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Abstract 7 

Combining experimental evolution with whole-genome sequencing is now a well-8 
established method for studying the genetics of adaptation and complex traits. In this type of 9 
work that features sexually-reproducing populations, studies consistently find that adaptation is 10 
highly polygenic and fueled by standing genetic variation. Less consistency is observed with 11 
respect to general evolutionary dynamics however; for example, investigators remain ambivalent 12 
about whether selection produces repeatable versus idiosyncratic responses, or whether small 13 
shifts in allele frequencies at many loci drive adaptation, versus selective sweeps at fewer loci. 14 
Resolving these open questions is a crucial next step as we move toward extrapolating findings 15 
from laboratory evolution experiments to populations inhabiting natural environments. We 16 
propose that subtle differences in experimental parameters between studies can influence 17 
evolutionary dynamics in meaningful ways, and here we empirically assess how one of those 18 
parameters – selection intensity – shapes these dynamics. We subject populations of outcrossing 19 
Saccharomyces cerevisiae to zero, moderate, and high ethanol stress for ~200 generations and 20 
ask: 1) does stronger selection intensity lead to greater changes in allele frequencies, and a higher 21 
likelihood of selective sweeps at sites driving adaptation; and (2) do targets of selection vary 22 
with selection intensity? We find some evidence for positive correlations between selection 23 
intensity and allele frequency change, but no evidence for more sweep-like patterns at high 24 
intensity. While we do find genomic regions that suggest some shared genetic architecture across 25 
treatments, we also identify distinct adaptive responses in each selection treatment. Combined 26 
with evidence of phenotypic trade-offs between treatments, our findings support the hypothesis 27 
that selection intensity might influence evolutionary outcomes due to pleiotropic and epistatic 28 
interactions. As such, we conclude that details of a selection regime should be a major point of 29 
consideration when attempting to generalize inferences across experimental evolution studies. 30 
Finally, our results demonstrate the importance of clearly defined controls when associating 31 
genomic changes with adaptation to specific selective pressures. Despite working with a 32 
presumably lab-adapted model system, without this element we would not have been able to 33 
distinguish between genomic responses to ethanol stress and laboratory conditions.  34 
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Introduction 41 
 Evolve and resequence (“E&R”) experiments are now commonly used to study the 42 
genetics of adaptation and complex traits (Long et al. 2015; Schlötterer et al.  2015). In these 43 
studies, experimental populations are subjected to carefully designed selective regimes under 44 
controlled conditions, and sampled for DNA or RNA sequencing over many generations. This 45 
experimental framework allows for powerful statistical associations between observed, 46 
presumably adaptive, phenotypic responses with shifts in genetic variation or changes in gene 47 
expression. In addition to linking genotypes to phenotypes, the ability to control population size, 48 
level of starting genetic variation, and environmental conditions make these experiments a 49 
powerful tool for studying broad adaptive dynamics. It is now well understood that adaptation in 50 
E&R studies featuring outcrossing systems is fueled by standing genetic variation (Long et al. 51 
2015; Barghi et al. 2020). However, the specific evolutionary dynamics observed across these 52 
studies vary considerably. We believe achieving a better understanding of what causes these 53 
differences is a key step towards extending general findings from E&R to real populations 54 
(Phillips and Burke 2021).  55 
 Major points of discrepancy in the literature today include topics like evolutionary 56 
repeatability, the role of contingency in the genetics of adaptation, and what some term “sweeps 57 
versus shifts” (Barghi et al. 2020). Using evolutionary repeatability as an example, while many 58 
studies report high levels of evolutionary repeatability, as evidenced by parallel responses to 59 
selection across replicate populations (e.g. Linder et al. 2021), others find more idiosyncratic and 60 
replicate-specific responses (e.g. Barghi et al. 2019. We suggest that this and other observed 61 
discrepancies are likely due to differences in experimental design among studies, as well as the 62 
genetic variation segregating in ancestral populations. In the case of evolutionary repeatability, 63 
differences in starting allele frequency distributions and effective population size stand out as 64 
potentially relevant factors (i.e., these factors directly influence the probability that selection will 65 
favor a specific beneficial allele in a given replicate). More broadly, we believe these 66 
discrepancies point to a need for deeper understanding of how experimental parameters influence 67 
adaptive processes before attempting to extend inferences from E&R studies to populations 68 
outside the lab. Here we focus on how a specific experimental choice –  selection intensity –  69 
impacts evolutionary outcomes in large outcrossing populations with abundant standing genetic 70 
variation.  71 

How a given selective pressure manifests (e.g. intensity, duration, constant versus 72 
dynamic, etc.) has clear ecological relevance that likely shapes evolutionary outcomes in both 73 
natural populations and laboratory experiments. While this topic has been explored across a 74 
number of theoretical studies (e.g. Kessner and Novembre 2015; Stetter et al. 2018; 75 
Christodoulaki et al. 2019; Vlachos and Kofler 2019; Hayward and Sella 2021), few E&R 76 
studies have sought to address it empirically. Here we aim to address this gap by directly testing 77 
the effects of selection intensity on the genetic architecture of adaptation using populations of 78 
outcrossing S. cerevisiae. Specifically, we compare the genomic response to moderate and high 79 
ethanol stress in replicate populations all derived from a single ancestral population. We are 80 
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primarily interested in how selection intensity shapes signatures of selection and whether 81 
treatments featuring different selection intensities show distinct genomic responses to selection.  82 

Christodoulaki et al. (2019) explored the idea that selection intensity influences 83 
signatures of selection using simulations designed to mimic laboratory experimental evolution. 84 
They find that when a new trait optimum is distant (i.e. when a strong selective pressure is 85 
applied), the genomic response to selection often involves substantial increases in allele 86 
frequencies that are consistent with selective sweeps. However, for close trait optima (weaker 87 
selection pressure), adaptation proceeds through smaller shifts in allele frequencies. The “sweeps 88 
versus shifts” question – in other words, the question of whether population-genetic models 89 
focused on identifying few loci of large effect are better at explaining trait evolution than 90 
quantitative-genetic models that assume extensive polygenicity – looms beyond the experimental 91 
evolution literature (Höllinger et al. 2019), and we believe that selection intensity stands out as a 92 
major factor key to resolving this question. A major goal of this study is therefore to test to 93 
prediction that high selection intensity results in larger changes in allele frequencies at and 94 
around target sites. 95 
 We are also interested in exploring if the same targets of selection respond to both high 96 
and moderate selection intensities. In the simplest scenario, there is some set of “ethanol 97 
resistance” alleles segregating in our ancestral population, and these should increase in frequency 98 
in both selection intensity treatments. However, if the genetics of complex traits is characterized 99 
by widespread pleiotropy as some suggest (Visscher and Yang 2016; Boyle et al. 2017) and/or 100 
epistasis, this might not be the case. For example, due to pleotropic effects and resulting trade-101 
offs with other characters, alleles that are adaptive under strong ethanol stress conditions might 102 
not be favored under weaker ethanol stress conditions and vice versa. If this prediction holds 103 
true, it would suggest a clear need to incorporate this possibility as a factor when constructing 104 
models of polygenic adaptation. Lastly, alleles that are beneficial at late but not early stages of 105 
adaptation have been previously identified in evolving outcrossing S. cerevisiae populations, 106 
which could indicate epistatic interactions (Phillips et al. 2020). If this is the case and generally 107 
true, it could also drive treatment-specific responses in combination with pleiotropy; for 108 
example, an allele that is beneficial at moderate levels of ethanol stress may not confer those 109 
same benefits at higher ethanol stress due to negative interactions with alleles unambiguously 110 
beneficial under high ethanol stress.  111 
 In summary, with this work we aim to address the following questions: (i) do populations 112 
experiencing stronger selection intensities display larger changes in allele frequencies at and 113 
around targets of selection compared to populations experiencing weaker selection intensities; 114 
and (ii) do targets of selection vary with selection intensity? We address these questions using 115 
genomic data from outcrossing S. cerevisiae populations subjected to zero, moderate, and high 116 
ethanol stress for ~200 generations.  117 
 118 
 119 
 120 
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Materials and Methods 121 
Experimental populations and selection regimes 122 
 All experimental populations used in this study were derived from the “S12” population 123 
described in detail in Phillips et al. (2021). Briefly, this population was created by combining 12 124 
haploid strains from the barcoded SGRP yeast strain collection (Cubillos et al. 2009). The 125 
specific strains used are: Y12, YSP128, SK1, DBVPG6044, UWOPS05_217_3, L_1528, 126 
L_1374, DBVPG6765, YJM981, YJM975, BC187, and N273614. As described in Linder et al. 127 
(2020), these strains have been modified to enable easy crossing and diploid recovery – these 128 
modified strains were kindly provided by Dr. Anthony Long. The MATa and MATα strains 129 
contain ho deletions to prevent mating-type switching, but each contain a different drug-130 
resistance marker inserted into a pseudogene (YCR043C) tightly linked to the mating-type locus 131 
(MATa, hoΔ, ura3::KanMX-barcode, ycr043C::NatMX and MATα, hoΔ, ura3::KanMX-barcode, 132 
ycr043C::hphMX). These genotypes enable haploids of each mating type to be recovered using 133 
media supplemented with either hygromycin B or nourseothricin sulfate, and they enable newly 134 
mated a/α diploids to be recovered in media supplemented with both drugs.  135 

