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2

18 Abstract

19 Knowledge of the relative importance of genetic vs. environmental determinants of major developmental 

20 transitions is pertinent to understanding phenotypic evolution. In salmonid fishes, a major developmental 

21 transition enables a risky seaward migration that provides access to feed resources. In Atlantic salmon, 

22 initiation of the migrant phenotype, and thus age of migrants, is presumably controlled via thresholds of 

23 a quantitative liability, approximated by body size expressed long before the migration. However, how 

24 well size approximates liability, both genetically and environmentally, remains uncertain. We studied 32 

25 Atlantic salmon families in two temperatures and feeding regimes (fully fed, temporarily restricted) to 

26 completion of migration status at age 1 year. We detected a lower migrant probability in the cold (0.42) 

27 than the warm environment (0.76), but no effects of male maturation status or feed restriction. In 

28 contrast, body length in late summer predicted migrant probability and its control reduced migrant 

29 probability heritability by 50-70%. Furthermore, migrant probability and length showed high heritabilities 

30 and between-environment genetic correlations, and were phenotypically highly correlated with stronger 

31 genetic than environmental contributions. Altogether, quantitative estimates for the genetic and 

32 environmental effects predicting the migrant phenotype indicate, for a given temperature, a larger 

33 importance of genetic than environmental size effects. 
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34 1. Introduction

35 Genetic vs. environmental determinants of developmental transitions between life stages are a major 

36 topic in ecological and evolutionary studies [1-3]. Generally, both the environment and genes are assumed 

37 to underlie the expression of plastic developmental phenotypes [3], but the relative contribution of each 

38 often remains unknown [4, 5]. However, knowledge of environmental vs. genetic contributions underlying 

39 life-stage transitions is pivotal to making accurate ecological or evolutionary predictions under 

40 environmental change, such as global warming [5, 6]. A major life-stage transition in many species is 

41 associated with feeding or reproduction migrations, whereby the migrant phenotype, as opposed to the 

42 resident phenotype [defined as individuals not migrating during a particular season; 7], may express in 

43 only part of the population, or vary with age [8, 9]. Even though such partial migration, or variation of 

44 migrant age, is assumed to have considerable ecological and evolutionary consequences [8-10], evidence 

45 for major underlying genetic effects is scarce or controversial [11-13]. Nonetheless, selection and crossing 

46 experiments in birds and fishes indicate a heritable genetic basis [8, 14], but for fishes, underlying 

47 mechanisms remain elusive [reviewed in 14]. To disentangle genetic from environmental components of 

48 binary traits, including migration phenotypes, the threshold model may be appropriate [10, 15]. The 

49 threshold model assumes that the expression of categorical phenotypes underlies a (usually unobserved) 

50 continuous liability [16-18]. Only if the liability, influenced by both environmental and genetic effects, 

51 exceeds one (or several) threshold(s) during a sensitive period, the developmental transition towards the 

52 alternative phenotype(s) is initiated. 

53 In many fish species also the age of the developmental transition towards the migratory phenotype shows 

54 considerable variation. In salmonid species, such as salmon, trout, charr, and whitefish, the age when the 

55 freshwater-hatched fish migrate to the sea (or larger water bodies, such as lakes) varies considerably, 

56 encompassing one to eight years in Atlantic salmon [reviewed by 19]. Importantly, within a population 

57 older migrants are usually larger than younger migrants, whereby body size increases salinity tolerance 

58 and predator avoidance ability [4, 19, 20]. As a result of the latter, size at seaward migration, both within 

59 and across migrant ages, often covaries with migration survival [4, 21-23]. 

60 Whether an Atlantic salmon of a given age undergoes the required developmental transition to become 

61 a migrant (“smolt”) in the following spring has long been suggested to be determined by body length in 

62 the previous summer or autumn [reviewed in 19]. Therefore, and because the liability remains unknown, 

63 body length is often used as an a priori liability proxy, and many previous indirect estimates for genetic 

64 migration phenotype variation stem from investigations on such proxies [reviewed in 24]. However, the 

65 liability proxy-trait variation as relevant to initiating the developmental transition is expressed well in 

66 advance of the actual migration [25], as is suspected for many other developmental transitions [26]. Such 

67 time lag poses logistical challenges not only for organisms after they have adopted a developmental 
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68 transition, but also for researchers studying a dynamic liability proxy. It is thus unsurprising that - despite 

69 considerable knowledge on the physiological changes and underlying mechanisms during the transition 

70 [27] - exact mechanism initiating the transition from the resident towards the migrant phenotype remain 

71 unknown.

72 Even though body size may be a useful proxy determining whether the migrant phenotype is initiated, it 

73 may provide an inappropriate liability proxy in many cases. Specifically, initiation of the migrant 

74 phenotype triggers additional growth differences between prospective migrants and residents (which 

75 may migrate at older age in Atlantic salmon) that increase their size differences, thereby blurring cause 

76 and effect. During the transition, prospective migrants express accelerated growth relative to residents, 

77 which results in size bimodality and culminates in migrants being larger than residents at the time of 

78 migration, both among and within families [25, 28-32]. Similar confounding between causes for and 

79 effects of the transition towards the migrant phenotype apply to inferences about body condition. 

80 Probably owing to these methodological challenges, past inferences about effects on migration 

81 phenotypes were often based on size records from any time between presumed growth acceleration and 

82 the time of migration [reviewed in 24], and thus statistical associations between size and migrant 

83 probability are inconsistent across studies . 

84 Here, we overcome a number of the abovementioned limitations and use Atlantic salmon as a model to 

85 investigate genetic and environmental determinants for the probability to exhibit the migrant phenotype 

86 in the second spring (hereafter called migrant probability; MIG), focussing on body size at the end of the 

87 first summer as a liability proxy. Specifically, we combined longitudinal common-garden experimentation 

88 in two water temperatures and two feeding regimes with quantitative genetic methodology. We followed 

89 development of 663 individuals from 32 pedigreed Atlantic salmon half-sib families until their second 

90 spring, when we assessed migration phenotypes (figure 1). We used uni- and bivariate models to test for 

91 environmental effects of water temperature, feeding regime, body condition, and male maturation on 

92 MIG. Further, we tested within and between two environments with a 2° C seasonal temperature 

93 difference, whether body length covaried with MIG and partitioned this covariance into environmental 

94 and genetic components. Our results support a long-suspected strong genetic joint-governance of body 

95 size in late summer with migration phenotype in spring, which we demonstrate to be extremely stable 

96 between two temperature environments. These results widen our understanding of genetic and 

97 environmental importance in developmental transitions, as well as their thermal stability, thereby 

98 providing quantitative primers for future modelling relying on environmental vs. genetic relationships 

99 among life-history traits across environmental temperatures [e.g., 33].
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1002. Material and methods

101 (a) Experimental population and settings, and data collection points and routines

102 In October 2017, we created 32 half-sib families (generation 2) by crossing 32 parents (generation 1) in 

103 eight 2x2 factorials of unrelated individuals (figure 1 a). The parents originated from a broodstock 

104 (generation 0) that was hatchery raised, maintained by the Natural Resources Institute Finland, 

105 Taivalkoski, Finland, but whose individuals successfully completed a sea migration [Oulu River; described 

106 in 34]. We created and reared the experimental cohort commonly in a newly established laboratory with 

107 two similar water recirculation systems at the University of Helsinki, Finland, controlled for water 

108 temperature, oxygen, dissolved nitrate components, and light. We incubated eggs and larvae in vertical 

109 incubators with two replicates per family and temperature environment. At first feeding, we pooled same-

110 temperature family replicates and randomised an equal number of individuals from each family (3-7) to 

111 each of eight similar 250 L tank replicates per temperature environment (i.e., all families in all tanks). The 

112 fish were part of other studies, of which one required lethal sampling [35], reducing fish numbers 

113 continuously. After sampling and natural mortality, 663 individuals yielded data for migration status in 

114 May 2019 (393 in cold and 270 in the warm environment, respectively). Water temperature in egg 

115 incubators and tanks was controlled to follow a seasonal cycle, approximating a 2 °C difference referred 

116 to hereafter as “warm” and “cold” temperature treatments (warm, range: 6.3-17.7 °C; cold, range: 4.1-

117 16.0 °C; figure 1 b). Tank illumination, using fluorescence lights (4000 K, 35 W; 500 Lux at the surface) and 

118 controlled by a digital astronomical time switch (without dimming), followed the natural cycle at 61.054° 

119 (latitude) and 25.042° (longitude) (figure 1 c). 

