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Abstract 8 

As an adapting population traverses the fitness landscape, its local neighborhood (i.e., the collection 9 

of fitness effects of single-step mutations) can change shape because of interactions with mutations 10 

acquired during evolution. These changes to the distribution of fitness effects can affect both the 11 

rate of adaptation and the accumulation of deleterious mutations. However, while numerous 12 

models of fitness landscapes have been proposed in the literature, empirical data on how this 13 

distribution changes during evolution remains limited. In this study, we directly measure how the 14 

fitness landscape neighborhood changes during laboratory adaptation. Using a barcode-based 15 

mutagenesis system, we measure the fitness effects of 91 specific gene disruption mutations in 16 

genetic backgrounds spanning 8,000-10,000 generations of evolution in two constant environments. 17 

We find that the mean of the distribution of fitness effects decreases in one environment, indicating 18 

a reduction in mutational robustness, but does not change in the other. We show that these 19 

distribution-level patterns result from differences in the relative frequency of certain patterns of 20 

epistasis at the level of individual mutations, including fitness-correlated and idiosyncratic 21 

epistasis.  22 



 

Introduction 23 

Evolutionary adaptation relies on recombination and spontaneous mutagenesis to constantly 24 

introduce variation into populations, upon which natural selection can act. The fate of a single 25 

mutation - and its impacts on the dynamics of adaptation - depends on how it affects organismal 26 

fitness, which we know depends in complex ways on the rest of the genetic background (reviewed 27 

in de Visser et al., 2011; Domingo et al., 2019; Lehner, 2011). Understanding this genotype-28 

dependence, or epistasis, involves analyzing key features of the fitness landscape, the high-29 

dimensional map between genotype and fitness (Wright, 1932). 30 

To investigate these questions, numerous studies have surveyed epistatic interactions among a 31 

variety of different types of mutations. These studies have found that beneficial mutations isolated 32 

from laboratory evolution experiments tend to exhibit negative epistasis. That is, they are less 33 

beneficial in combination than would be expected from the combination of their effects in isolation 34 

(Karkare et al., 2021; MacLean et al., 2010; Ono et al., 2017; Rokyta et al., 2011; Schenk et al., 2013; 35 

Schoustra et al., 2016; Zee and Velicer, 2017). However, some examples of positive epistasis among 36 

beneficial mutations have also been observed (Chou et al., 2009; Fumasoni and Murray, 2020; Hsieh 37 

et al., 2020; Khan et al., 2011; Levin-Reisman et al., 2019). Surveys of interactions between 38 

deleterious mutations have produced numerous examples of both positive and negative epistasis 39 

(Costanzo et al., 2016; Elena and Lenski, 1997; Hall and MacLean, 2011; Jasnos and Korona, 2007; 40 

Lalić and Elena, 2012; Sanjuán et al., 2004; Van Leuven et al., 2021). 41 

While this earlier work has identified a wide range of epistatic interactions among specific 42 

combinations of mutations, several recent studies of epistasis in laboratory microbial systems have 43 

found that general patterns of fitness-correlated epistasis often emerge. These fitness-correlated 44 

patterns typically favor less-fit genotypes: for both beneficial and deleterious mutations, we usually 45 

find that the fitness effect of a mutation is negatively (rather than positively) correlated with the 46 

fitness of the genetic background on which it occurs (Chou et al., 2011; Johnson et al., 2019; Khan et 47 

al., 2011; Kryazhimskiy et al., 2014). These patterns have been termed diminishing returns and 48 

increasing costs for beneficial and deleterious mutations respectively. These trends are particularly 49 

intriguing to those interested in modeling the dynamics of adaptation for two reasons. The first is 50 

the analytical promise of a simple, monotonic relationship between fitness and the fitness effects 51 

of mutations. The second is the potential for these patterns of epistasis to explain declining 52 

adaptability, a commonly observed phenomenon in laboratory evolution experiments in which the 53 

rate of fitness increase slows as evolution proceeds (reviewed in Couce and Tenaillon, 2015, see 54 



 

Wünsche et al., 2017 for an analysis of the link between diminishing returns and declining 55 

adaptability). 56 

The initial studies that identified patterns of fitness-mediated epistasis did so in the context of a 57 

relatively small number of beneficial mutations, finding that these mutations became 58 

systematically less beneficial in more-fit genetic backgrounds. More recent work has shown that as 59 

populations evolve, the average fitness effect of a spontaneous beneficial mutation decreases 60 

(Aggeli et al., 2021; Wünsche et al., 2017). Much less work has been done to characterize how the 61 

effects of deleterious mutations interact with the beneficial mutations that fix during evolution 62 

(Remold and Lenski, 2004). We recently showed that the fitness effects of larger panels of ~100 to 63 

~1000 random insertion mutations (both beneficial and deleterious) tend to be systematically less 64 

beneficial or more deleterious in more-fit backgrounds (Johnson et al., 2019). However, the genetic 65 

backgrounds in that study were derived from a cross between two diverged yeast strains. It remains 66 

unclear whether similar patterns would hold across genetic backgrounds that are the result of long-67 

term laboratory evolution, because the mutations that drive evolutionary adaptation are selected 68 

along a line of descent, which in principle could affect their epistatic interactions.  69 

Here, we directly address this question by measuring the fitness effects of a panel of insertion 70 

mutations during the course of a long-term laboratory evolution experiment in budding yeast. 71 

Specifically, we isolated clones from 6 timepoints spanning 8,000 to 10,000 generations of 72 

adaptation to each of two constant laboratory environments from the ongoing evolution 73 

experiment we have recently described (Johnson et al., 2021). While the yeast strains used in our 74 

prior experiment differed at tens of thousands of segregating loci, the strains in this experiment 75 

differ by only tens or hundreds of mutations that fixed successively during evolution. By looking at 76 

the effects of insertion mutations in these strains, we are measuring a panel of hidden phenotypes 77 

(the fitness effects of the mutations) that may change predictably or stochastically during evolution. 78 

The widespread presence of epistasis observed in biological systems suggests that these hidden 79 

phenotypes may be important to long-term evolutionary outcomes as the fitness effects of 80 

mutations effectively open and close doors to unique pathways for evolution (Johnson et al., 2021; 81 

Karkare et al., 2021; Kvitek and Sherlock, 2011). 82 

Robustness can be broadly defined as invariance in the face of perturbation (Masel and Siegel, 83 

2009). Here we are concerned specifically with mutational robustness, a measure of how invariant 84 

phenotypes are to mutations (Lauring et al. 2013). Our approach complements several recent 85 

studies that have analyzed changes in mutational robustness during evolution by conducting 86 

mutagenesis followed by phenotypic measurements. For example, Novella et al. (2013) found that 87 

vesicular stomatitis virus strains evolved in the lab gained robustness, measured based on survival 88 



 

after mutagenesis. In contrast, Butković et al. (2020) found that a strain of turnip mosaic potyvirus 89 

evolved in Arabidopsis thaliana lost robustness over time, measured as the change in the ability of 90 

the virus to retain its level of plant infectivity after mutagenesis. Our barcode-based mutagenesis 91 

system makes it possible to dissect these overall changes in robustness, by measuring how they 92 

emerge as a result of changes in the effects of individual mutations. 93 

In this study, we aim to leverage this mutation-level data to better understand the structure of 94 

epistasis in evolving populations. First, we analyze the overall distribution of fitness effects to 95 

measure how mutational robustness changes during adaptation in each environment. Next, we ask 96 

whether the distribution-level changes we observe can be explained by patterns of fitness-97 

correlated epistasis among individual mutations. Finally, we examine how the effects of these 98 

mutations change in each of the evolving populations, asking whether epistasis is more often driven 99 

by predictable adaptations common across populations or by specific mutations fixed in a single 100 

population.  101 

Results 102 

Changes in the distribution of fitness effects during evolution 103 

We isolated two clones from each of six timepoints from six haploid populations evolved in rich 104 

media at a permissive temperature (YPD 30°C) and from six haploid populations evolved in a 105 

defined media environment at a high temperature (SC 37°C), a total of 144 clones. We measured the 106 

fitness of each of these clones in the environment to which they adapted, finding that fitness 107 

increases steadily through time in both the YPD 30°C and SC 37°C environments, and displays a 108 

general pattern of declining adaptability (Figure 1A).  109 

We next created a library containing each of 91 insertion mutations in each of our 144 clones. This 110 

set of mutations was identified previously as a subset of random insertion mutations that have 111 

measurable effects in the strains from Johnson et al. (2019). These mutations have a similar 112 

spectrum of effects in the clones isolated for this study (Figure 1 – figure supplement 8), suggesting 113 

that they are also a broad sample of insertion mutations with measurable fitness effects in these 114 

strains. We measured the fitness effect of each mutation in each clone using barcode-based 115 

competition assays as described in Johnson et al., 2019. Because the molecular dynamics of 116 

evolution in these haploid populations are characterized by successive selective sweeps, we expect 117 

the two clones isolated from each population at each timepoint to have very similar genetic 118 

backgrounds. When we compare the average fitness effect measurement for each insertion 119 



 

mutation between these clones, we generally see strong agreement, with a few exceptions (Figure 120 

1 – figure supplements 1-3). These exceptions likely represent rare but important genetic 121 

differences between clones from the same population-timepoint. Given this, we chose to analyze 122 

our data in two ways. First, we improve the reliability of our fitness effect measurements for each 123 

population-timepoint by using measurements from cBCs from both clones, treating them as we 124 

treated biological replicates in Johnson et al., 2019. Second, we treat each clone independently.  125 

Figure 1 – figure supplement 7, Figure 2 - figure supplement 5, Figure 3 - figure supplement 5, and 126 

Figure 4 - figure supplement 1 show that our qualitative conclusions are unchanged when using 127 

this second approach. 128 

We find that the distribution of the fitness effects (DFE) of our 91 insertion mutations changes over 129 

the course of the evolution experiment. In the YPD 30°C environment, the mean of the DFE 130 

decreases over time as fitness increases during evolution (Figure 1B), consistent with a general 131 

pattern of both diminishing returns and increasing costs. The negative relationship between 132 

generations evolved and the mean of the DFE is significant in the entire set of population-timepoints 133 

