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1  | INTRODUC TION

Experimental evolution seeks to characterize fundamental evo-
lutionary processes by studying experimental populations across 
generations as they evolve in response to carefully imposed selec-
tive pressures (Rose & Garland 2009). Since its first documented 

use as a tool to study thermal adaptation (Dallinger, 1887), ex-
perimental evolution has furthered our understanding of evolu-
tionary ecology (e.g., Chao et al., 1997; Chao & Levin, 1981; Crill 
et al., 2000; Kaltz & Bell, 2002; Turner & Chao, 1999), life history 
evolution (e.g., Luckinbill et al., 1984; Mueller & Ayala, 1981; Rose, 
1984; Chippindale et al., 1997), and various aspects of evolutionary 
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Abstract
“Evolve and resequence” (E&R) studies combine experimental evolution and whole-
genome sequencing to interrogate the genetics underlying adaptation. Due to ease 
of handling, E&R work with asexual organisms such as bacteria can employ optimized 
experimental design, with large experiments and many generations of selection. By 
contrast, E&R experiments with sexually reproducing organisms are more difficult 
to implement, and design parameters vary dramatically among studies. Thus, efforts 
have been made to assess how these differences, such as number of independent rep-
licates, or size of experimental populations, impact inference. We add to this work by 
investigating the role of time sampling—the number of discrete time points sequence 
data are collected from evolving populations. Using data from an E&R experiment 
with outcrossing Saccharomyces cerevisiae in which populations were sequenced 17 
times over ~540 generations, we address the following questions: (a) Do more time 
points improve the ability to identify candidate regions underlying selection? And 
(b) does high-resolution sampling provide unique insight into evolutionary processes 
driving adaptation? We find that while time sampling does not improve the ability 
to identify candidate regions, high-resolution sampling does provide valuable op-
portunities to characterize evolutionary dynamics. Increased time sampling reveals 
three distinct trajectories for adaptive alleles: one consistent with classic popula-
tion genetic theory (i.e., models assuming constant selection coefficients), and two 
where trajectories suggest more context-dependent responses (i.e., models involving 
dynamic selection coefficients). We conclude that while time sampling has limited 
impact on candidate region identification, sampling eight or more time points has 
clear benefits for studying complex evolutionary dynamics.
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physiology (e.g., Graves et al., 1992; Rose et al., 1992; Gibbs et al., 
1997; Swallow et al., 1998; Roff & Fairbairn, 2007). More recently, 
the combination of experimental evolution with genome sequencing, 
termed “evolve and resequence” (E&R), has facilitated studying the 
genetic architecture of complex traits (Bailey & Bataillon, 2016; Long 
et al., 2015; Schlötterer et al., 2014). The E&R framework has been 
used to effectively probe the genetics of adaptation and complex 
traits in both asexual (Barrick & Lenski, 2013; Barrick et al., 2009; 
Blount et al., 2012; Kishimoto et al., 2010; Maddamsetti et al., 2015; 
Tenaillon et al., 2012, 2016; Woods et al., 2011) and sexual organisms 
(Burke et al., 2010, 2014; Franssen et al., 2015; Graves et al., 2017; 
Huang et al., 2014; Jha et al., 2015; Orozco-ter Wengel et al., 2012; 
Phillips et al., 2018; Tobler et al., 2014; Turner et al., 2011). One of 
the most notable findings across this body of work is that the pro-
cess of adaptation appears to operate fundamentally differently in 
asexual versus sexual populations. Specifically, fixation of beneficial  
de novo mutations and historical contingency have emerged as  
defining features of asexual E&R studies, while adaptation from 
standing genetic variation defines sexual E&R studies (Burke, 2012; 
Long et al., 2015). Here our focus is on sexual E&R work, where due 
to practical limitations, it is often not possible to implement ideal 
experimental design.

At present, sexual E&R studies vary tremendously in ex-
perimental design. For instance, many studies feature two to 
three replicates per selection treatment (Huang et al., 2014; Jha 
et al., 2015; Orozco-ter Wengel et al., 2012; Turner et al., 2011; 
Zhou et al., 2011), while others feature five to more than 10 repli-
cates per treatment (Burke et al., 2014; Carnes et al., 2015; Graves 
et al., 2017; Phillips et al., 2018). In addition, while some experi-
ments feature fewer than 50 generations of selection (Orozco-ter 
Wengel et al., 2012; Tobler et al., 2014; Franssen et al., 2015; Jha 
et al., 2015), others feature hundreds (Burke et al., 2010, 2014; 
Carnes et al., 2015; Graves et al., 2017; Turner et al., 2011; Zhou 
et al., 2011). Simulation work predicts that the experimental pa-
rameters that vary widely across studies should in fact affect 
their statistical power (Baldwin-Brown et al., 2014; Kessner & 
Novembre, 2015; Kofler & Schlötterer, 2014). These simulations 
suggest that E&R efforts aimed at identifying the genetics under-
lying complex traits should maximize population size, duration and 
number of replicate populations, and take steps to minimize lev-
els of linkage disequilibrium in starting populations. Replication in 
particular is thought to be an especially important determinant of 
statistical power, and strong empirical evidence supports this idea. 
In their study featuring 12 replicate outcrossing Saccharomyces 
cerevisiae populations sequenced at four time points, Burke 
et al. (2014) directly show that reducing the number of replicates 
in their analyses dramatically diminished their ability to dissect ge-
nomic regions responding to selection. Here we use an expanded 
version of the Burke et al. (2014) experiment to test another po-
tentially important determinant of statistical power: the number 
of time points sampled. With genomic data from 17 time points 
collected over the course of a 540-generation evolution experi-
ment, we examine how varying the number of time points used in 

our analyses affects our ability to identify candidate regions using 
standard regression techniques (e.g., Burke et al., 2014).