120 Fish were fed a commercial salmon diet ad libitum with particle sizes meeting fish-size compositions at all 

121 times (start dates: figure 1 b). In August 2018 (warm) and September 2018 (cold) we anesthetized 

122 individuals (using methanesulfonate), inserted passive integrated transponder tags (into the body cavity; 

123 12 mm) to enable re-identification, and fin clipped individuals to allow for genotyping. After fasting fish 

124 for 24 h, we measured fork length (± 1 mm) between August and September 2018 - around the time of 

125 daylengths suspected to characterise the sensitive period when migration status initiation is determined 

126 [figure 1 c, 15-12 h; 30]. These measurements were followed by a feed-restriction-treatment period 

127 (either ad libitum feeding for seven days per week, or ad libitum feeding for two days per week with no 

128 feeding for two or three days between feedings) that was crossed with the temperature treatment for a 

129 five-week period per tank (September - October 2018; figure 1 b, c). We again fasted and re-measured 

130 fish after the feed-restriction treatment in October. We determined maturation status in December 2018 

131 (during the natural spawning period), when we categorised males as mature when observing milt during 

132 gently pressing the abdomen (females rarely mature at this age). We determined migration status in May 

133 2019 [during the population-specifc period of highest migration success; 34] (figure 1 b), when we 
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134 categorised individuals as first-year migrants when showing darkened fin edges, lack of colour patches 

135 (“parr marks”) and enhanced body silvering (figure 1 d). We categorized individuals as residents when not 

136 displaying signs of the migrant phenotype at this time. It should be noted that many Atlantic salmon 

137 remaining resident at 1 year of age may become migrants in later years [4], and therefore the resident 

138 category also includes potential later year (older) migrants. However, it is also possible that residents, 

139 especially males, can reproduce without migrating [4, 36]. Animal experimentation followed European 

140 Union Directive 2010/63/EU under license ESAVI-2778-2018 by the Animal Experiment Board in Finland 

141 (ELLA).

142 (b) Pedigree construction

143 We determined genotypes of parents and experimental individuals using a multiplex-PCR for 177 single 

144 nucleotide polymorphisms (SNPs) of an established panel [37], and by sequencing using an Ion Torrent 

145 (984 broodstock individuals from which we drew parental individuals) or Illumina platform (MiSeq or 

146 Next-Seq) (parental individuals, experimental individuals). Using unlinked, polymorphic SNPs, we 

147 reconstructed grandparents of the experimental individuals (with 131 usable SNPs) under maximum 

148 likelihood [38], which we combined with knowledge about the crossing scheme used to create the 

149 parental generation, and assigned the experimental individuals to their 32 parents (with 141 usable SNPs) 

150 with a likelihood approach [39], resulting in a three-generation pedigree (figure 1 a). On this pedigree, we 

151 based the inverse relationship matrix (A-1) utilized to infer additive genetic variance via animal-model 

152 analyses [40] described below. 

153 (c) Statistical analyses

154 To test model terms and estimate means and (co)variance components for MIG and LEN, we used uni- 

155 and bivariate generalized animal models with probit-link function for MIG, corresponding to animal 

156 threshold models [41]. The models were fitted with the R package MCMCglmm [42] using Bayesian 

157 Markov chain Monte Carlo simulations, which appear an appropriate method for animal models on 

158 categorical data [41, 43]. Initially, we fitted a univariate linear model:

159 y = μ + Feed + Temp + Feed:Temp + Mat + Feed:Mat + Dam + Animal + Tank + Residual,

160 where y is the liability for migrant probability, μ a model constant, Feed the fixed feed restriction 

161 environment effect (full, restricted), Temp the fixed temperature restriction environment effect (cold, 

162 warm), Mat the fixed male maturation effect (0, 1), Feed:Mat the fixed interaction effect of the feed 

163 restriction with the maturation effect (restricted to the warm environment), Dam the random dam effects 

164 (n = 32), Animal the random additive genetic effects (736 entries in A-1), Tank the random tank effects (n 

165 = 16), Residual the random residual effects (n = 663). We also extended a reduced version of the univariate 

166 model (see results) by including body length in late summer as a continuous covariate (“length”, a 
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167 predictor; log-transformed, mean centred, and variance scaled), which we interacted with the 

168 temperature treatment. We also extended the reduced univariate models to test whether MIG differed 

169 among genotypes of a locus (vgll3) that has been shown to have a strong effect on male maturation 

170 probability in this experimental population [35], but we did not detect vgll3 effects, either when 

171 controlling or not controlling for phenotypic length in late summer (electronic supplementary material, 

172 table S1). We estimated all variances conditional on temperature environments with 2x2 covariance 

173 matrices between environments for dam (D) and animal (G) effects and diagonal covariance matrices for 

174 tank (C) and residual (R) effects. We fitted bivariate models by extending the reduced model (without the 

175 length covariate) with body length in late summer as a second response (“LEN”, “length” as a response). 

176 For the bivariate model, we additionally allowed for between-trait covariances. 

177 We ran univariate and bivariate models for 1,500,000 and 6,000,000 iterations, respectively, and sampled 

178 every 100 iterations. For each model, we ran four chains and determined i) whether the MCMC sampling 

179 had converged as indicated by a scale reduction factor around 1 per chain [44], ii) the required number of 

180 samples to discard (“burnin“) until consistently reaching a scale reduction factor < 1.1 across chains [44], 

181 iii) required thinning to have autocorrelations at lag 2 < 0.1 per chain, and confirmed whether MCMC 

182 resulted in sufficient mixing using visual examination of trace plots per chain. These criteria resulted in 

183 subsequently combined posteriors across chains with sample sizes between 8,000 and 22,000. We 

184 conducted a prior sensitivity analysis as reported in the electronic supplementary material (figures S2-

185 S4). We tested feed-restriction-treatment effects on growth rate by a general animal model and predicted 

186 the sexual maturation rate using a generalised animal model (electronic supplementary material, table 

187 S2, figure S1 and table S3, respectively)

188 (d) Derived parameters

189 We calculated heritability as the proportion of additive genetic variance (VA) to the total phenotypic 

190 variance (VP). Under the threshold-model interpretation of generalized model estimates that include 

191 common environmental variance (VC), residual variance fixed to 1 (VR), and a variance of 1 for the probit 

192 link function [45], this results for MIG in:

193 . h2 =
VA

VP
=

VA

VA + VC + VR + 1

194 We estimated correlations at the phenotypic (RP), residual environmental (RE), and genetic levels (RG) as 

195 in [46], but additionally accounted for common environmental effects on RP. To translate liability 

196 estimates to the proportional scale, we used either the “predict.MCMCglmm” function of the MCMCglmm 

197 R-package or (for heritabilities) the ”QGmvparams” function of the QGglmm R-package [45]. We present 

198 mean estimates with credible intervals (95% highest posterior density estimates of model posteriors).
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199 3. Results

200 (a) Migrant probability is not affected by a temporary feed restriction, male maturation, or maternal 

201 effects

202 Using a univariate generalized animal model and not controlling for phenotypic body length, we detected 

203 that MIG was higher in the 2 °C warmer environment (table 1). However, although the feed restriction 

204 reduced the specific growth rate by about 50% (electronic supplementary material, table S2, figure S1), 

205 MIG was not affected by this restriction (table 1). MIG was also not affected by male sexual maturation, 

206 which occurred only in males in the warm environment at a rate of 0.19 (95% CI: 0.08-0.33; electronic 

207 supplementary material, table S3), nor by any interaction term (table 1). We also did not detect any 

208 maternal (dam) or common environmental (tank) effect variance on MIG (table 1). We therefore removed 

209 dam, but not tank effects, from models because the latter constitute the experimental replicates for the 

210 temperature environments.

211 (b) Migrant probability, but not its heritability, differs between temperature environments

212 After removing model effects not different from zero, we estimated an average MIG of 0.41 (0.27-0.55) 

213 in the cold and 0.76 (0.63-0.87) in the warm environment (probit scale contrast: 1.68, 0.95-2.36). We also 

214 estimated relatively high heritabilities (h2) for MIG liability (  = 0.53, 0.33-0.72;  = 0.43, 0.22-h2
Cold h2

Warm

215 0.64), that were not different between temperature environments (thereby rejecting evidence for one 

216 component of genotype-by-environment interactions;  = 0.10, -0.17-0.36). We further h2
Cold ― h2

Warm

217 estimated a high between-environment genetic correlation ( ) with the upper 95% credible RGCold,Warm

218 interval being very close to unity (  = 0.84, 0.62-0.99), indicating that genotype re-ranking for MIG RGCold,Warm

219 was negligible between the temperature environments (thereby rejected another aspect of genotype-by-

220 environment interactions). Thus, despite strong temperature effects on average MIG, environmental 

221 temperature appeared to have negligible effects on the relationship between genotype and phenotype. 

