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Environmental change is ubiquitous in nature, yet understanding its effect on the predictability of evolution remains
a challenge. Previous work in microbes has shown that growth and fitness in a particular environment can depend
strongly on the environments encountered previously. If such history-dependent effects are large, then any sequence
of environments must be thought of as unique, and even a modest number of environments could generate a com-
binatorially large number of evolutionary paths. This would make evolution in changing environments difficult to
predict. Here, we use cycles of three environments, which is the smallest number of environments which allow for
comparisons of different environmental orderings – X → Y → Z → X vs X → Z → Y → X – to empirically test
how environmental order affects the fitness of S. cerevisiae mutants. We measured the fitness of ∼900 adaptive mu-
tants in distinct three-environment cycles, and find large history-dependent effects which cause fitness in individual
environmental components to differ drastically across the two directions of the cycle. However, these effects tend
to compensate for each other, resulting in similar overall fitness across the whole cycle. This is true even when we
specifically conduct experimental evolution in both directions of the same three-environment cycle. Of the ∼450
mutants we isolated, only a small number of strains showed higher fitness in the direction in which they evolved. By
splitting the contribution of each environment on fitness into its effect on the current and next component, we show
that the invariance of overall fitness to environment order emerges because the effect of an environment on the next
component is largely independent of the identity of the subsequent component, and can be captured by an additive
model. Despite this general pattern of compensation, we do find instances of non-additivity, some of which are partly
due to history-dependent effects lasting beyond two growth components. Overall, these results suggest that despite
large history-dependent effects, fitness across a sequence of environments can be surprisingly predictable.

1 Introduction1

One of the central goals of evolutionary biology is to2

understand the extent to which evolution can be pre-3

dicted. There are abundant examples of convergent4

evolution in nature, suggesting that in any environment5

there exists only a limited set of available solutions,6

thus making evolution at least in part predictable. On7

the other hand, there are many reasons evolution could8

be unpredictable – evolution proceeds through inher-9

ently stochastic processes such as drift and mutation,10

which could be expected to hinder predictability of evo-11

lution, either by increasing the complexity of the envi-12

ronment and thus the number of possible solutions, or13

by introducing additional historical contingencies. A14

large body of experimental evolution studies has pro-15

duced instances of consistent patterns of repeatability16

at the level of genes, pathways, and functional groups,17

supporting the view that evolution is predictable [1–18

12], as well as cases of stochastic and unpredictable19

outcomes [8, 13–15]. Experimental evolution studies20

are particularly well suited to probe the predictabil-21

ity of evolution because they allow replicate popula-22

tions to evolve under identical conditions. However,23

these studies have traditionally focused on evolution24

under relatively stable environmental conditions, often25

involving repeated growth on the same nutrient source.26

Microbes face environmental change in many settings,27

such as diurnal and seasonal environmental variations28

or repeated boom and bust cycles in nutrient availabil-29

ity, for example in a host gut or during a domestic30

fermentation process. Given that environmental vari-31

ability is ubiquitous in nature, it remains unclear to32

what extent the observations from traditional experi-33
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mental evolution can be applied to evolution in natural34

populations. Indeed, studies of evolution in fluctuating35

environments have found that fluctuations make evolu-36

tion less repeatable [5, 16–18].37

Furthermore, strongly fluctuating environments38

may be fundamentally different from more constant en-39

vironments because organisms must adapt not only to40

multiple environmental states, but also to the transi-41

tions between them. Studies on microbial populations42

suggest that such transitions indeed pose a novel chal-43

lenge for cellular growth separate from balancing mul-44

tiple environments that constitute the fluctuation [19–45

26], and fitness in fluctuating environments can deviate46

from predictions based on fitness measurements in con-47

stituent environments [16, 27, 28]. Moreover, on an evo-48

lutionary timescale, adaptations acquired in an earlier49

environment may influence which mutations are ben-50

eficial in subsequent environments due to epistatic or51

pleiotropic effects [14, 15, 29–31], causing populations52

exposed to different environmental orders to follow dis-53

tinct evolutionary trajectories.54

If environmental transitions can have large effects55

on fitness, we might expect that different orders in56

which the same environments appear could generate57

distinct evolutionary paths, even if the total exposure58

to the constituent environment components remains59

unchanged. For instance, consider the shortest cycle of60

distinct environments in which order can differ, X → Y61

→ Z → X and X → Z → Y → X (Figure 1A). Large id-62

iosyncratic fitness effects of environmental transitions63

could make these two sequences of environments very64

different conditions from each other.65

If, however, history-dependent effects were primar-66

ily driven by only the current environment and the im-67

mediately preceding environment, this would simplify68

the three-environment cycles. Furthermore, if the ef-69

fect of an environment (Y ) on future fitness were inde-70

pendent of the environment that follows it (X), rather71

than being an emergent effect arising from both of the72

environments in a fluctuation, then history-dependent73

effects might cancel out over time. To see this more74

clearly, we can decompose the fitness in environment75

X preceded by Y , s(X,Y → X), into the effects of76

each environment and an interaction term,77

s(X,Y → X) = ft(X) + ft−1(Y ) + δ(Y → X), (1)78

where ft(X) and ft−1(Y ) represent the fitness effects79

of environments independent of the other environment,80

and δ(Y → X) captures any interaction term. If81

there were only subtle history-dependent effects, then82

ft−1(Y ) and δ(Y → X) would be small; if there were83

large but idiosyncratic history-dependent effects then84

δ(Y → X) would be large; if there were a constant ef-85

fect of an environment on future fitness, independent86

of future environments, then δ(Y → X) would be small87

in comparison to ft−1(Y ).88

In a three-environment cycle, each environment is89

the current environment and previous environment for90

one of the components. If δ(Y → X) is small, then the91

overall fitness of a mutant in a three-environment cycle92

simplifies; for instance in environment X → Y → Z →93

X, overall fitness is 1/3·
∑

E∈{X,Y,Z}
(
ft(E)+ft−1(E)

