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 2 

Abstract: 17 
 18 
Population genetic theory predicts that rapid adaptation is largely driven by complex traits 19 

encoded by many loci of small effect. Because large effect loci are quickly fixed in natural 20 

populations, they should not contribute much to rapid adaptation. To investigate the genetic 21 

architecture of thermal adaptation - a highly complex trait - we performed experimental 22 

evolution on a natural Drosophila simulans population. Transcriptome and respiration 23 

measurements revealed extensive metabolic rewiring after only ~60 generations in a hot 24 

environment. Analysis of genome-wide polymorphisms identified two interacting selection 25 

targets, Sestrin and SNF4Aγ, pointing to AMPK, a central metabolic switch, as a key factor 26 

for thermal adaptation. Our results demonstrate that large-effect loci segregating at 27 

intermediate allele frequencies can allow natural populations to rapidly respond to selection. 28 

Because SNF4Aγ also exhibits clinal variation in various Drosophila species, we suggest that 29 

this large effect polymorphism is maintained by temporal and spatial temperature variation in 30 

natural environments. 31 

 32 
 33 

34 
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 3 

Text: One of the major challenges in evolutionary genetics is to unravel the genetic 35 

architecture of phenotypic traits and how this affects the potential of natural populations to 36 

respond to selective forces. Theory predicts that evolution proceeds mainly through polygenic 37 

quantitative traits (Barton, Keightley 2002). Thus, adaptation is expected to involve rather 38 

subtle allele frequency changes at many small-effect loci (Le Corre, Kremer 2003; Pritchard, 39 

Pickrell, Coop 2010; Rockman 2012). Classic association studies as well recent whole 40 

genome association studies confirmed that variation at quantitative traits is due to a large 41 

number of loci and that large-effect loci are rare (Mackay, Stone, Ayroles 2009; Yang et al. 42 

2010; Turner et al. 2011). Although, association studies are helpful to describe the genetic 43 

architecture of phenotypic traits, these genetic variants cannot be directly linked to adaptive 44 

responses (Franks, Hoffmann 2012). In contrast to these theoretical predictions, an increasing 45 

number of studies identified a small number of large effect loci which are driving rapid 46 

adaptation (reviewed in (Messer, Ellner, Hairston 2016)). Fluctuating selective pressure 47 

across time and space may contribute to the persistence of polymorphism at large-effect loci 48 

even over long evolutionary time scales (Savolainen, Lascoux, Merilä 2013; Lescak et al. 49 

2015; Messer, Ellner, Hairston 2016). Importantly, these major effect loci typically encoded 50 

rather simple traits, such as melanism (Nachman, Hoekstra, D'Agostino 2003; vant Hof et al. 51 

2016), insecticide resistance (Daborn et al. 2002) or lactose tolerance in humans (Bersaglieri 52 

et al. 2004). One noticeable exception is the evolution of song-less crickets, which occurred 53 

on two islands, but involved different major effect loci (Pascoal et al. 2014). It remains 54 

unclear to what extent rapid adaptation by large effect loci is an exception of simple traits, 55 

which are maintained in the population by fluctuating selection pressures 56 

In the light of global warming, it is of key interest to understand how novel thermal 57 

environments can drive genetic adaptation and what is the nature of the associated phenotypic 58 

changes (Merilä, Hoffmann 2016; Scheffers et al. 2016). Temperature is a major abiotic 59 
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factor known to affect a broad range of phenotypes and provides a good study system to 60 

investigate the genetic architecture of phenotypic evolution, in particular of quantitative traits. 61 

Most insight into thermal adaptation comes from contrasting natural populations that have 62 

evolved in different thermal habitats (Fabian et al. 2012; Bergland et al. 2014; Zhao et al. 63 

2015; Machado et al. 2016; Sedghifar, Saelao, Begun 2016; Porcelli et al. 2016). Apart from 64 

complications intrinsic to natural populations, such as confounding signals of demography 65 

(Bergland et al. 2016) and the complexity of natural environments, the underlying 66 

evolutionary time scales are too long to be informative about rapid adaptation required to 67 

counter the current rate of climate change (Franks, Hoffmann 2012). The well-documented 68 

clinal variation and seasonal response of many genetic polymorphisms (Fabian et al. 2012; 69 

Bergland et al. 2014; Machado et al. 2016; Sedghifar, Saelao, Begun 2016) make Drosophila 70 

an excellent model system to study the impact of large-effect alleles segregating in natural 71 

populations on rapid adaptation to novel thermal environments. Shared clinal polymorphisms 72 

between two sister species, D. melanogaster and D. simulans suggest that genetic variants 73 

associated with thermal clines may have been segregating for a long evolutionary times.  74 

Here we use experimental evolution in D. simulans to investigate the genetic architecture of 75 

phenotypic adaptation to a novel thermal environment. Transcriptomic data suggest that the 76 

evolved populations underwent a massive metabolic rewiring, which was confirmed by 77 

resting metabolism measurements. Whole genomic resequencing after ~60 generations of 78 

evolution under our hot environment indicated that despite temperature adaptation being a 79 

complex trait, only a small number of selection targets were identified across 5 replicate 80 

populations. Two interacting loci associated with the AMPK, a key metabolic switch drive the 81 

phenotypic changes observed in our experiment. We show that these alleles are segregating at 82 

intermediate frequency in a European population and show a latitudinal cline in North 83 

American populations. These results suggest that experimental evolution identified variants, 84 
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which play a key role in rapid spatial and temporal temperature adaptation in natural 85 

populations. 86 

 87 

Results 88 

Experimental evolution and phenotypic response 89 

A natural D. simulans population from Póvoa de Varzim, Portugal was selected for ~60 90 

generations in a hot environment that fluctuated daily between 18 and 28°C (Figure 1). Five 91 

independently hot-evolved populations were compared to reconstituted ancestral populations 92 

and five populations that evolved in a cold environment fluctuating between 10 and 20°C. 93 

The cold-evolved control populations allowed us to rule out adaptation to culture conditions 94 

not specific to the hot environment (i.e. laboratory adaptation). To characterize the adaptive 95 

response of the evolved flies to high temperature, we assayed three phenotypes - fecundity, 96 

the whole transcriptome, and resting metabolism - in a common garden experiment at 23°C, 97 

the mean temperature of the experimental hot environment. 98 

Consistent with an adaptive response, the hot-evolved D. simulans populations were fitter 99 

than the ancestral population in the hot environment. In common garden experiments 100 

involving two different hot temperature regimes the hot evolved populations were more 101 

fecund (total number of eggs laid over successive 5 days) than the ancestral population 102 

(p=0.0006 and p<0.0001 at 23°C and 18/28°C cycling respectively, Figure 2 E, F). Similar to 103 

previous observations in D. melanogaster (Tobler, Hermisson, Schlötterer 2015), hot and cold 104 

evolved populations were only significantly different from each other at 23°C (p=0.0018, 105 

Figure 2 E), but not in the fluctuating temperature regime. These fitness differences suggest 106 

that the flies in our experiment adapted to a higher mean temperature as well as rapid 107 

temperature fluctuations (Tobler, Hermisson, Schlötterer 2015) 108 
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We further characterized the molecular phenotype of the hot-evolved and control flies using 109 

RNA-Seq, collecting whole transcriptome data of young adult males (3-5 days old). Out of 110 

more than 9000 genes with reliable gene expression signals, 603 genes were differentially 111 

expressed (FDR<0.05) between hot-evolved and reconstituted ancestral populations. In 112 

contrast, the cold-evolved control populations were very similar to the ancestral ones, with 113 

only 41 genes differing significantly. Because 27 of these genes were also differentially 114 

expressed between ancestral and hot-evolved populations, we attributed them to non-115 

temperature specific adaptation. The lack of statistically significant enrichment of functional 116 

categories among these 27 genes (Table S1) further substantiates that the majority of the 117 

transcriptional response observed in the hot-evolved flies is specific to adaptation to high 118 

temperatures. 119 

 Consistent with hot temperature adaptation affecting multiple genes, we identified a 120 

significant enrichment of several GO categories and KEGG pathways contrasting hot-evolved 121 

with ancestral or with cold-evolved populations. Genes down-regulated in the hot-evolved 122 

populations were enriched for more GO categories than up-regulated ones (Table S2). Up-123 

regulated genes were mainly enriched for defense response (including Toll signaling 124 

pathway). Other categories overrepresented in up-regulated genes were triglyceride 125 

metabolism and cellular lipid metabolic processes, which include several genes involved in 126 

fatty acid synthesis or elongation (see Figure 2 – figure supplement 1). Down-regulated genes 127 

were enriched for a larger number of functions and pathways, most of which are related to 128 

metabolism: both TCA cycle and oxidative phosphorylation pathways were significantly 129 

down-regulated. Some key enzymes of glycolysis were also down-regulated (see Figure 130 

2A,B) along with the sucrose metabolism and carbon metabolism pathways 131 

Resting metabolism measurements  132 
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With the transcriptomic data suggesting major regulatory changes affecting the 133 

metabolism, we reasoned that high-level metabolic phenotypes, such as respiration, should 134 

have changed as well. We quantified the resting metabolism by measuring CO2 emission 135 

overnight from the ancestral and both cold and hot evolved populations. After 127 136 

generations in the hot and 74 generations in the cold environment we measured the CO2 137 

emission of the evolved flies in parallel to a reconstituted ancestral population. In a GLM we 138 

identified the factors “population” (F31,2=5.7 , P=0.008) and “sex” F30,1=13.7 , P=0.0008) to 139 

have a significant effect on CO2 emission (see Fig 2E). “Body size” was not significant 140 

(F30,1=1 , P=0.3), because the difference in weight between sexes was already explained by 141 

the factor “sex” and females produced significantly more CO2 than males. 142 

We found similar results in a second series of measurements between the ancestral and 143 

hot evolved populations after 133 generations. Body weight was again non-significant 144 

(p=0.23), but the difference between hot evolved flies and the reconstituted ancestral 145 

population was only significant if body weight was included as a fixed effect in our model 146 

