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21 Abstract

22 Mapping the genes underlying ecologically relevant traits in natural populations is fundamental 

23 to develop a molecular understanding of species adaptation. Current sequencing technologies 

24 enable the characterisation of a species’ genetic diversity across the landscape or even over its 

25 whole range. The relevant capture of the genetic diversity across the landscape is critical for a 

26 successful genetic mapping of traits and there are no clear guidelines on how to achieve an 
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27 optimal sampling and which sequencing strategy to implement. Here we determine through 

28 simulation, the sampling scheme that maximises the power to map the genetic basis of a 

29 complex trait in an outbreeding species across an idealised landscape and draw genomic 

30 predictions for the trait, comparing individual and pool sequencing strategies. Our results show 

31 that QTL detection power and prediction accuracy are higher when more populations over the 

32 landscape are sampled and this is more cost-effectively done with pool sequencing than with 

33 individual sequencing. Additionally, we recommend sampling populations from areas of high 

34 genetic diversity. As progress in sequencing enables the integration of trait-based functional 

35 ecology into landscape genomics studies, these findings will guide study designs allowing direct 

36 measures of genetic effects in natural populations across the environment.

37

38 Introduction

39 Understanding how the molecular variation within species supports the evolution of functional 

40 traits is a powerful way forward in ecological research through the determination of so-called 

41 genotype-to-phenotype map. Genomic information for a species can then be leveraged to 

42 understand and eventually predict population fitness under a range of eco-evolutionary 

43 scenarios. Unfortunately, this genotype-to-phenotype map is only available for a handful of traits 

44 (Hoekstra et al., 2006; Rosenblum et al., 2010; Wellenreuther & Hansson 2016), and primarily in 

45 model organisms (1001 Genomes Consortium 2016; Najarro et al., 2015). With the improved 

46 accessibility of sequencing technologies, genome-wide association studies (GWAS) and 

47 genomic prediction (GP) are becoming straightforward approaches to understand and predict 

48 complex traits (Gondro et al., 2013). We thus coined the term GPAS (Genomic Prediction and 

49 Association Studies) to denote genome-wide association studies designed to both identify 

50 quantitative trait loci (QTL) and predict traits from genomic data. These studies rely on cost-

51 effective, high-throughput sequencing and share the same well-established linear modelling 

52 framework. However, how to sample natural populations to train accurate GPAS models that are 

53 representative of the genetic diversity of a species is far from obvious. More insights are needed 

54 to develop an optimal sampling strategy and adopt an adequate sequencing strategy.

55
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56 Research in ecological genomics deals with the challenge of characterising the genetic basis of 

57 traits across multiple natural populations (Ungerer et al., 2008). This requires collecting sufficient 

58 genotype and experimental phenotype data to represent the species’ diversity, which in practice 

59 is often performed with limited resources. This raises the problem of how to sample across a 

60 landscape to capture representative genetic variation while constrained by the total sequencing 

61 depth attainable for a given budget. Here, we address the question: how do we allocate a fixed 

62 sequencing capacity so that the genetic information captured over the landscape leads to an 

63 optimal GPAS performance?

64

65 It is becoming easier to genotype genome-wide markers for large numbers of individuals, either 

66 through whole-genome sequencing or reduced representation approaches such as restriction 

67 site-associated DNA sequencing (RADseq) (Baird et al., 2008) in the case of large and complex 

68 genomes. Increasing the density and number of markers for GPAS has the potential to increase 

69 QTL detection power and prediction accuracy (de Roos et al., 2009; Long & Langley, 1999). 

70 Despite the declining costs of sequencing, genotyping every individual of every population 

71 across a landscape is usually not feasible, and phenotyping remains resource-consuming. As a 

72 cost-effective alternative to sequencing individuals (Indi-seq), sequencing pools of individuals 

73 (Pool-seq) (Schlötterer et al., 2014) has gained popularity in ecology (Bastide et al., 2013; 

74 Cheng et al., 2012; Nielsen et al., 2018), evolution (Boitard et al., 2012; Fournier-Level et al., 

75 2019; Fracassetti et al., 2015), and breeding (Beissinger et al., 2014; Bélanger et al., 2016) 

76 supported by developments in quantitative genetics (Fournier-Level et al., 2017; Guo et al., 

77 2018; Knight, Saccone et al., 2009; Macgregor et al., 2006; Micheletti & Narum, 2018; Jinliang 

78 Yang et al., 2015).

79

80 Indi-seq generates high-resolution genomic data of a population; while Pool-seq yields low-

81 resolution data in favour of cost reduction. Indi-seq yields individual allele information after 

82 variant calling, while Pool-seq generates allele frequency estimates for a group of individuals. 

83 Identifying when best to use one over the other is important. Pool-seq was shown to be at least 

84 as accurate as Indi-seq in estimating genome-wide allele frequencies (Fracassetti et al., 2015; 

85 Gautier et al., 2013; Rellstab et al., 2013; Zhu et al., 2012), but it is also prone to biases in 

86 genome representation (i.e. unequal representation of different genomic regions) when sample 
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87 size and depth of coverage are low (i.e. <40 individuals per pool and <50X depth) (Cutler & 

88 Jensen, 2010; Schlötterer et al., 2014). Pool-seq also loses haplotype and linkage disequilibrium 

89 (LD) information (Fariello et al., 2017) which limits the number of quantitative and population 

90 genetics models that can be used and requires the design of novel analysis methods (Cutler & 

91 Jensen, 2010). Pool-seq is more cost-effective than Indi-seq since it requires less sequencing 

92 effort to generate the same genome-wide allele frequency data (Futschik & Schlötterer, 2010; 

93 Gautier et al., 2013), particularly for non-model organisms where individuals cannot be 

94 maintained indefinitely and used in multiple experiments. Additionally, Pool-seq can include 

95 more individuals, grouped into one or a few pools and sequenced at a high depth.