)
,94

which is invariant to the direction (order) of the cycle.95

As a result, overall fitness could become largely inde-96

pendent of environmental order. This would allow for97

a coarse-grained description of fitness in fluctuating en-98

vironments over long timescales rendering evolution in99

fluctuating conditions predictable despite the history-100

dependent effects.101

Here, we perform experiments in yeast, using a col-102

lection of DNA-barcoded S. cerevisiae strains to mea-103

sure fitness in both directions of three-environment cy-104

cles (X → Y → Z → X ... and X → Z → Y → X ...),105

where cells are grown sequentially in batch culture on106

different media. We first measure the fitness of a collec-107

tion of ∼900 high-fitness strains that were previously108

evolved in one- and two-environment cycles using the109

same media conditions used here [27], but never expe-110

rienced the three-environment cycles we construct. Us-111

ing this large collection of mutants allows us to quantify112

how much environmental order matters for fitness. We113

further analyze data from two-environment cycles to114

test the degree to which history-dependent effects are115

driven by idiosyncratic effects specific to an environ-116

mental pair.117

Finally, we test whether environmental ordering af-118

fects adaptation by evolving strains in both directions119

of the three-environment stressor cycle. If strains fail120

to evolve direction-specific adaptations, this would sug-121

gest that environmental ordering has a limited influ-122

ence on adaptation and that evolutionary outcomes123

may be predictable from simpler environments. Con-124

versely, if strains gain adaptations specific to the di-125

rection in which they evolved, this would suggest novel126

adaptation to specific environmental orderings can oc-127

cur rapidly, which may limit the predictive power of128

short-term fitness assays in fluctuating environments.129

2 Results130

To investigate how the order of encountered environ-131

ments affects fitness, we first measured the fitness of132

a collection of ∼900 adaptive barcoded mutants that133

were previously generated through experimental evolu-134

tion in constant or pairwise fluctuating environments135

[27]. Specifically, these mutants evolved in batch cul-136

tures containing one of five media components, i.e. syn-137

thetic complete (SC) glucose (Glu), SC galactose (Gal),138

SC lactate (Lac), SC glucose + NaCl (N), or SC glu-139

cose + hydrogen peroxide (H), or in cycles switching140

between pairs of these media conditions (Methods 4.1).141

Using this mutant collection, we probed fitness in two142

different three-environment cycles constructed from the143

components the strains were evolved in (Methods 4.3).144

The “carbon cycle” consisted of Glu, Gal, and Lac,145

while a “stressor cycle” consisted of Glu, N, and H146
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Figure 1: Schematic of Experimental Design (A) Three-environment cycles have two different orderings (X →
Y → Z → X and X → Z → Y → X), which have different transitions, even if the mean time spent in each environment
is the same. (B) We use a library of ∼ 900 experimental evolution mutants from one- and two-environment cycles,
evolved from an ancestral population with ∼500,000 isogenic barcoded lineages. Strains from each condition were
isolated, individually sequenced for barcode identity and pooled. ∼900 of these mutants were generated via evolution
in one- and two-environment cycles and their fitness was measured in the five static environments and all possible
two-environment cycles constructed from these environments in our previous study [27]. In this study an additional
∼450 mutants are generated via evolution in both directions of the three-environment cycle comprised of SC Glucose,
SC Glu + NaCl, and SC Glu + Hydrogen Peroxide. We measured the fitness of these strains in three-environment
cycles comprised of Glucose and the two stressors (NaCl and H2O2), as well as SC Glucose and the two alternative
carbon sources (Galactose and Lactate). Additionally, we measured the fitness of strains generated from both direc-
tions of the three-environment cycles in all one, two, and three-environment cycles. Experiments from Abreu et al.
[27] are shown in gray, measurements from this study are shown in orange.
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(Figure 1B).147