(see Figure 2 – figure supplement 2), suggesting that in addition to sex, other factors affected 147 

body size between populations. Since body size is an important factor influencing CO2 148 

emission, we including body weight as a random effect in a mixed linear model and found a 149 

significant difference between the two populations (χ2
3,4=0.98, P=0.045). Because this value 150 

is close to the 5% threshold, we additionally tested for significance using bootstrapping by 151 

generating 10,000 random data sets having the same distribution as in our null model (only 152 

containing the random effect) and computed the test statistic for each of these data sets. The 153 

simulated test statistics are higher than the true one only 4.3% of the time, confirming the 154 

significant differences between the hot evolved and reconstituted ancestral populations. 155 

 156 

Genomic signature of adaptation 157 
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While the transcriptomic response is well suited to identify pathways that are altered 158 

in response to temperature adaptation, it is inadequate for pinpointing the causal mutation(s) 159 

driving these changes. To map the targets of selection, we performed Pool-Seq (Schlötterer et 160 

al. 2014) contrasts of the ancestral populations and hot-evolved flies at generation ~60 to 161 

identify genomic regions harboring pronounced allele frequency changes across all five 162 

replicates. More than 2.7 million SNPs were tested for concordant allele frequency changes 163 

across replicates using the Cochran–Mantel–Haenszel (CMH) test. The Manhattan plot of the 164 

CMH –log10(p-values) showed a handful of pronounced peak structures (Figure 3A). Each 165 

peak comprises a set of linked SNPs that are highly differentiated between the hot-evolved 166 

and ancestral populations, a pattern indicating that the associated genomic regions likely carry 167 

selected variants. We estimated the effective populations size (Ne) of 219 individuals (see 168 

Methods) in our populations. The 100 most significant SNPs mapped to 27 genes in D. 169 

simulans (false positive rate<0.04, Table S3). Two of these genes are involved in metabolism 170 

homeostasis and interact with each other: Sestrin and SNF4Aγ and are located on two distinct 171 

peaks on the 2R and 3R chromosome arms (red and blue arrows, Figure 3A). 172 

 173 

Characterization of the Sestrin and SNF4Aγ loci 174 

While the mapping precision of the genomic region containing Sestrin is not very high 175 

(see Supplementary Information), the selection signature for SNF4Aγ is narrow, 176 

encompassing less than 50 kb (Figure 3B). We further refined the selection signature by 177 

looking for correlated allele frequency trajectories across replicates (see Methods) and 178 

identified 27 SNPs that may reside on similar haplotypes in the ancestral population (Figure 179 

3B). These 27 candidate SNPs start from a mean frequency of 44% in the ancestral population 180 

and rise as high as 96% (replicate 3) in ~60 generations (mean increase 42%, Figure 3 – 181 

figure supplement 1). No selection signature was noticed in the SNF4Aγ or Sestrin regions in 182 
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the cold-evolved control populations (data not shown). The posterior distribution of average 183 

selection coefficient for the 27 SNPs of interest in the SNF4Aγ locus results peaks around 184 

0.06 (Figure 3 – figure supplement 2). 185 

Around the Sestrin locus, we found a higher number of SNPs (96) distributed over a 186 

broader genomic region (~60 kb) than for SNF4Aγ (See Figure 3 – figure supplement 3). The 187 

region that responded to selection contained multiple genes, Sestrin being at the left end of 188 

this region. Only the joint analysis of RNA-Seq and genomic data allowed the identification 189 

of the putative target of selection. The alleles of the selected haplotype start from a lower 190 

frequency than in the SNF4Aγ region (mean ~20%, see Figure 3 – figure supplement 4) and 191 

increase by ~40%. With the posterior distribution of the average selection coefficient peaking 192 

at 0.055 (Figure 3 – figure supplement 5), the selection strength of Sestrin was similar to 193 

SNF4Aγ.The broader genomic region around Sestrin can be explained by the lower starting 194 

frequency of the selected haplotype encompassing Sestrin. 195 

 196 

SNF4Aγ variants in the North American and Australian latitudinal clines 197 

Because the SNPs, which responded to the new hot environment were present at intermediate 198 

frequency in the European population, we reasoned that they exhibit clinal variation in natural 199 

populations. We tested the 27 candidate SNPs in the SNF4Aγ region increasing in frequency 200 

in our experiment for clinal variation in natural populations from two different continents 201 

(Machado et al. 2016; Sedghifar, Saelao, Begun 2016). In the US populations described by 202 

Machado et al., we detected 20 out of the 27 candidate SNPs of the SNF4Aγ haplotype, which 203 

increased in frequency in the hot evolved populations. Eleven (55%) of these SNPs were at 204 

lower frequency in Maine than in Florida (see Figure 4 – figure supplement 1) and showed a 205 

clinal pattern among the Florida, Virginia and Maine populations (Figure 4), Samples from 206 

Pennsylvania, however, did not fit this clinal pattern and exhibited higher frequency than 207 
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expected. From August to November, we observed a decrease in frequency of the hot alleles 208 

(i.e. those selected in the hot cages), an indication that our candidate SNPs could also be 209 

seasonal. This clinal frequency change is highly significant (p<0.008) based on Student’s t 210 

test for 10,000 random sets of SNPs generated by jackknifing 20 SNPs out of the 197 SNPs 211 

segregating in the region of interest (3R:4,249,000-4,261,000) (Figure 4 – figure supplement 212 

2). 213 

In the Sedghifar et al. (Sedghifar, Saelao, Begun 2016) data set, we identified 16 and 214 

25 SNPs from our list of 27 SNF4Aγ candidates in the North American and Australian 215 

populations, respectively. In the North American cline, we found a similar pattern as in the 216 

Machado et al. data set (Figure 4): in the Florida population, all the hot alleles were almost 217 

fixed (median allele frequency = 1) while they had lower frequencies in the Rhode Island 218 

population (median allele frequency = 0.94. This difference was significant based on the 219 

resampling test described above (Figure 4 – figure supplement 2). In the Australian cline, the 220 

pattern was inversed as the allele frequencies of our hot alleles were lower in the Queensland 221 

population (lower latitude, median = 0.77) than in the Tasmanian population (higher latitude, 222 

median = 0.87 (see Figure 4). Interestingly, this trend is consistent with the observation of 223 

Sedghifar et al. that clinal SNPs were preferentially going in the opposite direction. 224 

 225 

Discussion 226 

Novel thermal environment induces a rewiring of metabolic regulation 227 

Temperature is a major factor modulating the expression of numerous genes in ectotherms 228 

and is particularly well studied in Drosophila (Zhao et al. 2015; Chen, Nolte, Schlötterer 229 

2015; Porcelli et al. 2016). Our experimental populations, which evolved in a novel hot 230 

thermal environment displayed highly significant differences in gene expression involving 231 
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many genes of well-defined pathways. Of particular interest were genes, which were down-232 

regulated in the hot-evolved populations, because they suggest a global down-regulation of 233 

energy production in hot-evolved flies, affecting glycolysis, TCA cycle and oxidative 234 

phosphorylation pathways. Interestingly, a highly replicated study in E. coli found that RNA 235 

polymerase was the most frequently targeted gene across replicates, resulting in a lower rate 236 

of protein synthesis (Tenaillon et al. 2012), providing further evidence that an important 237 

evolutionary response to hot environments is to reduce the increase in energy production and 238 

protein synthesis, which is increased in hot environments and probably imposes a significant 239 

cost. 240 

Consistent with modified metabolic rewiring of the hot-evolved populations, we found 241 

significant differences in CO2 production relative to the ancestral and cold-evolved control 242 

population (see Figure 2E & Figure 2 – figure supplement 2, see Supplementary Analysis). 243 

Contrary to naïve expectations, CO2 production was higher in the hot-evolved flies. 244 

Nevertheless, resting metabolism and gene expression are measured at two different moments 245 

of the daily cycle of the evolving populations, suggesting that the link between gene 246 

expression and energy production might not be straightforward. Additionally, higher CO2 247 

production in hot-evolved flies is consistent with increasing O2 consumption associated with 248 

decreased AMPK activity (Johnson et al. 2010). Further insights into this counter-intuitive 249 

pattern of CO2 consumption comes from a metabolomic analysis of D. melanogaster under a 250 

wide range of developmental temperatures (Schou et al. 2017). At extreme temperatures the 251 

flies were depleted for sugars and energy metabolites (NAD+, NADP+ and AMP), which is 252 

attributed to their inability to maintain cellular homeostasis. If the hot conditions of our 253 

experiment have the same effect, flies not evolved to this environment may also be depleted 254 

for sugars and energy metabolites. In response, enzymes in the glycolysis, TCA cycle and 255 

oxidative phosphorylation pathways could be up-regulated. Hot evolved flies may have 256 
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acquired the ability to maintain cellular homeostasis at high temperatures, allowing a higher 257 

resting metabolism without up-regulation of the metabolic pathway genes. 258 

Our results contrast a recent study where CO2 production was conserved among D. 259 

melanogaster populations which evolved in different thermal environments (Alton et al. 260 

2017). With several experimental details differing between the studies (isofemale lines vs. 261 

pools of outbred individuals, 20 minutes measurements during the day vs resting metabolism 262 

overnight) the interpretation of this apparent discrepancy is difficult. Nevertheless, it aligns 263 

well with the general controversy about the effect of temperature on the evolution of 264 

metabolism (Messamah et al. 2017). We conclude that the consistent differences in CO2 265 

production between ancestral and evolved populations provide strong evidence of temperature 266 

specific evolution of metabolism regulation but also indicate that the underlying physiological 267 

changes are more complex. 268 

AMPK explains the phenotypic changes observed in hot evolved populations 269 

Based on the genomic analyses alone, it is not possible to rule out other genes in the Sestrin 270 

peak as targets of selection, nor three other small genes that overlap with the selection 271 

signature of SNF4Aγ (Table S3). In combination with the expression data, however, the role 272 

of SNF4Aγ and Sestrin as the primary drivers of the metabolic rewiring becomes evident. 273 

Sestrin modulates the phosphorylation rate of the AMP-activated protein kinase (AMPK) (Ho 274 

et al. 2016), which is composed of SNF4Aγ and two other subunits. AMPK is a key player for 275 

energy homeostasis at Although the causal relationship is still unknown, we consider the 276 

robust differences in CO2 production to be a reliable readout of the metabolic rewiring in the 277 

hot-evolved populations. the cellular and the organismal levels, and both SNF4Aγ and Sestrin 278 

are directly linked to AMPK activity (Hardie 2007; Mihaylova, Shaw 2011; Ho et al. 2016). 279 