To create the S12 recombinant outbred population from these haploid strains, we used a 136 
semi-round-robin design of initial crossing, followed by 12 iterations of what we call our 137 
“weekly outcrossing protocol” to maximize genetic diversity and allow for some domestication 138 
to laboratory handling conditions (detailed in Burke et al. 2020; Phillips et al. 2021). The 139 
experimental populations featured in this study were then derived from samples of this base 140 
population: 20 control replicates (C1-20), 20 moderate ethanol stress replicates (M1-20), and 20 141 
high ethanol stress replicates (H1-20). Levels of ethanol used in the two stress treatments were 142 
chosen based on the results of exploratory growth rate assays (see next section for general assay 143 
methods). We found that 10% ethanol was close to the limit of what could support population 144 
growth (at least for a 48-hour period), and we thus chose this as the high stress treatment.  We 145 
chose the moderate treatment to include 6% ethanol as this resulted in a doubling time 146 
approximately mid-way between the high stress and control conditions (Supplementary Figure 147 
1).  148 

The weekly outcrossing protocol described by Burke et al. (2020) was also used to 149 
maintain sexual reproduction in these 60 replicate populations, with minor modifications to 150 
increase throughput (i.e. smaller volumes).  This protocol involves batch culture of diploids in 151 
1mL of liquid medium in alternating wells of 24-well plates (Corning); every other well 152 
contained sterile YPD which was monitored for growth (which would indicate potential cross-153 
contamination) throughout the experiment.  After batch culture of diploids, the entire 1mL of 154 
culture was washed and resuspended in 1mL minimal sporulation media (1% potassium acetate), 155 
and incubated with shaking for 72 hours (30°C/200 rpm). After sporulation, a modified random 156 
spore isolation protocol was implemented to disrupt asci and isolate spores.  This protocol 157 
involves resuspending sporulated cultures in 1mL Y-PER Yeast Protein Extraction Reagent 158 
(Thermo), followed by incubation at 50°C for 15 minutes to kill vegetative diploid cells.  159 
Cultures were then resuspended in a 1% zymolyase (Zymo Research) solution to weaken ascus 160 
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walls, and vortexed at maximum speed with 0.5 mm silica beads (BioSpec) to mechanically 161 
agitate the asci. Following these steps, spores were transferred to YPD agar plates supplemented 162 
with nourseothricin sulfate (100mg/L), hygromycin B (300mg/L) and G418 (200mg/L) and 163 
incubated at 30°C for 48 hours, during which time spores mated (due to close proximity on the 164 
plate) and diploids germinated. The resulting lawns of new diploid cells were scraped off plates 165 
using sterile glass slides and transferred to 10mL of sterile YPD media (1/10th of this culture was 166 
preserved in 15% glycerol and archived at -80°C for DNA extraction and sequencing). From 167 
these super-saturated cultures, 10 μL were transferred into 1mL of treatment-specific medium 168 
and incubated for 48 hours (30C/200rpm), with a 1/100 dilution halfway through to increase 169 
generational turnover. For the control treatment, standard YPD (2% yeast extract, 1% peptone, 170 
2% dextrose) was used as the culture medium. For the moderate and high ethanol stress 171 
treatments, YPD was supplemented with either 6% or 10% ethanol (by volume), respectively. 172 
After this period of batch culture, the next weekly outcrossing iteration would commence 173 
(Supplementary Figure 2). All replicates were handled in parallel for a total of 15 weeks, with 174 
one cycle of outcrossing per week.   175 

By estimating cell density at various steps of the outcrossing protocol (via OD600 of liquid 176 
cultures, and/or colony counts of dilution series), we can approximate the number of asexual 177 
generations that occurred in each treatment during the experiment.  We estimate that ~10 cell 178 
doublings occurred during the 48-hour period of batch culture – this phase of competitive growth 179 
in treatment-specific medium is most relevant to our major questions relating to selection 180 
strength.  We infer that an additional ~4 cell doublings occur during the non-competitive phases 181 
of the protocol (i.e. growth on agar medium).  We observed that growth was slower (and cell 182 
densities lower) in the high ethanol stress treatment compared to the others, but this did not lead 183 
to dramatically different estimates of cell doublings among the treatments.  Ultimately, we 184 
project that over 200 asexual generations elapsed in all treatments over 15 weeks.  This 185 
generational turnover is difficult to precisely estimate for several reasons, chiefly because some 186 
aspects of population biology were not routinely quantified throughout the experiment.  For 187 
example, our protocol development (cf.  Burke et al. 2020) suggests that sporulation and mating 188 
efficiencies are high in the base population, and that the mortality induced by the weekly 189 
outcrossing protocol is low.  But it was not possible to quantify these metrics in all 60 190 
experimental replicates every week.  If sporulation efficiency, mating efficiency, and/or spore 191 
viability was low in a particular replicate during a given week, this would reduce the number of 192 
viable cells in the population (compared to the baseline expectation) and lead to a higher 193 
estimate of cell doublings for the week.  Thus, we feel that our ballpark estimates can be 194 
considered rather conservative. 195 
 196 
Growth rate assays 197 

Growth in liquid medium was the primary phenotype we tracked in this experiment.  We 198 
compared growth between evolved populations and the ancestor in each media type to detect 199 
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evidence of phenotypic adaptation in a given treatment.  We also compared growth of evolved 200 
populations across all media types to detect evidence of potential phenotypic trade-offs.    201 

For each population assayed, a culture would first be grown overnight in 10 mL YPD in a 202 
shaking incubator (30 °C/200 rpm). Cultures were then quantified via absorbance at OD600 203 
(values of 1/100 dilutions typically ranged from 0.10 to 0.15 across all treatments and 204 
timepoints) and diluted to a standard starting concentration of OD600  = 0.1 using the appropriate 205 
media type. These dilutions were then transferred to individual wells of a 96-well plate (Corning) 206 
in 200 μL volumes. A Tecan Spark multimodal microplate reader measured absorbance in each 207 
well every 30 minutes over a 48-hour period at 30°C with no shaking. Measurements were taken 208 
at four positions within each well and the average values were used for subsequent data analysis. 209 
To avoid edge effects, wells on the outer perimeter of the plates were not used for assays and 210 
simply filled with sterile YPD. In a given plate reader assay, we included 9 technical replicates 211 
of the ancestral population and 10 randomly selected replicates from each treatment. Multiple 212 
plate reader assays were run under control, moderate ethanol stress, and high ethanol stress 213 
conditions. Growth curves were generated using the raw readings, and the R (R CoreTeam 2021) 214 
package “Growthcurver” (Sprouffske and Wagner 2016) used to estimate doubling times and 215 
carrying capacity. These estimates are obtained by fitting data to the following logistic equation 216 
that gives the number of cells Nt (as measured by absorbance) at time t: 217 

