via LFMM than RDA, 

380 with LFMM responsible for 83% of associations in the range-wide sample set and 94.9% of 

381 associations in the VCH sample set. Ten unique SNPs were identified by both GEA methods 

382 for the VCH sample set, and 21 unique SNPs were identified by both methods in the range-

383 wide sample set, but no SNP was identified by both LFMM and RDA at both spatial scales.

384 The number of associations identified at each spatial scale for each covariate varied between 

385 132 and 202, with rainfall and topographic wetness respectively having the highest and lowest 

386 number of associations (Supplemental Table S4). The proportion of total associations identified 

387 in genic (~64%), non-genic (~27%), and near-genic (~9%) regions of the genome for each 

388 spatial scale was similar to the proportion of SNPs investigated in genic, non-genic and near-

389 genic regions.
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390 Overall, fifty-one unique SNPs were identified in both the range-wide and the VCH analyses 

391 (via LFMM or RDA methods), representing 111 associations between the three environmental 

392 variables. These 51 SNPs were thus identified as being significantly associated with one or 

393 more of the three covariates in two unconventional replicates at very different sampling scales, 

394 suggesting that they are the strongest candidates for further investigation into adaptation to 

395 climate in mountain ash. Mean per-locus FST in the 51 candidate SNPs (FST = 0.056) was only 

396 marginally higher than across the entire set of 3709 range-wide SNPs (FST = 0.048). Of the 51 

397 candidates, there were 28 unique gene ontologies identified from the E. grandis v2.0 genome 

398 database, involving a range of proteins, protein kinases, transcription factors/activators, and 

399 transporters (Supplemental Table S5). Gene ontology enrichment showed that candidate SNPs 

400 were associated with various biological processes, molecular functions, and cellular 

401 components, with three of the five gene ontological biological processes relating to metabolic 

402 processes (Table 1). Importantly, some SNPs have functions known to be directly relevant to 

403 the covariates of interest. For example, one SNP on chromosome seven correlated with 

404 maximum temperature of the hottest month and is known to be associated with transcription 

405 factor ICE1 (Supplemental Table S5), which regulates downstream genes that confer chilling 

406 and freezing tolerance in plants (Chinnusamy et al., 2003). 

407
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408 Table 1. Gene ontology enrichment for mountain ash (Eucalyptus regnans) loci that were 
409 significantly associated with one of three environmental variables at both of the two spatial 
410 scales of sampling.

411

Biological 
Process GO function

GO P 
value

Eucalyptus gene 
ID

Arabidopsis 
gene ID gene function 1

GO:0006006 glucose metabolic process 0.008 Eucgr.H00874.1 AT5G13110 glucose-6-phosphate dehydrogenase 2|plastid

GO:0006353 DNA-templated transcription, termination 0.003 Eucgr.A02312.1 – Rho termination factor, N-terminal domain

GO:0006807 nitrogen compound metabolic process 0.026 Eucgr.E01025.1 AT1G55090 carbon-nitrogen hydrolase family protein|cytosol

GO:0015936 coenzyme A metabolic process 0.005 Eucgr.H05009.1 AT1G76490
hydroxy methylglutaryl CoA reductase 1| 
endoplasmic reticulum

GO:0007067 mitotic nuclear division 0.006 Eucgr.A01835.1 AT1G03780 targeting protein for XKLP2|multiple
Molecular 
Function      

GO:0003700
transcription factor activity, sequence-
specific DNA binding 0.044 Eucgr.I00291.1 AT5G61890

Integrase-type DNA-binding superfamily 
protein|nucleus

Eucgr.J02131.1 AT3G54320
Integrase-type DNA-binding superfamily 
protein|multiple

GO:0004518 nuclease activity 0.026 Eucgr.F01596.1 AT1G19660 Wound-responsive family protein|mitochondrion

GO:0004345
glucose-6-phosphate dehydrogenase 
activity 0.008 Eucgr.H00874.1 AT5G13110 glucose-6-phosphate dehydrogenase 2|plastid

GO:0050661 NADP binding 0.033 Eucgr.H00874.1 AT5G13110 glucose-6-phosphate dehydrogenase 2|plastid

GO:0004420
hydroxymethylglutaryl-CoA reductase 
(NADPH) activity 0.005 Eucgr.H05009.1 AT1G76490

hydroxy methylglutaryl CoA reductase 
1|endoplasmic reticulum

GO:0016810
hydrolase activity, acting on carbon-
nitrogen (but not peptide) bonds 0.006 Eucgr.E01025.1 AT1G55090 carbon-nitrogen hydrolase family protein|cytosol