Low levels of ATP result in the activation of AMPK, which causes up-regulation of 280 

glycolysis and biogenesis of mitochondria (Reznick, Shulman 2006). Furthermore, 281 
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energetically costly pathways, such as fatty acid production and gluconeogenesis are down-282 

regulated by AMPK (Burkewitz, Zhang, Mair 2014). Inactivation of AMPK causes down-283 

regulation of glycolysis and up-regulation of anabolic pathways such as fatty acid production, 284 

which were both seen in our data. Interestingly, Pfk, the target enzyme for AMPK in 285 

glycolysis, is the first down-regulated enzyme of the glycolysis pathway in our data set 286 

(Figure 2A, blue arrow). In D melanogaster, RNAi mediated down-regulation of SNF4Aγ 287 

increases glucose content of muscles and fat body (Ugrankar et al. 2015) and induces 288 

starvation behavior (Johnson et al. 2010). Some of the genes of the insulin receptor signaling 289 

pathway were also differentially expressed in the hot-evolved populations (Ilp6, InR, see 290 

Figure 2 – figure supplement 1). Moreover, some key enzymes involved in fatty acid 291 

production (ACCoAs, ACC and FASN2, Desat1, CG30008, CG33110, CG18609, see Figure 292 

2 – figure supplement 1) show also some signal of up-regulation, consistent with the direct 293 

inhibition of ACC by AMPK (Hutber, Hardie, Winder 1997). Increased temperatures and heat 294 

stress deplete fat storage in D. melanogaster (Klepsatel et al. 2016) by invoking apoptosis in 295 

the fat body – a process dependent on SNF4Aγ (Lippai et al. 2008) that links the starvation-296 

like expression pattern observed here to temperature adaptation. Sestrin is also connected with 297 

autophagy regulation in Drosophila, through its role in activating AMPK (Budanov, Karin 298 

2008; Lee et al. 2010).  299 

Thus, our results indicate that the activity of the key metabolic regulator AMPK is modulated 300 

through the differential regulation of the subunit SNF4Aγ and interacting gene Sestrin in hot-301 

evolved populations. Given the central role of SNF4Aγ and Sestrin for temperature dependent 302 

metabolic rewiring, we reasoned that both genes should vary along temperature clines in 303 

natural populations. While we did not find evidence for clinality of Sestrin, the patterns for 304 

SNF4Aγ matched our expectations. A whole-genome polymorphism analysis identified 305 

SNF4Aγ as one of the top candidates in clinal North American D. melanogaster populations 306 
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(Fabian et al. 2012). Clinal and seasonal variation of SNF4Aγ in D. melanogaster and D. 307 

simulans further implicate temperature as an adaptive driver (Bergland et al. 2014; Machado 308 

et al. 2016). Reanalyzing clinal population genetic data (Sedghifar, Saelao, Begun 2016), 309 

SNF4Aγ is among the 603 most differentiated genes shared by North American and Australian 310 

D. simulans populations. Gene expression of SNF4Aγ is clinal in European D. subobscura 311 

populations, with southern populations having lower expression levels (Porcelli et al. 2016), 312 

which parallels the response observed in our experimental evolution populations. Because the 313 

selected haplotype may be partially maintained in other populations, we tested the diagnostic 314 

SNPs for clinal variation. Remarkably, populations from the extreme ends of the North 315 

American cline exhibit a clinal signal for the diagnostic SNPs. Nevertheless, the signal was 316 

mixed for less extreme populations.  317 

 318 

Large-effect loci segregating at intermediate allele frequencies drive rapid evolution 319 

The combined analysis of transcriptomic and whole genome resequencing data of a freshly 320 

collected D. simulans population evolving in a new thermal environment identified two 321 

genes, both connected to AMPK, a central metabolic switch. While many possibilities exist 322 

how metabolism could be regulated, the strong selection response in all replicates suggests 323 

that two major effect loci are driving the adaptive metabolic response in our populations. The 324 

observed selection signature clearly indicates that adaptation in our E&R study is dominated 325 

by a small number of loci with strong effect, providing another example for rapid adaptation 326 

driven by a few major effect loci (Daborn et al. 2002; Nachman, Hoekstra, D'Agostino 2003; 327 

Bersaglieri et al. 2004; Pascoal et al. 2014; vant Hof et al. 2016). 328 

The two genes driving the metabolic switch in our experimental populations segregate at 329 

intermediate frequencies in the founder population and show clinal variation. Thus, it is 330 

highly plausible that these genes contribute to similar adaptive processes in natural 331 
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populations, which probably occur over very short time scales. Because temperature varies 332 

seasonally, it is possible that spatial and temporal heterogeneity maintains the selected alleles 333 

at intermediate frequency in D. simulans (Savolainen, Lascoux, Merilä 2013; Bergland et al. 334 

2014).  335 

The fact that few large effect loci resulted in a clear selection signature in our experiment 336 

does, however, not preclude that several minor effect loci also influence the metabolic 337 

rewiring in hot environments. Previously, it had been shown that major effect alleles 338 

contributing to quantitative traits, show the fastest selection response, but with an increasing 339 

number of generations these loci are out-competed because small effect alleles gradually 340 

increase in frequency (Yeaman 2015). The reason for the loss of the large effect alleles is that 341 

it is easier to obtain genotypes close to the fitness optimum with small effect alleles, while 342 

large effect alleles could cause overshooting, resulting in more extreme phenotypes than 343 

favored by selection. Hence, the analysis of these experimental populations after a longer 344 

time-interval could be very informative to understand the dynamics of adaptive alleles in 345 

natural populations. 346 

With the favored allele being fixed or close to fixation in southern populations in the US, it 347 

would be interesting to study the adaptive response in these populations. Because AMPK will 348 

probably not further contribute to adaptation, such an experiment could reveal other adaptive 349 

signals that were not detected in this study. Would such populations be segregating for other 350 

major alleles or would a polygenic response detected? We propose that E&R studies using 351 

different founder populations are a very powerful approach to answer questions about the 352 

genetic architecture of rapid adaptation, which are difficult to infer from natural populations.  353 

Materials and Methods 354 
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Drosophila simulans population sample  355 

In summer 2008, we established 250 isofemale lines from a Drosophila simulans collection in 356 

Northern Portugal (Póvoa de Varzim). After about 10 generations in the laboratory, we 357 

generated 10 independent replicate ancestral. For each replicate we used five mated females 358 

from each of the 250 isofemale lines (1250 females in total). These females were distributed 359 

across five bottles containing 70 ml standard Drosophila medium.  360 

 361 

Culture conditions during experimental evolution 362 

The flies were propagated in two fluctuating temperature regimes: five replicates evolved in a 363 

hot treatment with 12 h at 18°C (dark) and 12 h at 28°C (light), the other five replicates in a 364 

cold treatment with 12 h at 10°C (dark) and 12 h at 20°C (light). The populations evolving in 365 

the two temperature treatments were processed in the same way, except that the time after 366 

which flies were transferred to a new bottle was adjusted to account for the slower 367 

development at lower temperatures. Approximately three days after eclosion of a new 368 

generation (four to five days in the cold treatment), all flies from the five bottles were 369 

combined. After careful mixing the adults within each replicate, five samples of 200 370 

individuals each were transferred to fresh bottles. After 48h (72h) of egg-laying in the hot 371 

(cold) environment, adults were transferred again to fresh bottles for another 48h (72h), after 372 

which flies were either frozen or used for DNA extraction. To prevent selection for early 373 

fecundity, flies eclosing from the first transfer were only used if the second transfer did not 374 

yield enough flies to maintain a population size of 1000 individuals per replicate (5 bottles 375 

with 200 flies). 376 

 377 

Common garden experiments 378 
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Prior to phenotypic assays and RNA-Seq, all five replicate populations of the hot and the cold 379 

evolved treatment as well as from a reconstituted ancestral population (Nouhaud et al. 2016) 380 

were maintained in a constant 23°C common garden environment for two generations to 381 

control for maternal effects.  382 

At generation 64 in the hot and generation 39 in the cold environment the common garden 383 

experiments were set up from additional egg lays. These eggs were transferred to a constant 384 

temperature (23°C, 12:12h light/dark cycles). In parallel, an ancestral population was 385 

reconstituted from the isofemale lines as described in Tobler et al. 2015 (Tobler, Hermisson, 386 

Schlötterer 2015), a procedure, which faithfully mirrors the allele frequencies in the founder 387 

populations (Nouhaud et al. 2016). During the common garden experiment and phenotyping, 388 

this ancestral population was maintained in parallel to the evolved ones. After one generation 389 

of acclimatization, groups of 300 eggs were transferred to fresh bottles (i.e.: density control). 390 

Shortly after eclosion, adults were collected and sexed under CO2 anesthesia. Males were 391 

separated from females and recovered 24-36h from CO2 treatment before being frozen in 392 

liquid nitrogen at 2pm (approx. 6h after the light cycle started in the incubators). 393 

 394 

 395 

Gene expression analysis 396 

For all 15 populations (five replicates in the hot, cold and ancestral population) we generated 397 

two RNA-Seq libraries, each from different sets males. Total RNA was extracted from 25-30 398 

males using the Qiagen RNeasy Universal Plus Mini protocol (Qiagen, Hilden, Germany) 399 

with DNase I treatment according to the manufacturer’s instructions. The RNA was quality-400 

controlled on agarose gels and quantified using the Qubit RNA HS or BR Assay kit 401 

(Invitrogen, Carlsbad, CA). We generated strand-specific barcoded mRNA libraries using the 402 
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NEBNext® Ultra Directional RNA Library Prep Kit for Illumina with a protocol modified to 403 

allow for a larger insert size than the default 200bp.  404 

PolyA-mRNA was purified from 3µg total RNA and fragmented for 8 min. The 42°C 405 

incubation step in the first-strand synthesis and the 16°C step in the second-strand synthesis 406 

were extended to 30 and 90 min., respectively. Size selection for a target insert size of 330bp 407 

was performed using AMPure XP beads (Beckman Coulter, Carlsbad, CA). PCR enrichment 408 

was done using NEBNext Multiplex oligos following the recommended protocol with 12 409 