Beyond simply identifying candidate genomic regions associ-
ated with adaptive phenotypes, the E&R framework also allows the 
characterization of evolutionary dynamics underlying adaptation. 
This is especially relevant for experiments that collect data across 
multiple stages of adaptation, as opportunities to assess long-term 
evolutionary dynamics from experiments where genomic samples 
are compared before and after selection, or between selected and 
control populations, can be quite limited. For instance, the sexual 
E&R studies featuring the longest amount of time (approaching 
1,000 generations of selection) report little evidence of fixation of 
alleles presumed to be beneficial in the selected populations (Burke 
et al., 2010; Graves et al., 2017; Phillips et al., 2016). Through popu-
lation-genetic simulations, Phillips et al. (2016) also show that there 
is significantly more genetic variation and fewer instances of fixation 
in selected populations than would be predicted across a wide array  
of evolutionary scenarios. In these cases, the authors suggest  
explanations that run contrary to the classic prediction that benefi-
cial alleles and closely linked loci simply increase in frequency until 
fixation (Maynard Smith & Haigh, 1974). Instead, they argue that per-
haps these results reflect the effects of widespread balancing selec-
tion, or models of selection in which individual advantageous alleles 
do not ultimately fix. To give an example of one of the latter, Chevin 
and Hospital (2008) proposed a model where an initially rare bene-
ficial allele does not reach fixation because its selective advantage 
is dynamic and inversely proportional to the distance to some new 
phenotypic optimum, and that new optimum is reached before the 
allele fixes due to shifts in beneficial alleles at other loci. However, 
as samples were not taken at multiple time points for sequencing in 
these studies, the authors of these studies did not have the power 
to directly assess whether the observed genomic response to selec-
tion might support one or more of these alternative hypotheses. For 
instance, how commonly might allele frequencies show clear initial 
increases in response to selection, then plateau?

One of the few sexual E&R experiments providing evidence for 
allelic trajectories that do not conform to classical predictions is a 
Drosophila melanogaster study (Orozco-ter Wengel et al., 2012). Here 
the authors sample and sequence pools of individuals from their ex-
perimental populations at multiple time points over the course of 
adaptation, and report evidence of two distinct classes of alleles: 
those that increase continuously over the entire course of selection,  
and those that exhibit a rapid shift in frequency at the onset of  
selection but plateau rather than fix. This study was limited to three 
replicates sequenced at three time points across ~ 40 generations, 
but it demonstrates that important biological phenomena could be 
rendered invisible in E&R studies without sufficient time sampling. 
As such, beyond assessing how time point sampling impacts our abil-
ity to identify candidate regions, we also examine how it affects our 
ability to make inferences about evolutionary processes. We exam-
ine the relationship between time point sampling and estimates of 
selection coefficients at polymorphic sites across the genome using 
the approach described by Iranmehr et al. (2017). We also examine 
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how time point sampling affects attempts to bin allele frequency tra-
jectories into categories using an artificial neural network approach, 
self-organizing maps (SOM) (Kohonen, 1990). Our goal here is to 
characterize with high resolution the allelic trajectories that present 
over hundreds of generations of selection.

In summary, here we seek to address the following questions: 
(a) How might the number of individual time points sampled in an 
E&R study affect the ability to identify candidate regions underlying 
selection? (b) What might data from a large number of sampled time 
points teach us about evolutionary processes that cannot be learned 
from studies featuring fewer time points? We address these ques-
tions by evaluating a uniquely large data set—17 time points over 
the course of ~ 540 generations—and assessing how systematically 
excluding data from some of these time points changes our ability to 
draw inference.

2  | METHODS

2.1 | Yeast experimental evolution

The E&R experiment from which current data were collected is  
described in Burke et al. (2014). Briefly, a highly recombinant diploid 
population called the SGRP-4X (Cubillos et al., 2013) was used as the 
ancestral population for the selection experiment. This base popu-
lation was created by crossing four geographically and genetically 
distinct “founder” strains from the Saccharomyces Resequencing 
Project: a European wine strain (DBVPG6765), a West African palm 
wine strain (DBVPG6044), a North American strain isolated from an 
oak tree (YPS128) and a Japanese sake strain (Y12). The SGRP-4X 
base population is highly efficient at sporulation and mating and con-
tains auxotrophic markers that allow for mated diploids to be easily 
recovered in selective media. This base population was split into 12 
replicate populations that were handled in parallel over the course 
of the selection experiment. These populations experienced growth 
in rich yeast–peptone–dextrose (YPD) media for 3 days per week, 
followed by a regime that forced populations to sporulate and mate 
in restrictive media. The experiment was carried out for 18 weeks, 
during which time there was one “outcrossing event” and an esti-
mated ~ 30 cell doublings per week, for a total of 540 asexual gen-
erations. Every week prior to sporulation, a portion of each replicate 
population was archived at − 80°C at a final concentration of 15% 
glycerol. Additional details of the selection regime are described in 
Burke et al. (2014). For the current study, frozen stocks were revived 
for each of the 12 replicate populations at 17 distinct time points 
(the ancestor plus 16 of the 18 weeks).

2.2 | Genome sequencing, SNP identification and 
coverage assessment

To collect DNA from archived populations, 50 µl of each frozen stock 
(an estimated 5–50 million cells) was revived on a YPD agar plate and 

incubated for 48 hr at 37°C. The resulting lawns were sampled with 
wooden applicators into YPD liquid media and incubated at 37°C for 
24 hr. For DNA extraction, 1 ml of this saturated liquid culture was 
processed with a Qiagen Gentra Puregene Yeast/Bacteria kit. Next-
generation sequencing libraries were constructed using the Nextera 
Library Preparation Kit (Illumina). Libraries were combined in equal 
molarities and run on HiSeq3000 instruments at the OSU Center for 
Genomic Research and Biocomputing (10 lanes), as well as at the UCI 
High-Throughput Sequencing Facility (one lane). We have developed 
a processing pipeline for estimating allele frequencies in each popu-
lation directly from our pooled sequence data. We used gatk ver-
sion 4.0 (McKenna et al., 2010; Poplin et al., 2018) to align raw data 
(Phillips et al. 2020) to the Saccharomyces cerevisiae S288C reference 
genome (R64-2-1) using default filters and created a single VCF file 
for all variants identified across all replicate populations. We also 
downloaded and indexed a reference VCF file with single nucleotide 
polymorphism (SNP) information for 42 distinct natural isolates of 
S. cerevisiae (Bergström et al., 2014); including a VCF of known SNPs 
is a recommended best practice for calibrating base quality with 
gatk version 4.0. This VCF file was converted into an SNP frequency 
table suitable for downstream analysis with R (www.R-proje ct.org). 
To further curate our SNP list, we chose to only include sites with a 
minimum coverage > 10× in each population and with minor allele  
frequencies between 0.02 and 0.98 across all populations. This  
additional filtering reduced our SNP table from 118,142 to 96,610 sites.