(P = 2.0´10-6, Wald Test) and in four of our six individual populations (P<0.05, Wald Test). In 134 

contrast, although the DFE does shift in individual populations evolved in our SC 37°C environment, 135 

we do not see any consistent patterns (Figure 1B).  136 

In both environments, we find that the changes in the mean of the DFE are modest compared to 137 

our previous experiment (Figure 1 – figure supplement 6 shows that the slope of the regression 138 

between the DFE mean and background fitness in YPD 30°C is less than half the magnitude of the 139 

corresponding slope in Johnson et al., 2019). The reasons for this are unclear, but may reflect the 140 

fact that fitness differences between the strains we study here are caused by a smaller number of 141 

mutations. We note that because of the modest differences in the DFE between clones, the noise in 142 

our measurements contributes significantly to the variation. One potentially biased source of this 143 

noise is missing measurements: not all mutations have fitness effects measured in each population-144 

timepoint, due to differences in transformation efficiency or, most commonly, mutations that had 145 

too few read counts in the first two timepoints of the fitness assay. As in Johnson et al., 2019, missing 146 

measurements of strongly deleterious mutations are more common in more-fit strains (clones from 147 

later timepoints) in YPD 30°C, suggesting that the negative correlation between generations evolved 148 

and the mean of the DFE would be stronger if more of these deleterious mutations had been 149 

successfully measured in clones from later timepoints. Indeed, if we look at a limited set of 150 

mutations with measurements in every population-timepoint, or if we “fill in” missing 151 

measurements using their average fitness effect across population-timepoints, we see similar or 152 

stronger patterns of change (P<5´10-7, Wald Test) in the DFE mean in YPD 30°C (Figure 1 – figure 153 

supplement 5). This relationship between the DFE mean and generations evolved also holds 154 



 

(P<5´10-8, Wald Test) in our analysis where clones are treated independently (Figure 1 – figure 155 

supplement 7). 156 

Figure 1: The DFE mean declines in 157 
one of two environments during 158 
evolution (A) Changes in fitness 159 
during the evolution experiment, 160 
measured as the average fitness of 161 
two clones isolated from six 162 
timepoints in each population. In 163 
each graph, zero is the fitness of a 164 
fluorescent reference used in that 165 
environment. Error bars represent 166 
the standard deviation of the 167 
fitnesses measured for the two 168 
clones (points without error bars 169 
have errors smaller than the point 170 
size). (B) The mean fitness effect of 171 
the insertion mutations measured in 172 
the clones isolated from each 173 
timepoint. Asterisks in the legend 174 
represent a significant correlation 175 
(P<0.05, Wald Test) between 176 
generation and DFE mean in that 177 
population alone. In both (A) and (B), 178 
the six populations are indicated by 179 
color. Error bars represent the 180 
standard error of the DFE mean, 181 
calculated from the standard errors 182 
of individual mutations (see 183 
Materials and Methods). 184 

185 



 

Epistasis at the level of individual mutations 186 

We next turn to the components of these distribution-level patterns: epistatic patterns for 187 

individual mutations. To look at these patterns, we focus on mutations that have fitness 188 

measurements in at least 20 population-timepoints in each environment (77 mutations in YPD 30°C, 189 

74 in SC 37°C, 70 in both). We start by looking for patterns of fitness-correlated epistasis. We classify 190 

each mutation in each environment as correlated negatively or positively with background fitness 191 

if the correlation is significant at the P<0.05 level (Wald Test) and the absolute value of the slope is 192 

greater than 0.05, and classify them as not significantly correlated if they do not meet these criteria. 193 

The cutoff of 0.05 for the slope was chosen to filter for mutations with an effect size across the range 194 

of background fitness that is larger than the typical standard error for our fitness effect 195 

measurements (see Materials and Methods). For both environments, we find numerous examples 196 

of both negative and positive correlations, corresponding to increasing costs or decreasing costs 197 

respectively for deleterious mutations (and to diminishing returns or increasing returns 198 

respectively for beneficial mutations).  199 

In Figure 2, we show examples illustrating how the fitness effect of specific mutations vary across 200 

clones isolated from each environment, plotted as a function of the fitness of each clone in that 201 

environment (i.e. the background fitness). We find numerous examples of mutations which exhibit 202 

negative, positive, and non-significant correlations with background fitness in both environments 203 

(panels along the diagonal). We also find examples where a specific mutation exhibits a non-204 

significant correlation in one environment and either a positive or negative correlation in the other 205 

(off-diagonal panels). Overall, consistent with our previous results, we observe about twice as many 206 

negative correlations as positive correlations. As we would expect from the DFE-level results, this 207 

imbalance is more pronounced in the YPD 30°C environment: 33/77 (~43%) mutations have fitness 208 

effects that decline significantly as background fitness increases in YPC 30°C, compared to 17/74 209 

(~23%) in SC 37°C. We also find that only 9/77 (~12%) mutations display the opposite pattern (fitness 210 

effects increase significantly as background fitness increases) in YPD 30°C, while 13/74 (~18%) 211 

display this pattern in SC 37°C. Because we are primarily focused on comparing the frequency of 212 

each pattern across environments, we report these values before multiple-hypothesis-testing 213 

correction here and in Figure 2; after a Benjamini Hochberg multiple-hypothesis correction these 214 

values fall to 24/77 (~31%), 15/74 (~20%), 9/77 (~12%), and 11/74 (~15%), respectively.   215 



 

 216 

 217 

Figure 2. Patterns of fitness-correlated epistasis. Each panel shows an example of a specific mutation with 218 
a particular combination of relationships (negative, positive, or non-significant correlation between fitness 219 
effect of the mutation, s, and background fitness) in the two environments; numbers indicate the total number 220 
of mutations displaying each pair of relationships. Each point depicts the fitness effect (y-axis) of one insertion 221 
mutation measured in one population-timepoint, with the measured fitness of that population-timepoint 222 
represented on the x-axis. Error bars show the standard error of both measurements (see Materials and 223 
Methods). Axes are colored to identify the environment: in each panel the blue axes on the left is data from 224 
YPD 30°C and the black axes on the right is data from SC 37°C. Points are colored by population, as in Figure 1. 225 
Each set of example plots is labeled by where the mutation is in the genome (i.e. which gene it disrupts).  226 



 

Modeling the determinants of fitness effects 227 

The examples in Figure 2 demonstrate that correlations between fitness effects and fitness are 228 

common but often do not explain the bulk of epistasis. By definition, the fitness-correlated patterns 229 

we observe are the result of interactions between our insertion mutations and mutations that fix 230 

during the evolution experiment. If these interactions are all strictly “fitness-mediated,” the fitness 231 

effects of mutations will be fully explained by a background fitness effect. Alternately, correlations 232 

between fitness effects and fitness could arise based on the average effect of a number of 233 

idiosyncratic effects that are more likely to be negative versus positive. To understand the relative 234 

contribution of these determinants of epistasis, we compare 3 linear models used to explain the 235 

fitness effects of a single mutation in each of our two environments: 236 

1. The fitness model (XM): the fitness effect of the mutation is a linear function of 237 

background fitness. 238 

2. The idiosyncratic model (IM): the fitness effect of the mutation can change in any 239 

population at any timepoint (and all subsequent timepoints) when an interacting mutation 240 

fixes in that population (see below for our constraints on fitting these parameters). 241 

3. The full model (FM): the fitness effect of the mutation is affected by both a linear effect of 242 

background fitness and the idiosyncratic interactions of fixed mutations, as in the 243 

idiosyncratic model.  244 

We fit each model by ordinary least squares. We define the fitness effect of each mutation in the 245 

ancestral strain as the mean fitness effect measured among clones from the first timepoint, and fix 246 

the intercept of each of our models accordingly. For the idiosyncratic and full models, we add 247 

idiosyncratic parameters iteratively, choosing the parameter that improves the Bayesian 248 

Information Criteria (BIC) the most at each step. These coefficients represent epistasis between the 249 

insertion mutation in question and one or more unknown mutations that fix during evolution in 250 

one population. Because mutations generally fix between every pair of timepoints during evolution, 251 

there could in principle be one idiosyncratic parameter for each timepoint in each population, but 252 

allowing all of these parameters would constitute over-fitting. To combat this possibility, we do not 253 

allow parameters that fit a single point (e.g., a parameter for an effect at the final timepoint), and 254 

we only allow one parameter per population. We stop this iterative process of adding parameters 255 

if the BIC improves by less than 2 during a step (or when there is one parameter per population). 256 

Note that because of this iterative parameter adding procedure, the full model may have a different 257 



 

set of idiosyncratic parameters and will sometimes have less explanatory power than the 258 

idiosyncratic model (i.e. IM is not nested in FM). 259 

Figure 3A shows how well each model explains the fitness effect data for each mutation in each 260 

environment. We find that the fitness model often explains a modest amount of variance (mean R2: 261 

18% in YPD 30°C, 19% in SC 37°C), but the idiosyncratic model (mean R2: 54% in YPD 30°C, 41% in 262 

SC 37°C) and the full model (mean R2: 53% in YPD 30°C, 44% in SC 37°C) usually offer more 263 

explanatory power. The examples in Figure 3B also demonstrate that epistasis is not strictly fitness-264 

mediated; we commonly observe a stepwise change in the fitness effect of an insertion mutation in 265 

one evolving population, likely indicating epistasis between the insertion mutation and one or more 266 

mutations that fix in that population at a particular timepoint. 267 

We can also ask which model best explains the data using the BIC, which penalizes models based 268 

on the number of parameters. The small squares below the bars in Figure 3A indicate which model 269 

has the lowest BIC for each mutation. In YPD 30°C, the full model has the lowest BIC for 40/77 (~52%) 270 

mutations and the idiosyncratic model has the lowest BIC for 37/77 (~48%). In SC 37°C, the full model 271 

has the lowest BIC for 49/73 (~67%) mutations and the idiosyncratic model has the lowest BIC for 272 

24/73 (~33%). When we assess how well each model fits the entire dataset in each environment, the 273 

full model has a lower BIC than the idiosyncratic model in both environments. 274 



 