PCR cycles and a 50 sec. extension step. The final libraries were bead-purified, quantified 410 

with the Qubit DNA HS Assay kit (Invitrogen, Carlsbad, CA) and pooled in equimolar 411 

amounts. Samples from ancestral, cold and hot evolved replicates were combined in the same 412 

pool, i.e. sequenced in the same lane, to reduce batch effects. Libraries were sequenced using 413 

a single-read 50bp protocol on a HiSeq2500. Two of these libraries had a too low coverage to 414 

be analyzed (Table S4) and we finally obtained data from 28 libraries (nine ancestral, nine 415 

cold and ten hot evolved). 416 

 417 

 418 

RNA-Seq data processing and quality control 419 

Raw reads were trimmed using PoPoolation (Kofler et al. 2011), quality threshold 20, 420 

minimum length 40) and aligned to the Drosophila simulans reference genome using GSNAP 421 

(Wu, Nacu 2010) using an hadoop cluster (Pandey, Schlötterer 2013). Throughout this study, 422 

we used the genome and annotation of Palmieri et al. 2015 (Palmieri et al. 2014) as default 423 

reference. All statistical analyses were performed using R (R Core Team 2016). 424 

We performed several analyses to test the quality of each library. First we determined 425 

coverage heterogeneity, i.e.: a 3´ bias, using the geneBody_coverage tool implemented in the 426 

RSeQC package (Wang, Wang, Li 2012). Since the 3’ bias is most pronounced for long 427 
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genes, we performed this analysis using the 20% longest genes of the D. simulans 428 

transcriptome (the bed file is available on demand). Strongly biased libraries were removed 429 

from all subsequent analyses (see Figure 1 – figure supplement 1 for an explanation of the 430 

cutoff used). 431 

Based on 12 chorion and yolk protein genes we tested for female gene expression in male 432 

samples to identify female contamination due to sexing mistakes (Table S5). We excluded 433 

four outlier libraries that showed total log2 normalized expression of these genes higher than 434 

eight (see Figure 1 – figure supplement 2). After removing female contaminated libraries and 435 

libraries with 3´bias, a total of 20 libraries (five ancestral, seven cold and eight hot evolved 436 

libraries) remained for analysis. Spearman correlation coefficients between all libraries 437 

showed a correlation of at least 0.948 between libraries. Despite some heterogeneity among 438 

libraries, a multi-dimensional scaling plot did not show outliers. Therefore, we retained all 20 439 

remaining samples for differential gene expression analysis. 440 

Read counts were determined with Rsubread (Liao, Smyth, Shi 2013) and differentially 441 

expressed genes were identified with the EdgeR (Robinson, McCarthy, Smyth 2010; Schurch 442 

et al. 2016). We normalized gene expression levels with the TMM method, restricting our 443 

analysis to the 70% most highly expressed genes (minimum count per million (CPM): 6.23, 444 

9238 genes). We used negative binomial GLMs to estimate the effect of selection regime on 445 

gene expression. We then computed ad hoc contrasts to find differentially expressed genes 446 

between groups of interest. The Benjamini-Hochberg procedure was applied to control for 447 

false discovery rate (FDR < 0.05).  448 

Using these differentially expressed genes, we performed KEGG pathway enrichments with 449 

the R package “gage” (Luo et al. 2009) using the logFC computed by EdgeR. GO enrichment 450 

analyses were performed with Gorilla (Eden et al. 2009), where all genes retained after 451 

filtering were used as the background data set. We only considered genes differentially 452 
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expressed in the comparison of the hot samples against the ancestral as well as against the 453 

cold populations. Furthermore, in the comparison ancestral against the cold population the 454 

|logFC| was smaller than 0.2. (reported in Table S2)  455 

 456 

Pool-Seq analysis 457 

Genomic DNA for pooled sequencing of the ancestral and the hot evolved flies from 458 

generation F59 was extracted from females only. For each evolved population DNA was 459 

extracted from about 500 females. Since only two replicates of the founder females were 460 

frozen (1250 females each), we added one replicate from generation F2 as a substitute. 461 

Genomic DNA was extracted using either the DNeasy Blood and Tissue Kit (Qiagen, Hilden, 462 

Germany) (for the two ancestral replicates) or a high salt extraction protocol (Miller, Dykes, 463 

Polesky 1988) including RNase A treatment for the evolved populations. Paired-end libraries 464 

were prepared with different protocols and sequenced on different Illumina platforms (see 465 

Table S6 for details). When the coverage of the first runs was not sufficient, we re-sequenced 466 

the populations at a later stage with a HiSeq2500 in 2x120bp runs which required a modified 467 

adapter configuration (see Table S6). The reads of the ancestral and the generation F2 468 

replicates were combined and then randomly split into five artificial data sets to serve as 469 

replicated ancestral populations that match the number of replicates in the hot evolved 470 

populations. SNPs were called with PoPoolation2 keeping only sites with at least one read 471 

with the minor allele per sample and coverage between 5 and 500. We masked sites flanking 472 

indels (± 5bp) and repeats using PoPoolation2 (Kofler, Pandey, Schlötterer 2011) and 473 

RepeatMasker (www.repeatmasker.org, file available on demand). While library preparation 474 

protocols do not affect allele frequency estimates based on Pool-Seq (Kofler, Nolte, 475 

Schlötterer 2016), insert size does (Kofler et al. 2016). Therefore, we mapped the trimmed 476 

reads (quality ≥ 20 and length ≥ 50 bp) to the reference genome (Palmieri et al. 2014) using 477 
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three different mappers (bowtie2 (Langmead, Salzberg 2012), bwa-mem (Li, Durbin 2009) 478 

and NOVOALIGN (Novocraft 2010). Using only the SNPs called with all three mappers and 479 

restricting the analysis of each SNP to the mapper resulting in the least significant comparison 480 

(CMH test), prevents false positives (Kofler et al. 2016). We filtered for proper pairs and 481 

mapping quality ≥ 20 and finally retained 2,741,793 SNPs. We used Wright-Fischer 482 

simulations to estimate allele frequency changes expected in the absence of selection. Five 483 

independent simulation runs were performed, matching the initial frequency distribution of 484 

our ancestral populations and the number of SNPs tested in the original data set. We then 485 

added sampling noise to mimic the Pool-seq process (binomial sampling) and conducted 486 

CMH tests on these simulated data, similarly as for the empirical dataset. This way, we 487 

obtained a null distribution of CMH-based p-values under a null hypothesis. Given a certain 488 

p-value threshold, the false positive rate was computed as the fraction of simulated (neutral) 489 

and empirical loci. All simulations, adding sampling noise and performing CMH-tests were 490 

done with the poolSeq R-package (Taus et al. in prep). 491 

27 genes contained at least one candidate SNP (Table S3). Since SNF4Aγ was a good 492 

candidate to explain the observed phenotypic changes, we focused the subsequent analysis on 493 

a 200kb region on chromosome 3R (4,150,000:4,350,000, see Figure 2B). Reasoning that 494 

candidate SNPs may be located on one or a few haplotypes only, we used a haplotype 495 

reconstruction method that relies on the identification of SNP markers showing a correlated 496 

response across replicates and time points (Franssen, Barton, Schlötterer 2016). Allele 497 

frequencies for this analysis were based on NOVOALIGN. Using the software package 498 

haploReconstruct (Franssen, Barton, Schlötterer 2016) we identified SNPs with a correlation 499 

of least 0.95. We found 27 diagnostic SNPs (minimum coverage 20, minimum allele 500 

frequency change 0.2 in all 5 replicates). 501 
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We estimated the effective population size (Ne) using the method of Jonas et al. (Jónás et al. 502 

2016), which accounts for the sampling procedure of Pool-Seq (plan I) based on all 503 

polymorphic sites of the chromosomes 2 and 3. We used WFABC (Foll, Shim, Jensen 2015) 504 

to infer the selection coefficient (s) based on the Ne estimate of 219 and mean allele frequency 505 

of the 27 SNPs across all three replicates at the start of the experiment and at generation 59. 506 

Since WFABC cannot deal with replicates, we calculated a consensus allele frequency 507 

trajectory for each of our 27 SNPs across all 5 replicates. We averaged the posterior 508 

distribution of each SNP to obtain a consensus distribution (Figure 3 – figure supplement 2).  509 

The same procedure was then repeated for the Sestrin locus (2R-17520000:17600000, see 510 

Figure 3 – figure supplement 3). Using the haplotype reconstruction method, we found 96 511 

diagnostic SNPs (minimum coverage 20, minimum allele frequency change 0.2 in all 5 512 

replicates) showing correlated allele frequency changes (Figure 3 – figure supplement 4). We 513 

estimated the selection coefficient (s) based on these 96 SNPs (Figure 3 – figure supplement 514 

5) using the same Ne estimate (219). 515 

 516 

Resting metabolism 517 

Resting metabolism was determined by repeatedly measuring overnight CO2 emission using a 518 

stop-flow respirometry system (Sable Systems International). All replicates of evolved and 519 

ancestral populations were reared for two generations at 23°C, controlling egg density (400 520 

eggs per bottle). Flies were collected shortly after eclosion and after 24h males and females 521 

were separated and placed at low density in vials (25 flies/cm3) under CO2 anesthesia. After 522 

48h recovery, the CO2 emission of 3-5 days old males and females was measured. Each assay 523 

was conducted at 23°C in the dark, overnight (at least 12h). The flies from different replicates 524 

were randomly assigned to one out of 8 chambers together with a small piece of fly food (2 525 

cm3) to avoid starvation response and desiccation. During the assays, a multiplexer (RM8 526 
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Intelligent Multiplexer) is sequentially flushing the metabolic chambers. Each flushing cycle 527 

lasts 5 minutes at a constant flow rate of 50µl/min. We obtained repeated measurements in 40 528 

minutes intervals for each of the eight channels. After removal of water by passing through a 529 

Magnesium perchlorate column, we measured CO2 with CA-10A Carbon dioxide Analyzer. 530 

For each flushing cycle we determined the total CO2 emission using the ExpeData software 531 