 218 
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 219 
where starting population size is represented by N0 carrying capacity by K. Here carrying 220 
capacity is simply defined as the maximum population size in a particular environment. Lastly, r 221 
represents the growth rate that would occur if there were no limits on total population size. This 222 

value is also used calculate the doubling time which is defined as 
���

�
 . Figures shown in the 223 

manuscript are representative of patterns seen across multiple assays. However, we note that 224 
while patterns were consistent across assays, some specific values varied between plate reader 225 
runs (e.g. carrying capacity estimates from cycle 15 samples varied between runs under high 226 
ethanol conditions, but the observation that carrying capacity in H replicates was lower than 227 
replicates from the other treatments remained consistent). 228 
 229 
DNA extraction, sequencing, and read mapping  230 
 The 20 replicates of each treatment were sampled for pooled-population genome 231 
sequencing at three distinct timepoints: after a single outcrossing cycle, after 7 outcrossing 232 
cycles, and after 15 outcrossing cycles.  To sample populations for sequencing, 1 mL of freezer 233 
stocks were revived on YPD agar plates.  After 48 hours of growth at 30ºC, the resulting lawns 234 
were broadly sampled by wooden applicator (to capture as much genetic diversity as possible) 235 
and these cells were inoculated into 10mL of liquid YPD culture, and growth overnight in the 236 
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shaking incubator.  Genomic DNA was extracted from samples with Qiagen’s Yeast/Bact Kit 237 
following the manufacterer’s protocol.  After checking DNA quantity, sequencing libraries were 238 
prepared for Illumina sequencing with the Nextera Kit DNA Sample Preparation Kit, 239 
implementing some routine modifications to increase throughput (e.g. Baym et al. 2015).  240 
Libraries were pooled into groups of 48 and run on at least one PE150 lane of the HiSeq3000 241 
housed at OSU’s Center for Quantitative Life Sciences (CQLS); samples with lower-than-242 
average coverages were re-quantified, re-pooled and re-sequenced such that high (>50X average 243 
genome-wide) coverages were achieved across all experimental replicates. 244 

The SNP calling pipeline we routinely use has been described previously (e.g. Phillips et 245 
al. 2020. We used GATK v4.0 (Van der Auwera & O’Connor 2020) to align raw data to the S 246 
cerevisiae S288C reference genome (R64-2-1) and create a single VCF file for all variants 247 
identified across all populations, using standard best practices workflows and default filtering 248 
options.  This VCF file was converted into a “raw” SNP frequency table by extracting the AD 249 
(allele depth) and DP (unfiltered depth) fields for all SNPs passing quality filters; the former 250 
field was used as the minor allele count observed at a presumed SNP, and the latter was used as 251 
the total coverage observed at that site. The VCF file was also used as an input for SnpEff v4.3 252 
(Cingolani et al. 2012) to extract potential functional effects of individual SNPs. SnpEff 253 
annotates each variant in a VCF file (e.g. by tagging whether it occurs within a protein-coding 254 
sequence) and calculates the effect(s) each produces on known genes (e.g. amino acid changes). 255 
 We applied several filtering and quality control steps to the raw SNP table generated 256 
from the steps above ensure only high-confidence sites were used in subsequent analysis. Mean 257 
genome-wide coverage across the 180 samples sequenced for this study ranged from ~50X to 258 
~300X with a median value of ~80X (Supplementary Table 1). We began our filtering process 259 
by only considering sites where sequence coverage exceeded 20X in all populations. Next, we 260 
removed all sites that were not expected to be polymorphic based on the previously described 261 
sequences of the founder strains used to create the ancestral population (cf. Phillips et al. 2021).  262 
We also removed sites that were not polymorphic in ancestral population itself, as for this study 263 
our objective is to track the evolution of standing genetic variants, and not de novo mutations. 264 
Finally, we only considered sites where the minor allele frequencies between 0.02 and 0.98 265 
across the entire dataset. This removes sites where the alternate nucleotide is fixed across all 266 
populations, and sites where errors in sequencing and/or variant calling may create the 267 
appearance of polymorphism. These steps ultimately resulted in a SNP table with 61,281 SNPs.  268 
 269 
Identifying candidate sites and selection response categories 270 

In pursuing the goal of associating particular candidate SNPs with adaptation, we found it 271 
useful to assign these to one of five distinct categories: (i) general adaptation to laboratory 272 
handling, (ii) general adaptation to ethanol stress, (iii) specific adaptation to the high ethanol 273 
treatment, (iv) specific adaptation to the moderate ethanol treatment, and (v) specific adaptation 274 
to the control treatment. Comparing the magnitude of change at sites across these categories 275 
allows us to assess whether greater selection intensity results in greater shifts in allele 276 
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frequencies, and comparing the location of sites observed across these categories allows us to 277 
assess whether or not different selection intensities involve different genomic targets.  Notably, 278 
the decision to include category (v) above was made after observing evidence of continued and 279 
unique adaptation in our control treatment; this was an unanticipated outcome that has 280 
thematically influenced our interpretation of all other results. To identify and differentiate 281 
between these types of responses we used a combination of within- and between-treatment 282 
comparisons. For within-treatment comparisons (e.g. comparing SNP frequencies between cycle 283 
1 and cycle 15 for the C1-20 populations), we relied on the Cochran-Mantel-Haenszel (CMH) 284 
tests. For between-treatment comparisons (e.g. comparing SNP frequencies between C1-20 and 285 
H1-20), we used a generalized linear mixed model (GLMM) approach. Patterns of overlap 286 
between these different comparisons were then used to isolate the different types of responses we 287 
were interested in (see Table 1 for details on how we define each type of response). As coverage 288 
variation can impact statistical results when using nucleotide counts, as both these methods do 289 
we scaled coverage across the genome to a uniform level of 50X before performing these tests 290 
(Wiberg et al. 2017). Importantly, we chose approaches best-suited to the detection of parallel 291 
responses to selection across replicates, as we believe such sites are most likely to be true targets 292 
of selection.  293 

The CMH tests for within-treatment comparisons are commonly used in E&R studies, 294 
and simulations suggest this is one of the most accurate methods available for identifying 295 
responses to selection based on sampling populations over time (Vlachos et al. 2019). Tests were 296 
performed using the “poolSeq” package (Taus et al. 2017) in R. For a given within-treatment 297 
comparison, the data were paired appropriately (e.g. C1 cycle 1 with C1 cycle 15, C2 cycle 1 with 298 
C2 cycle 15, and so on for the control treatment) and tests were performed at all 61,281 K SNPs. 299 
Significant sites show a consistent change in frequency from cycle 1 to cycle 15, across all 300 
replicate populations. As we sequenced populations at an intermediate timepoint (cycle 7) we 301 
also had the option to use more sophisticated time-series approaches for this task. However, 302 
given that simulations (Vlachos et al. 2019) and empirical comparisons (Phillips et al. 2020) 303 
have shown that these approaches perform similarly to the CMH test using starting and ending 304 
points in an E&R study, we favored the latter approach.  305 

For between-treatment comparisons, as there was no meaningful way to pair replicate 306 
populations (e.g. pairing C1 with H1 is no more meaningful than C1 with H2), the CMH test was 307 
not appropriate. We instead opted to use the GLMM approach, which emphasizes parallel 308 
changes across replicate populations, and is becoming popular in E&R work (e.g. Jha et al., 309 
2015, Kawecki et al., 2021). Three pairwise comparisons were performed using this approach: 310 
C1-20 versus H1-20, C1-20 versus M1-20, and H1-20 versus M1-20 (note: these comparisons only use 311 
cycle 15 data). For each comparison, the “lme4” package (Bates et al. 2015) was used to fit a 312 
GLMM with binomial error structure to nucleotide counts at a given polymorphic site. The 313 
following model statement was used:  314 
 315 


	 � ��	��	�� � �	�����	���	��	��� � 		  
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 316 
where 
	  is the frequency of the ith SNP, ��	��	�� is a fixed effect, and �	�����	 is a 317 
random factor nested within ��	��	��, and 		  refers to the binomial error term. To test for 318 
significance, the “anova” function in R was used to compare the full model to a simplified model 319 
without the fixed effect. Using this approach, we were able to identify SNPs that were 320 
consistently differentiated between treatments at the end of the experiment (cycle 15).  321 
 To correct for multiple comparisons and establish significance thresholds, we used the 322 
same general permutation approach described in Burke et al. (2014) and Graves et al. (2017). 323 
Using C1-20 cycle 1 versus C1-20 cycle 15 as an example, the relevant replicate populations were 324 
randomly assigned to one of two groups, the CMH tests was performed at each SNP in the 325 
shuffled data set, and the smallest p-value generated was recorded. This was then repeated 999 326 
times for a total of 1000 permutations. The “quantile” function in R was then applied to the 327 
resulting list of 1000 p-values to define a genome-wide false-positive rate, per site, at 0.5%. That 328 
is to say, a Type I error rate of 0.005 is required for a site to be considered significantly 329 
differentiated. We used a 0.5% cutoff instead of a 5% cutoff seen in previous efforts based on 330 
recent work making the case for 0.005 thresholds instead of 0.05 when interpreting p-values 331 
(Benjamin et al. 2018). This same general procedure was used for between-treatment 332 
comparisons using the GLMM approach. However, for GLMM comparisons, we only ran 200 333 
permutations instead of 1000 as this method is more computationally intensive than the CMH. 334 
We did perform a trial using 1000 permutations for one comparison and found that it produced a 335 
very similar threshold.  336 