To assess coverage variation, we first calculated the coefficient 
of variation (standard deviation in coverage divided by mean cover-
age) for each sample. In next generation sequencing, this is a use-
ful metric for assessing the uniformity of coverage within a sample 
(Feng et al., 2015). Values < 1 are ideal and indicate a low variance  
and uniform coverage across the genome (i.e., no indication of  
sequencing bias), while values > 1 indicate high variance and skewed 
coverage distributions. In addition to assessing coverage uniformity, 
we examined coverage patterns across the genome as an indirect  
means of identifying potential structural variation (duplications,  
deletions, etc.). Specifically, we looked at normalized coverage in 
each sample (coverage at a given site divided by the mean coverage 
of the sample) averaged across 10-kb windows and checked for re-
gions where normalized coverage deviated from one.

2.3 | Data quality control details

Two recent studies (Iranmehr et al., 2017; Vlachos et al., 2019) that 
made use of the Burke et al. (2014) data set found that particular 
time points from five replicate populations displayed unusual pat-
terns in their genome-wide site frequency spectra relative to  
the rest of the data set. As these patterns could not be easily  
explained from the available data, Iranmehr et al. (2017) and Vlachos  
et al. (2019) excluded these populations from their analysis. To  
address concerns regarding data quality, we evaluated genome-
wide site frequency spectra in all new data. Based on our findings, 
we also opted to exclude these populations from our analysis (see 

http://www.R-project.org
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Supporting Information 1 for results). So, while we have made all 
data publicly available in the interest of transparency, the analyses 
described below were limited to data from seven replicate popula-
tions (replicates 3, 7, 8, 9, 10, 11 and 12).

2.4 | Regression analyses of allele frequency change

Following the approach of Burke et al. (2014), we used linear regres-
sion to model the square root arcsine-transformed allele frequen-
cies as a means of identifying SNPs that changed consistently over 
time across replicate populations. The idea behind this approach is 
that allele frequencies that change in parallel across multiple rep-
licate populations are probably targets of selection, and unlikely 
to have changed due solely to drift. While adaptive replicate-spe-
cific genomic responses have been observed in some E&R studies 
(e.g., Barghi et al., 2019), we chose to focus our efforts on identi-
fying sites that show consistent responses across replicates. While 
replicate-specific candidate sites could potentially be validated 
as adaptive using functional genomic techniques, such techniques 
are not especially straightforward in outbred populations such as 
ours. Therefore, our best strategy for generating a list of strong 
candidate sites involves the increased confidence that comes with 
observing a repeatable response to selection. Many previous E&R 
studies have found evidence for widespread parallelism in allele fre-
quency changes presumed to be adaptive (e.g., Burke et al., 2010, 
2014; Graves et al., 2017; Huang et al., 2014; Jha et al., 2015; Turner 
et al., 2011), so focusing on the sites where we observe evidence of 
parallelism has a clear precedent in the literature.

We evaluated a number of models ranging from simple models 
where cycle (“cyc”) was treated as a continuous regressor, to more 
complex models that included quadratic terms and population repli-
cate (“rep”) as a factor. As in Burke et al. (2014), we did not find any 
benefit to using more complex models (data not shown, but available 
upon request) and ultimately used a simple model of transformed 
allele frequency (Y) as a function of time:

To evaluate the impact of number of time points sampled on our 
ability to identify targets of selection, we compared results from 
the regression analysis using the entire data set (17 time points in 
total) to results from the analysis on four, eight and 13 time points 
(Table S1 lists the time points used in each iteration of the analy-
sis). To establish significance thresholds for a given iteration of the 
analysis, we made Q-Q plots comparing observed p-values against 
expected null values and identified the point at which values began 
to diverge from the line of best fit (Figure S1). The best fit lines were 
generated using the “lm” function in R. This approach is similar to 
those used in genome-wide association studies (e.g., Wellcome Trust 
Case Control Consortium 2007).

After identifying candidate regions, we also estimated frequen-
cies of founder haplotypes associated with our most significant SNP. 

This is possible because the genotypes for the four isogenic founder 
strains are unique and completely known. For any small region of the 
genome we can estimate the most likely set of founder haplotype 
frequencies that explain observed SNP frequency estimates within 
that region. This was accomplished following the methods described 
in Burke et al. (2014); briefly, we used sets of SNPs contained within 
10-kb windows to determine the most likely set of founder haplo-
type frequencies that would produce the observed set of SNP fre-
quencies, for each time point. Here our goal was to illustrate the 
degree to which data from additional time points allows better char-
acterization of haplotype frequency changes driving adaptation.

2.5 | Self-organizing maps

Self-organizing maps (Kohonen, 1990) as implemented in the SOM 
package in R (Yan, 2016) were used to identify different classes of 
allele frequency trajectories present in our data set. We opted to 
use SOM instead of a conventional principal component analysis 
due its advantages from a visualization standpoint (Chattopadhyay 
et al., 2011) and in extracting patterns from noisy data (Liu et al., 
2006). To evaluate how the number of time points used in the anal-
ysis impacted our ability to accurately define SNP trajectories, we 
compared results from applying the approach using all 17 time points 
and results from using four, eight and 13 time points (Table S1). As 
it was not feasible to apply this method across every polymorphic 
site in our data set, we ran tests under the following conditions: (a) 
candidate SNPs based on relevant regression analysis (e.g., for the 
four-time point test we used the candidate sites from the regres-
sion analysis using four time points); and (b) randomly selected SNPs 
matching the number of candidate sites from appropriate regression 
analysis (e.g., number of randomly selected SNPs in the four-time 
point test matched the number of candidate SNPs from the four-
time point regression analysis). We chose to apply SOM to random 
SNPs to provide relevant comparisons with results from tests on 
candidate SNPs; the goal of this approach is to confirm that patterns 
enriched among our candidate sites were not simply patterns preva-
lent across the data set as a whole. For all of our analyses using SOM, 
we phased SNP frequencies so we were referencing the frequency 
of the less common nucleotide across the replicates at a given posi-
tion. This was done to orient our trajectories in the same direction.

For SOM analyses, data matrices were created for each iteration 
of the data set where each row was an individual observation (i.e., 
allele frequency trajectory for a given SNP in a given population). 
As is standard practice with this particular approach, the data were 
normalized so that each row had a mean of 0 and a variance of 1 
before applying the SOM algorithm (Yan, 2016). The “som” function 
was then applied to each data matrix using the following arguments: 
xdim = 3, and ydim = 1 (default settings were used for all other ar-
guments). These parameters specify creating of a map with a total of 
three nodes in a 1 × 3 configuration.