 275 
Figure 3. Determinants of fitness effects. (A) For each environment, we plot the standard deviation of the 276 
fitness effect across all population-timepoints and the square root of the variance explained by each of our 277 
three models. The colored squares below each bar represent which model has the lowest BIC for each 278 
mutation. Mutations shown in red or black are insertions in or near the corresponding gene, respectively; stars 279 
indicate the mutations shown in panels B and C. Only mutations with fitness-effect measurements in at least 280 
20 population-timepoints are shown. The insets show the distribution of all coefficients in the idiosyncratic 281 
model (IM) and full model (FM), pooled across all mutations.  (B) Examples of idiosyncratic (left half) and full 282 
(right half) model fits. Model predictions are shown by dashed lines, and lines with contributions from 283 
indicator variables associated with a particular population are the same color as the points from that 284 
population (colors are the same as in Figure 1). 285 



 

Positive and negative coefficients in the idiosyncratic model represent positive and negative 286 

epistasis between mutations that fix during evolution and our insertion mutations. While these 287 

coefficients can arise in our modeling procedure due to noise alone, we find far more coefficients 288 

in our empirical dataset than in a simulated or shuffled dataset (see Materials and Methods, Figure 289 

3 – Figure supplement 4). The bulk of the coefficients we find in YPD 30°C are negative (214/291, 290 

~74%), while both positive (131/245, ~53%)  and negative (114/245, ~47%) coefficients are common 291 

in our idiosyncratic model in SC 37°C (Figure 3A insets). Note that many of the positive epistatic 292 

terms in our idiosyncratic model in SC 37°C are the result of a consistent reduction in the fitness 293 

costs of some deleterious mutations in the first 2,000 generations of evolution in all populations 294 

(e.g., see the mutation in VAM6 in Figure 3B and others in Figure 3 – figure supplements 6-37, and 295 

see Figure 3 – figure supplement 3 for a breakdown of coefficients by individual mutations). 296 

The differences we observe in epistatic patterns between environments could be caused by 297 

interactions between epistasis and the environment (“GxGxE” effects), differences in the adaptive 298 

targets (i.e. the functional modules subject to selection) in each environment, or a combination of 299 

the two. To tease apart these possibilities, we measured the fitness effects of mutations in clones 300 

evolved in YPD 30°C in the SC 37°C environment. We assayed the background fitness of each of 301 

these clones in SC 37°C and found that populations evolved in YPD 30°C sometimes experience large 302 

fitness declines in the SC 37°C environment (Figure 4C). We also observe widespread epistasis in 303 

this alternate environment, but do not observe any overall trends in the mean of the DFE in SC 37°C 304 

over the course of evolution in YPD 30°C (Figure 4A-B). Instead, the variance in our data is 305 

dominated by one particularly low fitness clone (from population P1C05, generation 7550) in which 306 

several insertion mutations were strongly beneficial (Figure 4C). 307 

When we apply the same set of models to this dataset, we again find that both background fitness 308 

and idiosyncratic effects can explain how many mutations’ fitness effects vary, with the latter again 309 

outperforming the former (Figure 4A). Notably, we observe relatively more positive epistatic 310 

coefficients (109/241, ~45%) than in YPD 30°C (77/291, ~26%), though we also observe a heavy tail 311 

of strongly negative coefficients. These patterns of idiosyncratic epistasis are not due to outsized 312 

contributions from a few populations; the distributions of IM coefficients for YPD 30°C populations 313 

are different in the two assay environments across populations (Figure 3 – figure supplement 2). 314 

Overall, these results support the hypothesis that GxGxE effects underlie the differences we observe 315 

between environments (see also Hall et al. 2019), though they do not rule out the possibility that 316 

differences in adaptive targets between environments may also contribute.  317 



 

 318 

Figure 4. Patterns of epistasis in a non-evolution environment. (A) Same as Figure 3A, but for clones from 319 
YPD 30°C assayed in SC 37°C. We plot the standard deviation of the fitness effect across all population-320 
timepoints and the square root of the variance explained by each of our three models. The colored squares 321 
below each bar represent which model has the lowest BIC for each mutation. Mutations shown in red or black 322 
are insertions in or near the corresponding gene, respectively; stars indicate the mutations shown in panel B. 323 
Only mutations with fitness-effect measurements in at least 20 population-timepoints are shown. The inset 324 
shows the distribution of all coefficients in the idiosyncratic model (IM) and full model (FM), pooled across all 325 
mutations. (B) Example IM model fit, as in Figure 3B. The model predictions are shown by bold dashed lines, 326 
and lines with contributions from indicator variables associated with a particular population are the same 327 
color as the points from that population (colors are the same as in Figure 1 and panel C). (C) The fitness and 328 
DFE mean over time in YPD 30°C populations assayed in SC 37°C. The asterisk indicates a significant correlation 329 
(P<0.05). Error bars on fitness represent the standard deviation of the fitnesses measured for the two clones, 330 
but note that we were only able to measure the fitness of one clone at several population-timepoints due to 331 
low fitnesses relative to our reference; the corresponding points here have no error bars. Error bars on the 332 
DFE mean represent the standard error of the DFE mean, calculated from the standard errors of individual 333 
mutations (see Materials and Methods). 334 



 

Discussion 335 

Shifting distributions of fitness effects 336 

By using our barcode-based mutagenesis system to assay the fitness effects of 91 specific gene 337 

disruption mutations across numerous genetic backgrounds spanning 8,000-10,000 generations of 338 

laboratory evolution, we have described how overall mutational robustness (defined in terms of 339 

the average effect of this type of insertion mutation) changes during evolution. We then dissected 340 

these overall effects in terms of how the fitness effects of individual mutations change during 341 

evolution. We find that populations adapting to our YPD 30°C environment become less robust to 342 

deleterious mutations over time. This shift in the mean of the DFE in YPD 30°C is not caused by 343 

strictly fitness-mediated shifts in the fitness effects of mutations, but is instead the result of an 344 

excess of negative idiosyncratic epistatic effects (Figure 3). In contrast, in clones isolated from 345 

populations evolved in SC 37°C, epistatic interactions are more evenly divided between negative 346 

and positive effects. 347 

The fact that populations evolved in YPD 30°C lost robustness as they increased in fitness over time 348 

is broadly consistent with our earlier work showing that the DFE becomes more strongly 349 

deleterious in more-fit genetic backgrounds (Johnson et al., 2019). However, the loss of robustness 350 

we observe here was not as strong as in this previous work (see Figure 1 – figure supplement 6 for 351 

a comparison to the effect size in Johnson et al., 2019), and we did not observe any predictable 352 

change in the DFE mean in SC 37°C. One potential explanation for the weaker patterns we observe 353 

at the DFE level in this experiment is that there are simply less mutations involved compared to the 354 

genetic backgrounds from our earlier work: the genotypes in our previous experiment were 355 

derived from a cross between two yeast strains that differed at tens of thousands of loci, so the pool 356 

of mutations was both larger and more balanced (each mutation present in ~50% of clones) than in 357 

this study. If the overall patterns of fitness-correlated epistasis arise due to the collective effect of 358 

numerous idiosyncratic interactions, rather than a genuine fitness-mediated effect, we would 359 

therefore expect weaker trends here (Lyons et al., 2020; Reddy and Desai, 2021). 360 

Our results also illustrate a form of hidden evolutionary unpredictability, despite the fact that our 361 

populations increased in fitness over time along a predictable trajectory (Johnson et al., 2021). As 362 

these populations adapted, they accumulated mutations that carry with them epistatic interactions 363 

with potential future mutations across the rest of the genome. The patterns of epistasis we observe 364 

among the insertion mutations in our study demonstrate that the predictability of these second-365 

order effects vary widely: some potential future mutations show strong fitness-correlated effects in 366 



 

every population, while others are affected by a small number of idiosyncratic interactions with 367 

mutations that fix during evolution. These kinds of unpredictable patterns of epistasis could lead 368 

to fundamentally unpredictable evolutionary outcomes, with changes in the fitness effects of 369 

mutations dynamically closing off or opening up evolutionary pathways during adaptation. 370 

Patterns of epistasis among individual mutations 371 

Most of the insertion mutations we analyze in this experiment are deleterious across most or all 372 

genetic backgrounds. We find that these deleterious mutations tend to become more strongly 373 

deleterious over time in populations evolved in the YPD 30°C environment. This pattern results 374 

from an overabundance of negative epistatic interactions, which could involve either the beneficial 375 

mutations that drive fixation events or the neutral or weakly deleterious mutations that hitchhike 376 

to fixation during selective sweeps (McDonald et al., 2016). The strong predictive power of 377 

background fitness for the fitness effects of some mutations suggests that interactions with 378 

beneficial mutations are driving these patterns of epistasis, but idiosyncratic effects that deviate 379 

from these relationships hint at a role for interactions with hitchhiker mutations as well (Figure 3). 380 

Systematic backcrossing and mutagenesis experiments would be required to disentangle these 381 

patterns (along with any cases of higher-order epistasis involving multiple mutations that fix 382 

during evolution), but we suspect both types of interactions contribute to the epistasis we observe. 383 

Among the relatively small number of beneficial insertion mutations we analyze, we find that the 384 

beneficial effects tend to decline over time, and almost universally shift to neutral or deleterious 385 

effects later in the experiment (Figure 3 – figure supplement 1). These results provide additional 386 

examples of diminishing-returns epistasis among beneficial mutations, which can at least partially 387 

explain the pattern of declining adaptability often observed in microbial evolution experiments 388 

(Chou et al., 2011; Khan et al., 2011; Kryazhimskiy et al., 2014; Wünsche et al., 2017). One of these 389 

mutations has a clear functional story behind it: the beneficial effect of an insertion mutation in 390 

ADE5,7 is the result of breaking the adenine synthesis pathway upstream of a toxic intermediate, 391 

so when populations in SC 37°C fix other loss-of-function mutations that also break the pathway 392 

between the first two sampled timepoints in the evolution experiment, this mutation becomes 393 

neutral (we do not see this effect in YPD 30°C because most populations have fixed a mutation in 394 

the adenine pathway by the first sampled timepoint (for a more in depth discussion of this case of 395 

epistasis and contingency, see Johnson et al., 2021)). 396 

The picture that emerges from our data is one in which idiosyncratic epistatic effects are largely 397 

unpredictable but also unbalanced (have a non-zero mean), which leads to correlations with 398 

background fitness. In both our own work and other studies of microbial evolution, the mean 399 