96

97 There is no research on the optimal sampling strategy across a landscape for GPAS, comparing 

98 Indi-seq and Pool-seq. Quantitative genetics studies have established that large sample sizes 

99 and diverse mapping and training populations improve the power of GWAS (Visscher et al., 

100 2012; Visscher et al., 2017; Gurdasani et al., 2019; Wojcik et al., 2019) and the accuracy of GP 

101 (Asoro et al., 2011; Bernal-Vasquez et al., 2014; Bustos-Korts et al., 2016; Rincent et al., 2017; 

102 Akdemir & Isidro-Sánchez, 2019; Edwards et al., 2019). However, the spatial component of 

103 sampling across the landscape is lacking in these studies. Failure to account for spatial variation 

104 in allele frequency across a landscape can result to spurious associations in GWAS (Mathieson 

105 & McVean, 2012; Bulik-Sullivan et al., 2015). In landscape genomics, in addition to the 

106 recommendation to sample as many populations as possible (Santos & Gaiotto, 2020), the 

107 spatial extent of the species’ dispersal should be accounted for (Riginos et al., 2016; Battey et 

108 al., 2020) and stratified sampling is commonly performed to represent the different 

109 environmental clines (Hoel, 1943; Li et al., 2017; Williams & Brown, 2019; Pais et al., 2020). 

110 Landscape genomics associates genotype with the environment (Li et al., 2017); while GPAS 

111 associates genotype with phenotype (Gondro et al. 2013). It follows that in GPAS, sampling 

112 every environmental cline may not be needed as long as the genetic diversity is well-

113 represented in the samples. Additionally, landscapes and populations with low differentiation or 

114 structure allow for fewer samples to represent the total diversity sufficiently. Finally, it is not 

115 known whether the cost-effectiveness of Pool-seq, being the preferred genotyping approach in 

116 landscape genomics over Indi-seq (Santos & Gaiotto, 2020), retains the same cost-effectiveness 

117 in landscape-wide GPAS.
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118

119 Field researchers often adapt techniques initially developed for model organisms or crops in 

120 highly controlled environments; however, with natural populations having evolved in natural 

121 environments, devising the optimal sampling strategy becomes non-trivial. Individuals and pools 

122 can be sampled from one to a few populations or from a large number of populations. Identifying 

123 which populations warrant higher resolution (i.e. individual-resolution genotype data with Indi-

124 seq instead of group-resolution genotype data with Pool-seq), requires some prior knowledge of 

125 the spatial distribution of genetic variability across the landscape. To address this question, we 

126 simulated landscapes under different trait architectures and population genetics scenarios with 

127 the aim of providing recommendations on the optimal sampling strategies. Specifically, we aim 

128 to answer the following three questions. How many populations do we need to sample to yield 

129 optimal GPAS performance? Under which landscape-specific circumstances should we use Indi-

130 seq or Pool-seq? And which populations to select under different landscape scenarios?

131

132 Materials and methods

133 Workflow overview

134 We first simulated landscapes inhabited by multiple populations of an outbreeding  species. For 

135 every simulated landscape, migration between adjacent pairs of populations is uniform, and 

136 there is one trait of interest which is positively correlated with fitness. This trait is controlled by 10 

137 to 100 QTL with purely additive effects. The distribution across the landscape of the 

138 corresponding favourable alleles is affected by their population of origin, selection intensity and 

139 migration rate. We then simulated a stratified sampling strategy and performed Indi-seq and 

140 Pool-seq. Next, GPAS models were built to identify the QTL and predict the phenotypes of 

141 individuals and pools. Finally, we assessed how the number of populations sampled, the 

142 genotyping strategy (Indi-seq and Pool-seq), selection intensity, migration rate, and the 

143 distribution of the favourable alleles across the landscape in relation to the sampled populations 

144 affected QTL detection and genomic prediction accuracies.

145



This article is protected by copyright. All rights reserved

146 Demographic and landscape simulations

147 The populations across a landscape were simulated using quantiNemo2 (Neuenschwander et 

148 al., 2018), the variables are listed in Table 1, and the fixed parameters are listed in Table S1. We 

149 simulated the simple and common mating system consisting of a hermaphrodite species capable 

150 of both self- and cross-fertilisation (1/n and 1-1/n probabilities, respectively; n is the population 

151 size) with discrete non-overlapping generations. This sufficiently represents allogamous and 

152 mixed mating systems, including that of plants with considerable outcrossing, and many animals 

153 species. Variation for a quantitative phenotype over a landscape was simulated as a function of 

154 migration rate, number of QTL controlling the trait, causal allele diffusion gradient (the 

155 distribution of the favourable alleles across the landscape as it migrates from the populations of 

156 origin), and selection intensity with 3 levels for each of these variables (Table 1). 

157

158 Each landscape consisted of 100 populations arrayed in a uniform square lattice without 

159 barriers. Migration was modelled using a 2-dimensional stepping-stone model with bidirectional 

160 gene flow with a uniform rate into the 8 adjacent populations and absorbing boundaries.