We chose this map size (M) and configuration through a 
process of trial and error aimed at finding a configuration that 

(1)Y=�0+�1cyc+∈
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balanced minimizing map size and redundancy (i.e., nodes show-
ing very similar trajectory patterns) without sacrificing definition 
in the trajectories represented. Tian et al. (2014) suggest that 
map size should be a function of the square root of the number 
of observations (in our case, SNP trajectories). Given the number 
of observations in our analyses, this formula typically resulted in 
M > 500 which returns uninformative maps with high levels of re-
dundancy. Figure S2 shows an example of a large map of the can-
didate trajectories from the full 17-time point regression analysis 
that illustrates this issue (note: the 10 × 10 map shown here is still 
considerably smaller than what the formula suggests). In reality, 
there is no definitive way of selecting an optimal map size when 
performing an SOM analysis and the process usually involves a 
great deal of trial and error to find a configuration that minimizes 
redundant nodes (Kohonen, 2014). Testing smaller and smaller 
map configurations, we ultimately found that a 1 × 3 configuration 
captures the primary patterns that describe our candidate trajec-
tories. While it was not practical to include figures for all of the 
configurations we examined, interested readers should be able to 
easily generate these results using the scripts and files we have 
made available through GitHub and Dryad, respectively.

To address concerns that the patterns identified by our SOM 
analysis are perhaps an artefact of using linear regression to iden-
tify candidate sites (i.e., biased towards linear trajectories), we 
also applied SOM to candidate sites identified by the Cochran–
Mantel–Haenszel (CMH) test. The CMH test is commonly used in 
E&R studies, and simulations suggest it accurately identifies ge-
nomic targets of selection (Vlachos et al., 2019). Unlike our re-
gression approach, the CMH test only requires data from the first 
and last time point of the experiment. As such, it has the power to 
reveal candidate sites that exhibit nonlinear responses to selec-
tion, should they exist. We performed a CMH analysis on our data 
based on its implementation in the “poolSeq” package in R (Taus 
et al., 2017), using the “cmh.test” function and data from cycle 1 
and cycle 18. Using cycle 1 rather than “cycle 0”—the single an-
cestral population that all replicates were derived from—seemed 
more appropriate given the structure and assumptions of the CMH 
test. We then established a genome-wide significance threshold 
using the same approach as we did with our regression analysis 
to generate a list of candidate sites. With this list of CMH-test-
generated candidate SNPs, we used SOM as described above to 
categorize the full allelic trajectories of those SNPs.

2.6 | Estimating selection coefficients

Selection coefficients (S) were estimated for all polymorphic 
sites in our data set using the method described in Iranmehr 
et al. (2017). This method, Composition of Likelihoods for Evolve-
And-Resequence, or “CLEAR,” was designed specifically to estimate 
population-genetic parameters such as effective population size 
(Ne) and selection coefficients from time-series genomic data gen-
erated by E&R experiments. Simulation work also suggests CLEAR 

is robust to experimental design and coverage variation (Iranmehr 
et al., 2017) and provides more accurate results than other com-
parable approaches (Vlachos et al., 2019). All analyses using this 
approach were conducted using scripts made publicly available by 
Iranmehr et al. (2017): https://github.com/airan mehr/CLEAR.

Using CLEAR, we generated Ne and S estimates using all 17 time 
points and compared them to results using four, eight and 13 time 
points (cf. Table S1). To run the analysis, a “sync” file containing data 
from relevant time points from our replicate populations for each 
iteration of the analysis was created based on the results of our SNP 
calling. This was done because the “sync” format, created by Kofler 
et al. (2011), serves as one of the primary input formats when run-
ning CLEAR. Lastly, CLEAR was run using default settings (e.g., py-
thon CLEAR.py --sync file.sync --out file.output). While in principle 
we could have analysed each replicate individually in each iteration 
of our CLEAR analysis, here, as before, we take advantage of our 
experiment's replicate structure and focus on sites where parallelism 
increases confidence in our results. After obtaining S estimates for 
each SNP in the data set, we compared expected SNP trajectories 
given those estimates to observed trajectories across our replicate 
populations. To generate expected SNP trajectories, we used a sim-
ple model for estimating allele frequencies over time assuming addi-
tivity (no dominance):

where wAA = 1 + s, wAa = 1 + (0.5 * S), and waa = 1 (Hartl & 
Clark, 2007).

3  | RESULTS

3.1 | SNP identification and coverage assessment

Mean SNP coverage across our raw data set (i.e., prior to any sort of 
filtering based on coverage) was ~66× and mean coverage per sam-
ple ranged from 25× to 143×, with all but two samples having over 
30× and all but 11 of our 193 samples having over 40× (Figure S3, 
Table S1). The coefficient of variation for each sample was less than 
1, indicating there is low variance in coverage across the genome 
within each sample (Table S2). Next, as a means of detecting poten-
tial structural variation in the system (duplications, deletions, etc.) 
we examined normalized coverage across the genome averaged over 
10-kb windows in each sample looking for regions where values di-
verged greatly from 1. We found one such region located on chromo-
some 12. Normalized coverage in this region was consistently higher 
than 1 in all samples (ranging from ~3 to ~7), while the next highest 
regions in other areas of the genome all had values < 2. The high-
coverage SNPs that produced this result were all found in NTS1–2, 
a nontranscribed region of the rDNA repeat located between the 3′ 
ETS and RDN5. These inflated coverages are therefore probably an 
artefact due to the highly repetitive nature of this region.

(2)pt+1=
wAAp2+wAApq

wAAp2+wAa2pq+waaq2

https://github.com/airanmehr/CLEAR
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3.2 | Regression analysis

Here we compared results from running our regression analysis on 
the entire data set (17 time points in total) to results from running 
the analysis on four, eight and 13 time points to see if there were 
any major differences in the candidate regions identified. As seen 
in Figure 1, we generally identify the same major candidate regions 
regardless of how many time points are included. While there ap-
pears to be a positive relationship between the number of candidate 
SNPs detected and the number of time points used in the analysis, 
the differences in total number of SNPs identified are minor when 
analyses feature eight or more time points (Table 1). By comparison, 
significantly fewer sites are identified when only four time points 
are included in the analysis. While our analyses featuring different 
numbers of time points implicate the same major genomic regions, 
individual candidate sites identified from down-sampled analyses 
do not always match those returned by the analysis of the full data 
set (Table 1). There is again a positive relationship between the level 
of overlap (i.e., number of SNPs identified in a given down-sampled 
analysis that are also identified in the analysis using all time points). 
For instance, when four time points are used, only 74% of the iden-
tified SNPs match the list generated by the analysis including data 
from all time points. However, the level of overlap increased to 90% 

when 13 time points are used. So, while the number of time points 
used in this style of analysis does not appear to dramatically impact 
our ability to detect candidate regions, it does appear to impact our 
ability to accurately identify specific candidate SNPs.