222 (c) Migrant probability and body size in late summer and show high correlations

223 To test whether phenotypic body length in late summer contributes to MIG liability, we expanded the 

224 reduced univariate model by adding phenotypic body length as a temperature-specific continuous 

225 predictor (“length”). We expected that if length contributes to (or even constitutes) the liability, it would 

226 positively covary with MIG. Furthermore, we expected that if genetic effects contribute positively to this 

227 covariance, the explicit modelling of this covariance as slope would reduce MIG heritability. Length was 

228 indeed a strong phenotypic predictor of MIG (figure 2). Controlled for length, temperature effects on MIG 

229 became dependent on the size at which the contrast was made because the slope between MIG and 

230 length was estimated as steeper in the warm than the cold environment (liability scale contrast: -1.18, -
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231 1.85--0.49; figure 2). Estimated at the overall geometric mean length, MIG was higher in the cold than the 

232 warm environment (liability scale contrast: -1.18, -1.8--0.47). 

233 Controlling for length also reduced heritability similarly in both environments (i.e., the heritability 

234 difference between environments was similar regardless of whether length was controlled for; figure 3). 

235 Heritability became non-significant in the warm but not the cold environment (  = 0.26 0.11-0.42; h2
Cold

236  = 0.12, 0.00-0.28; figure 3 a, b), and controlling for length also reduced the between-environment h2
Warm

237 genetic correlation (figure 3 c). Thus, phenotypic length in late summer explained a considerable share of 

238 MIG heritability (a phenotype expressed eight months later) in both temperature environments (52 and 

239 71%, respectively). 

240 Having established that MIG covaried with phenotypic length, we quantified the phenotypic covariance 

241 and the relative contributions of environmental and genetic effects by fitting a bivariate model for MIG 

242 and body length in late summer as a second modelled response (LEN). Bivariate model estimates for 

243 average MIG in each temperature met those by the univariate model not controlling for phenotypic length 

244 (MIGCold = 0.42, 0.28-0.57; MIGWarm = 0.76, 0.63-0.88). Estimates for average LEN in each temperature 

245 indicated strong temperature effects, whereby average LEN was 1.3 (1.1-1.5) phenotypic standard 

246 deviations (equating to 25%, 20-30%) larger in the warm than the cold environment. Back-transformed 

247 average LEN was 8.2 cm (7.8-8.7) in the warm and 6.6 cm (6.3-6.9) in the cold environment. For LEN, we 

248 estimated, unlikely for MIG, common environmental (tank) effects in the cold, but not the warm, 

249 environment that accounted for 9 % of the phenotypic variance (c2; electronic supplementary material, 

250 figure S2).

251 Bivariate model estimates for MIG heritability were somewhat higher than by the univariate model (MIG; 

252  = 0.60, 0.38-0.78,  = 0.48, 0.26-0.69; figure 3; electronic supplementary material, figure S2) h2
Cold h2

Warm

253 and we estimated also high LEN heritabilities, which was surprisingly similar to the MIG heritabilities (LEN; 

254 = 0.57, 0.38-0.74;  = 0.52, 0.30-0.73; figure 3 a, b). Using alternative prior specifications for the h2
Cold h2

Warm

255 variances of MIG, heritabilities for both traits were estimated somewhat lower but their difference 

256 remained similar (figure S3). The between-temperature genetic correlations ( ) were also high RGCold,Warm

257 and very similar for both MIG and LEN and their credible intervals were very close to unity (all  = RGCold,Warm

258 0.92; figure 3 a, b). These remarkably similar genetic correlations estimates differed only marginally with 

259 alternative prior specifications for the genetic covariances (electronic supplementary material, figure S4). 

260 Translated to the probability scale, we found MIG heritabilities to be lower and less similar between 

261 environments than on the liability scale (MIG;  = 0.37, 0.23-0.49;  = 0.26, 0.13-0.38), but the h2
Cold h2

Warm

262 95% credible interval of the contrast on the probability scale also encompassed zero (MIG;  h2
Cold ― h2

Warm
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263 = 0.12, -0.06-0.28). Thus, heritability and between-temperature genetic correlation estimates were similar 

264 for MIG (on the liability scale) and the liability proxy trait LEN.

265 As expected from univariate modelling, we detected high positive phenotypic correlations ( ) between RP

266 MIG and LEN in both environments (  = 0.77, 0.69-0.85;  = 0.73, 0.62-0.83; figure 3 a, b). The RPCold RPWarm

267 phenotypic correlations within temperature environments underlaid both genetic and environmental 

268 correlations, whereby the former exceeded the latter; the between-trait genetic correlation ( ) was with RG

269 0.92 consistently high in both environments and thereby equal to the between-temperature genetic 

270 correlation estimates for each trait. Between-trait environmental correlation estimates ( ), for both RE

271 temperature environments were somewhat lower (  = 0.60, 0.39-0.79;  = 0.57, 0.31-0.79; figure RECold REWarm

272 3 a, b), and even lower when using alternative prior specifications for the residual covariances (electronic 

273 supplementary material, figure S4). Relative contributions (weights) to the phenotypic correlation were 

274 either stronger or equal for genetic than environmental effects, whereby weights equate to the relative 

275 importance of the genetic and non-genetic components, respectively [46]. Specifically, the weights for 

276 genetic effects were 0.58 in the cold and 0.50 in the warm environment. As detected for MIG in the 

277 univariate model, no difference between temperatures was detected for variance parameters of either 

278 MIG or LEN (figure 3). Thus, correlation estimates between MIG and LEN were higher at the genetic than 

279 environmental level and both traits showed similar heritability and high correlation estimates across 

280 environmental temperatures, even though average expression of each trait differed considerably 

281 between temperature environments.

282 4. Discussion

283 The basis for variation in the developmental switches that result in categorical phenotypes remains a 

284 major research topic in several fields, including biology and medicine. The control of such categorical 

285 phenotypic variation may occur via (one or many) thresholds for the quantitative expression of a, usually 

286 unknown, liability that underlies environmental and genetic effects [16-18]. In this study, we investigated 

287 the developmental switch that determines whether Atlantic salmon express the migration phenotype 

288 associated with either a sea migration at one year of age (migrant) or with remaining in freshwater for 

289 longer (resident), and tested for association with its presumed liability proxy, body size in late summer. 

290 We estimated relatively high heritabilities for both migrant probability liability and its liability proxy trait, 

291 and high environmental, genetic, and phenotypic correlations between the two traits in two seasonal 

292 temperature environments. Furthermore, we estimated high between-environment genetic correlations 

293 for each trait. We, however, failed to detect male maturation, maternal, and feed restriction effects on 

294 migration phenotypes. Altogether, the results widen our understanding of genetic and environmental 

295 importance in the developmental transition towards age-specific migration phenotypes, as well as their 
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296 strong thermal stability, and have implications for ecological and evolutionary subjects and future studies, 

297 which we elaborate on below.

298 (a) Absence of male maturation and maternal effects on migration probability 

299 Our results strengthen previous findings, under both wild and culture conditions, that sexual maturation 

300 of males in autumn is not inhibiting the migrant phenotype expression the following spring [36, 47-49]. 

301 Thus, the view that maturation and smoltification are conflicting processes [50], and which is also under 

302 debate for the congeneric brown trout [15], may not hold generally in Atlantic salmon. We also rejected 

303 the hypothesis that maternal effects affect migration phenotypes [such as suggested in 15], agreeing with 

304 previous results in rainbow trout [51]. 

305 (b) The relationship between migrant probability and body length

306 Our results on Atlantic salmon strongly support a long-suspected, but often questioned, joint-governance 

307 of body size in late summer and migration phenotype expression the following spring [9, 24]. We 

308 demonstrate that, for a given temperature environment, this joint governance is stronger for genetic than 

309 environmental effects, and that the genetic effects were extremely stable between two temperature 

310 environments (figure 3). The results, thereby, provide quantitative primers for future modelling relying 

311 on environmental vs. genetic relationships among life-history traits across environmental temperatures 

312 [e.g., 4, 26, 33]. Given that the tested temperature difference of 2°C aligns with global warming scenarios 

313 [52], modelling may encompass evolution under current global warming. Specifically, the combined high 

314 between-trait and between-environment genetic correlation estimates suggest strong co-evolution of 

315 migration phenotypes and body size across temperature environments, which may, depending on 

316 ecological settings [9], be an advantage or a constraint. 