161

162 The quantitative trait was determined by additive QTL with effects sampled from a χ2 distribution 

163 with 1 degree of freedom to generate a cumulative heritability of 0.5. At the initial step of the 

164 simulation, all the causal alleles had a frequency (q0) of 0.01 in the populations of origin and 0 

165 elsewhere.  Under the uniform allele diffusion gradient, all populations had q0=0.01. Under the 

166 unidirectional gradient, one boundary row had q0=0.01 for all 10 populations in that row and 0 

167 elsewhere. Under the bidirectional gradient, two opposite boundary rows had q0=0.01 in each of 

168 the populations and 0 elsewhere. For clarity, these causal allele diffusion gradients are 

169 illustrated in Figure 1 Panel A.

170

171 Selection was simulated using a generalised logistic model (Richards, 1959) as 

172 , 1 w = 1 +e
��― �

173 where w is fitness, y is the quantitative trait ( ), yc = ymin + s(ymax-ymin), with ymax and ymin  the � ∈ ℝ
174 maximum and minimum possible trait values, and s is the selection intensity. This selection 

175 intensity variable is the minimum relative phenotype value (ranging from 0 to 1) for which 

176 survival rate is at least 50%, assuming that the phenotype is positively correlated with fitness. It 

eq. 1
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177 follows that a selection intensity of 0.50 or 0.95 means that individuals at the top 50th or 95th 

178 percentile, respectively, contribute more to the next generation than those below. We used high 

179 selection intensities, i.e. s∈{0.5, 0.90, 0.95}, to simulate pressing anthropogenic selection 

180 pressures, e.g. herbicide or insecticide pressure.

181

182 The 10,000 biallelic loci were randomly distributed across a large genome with 7 chromosomes 

183 and a total length of 2✕109 base-pairs and 750 centimorgans.  Two hundred generations were 

184 simulated to allow the causal alleles to migrate across the landscape and generate the allele 

185 frequency distributions specific to each of the three causal allele diffusion gradients. Phenotype 

186 values in the final generation were scaled in the 0 to 1 interval and used for the GPAS 

187 experiments.

188

189 Genome-wide association and trait prediction based on polygenic scores

190 GPAS was performed on all the populations. Indi-seq and Pool-seq data were assumed to have 

191 been generated without genotyping error. We used established tools for Indi-seq data, and 

192 developed a suite of tools for Pool-seq data. For Indi-seq data, 384 individuals were sampled per 

193 population, simulating four 96-well sample plates or a single 384-well plate commonly used in 

194 high-throughput molecular biology workflows. For Pool-seq data, 5 pools per population were 

195 sampled, where each pool consisted of 100 individuals. This corresponds to a high power design 

196 that was shown to be optimal to capture QTL association (Fournier-Level et al., 2017). GPAS 

197 models were trained within each population sampled and cross-validated on all other 

198 populations to assess prediction accuracies. For each population, 384 individuals and 5 pools 

199 were used to train and validate the models. This corresponds to an external cross-validation with 

200 equally-sized mutually exclusive training and validation sets.

201

202 Allele effects were estimated using 6 Indi-seq-based GPAS (Indi-GPAS) and 3 Pool-seq-based 

203 GPAS (Pool-GPAS) models. The 6 Indi-GPAS models consisted of: efficient mixed-model 

204 association expedited model (EMMAX; Kang et al., 2010), genome-wide complex trait analysis 

205 (GCTA; Jiang et al., 2019), and genome-wide efficient mixed-model analysis (GEMMA; Zhou & 

206 Stephens, 2012), in combination with 2 types of genetic relationship matrices: GCTA-derived 

207 sparse genetic relationship matrix (GRM; off diagonals <0.05 were set to zero; Zaitlen et al., 
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208 2013) and GEMMA-derived standardised relatedness matrix (STD; Zhou & Stephens, 2012) (i.e. 

209 EMMAX(GRM), EMMAX(STD), GCTA(GRM), GCTA(STD), GEMMA(GRM), and 

210 GEMMA(STD)). The 3 Pool-GPAS models consisted of the genome-wide estimation of additive 

211 effects based on trait quantile distribution from Pool-seq data (GWAlpha; Fournier-Level et al., 

212 2017), and linear mixed models (LMM) with random pairwise genetic covariance matrix 

213 determined by FST derived using either Hivert’s (Hivert et al., 2018) or Weir and Cockerham’s 

214 method (Weir & Cockerham, 1984)  (i.e. GWAlpha, LMM (Fst Hivert), and LMM (Fst Weir & 

215 Cockerham)-). The variance components of the LMM were estimated using restricted maximum 

216 likelihood.

217

218 Phenotype predictions were derived from polygenic scores, i.e. the sum of the products of 

219 estimated allele effects and allele dosages for Indi-GPAS or allele frequencies for Pool-GPAS. 

220 For the Indi-GPAS models and GWAlpha, this involved a two-step approach. For each training 

221 set, the polygenic scores of the training set ( ) were calculated as:�train
222 ,�train= Xtrain�
223 where  is the dosage or frequency of alleles in the training set, and  is the vector of �train �
224 estimated SNP effects. The polygenic scores and actual phenotype values have a linear 

225 relationship (Figure S1; mean adjusted R2=0.97±0.0031 with 1,000 individuals per population for 

226 Indi-seq and mean adjusted R2=0.99±0.0006 with 5 pools per population for Pool-seq) as 

227 expected under the additive model used to simulate the phenotypes. These polygenic scores 

228 were regressed against the actual phenotype values of the training set ,(�train)
229 ,�train= α0+α1�train
230 where  is the intercept, and is the slope. The polygenic scores of the validation set,�0 �1 �valid
231 , were transformed into the predicted phenotype values ( ) using = Xvalid� �predicted
232 .�predicted= α0+α1�valid
233

234 For the Pool-GPAS linear mixed models, the predicted phenotypes ( ) were calculated �predicted
235 as:

236 ,�predicted= Xvalid�

eq. 2

eq. 3

eq. 4

eq. 5
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237 where  is the matrix of allele frequencies of the validation set, and  is the estimated allelic �valid �
238 effects from the GPAS model built using the training set. The trained models were validated on 

239 all populations in the landscape.