 

epistatic effect is negative: beneficial mutations tend to have negative epistatic interactions with 400 

both deleterious (Johnson et al., 2019, this study) and beneficial mutations (Chou et al., 2011; Hall et 401 

al., 2019; Karkare et al., 2021; Khan et al., 2011; Kryazhimskiy et al., 2014; Ono et al., 2017; Pearson 402 

et al., 2012; Perfeito et al., 2014; Rokyta et al., 2011; Wünsche et al., 2017). 403 

At the broadest level, we can distinguish two potential sources of these unbalanced patterns of 404 

epistasis: the structure of biological systems and the set of mutations that fix during evolution. Both 405 

theoretical and experimental work has shown that genes within functional modules tend to have 406 

similar interaction profiles with other genes (Costanzo et al., 2016; Segrè et al., 2005). Given this 407 

kind of “monochromatic” epistasis, all that is necessary for fitness-correlated epistasis to appear 408 

during evolution is for beneficial mutations to be clustered in a few modules. The strength and 409 

direction of fitness-correlated epistasis will then depend on the particular modules targeted by 410 

selection and how those modules interact with the rest of the cell. For example, the targets of 411 

adaptation in SC 37°C may be more related to heat stress than general components of growth (e.g. 412 

mutations in LCB3, which have been shown to reduce killing in certain heat stress conditions, are 413 

enriched in populations in SC 37°C (Ferguson-Yankey et al., 2002; Johnson et al., 2021)). If the 414 

strongly deleterious effects of some of our insertion mutations are exacerbated by heat stress, but 415 

a beneficial mutation reduces heat stress, we can expect a positive interaction between the two 416 

mutations. In contrast, we hypothesize that the deleterious effects of some insertion mutations 417 

become more pronounced when growth rate is increased by mutations in YPD 30°C (Johnson et al., 418 

2019). In order to understand or predict these differences in epistasis specific to the evolution 419 

environment, we will need to better understand the functional structure of biological systems. 420 

Higher-order epistasis and the evolution of robustness 421 

Each mutation that fixes during evolution has an immediate first-order effect on fitness, but also 422 

carries with it a second-order set of pairwise interactions whose strength and direction is 423 

determined by the structure of functional relationships between genes and biological modules. 424 

Through higher-order interactions, a mutation can also change the structure of these functional 425 

relationships, altering the complexity, redundancy, robustness, and evolvability of biological 426 

systems (reviewed in de Visser et al., 2003, Masel and Siegal, 2009, Masel and Trotter, 2010, and 427 

Payne and Wagner, 2019). Our work here suggests that mutational robustness tends to decrease 428 

during evolution in some environments, but our data is limited to interactions with the set of ~200 429 

mutations that fixed during 10,000 generations of laboratory adaptation. We expect the effects we 430 

observe here to dominate during rapid adaptation, but over longer evolutionary timescales, 431 

robustness may be more dependent on changes in the higher-order structure of biological systems. 432 



 

Ideas and speculation 433 

We find that in one evolution environment, a tendency towards negative epistasis leads to a 434 

shift in the DFE towards more deleterious mutations over time, while in another evolution 435 

environment no such shift occurs. Clearly, the details matter, and it is difficult to draw general 436 

conclusions. In this section, we speculate on how work in metabolic control theory (MCT) may 437 

help explain the functional underpinnings of our results and fitness-correlated epistasis more 438 

generally. 439 

MCT describes how mutations in idealized metabolic pathways change the control coefficients 440 

of other mutations (Szathmáry, 1993). In a strictly serial pathway, a mutation reducing the 441 

activity of one enzyme will decrease the control other enzymes have over flux through the 442 

pathway, but a mutation increasing the activity of one of the enzymes will increase the control 443 

of others. If two enzymes act instead in parallel, these patterns are reversed: a mutation that 444 

increases activity of one will decrease the control of the other on flux, and vice versa (for a 445 

thorough treatment of how epistasis arises and propagates in metabolic networks, see 446 

Kryazhimskiy 2021). 447 

If flux through the pathway is correlated with fitness, these patterns of interactions predict 448 

epistasis between mutations in different enzymes in the pathway. For example, if flux is 449 

negatively correlated with fitness in a strictly serial pathway, beneficial mutations will be those 450 

that reduce flux, so they will reduce the control of other enzymes in the pathway, such that 451 

these beneficial mutations exhibit negative epistasis. This is the case for beneficial loss-of-452 

function mutations in the broken adenine-synthesis pathway present in the ancestors of our 453 

evolution experiment (Johnson et al., 2021): one beneficial loss-of-function mutation in this 454 

pathway (e.g. in ADE4) lowers the control coefficients of the rest of the enzymes in that 455 

pathway, such that loss-of-function mutations in these enzymes become less beneficial (e.g. 456 

our insertion mutation in ADE5,7 in this experiment, Figure 3 – figure supplement 1). 457 

MCT is a mathematical framework for describing these interactions, but the general qualitative 458 

principles can be applied beyond enzymes in metabolic pathways to understand patterns of 459 

fitness-correlated epistasis (MacLean, 2010). One hypothesis for the functional underpinnings 460 

of increasing-costs epistasis can be framed in this way. First, we assert that the large-scale 461 

components of growth in the yeast cell functionally act in serial. While these components of 462 

growth (e.g. cell wall production, ribosome production, and DNA replication) do not belong to 463 



 

an actual serial pathway, they clearly do not act in parallel: these components generally cannot 464 

“fill in” for each other. That is, they are non-redundant. We therefore propose that an increase 465 

in the function of one of these components (in terms of growth rate) will increase the control 466 

coefficients of the rest of the components. Similarly, a decrease in the function of one 467 

component will decrease the control coefficients of the rest. We can intuitively understand this 468 

based on the idea of limitation: if DNA replication slows to a halt, growth rate will become less 469 

sensitive to changes in the speed of cell wall production. In contrast, if a population in which 470 

growth is limited by DNA replication fixes a mutation that improves DNA replication, we 471 

expect the control coefficient of cell wall production to increase, meaning deleterious 472 

mutations that slow cell well production will become more deleterious. We believe this effect 473 

can explain much of the increasing-costs epistasis we have observed. 474 

Consider the following metaphor for this effect. You work for a car manufacturer, and your 475 

factory’s goal is to produce cars as quickly as possible. You work with a small team that builds 476 

the wheels. Your team is efficient, but the engine team is much slower. Because the engine 477 

team is limiting production, you don’t feel under pressure from the boss at all – in fact, one of 478 

your team members slacks off sometimes, but the company hardly suffers (read: their control 479 

coefficient is low, deleterious mutations have small effects). One day the engine team 480 

purchases a new robot and dramatically speeds up their process. Suddenly cars are waiting 481 

for wheels, and the pressure on your team increases dramatically – now when your teammate 482 

is slacking, it slows the entire production line down (read: their control coefficient is high, 483 

deleterious mutations have larger effects, costs have increased). 484 

In our discussion, we speculate that we see increasing costs more frequently in YPD 30°C 485 

because adaptation in that environment is more focused on improving core components of 486 

growth, compared to adaptation in SC 37°C where selection for improvement in heat tolerance 487 

or survival may be more common. The phenotype of survival does not fit as neatly into our car 488 

manufacturing metaphor: we have no strong hypotheses for how control coefficients should 489 

change as populations increase heat tolerance, or for how large-scale phenotypes such as 490 

growth and survival integrate in terms of competitive fitness. However, we speculate that in 491 

SC 37°C, adaptive mutations are less likely to be affecting the core components of growth, and 492 

therefore cause increasing costs less often than mutations selected in YPD 30°C (i.e. adaptive 493 

mutations in SC 37°C are less likely to increase the control coefficients of random mutations). 494 

To move closer to predictive models of epistasis, we will need to better understand the 495 

functional relationships between these large-scale cellular phenotypes. 496 



 

We end our discussion by noting that changes in robustness over longer evolutionary 497 

timescales may depend not on the type of changes we observe in our evolution experiment, 498 

but on changes to the higher-order structure of biological systems. Within our metaphor, this 499 

is the difference between changes to each team’s effectiveness and changes to the structure of 500 

the assembly line (or even to the ultimate product of the system). Defining what constitutes a 501 

change to the structure of the system itself is a difficult problem, analogous to defining 502 

“novelty” in evolution (Murray, 2020), but most would agree that there are fundamental 503 

differences in the complexity and redundancy of the genetic systems of viruses and humans, 504 

for example. 505 

Both experimental and theoretical work have suggested that higher genome complexity and 506 

redundancy is associated with more negative epistasis between deleterious mutations (Macía 507 

et al., 2012; Sanjuán and Elena, 2006; Sanjuán and Nebot, 2008; though see Agrawal and 508 

Whitlock, 2010). Negative epistasis between deleterious mutations implies that deleterious 509 

mutations increase the control coefficients of other mutations and that beneficial mutations 510 

will decrease control coefficients. We can understand this pattern as a broad extension of 511 

metabolic control theory: the case of strictly parallel pathways and fitness correlated with flux, 512 

in which two deleterious mutations exhibit negative epistasis, is one example of a functionally 513 

redundant relationship. Therefore, in organisms with higher functional redundancy, we 514 

expect to observe more positive interactions between beneficial and deleterious mutations and 515 

less increasing-costs epistasis. In other words, the second-order loss of mutational robustness 516 

we observe during adaptation should be stronger in organisms with low redundancy. While 517 

there may be more unseen factors affecting the types of interactions beneficial mutations 518 

participate in, present data suggests that increasing-costs epistasis may be specific to 519 

organisms or environments where the functional redundancy of genes or biological modules 520 

is low. 521 

Epistasis between beneficial mutations 522 

An apparent contradiction emerges from our explanation for increasing-costs epistasis: if 523 

adaptation increases the control coefficients of core components of growth, why do we not see more 524 

positive epistasis between beneficial mutations in evolution experiments? Why do we instead 525 

usually see negative, diminishing-returns epistasis and declining adaptability? We propose that this 526 

discrepancy arises due to differences in the availability and form of beneficial and deleterious 527 

mutations. Based on previous work, we expect beneficial mutations in laboratory evolution 528 



 

experiments to be primarily loss-of-function mutations (Murray, 2020). In contrast to deleterious 529 

mutations, which can be spread across the genome, these types of beneficial mutations will rarely 530 

exist in well-adapted core components of growth, and will instead be clustered in a few adaptive 531 

targets. Within these targets, we believe loss-of-function beneficial mutations are often functionally 532 

redundant, meaning that they tend to decrease each other’s control coefficients for fitness. 533 