GO:0050662 coenzyme binding 0.002 Eucgr.D00858.1 AT1G61720
binding Rossmann-fold superfamily protein|plasma 
membrane

   Eucgr.H05009.1 AT1G76490
hydroxy methylglutaryl CoA reductase 1| 
endoplasmic reticulum

Cellular 
Component      

GO:0005730 nucleolus 0.002 Eucgr.F03333.1 AT1G52980 GTP-binding family protein|nucleus

GO:0005874 microtubule 0.013 Eucgr.A01835.1 AT1G03780 targeting protein for XKLP2|multiple

GO:0005819 spindle 0.002 Eucgr.A01835.1 AT1G03780 targeting protein for XKLP2|multiple
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412 We explored the 51 SNPs identified at both spatial scales using GDMs, and found that the 

413 relationship between the environment and the SNPs differed depending on the scale at which 

414 it was investigated. In total, SNPs for the range-wide sampling regime explained 17.8% (mean 

415 annual precipitation = 10.3%; maximum temperature of the hottest month = 7.4%; topographic 

416 wetness index = 0.007%) of the climate variation, whereas SNPs for the regional (VCH) 

417 sampling scale explained just 0.12% (mean annual precipitation = 0.0003%; maximum 

418 temperature of the hottest month = 0.12%; topographic wetness index = 0.004%) (Figure 4). 

419 The most important climate variables for the range-wide spatial scale were mean annual 

420 precipitation and maximum temperature of the hottest month , while topographic wetness index 

421 had a much smaller effect. Conversely, for the regional scale, maximum temperature of the 

422 hottest month had the largest effect size (Figure 4). There was a much larger partial genetic 

423 distance in the range-wide dataset than the VCH dataset for all three environmental variables, 

424 which may be why there was such high disparity between the variation explained at each spatial 

425 scale. 

426
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427

428 Figure 4. Spline plots for putatively adaptive SNPs identified in both range-wide (red) and 
429 regional (blue; Victorian Central Highlands, VCH) sampling designs. Spline plots were 
430 calculated from generalised dissimilarity models across the three environmental variables: 
431 mean annual precipitation (a), maximum temperature of the warmest month (b), and 
432 topographic wetness index (c). 

433
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434 Discussion

435 We compared the signatures of local adaptation across the genome of an economically 

436 important foundation tree species at two spatial scales. The LFMM and RDA analyses together 

437 identified 549 potentially adaptive SNPs at the regional scale, and 435 SNPs at the range-wide 

438 scale. A total of 51 SNPs were under putative selection at both spatial scales, of which thirty-

439 nine were genic or near-genic, associated with 28 individual genes. No SNP was identified by 

440 both LFMM and RDA at both spatial scales, highlighting the substantially different results that 

441 can be obtained depending on the choice of GEA method and spatial scale of sampling (Ahrens 

442 et al. 2021). Further, our hypothesis that fundamental differences between spatial scales will 

443 result in stronger signals of adaptation in the range-wide spatial scale was correct. This research 

444 adds to a growing body of literature that investigates genome-wide SNP loci for signatures of 

445 local selection (Hecht et al., 2015; Lind et al., 2017; Perrier, Rougemont, & Charmantier, 2020; 

446 Yang et al., 2017), and builds upon recent studies that have identified an array of genotype-

447 environment associations in eucalypts (Ahrens, Byrne, & Rymer, 2019; Jordan et al., 2017; 

448 Steane, McLean, et al., 2017; Steane et al., 2014). Our results support the concept that by 

449 examining selective processes at multiple spatial scales we can gain a more complete 

450 understanding of how selection and adaptation are influenced by the slope and magnitude of 

451 environmental gradients and the level of gene flow (Anderson, Perera, Chowdhury, & Mitchell-

452 Olds, 2015; Richardson, Urban, Bolnick, & Skelly, 2014).

453 Spatial scale and patterns of putative selection

454 We utilised two GEA methods to search for loci that are associated with environmental 

455 variables at two spatial scales (range-wide and regional). We found large differences in the loci 

456 under putative selection between scales, highlighting the importance of microgeographic 

457 environmental heterogeneity in the process of adaptation. Indeed, local heterogeneous 
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458 environments have been shown to provide strong adaptive signals in other panmictic species 

459 such as abalone (Miller et al., 2019). The LFMMs and RDAs together found putative signatures 

460 of selection in 479 loci in the range-wide dataset and 592 loci in the VCH dataset, with 

461 approximately equal numbers of loci associated with each of three environmental variables. 