240

241 GPAS performance was measured using three GWAS metrics, and one phenotype prediction 

242 metric.  The GWAS metrics were:

243 1 area under the receiver operating curve (AUC) (Fawcett, 2006), 

244 2 true positive rate (TPR) which was defined as the fraction of causal QTL with a 

245 significantly associated  SNP within 1 kbp, and

246 3 false positive rate (FPR) which was defined as the fraction of the significantly associated  

247 SNPs with no causal QTL within 1 kbp, unless it tags a true QTL through a chain of 

248 associated SNPs each less than 1kb apart; multiple associated SNPs within 1kbp were 

249 counted as one.

250 The family-wise type I error rate was set at α=0.05. The metric for phenotype prediction is the 

251 root mean square error (RMSE) between actual and predicted phenotype values:

252 ,RMSE = ∑(� ― �)2�
253 where  is the actual phenotypes,  is the predicted phenotypes and  is the number of � ŷ �
254 observations.

255

256 Sampling strategy optimisation

257 A total of 405 landscapes were simulated, corresponding to all combinations of the 4 landscape 

258 variables with 3 levels each and 5 replicates (Table 1). For each landscape, Indi-GPAS and 

259 Pool-GPAS experiments were performed for each population independently. This constitutes the 

260 intra-population dataset. The landscape was divided into equally sized rectangular regions, and 

261 the approximately central population was selected from each region to simulate a stratified 

262 sampling strategy. This is illustrated in Figure 1 Panel B. This constitutes the inter-population 

263 dataset. AUC and RMSE were averaged across the populations sampled. TPR and FPR were 

264 calculated using the cumulative number of true and false positive candidate loci across the 

eq. 6
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265 populations sampled. AUC was used to measure the accuracy of QTL detection per population, 

266 while TPR and FPR were used to measure QTL detection accuracy of multiple populations.

267

268 The single best performing modelling framework was identified for each genotyping scheme 

269 (Indi-GPAS and Pool-GPAS) based on AUC and RMSE for independent populations tests using 

270 Tukey’s honest significant difference (HSD mean comparison) at α=0.05. 

271

272 How many populations do we need to sample to yield optimal GPAS performance?

273 To determine how many populations to sample to yield optimal GPAS performance, we used the 

274 inter-population dataset. We assessed the suitability of the four metrics (i.e. mean AUC, mean 

275 RMSE, TPR and FPR) to address this question by visualising their relationships with the number 

276 of populations sampled. Additionally, we compared the expected performance of Indi-GPAS and 

277 Pool-GPAS under the same sequencing capacity constraint. The Indi-GPAS experiments we 

278 simulated included 384 individuals per population, while Pool-GPAS included only 5 pools per 

279 population. Assuming a 5X sequencing depth per individual for Indi-seq (Brouard et al., 2017) 

280 and the recommended 50X depth per pool for Pool-seq (Schlötterer et al., 2014), these equate 

281 to a sequencing depth of 1,920X per base per population for Indi-seq and only 250X for Pool-

282 seq. This means that for the sequencing capacity required to characterise one population 

283 through Indi-seq, approximately 7 populations (⌊1920/250⌋) can be characterised through Pool-

284 seq.

285

286 Under which landscape-specific circumstances should we use Indi-seq or Pool-seq?

287 The second question we addressed was which landscape-specific circumstances warrant Indi-

288 GPAS or Pool-GPAS? Specifically, if we were to perform GPAS on one population, which 

289 sequencing strategy  (Indi-seq or Pool-seq) is better, and how does the optimal choice vary with 

290 the polygenicity of the trait, selection intensity, and gene flow? The intra-population dataset was 

291 analysed using AUC and RMSE as the GPAS performance metrics.

292
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293 Which populations to select under different landscape scenarios?

294 To determine which populations to select to best capture the genetic basis of a trait and yield 

295 accurate trait predictions under the 3 causal allele diffusion gradients, we analysed the intra-

296 population dataset using AUC and RMSE as the GPAS performance metrics. The populations 

297 were classified into 10 groups, where each group represents a row perpendicular to the causal 

298 allele diffusion gradient (refer to Figure 1A). The top row corresponds to populations 1 to 10, the 

299 second row to populations 11 to 20, and so on. The general and landscape variable-specific 

300 trends in GPAS performance across the landscape were visualised using violin plots and means 

301 compared using Tukey’s HSD (α=0.05). Linear mixed models fitted linear and quadratic 

302 relationships (using second degree polynomial fit) between GPAS performance and the row 

303 groups. The row group was treated as a numeric variable, and nested within each level of the 

304 variables: number of QTL, selection intensity, migration rate, and GPAS model.