In addition to the results described above, we estimated haplo-
type frequencies associated with the most significant marker from 
our regression analysis using all 17 time points (chr16:456156). We 
qualitatively assessed how our interpretation of haplotype trajecto-
ries changes when the original four time points published in Burke 
et al. (2014) are used (Figure S4) versus when all 17 time points are 
used (Figure S5). We find that at the level of haplotypes, increas-
ing the number of time points used does not necessarily impact our 
understanding of which founder haplotype is primarily driving the 
genomic response to selection. Consistent with Burke et al. (2014), 
we find that the haplotype frequencies associated with the Japanese 
sake founder strain (Y12) drive observed SNP frequency changes (cf. 
Figure 2b of Burke et al., 2014). While sequences from additional 
time points do not complicate this result, they do reveal with much 
higher resolution the path of haplotype frequency change—which in 
this case is an initial increase followed by a high-frequency plateau 
(Figures S4 and S5). However, the overall shapes of the trajectories 
are not qualitatively impacted by the addition of more time points. 
While not shown here, these general observations also extend to 

F I G U R E  1   Results from regression analysis using four (a), eight (b), 13 (c) or all 17 (d) time points. SNPs that show significant and 
consistent changes in frequency across all replicates are shown in blue
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what we see when we look at high- and low-resolution haplotype 
trajectories at other prominent peaks from our regression analysis. 
As such, we conclude that high-resolution time sampling does not do 
a great deal to enhance our understanding of haplotype trajectories.

3.3 | Categorizing SNP trajectories

Here we compared results from applying the SOM algorithm to SNP 
trajectories including all 17 time points to those featuring only four, 
eight and 13 time points to evaluate how different sampling schemes 
impacted our ability to accurately define common SNP trajectories. 
As practical limitations prevented us from applying this method 
using every SNP in our data set, we ran tests under the following 
conditions: (a) candidate SNPs based on relevant regression analysis; 
and (b) randomly selected SNPs matching the number of candidate 
sites from appropriate regression analysis.

We find that SOM can clearly identify and categorize SNP tra-
jectories present in the data, when given collections of both random 
SNPs and candidate SNPs from our regression analyses (Figure 2). 
Broadly, we find distinct differences in the patterns identified from 
candidate SNPs versus random SNPs regardless of how many time 
points are used in a given analysis. However, increasing the number 
of time points used in a given analysis does produce more detailed 
trajectories across the board. When we apply the SOM algorithm 
to candidate SNPs and use eight or more time points, we find three 
common patterns: Category 1, little to no change during early stages 
of adaptation followed by an increase; Category 2, a gradual increase 
over the course of the experiment; and Category 3, an increase fol-
lowed by a plateau (Figure 2b–e). For Category 3 trajectories, we 
find that while plateaus at later stages of adaptation do typically 
occur at high frequencies, they do not always involve fixation (see 
Figure 3 for details of SNP frequency distribution across this cat-
egory, and Figure S6 for frequencies across replicates for a single 
representative site).

We also used SOM to categorize the trajectories of candi-
date sites returned from our CMH analysis. This was done to as-
sess whether our main SOM results might be biased toward linear 

patterns, due to our use of linear regression to identify candidate 
sites (see Materials and Methods for more details). We find that de-
spite some minor differences, the linear regression and CMH test 
approaches generally reveal the same significant candidate regions 
(Figure S7). We also find that SOM returns the same categories of al-
lele frequency trajectories, whether we use candidate sites derived 
from our CMH or linear regression analyses (Figure S8). We there-
fore conclude that the SOM results presented in Figure 2 are robust 
to multiple strategies for genome-wide screening of candidate sites, 
and not merely an artefact of using linear regression.

One question that arises from our SOM results using candidate 
sites is: do SNPs within peaks identified in Figure 1 exhibit the same 
evolutionary dynamics? To address this question, we replotted the 
results shown in Figure 1(e), colour-coding each candidate SNP 
based on the most common trajectory category from the SOM anal-
ysis (Figure 4). For a candidate site to be placed in given category, 
SNP trajectories from four or more populations must fall into that 
category. Given the results displayed in Figure 2(e), one natural pre-
diction is for our three categories to be proportionally represented 
in Figure 4. And we find this to be largely true, with Category 3 SNPs 
being the most represented followed by 1 and 2.

As seen in Figure 4, we find that the largest peaks appear to be 
dominated by a single trajectory type. To characterize this result 
more deeply, we examined individual SNP trajectories for each rep-
licate across the five largest peaks present in Figure 1(e) and iden-
tified the most significant site within each peak. We then plotted 
the smoothed allele frequency trajectory at that site along with sites 
occurring within ± 4 kb of that position (Figures S9–S13). These ad-
jacent sites were plotted as a means of giving some sense of how 
trajectory patterns shift with distance from our most significant 
markers. These figures lead us to three general observations. First, 
SNP trajectories appear largely consistent with expectations from 
SOM categories. Second, candidate sites do not always reach fixa-
tion. Third, there is often significant heterogeneity in SNP trajecto-
ries among replicate populations.

3.4 | Selection coefficient and effective population 
size estimates

S and Ne were estimated for our populations using CLEAR (Iranmehr 
et al., 2017). To evaluate how varying the number of time points used 
in our analysis impacted these estimates, we compared results from 
running the analysis with all 17 time points to results from running 
the analysis on four, eight and 13. Starting with our Ne estimates, we 
find that regardless of how may time points were used in a given it-
eration of our analysis, estimates always returned 2,000 haplotypes. 
This is consistent with Iranmehr et al.’s (2017) analysis of the four 
time points from this experiment previously published. Thus, the 
number of time points used in a given analysis does not appear to 
have any meaningful impact on the accuracy of Ne estimates.