We measured fitness by pooling the barcoded mu-148

tant strains with the ancestor strain, and passaging this149

pool for six 48-hour growth cycles. The ancestor strain150

took up the majority (95%) of the initial culture so151

that competition is approximately between the ances-152

tor and each mutant, rather than interactions between153

mutants. Cultures were transferred between environ-154

ments via a 1:250 dilution (∼ 8 generations) every 48155

hours, and the rest of the culture was sequenced to156

measure frequency at each time point. From frequency157

measurements of mutants and ancestor over time across158

batch growth cycles (Figure S1, S2), we model the fit-159

ness relative to the ancestor of a mutant i as160

xt+1,i = xt,ie
(se,i−st),

where xt,i is the frequency of the strain at time t,161

se,i is the fitness of the strain in the environment be-162

tween time points t and t+ 1, and st is the integrated163

change in mean population fitness over the time inter-164

val. We define the fitness of the ancestral strain to be165

0, and use the frequency change of the ancestor to infer166

st at time t. In multiple environment cycles, we jointly167

infer fitness in individual environment components (fit-168

ness during growth in one environment) and across the169

cycle (Methods 4.6).170

2.1 Overall fitness in three-environment cycles is171

largely independent of ordering despite history-172

dependent effects173

We compare fitness of the collection of ∼ 900 mutants174

from one- and two-environment evolution in the two di-175

rections of the three-environment cycles (Figure 2A,B).176

First focusing on the individual components (Figure177

2 C-E, G-I), we find that fitness differs substantially178

across the two directions (mean absolute difference in179

fitness across the two directions of the cycle within the180

same component is 0.252), which is consistent with our181

previous findings that environmental history shapes fit-182

ness [27]. In contrast, when looking over the entire cy-183

cle instead of over individual components, we find that184

overall fitness in the two directions is generally well cor-185

related (Figure 2F,J; mean absolute difference in fitness186

across the two directions of the cycles is 0.092).187

We illustrate this by highlighting a few strains rep-188

resenting a range of behaviors in these environments.189

For instance, the fitness of the strain highlighted in190

pink in the Glu component of the carbon cycle is much191

higher in the Glu → Lac → Gal direction than in the192

Glu → Gal → Lac direction (Figure 2C) but this fit-193

ness difference is reversed in the Gal component (Figure194

2D). Thus, the overall fitness averages to be very simi-195

lar in both directions of the cycle (Figure 2F). Another196

example is the strain highlighted in orange, which has197

much higher fitness in the Glu → N → H direction of198

the stressor cycle in the Glu component (Figure 2G),199

but this advantage is compensated for in both the N200

and the H components (Figure 2H,I), in which the mu-201

tant is fitter in the Glu → H → N direction, again202

resulting in a very similar overall fitness. The maroon203

strain, on the other hand, is an exception to the general204

trend of similar overall fitness in the two directions of205

the fitness cycle. This strain has very similar fitness in206

both directions of the cycle in the Glu and N compo-207

nents (Figure 2G, H), but substantially higher fitness in208

the Glu → H → N direction in the H component (Fig-209

ure 2I), thus resulting in higher overall fitness in the210

Glu → H → N direction of the stressor cycle (Figure211

2J).212

We use a permutation test to ask if the correla-213

tion in overall fitness is stronger than expected un-214

der the null hypothesis that the fitness of a mutant215

in each component of the three-environment cycle is216

uncorrelated with fitness in another component. We217

generate the null distribution by permuting the la-218

bels of strains within each environment, thus breaking219

correlations in fitness values between components but220

preserving the distribution of fitnesses for any given221

environment. We find a statistically robust effect in222

both cycles (Permutation test, p < 10−3) suggest-223

ing that over-performance in any given component in224

one direction of the cycle does generally trade-off with225

under-performance in another (or multiple other) com-226

ponents of the cycle (Figure S3I-J, S4). This pat-227

tern of compensation is present in both cycles with228

a larger effect in the carbon cycle than in the stres-229

sor cycle (Figure 2K-L). In a more detailed analysis230

across strains and conditions, we find that fitness be-231

haviors in three-environment cycles depend on the con-232

ditions the strains evolved in (Figure S3). For instance,233

strains which evolved in the Glu/H and Lac in partic-234

ular have large asymmetries in components. Strains235

which evolved in Glu/H are generally fitter in H when236

preceded by Glu (Glu → H → N direction) than when237

preceded by N (Glu → N → H direction), suggesting238

that they evolved specifically to the transition from glu-239

cose (no stressor) to hydrogen peroxide.240

Taking these results together, we find that while fit-241

ness within a single component depends strongly on the242

previous environment, across the whole cycle fitness is243

often compensated such that overall fitness is invari-244

ant to the order of the environments. This invariance245

makes the overall fitness in fluctuating conditions more246

predictable as a result.247

2.2 The contributions of each environment towards248

current and future fitness are largely additive249

How can long-term fitness across the three-environment250

cycles be largely independent of direction, when there251

are substantial direction-dependent fitness effects in252

any given component environment? Considering fitness253

during an environmental switch, there are two distinct254

conceptual possibilities: (i) switching from one environ-255

ment to another produces an entirely novel problem,256
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Figure 2: Fitness measurements in three-environment cycles of mutants evolved in one- and two-
environment cycles. (A) Carbon cycle and (B) stressor cycles. (C-E) Fitness in each component of the three-
environment carbon cycle compared across the two directions of the cycle. Strains differ in fitness across the two
directions in components, indicating that there are large history-dependent effects. A selection of strains represent-
ing a range of behaviors are colored consistently across panels C-J. (F) Overall fitness in the two directions of the
three-environment carbon cycle, calculated as the mean of fitness in the three environments. (G-I) Fitness in each
component of the three-environment stressor cycle compared across the two directions of the cycle. Strains differ in
fitness across the two directions in components, particularly in the glucose (panel (G)) and hydrogen peroxide (panel
I) components, indicating that there are large history-dependent effects. (J) Overall fitness in the two directions of
the three-environment stressor cycle, which is calculated as the mean of fitness in the three-environments. (K,L)
Pearson correlation between overall fitness in the two directions of the carbon (panel K) and stressor (panel L)
cycles are shown in red. The expected distribution of Pearson correlations between the two directions assuming that
fitness between components is uncorrelated is shown in gray. This is calculated by permuting the fitness values across
strains, maintaining the distribution of fitness values within each environment component.
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and therefore fitness is an emergent property of the257