462 Such results are similar to those published for other eucalypts, with Steane et al. (2014) 

463 identifying 43 outlier markers in red ironbark (Eucalyptus tricarpa) that were strongly 

464 associated with the first axis of 15 least-intercorrelated climatic variables, and Steane, McLean, 

465 et al. (2017) finding secondary adaptations associated with soil phosphorous and maximum 

466 temperature in smooth-barked York gum (Eucalyptus loxophleba ssp. lissophloia) of Western 

467 Australia. In a study of grey box (Eucalyptus microcarpa), Jordan et al. (2017) found that the 

468 majority of 81 putatively adaptive SNPs were variously associated with rainfall, temperature, 

469 and aridity. More recently, Ahrens et al. (2019) examined environment associations in 9593 

470 SNPs across the genome of marri (Corymbia calophylla) and found 537 that were putatively 

471 adaptive to climate via small patterns of allelic turnover. Notably, we found that 51 loci, within 

472 or near to 28 genes, were under putative selection at both broad and fine spatial scales. These 

473 results indicate that adaptation to climate occurs at many scales, is heterogeneous, and is likely 

474 to be partially controlled by the same genes. Even so, we found more differences between the 

475 genetic architecture of selection among spatial scales than similarities, indicative of differential 

476 adaptive responses to the same environmental selection pressures (i.e. “multiple adaptation 

477 optima”, discussed below). Interestingly, we found strong differences in FIS values between 

478 loci in genic and non-genic parts of the genome. This is possibly a result of selective 

479 elimination of inbred genotypes, which occurs during an intense phase of intra-specific 

480 competition prior to reproductive maturation (Griffin, Potts, Vaillancourt, & Bell, 2019). 

481 The GDM analyses suggest the putatively adaptive SNPs identified at both spatial scales show 

482 different association strengths with environmental variables at each scale, with several reasons 
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483 why this might be the case. One reason is that gene flow is much greater in the local region 

484 compared to the range-wide sampling area, resulting in weaker genotype-environment 

485 associations where adaptive divergence happens under strong gene flow, a phenomena known 

486 to hinder development of allele frequency differences and thus adaptation (Bachmann, Jansen 

487 van Rensburg, Cortazar-Chinarro, Laurila, & Van Buskirk, 2019; Dalongeville et al., 2018; 

488 Lenormand, 2002; Perrier et al., 2020).  Another reason is that the sampling was designed to 

489 collect individuals instead of populations, which may somewhat limit the GDM’s ability to 

490 detect allelic turnover across environmental space. Further, there is likely to be a range of 

491 environmental variables for which we can identify patterns of selection under a single spatial 

492 scale, but which may not be relevant at both scales. For example, solar radiation may be 

493 strongly impacted by horizon shading in highly heterogenous local landscapes, but may not 

494 vary substantially across broader regional species distributions.

495 Genotype-environment association studies that directly compare patterns of divergent selection 

496 on small and large spatial scales are not common in the literature. Interestingly, no overlap in 

497 outlier loci between large and small spatial scales was found in a study of the Amazonian forest 

498 tree Eperua falcata (Brousseau et al., 2020), suggestive of the presence of multiple adaptation 

499 optima occurring through different genetic architectures. Similarly to our study, Brousseau et 

500 al. (2020) found a substantial number of SNPs in non-genic regions of the genome that were 

501 associated with environmental variation, highlighting the ways that experimental designs 

502 including multiple spatial scales and annotated reference genomes can increase the potential 

503 for identifying false positives (Ahrens et al., 2021). A study of great tits (Parus major) in 

504 France also found that spatial scale was an important determinant of the significance of 

505 urbanisation on genetic differentiation (Perrier et al., 2018), and studies of salmonid fishes have 

506 shown that geographically distant populations experience markedly different selection regimes 

507 compared to more proximate populations (Fraser, Weir, Bernatchez, Hansen, & Taylor, 2011), 
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508 which is likely to give rise to different genomic architectures relating to adaptation. Clearly, 

509 more research using comparative methodologies is needed to uncover the similarities and 

510 differences between taxa in the way that spatial scales and analytical methods influence our 

511 understanding of local adaptation, as well as when and how multiple adaptation optima operate. 

512 Despite the dearth of such comparative methods in the primary literature, numerous studies 

513 have found evidence of microgeographic adaptation (Antonovics, 2006; Eckert et al., 2015; 

514 Richardson & Urban, 2013; Skelly, 2004), with selective processes in these local populations 

515 likely to result in different patterns of adaptation across geographic space.