305

306 Implementation

307 The landscapes were simulated using quantiNemo2 (Neuenschwander et al., 2018). The 

308 genome and QTL information were simulated in R (R Core Team, 2018). The quantiNemo2 

309 outputs were parsed using R and Julia (Nardelli et al., 2018). GEMMA (Zhou & Stephens, 2012), 

310 EMMAX (Kang et al., 2010), GCTA (Jiang et al., 2019), and Plink (Purcell et al., 2007) were 

311 used for Indi-GPAS. GWAlpha.jl was used for Pool-GPAS. The R package violinplotter was used 

312 to generate violin plots with HSD mean comparison grouping. The GNU shell (Free Software 

313 Foundation, 2016), Spartan (Lafayette & Wiebelt, 2017), Slurm (Yoo et al., 2003), and GNU 

314 parallel (Tange, 2011) were used extensively. The workflow is available in the github repository: 

315 https://github.com/jeffersonfparil/GPAS-landscape-simulation.git.

316

317 Results

318 GPAS model selection and the effects of landscape and sampling variables

319 GEMMA (STD) and GWAlpha showed the best GPAS performances, with >79% AUC and 

320 <5.9% RMSE (Table S2). Therefore, these two frameworks were selected as the representatives 

https://github.com/jeffersonfparil/GWAlpha.jl
https://github.com/jeffersonfparil/violinplotter
https://github.com/jeffersonfparil/GPAS-landscape-simulation.git
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321 of Indi-GPAS and Pool-GPAS models, respectively. Overall, Indi-GPAS (mean AUC of 0.86 and 

322 mean RMSE of 0.0567) performed better than Pool-GPAS (mean AUC of 0.75 and mean RMSE 

323 of 0.0575).

324

325 Factors increasing statistical power to identify causal loci through GPAS included a lower 

326 number of QTL controlling the trait, more intense selection, higher migration among populations, 

327 and more populations sampled (Figure S2). Accuracy in phenotype predictions improved as the 

328 number of QTL controlling the trait increases, as selection intensity decreases, and as migration 

329 rate increases (Figure S3). Accuracy is unaffected by the number of populations sampled since 

330 each model was trained independently for each population. In addition, power and accuracy are 

331 higher when the causal alleles diffuse across the landscape uniformly.

332

333 How many populations to sample and when to use Indi-seq or Pool-seq?

334 TPR and FPR increase logarithmically as the number of populations sampled increases (Figure 

335 2; TPR: 0.15-0.56 in Indi-GPAS and 0.07-0.44 in Pool-GPAS; FPR: 0.003-0.071 in Indi-GPAS 

336 and 0.001-0.027 in Pool-GPAS), so there is no optimum based on these metrics.

337

338 Indi-GPAS achieves greater power than Pool-GPAS at the cost of a higher false positive rate 

339 (Figure 2; TPR: Indi-GPAS higher by 0.15 on average; FPR: Indi-GPAS higher by 0.02 on 

340 average).  However, Pool-GPAS can outperform Indi-GPAS under the assumptions detailed in 

341 the materials and methods section, where for every population characterised with Indi-seq, 

342 approximately 7 populations can be characterised with Pool-seq. Under this 1:7 ratio, Indi-GPAS 

343 on 10 populations yield an average TPR of 0.388 and FPR of 0.0150; for the same sequencing 

344 capacity Pool-GPAS can be performed on 70 populations, yielding an average TPR of 0.418 and 

345 FPR of 0.0115. We explored a range of ratios deviating from this 1:7 ratio. This is because the 

346 5X depth requirement for variant calling in Indi-seq and 50X depth for allele frequency estimation 

347 in Pool-seq depend on the species of interest and the resources available. Lower ratios, e.g. 1:8 

348 to 1:10, mean even more populations can be characterised with Pool-seq for every population 

349 characterised with Indi-seq. Using our simulated data to explore various ratios, we find that there 
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350 exists a range where Pool-GPAS can outperform Indi-GPAS, i.e. TPR is higher and FPR is lower 

351 for Pool-GPAS than Indi-GPAS (Figure 3).

352

353 If we were to perform GPAS on one population, Indi-GPAS is better than Pool-GPAS. However 

354 in cases where selection intensity is high (i.e. 0.90 to 0.95) or migration rate is high (i.e. 0.01)  

355 Pool-GPAS performance is not significantly different from Indi-GPAS in terms of prediction 

356 accuracy (Figure 4).

357

358 Which populations to select under different landscape scenarios?

359 GPAS performance is maximised in populations with high genetic variability which at the 

360 landscape level, means sampled close to the place of origin of the causal allele (Figure 5). This 

361 area of high genetic variability is characterised by intermediate causal allele frequencies which 

362 translate into populations with high phenotypic variability. In the absence of a causal allele 

363 diffusion gradient (i.e. uniform causal allele distribution), no row seems to be optimal for 

364 sampling, except for some slightly better performance from populations in the middle rows. 

365 Under unidirectional gradient (i.e. causal alleles originated from the top row and diffused 

366 downwards hence a single diffusion front) and in terms of QTL detection accuracy, sampling the 

367 populations from the top row is optimal; however, in terms of prediction accuracy, the 

368 populations in the middle rows appear to be better. Under bidirectional gradient (i.e. causal 

369 alleles originated from the top and bottom rows hence two diffusion fronts) both QTL detection 

370 and prediction accuracies are optimal in the populations from the top and bottom rows. These 

371 trends across the landscape correlate with the trends in the mean number of polymorphic QTL 

372 per population and causal allele frequencies.