(Sable Systems International) with an in house script (available on demand). At the end of 532 

each assay the flies were dried and weighted.  533 

We conducted the assay after generation 127 contrasting all three populations (2 ancestral 534 

populations, 4 cold and 4 hot evolved populations, 5 successive runs), and a second time after 535 

133 generations (5 hot replicates and 4 ancestral replicates, 4 runs). We estimated the resting 536 

metabolism for each chamber as the average of the three lowest observations overnight 537 

(Jensen et al. 2014). During the first set of measurements (generation 127), one chamber was 538 

left empty as a negative control. Because the CO2 levels in the empty chamber were always 539 

very low compared to the CO2 levels of chambers containing flies, we used all 8 chambers 540 

with flies for the second set of measurements (generation 133). We analyzed the data with 541 

linear models including mean dried weight and population identity (ancestral, cold or hot 542 

evolved) as fixed effects. Significance of the differences between populations was tested 543 

using ANOVA F-tests. Assumptions of the models (normality of the residuals and 544 

homogeneity of the variance) were validated by visual inspection of the residuals.  545 

 546 

Fecundity assays 547 

We conducted fecundity assays of the cold (F78) and hot (F133) evolved populations in 548 

parallel with a reconstituted ancestral population using the same common garden design as 549 

described above. The only modifications were that we performed two generations of density 550 

control rather than a single one and that the ancestral population was reconstituted from ~90-551 
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100 lines only. In parallel, we set up another common garden experiment that differed only in 552 

the temperature regime, which was not constant but cycled between 28/18°C light/dark 553 

conditions.  554 

Flies were collected shortly after eclosion and allowed to mate within a 24h period. 555 

Approximately 60 flies were placed under CO2 anesthesia in separate bottles to estimate egg 556 

laying rates. We created two bottles for each replicate (30 bottles in total). Every day, all flies 557 

were transferred without CO2 anesthesia to fresh food and the eggs laid were counted. We did 558 

not count the eggs laid during the first 24 hours after anesthesia and recorded the next 5 559 

consecutive days. After six days the flies were then sexed and counted. We determined the 560 

mean number of eggs per female in a 24h interval for each replicated population and tested 561 

for differences between populations using linear models in R. Significance of the fixed effects 562 

was tested using ANOVA F-tests and differences between populations using Tukey tests 563 

(using the multcomp library and appropriate contrasts). At 23°C, we excluded the results of 564 

two hot evolved replicates (the 3rd and 4th) due to problems with the density control and the 565 

data from only three replicates were used. 566 

 567 

Reanalysis of latitudinal North American and Australian D. simulans populations 568 

We analyzed two published data sets of D. simulans populations along a cline (Machado et al. 569 

2016; Sedghifar, Saelao, Begun 2016). First, we used FST to determine whether the SNF4Aγ 570 

and Sestrin regions were differentiated along the clines. Since FST values do not indicate the 571 

direction of allele frequency differences, we performed a second analysis testing specifically 572 

whether the difference in allele frequencies between Northern and Southern populations along 573 

a cline differs in the direction expected based on our experiment. Below, we describe the 574 

analysis for each of the two data sets separately. 575 

.CC-BY-NC-ND 4.0 International licenseavailable under a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (which wasthis version posted August 11, 2017. ; https://doi.org/10.1101/174011doi: bioRxiv preprint 

https://doi.org/10.1101/174011
http://creativecommons.org/licenses/by-nc-nd/4.0/


 25 

We downloaded, trimmed and mapped the raw data from Machado et al. (Machado et al. 576 

2016) using the same pipeline as described above but using only a single mapper 577 

(NOVOALIGN). All alignment files were converted into an mpileup file using samtools. We 578 

restricted our SNP based analysis to the individual sequences that were collected from four 579 

populations from Florida, Virginia, Pennsylvania and Maine (thus excluding the pools). The 580 

Pennsylvania population was sampled three times the same year in August, September and 581 

November 2011. We called the 27 SNPs of SNF4Aγ occurring on a haplotype block in the 582 

Portugal population in each population. At all 21 positions, we classified each sample in four 583 

categories: homozygous for either allele, heterozygous or unknown. As the coverage for each 584 

sample was relatively low (1.8-fold), all reads were used to determine the genotype of each 585 

individual. Based on this classification, we computed the frequency of all the rising SNF4Aγ 586 

variants along the cline for each position. Only SNPs were used for which we genotyped in at 587 

least half of the samples in each population, which reduced the number of SNPs to 20. 588 

We downloaded, trimmed and mapped the raw data from Sedghifar et al. (Sedghifar, Saelao, 589 

Begun 2016) using the same pipeline as described above but using only a single mapper 590 

(NOVOALIGN). All alignment files were converted into an mpileup file using samtools and 591 

we computed FST between populations at each polymorphic position using PoPoolation2 592 

(Kofler, Pandey, Schlötterer 2011). We filtered for TE insertions, sites flanking indels (± 5bp) 593 

and only retained SNPs with a minimum coverage 10. The FST values were computed for all 594 

positions individually while accounting for different numbers of chromosomes in each pool 595 

(6,795,806 and 7,990,580 SNPs in the US and Australian clines respectively). Focusing on 596 

the SNPs with the strongest differentiation, we retained only the top 0.1% SNPs with the 597 

highest FST values, resulting in FST thresholds of 0.53 and 0.52 in the Australian and 598 

American populations, respectively. These SNPs mapped to 2053 and 1506 genes, out of 599 

which only 603 genes were shared. Additionally, we compared the allele frequencies of our 600 
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SNPs of interest in the SNF4Aγ region across the two clines (Sestrin was not among the 603 601 

shared genes). We called the SNPs on each cline separately and only retained SNPs with a 602 

minimum coverage of 20 in each of the sampled sites. 603 

 604 
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 614 

Figure 1. Experimental design. 250 isofemale lines from a natural Drosophila simulans population 615 

constituted the ancestral populations. The populations were kept at a constant populations size (1000 616 

flies) with non-overlapping generations either in a hot environment (red) fluctuating between 28 and 617 

18°C on a 12/12h cycle or a cold environment (blue), fluctuating between 20 and 10°C (five replicated 618 

population in each environment). We performed multiple phenotypic measurements on the evolved 619 

and reconstituted ancestral populations (green) in common garden experiments. We profiled the 620 

transcriptome of hot (F64) and cold (F39) evolved and reconstituted ancestral populations. Resting 621 

metabolism (i.e.: CO2 emission) and fecundity were measured later in the experiment (cold-evolved 622 

F74-F77; hot-evolved F127-F133). In addition we sequenced the entire genome of the ancestral and 623 

hot-evolved populations (F59).  624 

Figure supplement 1.Relative read coverage across genes used to control RNA-Seq libraries 625 

quality. 626 

Figure supplement 2. Mean normalized expression of chorion genes across RNA-Seq libraries 627 

used to investigate female contaminated samples. 628 

  629 
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 630 

631 
Figure 2. Phenotypic response of hot-evolved flies. (A) Evolution of gene expression in the 632 

glycolysis pathway. Enzymes significantly up (green) and down (red) regulated in the hot-evolved 633 

populations relative to the ancestral population are shown in color. (B) Gene expression changes (log2 634 

fold change) in the hot-evolved populations relative to the ancestral (green) or cold-evolved (blue) 635 

populations. (** FDR<0.05, * FDR<0.1). (C) Hot-evolved populations (red) differ in gene expression 636 

from the ancestral (green) and cold-evolved (blue) populations for genes of the oxidative 637 

phosphorylation pathway and TCA cycle. (D) For both sexes, the resting metabolism of hot-evolved 638 

flies differs significantly from ancestral and cold-evolved populations. Both ancestral and cold-639 

evolved populations are significantly different from the hot-evolved populations when considering 640 

both sexes in a single model (p=0.032 and p=0.003 respectively). Bars show mean ± 95% confidence 641 

intervals as estimated by our linear model (Material and Methods) (E, F) Higher fitness of hot-evolved 642 

flies: hot-evolved flies have a higher fecundity than the ancestral (p=0.0006) or cold-evolved 643 

populations (p=0.0018) at 23°C but differ only from the ancestral populations at 28/18°C (p<0.0001), 644 

which is consistent with previous results in D. melanogaster13 (see Supplementary Information for a 645 

detailed discussion). 646 

Figure supplement 1. Expression changes of fat metabolism and insulin signaling pathway 647 
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Figure supplement 2. Additional resting metabolism measurements 649 

 650 

  651 
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 652 

Figure 3. Genomic signature of adaptation to a hot laboratory environment. (A) Manhattan plot 653 

displaying the Cochran–Mantel–Haenszel p-values of 2,741,793 SNPs (Methods). The red line 654 

indicates the p-value cutoff for the most significant 100 SNPs (in green). The red and blue arrows 655 

indicate the SNF4Aγ and Sestrin peaks. (B) A close up of Manhattan plot around the SNF4Aγ region. 656 

On top of the Manhattan plot the gene structure of SNF4Aγ is shown together with three small genes 657 

(Snmp1, CG5810 and cDIP, see Table S3) located in one large intron of SNF4Aγ. Exons are indicated 658 

by colored boxes and introns by thin lines. White boxes indicate UTRs. 659 

Figure 3 – figure supplement 1. Allele frequency changes of the selected SNPs in the SNF4Aγ region. 660 

Figure 3 – figure supplement 2. Posterior distribution of the selection coefficient estimation in SNF4Aγ 661 

region. 662 

Figure 3 – figure supplement 3. A close up of the Manhattan plot around the Sestrin region. 663 

 664 

Figure 3 – figure supplement 4. Allele frequency changes of the selected SNPs in the Sestrin region. 665 
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Figure 3 – figure supplement 5. Posterior distribution of the selection coefficient estimation in Sestrin 666 

region. 667 
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 669 
 670 
Figure 4. SNPs characterizing the selected haplotype at the SNF4Aγ locus in the experimental 671 

evolution study show clinal variation in natural populations. Allele frequencies of the alleles 672 

favored in the hot environment in: A. Machado et al. data set for Florida (red) and Maine (blue). 20 673 

out of the 27 SNPs had sufficient coverage. B & C. Sedghifar et al. data set for B. North American 674 

cline (16 SNPs) and C. Australian cline (20 SNPs). 675 

 676 

Figure 4 – figure supplement 1 SNP based allele frequency differences along the North American  677 