specific pair of environments, or (ii) there are additive258

effects of each environment on current fitness and fit-259

ness in the next environment component, such that the260

fitness contribution of each environment is independent261

of the other environment it is paired with.262

More formally, we can decompose fitness of a mu-263

tant i measured in environment X preceded by Y,264

si(X,Y → X), as265

si(X,Y → X) = fi,t(X) + fi,t−1(Y ) + δi(Y → X),266

where fi,t(X) is the effect of environment X on the mu-267

tant’s fitness in the current environment, fi,t−1(Y ) is268

the effect of previous environment Y on the mutant’s269

fitness in the subsequent environment X that is inde-270

pendent of the specific identity of X, and δi(Y → X)271

is an emergent fitness effect due to an interaction be-272

tween the two environments X and Y (Figure 3A).273

Importantly, fi,t(X) and fi,t−1(Y ) do not depend on274

the environment pair, and could also be used to model275

fitness effects in other switches involving these compo-276

nents, say Z → X or Y → Z. Under worldview (i)277

the expression for fitness is dominated by the interac-278

tion between X and Y , so δi(Y → X) would be large.279

Conversely, under worldview (ii), δ(Y → X) would be280

small, so the effects of environments on fitness in the281

current and next environment do not depend on the282

specific environment pair in the fluctuation, and can283

instead be applied to any pair of environmental fluctu-284

ations.285

To empirically distinguish between these concep-286

tual possibilities, we use fitness measurements of the287

same ∼ 900 S. cerevisiae mutants as above in the five288

one-environment cycles and nine two-environment cy-289

cles (Figure 1B). With multiple instances of any given290

environment being the current or previous environ-291

ment, we are able to infer the generic fitness contri-292

butions of environments by fitting our data to the293

model si(X,Y → X) = fi,t(X) + fi,t−1(Y ) (Figure294

3B). We construct this model separately for each mu-295

tant, by encoding the previous and current components296

of the fluctuating environment as binary variables, and297

jointly inferring the values of ft and ft−1 across all en-298

vironments using ridge regression. To test the perfor-299

mance of this model, we use leave-one-out cross valida-300

tion (LOO-CV) across environments to generate a pre-301

dicted fitness value for each fitness measurement (Fig-302

ure 3B)(Methods 4.7). The prediction error from this303

model is due to a combination of interactions between304

the environments (δ) and noise in the data (ε). Thus,305

if this model is able to fit the data well, we can infer306

that δ is small.307

We fit this model for all 23 environment switches308

using LOO-CV (Figure 3B), and found that overall the309

model improves fitness prediction substantially over a310

baseline prediction that does not take previous envi-311

ronment into account, indicating that there are generic312

environmental fitness effects on the previous and next313

environments which can enable prediction in previ-314

ously unseen fluctuating environments. R2 is improved315

from 0.395 in the baseline prediction using the aver-316

age fitness across switches with the same current en-317

vironment, without taking the prior environment into318

account, to 0.621 over the entire dataset, with some319

variability across environmental switches (Figure S5-320

7). The performance of this model for three example321

environments that represent the range of model per-322

formance - Lac preceded by Gal, Gal preceded by H,323

and Glu preceded by Glu - is shown in Figures 3C-E.324

Generally predictions from this model are well corre-325

lated with the observed values, but there are also sev-326

eral cases with large differences between observed and327

predicted fitness.328

To quantify the degree to which interactions be-329

tween environments (δ) contribute to fitness, we ana-330

lyze the errors from the out-of-sample predictions. Be-331

cause this model fits only ft and ft−1, prediction error332

is the sum of ε (measurement error) and δ. To estimate333

δ, we approximate ε by the standard error of the mean,334

i.e the expected magnitude of the measurement error in335

fitness and subtract it from prediction error (Methods336

4.7). Simulations suggest that this is likely an overesti-337

mate of δ (Supplementary Materials Section 2, Figure338

S6). The magnitude of the inferred ft (green), ft−1339

(orange), δ (red), and ε (gray) for each data point (a340

single fitness measurement for a given mutant and envi-341

ronment component) ordered by ε are shown in Figure342

3F as smoothed lines, with 50% inter-quantile ranges.343

We find that ft and ft−1 are similar in magnitude344

(green, orange in Figure 3F, mean magnitudes for ft345

and ft−1 are 0.16 and 0.13), consistent with the large346

history-dependent effects we find comparing fitness in347

the same component across different directions of the348

cycle (Figure 2). In Figure 3F (right), the red columns349

can be interpreted as the expected value for δ, and the350

sum of the gray and red (δ + ε) as the upper bound351

for δ. Following this interpretation, we find that δ con-352

tributes 50% or less to the sum of the fitness effects for353

77.6 - 93.0% of the data, and to less than 10% for 17.6-354

47.6% of the data. On average over the whole dataset,355

δ is estimated to be 16.96% of the fitness effects. Com-356

paring the absolute values of δ, ε, ft and ft−1 across357

the dataset (Figure 3F, G), we find that δ is generally358

a smaller value than ft and ft−1, the inferred values for359

the generalizable additive fitness contributions. How-360

ever, there are several cases where δ appears to have361

a substantial contribution, with some systematic vari-362

ations across environments, such as larger values of δ363

in the H environment (Figure 3F).364

With this model of fitness in environmental365

switches, we further investigated whether there are re-366

lationships across different parts of the growth cycle367

by analyzing the correlation structure in the fitness ef-368

fects of different environments. Such trade-offs might369

be expected given previous work investigating relations370
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between lag times, growth and survival in stationary371