Beneficial mutations can be redundant by inactivating the same deleterious pathway (e.g., ADE 534 

pathway mutations discussed above), solving the same general problem (e.g., mutations shortening 535 

lag in Karkare et al., 2021), or changing a phenotype with a nonlinear fitness function (Chiu et al., 536 

2012; Chou et al., 2014; Keren et al., 2016; Lunzer et al., 2005; Otwinowski et al., 2018). 537 

Nonmonotonic fitness functions can arise from phenotypes with both potential benefits and costs 538 

(Dekel and Alon, 2005), such that negative interactions between beneficial mutations and the 539 

benefit can lead to fitness-correlated epistasis that crosses neutrality, exhibiting diminishing 540 

returns, increasing costs, and sign epistasis (Figure 3 – figure supplement 1). 541 

This explanation provides a prediction: we will be more likely to see synergistic epistasis during 542 

evolution experiments when we observe beneficial gain-of-function mutations. Chou et al., 2009 543 

provides a particularly strong example of a beneficial gain-of-function (promoter capture) 544 

mutation that is more beneficial in more-fit genetic backgrounds. In the long-term Escherichia coli 545 

evolution experiment, potentiating mutations acquired during adaptation in one population 546 

interacted positively with a beneficial gain-of-function mutation (also a promoter capture), 547 

enabling aerobic citrate utilization (Blount et al., 2012). Studies of evolutionary repair also provide 548 

examples of synergistic interactions between apparently non-redundant beneficial mutations 549 

(Fumasoni and Murray, 2020; Hsieh et al., 2020). These counter examples underscore the fact that 550 

diminishing returns epistasis is not a rule; it is a pattern that is overrepresented in evolution 551 

experiments due to a tendency for beneficial mutations to be loss-of-function mutations and to be 552 

clustered in a few adaptive targets. These tendencies may be weaker later in evolution experiments 553 

when mutations are spread more evenly across cellular modules, such that a period of declining 554 

adaptability caused by diminishing returns epistasis early in an experiment gives way to a period 555 

of relatively constant fitness gains (Good and Desai, 2015). 556 

A final note on terminology for epistasis 557 

Very few papers discuss epistasis between beneficial and deleterious mutations – most theoretical 558 

and experimental work has focused on epistasis between two beneficial mutations or two 559 

deleterious mutations. With these same-signed pairs of mutations, the terms negative and positive 560 

epistasis are consistent. Two beneficial mutations that interact negatively imply two deleterious 561 

reversions that also interact negatively. However, when we consider one of these beneficial 562 



 

mutations and the deleterious reversion of the other, they interact positively. We provide this note 563 

to clarify that increasing costs epistasis, in which deleterious mutations exhibit negative epistasis 564 

with beneficial mutations, should not be considered the same as previous results demonstrating 565 

negative epistasis between two deleterious or two beneficial mutations.  Instead we should expect 566 

it in systems where more positive epistasis is observed between same-signed mutations. While 567 

epistasis is already a concept overladen with terminology, we submit that in some cases it may be 568 

more useful to classify interactions between mutations or cellular components as being 569 

functionally redundant or non-redundant in terms of fitness. 570 

571 



 

Materials and Methods 572 

Strains 573 

All strains used for this study were isolated from the evolution experiment described in Johnson et 574 

al., 2021. We isolated 2 clones from each of our focal populations at each sequencing timepoint. For 575 

this experiment, we used clones from 12 MATa populations, 6 from the YPD 30°C environment and 576 

6 from the SC 37°C environment. We decided to include population P1B04, which exhibits a cell-577 

clumping phenotype in preliminary imaging data, and to exclude population P1B03, which 578 

diploidized during evolution, and populations P3C04, P3F05, P3D05, and P3E02, which lost G-418 579 

resistance during evolution (not being able to select on G-418 during transformation could allow 580 

the HygMX cassette to replace the KanMX cassette, leading to leakage during the selection step). 581 

Otherwise we chose populations randomly. The ancestor of these populations is MJM361 (MATa, 582 

YCR043C:KanMX, STE5pr-URA3, ade2-1, his3Δ::3xHA, leu2Δ::3xHA, trp1-1, can1::STE2pr-HIS3 583 

STE3pr-LEU2, HML::NATMX, rad5-535). 584 

Barcoded Tn7 libraries 585 

We used a previously created set of Tn7-based plasmid libraries to introduce the same set of ~100 586 

mutations into each of our strains (Johnson et al., 2019). These plasmids contain a section of the 587 

yeast genome corresponding to one of these ~100 locations, interrupted by a Tn7 insertion 588 

containing a random DNA barcode and a HygMX cassette. Each barcode uniquely identifies the 589 

mutation and the plasmid library via a mapping established in earlier work (Johnson et al., 2019). 590 

Transformation 591 

Our yeast transformation protocol is a scaled-up version of that used in Johnson et al. 2019, based 592 

on the method described in (Gietz and Schiestl, 2007). We grew strains from freezer stocks 593 

overnight, diluted 750 ul into 15 mL YPD + Ampicillin (100 g/mL), grew for 4 hours, pelleted the 594 

cells, and resuspended in 900 uL transformation mix and 100 uL plasmid DNA cut with NotI-HF 595 

(corresponds to 2 ug of plasmid; cut at 37°C for 3 hours, then heat inactivated at 65°C for 10 min). 596 

We then heat shocked this mixture at 42°C for 1 hour, recovered in 3 mL YPD + Ampicillin for 2 597 

hours, plated 25 ul on antibiotic selection plates to check efficiency, and then combined the rest 598 

with 40 mL YPD supplemented with antibiotics. For both agar and liquid selective media we 599 

included Hygromycin (300 μg/ml), clonNat (20 μg/ml), and G-418 (200 μg/ml). We made frozen 600 

glycerol stocks of each transformation after ~48 hours of growth. All growth was conducted at 30°C, 601 



 

either in a test tube on a roller drum (recovery), or in a baffled flask on an orbital shaker (all other 602 

steps). 603 

We transformed 2 clones from 12 populations at 6 timepoints for a total of 144 transformations. We 604 

organized these transformations into three “VTn assays,” each associated with 48 transformations 605 

using our 48 unique barcoded libraries. 606 

Fitness Assays 607 

Again, we followed the protocols established in Johnson et al., 2019 for our fitness assays. We used 608 

two types of media: rich YPD media (1% Bacto yeast extract (VWR #90000-726), 2% Bacto peptone 609 

(VWR #90000–368), 2% dextrose (VWR #90000–904)) and synthetic complete (SC) media (0.671% 610 

YNB with nitrogen (Sunrise Science #1501–250), 0.2% SC (Sunrise Science # 1300–030), 2% dextrose). 611 

We assayed our transformed libraries of clones from the YPD 30°C environment in both their 612 

evolution environment (YPD 30°C) and the SC 37°C environment, and clones from the SC 37°C 613 

environment in their evolution environment (SC 37°C). We first arrayed our transformation 614 

glycerol stocks into 2 96-well plates corresponding to the 2 evolution environments, and then 615 

inoculated 8 ul from each well of these plates into 4 (for SC  37°C assays) or 8 (for YPD 30°C assays) 616 

flat-bottom polypropylene 96-well plates containing 126 ul of media, supplemented with the same 617 

antibiotics as during the initial selection. To ensure efficacy of the antibiotics in the SC 37°C 618 

environment, we used media with MSG instead of ammonium sulfate (1.71 g/L YNB without amino 619 

acids or ammonium sulfate, 2 g/L SC, 1 g/L MSG). After this period of growth, we used YPD and SC 620 

supplemented with ampicillin (100 μg/ml) and tetracycline (25 μg/ml), matching the conditions of 621 

the evolution experiment. After 40 hours of growth in these plates, we started daily transfers. 622 

At each daily transfer, we diluted YPD 30°C cultures 1/210 and SC 37°C cultures 1/28. During these 623 

transfers, we combine and mix cultures from each well corresponding to the same 624 

clone/transformation to increase population size and reduce bottleneck noise. In the first (T0) 625 

transfer, we combined cultures from the 8 plates that were initially inoculated from the freezer 626 

stock and diluted them into 20 96-well plates. In all subsequent transfers (T1-4), we combined 627 

cultures from all 20 plates and diluted them into 20 new plates. Specifically, for YPD 30°C, we diluted 628 

3 μl from each well of 20 plates into 60 ul YPD (60 μl total, 1/2 dilution), mixed, then diluted 16 μl 629 

into 112 ul YPD (1/23 dilution), mixed, and distributed 2 μl into 126 μl YPD in 20 plates (1/26 dilution). 630 

For SC 37°C, we diluted 3 μl from each well of 20 plates into 60 ul SC (60 μl total, 1/2 dilution), mixed, 631 

then diluted 60 μl into 60 ul SC (1/2 dilution), mixed, and distributed 2 μl into 126 μl SC in 20 plates 632 

(1/26 dilution). 633 



 

Barcode sequencing 634 

Our fitness assays in YPD 30°C were originally performed alongside assays in SC 37°C that were 635 

later abandoned due to an issue with expired reagents (and repeated with appropriate reagents in 636 

our second round of assays). During these assays, we combined equal volumes of culture at the end 637 

of each transfer from every well corresponding to each of the three VTn assays in each 638 

environment. We can pool the cultures corresponding to each VTn assay because we know which 639 

barcodes correspond to which plasmid library/clone, so we can divide our barcode count data 640 

appropriately during sequencing analysis. We performed DNA extractions from two 1.5 ml pellets 641 

for each assay-timepoint from our YPD 30°C fitness assays and from four 1.5 ml pellets from our SC 642 

37°C fitness assays using Protocol I from the Yeastar Genomic DNA Kit (Zymo Research), as 643 

described previously (Johnson et al., 2019). We then amplified barcodes using a two-step PCR 644 

protocol. We performed 4 first round PCRs with 19 µl gDNA, 25 l 2X Kapa Hotstart Hifi MM, 3 µl 10 645 

M TnRS1 primer, and 3 µl 10 M TnFX primer, and ran the PCR protocol: 1) 95°C 3:00, 2) 98°C 0:20, 3) 646 