317 We estimated high and similar heritability estimates for migrant probability and body size and high genetic 

318 correlations, but only moderate environmental (residual) correlations (figure 3). Thus, the association 

319 between traits appeared stronger for the genetic than the realised phenotypic values, which suggests that 

320 genetic growth potential is also a proxy for migrant probability and not only size during a sensitive period. 

321 An explanation could be that unknown genetically determined key components, such as growth hormone 

322 levels or its receptor densities, may commonly control body size and migrant probability but need not 

323 correlate tightly with phenotypic size during the sensitive period. Identifying such components may 

324 explain how a scaling of the genetic growth potential occurs relative to actual body size, which varies 

325 environmentally (such as by our temperature environments). Answers to this question may require more 

326 detailed genetic mapping and in-depth investigations on the actual biological mechanism involved. 

327 Given the time lag between the presumed sensitive period (in late summer) and expression of the 

328 migration phenotype (the following spring), there may be time to catch up on missed growth 
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329 opportunities after the sensitive period. Thus, if we assume that a liability threshold ensures viable 

330 migrant sizes, phenotypic size in late summer may be a poorer predictor of migrant size in spring than 

331 genetic growth potential. In support of this, individuals initially falling within the lower group of a bimodal 

332 distribution in late summer or autumn, assumed to represent prospective residents, may still grow rapidly 

333 during winter and become migrants the following spring, both in captivity and in the wild [47, 53, 54]. As 

334 an alternative, the sensitive period may last longer than suspected. In that case, individuals with a high 

335 genetic potential for, but low realised, growth until late summer may still realise their genetic potential 

336 thereafter, thereby reaching a phenotypic size threshold later and initiate the transition later. Given that 

337 a growth spurt occurs in prospective migrants between late summer and winter as a consequence of the 

338 developmental transition [25, 55], it may be difficult to differentiate between “normal” and “spurt” 

339 growth to test between competing hypotheses. Nonetheless, the lack of effects on migration phenotypes 

340 by the feed restriction, applied after the presumed period, argues against the presence of an extended 

341 sensitive period (see below). Regardless of the sensitive period duration, our results suggest that 

342 individuals with relatively small body size in late summer may still become migrants if they possess a high 

343 genetic growth potential. 

344 The presence of a higher genetic than environmental correlation between migrant probability and body 

345 size (figure 3) has several implications. For example, investigations on the physiological mechanisms of 

346 the developmental transition rely on body-size based migration-phenotype prediction for lethally 

347 sampling prospective migrants and residents prior to expression of the migration phenotype. Our results 

348 suggest that body-size based phenotype prediction may lead to conservative results because small 

349 migrants may get incorrectly assigned resident status. Such wrong assignments may blur differences of 

350 studied variables between true prospective migrants and residents. Another implication pertains to 

351 identifying the genetic basis for migration phenotypes via locus associations such as genome-wide 

352 association, or gene transcription studies, which may easily be confounded with identifying the highly 

353 polygenic basis for growth because of the high genetic between-trait correlation. To identify genes 

354 underlying also, or solely, the migration phenotype, a bivariate approach including size during the 

355 sensitive period may be necessary. Investigations on associations based on transcription levels during the 

356 sensitive period may also be promising, but pose logistical challenges due to the abovementioned 

357 phenotype prediction required for lethal sampling.

358 There are several inferential limitations to our estimates. Genetic parameter estimates often pertain to 

359 specific populations and conditions, but knowledge about their magnitudes may still provide useful 

360 information [56, 57]. Our estimates within and between temperature environments, may then be useful 

361 for future short-term predictions in response to selection under changing environmental conditions [58]. 

362 However, it is important to remember that heritabilities on the liability scale (and also heritabilities for 
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363 liability proxy traits) do not relate linearly to the probability scale across many factors, including the - 

364 environmentally governed - overall probability [18]. This effect was here exemplified by disparate 

365 heritability differences between temperature environments on the liability (more similar) vs. the 

366 proportional (less similar) scale. As recently discussed by de Villemereuil, Schielzeth [45], predicting the 

367 responses to selection for migration phenotypes may follow standard assumptions if based on liability-

368 scale heritability, but less so on proportional-scale heritability.

369 Pertaining to correlation estimates, Cheverud [59] proposed that many genetic, but not phenotypic, 

370 correlations estimates may be inflated, especially under sample size limitations and when heritabilities 

371 are low [59, 60]. In comparison to studies assessed by Cheverud [59], our effective sample sizes - the 

372 product of number of families and geometric mean heritability - are at the lower end where Cheverud 

373 [59] suspected upwards bias. However, Bayesian heritability estimates for length matched those by REML 

374 that should yield reliable estimates [43], and which supports the presence of moderate to high 

375 heritabilities. For migrant probability estimates, we rely on comparisons with previous estimates. To our 

376 knowledge, the only study in Atlantic salmon estimated a small heritability on the proportional scale (0.16 

377 ± 0.05) at a lower migrant rate (0.18) than in the present study [55]. In that study migrants were defined 

378 as exceeding a particular size threshold in spring [55], altogether making a comparison difficult. In other 

379 salmonids, similarly high estimates for migrant probability liability as presented here exist, such as 0.61 in 

380 cultured rainbow trout [51] and 0.52-0.56 in wild brook charr [61]. Thus, migrant probability liability in 

381 salmonids may exhibit high heritabilities, which lends some support to the correlation estimates. 

382 Furthermore, previous genetic correlations estimates in rainbow trout between body length at age 12 and 

383 15 months and migrant probability one year later, under much larger sample sizes, also were relatively 

384 high and exceeded the phenotypic correlation [51]. Thus, the detected stronger genetic than 

385 environmental relationship may not, at least entirely, be a statistical artefact. 

386 (c) Temperature effects on migration phenotypes: liability vs. threshold variation

387 Threshold model interpretations affect biological inferences, including inferences about the here-

388 detected temperature difference. Using the threshold model (or its variants) it is generally not possible to 

389 discern variation for thresholds from liability [41, 62]. This statistical uncertainty extents to general 

390 definitions. As a hypothetical example, it may be unclear whether circulating hormones and their 

391 receptors should be regarded as contributing commonly to liability variation, or the latter to threshold 

392 variation [as suggested in 24]. Here, we did not adopt either view when interpreting our results, but 

393 discuss all possibilities.

394 A possible interpretation for the detected temperature difference for average migrant probability (not 

395 controlled for length) could be that temperature affects body length positively. This more rapid growth in 
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396 the warm environment would then increase migrant probability because more individuals exceed a size 

397 threshold during a sensitive period. Assuming equal thresholds between temperatures, this idea leads to 

398 the expectation that controlling for size results in equal migrant rates. However, length-controlled migrant 

399 probability was higher in the cold environment (figure 2). This result could then be interpreted as the 

400 presence of a lower size threshold in the cold environment, supported by the high genetic correlations 

401 between environments as predicted in [62]. Nonetheless, because the exact sensitive period remains 

402 unknown, the length measured at a presumed sensitive period may be different than the length expressed 

403 at the actual sensitive period. This bias between approximated and actual liability proxy length may be 

404 larger in the warm than the cold environment simply because growth proceeds more rapidly in the warm 

405 environment. Thus, subtle methodological bias can create statistically different migrant rates at a 

406 standardised length that mimic the presence of different environmental (or in other cases: population) 

407 thresholds. 