phase, and could constrain fitness in dynamic environ-372

ments. Consider the growth dynamics underpinning373

fitness in environment X preceded by Y : the fitness374

effect of the previous environment, ft−1(Y ), might be375

reflected in the early phase of growth in X rather than376

later growth phases, which might be better captured by377

the fitness effect of the current environment, ft(X). If378

proliferation in X (captured by ft(X)) traded-off with379

either survival in late stationary phase in the previ-380

ous environment Y or with initial growth in X (cap-381

tured by ft−1(Y )), then we would expect to see a neg-382

ative correlation between ft(X) and ft−1(Y ). Con-383

versely, if the same functional trait conferred fitness384

(dis)advantages across all parts of the growth cycle,385

then ft(X) and ft−1(Y ) would be positively correlated.386

The estimated correlations between the ft and ft−1 val-387

ues are shown as a heatmap in Figure 3H, with negative388

correlations in brown and positive correlations in teal.389

We correct for a systematic bias (Pearson correlation of390

≈ +0.1 in pairs of current/previous environment vari-391

ables, and ≈ −0.1 in pairs of current/current and pre-392

vious/previous environment variables; see Supplement393

Section 2, Figure S6) generated from this regression394

method. We find many instances of significant corre-395

lations between coefficients (highlighted in Figure 3H,396

Figure S6-7). For example, for the two stressors, the397

correlations between ft and ft−1 are all positive, sug-398

gesting a cross-protective effect across the two stres-399

sors. However, looking across all environments there400

is a range of correlations, both positive and negative,401

for ft and ft−1 values. Overall, we find no evidence402

of widespread trade-offs between different parts of the403

growth cycle, under the assumption that environmen-404

tal effects on future fitness primarily reflect stationary405

and lag phases of the growth curve.406

The totality of the data supports worldview (ii): the407

effects of environments are largely additive and gener-408

alizable. This is consistent with our observations across409

the three-environment cycles that while there are large410

short-term history-dependent fitness effects, the overall411

fitness across the whole cycle is invariant to the direc-412

tion. However, note that additivity is not unbreakable413

and we do detect a number of cases in which the δ term414

is large, and there are substantial effects due to the id-415

iosyncratic, environment-specific interactions between416

the current and preceding environments.417

2.3 Compensatory memory constrains evolution in418

three-environment cycles419

So far, our observations that overall fitness in three-420

environment cycles is largely order-invariant due to421

small fitness effects attributable to non-additive en-422

vironmental interactions (δ) are based on mutants423

evolved in one- and two-environment cycles. However,424

we reasoned that if evolution were conducted in a spe-425

cific three-environment cycle, adaptive mutants might426

exploit the specific order and non-additive interactions427

between environments. To test this hypothesis we car-428

ried out experimental evolution in the two directions429

of the three-environment stressor cycle (Glu → H → N430

and Glu → N → H) and asked if they adapt specifically431

to their “home” direction.432

The founding populations of ∼500,000 isogenic bar-433

coded strains (Figure 1B) were evolved for 150 gener-434

ations across 24 growth cycles in each of the two order-435

ings and in two replicates, similar to the previous evolu-436

tions in one- and two-environment cycles [27]. We then437

isolated 110 mutants from each of these evolution con-438

ditions, for a total of 440 mutants, and measured their439

fitness in each of the three-environment cycles, as well440

as in 14 of the one- and two-environment cycles which441

can be constructed from the five environment compo-442

nents (15 cycles constructed from Glu , Gal, Lac, N443

and H, excluding Lac/H due to poor replicate-replicate444

measurements) (Figure 1B, Methods 4.2, 4.3).445

First, we asked whether mutants evolved in the446

stressor cycle exhibit fitness behavior specific to their447

home direction. Looking at the individual fitness com-448

ponents and overall fitness (Figure 4A-D), we observe449

that most mutants isolated from either direction (blue,450

orange) do not appear to have adapted specifically to451

their three-environment direction, but instead cluster452

together similar to mutants evolved in one- and two-453

environment cycles (gray).454

However, four mutants from Glu → H → N (orange455

mutants highlighted with diamond markers in all pan-456

els in Figure 4) gained fitness specific to their evolution457

direction. Two of these strains appear to have gained458

this asymmetric fitness advantage through adaptation459

specifically to high salt in the N component following460

H2O2 exposure in the H component(Figure 4 B). Inter-461

estingly, mutants from the two-environment H/N cycle462

have not evolved this ability, despite having the same463

H to N transition in their home environment. Notably,464

the outlier mutants with Glu→ H→ N specific adapta-465

tion are among the highest fitness strains in this cycle.466

This suggests that while rare (4/220 strains from Glu467

→ H → N showed high fitness specific to the cycle di-468

rection), evolution specific to the cycle direction is one469

of the more effective adaptive strategies.470

Additionally, we observe that most strains from471

both directions of the evolution are fitter in the Glu →472

H → N direction than the Glu → N → H direction, par-473

ticularly in the H component (Figure 4C). This suggests474

that most adaptations are more beneficial when transi-475

tioning from Glu (lower stress) to H (oxidative stress)476

than when transitioning from N (osmotic stress) to H,477

regardless of the cycle direction in which they were se-478

lected. Nevertheless, many of these strains appear to479

have lower fitness in the Glu component in the Glu →480

H → N direction (Figure 4A), thus resulting in only481

a modest fitness difference in the overall cycle (Figure482

4D). Using a permutation test, we find that the over-483

all fitness of these mutants in the three-environment484
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Figure 3: Regression separating generalized effects of environments on fitness in the current and next
time point. (A) Model of generalized fitness effects of environments on the previous and current timepoint. For
a given mutant, fitness in an environment X preceded by Y , s(X,Y → X), is modeled as the effect of environ-
ment X on fitness when X is the current environment, ft(X), the effect of Y on the next environment, ft−1(Y ),
an emergent interaction term, δ(Y → X), and error (ε). Note that ft(X) and ft−1(Y ) are invariant to the other
environment, i.e. the effects of X and Y independent of specific environmental transitions. (B) Schematic of ridge
regression procedure. For each mutant, we jointly infer ft and ft−1 for all environments, training the model on
all data except the held out environment, which is then used to quantify prediction error. (C-E) Out of sample
predicted fitness from the model fitting ft and ft−1 as described in A-B compared to measured fitness. Points are
colored by estimated density at that point (Gaussian KDE, Scott’s method), with lighter points indicating higher
density. The panels show fitness measured in Lac preceded by Gal, Gal preceded by H, and Glu preceded by Glu
(static glucose) respectively. (F) Absolute magnitude of contribution of the current environment ft (green), previous
environment ft−1 (orange), interaction term δ (red), and measurement error ε (grey) ordered by ε. The curves show
the smoothed median and 0.25 and 0.75 quartiles, smoothed using Gaussian smoothing, with a rolling window of
100 data points with σ = 50. ε (measurement error) is estimated by the SEM of the fitness measurement. The
SEM is subtracted from the prediction error to give an estimate for δ (clipped at 0). For cases in which prediction
error is lower than SEM, the δ is clipped 0. Bars on the right show the mean values of ft, ft−1, δ, and ε across
all the data, grouped by the current environment. (G) The distribution of ft, ft−1, δ, and ε across all the data as
a violin plot. (H) Heatmap of Pearson correlations of ft and ft−1 corrected for systematic bias from simulations
(bias is ≈ +0.1 for current-previous environment pairs and ≈ −0.1 for previous-previous and current-current pairs).
Coefficient pairs with p < 0.05 (FDR corrected, two-sided permutation test) and outside the 99% confidence interval
from the simulated null are highlighted.
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Figure 4: Evolution in three-environment stressor cycles. (A-C) Fitness of the evolved strains in the two
directions of the three-environment cycles in individual components. Strains evolved in Glu → H → N are shown in
orange, strains evolved in Glu → N → H are shown in blue, and strains evolved in one- and two-environments are
shown in gray for comparison. Error bars for the three-environment cycle mutants show standard error of the mean
(SEM) across three replicates. Strains showing higher overall fitness (fitness difference > 0.45 and overall fitness in
Glu → H → N > 0.7) in the Glu → H → N cycle are highlighted with diamond markers; these strains are from Glu →
H → N (n = 4), Glu/H (n = 10), Static H (n = 3) or Glu/Lac (n = 1). Strains from Glu → H → N showing specific
adaptations to the H → N transitions are highlighted in the orange box in B and E. (D) Overall fitness in the cycle,
calculated as mean fitness in the three components. (E) UMAP visualization of the fitness of all strains across all
environments excluding the three-environment stressor cycle. Colors and markers are consistent across panels B-E.
(F) Mean interaction terms δ for mutants across the components of the stressor cycle (Glu, H, N), grouped by their
evolutionary origin. Highlighted strains with high fitness differences are shown in dark gray. p-values are obtained
using a permutation test with n = 10, 000, and suggest that mutants in the Glu → H → N cycle have higher δ
terms. (G) Most common genomic changes in stressor condition mutants from whole-genome sequencing, including
autodiploidy and gene targets. Mutants from three-environment conditions share mutations in the most common
gene targets with strains from all other conditions.