Once SNPs belonging to each category of selection response listed in Table 1 were 337 
identified, we compared these for potential differential enrichment of gene ontology (GO) terms. 338 
These lists were created using the SnpEff output: for each response type, we created a list of 339 
genes associated with at least one candidate SNP in that category (note: here we consider all 340 
effect types as valid associations). Text files with candidate list and associated SnpEff annotation 341 
are available through Dryad for interested individuals (see Data Availability statement for 342 
details). GO term enrichment analyses for each gene list were then performed using Metascape 343 
(Zhou et al. 2019) with default settings.  344 
 345 
Sweeps versus shifts 346 
 To assess the prediction that more intense selection should be associated with greater 347 
changes in allele frequencies, we simply compared the mean changes in SNP frequency at 348 
candidate sites between treatments using ANOVAs. If this core idea is correct, among sites 349 
associated with general ethanol stress, we would expect to see significantly greater changes in 350 
SNP frequency in the high ethanol stress treatment compared to the moderate ethanol stress 351 
treatment. Next, to evaluate the prediction that more intense selection should involve signatures 352 
of selection more consistent with selective sweeps (larger allele frequency changes at fewer loci) 353 
rather than polygenic shifts (smaller allele frequency changes at more loci), we generated 354 
genome-wide heterozygosity plots for replicates in each treatment to see if there were signs of 355 
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the types of depressions in heterozygosity characteristic of selective sweeps (Burke 2012). If it is 356 
the case that more intense selection is associated with more sweep-like dynamics, this should be 357 
evident when comparing patterns of genetic variation in the high ethanol stress replicates to the 358 
moderate ethanol stress and control replicates. 359 

We defined heterozygosity as 2pq where p and q refer to the reference (major) and 360 
alternate (minor) nucleotide frequencies. To assess genome-wide patterns, we generated sliding-361 
window plots showing estimates across each chromosome. To do this we first calculated 362 
heterozygosity at each polymorphic site in our dataset in each replicate population, then averaged 363 
across replicates within a given treatment on a per-site basis for a given timepoint. To define 364 
windows, we used the GenWin package (Beissinger et al. 2015) package in R. This package uses 365 
a smoothing spline technique to define windows biased on breakpoints in the data. As a 366 
“smoothness” parameter is user defined, we tried a range of values before settling on 367 
“smoothness = 3000”. Our final selection was made based on what most clearly represented the 368 
data. Scripts and data to generate plots with more or less smoothness are available for interested 369 
parties through Dryad and GitHub (see “Data availability” statement for details).   370 
 371 
Results 372 
Adaptation and growth rates 373 
 To characterize the long-term consequences of each experimental treatment, we assayed 374 
the growth of evolved (cycle 15) replicates in all three media types (control, moderate ethanol, 375 
high ethanol) and compared these to the growth of the ancestral population (Figure 1). To assess 376 
statistical differences, we used Kruskal-Wallis tests to compare mean values across all groups, 377 
and pairwise Wilcoxon rank sum tests to determine which treatment pairs were significantly 378 
different (note: the Benjamini-Hochberg procedure was used to correct for multiple 379 
comparisons).  We find that in plain YPD, differences in doubling time and carrying capacity are 380 
small (Figure 1A and B, Supplementary Figure 3A), but significant for both doubling time 381 
(Kruskal-Wallis test p=0.0001) and carrying capacity (p= 0.001). In the case of doubling time, 382 
there are no significant differences between the C, M, and H replicates. However, the ancestral 383 
population has a significantly longer doubling time than evolved populations (mean of 1.3 hours 384 
for the ancestor versus 1.25 to 1.26 for C, M, and H populations); this implies that replicates in 385 
all treatments adapted to laboratory conditions in ways that improved growth in YPD. For 386 
carrying capacity, the H replicates appear to stop doubling at a lower cell concentration 387 
compared to the ancestral population, and the C and M treatments (mean of 0.9 in the H 388 
replicates versus ~1 for the others, note: carrying capacity is represented as log(OD) as shown in 389 
Supplementary Figure 3). While we do find some statistically significant differences here, they 390 
are clearly quite small. As such, it appears that adaptation to ethanol stress in the moderate and 391 
high ethanol stress has not had a large negative impact on the ability of replicates in these groups 392 
to grow in YPD (i.e. no obvious suggestion of an adaptive trade-off).   393 
 We do observe differences in growth patterns among treatments in 6% ethanol (Figure 394 
1C), with respect to both doubling time (Figure 1D, Kruskal-Wallis test p =1.75x10-6) and 395 
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carrying capacity (Supplementary Figure 3B, Kruskal-Wallis test p=8.05x10-7). Both the M and 396 
C treatments grow significantly faster than the ancestral population, evidencing adaptation. By 397 
contrast, doubling time in the H treatment could not be significantly distinguished from the 398 
ancestor, and was correspondingly slower than the C and M treatments. Carrying capacity is 399 
significantly different in all pairwise comparisons except for the ancestror vs. C treatment.  400 
Carrying capacity is lowest in the H treatment (mean=0.98) followed by the M treatment (mean 401 
= 1.07), and the C treatment (mean=1.1) resembled that of the ancestor (mean=1.1).  402 

In populations assayed in 10% ethanol (Figure 1E), we also find significant differences in 403 
both doubling time (Figure 1F, Kruskal-Wallis test p=1.16x10-5) and carrying capacity 404 
(Supplementary Figure 3C, Kruskal-Wallis test p=5.46x10-7) among treatments. With respect to 405 
doubling time, we find significant differences between all pairwise comparisons except for the M 406 
replicates versus the H replicates. Doubling time is slowest in the ancestral population (mean = 407 
3.64 hours), followed by the C replicates (mean = 3.26 hours), followed by the M and H 408 
replicates (mean = 2.64 and 2.57 hours). For carrying capacity, all pairwise comparisons are 409 
significantly different except for the ancestral population versus the C replicates. The ancestral 410 
population has the highest carrying capacity (mean = 1.54, same for the C replicates), followed 411 
by the M replicates (1.11) and H replicates (mean = 0.78). So, while populations adapted to 412 
ethanol stress treatments generally have faster growth rates under high ethanol stress conditions, 413 
they also stop doubling sooner. And adaptation to high ethanol stress specifically is associated 414 
with the lowest carrying capacity.  415 