408 To not confound liability proxy bias with differences for environmental (or population) thresholds it would 

409 be necessary to base inferences on the true liability, or, when information is lacking, on the liability proxy 

410 but as expressed at the true sensitive period. This leads to the question how close we got to the true 

411 period. The developmental transition is inducible by shortening daylength from 24 to 12 h for 6 weeks 

412 [63] and may occur when daylength is shortened to between 15 and 12 h [30]. For our experimental 

413 setting, a 6-week period after daylengths got shorter, or daylengths between 15 and 12 h, occurred shortly 

414 before, or at the beginning of, the size recording period at the end of the summer and the middle of the 

415 feed restriction, respectively (figure 1 c). Because the feed restriction reduced specific growth rates by 

416 about 50% but not migrant probability, it appears likely that the sensitive period preceded the feed 

417 restriction, as similarly inferred for amago salmon [64]. Future experiments destined to identify the 

418 sensitive period - a required prior for sound investigations on the physiological or genetic mechanisms 

419 determining the developmental transition - may thus be worthwhile if covering the entire summer. 
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440 Tables
441 Table 1. Model mean posterior estimates (on the liability scale), lower and upper 95% credible intervals, 

442 and number of effective samples (Neff) for the initial univariate generalized animal model on migration 

443 phenotype binaries of 663 Atlantic salmon individuals from 32 half-sib families. Variances were modelled 

444 as either diagonal (tanks, residuals) or unstructured (dams, animals) covariance matrices for the two 

445 temperature environments. Residual variance was fixed to 1 in each environment, resulting in scaling of all 

446 components relative to the residual variance. Effects or variances different from zero (i.e., credible interval 

447 not including zero) are in bold.

term mean lower upper Neff

mean effects
model intercept -0.467 -1.325 0.423 15392

temperature (cold - warm) 1.942 0.988 2.920 13242

feed (full - restricted) -0.010 -0.687 0.677 14000

maturation (immature - mature) 1.147 -0.892 3.161 14669

feed:temperature -0.514 -1.607 0.537 14000

feed:maturation -1.130 -3.536 1.151 14000

variance effects
tank cold 0.127 0.000 0.455 13432

tank warm 0.166 0.000 0.608 14000

dam cold 0.182 0.000 0.691 13359

dam cold,warm 0.046 -0.139 0.319 13601

dam warm 0.188 0.000 0.694 14000

animal cold 2.677 0.641 4.766 14000

animal cold,warm 1.709 0.496 3.145 13430

animal warm 1.709 0.319 3.322 14000

448

Page 17 of 24

http://mc.manuscriptcentral.com/prsb

Submitted to Proceedings of the Royal Society B: For Review Only



17

449 References

450 1. Burghardt L.T., Metcalf C.J., Wilczek A.M., Schmitt J., Donohue K. 2015 Modeling the influence of 

451 genetic and environmental variation on the expression of plant life cycles across landscapes. Am Nat 

452 185(2), 212-227. (doi:10.1086/679439).

453 2. Huijser P., Schmid M. 2011 The control of developmental phase transitions in plants. Development 

454 138(19), 4117-4129. (doi:10.1242/dev.063511).

455 3. Fusco G., Minelli A. 2010 Phenotypic plasticity in development and evolution: facts and concepts. 

456 Introduction. Philos Trans R Soc Lond B Biol Sci 365(1540), 547-556. (doi:10.1098/rstb.2009.0267).

457 4. Marschall E.A., Quinn T.P., Roff D.A., Hutchings J.A., Metcalfe N.B., Bakke T.A., Saunders R.L., Poff 

458 N.L. 1998 A framework for understanding Atlantic salmon (Salmo salar) life history. Can J Fish Aquat Sci 

459 55(S1), 48-58. (doi:10.1139/cjfas-55-S1-48).

460 5. Fox R.J., Donelson J.M., Schunter C., Ravasi T., Gaitan-Espitia J.D. 2019 Beyond buying time: the 

461 role of plasticity in phenotypic adaptation to rapid environmental change. Philos Trans R Soc Lond B Biol 

462 Sci 374(1768), 20180174. (doi:10.1098/rstb.2018.0174).

463 6. Settele J., Scholes R., Betts R., Bunn S., Leadley P., Nepstad D., Overpeck J.T., Taboada M.A. 2014 

464 Terrestrial and inland water systems. In Climate Change 2014: Impacts, Adaptation, and Vulnerability Part 

465 A: Global and Sectoral Aspects (eds. Field C.B., Barros V.R., Dokken D.J., Mach K.J., Mastrandrea M.D., Bilir 

466 T.E., Chatterjee M., Ebi K.L., Estrada Y.O., Genova R.C., et al.), pp. 271-359. Cambridge, Cambridge 

467 University Press.

468 7. Lack D. 1943 The problem with partial migration. Br Birds 37(122-130).

469 8. Chapman B.B., Brönmark C., Nilsson J.-Å., Hansson L.-A. 2011 The ecology and evolution of partial 

470 migration. Oikos 120(12), 1764-1775. (doi:10.1111/j.1600-0706.2011.20131.x).

471 9. Jonsson B., Jonsson N. 1993 Partial migration - niche shift versus sexual-maturation in fishes. Rev 

472 Fish Biol Fish 3(4), 348-365. (doi:10.1007/Bf00043384).

473 10. Pulido F. 2011 Evolutionary genetics of partial migration - the threshold model of migration 

474 revis(it)ed. Oikos 120(12), 1776-1783. (doi:10.1111/j.1600-0706.2011.19844.x).

475 11. Pearse D.E., Barson N.J., Nome T., Gao G., Campbell M.A., Abadia-Cardoso A., Anderson E.C., 

476 Rundio D.E., Williams T.H., Naish K.A., et al. 2019 Sex-dependent dominance maintains migration 

477 supergene in rainbow trout. Nat Ecol Evol 3(12), 1731-1742. (doi:10.1038/s41559-019-1044-6).

478 12. Kelson S.J., Miller M.R., Thompson T.Q., O’Rourke S.M., Carlson S.M. 2019 Do genomics and sex 

479 predict migration in a partially migratory salmonid fish, Oncorhynchus mykiss? Can J Fish Aquat Sci 76(11), 

480 2080-2088. (doi:10.1139/cjfas-2018-0394).

Page 18 of 24

http://mc.manuscriptcentral.com/prsb

Submitted to Proceedings of the Royal Society B: For Review Only



18

481 13. Weinstein S.Y., Thrower F.P., Nichols K.M., Hale M.C. 2019 A large-scale chromosomal inversion 

482 is not associated with life history development in rainbow trout from Southeast Alaska. PLoS One 14(9), 

483 e0223018. (doi:10.1371/journal.pone.0223018).

484 14. Chapman B.B., Hulthen K., Brodersen J., Nilsson P.A., Skov C., Hansson L.A., Bronmark C. 2012 

485 Partial migration in fishes: causes and consequences. J Fish Biol 81(2), 456-478. (doi:10.1111/j.1095-

486 8649.2012.03342.x).

487 15. Ferguson A., Reed T.E., Cross T.F., McGinnity P., Prodohl P.A. 2019 Anadromy, potamodromy and 

488 residency in brown trout Salmo trutta: the role of genes and the environment. J Fish Biol 95(3), 692-718. 

489 (doi:10.1111/jfb.14005).

490 16. Falconer D.S. 1965 The inheritance of liability to certain diseases, estimated from the incidence 

491 among relatives. Ann Hum Genet 29(1), 51-76. (doi:10.1111/j.1469-1809.1965.tb00500.x).

492 17. Wright S. 1934 An analysis of variability in number of digits in an inbred strain of guinea pigs. 

493 Genetics 19(6), 506-536.

494 18. Dempster E.R., Lerner I.M. 1950 Heritability of threshold characters. Genetics 35(2), 212-236.

495 19. Hoar W.S. 1988 The Physiology of Smolting Salmonids. In FISH PHYSIOLOGY The Physiology of 

496 Developing Fish: Viviparity and Posthatching Juveniles (eds. Hoar W.S., Randall D.J.), pp. 275-343. San 

497 Diego, California, Academic Press.

498 20. Salminen M., Kuikka S., Erkamo E. 1995 Annual variability in survival of sea-ranched Baltic salmon, 

499 Salmo salar L: significance of smolt size and marine conditions. Fish Manage Ecol 2(3), 171-184. 

500 (doi:10.1111/j.1365-2400.1995.tb00110.x).

501 21. Thorstad E.B., Whoriskey F., Uglem I., Moore A., Rikardsen A.H., Finstad B. 2012 A critical life stage 

502 of the Atlantic salmon Salmo salar: behaviour and survival during the smolt and initial post-smolt 

503 migration. J Fish Biol 81(2), 500-542. (doi:10.1111/j.1095-8649.2012.03370.x).

504 22. Chaput G., Carr J., Daniels J., Tinker S., Jonsen I., Whoriskey F. 2018 Atlantic salmon (Salmo salar) 

505 smolt and early post-smolt migration and survival inferred from multi-year and multi-stock acoustic 

506 telemetry studies in the Gulf of St. Lawrence, northwest Atlantic. ICES J Mar Sci. 

507 (doi:10.1093/icesjms/fsy156).

508 23. Gregory S.D., Ibbotson A.T., Riley W.D., Nevoux M., Lauridsen R.B., Russell I.C., Britton J.R., 

509 Gillingham P.K., Simmons O.M., Rivot E., et al. 2019 Atlantic salmon return rate increases with smolt 

510 length. ICES J Mar Sci. (doi:10.1093/icesjms/fsz066).