9

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

The copyright holder for this preprintthis version posted October 2, 2026. ; https://doi.org/10.64898/2026.09.29.755513doi: bioRxiv preprint 

https://doi.org/10.64898/2026.09.29.755513
http://creativecommons.org/licenses/by/4.0/


cycles is more similar than in the components (Figure485

S8), similar to mutants from other evolution conditions486

(section 2.1).487

Next, we examined how strains evolved in the three-488

environment cycles performed across all other environ-489

ments. We visualize the behavior of strains across490

the collection using UMAP (Figure 4E), and find that491

strains evolved in the three-environment cycles are gen-492

erally well distributed across the entire space. Rea-493

soning that similar patterns of fitness across several494

environments indicate a similar underlying phenotype495

[32], this suggests that these mutants generally explore496

a similar phenotypic space as the mutants from one-497

and two-environment cycles. However, two of the four498

strains which show cycle-specific adaptations to Glu →499

H → N do so by adapting specifically to N in the Glu500

→ H → N cycle, which no other strains appear to have501

done. These two strains are clustered with each other502

away from other strains (box, Figure 4 B, E), suggest-503

ing that these two strains have similar phenotypes to504

each other based on their overall behavior in all other505

environments.506

In order to investigate the genomic basis of507

evolution in the three-environment cycles, we se-508

quenced whole genomes of 115 strains from the three-509

environment cycles, and also tested strains for auto-510

diploidization (Figure 4G). We observe a genomic sig-511

nature of environment-specific adaptation in the three-512

environment cycles. For instance, strains with SNPs513

in genes that are hit multiple times in the three-514

environment cycles but never in other cycles have515

higher fitness in three-environment cycles than other516

strains (Figure S9). There is no clear mechanism based517

on known functions of these genes (multi-hit genes in518

both cycles shown in Figure 4G, multi-hit genes from519

individual cycles listed in Table S1). This set of strains520

includes two of the outlier strains with adaptations spe-521

cific to the Glu → H → N cycles.522

We also find that there are two occurrences of muta-523

tions in AFT1, which is part of an iron-sensing pathway524

involved in oxidative stress response. This mutation oc-525

curred only in Glu → H → N mutants, not in Glu → N526

→ H mutants, and was a common mutation in mutants527

from the two-environment Glu/H cycle, but did not oc-528

cur in mutants from the H/N cycle. Interestingly, one529

of the two Glu → H → N strains with an AFT1 mu-530

tation shows a much higher fitness in Glu → H → N531

than in Glu → N → H. This suggests that these are532

adaptations specific to transitioning to oxidative stress533

from a lower stress environment, but not from osmotic534

stress.535

Looking over the whole collection of mutants from536

three-environment cycles however, we find that evolu-537

tion remains largely constrained to generate fitness that538

is similar in the two directions of the cycle. This is in539

line with the order-invariant fitness and the low envi-540

ronmental interaction term (δ) we inferred in mutants541

from one- and two-environment cycles. Applying this542

analysis to the three-environment mutants, we find that543

most three-environment mutants also have small δ val-544

ues. As expected, the outlier strains in Glu → H →545

N that have specifically adapted to their home three-546

cycle direction do have high δ values (Figure 4F). Given547

that these strains were among the fittest in this envi-548

ronment, it is possible that in a longer evolution they549

would have taken over the population, thus breaking550

the cycle direction symmetry constraint in longer term.551

2.4 The length of environmental memory can exceed552

one growth cycle553

One possible mechanism for a large interaction term554

(δ in Section 2.2) is long-term environmental memory.555

If memory exceeds beyond the immediately preceding556

growth cycle then the terms ft and ft−1 of the current557

and previous environment cannot capture the effects of558

a third environment. Note that there are eight gener-559

ations of growth in each growth cycle and hence over560

99% of the transcripts, proteins and other cellular ma-561

terial should be diluted out of the cell by growth over562

each 48-hour growth cycle. This suggests that a priori563

such long memory is unlikely.564

Nonetheless, we probed long term environmental565

memory by comparing the two-environment cycle to566

three-environment cycle fitness (Figure 5A). A differ-567

ence in fitness measured in the last environment com-568

ponent, X, in Z → Y → X (three-environment) and569

in X → Y → X (two-environment), is a measure of570

the degree to which the first environment affects fitness571

(Figure 5A). We term this “T-2 memory”. Correspond-572

ingly, fitness differences attributed to a different envi-573

ronment immediately before the current environment,574

such as fitness differences within components across the575

directions of three-environment cycles, is termed “T-1576

memory”.577

For each fitness measurement in three-environment578

cycles (n = 14, 640), we compare fitness measured579

in three-environment cycles to the corresponding two-580

environment cycle (Figure 5B-E, Figure S10). We es-581

timate that ∼ 31% of these comparisons are true pos-582

itives (Welch’s t-test, Storey’s π0 = 0.69), and colored583

cases of substantial T-2 memory (T-2 memory > 0.2,584

p-value ≤ 0.138, bottom 31% of p-values; n = 2774,585

18.95% of measurements) in orange. For many envi-586

ronments, such as H in N → Glu → H (Figure 5B),587

fitness in two and three-environment cycles is similar.588

However, there are several environments in which there589

are striking deviations from the expected fitness from590

two-environment measurements. For instance in H in591

Glu → N → H, mutants evolved in the Glu/H fluc-592

tuating cycle, have much lower fitness than expected593

(Figure 5C), and several mutants evolved in Lac have594

much higher fitness in Glu in Glu → H → N than ex-595

pected (Figure 5D). Interestingly, high fitness in the596

Lac component in the Glu/Lac two-environment cycle597

is correlated with high T-2 memory in Lac in Glu →598
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Lac → Gal (Figure 5E). See Supplement Figure S10 for599