60°C 0:30, 4) 72°C 0:30, GO TO step 2 3 times, 5) 72°C 1:00. We purified these PCRs with PCRClean DX 647 

Magnetic Beads (Aline), using a 0.85X ratio. We then set up two second round PCRs per sample by 648 

combining 25 µl purified PCR µ1 product, 1.5 µl ddH2O, 10 µl Kapa Hifi Buffer, 1 µl KAPA HiFi 649 

HotStart DNA Polymerase, 5 µl 5 M N7XX primer (Nextera), and 5 µl 5 M S5XX primer (Nextera), 650 

and ran the PCR protocol: 1) 95°C 3:00, 2) 98°C 0:20, 3) 61°C 0:30, 4) 72°C 0:30, GO TO step 2 19 times, 651 

5) 72°C 2:00. We purified the resulting libraries with Aline beads, using a 0.7X ratio, then repeated 652 

the purification with a 0.65X ratio, and finally sequenced our pooled libraries on a NextSeq 550 653 

(Illumina). 654 

From reads to barcode counts 655 

We process our sequencing data as described previously (Johnson et al., 2019). We first filter reads 656 

based on inline indices and quality scores, use regular expressions to extract barcode sequences, 657 

and combine barcode counts across timepoints for each VTn assay. Next, we use a single-bp-658 

deletion-neighborhood method to correct errors in raw barcodes, assigning them to the set of 659 

known barcodes from each of our plasmid libraries. By associating barcodes with plasmid libraries, 660 

we associate them both with a fitness assay for a particular clone and with a particular insertion 661 

mutation, and we divide our barcode count data accordingly. 662 



 

Estimating fitness effects from barcode counts 663 

Again, we follow Johnson et al., 2019, with minor differences. First, we convert barcode counts to 664 

log-frequencies at each timepoint. After this preliminary step, we noticed a large number of log-665 

frequency spikes, restricted largely to one timepoint in one of our VTn assays in SC 37C. These spikes 666 

in frequency very likely represent low-level sequencing library contamination from another 667 

timepoint due to primer cross-contamination. In Figure 1 – figure supplement 9, we show that this 668 

is confined to this single timepoint and demonstrate how we can use a simple heuristic (excluding 669 

lineages whose log-frequency at timepoint 2 is 0.5 greater than both timepoint 1 and timepoint 3) 670 

to remove the barcoded lineages affected by this sequencing library contamination. This step 671 

excludes, on average, less than 1% of the reads from timepoint 2 in these assays. Next, we calculate 672 

fitness effects for each barcode, as described in Johnson et al., 2019. After excluding timepoints with 673 

less than 5,000 total barcode counts, we measure the log-frequency slope for each barcode at each 674 

consecutive pair of timepoints, excluding timepoints in which the barcode has less than 10 counts. 675 

We scale each of these log-frequency slopes by the median log-frequency slope of barcodes 676 

associated with five neutral reference mutations, and then average these scaled values to get one 677 

fitness measurement for each barcode. As in Johnson et al., 2019, we observe a small fraction of 678 

outlier barcodes, which follow starkly different log-frequency trajectories than the other barcodes 679 

associated with the same insertion mutation, presumably due either to pre-existing mutations in 680 

the transformed culture or transformation artifacts (including two mutations being transformed 681 

together). We use a log-likelihood ratio test to identify barcodes whose read counts are inconsistent 682 

with barcodes near the median fitness measured for one insertion mutation. Based on iterative 683 

exclusion and exploration of frequency trajectories for this experiment, we chose a heuristic cutoff 684 

of 40 for the log-likelihood ratio required to exclude barcodes (for a detailed description of this 685 

method see Johnson et al., 2019). Finally, to decrease noise from low-frequency barcode lineages 686 

while retaining the independent measurements unique barcodes provide, we randomly combine 687 

counts from individual barcodes into a maximum of 5 combined barcodes (“cBCs”) per insertion 688 

mutation. Next, we repeat the fitness measurement process described above to get final fitness 689 

measurements for each cBC (scbc). 690 

Again following Johnson et al. 2019, we calculate the mean and standard error of all cBCs fitness 691 

measurements for each insertion mutation (m) in each clone (c): 692 

𝑠!,# =
∑ %!"!!"!#
&'!_#)#%

  ,  𝜎!,#,#)# = $ ∑ (%!"!+%$,!)&!"!#
(&'!_#)#%+-)∗&'!_#)#%

 693 



 

For each clone we also calculate the standard error of our fitness measurements of our set of 694 

neutral barcodes (σneut,c). Since sm,c is the difference between the measured cBC fitness for mutation 695 

m and the measurement of neutrality, we calculate the standard error for sm,c as the square root of 696 

the sum of squares of these two errors: 697 

𝜎!,# = $𝜎!,#,#)#/ + 𝜎&0'1,#/ 698 

To obtain the fitness effect of a mutation for a population-timepoint (sm,p,t), we calculate an inverse-699 

variance weighted average on the fitness effect measurements from each clone:  700 

𝑠!,2,1 =
∑ 𝑠!,#

𝜎!,#/#34&0%

∑ 1
𝜎!,#/#34&0%

 701 

We only calculate sm,p,t if there are at least 3 cBCs between the two clones. If one of the two clones 702 

has only 1 cBC, we use 𝜎!,# from the other replicate as an estimate of the standard error to be used 703 

in inverse-variance weighted averaging. Note that because we only consider data with at least 3 704 

cBCs during our analysis in which we treat clones independently, this estimate of the standard error 705 

is only used for the inverse-variance weighted averaging. 706 

We calculate the standard error on this sm,pt measurement as described above for individual clones, 707 

using the s values for all cBCs associated with mutation m in both clones: 708 

𝜎!,21,#)# = (
∑ (𝑠#)# − 𝑠!,2,1)/#)#%

(𝑛𝑢𝑚_𝑐𝑏𝑐𝑠 − 1) ∗ 𝑛𝑢𝑚_𝑐𝑏𝑐𝑠 709 

 710 

As described in Johnson et al. (2019), we use this conservative measure of standard error instead of 711 

the one given by inverse-variance weighting in order to better capture unspecified biological error 712 

between the two replicates. Again, we combine this standard error with the standard error of all 713 

neutral cBCs in both clones (σneut,pt): 714 

𝜎!,2,1 = $𝜎!,2,1,#)#/ + 𝜎&0'1,2,1/ 715 

To test whether mutations have effects significantly different from zero for each population-716 

timepoint, we fit all cBC s values for a single mutation by ordinary least squares as described in 717 

Johnson et al. (2019). The OLS model includes a fitted term for the fitness effect of the mutation 718 



 

(𝑠!'1), a fitted term (𝛽!'1) for differences in the effect between clones (indicated by r), and a 719 

normally distributed noise term (𝑒!'1). 720 

𝑠#)# = 𝑠!'1 + 𝛽!'1𝑟 + 𝑒!'1 721 

We use the t-statistic for the intercept to calculate p-values for whether 𝑠!'1 ≠ 0 for each mutation.  722 

We perform a Benjamini-Hochberg correction at the 0.05 level on the entire set of p-values we find. 723 

 724 

Measuring changes in the DFE and accounting for missing 725 

measurements 726 

For each population-timepoint or clone, in each condition, we calculate the mean of the fitness 727 

effects of all mutations with at least 3 cBCs, excluding distributions with less than 60 mutations with 728 

fitness effect measurements. We calculate the standard error of the mean of the distribution of 729 

fitness effects by combining variances from two sources: error in our measurement of mutation 730 

fitness effects and errors in our measurement of mean fitness. Since this second component of 731 

variance is shared across mutations, it is not scaled by the number of mutations: 732 

𝜎567$'(),2,1 = (∑ 𝜎!,2,1,#)#/!'18194&%

𝑛/ + 𝜎&0'1,2,1/ 733 

Where n is the number of mutations with measurements in the distribution (we use an analogous 734 

formula in our analysis on individual clones). Importantly, note that this measure of error for the 735 

DFE mean describes only noise from measured mutations and does not address the fact that some 736 

mutations do not have measurements in some clones or population-timepoints.  737 

We examined the effect of these missing fitness effect measurements in several ways. First, we 738 

examined the mean of the DFE in sets of mutations shared across the set of population-timepoints 739 

we had assayed successfully in each condition. For the analysis of individual clone DFEs in each 740 

condition, we try to find the largest set of clones with at least 40 mutations with measurements in 741 

every clone. We do this by iterating through the list of clones, sorted by the number of measured 742 

mutations, and adding them to a set of clones until the number of mutations with measurements 743 

in every clone drops below 40. Next, we create “filled-in” DFEs for each population-timepoint and 744 

each clone in which missing measurements are replaced with the mean fitness effect measured 745 

across all strains in a given condition. The pattern observed in YPD 30°C, in which the mean fitness 746 

effect decreases as populations evolve and gain fitness, is stronger (in terms of the p-value and R2 747 



 

of the regression) in both the set of shared mutations and the filled-in DFE than in our original 748 

analysis. 749 

Finally, we examined the number of strongly deleterious mutations (defined as having a mean 750 

fitness effect < -0.05 across all population-timepoints in a given condition) that were not measured 751 

in each population-timepoint. In YPD 30°C, these strongly deleterious mutations are less likely to be 752 

measured in more fit strains, again suggesting that the relationship we observe would be stronger 753 

with complete data. The results of these analyses are plotted in Figure 1 – figure supplement 5. 754 

Modeling the determinants of epistasis 755 

Because our modeling approach can be strongly influenced by outliers, we only consider fitness 756 

effect measurements for mutations with at least 5 cBCs across the two clones for these analyses (or 757 

3 cBCs for the corresponding analysis in which clones are treated separately). First, we perform 758 

least-squares regression between background fitness and fitness effect for each mutation in each 759 

environment. As described in the main text, we classify mutations as being negatively or positively 760 

correlated with fitness based on both a statistical test (P<0.05, Wald Test) and the effect size 761 

(|slope|>0.05). This heuristic slope cutoff is meant to filter for cases in which the range of fitness 762 

effects under consideration is larger than the typical noise for a single fitness effect measurement. 763 