We also find that varying the number of time points used in 
our analysis does not appear to dramatically impact estimates of S 

TA B L E  1   Number of candidate SNPs identified by regression 
analysis including data from decreasing numbers of time points

Time points 
sampled

Number of candidate 
SNPs

Overlap with 
full-data set 
analysis

All (17) 1,164

13 1,096 887 (90%)

8 937 740 (86%)

4 555 396 (74%)

“Overlap” refers to the number of candidate SNPs identified in down-
sampled analyses that are also identified by analysis including all time 
points. Sampling schemes always include the initial and final time points 
and are evenly spaced apart; Table S1 provides the details of all time 
points used.
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(Figure 5). Looking across the genome, we find that estimates con-
sistently peak in the same regions across all iterations of our analysis. 
Additionally, we find that estimates from down-sampled analy-
ses and the full analysis using all time points are highly correlated 
(Figure S14, R2 ranging from 0.95 to 0.99). We do observe that esti-
mates are more highly correlated when more time points are used, 
but these differences appear to be fairly marginal.

Given that SOM results suggest that there are three major pat-
terns among our candidate sites, we also compared expected SNP 
trajectories given our S estimates for the most significant sites dis-
playing Category 1, 2 and 3 patterns from Figure 4(e). (Note: these 
sites also have some of our highest S values when estimates are 
made using all time points at 0.007, 0.014 and 0.012 respectively.) In 
the most significant Category 1 site, the expected trajectory given 

F I G U R E  2   SOM results from analyses using four, eight, 13 and 17 time points. Results are from analyses performed on candidate 
sites from respective regression analysis (a–e), or an equivalent number of randomly selected sites. The number of sites that fall into each 
category is displayed above each individual plot, and error bars represent standard deviation. Trajectory patterns associated with candidate 
SNPs were binned into three broad categories (shown in e) for subsequent analysis: little initial change followed by an increase shown in blue 
(Category 1), a gradual and continuous increase over the course of the experiment shown in pink (Category 2), and an increase followed by a 
plateau shown in orange (Category 3)
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our S estimates do not qualitatively match observed trajectories, 
particularly during early portions of the experiment (Figure 6a). This 
is also the case for our most significant Category 3 SNP, except here 
the mismatch occurs primarily during middle portions of the exper-
iment (Figure 6c). However, expected and observed trajectories are 
more consistent for the most significant Category 2 SNP (Figure 6b).

4  | DISCUSSION

4.1 | Increasing time-sampling alone does not 
improve candidate region discovery using regression 
analysis

Here we empirically assess how the number of time points sampled 
in an E&R study impacts our ability to identify regions of the genome 
that respond to selection. To this end, we compare results from a 
complete, time point-rich Saccharomyces cerevisiae E&R data set to 
results calculated using subsets of the data set. Our conclusions are 

premised on the assumption that candidate sites identified from the 
most time point-rich data set best represent the true targets of se-
lection in this system.

From regression analyses, we find that increasing the number of 
time points used in a given analysis does not dramatically improve 
our ability to detect broad candidate regions (Figure 1). A such, our 
results suggest little need for high-resolution time sampling (e.g., 10 
or more time points) in E&R studies aiming to identify broad can-
didate regions. This conclusion is further supported by the results 
of a separate CMH analysis (Figure S7). Despite using only the first 
and last time points of the experiment in this analysis, we find the 
same major peaks identified by the regression results. Taken to-
gether, these findings indicate a limited need for extensive time 
point sampling when the major goal of an E&R study is to identify 
candidate regions. Given that our ability to identify candidate re-
gions is largely determined by the absolute allele frequency differ-
ences over the course of the experiment and consistency across 
replicates, we conclude that optimizing the length of an experiment 
should be prioritized over devoting resources to high-resolution 

F I G U R E  3   Boxplot of SNP frequencies 
at each time point for Category 3 sites. 
This category is defined by an initial 
increase followed by a plateau. As shown 
in the figure, plateaus are not always the 
result of fixation
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F I G U R E  4   Results from regression analysis using all 17 time points. Candidate sites are colour-coded based on the most common 
trajectory pattern across all populations at a given site from SOM analysis. Dark blue indicates four or more populations have a Category 1 
pattern (little to no change followed by an increase), pink indicates a Category 2 pattern (gradual increase) and orange indicates a Category 
3 pattern (gradual increase followed by plateau). Points in light blue represent sites for which there is no majority pattern observed across 
replicates, and points in black sites with p-values below our significance threshold. Pie charts above the five most significant peaks show the 
proportion of significant sites in each region exhibiting each pattern
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time point sampling—provided that the experiment is highly repli-
cated. This conclusion is consistent with recent work in Drosophila 
that empirically demonstrates the importance of experimental 
length in accurately identifying targets of selection (Langmüller 
and Schlötterer, 2020). In general, we expect these recommenda-
tions should also apply to E&R work in which the goal is to identify 

haplotype blocks underlying selection, rather than candidate SNPs 
(Barghi & Schlötterer, 2019; Michalak et al., 2018). This recommen-
dation is further supported when considering that using more time 
points has virtually no impact on our interpretation of the primary 
haplotype underlying the genomic response to selection within our 
most significant candidate region (Figures S20 and S21).

F I G U R E  5   Selection coefficient estimates for all polymorphic sites in our data set from analyses using four (a), eight (b), 13 (c) and all 17 
(d) time points

F I G U R E  6   Expected and observed SNP trajectories for chr12:435756 (a), chr16:456156 (b) and chr16:452113 (c). These are the 
most significant Category 1, 2 and 3 SNPs in our data set based on regression and SOM analysis using all time points. Expected SNP 
trajectories are based on S estimates at these sites, 0.007, 0.014 and 0.012 respectively. Here we see that while the observed trajectories 
qualitatively match that expected for the Category 2 SNP, this is not the case for the Category 1 and 3 SNPs
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In terms of what the above means for regression results previ-
ously presented in Burke et al. (2014), it is unlikely those findings 
are plagued by false positives despite being derived from an analysis 
of only four time points. While Burke et al. (2014) and the present 
study use the same regression approach, the former uses a permuta-
tion-based approach to establish significance thresholds versus the 
Q-Q plot-based method used here. We ultimately made this deci-
sion because the permutation approach of Burke et al. (2014) was 
not appropriate for analyses using large numbers of observations, 
and a method that could be uniformly applied to all versions of the 
analysis was preferable. When we compare the four time point re-
gression analysis presented here to those of Burke et al. (2014), we 
find that the permutation approach produces a significantly higher 
significance threshold and, consequently, only a subset of the candi-
date regions found in this study are identified. As such, the analysis 
featured in Burke et al. (2014) is at worst too conservative.