corresponding plots in all environments.600

Across all mutants and environments, the T-2 mem-601

ory is smaller in magnitude than T-1 memory (Figure602

5F); 24.9% of measurements exceed T-2 memory of 0.2603

(corresponding to ∼20% frequency change per cycle rel-604

ative to ancestor), in comparison to 50.1% of the data605

points with T-1 memory greater than 0.2. Interest-606

ingly, these effects are structured by the evolutionary607

origin of the strains; strains evolved in Glu/H, G →608

H → N, and Lac show the largest two-cycle memory609

effects (Figure 5G).610

Grouping measurements by the magnitude and sig-611

nificance of long-term memory, we observe that cases612

with higher longer-term memory effects disproportion-613

ately have higher interaction terms (δ) from the model614

in 2.2 (Figure 5H, Figure S10). Overall, our mea-615

surements of a large number of mutants in three-616

environment cycles show that there is widespread one-617

cycle memory from one growth cycle to the next and618

a secondary but occasionally substantial effect of two-619

cycle memory which contribute to larger interaction620

terms between environments.621

3 Discussion622

To investigate the predictability of evolution in fluctu-623

ating conditions, we studied how the order of environ-624

ments affects evolutionary outcomes. If each ordering625

of environment components created functionally differ-626

ent regimes, then each sequence of even a small number627

of environments would result in a combinatorially large628

number of unique environmental paths, which would629

make it very difficult to predict evolution in fluctuat-630

ing environments. We considered three-environment631

cycles, which are the shortest cycles in which environ-632

ments can be ordered differently. The two possible di-633

rections of a three-environment cycle (X →Y → Z→X634

and X→Z→Y→X) have the same mean time spent in635

each environment, but different transitions from one636

environment to another. We constructed these envi-637

ronment cycles in a batch culture setup, re-diluting cul-638

tures into changing media, with the growth dynamics639

resembling boom-and-bust cycles in natural environ-640

ments.641

We first measured the fitness of ∼900 strains gener-642

ated via experimental evolution in several one- and two-643

environment cycles. We assessed their fitness in two644

three-environment cycles: a “carbon” cycle where cells645

are exposed to different carbon sources and a “stres-646

sor” cycle where cells are exposed to varying stress647

levels. We found that there were large differences in648

fitness across the two directions within individual com-649

ponents of the cycle, i.e. history-dependent fitness ef-650

fects. Strikingly however, these history-dependent ef-651

fects largely cancel out such that overall fitness across652

the two orderings is similar. We further tested the ro-653

bustness of this result by evolving strains in the two654

orderings of the three-environment stressor cycle and655

measuring the fitness of ∼450 isolates in both direc-656

tions of the cycle. We found that strains largely did657

not evolve order-specific adaptations, with some no-658

table exceptions in the Glu → H → N direction.659

We reconcile the invariance of overall fitness to the660

order of environments with large history-dependent ef-661

fects within components by reasoning that fitness in a662

fluctuating environment can be decomposed into addi-663

tive effects. In this case, fluctuating fitness s(X,Y →664

X) can be written as the sum of the fitness effects of665

the current environment (ft(X)) and the previous envi-666

ronment (ft−1(Y )). Any interaction term which would667

capture an emergent effect specific to the pair of en-668

vironments (δ(Y → X) = s(X,Y → X) − ft(X) −669

ft−1(Y )) would be small on average. Importantly in670

this model, the previous and current environment ef-671

fects are general to all environments, and could be used672

to predict fitness in entirely different environment pairs,673

e.g. X → Z or Z → Y. Using two-environment fitness674

data, we test predictions of a model that only captures675

additive effects (ft, ft−1) of environments, and find that676

fitness in held-out environments is well predicted, sug-677

gesting that interaction terms capturing the emergent678

effects on fitness are on average small.679

Taken together, these results present a surprisingly680

simple framework for predicting fitness in fluctuating681

environments, even amid large history-dependent fit-682

ness effects. Of course, natural settings and popu-683

lations are likely much more complex than what we684

can recreate in the lab, with more diverged strains or685

species, a larger degree of community interactions, or686

more complex or stochastic environmental fluctuations.687

Further studies are therefore crucial to understand the688

generality of these effects in a broader range of environ-689

ments and strains. Nevertheless, the predictability of690

environmental memory across a large number of strains691

and environments is striking.692

From a physiological perspective, that fitness in693

a fluctuating condition can approximately be decom-694

posed into the additive effects of current- and previous-695

environment contributions is surprising. In our batch696

culture experiments, cultures repeatedly grow, reach697

saturation, and are then diluted into fresh media. Upon698

dilution into fresh media, cells typically enter lag phase,699

a period of little to no growth which has been shown to700

contribute substantially to fitness variation [33]. Re-701

cent physiological studies have further established a702

complex dependence of lag phase on the cellular reg-703

ulation of proteome composition and metabolic fluxes704

[23, 34–37]. This suggests that lag times would be id-705

iosyncratic, depending on the specific strains and en-706

vironments. Memory effects could arise because the707

physiological state of a strain at the beginning of a708

growth cycle depends on the environment it was pre-709

viously in, and therefore the extent to which it must710

rewire itself to resume growth should depend on en-711

vironmental history. Despite the complexity of these712