373

374 In the presence of causal allele diffusion gradients, the relationship of the sampling location 

375 (defined as rows perpendicular to the diffusion gradient) with both QTL detection and prediction 

376 accuracies  appears to be quadratic, except for QTL detection accuracy under unidirectional 

377 causal allele diffusion, for which the relationship is linear (Figure 5). In terms of GWAS accuracy 

378 as measured by AUC, sampling near the diffusion fronts becomes less important (i.e. slope 

379 under unidirectional gradient and curvature under bidirectional gradient are reduced) as the 
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380 number of QTL increases, as selection intensity decreases, and as migration rate increases 

381 (Figure 6 columns 1-3). In addition, sampling near the diffusion fronts is more important for Pool-

382 GPAS than Indi-GPAS  (Figure 6 column 4), in other words, power diminishes quicker for Pool-

383 GPAS than Indi-GPAS as we move away from areas of high diversity.

384

385 In terms of prediction accuracy as measured by RMSE, the degree to which the middle rows (i.e. 

386 areas of high genetic and phenotypic variability) are the optimal sampling locations under 

387 unidirectional diffusion decreases (i.e. curvature becomes less severe) as the number of QTL 

388 increases, as selection intensity decreases, and as migration rate increases (Figure 7 top 

389 graphs). Also, sampling from the middle rows under unidirectional diffusion is slightly more 

390 important for Indi-GPAS than Pool-GPAS. On the other hand, the degree to which the top and 

391 bottom rows are optimal under bidirectional diffusion decreases (i.e. curvature becomes less 

392 severe) as the number of QTL, selection intensity, and migration rate increase (Figure 7 bottom 

393 graphs). Also, sampling from the top and bottom rows under bidirectional diffusion is more 

394 important for Pool-GPAS than Indi-GPAS, in other words, similar to that of power, accuracy 

395 diminishes quicker for Pool-GPAS than Indi-GPAS as we move away from areas of high 

396 diversity.

397

398 The trends in GPAS performance across the landscape correlate with the trends in genetic 

399 variability (expressed in terms of causal allele frequency, i.e. frequencies closer to 0.5 indicates 

400 higher diversity; Figures S4 to S9). Opposite trends are observed between causal allele diffusion 

401 gradients for RMSE as selection intensity increases, i.e. in the middle of the landscape, RMSE is 

402 minimised for unidirectional causal diffusion but maximised for bidirectional causal allele 

403 diffusion (Figure S5 and S8).

404

405 Discussion

406 We provide recommendations for optimising the sampling strategy to maximise the power to 

407 detect QTL and the accuracy of quantitative phenotype prediction in natural populations of any 

408 outbreeding species. We stress the importance of capturing sufficient representation of the 

409 genetic variability present over the landscape by sampling populations from areas of high 
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410 genetic diversity. On a per population basis or if only one population were to be sampled, we 

411 recommend using Indi-seq over Pool-seq. Including more than one population will boost GPAS 

412 accuracy and Pool-seq allows for more populations to be included which results to better cost-

413 effectiveness than Indi-seq.

414

415 How many populations to sample?

416 Our results emphasise the need to sample as many populations as possible from regions of high 

417 genetic diversity. The power to detect QTL is maximised if all the populations in the landscape 

418 were included in the study. This is possible for endangered species with a small number of 

419 populations in the wild; however this is not feasible for non-endangered species with large 

420 numbers of populations. The best populations to sample are located in areas of high genetic 

421 diversity which manifests as areas with high trait variability where the causal alleles are at 

422 intermediate frequencies.

423

424 Although GPAS power increases as more populations get sampled, our results also show a 

425 diminishing return in power as the number of populations sampled increases. This is consistent 

426 with a study by Selmoni et al. (2020) on sampling strategy optimisation for landscape genomics 

427 which found that sampling an intermediate number of sites can perform as well as maximising 

428 the number of sites sampled. This study only considered Indi-seq and tested different sample 

429 sizes per population, and our approach is comparable because using Indi-seq equates to a high-

430 resolution characterisation of the landscape and Pool-seq to a low-resolution one. Our analysis 

431 extends this result further because it is independent of the number of individuals sampled per 

432 population. The cost-effectiveness of Pool-seq allows for more populations to be sampled and 

433 included in the study than Indi-seq.

434

435 When to use Indi-seq or Pool-seq?

436 Indi-GPAS performs better than Pool-GPAS on a per population basis; however if more 

437 populations are included in the analysis to boost power and accuracy, then Pool-GPAS is more 
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438 cost-effective than Indi-GPAS. The number of individuals per population selected for our Indi-

439 GPAS simulations (384 individuals) exceeds the sample size of most ecological studies (e.g. 

440 100-200 individual samples per population in birds (Hansson et al., 2018; Perrier et al., 2018), 

441 <100 samples per population in trees (Cappa et al., 2013; Holliday et al., 2010),  ~100 samples 

442 per population in mammals (Johnston et al., 2011; Pallares et al., 2014), and <20 samples per 

443 population in fish (Willing et al., 2010)). Thus for most experiments, the power of Indi-GPAS is 

444 expected to be lower than in our simulations. On the contrary, the power of Pool-GPAS is 

445 expected to remain the same since five pools per population was found to be optimal (Fournier-

446 Level et al., 2017) and each pool can include a non-limiting number of individuals. The 

447 sequencing capacity required for Indi-seq is always higher than for Pool-seq, and more 

448 populations can be characterised with Pool-seq than with Indi-seq under the same budgetary 

449 constraints (Schlötterer et al., 2014). Therefore, the range of the number of populations sampled 

450 where Pool-GPAS outperforms Indi-GPAS is likely to be even broader than reported here, as 

451 long as the genomic characterisation approach yields accurate genomic data.