511 24. Dodson J.J., Aubin-Horth N., Theriault V., Paez D.J. 2013 The evolutionary ecology of alternative 

512 migratory tactics in salmonid fishes. Biol Rev Camb Philos Soc 88(3), 602-625. (doi:10.1111/brv.12019).

513 25. Thorpe J.E. 1977 Bimodal distribution of length of juvenile Atlantic salmon (Salmo salar L.) under 

514 artificial rearing conditions. J Fish Biol 11(2), 175-184. (doi:10.1111/j.1095-8649.1977.tb04111.x).

Page 19 of 24

http://mc.manuscriptcentral.com/prsb

Submitted to Proceedings of the Royal Society B: For Review Only



19

515 26. Mangel M., Satterthwaite W.H. 2008 Combining proximate and ultimate approaches to 

516 understand life history variation in salmonids with application to fisheries, conservation, and aquaculture. 

517 Bull Mar Sci 83(1), 107-130.

518 27. Björnsson B.T., Stefansson S.O., McCormick S.D. 2011 Environmental endocrinology of salmon 

519 smoltification. Gen Comp Endocrinol 170(2), 290-298. (doi:10.1016/j.ygcen.2010.07.003).

520 28. Kristinsson J.B., Saunders R.L., Wiggs A.J. 1985 Growth dynamics during the development of 

521 bimodal length-frequency distribution in juvenile Atlantic salmon (Salmo salar L.). Aquaculture 45(1-4), 1-

522 20. (doi:10.1016/0044-8486(85)90254-6).

523 29. Metcalfe N.B., Huntingford F.A., Graham W.D., Thorpe J.E. 1989 Early social status and the 

524 development of life-history strategies in Atlantic salmon. Proc R Soc B 236(1282), 7-19. 

525 (doi:10.1098/rspb.1989.0009).

526 30. Skilbrei O.T., Hansen T., Stefansson S.O. 1997 Effects of decreases in photoperiod on growth and 

527 bimodality in Atlantic salmon Salmo salar L. Aquacult Res 28(1), 43-49. (doi:10.1046/j.1365-

528 2109.1997.00827.x).

529 31. Wright P.J., Metcalfe N.B., Thorpe J.E. 1990 Otolith and somatic growth rates in Atlantic salmon 

530 parr, Salmo salar L: evidence against coupling. J Fish Biol 36(2), 241-249. (doi:10.1111/j.1095-

531 8649.1990.tb05599.x).

532 32. Bailey J.K., Saunders R.L., Buzeta M.I. 1980 Influence of parental smolt age and sea age on growth 

533 and smolting of hatchery-reared Atlantic salmon (Salmo salar). Can J Fish Aquat Sci 37(9), 1379-1386. 

534 (doi:10.1139/f80-177).

535 33. de Zoeten T., Pulido F. 2020 How migratory populations become resident. Proc R Soc B 287(1923), 

536 20193011. (doi:10.1098/rspb.2019.3011).

537 34. Karppinen P., Jounela P., Huusko R., Erkinaro J. 2014 Effects of release timing on migration 

538 behaviour and survival of hatchery-reared Atlantic salmon smolts in a regulated river. Ecol Freshwat Fish 

539 23(3), 438-452. (doi:10.1111/eff.12097).

540 35. Verta J.-P., Debes P.V., Piavchenko N., Ruokolainen A., Ovaskainen O., Moustakas-Verho J.E., 

541 Tillanen S., Parre N., Aykanat T., Erkinaro J., et al. 2019 Regulatory divergence in vgll3 underlies variation 

542 in age at maturity in male Atlantic salmon. bioRxiv. (doi:10.1101/777300).

543 36. Bagliniere J.L., Maisse G. 1985 Precocious maturation and smoltification in wild Atlantic salmon 

544 in the Armorican massif, France. Aquaculture 45(1-4), 249-263. (doi:10.1016/0044-8486(85)90274-1).

545 37. Aykanat T., Lindqvist M., Pritchard V.L., Primmer C.R. 2016 From population genomics to 

546 conservation and management: a workflow for targeted analysis of markers identified using genome-wide 

547 approaches in Atlantic salmon Salmo salar. J Fish Biol 89(6), 2658-2679. (doi:10.1111/jfb.13149).

548 38. Jones O.R., Wang J. 2010 COLONY: a program for parentage and sibship inference from multilocus 

549 genotype data. Mol Ecol Resour 10(3), 551-555. (doi:10.1111/j.1755-0998.2009.02787.x).

Page 20 of 24

http://mc.manuscriptcentral.com/prsb

Submitted to Proceedings of the Royal Society B: For Review Only



20

550 39. Anderson E.C. 2010 Computational algorithms and user-friendly software for parentage-based 

551 tagging of Pacific salmonids. Final report submitted to the Pacific Salmon Commission's Chinook Technical 

552 Committee (US Section).  (p. 46.

553 40. Henderson C.R. 1973 Sire evaluation and genetic trends. J Anim Sci 1973(Symposium), 10-41. 

554 (doi:/1973.1973Symposium10x).

555 41. Hadfield J.D., O'Hara R.B. 2015 Increasing the efficiency of MCMC for hierarchical phylogenetic 

556 models of categorical traits using reduced mixed models. Methods Ecol Evol 6(6), 706-714. 

557 (doi:10.1111/2041-210x.12354).

558 42. Hadfield J.D. 2010 MCMC methods for multi-response generalized linear mixed models: the 

559 MCMCglmm R package. J Stat Soft 33(2), 1-22. (doi:10.18637/jss.v033.i02).

560 43. de Villemereuil P., Gimenez O., Doligez B., Freckleton R. 2013 Comparing parent-offspring 

561 regression with frequentist and Bayesian animal models to estimate heritability in wild populations: a 

562 simulation study for Gaussian and binary traits. Methods Ecol Evol 4(3), 260-275. (doi:10.1111/2041-

563 210x.12011).

564 44. Brooks S.P., Gelman A. 1998 General methods for monitoring convergence of iterative 

565 simulations. J Comput Graph Stat 7(4), 434-455. (doi:10.1080/10618600.1998.10474787).

566 45. de Villemereuil P., Schielzeth H., Nakagawa S., Morrissey M. 2016 General methods for 

567 evolutionary quantitative genetic inference from generalized mixed models. Genetics 204(3), 1281-1294. 

568 (doi:10.1534/genetics.115.186536).

569 46. Searle S.R. 1961 Phenotypic, genetic and environmental correlations. Biometrics 17(3), 474-480. 

570 (doi:10.2307/2527838).

571 47. Duston J., Saunders R.L. 1997 Life histories of Atlantic salmon altered by winter temperature and 

572 summer rearing in fresh-or sea-water. Environ Biol Fishes 50(2), 149-166. 

573 (doi:10.1023/A:1007373016067).

574 48. Orton J.H., Jones J.W., King G.M. 1938 The male sexual stage in salmon parr (Salmo salar L. juv.). 

575 Proc R Soc B 125(838), 103-114. (doi:10.1098/rspb.1938.0015).

576 49. Jonsson N., Jonsson B., Hansen L.P. 1998 Long-term study of the ecology of wild Atlantic salmon 

577 smolts in a small Norwegian river. J Fish Biol 52(3), 638-650. (doi:10.1111/j.1095-8649.1998.tb02023.x).

578 50. Thorpe J.E. 1986 Age at first maturity in Atlantic salmon, Salmo salar: freshwater period influences 

579 and conflicts with smolting. In Salmonid age at maturity (ed. Meerburg D.J.), pp. 7-14. Ottawa, 

580 Department of Fisheries and Oceans.

581 51. Hecht B.C., Hard J.J., Thrower F.P., Nichols K.M. 2015 Quantitative genetics of migration-related 

582 traits in rainbow and steelhead trout. G3 (Bethesda) 5(5), 873-889. (doi:10.1534/g3.114.016469).

583 52. IPCC. 2014 Future Climate Changes, Risk and Impacts. In Climate Change 2014: Synthesis Report 

584 Contribution of Working Groups I, II and III to the Fifth Assessment Report of the Intergovernmental Panel 

Page 21 of 24

http://mc.manuscriptcentral.com/prsb

Submitted to Proceedings of the Royal Society B: For Review Only



21

585 on Climate Change (eds. Core Writing Team, Pachauri R.K., Meyer L.A.), pp. 56-74. Geneva, Switzerland, 

586 IPCC.

587 53. Zydlewski J., O’Malley A., Cox O., Ruksznis P., Trial J.G. 2014 Growth and smolting in lower-mode 

588 Atlantic salmon stocked into the Penobscot River, Maine. N Am J Fish Manage 34(1), 147-158. 

589 (doi:10.1080/02755947.2013.866996).