(Machado et al. data set).  678 

Figure 4 – figure supplement 2 Distribution of t.statistics obtained from random sampling of SNPs in 679 

the region of interest for each of the clinal data sets. 680 

 681 

  682 

Florida Maine

0.5

0.6

0.7

0.8

0.9

A
lle

le
 F

re
qu

en
cy

Florida Rhode Island

0.85

0.90

0.95

1.00

Queensland Tasmania

0.2

0.4

0.6

0.8

1.0

.CC-BY-NC-ND 4.0 International licenseavailable under a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (which wasthis version posted August 11, 2017. ; https://doi.org/10.1101/174011doi: bioRxiv preprint 

https://doi.org/10.1101/174011
http://creativecommons.org/licenses/by-nc-nd/4.0/


 33 

REFERENCES 683 
  684 
Alton, L.A., Condon C., White C.R. & Angilletta M.J. (2017) Colder environments did not 685 

select for a faster metabolism during experimental evolution of Drosophila 686 
melanogaster Evolution; international journal of organic evolution, 71, 145-152. 687 

 688 
Barton, N.H. & Keightley P.D. (2002) Understanding quantitative genetic variation Nature 689 

Reviews Genetics, 3, 11-21. 690 
 691 
Bergland, A.O., Behrman E.L., O'Brien K.R., Schmidt P.S. & Petrov D.A. (2014) Genomic 692 

evidence of rapid and stable adaptive oscillations over seasonal time scales in 693 
Drosophila. PLoS genetics, 10,e1004775 694 

 695 
Bergland, A.O., Tobler R., González J., Schmidt P. & Petrov D. (2016) Secondary contact 696 

and local adaptation contribute to genome-wide patterns of clinal variation in 697 
Drosophila melanogaster. Molecular ecology, 25, 1157-1174. 698 

 699 
Bersaglieri, T., Sabeti P.C., Patterson N., Vanderploeg T., Schaffner S.F., Drake J.A., 700 

Rhodes M., Reich D.E. & Hirschhorn J.N. (2004) Genetic signatures of strong recent 701 
positive selection at the lactase gene The American Journal of Human Genetics, 74, 702 
1111-1120. 703 

 704 
Budanov, A.V. & Karin M. (2008) p53 target genes sestrin1 and sestrin2 connect genotoxic 705 

stress and mTOR signaling. Cell, 134, 451-460. 706 
 707 
Burkewitz, K., Zhang Y. & Mair W.B. (2014) AMPK at the nexus of energetics and aging. Cell 708 

metabolism, 20, 10-25. 709 
 710 
Chen, J., Nolte V. & Schlötterer C. (2015) Temperature-Related Reaction Norms of Gene 711 

Expression: Regulatory Architecture and Functional Implications. Molecular biology 712 
and evolution, 32, 2393-2402. 713 

 714 
Daborn, P.J., Yen J.L., Bogwitz M.R., Le Goff G., Feil E., Jeffers S., Tijet N., Perry T., Heckel 715 

D. & Batterham P. (2002) A single P450 allele associated with insecticide resistance 716 
in Drosophila Science, 297, 2253-2256. 717 

 718 
Eden, E., Navon R., Steinfeld I., Lipson D. & Yakhini Z. (2009) GOrilla: a tool for discovery 719 

and visualization of enriched GO terms in ranked gene lists BMC bioinformatics, 10,1 720 
 721 
Fabian, D.K., Kapun M., Nolte V., Kofler R., Schmidt P.S., Schlötterer C. & Flatt T. (2012) 722 

Genome-wide patterns of latitudinal differentiation among populations of Drosophila 723 
melanogaster from North America. Molecular ecology, 21, 4748-4769. 724 

 725 
Foll, M., Shim H. & Jensen J.D. (2015) WFABC: a Wright-Fisher ABC-based approach for 726 

inferring effective population sizes and selection coefficients from time-sampled 727 
data. Molecular ecology resources, 15, 87-98. 728 

 729 
Franks, S.J. & Hoffmann A.A. (2012) Genetics of climate change adaptation Genetics, 46. 730 
 731 
Franssen, S.U., Barton N.H. & Schlötterer C. (2016) Reconstruction of haplotype-blocks 732 

selected during experimental evolution. Molecular biology and evolution, 733 

.CC-BY-NC-ND 4.0 International licenseavailable under a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (which wasthis version posted August 11, 2017. ; https://doi.org/10.1101/174011doi: bioRxiv preprint 

https://doi.org/10.1101/174011
http://creativecommons.org/licenses/by-nc-nd/4.0/


 34 

 734 
Hardie, D.G. (2007) AMP-activated/SNF1 protein kinases: conserved guardians of cellular 735 

energy Nature reviews Molecular cell biology, 8, 774-785. 736 
 737 
Ho, A., Cho C.S., Namkoong S., Cho U.S. & Lee J.H. (2016) Biochemical Basis of Sestrin 738 

Physiological Activities. Trends in biochemical sciences, 41, 621-632. 739 
 740 
Hutber, C.A., Hardie D.G. & Winder W.W. (1997) Electrical stimulation inactivates muscle 741 

acetyl-CoA carboxylase and increases AMP-activated protein kinase American 742 
Journal of Physiology-Endocrinology And Metabolism, 272, E262-E266. 743 

 744 
Jensen, P., Overgaard J., Loeschcke V., Schou M.F., Malte H. & Kristensen T.N. (2014) 745 

Inbreeding effects on standard metabolic rate investigated at cold, benign and hot 746 
temperatures in Drosophila melanogaster. Journal of insect physiology, 62, 11-20. 747 

 748 
Johnson, E.C., Kazgan N., Bretz C.A., Forsberg L.J., Hector C.E., Worthen R.J., Onyenwoke 749 

R. & Brenman J.E. (2010) Altered metabolism and persistent starvation behaviors 750 
caused by reduced AMPK function in Drosophila. PloS one, 5, 751 

 752 
Jónás, Á., Taus T., Kosiol C., Schlötterer C. & Futschik A. (2016) Estimating the Effective 753 

Population Size from Temporal Allele Frequency Changes in Experimental Evolution. 754 
Genetics, 204, 723-735. 755 

 756 
Klepsatel, P., Gáliková M., Xu Y. & Kühnlein R.P. (2016) Thermal stress depletes energy 757 

reserves in Drosophila Scientific Reports, 6 758 
 759 
Kofler, R., Langmüller A.M., Nouhaud P., Otte K.A. & Schlötterer C. (2016) Suitability of 760 

Different Mapping Algorithms for Genome-wide Polymorphism Scans with Pool-Seq 761 
Data. G3 (Bethesda, Md.), 762 

 763 
Kofler, R., Nolte V. & Schlötterer C. (2016) The impact of library preparation protocols on the 764 

consistency of allele frequency estimates in Pool-Seq data Molecular ecology 765 
resources, 16, 118-122. 766 

 767 
Kofler, R., Orozco-terWengel P., De Maio N., Pandey R.V., Nolte V., Futschik A., Kosiol C. & 768 

Schlötterer C. (2011) PoPoolation: a toolbox for population genetic analysis of next 769 
generation sequencing data from pooled individuals PloS one, 6,e15925 770 

 771 
Kofler, R., Pandey R.V. & Schlötterer C. (2011) PoPoolation2: identifying differentiation 772 

between populations using sequencing of pooled DNA samples (Pool-Seq) 773 
Bioinformatics (Oxford, England), 27, 3435-3436. 774 

 775 
Langmead, B. & Salzberg S.L. (2012) Fast gapped-read alignment with Bowtie 2 Nature 776 

methods, 9, 357-359. 777 
 778 
Le Corre, V. & Kremer A. (2003) Genetic variability at neutral markers, quantitative trait loci 779 

and trait in a subdivided population under selection Genetics, 164, 1205-1219. 780 
 781 
Lee, J.H., Budanov A.V., Park E.J., Birse R., Kim T.E., Perkins G.A., Ocorr K., Ellisman M.H., 782 

Bodmer R. & Bier E. (2010) Sestrin as a feedback inhibitor of TOR that prevents age-783 
related pathologies Science, 327, 1223-1228. 784 

 785 

.CC-BY-NC-ND 4.0 International licenseavailable under a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (which wasthis version posted August 11, 2017. ; https://doi.org/10.1101/174011doi: bioRxiv preprint 

https://doi.org/10.1101/174011
http://creativecommons.org/licenses/by-nc-nd/4.0/


 35 

Lescak, E.A., Bassham S.L., Catchen J., Gelmond O., Sherbick M.L., von Hippel F.A. & 786 
Cresko W.A. (2015) Evolution of stickleback in 50 years on earthquake-uplifted 787 
islands Proceedings of the National Academy of Sciences, 112, E7204-E7212. 788 

 789 
Li, H. & Durbin R. (2009) Fast and accurate short read alignment with Burrows--Wheeler 790 

transform Bioinformatics (Oxford, England), 25, 1754-1760. 791 
 792 
Liao, Y., Smyth G.K. & Shi W. (2013) The Subread aligner: fast, accurate and scalable read 793 

mapping by seed-and-vote Nucleic acids research, 41, e108-e108. 794 
 795 
Lippai, M., Csikós G., Maróy P., Lukácsovich T., Juhász G. & Sass M. (2008) SNF4Aγ, the 796 

Drosophila AMPK γ subunit is required for regulation of developmental and stress-797 
induced autophagy Autophagy, 4, 476-486. 798 

 799 
Luo, W., Friedman M.S., Shedden K., Hankenson K.D. & Woolf P.J. (2009) GAGE: generally 800 

applicable gene set enrichment for pathway analysis BMC bioinformatics, 10,1 801 
 802 
Machado, H.E., Bergland A.O., O'Brien K.R., Behrman E.L., Schmidt P.S. & Petrov D.A. 803 

(2016) Comparative population genomics of latitudinal variation in Drosophila 804 
simulans and Drosophila melanogaster. Molecular ecology, 25, 723-740. 805 