While we tend to identify the same candidate regions regardless 
of the number of time points used in a given analysis, individual SNPs 
identified across different analyses varied notably. Moreover, using 
the complete analysis involving all time points as a reference point, 
we find that discrepancies at the SNP level increase as fewer time 
points are used in a given analysis (Table 1). As our regression ap-
proach is structured to identify SNPs that change in frequency con-
sistently across replicate populations, one possible explanation for 
this discrepancy is that analyses with few time points might reflect 
inconsistencies across replicate populations due to chance and/or 
sampling error. As such, sampling many time points may be of value 
to studies interested in tracking specific, perhaps of a priori interest, 
candidate sites versus revealing larger candidate regions.

4.2 | Self-organizing maps reveal the shapes of 
allele frequency change

Self-organizing maps allowed us to visualize SNP frequency changes 
over the course of adaptation and categorize these trajectories ac-
cording to how commonly they were observed. As such, we find that 
SOM can be a useful tool in E&R studies. In using SOM, we find that 
increasing the number of time points has clear benefits. For example, 
the plateau trajectory that emerges as common among candidate 
sites in the complete data set does not appear as clearly when only 
four time points are used. However, the benefit of additional time 
points tapers off when using more than eight time points (Figure 2).

When applying SOM to random collections of SNPs, we unsur-
prisingly get maps that appear more consistent with stochastic pro-
cesses rather than selection. However, applying SOM to candidate 
sites from regression analyses led to a number of insights regarding 
the evolutionary processes driving adaptation. SOM results were 
consistent whether specific lists of candidate sites were generated 
by regression or CMH analysis, which suggests that these insights 
are not simply an artefact of our chosen test statistic (Figure S8). 
As best seen in Figure 2(e), the majority of SNP trajectories at can-
didate sites fall into one of three categories: little to no change in 

frequency during early stages of adaptation followed by an increase 
at later stages (Category 1), a gradual continuous increase (Category 
2), or gradual increase in frequency during early stages of adaptation 
followed by a plateau around generation 270 (Category 3). Figure 4 
also shows that as one might expect given linkage, sites with a given 
trajectory pattern tend to cluster with one another.

We find clear examples of Category 1 SNPs throughout the 
genome—notably in the most significant peak from our regression 
analysis on chromosome 9 (Figure S10)—that show little change or 
even decrease in frequency during early stages of adaptation but 
then increase at later stages. The prevalence of this pattern suggests 
some level of context-dependence and supports the idea that mod-
els featuring constant selection coefficients may not sufficiently 
account for the complexities underlying adaptation in sexual popula-
tions (Chevin & Hospital, 2008; Orozco-ter Wengel et al., 2012). This 
notion is further reinforced by comparing observed SNP trajecto-
ries at the most significant Category 1 site to textbook expectations 
given our estimate of S at this site (Figure 6a). Here the discrepancy 
between observed and expected, particularly during early cycles of 
the experiment, suggests a model assuming a constant S cannot fully 
account for the observed patterns. In contrast, Category 2 SNPs 
that exhibit gradual and continuous increases appear much more 
consistent with classic models (Figure 6b) and perhaps more repre-
sentative of what we would expect in a typical soft sweep scenario 
(Burke, 2012).

The Category 3 trajectory pattern wherein SNPs show an initial 
increase in frequency but little to no change at later stages of ad-
aptation also appears at odds with expectations from conventional 
population-genetic theory. For instance, we find that this pattern 
cannot always be attributed to candidate sites fixing before the 
end of the experiment (Figure 3). As such, we would argue this di-
rectly supports the hypothesis that alleles under selection will not 
necessarily fix in sexual populations (Burke et al., 2010; Chevin & 
Hospital, 2008; Phillips et al., 2016). A comparison of the expected 
versus observed SNP trajectory for our most significant SNP in this 
category given our S estimates (Figure 6c) again suggests that this 
sort of trajectory diverges from what we would expect from conven-
tional models assuming a constant S.

It is worth noting we do not find any evidence here of the sce-
nario described in Orozco-ter Wengel et al. (2012) where initially 
rare variants rapidly increase but stabilize at intermediate frequen-
cies at later stages of adaptation. However, as our ancestral popu-
lation was constructed by crossing only four strains of S. cerevisiae, 
most alleles occur at intermediate frequencies. In fact, only ~ 1% of 
polymorphic sites in the ancestor have starting frequencies less than 
0.10 or greater than 0.90. Consequently, there is perhaps limited 
opportunity to observe the specific type of trajectory reported by 
Orozco-ter Wengel et al. (2012).

To generate insights into the patterns revealed by combining 
SOM and regression analysis (Figure 4), it was useful to simply 
examine the actual SNP trajectories within our most significant 
candidate peaks (Figures S9–S13). These figures provide clear 
evidence of heterogeneity among trajectory types within a given 
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peak, a pattern suggested by Figure 4. While the underlying 
source of this heterogeneity is unknown, possible explanations 
for it could include selected alleles being carried on more than 
one haplotype, or multiple targets of selection in close proximity 
to one another. In addition, these figures reveal that SNP trajec-
tories in a given region exhibit variation within and among rep-
licate populations. This apparent heterogeneity at the replicate 
level suggests that the high degree of parallelism often found in 
sexual E&R studies, in which sequence data are typically only col-
lected at the end of the experiment (e.g., Graves et al., 2017), does 
not necessarily extend to all stages of adaptation. This is partic-
ularly interesting in light of findings from a recent E&R study in 
Drosophila simulans suggesting polygenic adaptation can result in 
reduced parallelism in the response to selection across replicate 
populations (Barghi et al., 2019). In their study, the authors report 
the existence of alleles that appear to respond to selection in some 
replicates but not others. As our own analysis focuses on sites that 
show parallel responses across replicates, we cannot comment on 
this particular issue. Instead, we observe a different form of het-
erogeneity in which a candidate site may show similar starting and 
ending frequencies in multiple replicate populations, but differ-
ent replicate-specific evolutionary trajectories. This phenomenon 
may represent another consequence of polygenic adaptation.