590 54. Whitesel T.A. 1993 Comparison of juvenile Atlantic salmon (Salmo salar) reared in a hatchery and 

591 introduced into a stream: a two-size-threshold model for smoltification. In Production of Juvenile Atlantic 

592 salmon, Salmo salar, in Natural Waters (eds. Gibson R.J., Cutting R.E.), pp. 239-247. Ottawa, Canada, 

593 National Research Council Canada and Department of Fisheries and Oceans.

594 55. Refstie T., Steine T.A., Gjedrem T. 1977 Selection experiments with salmon. II. Proportion of 

595 Atlantic salmon smoltifying at 1 year of age. Aquaculture 10(3), 231-242. (doi:10.1016/0044-

596 8486(77)90004-7).

597 56. Hill W.G. 2010 Understanding and using quantitative genetic variation. Philos Trans R Soc Lond B 

598 Biol Sci 365(1537), 73-85. (doi:10.1098/rstb.2009.0203).

599 57. Visscher P.M., Hill W.G., Wray N.R. 2008 Heritability in the genomics era: concepts and 

600 misconceptions. Nat Rev Genet 9(4), 255-266. (doi:10.1038/nrg2322).

601 58. Falconer D.S. 1952 The problem of environment and selection. Am Nat 86(830), 293-298. 

602 (doi:10.1086/281736).

603 59. Cheverud J.M. 1988 A Comparison of genetic and phenotypic correlations. Evolution 42(5), 958-

604 968. (doi:10.1111/j.1558-5646.1988.tb02514.x).

605 60. Robertson A. 1959 The sampling variance of the genetic correlation coefficient. Biometrics 15(3), 

606 469-485. (doi:10.2307/2527750).

607 61. Thériault V., Garant D., Bernatchez L., Dodson J.J. 2007 Heritability of life-history tactics and 

608 genetic correlation with body size in a natural population of brook charr (Salvelinus fontinalis). J Evol Biol 

609 20(6), 2266-2277. (doi:10.1111/j.1420-9101.2007.01417.x).

610 62. Roff D.A. 1996 The evolution of threshold traits in animals. Q Rev Biol 71(1), 3-35. 

611 (doi:10.1086/419266).

612 63. Björnsson B.T., Hemre G.I., Bjørnevik M., Hansen T. 2000 Photoperiod regulation of plasma 

613 growth hormone levels during induced smoltification of underyearling Atlantic salmon. Gen Comp 

614 Endocrinol 119(1), 17-25. (doi:10.1006/gcen.2000.7439).

615 64. Kuwada T., Tokuhara T., Shimizu M., Yoshizaki G. 2015 Body size is the primary regulator affecting 

616 commencement of smolting in amago salmon Oncorhynchus masou ishikawae. Fish Sci 82(1), 59-71. 

617 (doi:10.1007/s12562-015-0943-y).

618

Page 22 of 24

http://mc.manuscriptcentral.com/prsb

Submitted to Proceedings of the Royal Society B: For Review Only



ge
ne

ra
tio

n
0

1

2

re
si

de
nt

s
m

ig
ra

nt
s

(a)

(d)

1 2 3

R!

4 5 6

te
m

pe
ra

tu
re

 (
�C

)

4
6
8

10
12
14
16
18

(b)

temperature:
warm
cold

1 2 3
R!

4 5 6

autumn
winter

spring summer

autumn winter

spring

11 1 3 5 7 9 11 1 3 5
month

6
8

10
12
14
16
18

lig
ht

 (
h)

(c)

Page 23 of 24

http://mc.manuscriptcentral.com/prsb

Submitted to Proceedings of the Royal Society B: For Review Only



0

20

40

60

80phenotype:
migrant
resident

0.0

0.2

0.4

0.6

0.8

1.0
M

IG
�

95
 %

 C
I

fr
eq

ue
nc

y

cold(a)

0

10

20

30

40

0.0

0.2

0.4

0.6

0.8

1.0

M
IG

�
95

 %
 C

I

fr
eq

ue
nc

y

5 6 7 8 9 10 11
length in late summer (cm)

warm(b)

Page 24 of 24

http://mc.manuscriptcentral.com/prsb

Submitted to Proceedings of the Royal Society B: For Review Only



h2

RETr

RGTr

RPTr

pa
ra

m
et

er
cold(a)

modeltrait:
BVMIG,LEN
BVLEN
BVMIG
UVMIG + length
UVMIG

h2

RETr

RGTr

RPTr

pa
ra

m
et

er

warm(b)

−0.2 0.0 0.2 0.4 0.6 0.8 1.0

RG

∆h2

∆RETr

∆RGTr

∆RPTr

pa
ra

m
et

er

cold↔ warm(c)

estimate ± 95% CI

Page 25 of 24

http://mc.manuscriptcentral.com/prsb

Submitted to Proceedings of the Royal Society B: For Review Only



1 
 

Electronic supplementary material to 

 

Genetic growth potential, rather than phenotypic size, predicts migration 

phenotype in Atlantic salmon (doi: 10.1098/rspb.2020-0867) 

 

Paul V Debes1,2*, Nikolai Piavchenko1
, Jaakko Erkinaro3

, Craig R Primmer1,4 

1Organismal & Evolutionary Biology Research Program, University of Helsinki, Helsinki, 00014, 

Finland;2Department of Aquaculture and Fish Biology, Hólar University College, Sauðárkrókur, 551, 

Iceland; 3Natural Resources Institute Finland (Luke), Oulu, 90014, Finland; 4Institute of Biotechnology, 

University of Helsinki, Helsinki, 00014, Finland 

*Correspondence: debes@holar.is 

Contents: 

- Table S1 

- Description of the general linear mixed to test for feed restriction treatment effects 

- Table S2 

- Figure S1 

- Description of the generalised linear mixed model to estimate male maturation rate 

- Table S3 

- Prior sensitivity analysis 

- Figure S2 

- Figure S3 

- Figure S4 

- References 

 

 

  

mailto:debes@holar.is


2 
 

Table S1. Model mean posterior estimates (on the liability scale), lower and upper 95% credible intervals, 

and number of effective samples (Neff) for the reduced univariate generalized animal model on migrant 

phenotype binaries of 663 Atlantic salmon individuals from 32 half-sib families, including the effects of a 

locus with major effects on age at sexual maturation (vgll3, alleles: E = early, L = late maturation). Results 

for the binary response of migrant (1) or resident (0) are based on models not controlling for phenotypic 

length (model 1) or controlling for phenotypic length (model 2; length = length in late summer; mean 

centred and variance scaled). 

 Term mean lower upper Neff 

model 1 
    

model intercept -0.338 -1.271 0.551 14516 

temperature (cold - warm) 1.701 1.025 2.439 14564 

Vgll3 (EE - EL) -0.139 -0.780 0.512 14000 

Vgll3 (EE - LL) -0.276 -1.328 0.806 14000 

model 2     

model intercept 1.287 0.616 1.913 7000 

length (continuous) 2.946 2.435 3.507 7000 

temperature (cold - warm) -0.984 -1.660 -0.305 7000 

temperature:length -1.192 -1.864 -0.532 6317 

Vgll3 (EE - EL) 0.164 -0.299 0.642 7000 

Vgll3 (EE - LL) 0.213 -0.489 0.883 7000 
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Description of the general linear mixed to test for feed restriction treatment effects 

To test for effect of the feed treatment (see methods for details) on growth rate, we fitted a general linear 

animal model under restricted residual maximum likelihood (REML) using asreml-R [1], to the (log) of 

length before and after the temporary feed restriction treatment. To estimate specific growth rate (i.e., 

proportional increase of length per unit time), we included date of measurement as a continuous 

covariate (date.integer; first measurement date taken as 0, days have a value of 1). We allowed the 

intercept (at the first measurement) and the growth rates to vary by temperature (cold, warm), feed 

restriction (full, restricted), and by migrant phenotype (resident, migrant). We also fitted all interactions 

among these terms. To account for the randomisation of treatments to tanks, we fitted random regression 

effects for tanks (i.e., a 2x2 covariance matrix for tank intercepts and date slopes with covariance between 

them). We accounted for the non-independence of, and among, individual data by including animal effects 

with additive genetic variance estimated via the inverse of the relationship matrix [2]. Using likelihood 

ratio tests between nested models, we determined that variances for animal effects (𝑋1
2 = 17.79, P < 