In the YPD 30°C environment, a slope of 0.05 across an ~0.15 range of fitnesses will mean fitness 764 

effects should vary ~0.007, which is also the mean standard error of our fitness effect 765 

measurements in that environment (an analogous calculation in SC 37°C would yield a lower 766 

threshold, but we keep 0.05 for consistency). 767 

Next, we fit our data with the three linear models described in the main text. To fix the intercepts 768 

of our models correctly, we first transform the fitness effect of each mutation by subtracting the 769 

mean fitness effect measured across all populations at the first timepoint of the evolution 770 

experiment (we denote each transformed fitness effect for mutation m in population p, timepoint 771 

t, measured in condition e as 𝑠̃!,2,1,0 below). We similarly transform our background fitness variable 772 

by subtracting the average fitness measurement across all populations at the first timepoint (we 773 

denote each transformed background fitness in population p, timepoint t, measured in 774 

environment e as 𝑥:2,1,0 below). Then we fix the intercept at (0, 0) in the modeling described below. 775 

Note that our plots showing these model fits use the natural scales for fitness and fitness effects, 776 

not these transformed scales. The fitness model (XM), can be written as: 777 

𝑠̃!,2,1,0 = 𝛽!,0𝑥:2,1,0 + 𝑒!,0  , 778 



 

where 𝑒!,0 is a normally distributed noise term, and 𝛽!,0 is a fitted parameter representing the slope 779 

between background fitness and the fitness effect of the mutation. 780 

The idiosyncratic model (IM), can then be written as: 781 

𝑠̃!,2,1,0 =;𝛼!,2,1,0𝑖2,1,0
2,1

+ 𝑒!,0 782 

𝑖2,1,0 is an indicator variable that is 1 at timepoints >= t in population p and zero in all other cases, 783 

and 𝛼!,2,1,0 is a fitted parameter associated with that indicator variable.  784 

The full model (FM), can then be written as: 785 

𝑠̃!,2,1,0 = 𝛽!,0𝑥:2,1,0 +;𝛼!,2,1,0𝑖2,1,0
2,1

+ 𝑒!,0 786 

In both the idiosyncratic model and the full model, the idiosyncratic epistasis terms (𝛼!,2,1,0𝑖2,1,0) are 787 

added iteratively. At each step, we add the parameter that decreases the Bayesian Information 788 

Criteria (BIC) the most if that decrease is more than 2. We do not allow parameters that fit only a 789 

single point, and we do not allow more than one parameter per population (i.e. the maximum 790 

number of idiosyncratic parameters for a given mutation in a given environment is the number of 791 

populations, six). Importantly, the idiosyncratic terms in the idiosyncratic model and the full model 792 

for a given mutation in a given environment may be different, so IM is not nested within FM and 793 

IM may explain more variance than FM in some cases. Because we consider the fixed intercept term 794 

to be part of our models, we compute R2 for each model as 1 – (the sum of squared residuals / the 795 

centered sum of squares). This R2 value can be negative if the model explains less variance than a 796 

model with only a free intercept term, in which case we set R2 to zero and don’t plot the model in 797 

Figure 3 or Figure 4. All model fitting was performed by ordinary least squares using the python 798 

package statsmodels (Seabold and Perktold, 2010). 799 

To test how much noise affects our model fitting procedure, we ran our analysis on a simulated 800 

dataset and a shuffled dataset. In both cases, we focus on the sets of up to 36 fitness effect 801 

measurements associated with a mutation and a condition (with measurements in 6 populations 802 

and 6 timepoints). For the simulated dataset, we drew fitness effects for each set of mutations from 803 

a normal distribution with a mean of zero and a standard deviation equal to the mean empirical 804 

standard error for the fitness effects within the set of mutations (i.e. we drew all sm,p,t,e values for a 805 

given m and e from a normal distribution with a standard deviation of 𝑚𝑒𝑎𝑛(𝜎𝑚,𝑝,𝑡,𝑒)). For the 806 

shuffled dataset, we randomly shuffled within each set (i.e. we randomly shuffled all sm,p,t,e values 807 

for a given m and e). 808 



 

The distributions of the coefficients obtained from our modeling procedure for the empirical, 809 

shuffled, and simulated datasets are plotted in Figure 3 – figure supplement 4. In YPD 30°C, we 810 

found 291, 91, and 87 IM coefficients in our empirical data, shuffled data, and simulated data, 811 

respectively. In SC 37°C, we found 245, 78, and 81 IM coefficients in our empirical data, shuffled 812 

data, and simulated data, respectively. In clones isolated from evolution in YPD 30°C and assayed 813 

in SC 37°C, we found 241, 60, and 60 IM coefficients in our empirical data, shuffled data, and 814 

simulated data, respectively. In YPD 30°C, we found 140, 45, and 36 FM coefficients in our empirical 815 

data, shuffled data, and simulated data, respectively. In SC 37°C, we found 88, 38, and 46 FM 816 

coefficients in our empirical data, shuffled data, and simulated data, respectively. In clones isolated 817 

from evolution in YPD 30°C and assayed in SC 37°C, we found 199, 63, and 57 FM coefficients in our 818 

empirical data, shuffled data, and simulated data, respectively. 819 

 820 

Measuring background fitness 821 

We measured the background fitness of clones with fluorescence-based competitive fitness assays 822 

in duplicate for each clone in each environment, using the reference strains strain 2490A-GFP1 and 823 

11470A-GFP1 for the YPD 30°C and SC 37°C clones, respectively. We used the 2490A-GFP1 reference 824 

when we assayed the YPD-30°C-evolved clones in SC 37°C because come of these clones have very 825 

low fitness and 2490A-GFP1 has a lower fitness than 11470A-GFP1. We used the fitness difference 826 

measured between these two references in Johnson et al., 2021 to standardize the fitness 827 

measurements YPD-30°C-evolved clones in SC 37°C so that all fitness measurements in SC 37°C are 828 

on the same scale. Fitness assays were performed and data was analyzed as described in Johnson 829 

et al., 2021. Briefly, we maintained mixed cultures of our clones and fluorescent references for 3 830 

daily growth cycles, as described above, and measured the frequency of fluorescent cells at each 831 

transfer using flow cytometry. We then calculate the fitness of each clone as the slope of the natural 832 

log of the ratio between the frequencies of the non-reference and reference cell populations over 833 

time. Finally, we calculate the mean and standard error of the fitness measurements for the two 834 

clones associated with each population-timepoint.  835 
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Figure supplements 

 

Figure 1 – figure supplement 1. Fitness effect measurement correlations in YPD 30°C. Only mutations with 

at least three barcodes with fitness effect measurements in each clone are included. Values are graphically 

pinned to the -0.2 and 0.15 if they fall outside that range. Error bars represent standard errors (see Material 

and Methods).  



 

 

Figure 1 – figure supplement 2. Fitness effect measurement correlations in SC 37°C. Only mutations with 

at least three barcodes with fitness effect measurements in each clone are included. Values are graphically 

pinned to the -0.2 and 0.15 if they fall outside that range. Error bars represent standard errors (see Material 

and Methods).  



 

 

Figure 1 – figure supplement 3. Fitness effect measurement correlations in clones evolved in YPD 30°C, 

assayed in SC 37°C. Only mutations with at least three barcodes with fitness effect measurements in each 

clone are included. Values are graphically pinned to the -0.2 and 0.15 if they fall outside that range. Error bars 

represent standard errors (see Material and Methods). 



 

 

Figure 1 – figure supplement 4. Additional DFE statistics. (A) The combined DFE of all populations at the 

first and last timepoint in each environment. (B) The standard deviation of the DFE over time in each 

population. (C) The skew of the DFE over time in each population.  



 

 

Figure 1 – figure supplement 5. Accounting for missing fitness effect measurements. Relationships 

between generations evolved and background fitness and various DFE measurements in each environment. 

Colored asterisks next to each plot represent a significant correlation (P<0.05, Wald Test) for the data 

corresponding to the associated population, and the larger black asterisk represents a significant correlation 

for the entire dataset (the associated p-value and R2 are shown above the graph when P<0.05). The first row 

shows the DFE mean. The second row shows the mean of a DFE of mutations in which every mutation is 

measured in every population timepoint with usable data (68 mutations in all 36 population-timepoints 

successfully assayed in YPD 30°C, 57 mutations in 33 populations timepoints successfully assayed in SC 37°C). 

The third row shows the mean of a DFE in which missing fitness effect measurements are filled in with their 

average fitness effect across strains. The fourth row shows the number of strongly deleterious mutations 

(defined as having a mean fitness effect < -0.05 across all strains in a given condition) that had their fitness 

effects successfully measured in each population-timepoint. These methods for accounting for missing fitness 

measurements strengthen our conclusion that the mean of the DFE declines during evolution in YPD 30°C (p-

values are lower and R2 values are higher in the limited and filled in DFE analyses, and strongly deleterious 

mutations are more likely to be missing measurements in high fitness strains). 



 

 

Figure 1 – figure supplement 6. Comparison of our DFE mean vs. background fitness data with the data 

from Johnson et al. (2019). Each graph shows the relationship between the mean of the DFE and strain 

background. All graphs have the same aspect ratio, and the slope of a least-squares regression is shown in the 

title.  

  



 

 

Figure 1 – figure supplement 7. DFE statistics and missing fitness effect measurements for analysis 

considering clones separately. Relationships between generations evolved and background fitness and 

various DFE measurements in each environment. Colored asterisks next to each plot represent a significant 

correlation (P<0.05, Wald Test) for the data corresponding to the associated population, and the larger black 

asterisk represents a significant correlation for the entire dataset (the associated p-value and R2 are shown 

above the graph when P<0.05). The first row shows the DFE mean. The second row shows the mean of a DFE 

of mutations in which every mutation is measured in every population timepoint with usable data (42 

mutations in 62 clones successfully assayed in YPD 30°C, 40 mutations in 44 clones successfully assayed in SC 

37°C). The third row shows the mean of a DFE in which missing fitness effect measurements are filled in with 

their average fitness effect across strains. The fourth row shows the number of strongly deleterious mutations 

(defined as having a mean fitness effect < -0.05 across all strains in a given condition) that had their fitness 

effects successfully measured in each population-timepoint.  



 

 

Figure 1 – figure supplement 8. Distributions of all fitness effects measured in Johnson et al. (2019) and 

this experiment. These distributions comprise all fitness effects measured using the set of 91 mutations 

derived from Johnson et al. (2019) in that experiment (blue) and this one (red). The number of fitness effects 

that were significantly different from zero after a  Benjamini-Hochberg correction (see Materials and Methods) 

is shown in the legend. 