While these growth rate assays are useful for ranking phenotypic differences among 416 
ancestral and evolved populations (and they are internally consistent), we do not believe the raw 417 
metrics reported necessarily reflect what occurred during the actual selection experiment. For 418 
instance, in the plate reader assays, populations in 10% ethanol appear to still be in lag phase 419 
after nearly 24 hours of growth (Figure 1E). While we observed that replicates of the H treatment 420 
grew more slowly than the other treatments throughout the experiment, routine OD600 readings 421 
indicate that all populations were in log phase at 24 hours. So, whenever cultures were 422 
transferred to fresh liquid media during the experiment, cells were in log phase in all treatments; 423 
we felt that it was important to avoid sampling cells at different stages as this could introduce 424 
unwanted variation among treatments. There are many reasons why the absolute values of 425 
growth parameters estimated during the phenotype assays differ from what was observed in the 426 
selection experiment, but we suspect the main drivers are volume differences (200 μL in 96 well 427 
plates versus 1mL in 24 well plates), and agitation (no shaking in the plate reader versus 200rpm 428 
in the shaking incubator).   429 
 430 
Evidence for different response categories among candidate SNPs 431 
 To assess the genomic response to selection, we first compared SNP frequencies between 432 
cycles 1 and 15 for each treatment using the CMH test (Supplementary Figure 4). Here we find 433 
clear responses to selection as evidenced by consistent changes in SNP frequencies in each 434 
treatment, including the controls. As the number of candidate regions overlap across both ethanol 435 
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stress treatments and controls, it appears that adaptation to general laboratory handling (i.e., our 436 
weekly outcrossing protocol) is a major feature of this study. To better parse these responses to 437 
selection, we used a GLMM approach to identify differentiated SNPs between treatments during 438 
cycle 15 (Supplementary Figure 5). Based on patterns of overlap between all of these 439 
comparisons, we identified 5 major response types: (i) general adaptation to laboratory handling, 440 
(ii) general adaptation to ethanol stress, (iii) specific adaptation to the high ethanol treatment, (iv) 441 
specific adaptation to the moderate ethanol treatment, and (v) specific adaptation to the control 442 
treatment. (Table 1). As seen in Figure 2 where these categories are overlaid on the CMH results 443 
comparing cycle 1 and 15 for each treatment, almost all significant SNPs can be assigned to one 444 
of these 5 categories.  445 
 Considering the major peaks in Figure 2, we do observe some mixing of categories 446 
within certain peaks, but most are either made up of a single response type or have a clear 447 
majority type. And while there are a number of regions that correspond to our three ethanol 448 
response types (general, high, and moderate ethanol responses), our strongest signals are 449 
observed in regions associated with general laboratory selection. So, while ethanol exposure 450 
clearly imposes stress, laboratory conditions appear to be major selective pressures on their own. 451 
Here it should be noted that the ancestral population sampled to establish all experimental 452 
replicates had already experienced 12 “domestication” cycles with outcrossing prior to this 453 
experiment. As such, there was some expectation that these populations would already be 454 
adapted to routine culture and outcrossing protocols. A principal component analysis (PCA) of 455 
SNP frequencies indicates general differentiation between treatments, and within treatments over 456 
time, based on clustering patterns (Figure 3).  457 