 806 
Mackay, T.F., Stone E.A. & Ayroles J.F. (2009) The genetics of quantitative traits: challenges 807 

and prospects. Nature reviews. Genetics, 10, 565-577. 808 
 809 
Merilä, J. & Hoffmann A.A. (2016) Evolutionary impacts of climate change Oxford Research 810 

Encyclopedia of Environmental Science, 811 
 812 
Messamah, B., Kellermann V., Malte H., Loeschcke V. & Overgaard J. (2017) Metabolic cold 813 

adaptation contributes little to the interspecific variation in metabolic rates of 65 814 
species of Drosophilidae Journal of insect physiology, 98, 309-316. 815 

 816 
Messer, P.W., Ellner S.P. & Hairston N.G. (2016) Can Population Genetics Adapt to Rapid 817 

Evolution? Trends in genetics : TIG, 32, 408-418. 818 
 819 
Mihaylova, M.M. & Shaw R.J. (2011) The AMPK signalling pathway coordinates cell growth, 820 

autophagy and metabolism Nature cell biology, 13, 1016-1023. 821 
 822 
Miller, S.A., Dykes D.D. & Polesky H. (1988) A simple salting out procedure for extracting 823 

DNA from human nucleated cells. Nucleic acids research, 16,1215 824 
 825 
Nachman, M.W., Hoekstra H.E. & D'Agostino S.L. (2003) The genetic basis of adaptive 826 

melanism in pocket mice Proceedings of the National Academy of Sciences, 100, 827 
5268-5273. 828 

 829 
Nouhaud, P., Tobler R., Nolte V. & Schlötterer C. (2016) Ancestral population reconstitution 830 

from isofemale lines as a tool for experimental evolution Ecology and Evolution, 6, 831 
7169-7175. 832 

 833 
Novocraft.. http://www.novocraft.com/ (accessed 2010). 834 
 835 
Palmieri, N., Nolte V., Chen J. & Schlötterer C. (2014) Genome assembly and annotation of a 836 

Drosophila simulans strain from Madagascar Molecular ecology resources, 837 
 838 

.CC-BY-NC-ND 4.0 International licenseavailable under a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (which wasthis version posted August 11, 2017. ; https://doi.org/10.1101/174011doi: bioRxiv preprint 

https://doi.org/10.1101/174011
http://creativecommons.org/licenses/by-nc-nd/4.0/


 36 

Pandey, R.V. & Schlötterer C. (2013) DistMap: a toolkit for distributed short read mapping 839 
on a Hadoop cluster PloS one, 8,e72614 840 

 841 
Pascoal, S., Cezard T., Eik-Nes A., Gharbi K., Majewska J., Payne E., Ritchie M., Zuk M. & 842 

Bailey N. (2014) Rapid Convergent Evolution in Wild Crickets Current Biology, 24, 843 
1369-1374. 844 

 845 
Porcelli, D., Westram A.M., Pascual M., Gaston K.J., Butlin R.K. & Snook R.R. (2016) Gene 846 

expression clines reveal local adaptation and associated trade-offs at a continental 847 
scale Scientific Reports, 6, 848 

 849 
Pritchard, J.K., Pickrell J.K. & Coop G. (2010) The Genetics of Human Adaptation: Hard 850 

Sweeps, Soft Sweeps, and Polygenic Adaptation Current Biology, 20, R208-R215. 851 
 852 
Reznick, R.M. & Shulman G.I. (2006) The role of AMP-activated protein kinase in 853 

mitochondrial biogenesis The Journal of physiology, 574, 33-39. 854 
 855 
Robinson, M.D., McCarthy D.J. & Smyth G.K. (2010) edgeR: a Bioconductor package for 856 

differential expression analysis of digital gene expression data Bioinformatics 857 
(Oxford, England), 26, 139-140. 858 

 859 
Rockman, M.V. (2012) The QTN program and the alleles that matter for evolution: all that's 860 

gold does not glitter. Evolution; international journal of organic evolution, 66, 1-17. 861 
 862 
Savolainen, O., Lascoux M. & Merilä J. (2013) Ecological genomics of local adaptation 863 

Nature Reviews Genetics, 14, 807-820. 864 
 865 
Scheffers, B.R., De Meester L., Bridge T.C., Hoffmann A.A., Pandolfi J.M., Corlett R.T., 866 

Butchart S.H., Pearce-Kelly P., Kovacs K.M. & Dudgeon D. (2016) The broad 867 
footprint of climate change from genes to biomes to people Science, 354,aaf7671 868 

 869 
Schlötterer, C., Kofler R., Versace E., Tobler R. & Franssen S.U. (2014) Combining 870 

experimental evolution with next-generation sequencing: a powerful tool to study 871 
adaptation from standing genetic variation. Heredity, 0, 872 

 873 
Schou, M.F., Kristensen T.N., Pedersen A., Karlsson B.G., Loeschcke V. & Malmendal A. 874 

(2017) Metabolic and functional characterization of effects of developmental 875 
temperature in Drosophila melanogaster American Journal of Physiology-Regulatory, 876 
Integrative and Comparative Physiology, 312, R211-R222. 877 

 878 
Schurch, N.J., Schofield P., Gierliński M., Cole C., Sherstnev A., Singh V., Wrobel N., Gharbi 879 

K., Simpson G.G., Owen-Hughes T., Blaxter M. & Barton G.J. (2016) How many 880 
biological replicates are needed in an RNA-seq experiment and which differential 881 
expression tool should you use? RNA (New York, N.Y.), 22, 839-851. 882 

 883 
Sedghifar, A., Saelao P. & Begun D.J. (2016) Genomic Patterns of Geographic 884 

Differentiation in Drosophila simulans. Genetics, 202, 1229-1240. 885 
 886 
R Core Team (2014) R: A Language and Environment for Statistical Computing. Vienna: R 887 

Foundation for Statistical Computing. 888 
 889 

.CC-BY-NC-ND 4.0 International licenseavailable under a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (which wasthis version posted August 11, 2017. ; https://doi.org/10.1101/174011doi: bioRxiv preprint 

https://doi.org/10.1101/174011
http://creativecommons.org/licenses/by-nc-nd/4.0/


 37 

Tenaillon, O., Rodríguez-Verdugo A., Gaut R.L., McDonald P., Bennett A.F., Long A.D. & 890 
Gaut B.S. (2012) The molecular diversity of adaptive convergence. Science (New 891 
York, N.Y.), 335, 457-461. 892 

 893 
Tobler, R., Hermisson J. & Schlötterer C. (2015) Parallel trait adaptation across opposing 894 

thermal environments in experimental Drosophila melanogaster populations. 895 
Evolution; international journal of organic evolution, 69, 1745-1759. 896 

 897 
Turner, T.L., Stewart A.D., Fields A.T., Rice W.R. & Tarone A.M. (2011) Population-based 898 

resequencing of experimentally evolved populations reveals the genetic basis of 899 
body size variation in Drosophila melanogaster. PLoS genetics, 7,e1001336 900 

 901 
Ugrankar, R., Berglund E., Akdemir F., Tran C., Kim M.S., Noh J., Schneider R., Ebert B. & 902 

Graff J.M. (2015) Drosophila glucome screening identifies Ck1alpha as a regulator of 903 
mammalian glucose metabolism. Nature communications, 6,7102 904 

 905 
vant Hof, A.E., Campagne P., Rigden D.J., Yung C.J., Lingley J., Quail M.A., Hall N., Darby 906 

A.C. & Saccheri I.J. (2016) The industrial melanism mutation in British peppered 907 
moths is a transposable element. Nature, 534, 102-105. 908 

 909 
Wang, L., Wang S. & Li W. (2012) RSeQC: quality control of RNA-seq experiments 910 

Bioinformatics (Oxford, England), 28, 2184-2185. 911 
 912 
Wu, T.D. & Nacu S. (2010) Fast and SNP-tolerant detection of complex variants and splicing 913 

in short reads Bioinformatics (Oxford, England), 26, 873-881. 914 
 915 
Yang, J., Benyamin B., McEvoy B.P., Gordon S., Henders A.K., Nyholt D.R., Madden P.A., 916 

Heath A.C., Martin N.G., Montgomery G.W., Goddard M.E. & Visscher P.M. (2010) 917 
Common SNPs explain a large proportion of the heritability for human height Nature 918 
Genetics, 42,565 919 

 920 
Yeaman, S. (2015) Local adaptation by alleles of small effect The American naturalist, 186, 921 

S74-S89. 922 
 923 
Zhao, L., Wit J., Svetec N. & Begun D.J. (2015) Parallel Gene Expression Differences 924 

between Low and High Latitude Populations of Drosophila melanogaster and D. 925 
simulans. PLoS genetics, 11,e1005184  926 

 927 
928 

.CC-BY-NC-ND 4.0 International licenseavailable under a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (which wasthis version posted August 11, 2017. ; https://doi.org/10.1101/174011doi: bioRxiv preprint 

https://doi.org/10.1101/174011
http://creativecommons.org/licenses/by-nc-nd/4.0/


 38 

Table S1 929 
List of genes consistently down- or up-regulated in the contrast between the ancestral and the 930 
two evolved populations (laboratory adaptation). The table presents the log2 fold changes and 931 
p-values for each comparison ancestral-cold evolved and ancestral-hot evolved. Negative log2 932 
fold changes indicate that the expression is decreased in the evolved populations (and 933 
reciprocally). 934 
 935 