 

  



 

 

Figure 1 – figure supplement 9. Excluding barcodes that experience sequencing cross contamination. 

(A) Heatmap showing the percentage of barcodes that failed our heuristic test for sequencing cross 

contamination at each timepoint in each assay in our SC 37°C experiment. Based on this data, we excluded 

barcodes that failed this test at timepoint 2 in the V2Tn_2 assay. Frequency trajectories of reference mutation 

barcodes are plotted in (B), with excluded barcodes shown in red. This procedure excluded 0.4% of reads at 

timepoint 2 on average. See methods for more details. 

 

  



 

 

 
Figure 2 – figure supplement 1. Comparison of patterns of fitness-correlated epistasis between YPD 30°C 

and a previous study. Each panel shows an example of a specific mutation with a particular combination of 

relationships (negative, positive, or non-significant correlation between fitness effect of the mutation, s, and 

background fitness) in the two environments; numbers indicate the total number of mutations displaying each 

pair of relationships. Each point depicts the fitness effect (y-axis) of one insertion mutation measured in one 

population-timepoint, with the measured fitness of that population-timepoint represented on the x-axis. Error 

bars show the standard error of both measurements (see Materials and Methods). The axes are colored to 

identify the environment: in each square the blue axes on the left is data from YPD 30°C and the black axes on 

the right is data from Johnson et al. (2019), in which each point represents a segregant from a yeast cross. 

Points are colored by populations, as in Figure 1. Each set of example plots is labeled by where the mutation 

is in the genome (what gene it disrupts). 



 

 
Figure 2 – figure supplement 2. Comparison of patterns of fitness-correlated epistasis between SC 37°C 

and a previous study. Each panel shows an example of a specific mutation with a particular combination of 

relationships (negative, positive, or non-significant correlation between fitness effect of the mutation, s, and 

background fitness) in the two environments; numbers indicate the total number of mutations displaying each 

pair of relationships. Each point depicts the fitness effect (y-axis) of one insertion mutation measured in one 

population-timepoint, with the measured fitness of that population-timepoint represented on the x-axis. Error 

bars show the standard error of both measurements (see Materials and Methods). The axes are colored to 

identify the environment: in each square the red axes on the left is data from SC 37°C and the black axes on 

the right is data from Johnson et al. (2019), in which each point represents a segregant from a yeast cross. 

Points are colored by populations, as in Figure 1. Each set of example plots is labeled by where the mutation 

is in the genome (what gene it disrupts). 

  



 

 
Figure 2 – figure supplement 3. Comparison of patterns of fitness-correlated epistasis YPD 30°C and SC 

37°C, in both cases using the set of clones isolated from evolution in YPD 30°C. Each panel shows an 

example of a specific mutation with a particular combination of relationships (negative, positive, or non-

significant correlation between fitness effect of the mutation, s, and background fitness) in the two 

environments; numbers indicate the total number of mutations displaying each pair of relationships. Each 

point depicts the fitness effect (y-axis) of one insertion mutation measured in one population-timepoint, with 

the measured fitness of that population-timepoint represented on the x-axis. Error bars show the standard 

error of both measurements (see Materials and Methods). The axes are colored to identify the environment: 

in each square the blue axes on the left is data from YPD 30°C and the black axes on the right is data from the 

same clones isolated from evolution in YPD°C, but assayed in the SC 37°C environment. Points are colored by 

populations, as in Figure 1. Each set of example plots is labeled by where the mutation is in the genome (what 

gene it disrupts). 

  



 

  

Figure 2 – figure supplement 4. Comparison of patterns of fitness-correlated epistasis in the SC 37°C 

environment for clones isolated from evolution in either YPD 30°C or SC 37°C. Each panel shows an 

example of a specific mutation with a particular combination of relationships (negative, positive, or non-

significant correlation between fitness effect of the mutation, s, and background fitness) in the two 

environments; numbers indicate the total number of mutations displaying each pair of relationships. Each 

point depicts the fitness effect (y-axis) of one insertion mutation measured in one population-timepoint, with 

the measured fitness of that population-timepoint represented on the x-axis. Error bars show the standard 

error of both measurements (see Materials and Methods). The axes are colored to identify the environment: 

in each square the red axes on the left is data from clones isolated from evolution in SC 37°C and the black 

axes on the right is data from clones isolated from evolution in YPD°C, both assayed in the SC 37°C 

environment. Points are colored by populations, as in Figure 1. Each set of example plots is labeled by where 

the mutation is in the genome (what gene it disrupts). 

  



 

 

Figure 2 – figure supplement 5. Patterns of fitness-correlated epistasis with clones treated separately. 
Each panel shows an example of a specific mutation with a particular combination of relationships (negative, 
positive, or non-significant correlation between fitness effect of the mutation, s, and background fitness) in 
the two environments; numbers indicate the total number of mutations displaying each pair of relationships. 
Each point depicts the fitness effect (y-axis) of one insertion mutation measured in one clone with the 
measured fitness of that clone represented on the x-axis. Error bars show the standard error of both 
measurements (see Materials and Methods). Axes are colored to identify the environment: in each panel the 
blue axes on the left is data from YPD 30°C and the black axes on the right is data from SC 37°C. Points are 
colored by population, as in Figure 1. Each set of example plots is labeled by where the mutation is in the 
genome (i.e. which gene it disrupts). 

 

  



 

 

Figure 3 – figure supplement 1. Epistasis in mutations that are beneficial on average at the first 

timepoint in at least one environment. Each row represents an insertion mutation, labeled with the gene it 

disrupts or a gene nearby its insertion site if it is intergenic. Each column represents a condition from our 

experiment or data from Johnson et al. (2019) (right). Each plot shows the fitness effects of mutations over time 

in each population, with idiosyncratic model fits shown, as in Figure 3. The plots in the right column show the 

fitness effect of each mutation as a function of background fitness. Each of the mutations displayed here has a 

beneficial fitness effect on average in at least one environment that becomes neutral or deleterious in that 

environment during evolution. 



 

 

Figure 3 – figure supplement 2. Idiosyncratic model coefficients, broken down by population and 

timepoint in each condition. 



 

 

Figure 3 – figure supplement 3. Model coefficients plotted by mutation. For each mutation in each 

environment, we plot the values of all idiosyncratic model coefficients in yellow and all full model coefficients 

(excluding the background fitness coefficient) in grey. We connect all points for each mutation by a line of the 

same color for each model. 

  



 

 

Figure 3 – figure supplement 4. Model coefficient distributions for empirical, shuffled, and simulated 

datasets. Distributions of model coefficients are plotted as in the insets of Figure 3, but with equal y-axes, for 

our empirical data (top), our randomly shuffled dataset (middle), and our simulated dataset (bottom). See 

Materials and Methods for more information on these datasets. 

  



 

 

Figure 3 – figure supplement 5. Analogous to Figure 3 but with clones treated separately. (A) For each 

environment, we plot the standard deviation of the fitness effect across all clones and the square root of the 

variance explained by each of our three models. The colored squares below each bar represent which model 

has the lowest BIC for each mutation. Mutations shown in red or black are insertions in or near the 

corresponding gene, respectively; stars indicate the mutations shown in panels B and C. Only mutations with 



 

fitness-effect measurements in at least 20 clones are shown. The insets show the distribution of all coefficients 

in the idiosyncratic model (IM) and full model (FM), pooled across all mutations.  (B) Examples of idiosyncratic 

(left half) and full (right half) model fits. Model predictions are shown by dashed lines, and lines with 

contributions from indicator variables associated with a particular population are the same color as the points 

from that population (colors are the same as in Figure 1). 

 

 

  



 



 



 



 



 



 



 



 



 



 



 



 



 



 



 



 

Figure 3 – figure supplements 6-21. Determinants of fitness effects under the idiosyncratic model. Each 

row represents one mutation, labeled at right with by the gene it disrupts or the nearest start of a gene if it is 

intergenic. Each column represents a condition. The left three columns show the fitness effects of mutations 

over the course of evolution, with points colored by population. The right column shows the relationship 

between fitness and the fitness effect of the mutation in the segregants from a yeast cross (data from Johnson 

et al. (2019)). Model predictions are shown by dashed lines, and lines with contributions from indicator 

variables associated with a particular population are the same color as the points from that population.  

  



 



 



 



 



 



 



 



 



 



 



 



 



 



 



 



 

Figure 3 – figure supplement 22-37. Determinants of fitness effects under the full model. Each row 

represents one mutation, labeled at right with by the gene it disrupts or the nearest start of a gene if it is 

intergenic. Each column represents a condition. The left three columns show the fitness effects of mutations 

as a function of fitness, with points colored by population. The right column shows the relationship between 

fitness and the fitness effect of the mutation in the segregants from a yeast cross (data from Johnson et al. 

(2019)). Model predictions are shown by dashed lines, and lines with contributions from indicator variables 

associated with a particular population are the same color as the points from that population. 

  



 

 

Figure 4 – figure supplement 1. Analogous to Figure 4 but with clones treated separately. (A) Same as 

Figure 3 – figure supplement 5A, but for clones from YPD 30°C assayed in SC 37°C. We plot the standard 

deviation of the fitness effect across all clones and the square root of the variance explained by each of our 

three models. The colored squares below each bar represent which model has the lowest BIC for each 

mutation. Mutations shown in red or black are insertions in or near the corresponding gene, respectively; stars 

indicate the mutations shown in panel B. Only mutations with fitness-effect measurements in at least 20 clones 

are shown. The inset shows the distribution of all coefficients in the idiosyncratic model (IM) and full model 

(FM), pooled across all mutations. (B) Example IM model fit, as in Figure 3B. The model predictions are shown 

by bold dashed lines, and lines with contributions from indicator variables associated with a particular 

population are the same color as the points from that population (colors are the same as in Figure 1 and panel 

C). (C) The fitness and DFE mean over time in YPD 30°C populations assayed in SC 37°C. The asterisk indicates 

a significant correlation (P<0.05). Error bars on Fitness represent the standard error from replicate flow 

cytometry competition assays. Error bars on the DFE mean represent the standard error of the DFE mean, 

calculated from the standard errors of individual mutations (see Materials and Methods). 

 

 

 