The existence of treatment-specific responses addresses our hypothesis that complex 458 
genetic architectures (e.g. extensive pleiotropy and/or epistasis) could lead to different targets of 459 
selection despite the same core selective pressure. As shown in Figure 2, treatment specific 460 
responses can be observed in each group. For instance, there are regions of the genome showing 461 
significant responses to selection in the H replicates (Figure 2A) and not the M replicates (Figure 462 
2B) and vice versa despite both being exposed to ethanol stress. We also find cases where 463 
significant regions are found in the C replicates (Figure 3A) but not in either the H or M 464 
replicates despite all three treatments adapting to the same general laboratory conditions and 465 
maintenance protocols.  466 
 To address our hypothesis that more intense selection would lead to greater changes in 467 
allele frequencies, we first compared the mean change in candidate SNP frequencies per replicate 468 
per treatment between cycle 1 and 15 for sites that fall into the general ethanol selection category 469 
(Figure 4A). As expected, there is a greater shift in SNP frequencies in the ethanol treatments 470 
compared to the controls at these sites. However, we do not find clear evidence of greater 471 
changes in SNP frequencies in the high ethanol stress replicates compared to the moderate 472 
ethanol stress replicates. We also repeated this approach for the general laboratory selection 473 
category. Here we find that while changes in candidate SNP frequencies are not significantly 474 
different between the control and moderate ethanol stress selection treatments, shifts are smaller 475 
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in the high ethanol stress treatment compared to both. This perhaps suggests some interaction 476 
between adaptation for high ethanol stress conditions and general laboratory adaptation.    477 
 Observed changes in SNP frequencies between cycle 1 and 15 for treatment-specific 478 
responses also suggest complex underlying dynamics. Starting with control-specific responses, 479 
we find that these sites show significantly more change in the control treatment versus both 480 
ethanol stress treatments (Figure 5A). And, the magnitude of change is much smaller in the high 481 
ethanol stress treatment compared to the moderate ethanol stress treatment. Again, we suggest 482 
this may evidence a possible interaction between adaptation to ethanol stress and laboratory 483 
conditions. We observe the opposite pattern when we focus on the high ethanol stress-specific 484 
candidate SNPs (Figure 5B). Here as expected, we see that the change in frequencies in the high 485 
ethanol stress SNPs is greater than the other two. These sites appear to shift more and more 486 
consistently in the moderate ethanol stress treatment versus the controls as well, perhaps 487 
suggesting some weak selection in their favor under moderate ethanol stress. Finally, among the 488 
moderate ethanol stress-specific SNPs, we observe greater changes in the moderate ethanol stress 489 
sites compared to the other treatments as expected (Figure 5C). However, this change is not 490 
significantly different from what was observed in the control treatment, suggesting perhaps that 491 
this category also involves weekly selected laboratory selection responses.   492 
 493 
SNP frequency trajectories 494 
 Given the complex genomic responses to selection observed in each experimental 495 
treatment, we examined individual SNP trajectories in each response type in an attempt to 496 
deepen our understanding of how selection is acting in our system. For some of the most 497 
significant markers in peaks corresponding to our different response categories, we plotted raw 498 
allele frequency in each replicate over the three sequenced timepoints. In representative sites 499 
associated with general laboratory stress and general ethanol stress, we observe the expected 500 
pattern of a clear and consistent increase in frequency in all three treatments for the former but 501 
only the two ethanol stress treatments for the latter (Figure 6 and Supplementary Figure 6). 502 
However, patterns are more complicated when looking at treatment specific response types. 503 
 In representative high ethanol stress-specific sites, we observe the greatest consistent 504 
increase in the high ethanol stress replicates (Figure 7A and Supplementary Figure 7A). 505 
However, the trajectories in the moderate ethanol stress treatment trend consistently upward to a 506 
greater degree than what we see in the control treatment. This again suggests that some high 507 
ethanol stress response sites are being weakly selected for in the moderate ethanol treatment. We 508 
do not find such clear patterns looking at our representative moderate ethanol stress-specific 509 
responses. Here we see the greatest consistent change in the moderate ethanol stress treatment, 510 
but changes in the other two treatments show an upward trend as well (Figure 7B and 511 
Supplementary Figure 7B). Here one interpretation is that this “moderate ethanol treatment” 512 
category is capturing sites that are also beneficial in both or one of the other treatments, but more 513 
so under moderate ethanol stress.  514 
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Finally, in representative control-specific sites, we again observe evidence of strong 515 
directional selection in the control treatment and perhaps weaker selection in the moderate 516 
ethanol stress treatment (Figure 7C and Supplementary Figure 7C). However, we find that in the 517 
high ethanol stress treatment, SNP frequency changes very little over the course of the 518 
experiment and this observation is quite consistent across replicates and independent peaks. This 519 
is also consistent with the small changes observed across all sites in the category as shown in 520 
Figure 5A (red boxplot). Our interpretation of this result is that these sites might provide 521 
significant benefits in terms of adaptation to general laboratory conditions and outcrossing 522 
protocols, but these benefits may diminish (or incur costs) as greater ethanol stress is introduced. 523 
However, there does not appear to be strong enough selection for them to be completely 524 
eliminated, at least on the time scale of this experiment.  525 
 526 
Sweeps versus shifts in response to selection 527 
 The assess whether more intense selection was associated selective sweeps, we simply 528 
visualized patterns of heterozygosity across the genome and looked for evidence of dramatic 529 
reductions in genetic diversity (Burke 2012). Specifically, we compared genome-wide levels of 530 
variation within each treatment at cycles 1 and 15 to evaluate the effect of 15 cycles of selection 531 
on diversity, in a way that was consistent among replicates. Mean heterozygosity across the C, 532 
M, and H treatments during cycle 15 does not provide any clear indication of more sweep-like 533 
regions with depressed heterozygosity in the ethanol stress treatments versus the controls, or in 534 
the high ethanol stress treatment versus the moderate (Supplementary Figure 8B, D, and F). 535 
While we certainly observe genomic regions where heterozygosity is low at the end of the 536 
experiment, it is important to contextualize this observation relative to the heterozygosity 537 
observed at the start of the experiment; in most of these regions heterozygosity was low to begin 538 
with (Supplementary Figure 8A vs 8B; 8C vs 8D; 8E vs 8F). This can be visualized more clearly 539 
in Supplementary Figure 9 where we plot the absolute difference in mean heterozygosity over 540 
time in each treatment. We do find that some of our most significant peaks from CMH 541 
comparisons between cycles 1 and 15 are associated with pronounced reductions in 542 
heterozygosity (e.g. the regions of chromosome 7 and 11 where heterozygosity dramatically 543 
decreased correspond to most significant peaks in Supplementary Figure 4). However, the depth 544 
of these depressions does not appear to be associated with intensity of selection. For instance, on 545 
chromosome 3 there is a relatively isolated region we believe is responding to ethanol stress in 546 
the both M and H but not the C populations (Figure 2). Here we find there is also a large change 547 
in heterozygosity seen in the ethanol treatments that is not present in the controls (Supplementary 548 
Figure 9). However, it is not the case this region looks like more of a complete sweep in the high 549 
ethanol stress treatment than in the moderate ethanol stress treatment (Supplementary Figure 9).  550 
 551 
Candidate genes associated with different response categories 552 
 To compare potential differences in genes and pathways associated with our major 553 
response types (Table 1), we performed gene enrichment analyses using the candidate genes 554 
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associated with each category. As shown in Supplementary Table 2, we find do find enrichment 555 
terms like “signaling” and “growth” that are shared across categories. However, we also find 556 
distinct enriched terms within categories (both broadly and narrowly defined). This lends some 557 
creditability to the idea that selection is targeting different biological mechanisms across 558 
treatments. For instance, considering terms enriched in the general ethanol selection category, we 559 
find “alcohol catabolic process” and “response to organic substance” – terms that intuitively 560 
might underlie adaptation to long-term ethanol stress –  that are not enriched in the general 561 
laboratory selection category. We also find distinct enrichment patterns with respect to 562 
treatment-specific categories. The most enriched terms in the high ethanol stress-specific 563 
response category are associated with cytokinesis and asexual reproduction, while the most 564 
enriched terms in the moderate ethanol stress-specific response category are more associated 565 
with pseudohyphal and filamentous growth, as well as metabolic function (e.g. lipid metabolism 566 
and sugar homeostasis). Lastly, the most enriched terms in the control-specific response category 567 
are related to autophagy and immune function.  568 
 569 
Discussion 570 
 Using ethanol stress as the focal selective pressure, our experiment was designed to test if 571 
stronger selection was associated with greater changes in allele frequencies at target sites, and if 572 
targets of selection varied among treatments involving different selection intensities due to 573 
complex trait architectures. However, our genomic analysis makes it clear that despite the use of 574 
an ancestral population that was previously subjected to a significant period of laboratory 575 
domestication (involving a dozen cycles of outcrossing and hundreds of asexual generations), 576 
adaptation to laboratory conditions is a major feature of our results (Figure 2 and Supplementary 577 
Figure 4C). While this complicates our interpretations, we believe our study still has the power 578 
to address our core questions, as the control treatment allows us to distinguish between adaptive 579 
responses associated with laboratory domestication and those associated with ethanol stress 580 
(Table 1). And while we cannot definitively say ethanol exposure is exerting a greater selective 581 
pressure than general laboratory handling, it stands to reason that total selection intensity is 582 
highest in the high ethanol stress treatment, followed by the moderate ethanol stress treatment, 583 
and lowest in the control treatment.  584 
 585 
Patterns of growth in evolved populations imply different avenues of adaptation 586 
 The observed growth-related phenotypes in our experimentally-evolved populations 587 
suggest complex evolutionary dynamics underlying adaptation to ethanol stress. In YPD (the 588 
control medium), replicates of the C, M, and H treatments all have similar doubling times after 589 
15 cycles and all grow slightly faster than the ancestral population (Figure 1). This is perhaps 590 
expected given that our genomic results indicate all populations are continuing to adapt to 591 
laboratory conditions. However, under moderate and high ethanol stress conditions, patterns are 592 
more complicated. Under moderate ethanol stress, replicates of the H treatment have slower 593 
growth rates and lower carrying capacities (Figure 1C-D, and Supplementary Figure 3B) than all 594 
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other groups assayed. And while they do have higher doubling times than controls and the 595 
ancestral population in high ethanol stress conditions (Figure 1E-5), they again have the lowest 596 
carrying capacities (Supplementary Figure 3C). Replicates of the M treatment have similar 597 
doubling times under high ethanol conditions, but do not display the same level of reduction in 598 
carrying capacity (Supplementary Figure 3C). Therefore, we conclude that adaptation to ethanol 599 
stress involves mechanisms not directly related to growth rate. Differences between the moderate 600 
and high ethanol stress populations across media types also implicate potential trade-offs 601 
between growth rate and final sustainable population size.   602 
 These observations of potential trade-offs support the idea that pleiotropy and genetic 603 
interactions are general features of complex trait architecture. In the case of stress resistance, 604 
there is already support for this idea in the literature based on the work of Kawecki et al. (2021). 605 
Here the authors find that even though the same genes underlie starvation resistance in in 606 
experimentally-evolved D. melanogaster, directionally of allele frequency shifts change 607 
depending on whether selection is imposed at larval or adult life stages due to underlying trade-608 
offs. More broadly, we do not find it is simply the case that increased selection intensity results 609 
in some clear and proportional phenotypic response. As such, selection intensity should be 610 
carefully considered when using experimental evolution to predict how specific traits might 611 
change in response to a given selective pressure.  612 
 613 
The magnitude of allele frequency change at target sites is context-dependent 614 
 If increased selection intensity does result in greater changes in SNP frequency at and 615 
around targets of selection as simulation work by Christodoulaki et al. (2019) suggest, we would 616 
expect that at candidate sites underlying the general response to general stress, changes should be 617 
greater in the high ethanol stress treatment compared to the moderate ethanol treatment. In 618 
principle, this should also be true for candidate sites associated with general laboratory 619 
adaptation; we would predict that changes in the high and moderate ethanol stress treatments 620 
should be greater than those observed in the control treatment. With this in mind, our results are 621 
mixed when looking across the different response types outlined in Table 1. In the general 622 
ethanol selection category, the magnitude of change in candidate SNPs is similar in the high and 623 
moderate ethanol stress treatment (Figure 4A). And for the general laboratory selection category, 624 
SNP changes in the high ethanol stress treatment are actually smaller than both the control and 625 
moderate ethanol stress treatments (Figure 4B). These observations refute the expectation that 626 
stronger selection intensity should result in larger frequency changes at target sites. However, 627 
our other response types suggest there is perhaps still some merit to this idea. 628 
 Among sites we have identified as control-specific and high ethanol-specific, we do 629 
observe examples that are strongly selected for in the primary treatment, and weakly selected for 630 
in the moderate ethanol stress treatment (Figure 5 and 7, Supplementary Figure 7). In the case of 631 
the high ethanol-specific candidates, these perhaps represent instances where more intense 632 
selection has in fact produced greater changes in frequencies at target sites. However, 633 
interpretation is more complicated for control-specific candidates. While these responses are 634 
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presumably adaptative for the selective pressures imposed by experimental protocols common to 635 
all three treatments, they appear to be less so with increasing ethanol exposure due to some 636 
interaction. All together, we interpret these results as further evidence that different selection 637 
intensities can in fact potentiate different trait architectures.  638 
 We considered the possibility that in this experiment, adaptation to laboratory protocols 639 
may have been stressful enough that the inclusion of ethanol exposure had little additional 640 
impact (i.e. all treatments are under very intense selection). This could explain why the general 641 
laboratory selection category is accounts for so many of the most significant candidates SNPs we 642 
identify. However, growth rate assays make it clear that the ancestral populations and controls 643 
are indeed negatively impacted by ethanol exposure (Figure 1). As such, we generally argue that 644 
the three experimental treatments experienced distinct and specific selection pressures, and that 645 
our results partially support the idea of a positive correlation between selection intensity and 646 
allele frequency change. 647 
 648 
Stronger selection does not obviously promote selective sweep dynamics 649 
 We predicted that stronger selection intensities should produce signatures of adaptation 650 
more consistent with selective sweeps (dramatic change observed at fewer loci), while weaker 651 
selection intensities should produce signatures of adaptation more consistent with polygenic 652 
adaptation (subtle shifts observed at many loci). Patterns of heterozygosity observed across the 653 
genome in experimental populations of each treatment do not provide strong support for these 654 
predictions. Genomic regions that could be considered most “sweep-like” (i.e. reductions in 655 
variation where heterozygosity approaches zero) are rare in all treatments, and regions that best 656 
fit this description were generally already low in variation prior to the start of the experiment 657 
(Supplementary Figure 8). In the rare regions where we do observe large reductions in 658 
heterozygosity associated with one or more of our 5 categories of candidate sites, it is not the 659 
case that these regions look more “sweep-like” in one treatment type compared to another; in 660 
other words, we find no clear evidence to support the idea that the high ethanol stress is more 661 
likely to result in sweep-like patterns than the moderate ethanol or control treatment (the region 662 
of reduced heterozygosity mid-way through chromosome 7 provides an illustrative example).  663 
 664 
The presence of different selection response categories reinforces that trait architectures vary 665 
with selection intensity  666 
 As noted previously, we believe the existence of treatment-specific responses to selection 667 
across groups indicate that genetic architecture of adaptation varies with selection intensity. For 668 
instance, while we do find evidence of “general ethanol selection” responses, there are also a 669 
number responses that appear specific to either high or moderate ethanol exposure (red peaks in 670 
Figure 2A, orange peaks in Figure 2B). Based on trajectories (Figure 7A and B, Supplementary 671 
Figure 7A and B), it is possible that some of these sites are responding to selection in both 672 
treatments but how strongly they are favored varies with exposure. However, even with this 673 
interpretation, the observed context-dependence supports the idea that trait architecture varies 674 
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with selection intensity. This is further supported by the apparent phenotypic trade-offs in the M 675 
and H replicates described above.   676 
 Surprisingly, the clearest evidence for different trait architectures at different selection 677 
intensities comes from our control populations and control-specific responses (Figure 2C). 678 
Unlike our moderate or high ethanol specific peaks which are often small or contain SNPs from 679 
multiple response categories, control-specific responses include some of our most significant and 680 
“pure” peaks. So, while these regions of the genome are strongly associated with the 681 
maintenance and laboratory conditions that are shared by all experimental treatments, they 682 
appear to be (at most) weakly selected under moderate ethanol stress and not selected at all under 683 
high ethanol stress (Figure 7C and Supplementary Figure 7C). Here one possibility is while these 684 
alleles do confer advantages under control conditions, they have costs in the presence of ethanol 685 
and those costs increase as the level of ethanol exposure increases (i.e. context-dependence due 686 
to pleiotropy-associated trade-offs). Alternatively, this pattern could also be explained by 687 
negative epistatic interactions that amplify with increasing levels of ethanol stress. While we do 688 
not have the ability to distinguish between these two scenarios, both point towards complex 689 
relationships between selection intensity and the genetic architecture of adaptative traits.  690 
 691 
Selection targets different biological mechanisms across treatments 692 
 As shown by our gene enrichment analysis, different biological functions appear to be 693 
associated with adaptation across treatments. Focusing on the M and H populations, we find that 694 
adaptation to general ethanol stress involves genes related to alcohol catabolic processes, 695 
signaling, and responses to abiotic stimuli (Supplementary Table 2). However, we also observe 696 
distinct enrichment terms within the M and H categories; while adaptation to high ethanol stress 697 
is associated with GO terms relating to the integrity of cell division (e.g. cytokinesis, DNA 698 
repair, and budding), these functions may either be unnecessary or come with some cost at lower 699 
levels of ethanol stress. Similarly, while adaptation to moderate ethanol stress is associated with 700 
GO terms related to metabolic function, these are not implicated at high levels of ethanol 701 
exposure. Together, these results provide further evidence that the genetic architecture of 702 
adaptation varies with selection intensity due to underlying differences and potential trade-offs in 703 
the mechanisms through which adaptation occurs. 704 
  With respect to the various mechanisms associated with ethanol resistance in and across 705 
the moderate and high ethanol stress treatments, our findings are consistent with past work 706 
suggesting ethanol resistance in S. cerevisiae is complex and involves many genetic and 707 
physiological mechanisms (reviewed in Ding et al. 2009 and Ma and Liu 2010). Signaling, lipid 708 
metabolism, carbohydrate homeostasis all stand out as mechanisms implicated by past studies. 709 
Work focusing on adaptation to high ethanol exposure in asexual S. cerevisiae, in this case 710 
peaking at 12% of the culture medium, also specifically implicated mutations in genetic 711 
pathways associated with cell cycle and DNA replication (Voordeckers et al. 2015). Here the 712 
authors suggest that delayed cell cycle progression allows for greater protection for individual 713 
cells. This sort of survival mechanism, which might more accurately be described as stress 714 
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tolerance rather than stress resistance, may drive the apparent lower carrying capacity observed 715 
in the populations adapted for high ethanol stress in the presence of ethanol. This stands out as an 716 
intuitive example of a potential context-dependent adaptative mechanism associated with ethanol 717 
stress.  718 
   719 
Conclusions 720 
 Our results generally support the idea that selection intensity significantly impacts 721 
evolutionary dynamics. As such, this should be a major point of consideration when synthesizing 722 
results across E&R studies even when they feature the same stress or condition as a focal 723 
selective pressure. It should also be considered when attempting to extrapolate findings from 724 
E&R studies to natural populations. For instance, candidate sites and dynamics observed in E&R 725 
studies with intense selection are perhaps unlikely translate very well to a natural population 726 
facing more moderate environmental changes and vice versa. Our observations also indicate a 727 
greater need for models of polygenic adaptation to include the possibility of extensive pleiotropy 728 
and epistasis than sometimes thought. Furthermore, while here we chose to focus on selection 729 
intensity, it is likely that other dynamic circumstances of natural environments, such as temporal 730 
heterogeneity in selection, will also affect outcomes in meaningful ways. As such, we believe 731 
our findings illuminate a clear need for studies that explicitly demonstrate how experimental and 732 
population-genetic factors shape evolutionary dynamics in E&R studies moving forward. Lastly, 733 
as with the work of Pfenninger and Foucault (2020), our results demonstrate the importance of 734 
appropriate controls even when timeseries data are available. Our controls ultimately prevented 735 
us from making a number of spurious associations between large portions of observed genomic 736 
responses to selection and ethanol stress resistance.  737 
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Figures 891 