FBgn Symbol log2FC (Anc/Hot) P (Anc/Hot) log2FC (Anc/Cold) 
FBgn0034612 CG10505 -1.904062224 2.29645E-16 -1.015207739 
FBgn0030332 CG9360 -1.490895749 3.34E-15 -1.200243418 
FBgn0032381 Mal-B1 -1.040488713 2.90E-06 -1.322138651 
FBgn0000473 Cyp6a2 -0.993236165 7.07E-06 -1.244721364 
FBgn0033204 CG2065 -0.926040147 7.97E-10 -0.636353128 
FBgn0033065 Cyp6w1 -0.881128669 2.83E-04 -1.314932308 
FBgn0033981 Cyp6a21 -0.774379264 2.16E-10 -0.510986228 
dsim_PG00121 - -0.754138774 8.02E-08 -0.876602722 
FBgn0013773 Cyp6a22 -0.717022506 2.12E-05 -0.698016808 
FBgn0027600 obst-B -0.701498698 1.43E-07 -0.523207216 
FBgn0000008 a -0.696467292 1.29E-07 -0.541119809 
FBgn0038734 CG11453 -0.600415372 4.23E-06 -0.554513603 
FBgn0038516 P5cr-2 -0.520118726 1.88E-05 -0.501495527 
FBgn0030615 Cyp4s3 -0.417536345 3.77E-05 -0.456748501 
FBgn0033888 CG18568 -0.286296192 1.33E-03 -0.380724409 
FBgn0261800 LanB1 0.305136437 0.002419601 0.40196194 
FBgn0037000 ZnT77C 0.383888163 5.47E-05 0.397886895 
FBgn0259140 CG42255 0.457389454 4.41E-04 0.547324689 
FBgn0265267 CG18258 0.701005005 1.57319E-10 0.430466065 
FBgn0032136 Apoltp 0.765447259 2.68E-14 0.449187463 
dsim_PG00244 - 1.004387037 3.13E-04 1.540294833 
FBgn0032322 CG16743 1.054180333 7.73E-12 0.596855797 
FBgn0035619 CG10592 1.284373376 1.61E-09 0.803228768 
FBgn0051324 CG31324 1.413172663 2.41E-20 0.653213722 
FBgn0033729 Cpr49Af 1.591154299 1.52E-03 1.938187162 
FBgn0035620 CG5150 1.610327819 2.20E-14 0.83708478 
FBgn0039471 CG6295 1.741706632 3.75995E-09 1.272948225 

 936 

Table S2 937 

Results of the gene ontology enrichment and Kegg-Pathway analysis. Sheet 1: final list of 938 
genes used for the analysis, filtered as described in the Materials and Methods section. Sheet 939 
2&3: up and down-regulated GO categories classified by process, component and function. 940 
Sheet 4: Kegg Pathways differentially expressed between ancestral or cold and hot evolved 941 
populations. 942 

Table S3 943 
List of the 27 genes containing at least one SNP among the 100 SNPs with the most extreme 944 
p-values from our CMH test.  945 
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Table S4 946 
Number of mapped reads for the sequenced data. Genomic data: total number of mapped 947 
reads after all filtering steps before any analysis for each mapper separately. RNA-Seq: total 948 
number of mapped reads and counted reads after all filtering steps. 949 

Table S5 950 
Count per million (after TMM normalization) of each of the 12 female biased genes used to 951 
isolate female contaminated RNA-Seq libraries. 952 
 953 
 954 

955 
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Table S6. 956 

Description of the extraction and library preparation methods used for each sample 957 
(genomic data). 958 

Library DNA 
isolation 

Amou
nt of 
startin
g 
materi
al 

Fragme
ntation 
method 

Kit Size 
selecti
on 
metho
d 

Insert 
size 
(bp) 

Polymera
se 

No. 
of 
PCR 
cycle
s 

Sequenci
ng 
platform 

Read 
length 
(bp) 

Founder 
females 
A 

DNeasy 
Blood and 
Tissue Kit1 
including 
RNase A 
treatment 

5 µg Nebuliz
er 

Illumina 
Paired-End 
DNA Sample 
Prep protocol3 

Agaros
e gel 

210 Phusion4 10 GAIIx 2 x 74 

Founder 
females 
A 

DNeasy 
Blood and 
Tissue Kit1 
including 
RNase A 
treatment 

5 µg Nebuliz
er 

Illumina 
Paired-End 
DNA Sample 
Prep protocol3 

Agaros
e gel 

210 Phusion4 10 GAIIx 2 x 76 

Founder 
females 
B 

DNeasy 
Blood and 
Tissue Kit1 
including 
RNase A 
treatment 

5 µg Covaris 
S22 

Illumina 
Paired-End 
DNA Sample 
Prep protocol3 

Agaros
e gel 

340 Phusion4 10 HiSeq 
2000 

2 x 
100 

Founder 
females 
A & B 

DNeasy 
Blood and 
Tissue Kit1 
including 
RNase A 
treatment 

ca. 4 
µg 

Covaris 
S22 

NEBNext 
Mastermix Kit 
E6040L and 
NEB Multiplex 
Oligos (single-
index) for 
Illumina4 

AMPu
re XP 
beads5 

380 NEB Q54 6 HiSeq 
2500 

2 x 
120 

Hot F2 DNeasy 
Blood and 
Tissue Kit1 
including 
RNase A 
treatment 

5 µg Covaris 
S22 

Illumina3 
Paired-End 
DNA Sample 
Prep protocol 

Agaros
e gel 

340 Phusion4 10 HiSeq 
2000 

2 x 
100 

Hot F59 
r1,r3,r5 

High salt 
extraction 
protocol43 
including 
RNase A 
treatment 

2 µg Covaris 
S22 

Reagents of 
TruSeq Paired-
End 
Sequencing 
Kit3; ligation of 
TruSeq single-
index adapters 
followed by 
pooling of 
ligated 
fragments; PCR 
amplification of 
the multiplexed 
size-selected 
fragments using 
the TruSeq 
mastermix3 

Agaros
e gel 

270 TruSeq 
PCR 
Mastermi
x3 

10 HiSeq 
2000 

2 x 
100 

Hot F59 
r1,r3,r5 

High salt 
extraction 
protocol 
including 
RNase A 
treatment 

1 µg Covaris 
S22 

Reagents of 
NEBNext Ultra 
DNA library 
preparation kit 
E7370L4; size 
selection of 
each individual 
library on 
agarose gels; 
PCR 
amplification of 
individual 
libraries using 
NEB Multiplex 
(single-index) 

Agaros
e gel 

310 NEB Q54 10 HiSeq 
2000 

2 x 
100 
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primers4 
followed by 
pooling 

Hot 
generati
on 59 
replicate 
2,4 

High salt 
extraction 
protocol43 
including 
RNase A 
treatment 

ca. 4 
µg 

Covaris 
S22 

NEBNext 
Mastermix Kit 
E6040L and 
NEB Multiplex 
Oligos (single-
index) for 
Illumina4 

AMPu
re XP 
beads5 

380 NEB Q54 6 HiSeq 
2500 

2 x 
120 

 959 
  960 
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Figure 1 – figure supplement 1 961 

 962 
Relative coverage across genes for 28 RNA-Seq libraries. We removed three libraries (in red) 963 
from our analysis, because they exhibited a very pronounced 3’ bias: at 50% gene body length 964 
the relative coverage was below 90%.  965 
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 967 

Figure 1 – figure supplement 2 968 

 969 
Identification of libraries with female contamination. We summed the expression of the nine 970 
chorion genes (CP15 to 19, CP36, CP38) and three yolk proteins (YP1 to 3). We excluded 971 
four outlier libraries (in red) with > 256 counts per million bp for the 12 indicator genes. 972 
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 974 

Figure 2 – figure supplement 1 975 

 976 
Barplots showing log2 fold change of expression between the hot evolved populations 977 
relative to the ancestral (green) or cold evolved (blue) populations. (** FDR<0.05, * 978 
FDR<0.1). Left panel: Fat metabolism genes. Right panel: Insulin signaling pathway genes. 979 
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 981 

Figure 2 – figure supplement 2 982 

 983 

 984 

 985 
CO2 emission is measured over two subsequent generations at 23°C. Although variable, the 986 
two mean emission is statistically different between the two populations when the variation in 987 
body weight between samples is accounted for. Closed symbols: mean with 95% confidence 988 
interval; open symbols: single measurements (n= 2*16), green: reconstituted base, red: 989 
population evolved in the hot environment for 133 generations. 990 
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 992 

Figure 3 – figure supplement 1 993 

 994 
Allele frequency changes during 59 generations of experimental evolution for the 27 SNPs 995 
showing a correlated response across 5 hot evolved populations in the SNF4Aγ region.  996 
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Figure 3 – figure supplement 2 999 

 1000 
Posterior distribution of the selection coefficient s for each of 27 SNPs in the SNF4Aγ region. 1001 
The averaged posterior distribution (in red) peaks at s=0.06 (vertical line). 1002 
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Figure 3 – figure supplement 3 1004 

 1005 
A close up of Manhattan plot around the Sestrin region. On top of the Manhattan plot the 1006 
gene structure of Sestrin (leftmost blue gene) is shown. Exons are indicated by colored boxes 1007 
and introns by thin lines. White boxes indicate UTRs. From left to right the genes are: Sestrin 1008 
(blue), CG18128 (yellow), egl (green), CG13560 (purple), CG11300 (blue), CG5532 (small 1009 
purple), CG9850 (long purple). Red triangles indicate 96 correlated SNPs, which characterize 1010 
the selected haplotype(s).  1011 
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Figure 3 – figure supplement 4 1013 

 1014 
Allele frequency changes during 59 generations of experimental evolution for the 96 SNPs 1015 
showing a correlated response across 5 hot evolved populations in the Sestrin region (2R: 1016 
17520000-17600000).  1017 
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Figure 3 – figure supplement 5 1020 

 1021 
Posterior distribution of the selection coefficient s for each of our 96 SNPs in the Sestrin 1022 
region. The summed posterior distribution (in red) peaks at s=0.055 (vertical line). 1023 
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Figure 4 – figure supplement 1 1025 

 1026 
SNPs characterizing the selected haplotype at the SNF4Aγ locus in the experimental evolution 1027 
study show clinal variation in natural populations (Machado et al.). 20 out of 27 SNPs had 1028 
sufficient coverage in the Machado et al. data set. 11 SNPs displayed clinal variation. The 1029 
decrease in frequency from Florida to Maine, is consistent with the observation that these 1030 
alleles are favored in the hot experimental evolution cage.  1031 
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Figure 4 – figure supplement 2 1033 

 1034 

 1035 
Distribution of t.statistics obtained from random sampling of SNPs in the region of interest for 1036 
SNF4Aγ. In more than 95% of the time the true set of SNPs (red vertical line) are more clinal than 1037 
randomly sampled SNPs. A. Machado et al. data set (20 SNPs). B & C. Sedghifar et al. data set for B. 1038 
North American cline (16 SNPs) and C. Australian cline (20 SNPs) 1039 
 1040 
 1041 
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