0.001) and residuals (𝑋1
2 = 17.79, P < 0.001), but not tanks effects (𝑋3

2 = 1.97, P = 0.580), differed between 

temperature environments. We thus fitted these former two effect terms conditional on temperature 

environment, and with between-temperature covariance for the genetic effects. We found that the feed 

restriction had affected the specific growth rate of both residents and migrants and in both the cold and 

the warm environments (table S2, figure S1).  
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Table S2. ANOVA table for model terms of a univariate general animal model on body length phenotype 

in late summer of 663 Atlantic salmon individuals from 32 half-sib families. Intercept effects were 

estimated at the first measurement date (date.integer = 0). Statistical significance has been estimated 

based on F-tests with denominator degrees of freedom, DDF, approximated according to [3]. 

term DF DDF F P 

model intercept 1 51.6 6162.0 < 0.001 

migrant phenotype (resident, migrant) 1 518.8 448.4 < 0.001 

temperature (cold - warm) 1 22.7 146.1 < 0.001 

feed restriction (full - restricted) 1 11.8 7.6 0.018 

date.integer (continuous) 1 11.3 904.1 < 0.001 

migrant phenotype:temperature 1 206.0 8.8 0.003 

migrant phenotype:feed restriction 1 550.9 0 0.968 

temperature:feed restriction 1 14.7 0.1 0.782 

migrant phenotype:date.integer 1 1302.0 430.9 < 0.001 

temperature:date.integer 1 1302.0 9.7 0.002 

feed restriction:date.integer 1 1302.0 122.0 < 0.001 

migrant phenotype:temperature:feed restriction 1 407.8 0.3 0.607 

migrant phenotype:temperature:date.integer 1 1302.0 8.1 0.004 

migrant phenotype:feed restriction:date.integer 1 1302.0 38.3 < 0.001 

temperature:feed restriction:date.integer 1 12.0 0.1 0.757 

migrant phenotype:temperature:feed restriction:date.integer 1 409.3 10.8 0.001 
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Figure S1. Model predicted average size trajectories (a, d) and associated specific growth rates (SGR; b, e) 

for prospective migrants or residents that were either fully fed or temporarily restrictedly fed in either a 

cold (upper row) or a 2°C warmer (lower row) environment, and the corresponding contrasts for SGR 

between the feeding treatments (ΔSGR; c, f). Estimates refer to the model as in table S2.  
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Description of the generalised linear mixed model to estimate male maturation rate 

To estimate male maturation rate, we fit a generalised linear animal model with probit-link function to 

maturation binaries recorded during spawning time. We only fitted one overall mean effect (intercept). 

To account for the randomisation to tanks, we fitted random effects for tanks and to account for the non-

independence among individual data, we including animal effects with additive genetic variance 

estimated via the inverse of the relationship matrix [2]. We used priors following [4] and methods as 

described for univariate Bayesian models in the main manuscript. We found that among tank effect 

variance was absent or negligible but that additive genetic variance was present (although 

methodologically inflated; table S2) and predicted a marginal overall maturation rate of males in the warm 

environment of 0.19 (95% CI: 0.08-0.33; table S2).  
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Table S3. Model mean posterior estimates (on the liability scale), lower and upper 95% credible intervals, 

and number of effective samples (Neff) for the univariate generalized animal model on the sexual maturation 

phenotype binaries (0 = immature, 1 = mature) during the first year of 114 Atlantic salmon individuals from 

30 half-sib families. Estimates were obtained for only males (no female matured) and only in the warm 

environment (no maturation occurred in the cold environment). Residual variance was fixed to 1, resulting 

in scaling of all components relative to the fixed residual variance. Variances different from zero 

(approximated by credible interval not including zero) are in bold. 

 Term mean lower upper Neff 

mean terms     

model intercept -1.647 -2.615 -0.758 10000 

variance terms     

Tank (VC) 0.417 0.000 1.449 10210 

Animal (VA)* 2.127 0.600 3.828 10000 

*Estimate is inflated because it is based on the coefficients of relatedness among individuals, but 

genotypes for the locus with major effects on maturation rate (vgll3) did not vary within families (leading 

to an absence of the expecting Mendelian sampling variance within families) due to the breeding design 

of using only vgll3 homozygous parents as reported in [5].   
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Prior sensitivity analysis 

We also assessed how prior specifications influenced the results. We focussed on the binary trait (MIG) 

because Bayesian heritability estimates for LEN closely matched estimates by residual maximum 

likelihood (REML), although the genetic correlation between environments was higher under REML (figure 

S2), whereby REML is the recommend method for animal models of continuous responses [4]. We 

compared the bivariate results (responses: MIG, LEN; including GxE) with univariate results (MIG per 

environment) obtained with recommended priors for binary animal models (following a 𝑋1
2 distribution) 

[4]. We also separately assessed the effects, relative to the univariate models, of either including GxE for 

MIG or also fitting LEN per temperature environment. For the bivariate model, we varied prior 

specifications that resulted in different prior distributions for the variances and covariances. For the 

variances, we varied the parameter expansion variance scale by up to two magnitudes higher and lower 

than used (100, 10, 1, 0.1, 0.01), resulting in increasing prior densities for the proportions of the 

phenotypic variances towards one and zero, respectively. For the covariances, and thus correlations, we 

specified prior distributions that were either relatively flat for correlations (in MCMCglmm: nu = 

dimension of C, G, or R + 1) or showed higher densities towards -1 and 1 (in MCMCglmm: nu = dimension 

of C, G, or R). We found all investigated modelling variants to affect model estimates, but none strong 

enough to compromise our major inferences (figures S2-S4).   
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Figure S2. Comparison of the Bayesian model estimates for (co)variance components with 

increasing model complexity for the binary (MIG) and with REML estimates for the continuous 

trait (LEN). Heritability estimates for MIG increased in the following order: univariate single 

environment (UV) < univariate two environments (UV + GxE) < bivariate single environment (BV) 

< bivariate two environments (BV + GxE). Unfortunately, it is not clear whether model estimates 

in the absence of an explicitly modelled between-environment correlation (GxE) for the additive 

genetic effects should equal estimates in the absence of such modelled GxE. Furthermore, it is 

not clear whether model estimates for a single trait should equal those for estimates when a 

correlated second traits is modelled. Error bars show 95% credible intervals or approximate 

confidence intervals based on the delta method for REML estimates.  
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Figure S3 Comparison of the Bayesian model estimates for (co)variance components under 

different prior specifications for the parameter expansion variance scale (in MCMCglmm specified 

as “       ”                               v             v                        binary trait 

(MIG). For MIG heritability (h2) and phenotypic proportion of the common environmental variance 

(c2), the priors specify an increasing density towards 0 (alpha.V specified as either 100, 10, 1, 0.1, 

or 0.01). The parameter expansion variance scale specification for the continuous trait (LEN) was 

kept constant (alpha.V = 1). It could be noted that a smaller variance scale resulted in smaller 

heritability (h2) and proportion of common environmental variance (c2) of MIG when alpha.V fell < 

1. Similar effects on h2, but not c2, were also observed for LEN.  
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Figure S4. Comparison of the MCMC bivariate model estimates for (co)variance components 

varying the prior specification for the degree of believe parameter (nu) for combinations of the 

genetic (G, also applied for the environmental C) and residual (R) covariance matrices. The 

different priors result in either relatively flat distributions for the correlations (in MCMCglmm: nu = 

dimension [dim] of G or R + 1) or distributions with higher densities towards 0 and 1 (in 

MCMCglmm: nu = dimension [dim] of G or R). We noted an effect on the between-trait correlation 

for the common environmental effects within the cold environment (RCMIG,LEN
; a), which is 

unsurprising because common environmental effects were inferred as absent for one trait (c2
MIG) 

but present for the other (c2
LEN), thus lacking data information on correlations. As a result, we 

    
 

    
 

    
 

    
 

         

         

         

         

       

   

                
               
                  
                 

    
 

    
 

    
 

    
 

         

         

         

         

 
 
  
 
 
  
 

       

                                  

               

          

          

          

         
 

         
 

         

         

            



12 
 

refrained from making inferences about RCMIG,LEN
, and effects of RCMIG,LEN

 on RPMIG,LEN
 were 

marginal because of the low or absent c2. A second effect could be noted on the between-trait 

covariance for the residual environmental effects within both temperature environments (REMIG,LEN
; 

a, b). Given the prior knowledge of a suspected causal relationship between the two traits and for 

each trait between environments, but uncertainty whether this correlation is stronger at the 

environmental or genetic level, it is unclear which prior is more appropriate (i.e., whether 

assuming a between-trait correlation closer to zero or unity). However, this difference affects 

inferences only marginally and genetic correlation estimates appeared unaffected.  
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