 892 
Figure 1. Growth rates and doubling times for ancestral population and experimental populations 893 
after 15 cycles of adaptation in plain YPD (A and B), 6% ethanol YPD (C and D), and 10% 894 
ethanol YPD (E and F). Nine technical replicates for ancestor, and 10 randomly chosen replicates 895 
from each treatment were used in these assays.  896 
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 897 
 898 
Figure 2. CMH results comparing SNP frequencies between cycles 1 and 15 in (A) High ethanol 899 
stress, (B) Moderate ethanol stress, and (C) Control treatments. Black lines represent 900 
permutation derived significance thresholds, and color coding of significantly differentiated sites 901 
corresponds response categories described in Table 1.  902 
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 903 
 904 
Figure 3. PCA plot showing how different time points for replacement population in each 905 
treatment cluster based on SNP frequencies.  906 
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 907 
Figure 4. Boxplots showing the absolute mean change in SNP frequency for each replicate in 908 
each treatment for (A) General ethanol response candidate SNPs and (B) General Laboratory  909 
Selection Candidate SNPs. 910 
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 913 
Figure 5. Boxplots showing the absolute mean change in SNP frequency for each replicate in 914 
each treatment for (A) Control Specific Candidate SNPs, (B) High Ethanol Stress Candidate 915 
SNPs, and (C) Moderate Ethanol Stress Candidate SNPs.  916 
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  922 
 923 
Figure 6. SNP frequency trajectories for representative (A) General Laboratory Selection 924 
response site, and (B) General Ethanol Selection response sites. Trajectories for all 20 replicates 925 
within each treatment are plotted.  926 
 927 
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 928 
Figure 7. SNP frequency trajectories for representative (A) High Ethanol Stress Specific 929 
response site, (B) Moderate Ethanol Stress Specific response, and (C) Control Specific response 930 
sites. Trajectories for all 20 replicates within each treatment are plotted.  931 
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Tables  940 
Table 1. The five major response types used to categorize our candidate sites and how they are 941 
defined based on how results overlap across within and between treatment statistical 942 
comparisons.  943 
 944 
RESPONSE TYPE DEFINITION 

GENERAL LABORATORY 
SELECTION 

Significantly differentiated sites that overlap across all three 
treatments based on comparisons between cycles 1 and 15 for 
each treatment. Sites that are differentiated between Controls 
versus High and Moderate Ethanol Stress treatments are also 
removed to account for directionality.   
 