All of this said, it is worth considering that our experiment does 
not feature a simple selective pressure (low nutrient environment, 
thermal stress, etc.). As such, our efforts to use this data set and 
SOM to answer questions regarding the underlying evolutionary 
processes driving adaptation may not utilize the full power of the 
E&R approach. However, we maintain that our work provides a valu-
able proof of concept that in-depth characterization of allele fre-
quency trajectories from sequence data sampled at different stages 
of adaptation can indeed generate insights into the processes driving 
adaptation. Applying this approach in experiments featuring selec-
tion regimes where one might expect nonlinear or replicate-specific 
allelic trajectories a priori could be an especially fruitful future direc-
tion, such as in studies imposing selection for life history characters 
where extensive balancing selection owing to antagonistic pleiot-
ropy is expected (Michalak et al., 2017).

4.3 | Increasing time-sampling alone does not 
impact selection coefficient estimation

In general, we find largely consistent S estimates, regardless of how 
many time points are used to derive those estimates; however, we do 
find some evidence for increased consistency when the number of 
time points used in a given analysis is increased. In other words, cor-
relations between estimates from the complete data set and those 
calculated from subsets of the data set increase when more time 
points are used (Figure S14). However, given that results from the 
four-time point analysis are still highly correlated with those using 
all 17 (R2 = 0.95), we conclude that increasing time point sampling 
does not meaningfully change estimates of selection coefficients. 

This conclusion corroborates the results of Taus et al. (2017), who 
analysed a range of simulated data sets and found that while increas-
ing experimental parameters such as population size and replication 
improves the accuracy of selection parameter estimates from time 
series data, the number of time points has relatively minor effects. 
Notably, while our data suggest that increased time sampling does 
not change estimates of selection coefficients (as generated by ex-
isting software tools), they also cast some doubt on the accuracy of 
these estimates.

As discussed above, we find that Category 1 and Category 3 tra-
jectories cannot fully be explained by theoretical predictions using 
S estimates from representative sites in those categories. So, while 
S estimates derived from CLEAR do not change regardless of how 
many time points are used in the analysis, they may not be fully ac-
curate as the underlying methodology does not allow for the possi-
bility of dynamic selection coefficients, nor for the related idea that 
selection coefficients at individual sites may be determined by the 
frequency of other selected sites (Burke & Long, 2012; Chevin & 
Hospital, 2008; Orozco-ter Wengel et al., 2012). However, should 
methods to accommodate these possibilities be developed, it seems 
reasonable to expect that the number of time points sampled could 
be more consequential than we report here. Low-resolution sam-
pling may fail to fully characterize when and how allele frequencies 
change across different stages of adaptation. Thus, estimating S 
from a time point-rich data set such as this one cannot provide direct 
evidence in favour of a particular model of allele frequency change, 
at least using existing methods.

Lastly, when we compare genome-wide S estimates to our re-
gression results (Figures 1 and 5), we find that there is a fair amount 
of overlap between peaks (i.e., our highest S estimates are often lo-
cated in candidate regions from our regression analysis). However, 
this overlap is not perfect. Resolving this particular issue would re-
quire identifying the true targets of selection across our complete 
list of candidate regions, which in turn requires extensive experi-
mental validation of those candidates (e.g., a large series of knock-
out experiments evaluating the impact of candidate genes on fitness 
across common genetic backgrounds). As such an undertaking falls 
outside the scope of this particular study, we cannot directly com-
ment on why this relationship sometimes breaks down and can only 
speculate that perhaps it involves the assumption of a constant S 
when using CLEAR.

5  | Conclusion

Our results regarding the role of time point sampling in E&R stud-
ies can be generalized in ways that lead to experimental design rec-
ommendations. We believe our conclusions and recommendations 
should apply to studies featuring many replicates, large populations 
and moderate selection regimes. However, we remain agnostic 
about the utility of these recommendations for studies that deviate 
strongly from this sort of design (those with small populations, more 
intense selection regimes, etc.).
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Within the context of E&R studies that do feature many repli-
cates, large population sizes and moderate selection, we find that 
the number of time points sampled does not impact the ability to 
detect candidate regions. We identify the same broad candidate 
regions regardless of how many time points are analysed. Similarly, 
the number of time points does not meaningfully impact S estimates 
when using a method like CLEAR. However, our categorization of 
high-resolution allele frequency trajectories suggests that these S 
estimates may be fundamentally inaccurate, due to the assumptions 
underlying CLEAR, notably the assumption of static, rather than dy-
namic, selection coefficients. Conclusions such as this would not be 
possible without high-resolution time series data; therefore, we re-
port that increasing the number of time points leads to an improved 
ability to characterize evolutionary processes underlying adaptation.

As for the question of when in an E&R study should popula-
tions be sampled, that will largely depend on the model organism 
used. Drosophila E&R studies tend to run for dozens of generations 
(Franssen et al., 2015; Huang et al., 2014; Jha et al., 2015; Orozco-
ter Wengel et al., 2012; Tobler et al., 2014) compared to hundreds in 
this study; thus none of the sampling schemes in Table S1 would be 
appropriate. Instead, sampling schemes should be tailored to known 
rates of adaptation and the duration of a given experiment. To give a 
concrete example, in Drosophila E&R studies most of the phenotypic 
and genomic response to selection we can expect to observe occurs 
within ~40 generations (Graves et al., 2017). As such, our results 
here suggest that an appropriate sampling scheme for a Drosophila 
experiment might involve ~50 generations of selection with samples 
being taken for sequencing every seven to 10 generations.

Finally, this study of E&R data from 17 time points collected 
from 12 replicate populations over the course of hundreds of gen-
erations represents the largest data set of this kind in a sexual eu-
karyote. Due to the massive size of this data set, we observed many 
patterns inconsistent with simple interpretations of the effects of 
our selection protocol. With so many individual data points, we 
have a unique opportunity to evaluate these patterns in the context 
of the rest of the data set. Ultimately, we chose to exclude many of 
these data points in an effort to remain conservative. However, we 
argue that, in general, an added benefit of sequencing many time 
points in E&R work is the ability to develop a deeper understand-
ing of individual experiments. While simulations of evolutionary 
experiments are very useful in terms of shaping our expectations 
of the consequences of adaptation, empirical data teach us more 
about what happens in practice. However, laboratory experiments 
are never perfect, and populations in nature do not obey simple 
rules. Only from rich data sets can we hope to untangle the signal 
from the noise.
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