452

453 Sufficient depth of coverage is required to correct for sequencing errors inherent to current high-

454 throughput sequencing technologies. Indi-seq can provide high-resolution genomic information 

455 for a population, but comes at a high cost. A given genomic region needs to be sequenced at 

456 least 5 times for each individual to correct for sequencing errors and yield accurate basecalling 

457 information (Brouard et al., 2017). Additionally, many individuals are required to accurately 

458 represent a population. This is only resource-effective when the individuals are part of an 

459 association panel and the genomic information can be leveraged across several research 

460 projects (Robin et al., 2019). On the other hand, Pool-seq generates low-resolution genomic 

461 information on a population that is cost-effective while maintaining high power. To maximise the 

462 accuracy of allele frequency estimation (i.e. to correct for sequencing errors and sufficiently 

463 represent the pool), Pool-seq guidelines and recommendations have been proposed (Schlötterer 

464 et al. 2014; Fracassetti et al. 2015; Anand et al. 2016). Pool sizes of at least 25 (Gautier et al. 

465 2013; Fracassetti et al. 2015) to 40 individuals (Schlötterer et al. 2014), and depths greater than 

466 50X (Zhu et al. 2012) to 65X (Gautier et al. 2013) have been recommended. Hundreds of 

467 individuals can be pooled to yield accurate allele frequency data (Schlötterer et al., 2014; Tilk et 
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468 al., 2019). This means that in an outbreeding species, a few pools consisting of hundreds of 

469 individuals each can represent a population better than a few individuals.

470

471 We have not considered phenotyping costs here, but if it is high, then it would increase the 

472 attractiveness of Indi-seq to maximise information per unit cost. However, similar to a study on 

473 the estimation of population differentiation (Goudet & Büchi, 2006) and a meta analysis of 

474 several landscape genomics studies (Santos & Gaiotto, 2020), we demonstrated the value of 

475 shallow but extensive genotyping with Pool-seq in maximising the number of populations that 

476 can be analysed without compromising power. This is especially true if the aim is to predict 

477 phenotypes of some future populations for the rapid and timely monitoring of invasive and 

478 threatened species.

479

480 Pool-seq is more widely used than Indi-seq in ecological and evolutionary studies because the 

481 focus is generally on populations rather than individuals, and because of its cost-effectiveness 

482 (Futschik & Schlötterer, 2010). In contrast, Cutler and Jensen (2010) concluded that Indi-seq 

483 should be preferred over Pool-seq for many applications due to the loss of haplotype and LD 

484 information. They focused on applications in human and model organisms, whereas Pool-seq 

485 has its highest impact for high-throughput data acquisition in non-model species of critical 

486 ecological and economical importance.

487

488 Which populations to select under different landscape scenarios?

489 We have shown that sampling from genetically diverse populations maximises GPAS 

490 performance. Capturing greater genetic diversity was shown to increase the power to detect 

491 causal loci (Alqudah et al., 2020; Rosenberg et al., 2010; Wojcik et al., 2019). Similarly, 

492 populations which represent the overall diversity found in the landscape or are similar to the 

493 validation populations, improve prediction accuracies (Akdemir & Isidro-Sánchez, 2019; Asoro et 

494 al., 2011; Edwards et al., 2019). Populations with high genetic diversity were found along the 

495 diffusion fronts, i.e. the areas where the causal alleles migrate from their site of origin into the 

496 neighbouring populations. The rate at which GPAS performance decreases as we sample 



This article is protected by copyright. All rights reserved

497 farther away from the diffusion fronts correlates with the decrease in genetic diversity at the 

498 causal loci. In the absence of prior genomic information, the areas of high genetic diversity 

499 coincide with regions of high phenotypic diversity. Gaining prior information on the location of 

500 these areas of high genetic diversity and causal allele diffusion fronts or more broadly the 

501 landscape of adaptive genetic diversity (Eckert & Dyer, 2012) is key to an optimal sampling 

502 strategy.

503

504 When the causal allele diffusion gradient is unknown and a uniform causal allele distribution is 

505 assumed, there is a small advantage in choosing populations in the middle of the landscape. 

506 This can be explained by the absorbing boundaries used in the migration model which simulates 

507 a restricted range whereby alleles going beyond the border are lost. This reflects the 

508 phenomenon in fringe populations where migration regularly occurs beyond the suitable 

509 environmental niche of the species and the migrants fail to survive (Sexton et al., 2009). This is 

510 expected to apply to organisms with restricted range such as corals (Guan et al., 2015), 24% of 

511 coral reef fish species (Hawkins et al., 2006), and organisms in hydrothermal vents (Mullineaux 

512 et al., 2018).  However, in cases where non-uniform causal allele distribution is assumed (e.g. 

513 temperature response in lodgepole pine and interior spruce (Liepe et al., 2015); and white 

514 spruce (Hornoy et al., 2015)), these populations along the borders of the species range are 

515 important to sample because they may carry unique advantageous variants, especially in the 

516 context of climate change adaptation (Geber & Eckhart, 2005; Bridle & Vines, 2007; le Roux , 

517 2009; Pais et al., 2020).