GENERAL ETHANOL 
SELECTION 

Significantly differentiated sites that overlap across High and 
Moderate Ethanol Stress treatments based on comparisons 
between cycles 1 and 15 for each. Any sites shared with Control 
cycle 1 versus 15 are removed, along with sites that are 
differentiated between High versus Moderate Ethanol stress 
during cycle 15.   
 

HIGH ETHANOL STRESS 
SPECIFIC RESPONSE 

Significantly differentiated sites that are unique to High Ethanol 
Stress treatment based on cycle 1 versus cycle 15 comparisons 
(i.e. removing overlap with Control and Moderate Ethanol Stress 
cycle 1 versus 15 comparisons).   
 

MODERATE ETHANOL STRESS 
SPECIFIC RESPONSE 

Significantly differentiated sites that are unique to Moderate 
Ethanol Stress treatment based on cycle 1 versus cycle 15 
comparisons (i.e. removing overlap with Control and High 
Ethanol Stress cycle 1 versus 15 comparisons).   
 

CONTROL SPECIFIC 
RESPONSE 

Significantly differentiated sites that are unique to Control 
treatment based on cycle 1 versus cycle 15 comparisons (i.e. 
removing overlap with High and Moderate Ethanol Stress cycle 
1 versus 15 comparisons).   

 945 
 946 
 947 
 948 
 949 
 950 
 951 
 952 
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Supplementary Figures 953 
 954 

 955 
 956 
Supplementary Figure 1. Growth rates (A) and doubling times (B) for ancestral population in 957 
plain YPD, 6% ethanol YPD, and 10% ethanol YPD. 958 
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 962 
 963 
Supplementary Figure 2. General schematic showing how the H, M, and C populations were 964 
maintained over the course of this study. 965 
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Supplementary Figure 3. Carrying capacity estimates based on growth rate assays for ancestral 979 
population and experimental populations after 15 cycles of adaptation in plain YPD (A), 6% 980 
ethanol YPD (B), and 10% ethanol YPD (C). Nine technical replicates for ancestor, and 10 981 
randomly chosen replicates from each treatment were used in these assays. 982 
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 983 
 984 
Supplementary Figure 4. CMH results comparing SNP frequencies between cycles 1 and 15 in 985 
(A) High ethanol stress, (B) Moderate ethanol stress, and (C) Control treatments. Black lines 986 
represent permutation derived significance thresholds. 987 
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 988 
 989 
Supplementary Figure 5. GLMM results from comparing SNP frequencies cycle 15 SNP 990 
frequencies between (A) High and Moderate Ethanol Stress treatments, (B) High Ethanol Stress 991 
and Control treatments, and (C) Moderate Ethanol Stress and Control treatments. Black lines 992 
represent permutation derived significance threshold. 993 
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 994 
Supplementary Figure 6. SNP frequency trajectories for representative (A) General Laboratory 995 
Selection response site, and (B) General Ethanol Selection response sites. Trajectories for all 20 996 
replicates within each treatment are plotted.  997 
 998 
 999 
 1000 
 1001 
 1002 
 1003 
 1004 
 1005 
 1006 
 1007 
 1008 
 1009 
 1010 

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

The copyright holder for this preprint (whichthis version posted May 20, 2022. ; https://doi.org/10.1101/2022.05.19.492575doi: bioRxiv preprint 

https://doi.org/10.1101/2022.05.19.492575
http://creativecommons.org/licenses/by-nd/4.0/


 37

 1011 
 1012 
Supplementary Figure 7. SNP frequency trajectories for representative (A) High Ethanol Stress 1013 
Specific response site, (B) Moderate Ethanol Stress Specific response, and (C) Control Specific 1014 
response sites. Trajectories for all 20 replicates within each treatment are plotted.  1015 
 1016 
 1017 
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 1018 
 1019 
Supplementary Figure 8. Mean heterozygosity for C1-20 replicates (A and B), M1-20 replicates (C 1020 
and D), and H1-20 replicates (E and F) plotted across the genome during cycles 1 and 15. Panels 1021 
A, C, and E were generated cycle 1 data, while B, D, and F are from cycle 15.  1022 
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 1031 
Supplementary Figure 9. Absolute difference in mean heterozygosity between cycles 1 and 15 1032 
for C1-20 replicates (A), M1-20 replicates (B), and H1-20 replicates (C) plotted across the genome. 1033 
The gold square over chromosome 3 in each panel represents a region where there are candidate 1034 
SNP’s in both ethanol treatments, but not in the controls.   1035 
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Supplementary Tables 1057 
 1058 
Supplementary Table 1. Average sequence coverage for each timepoint of each replicate 1059 
sequenced.  1060 
 1061 

Replicate Cycle Mean Coverage 

Ancestor - 88.38 

C1 

1 53.00 

7 78.78 

15 144.82 

C2 

1 57.18 

7 89.32 

15 53.21 

C3 

1 56.26 

7 76.21 

15 118.98 

C4 

1 137.77 

7 95.03 

15 87.49 

C5 

1 104.24 

7 138.28 

15 91.45 

C6 

1 62.48 

7 150.01 

15 115.99 

C7 

1 59.82 

7 108.10 

15 96.40 

C8 

1 86.30 

7 163.51 

15 130.89 

C9 

1 151.69 

7 108.04 

15 51.33 

C10 
1 121.45 

7 193.92 
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15 54.42 

C11 

1 72.61 

7 202.69 

15 54.11 

C12 

1 76.27 

7 50.01 

15 88.65 

C13 

1 131.62 

7 93.09 

15 117.77 

C14 

1 97.99 

7 51.87 

15 68.71 

C15 

1 80.67 

7 91.39 

15 74.77 

C16 

1 59.72 

7 92.11 

15 65.09 

C17 

1 108.88 

7 69.87 

15 73.76 

C18 

1 58.25 

7 75.39 

15 69.35 

C19 

1 74.23 

7 82.11 

15 60.47 

C20 

1 65.85 

7 92.91 

15 73.25 

M1 

1 148.45 

7 75.50 

15 63.77 

M2 
1 151.08 

7 68.35 
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15 126.24 

M3 

1 202.20 

7 70.62 

15 151.19 

M4 

1 88.88 

7 180.83 

15 48.66 

M5 

1 93.68 

7 143.10 

15 146.67 

M6 

1 97.64 

7 62.12 

15 138.83 

M7 

1 148.94 

7 90.99 

15 293.71 

M8 

1 153.92 

7 75.30 

15 118.00 

M9 

1 65.18 

7 94.02 

15 70.62 

M10 

1 161.58 

7 89.92 

15 83.01 

M11 

1 95.15 

7 69.57 

15 126.96 

M12 

1 77.64 

7 133.60 

15 106.45 

M13 

1 107.26 

7 72.31 

15 134.66 

M14 
1 118.18 

7 107.43 
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15 143.51 

M15 

1 87.80 

7 57.45 

15 81.69 

M16 

1 127.69 

7 100.79 

15 170.28 

M17 

1 89.98 

7 108.87 

15 100.55 

M18 

1 71.52 

7 76.33 

15 59.61 

M19 

1 85.46 

7 110.75 

15 74.14 

M20 

1 101.33 

7 94.21 

15 58.27 

H1 

1 99.97 

7 137.61 

15 92.27 

H2 

1 102.67 

7 133.16 

15 78.03 

H3 

1 86.47 

7 149.63 

15 182.16 

H4 

1 104.77 

7 96.76 

15 197.48 

H5 

1 80.32 

7 78.75 

15 108.65 

H6 
1 82.64 

7 77.99 
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15 173.67 

H7 

1 50.45 

7 62.33 

15 48.20 

H8 

1 54.53 

7 68.14 

15 55.64 

H9 

1 71.14 

7 71.95 

15 85.80 

H10 

1 88.05 

7 80.73 

15 78.34 

H11 

1 62.50 

7 93.30 

15 119.56 

H12 

1 59.88 

7 69.80 

15 96.67 

H13 

1 78.81 

7 92.58 

15 65.30 

H14 

1 98.72 

7 134.69 

15 117.62 

H15 

1 61.00 

7 69.39 

15 64.24 

H16 

1 47.84 

7 123.63 

15 81.27 

H17 

1 61.66 

7 161.66 

15 103.26 

H18 
1 102.09 

7 134.52 
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15 125.07 

H19 

1 74.00 

7 145.69 

15 174.77 

H20 

1 73.81 

7 97.08 

15 175.79 
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