516 Gene flow and local adaptation in forest trees

517 Locally-adapted loci may not show strong departures from background levels of genetic 

518 differentiation, and, as with many forest trees (Evans et al., 2014; Lind, Menon, Bolte, Faske, 

519 & Eckert, 2018), local adaptation to environmental variables in mountain ash is likely not 

520 strongly linked to isolation of single alleles of strong effect. In a study of loblolly pine (Pinus 

521 taeda) in south-eastern USA, Eckert et al. (2010) found that FST values of loci showing 

522 significant correlations with environmental variables were within the background level of 

523 genetic differentiation. We found a similar pattern, with our putatively adaptive loci having 

524 only marginally higher mean FST values than a genome-wide SNP set. Further, the GDM 

525 analysis revealed that putatively adaptive alleles have low levels of turnover across both spatial 

526 scales. These signatures of adaptation are indicative of alleles of small-effect because their 

527 combined turnover rate is small, particularly on the local scale. This is not surprising because 

528 trees are known to be highly polygenic, meaning that many small-effect loci determine 

529 complex traits (Savolainen, Lascoux, & Merilä, 2013). These are classically hard to detect due 

530 to subtle shifts in allele frequency (Berg & Coop, 2014; Kemper, Saxton, Bolormaa, Hayes, & 

531 Goddard, 2014). Even so, this polygenic process is consistent with our observations, as we 

532 were able to find replicated patterns across similar environmental gradients, providing 
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533 compelling evidence that these alleles are involved in adaptation. Further evidence shows that 

534 the putatively adaptive genes and related GO terms have functions appropriate for the abiotic 

535 environments tested. For example, one gene (Eucgr.A02312.1) provides fitness trade-offs in 

536 low temperature environments for Escherichia coli (Hug & Gaut, 2015), and another gene 

537 (Eucgr.H00874.1) is known to regulate cold hardening in Lolium perenne (Bredemeijer & 

538 Esselink, 1995). These functions show possible ways mountain ash has adapted to its 

539 heterogeneous environment, although further experiments should be performed to fully assess 

540 the importance of these genes and their adaptive role in mountain ash (Sork, 2018). 

541 Future directions

542 As we found here, high gene flow and high levels of standing genetic diversity in some forest 

543 tree species results in a lack of strong allelic isolation between stands. This indicates that local 

544 adaptation is likely to occur predominantly through strong environmental selection filtering 

545 less fit genotypes within each generation. We suggest that a variety of genotypes may be 

546 available in the seedbank prior to dispersal, but, as seeds germinate and individuals grow, these 

547 genotypes are rapidly pruned, with locally-adapted alleles increasing in frequency as a result.  

548 A simple method of testing this hypothesis would be to compare allele frequencies at loci 

549 showing signs of putative selection in both the seedbank and mature trees within stands. If local 

550 adaptation in forest trees such as mountain ash occurs in such a manner, there are large 

551 implications for planning restoration and assisted migration strategies. For example, seeds are 

552 currently being collected at increasingly large volumes across south-eastern Australia because 

553 frequent wildfires and resulting failure of natural regeneration means that large areas are 

554 requiring artificial regeneration (Bassett, Prior, Slijkerman, Jamieson, & Bowman, 2015). With 

555 most alleles present in the seedbank at most sites, collection of locally-sourced seeds or seeds 

556 from sites with matching environmental conditions would not necessarily result in a greater 

Page 30 of 46Molecular Ecology



31

557 level of local adaptation than using seeds collected from near-random locations, meaning there 

558 would be little benefit to such resource-intensive strategies.

559

Page 31 of 46 Molecular Ecology



32

560 Conclusion

561 We identified signatures of local adaptation across the genome of mountain ash at two different 

562 spatial scales, with a small amount of overlap in candidate loci. In addition to broad latitudinal 

563 and longitudinal gradients in environmental conditions driving patterns of local adaptation, 

564 fine-scale environmental gradients caused by topographic and edaphic factors can also 

565 influence allele frequencies, even in the presence of high levels of gene flow. Loci that are 

566 adapted to these fine-scale gradients are likely to go undiscovered without intensive sampling 

567 across microgeographic space. By studying the processes involved in local adaptation at 

568 multiple spatial scales, we gain a deeper understanding of how adaptive genetic diversity is 

569 maintained within and among populations. This allows us to make genetically-informed 

570 management actions that will better conserve or maximise adaptive potential, ensuring that 

571 species persist into a changing and uncertain future.

572
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