518

519 When considering the genetic architecture of a trait, there is less power to detect QTL but higher 

520 prediction accuracy for highly polygenic traits than for traits controlled by fewer loci. As a 

521 consequence, if we expect the polygenic trait to be controlled by relatively few loci, and we are 

522 more focused on mapping its genetic basis than on phenotype prediction, then sufficient power 

523 to detect QTL can be achieved with less populations sampled. Biotic stress resistance traits 

524 were often shown to be oligogenic, for example resistance to Pseudomonas syringae in 

525 Arabidopsis thaliana (Atwell et al., 2010), and resistance to Cronartium ribicola in sugar pine 

526 (Weiss et al., 2020). On the other hand, if we expect the trait to be highly polygenic, and we are 

527 more focused on phenotype prediction for monitoring purposes, then we have to sample as 
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528 many populations as possible to sufficiently represent the variation across the landscape and 

529 maximise prediction accuracy. This is typically the case for abiotic stress resistance traits such 

530 as aluminium and proton tolerance in Arabidopsis thaliana (Nakano, et al., 2020), and coral 

531 bleaching resistance in Acropora millepora (Fuller et al., 2020) As the number of loci controlling 

532 the trait increases, the selection pressure acting on each locus decreases (Walsh & Lynch, 

533 2018). This reduces the power to detect QTL since the individual contribution of each QTL 

534 decreases as more loci control the trait (Wang & Xu, 2019). This in turn reduces the proportion 

535 of polymorphic QTL within populations: if the majority of the QTL have small effects, they have a 

536 higher chance of getting lost due to drift than QTL with large effects. On the other hand, 

537 prediction accuracy increases since the rate at which genetic variance decreases due to 

538 directional selection is reduced as the number of QTL increases. Genetic variance should 

539 eventually become zero under constant stabilising or directional selection, but the rate of this 

540 reduction becomes slower with an increased number of loci controlling the trait (Crow & Kimura, 

541 1970). Hence, GWAS and GP complement each other to achieve high QTL detection accuracy 

542 or high prediction accuracy for quantitative traits controlled by any number of loci.

543

544 When considering selection intensity, there is higher power to detect QTL but lower prediction 

545 accuracy in populations under intense selection. As a consequence, populations under high 

546 selection pressure can be selected for high-power GWAS: for example, weed and insect pest 

547 populations in agricultural areas including herbicide-resistant Lolium rigidum (Powles et al., 

548 1998), and Bt-resistant Helicoverpa armigera (Jin et al., 2018). On the other hand, populations 

549 under low selection pressure can be selected for GP. For example, non-target organisms 

550 including Drosophila melanogaster populations which are resistant to Bt toxins (Babin et al., 

551 2020) and imidacloprid (Fournier-Level et al., 2019) Increasing the selection intensity increases 

552 QTL detection power, since the effect of individual QTL becomes greater within each population 

553 (Wang & Xu, 2019) and less QTL alleles are lost due to drift. However, the predictive ability will 

554 be reduced by the Bulmer effect (Bulmer, 1971), where covariance between loci (partially 

555 explained by linkage disequilibrium (Walsh & Lynch, 2018)) is reduced after selection. Increasing 

556 selection intensity magnifies this reduction resulting in diminished additive genetic variance and 

557 less predictive models. This further solidifies the complementary nature of GWAS and GP and 

558 the utility of performing both with GPAS.
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559

560 When considering migration rate, there is more power to detect QTL and greater prediction 

561 accuracy in populations experiencing high migration than in reproductively isolated ones. As a 

562 consequence, if gene flow is high, then less populations need to be sampled to sufficiently 

563 represent the variation across the landscape. This is the case for highly mobile organisms 

564 including birds (Pulido, 2007); and fishes (Brodersen et al., 2008), On the other hand, if gene 

565 flow is low which results in highly structured landscapes, then more populations need to be 

566 sampled to sufficiently represent the landscape variation. This can be the case in landscapes 

567 with considerable natural or artificial barriers to migration, and in species with reproductive 

568 structures impeding outbreeding, e.g. cleistogamous plants including Crotalaria micans 

569 (Etcheverry et al., 2003) and Vigna caracalla (Etcheverry et al., 2008). Increasing migration rate 

570 decreases differentiation between populations allowing for more causal alleles to be shared This 

571 leads to higher additive genetic variance per population, resulting in higher power and more 

572 accurate predictions (Liu et al., 2020).

573

574 Conclusion

575 Genome-wide association studies and genomic prediction (GPAS) are poised to complement 

576 existing methodologies in ecology in evolution. GPAS provides powerful tools to dissect the 

577 genetic basis of ecologically important quantitative traits including fitness and to rapidly monitor 

578 natural populations including invasive and threatened species. Understanding how the number 

579 of population samples and the different landscape properties affect the QTL detection power and 

580 phenotype prediction accuracies is integral to planning population collections for GPAS 

581 experiments. We recommend sampling as many populations as possible from areas of high 

582 genetic diversity. We also recommend Pool-seq whenever Indi-seq is too costly; since sampling 

583 more populations at the cost of lower resolution can be better than characterising a small 

584 number of populations at high resolution. The complementary nature of GWAS and GP allows 

585 sufficiently high QTL detection power or prediction accuracy under low to high trait polygenicity 

586 and selection intensity. In the absence of prior information on the areas of high genetic diversity, 

587 we recommend against sampling populations at the border of the species’ range.
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Table 1. List of parameters used in landscape simulations 

Parameter Levels 

Number of populations per landscape 100 

Number of hermaphroditic individuals per population 1,000 

Number of loci per individual 10,000 

Number of generations 200 

Number of loci controlling the trait 10, 50, and 100 

Migration rate per population per generation 0.0001, 0.001, and 0.01 

Causal allele diffusion gradient Uniform, unidirectional, and bidirectional 

Selection intensity 0.50, 0.90, and 0.95 

Number of replicates per landscape 5 
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