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Figure 5: Evidence of longer term history-dependent fitness effects by comparing two and three-
environment cycle fitness (A) Schematic representation of plots showing longer-term memory effects. Comparing
fitness in a three-environment cycle (i.e. fitness in X component in Z → Y → X) with fitness in the two-environment
cycle (i.e. fitness in X component in X → Y → X) with the same previous environment isolates the effect of an
environment on fitness two growth cycles in the future. We term the fitness difference between three-environment
fitness and two-environment fitness “two-cycle (T-2) memory”. Measurements with substantial T-2 memory (T-2
memory > 0.2, p-value ≤ 0.138, in the smallest 31% of p-values) are highlighted in orange (p-values calculated
using Welch’s t-test and Storey’s π0; see Methods 4.8 for further details). (B-E) Fitness in each three-environment
component is compared to fitness in the two-environment component which has the same preceding (and current)
environment. Each point represents the mean fitness of a mutant in the given environment, error bars are given
by the standard error of the mean (SEM). We show a subset of environment components with a range of different
behaviors: (B) H in Glu → H → N, with low T-2 memory, and (C) H in Glu → N → H, (D) Glu in Glu → H
→ N, and (E) Lac in Glu → Lac → Gal all with several mutants showing substantial T-2 memory. (F) ECDF
showing absolute value of T-2 memory and T-1 memory. T-2 memory (black, solid), while substantial, is generally
smaller in magnitude than one-cycle memory (grey, dashed). (G) Two cycle memory is structured by the evolution
condition strains were evolved in. In particular, strains from Glu/H, Glu → H → N, and Lac appear to show large
T-2 memory. (H) Strains with higher T-2 memory have larger interaction terms (δ), suggesting that longer-term
memory may contribute to non-additive effects.
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processes, however, our results imply that the fitness713

effects of cellular rewiring required for growth are ap-714

proximately an additive function of the pre- and post-715

switch environments. The generality of the effects716

we observe across fluctuating environments also sug-717

gests that these changes occur in a fundamentally low-718

dimensional space, effectively driven by a small num-719

ber of traits. Although this is not apparent given720

the complexity of cellular growth, such an intuition721

is consistent with several previous studies which have722

shown that genotype-phenotype-fitness maps can often723

be captured by low-dimensional models [32, 38].724

We can use the correlational patterns in the in-725

ferred additive fitness effects of each environment to726

elucidate the extent to which there are trade-offs or727

synergies between different stages of growth [39–41] in728

our system. Some previous studies suggest that growth729

and lag-phase can trade-off with one another [35, 42].730

Other work shows that lag-times can be tuned by al-731

location towards unneeded proteins, and can thus be732

shortened without sacrificing growth rates [34]. In our733

model, we consider the primary effects of the previous734

environment (ft−1) to be on lag phase and the current735

environment (ft) to be on exponential growth. When736

analyzing the correlations across mutants between the737

fitness contributions of a given environment on the next738

cycle (ft−1) and the current environment (ft) we see a739

range of correlations. In stressor environments, we see740

a pattern consistent with cross-protective effects [43–741

46], possibly due to global stress response: strains that742

have an advantage in early growth coming from a stres-743

sor environment maintain this advantage during growth744

in a stressful environment. For carbon sources, we do745

not observe a uniform pattern — there are some cases746

where there appears to be a strong trade-off between747

early and exponential growth, as well as other cases748

where mutants with an early growth advantage main-749

tain their advantage through the exponential growth750

phase. Our analysis hints at possible relationships be-751

tween different growth stages measured at scale, and752

measuring effects on lag times or growth directly could753

be an avenue for future studies.754

The invariance of fitness to the order of the en-755

vironments suggests that adaptations specific to the756

environmental transitions, which could be interpreted757

as anticipatory behavior, are difficult to evolve. How-758

ever, putatively anticipatory behavior has been engi-759

neered in E. coli [47] and several examples have been760

discussed in the context of natural settings, includ-761

ing predictable daily changes in light and temperature,762

seasonal changes, and the order in which nutrients or763

stressors occur [20, 21, 24, 25, 48]. Three-environment764

cycles are temporally structured and therefore pre-765

dictable, making this setting ripe for the evolution of766

novel anticipatory behavior. From our experimental767

evolution experiment we found there are a limited num-768

ber of instances where mutants from the Glu → H → N769

cycle showed significantly higher fitness effects specific770

to their home direction, suggesting that evolution of771

novel anticipatory behavior is possible even in the short772

term. Additionally, most strains have slightly higher773

fitness in the Glu → H → N than in the Glu → N → H774

cycle. Previous studies [25] suggest that osmotic stress775

often precedes oxidative stress in fermentation environ-776

ments, so the Glu → N → H cycle might be considered777

more akin to a natural environment for S. cerevisiae.778

Therefore, easily accessible mutations could be biased779

towards increasing fitness in the Glu → H → N cycle,780

which is more different from the “natural” environment781

due to a global epistasis-like effect [49–51].782

The environmental memory in two and three-783

environment cycles we observe also raises questions784

about the length, mechanistic origins, and universality785

of history-dependent effects. By comparing data from786

three-environment measurements to two-environments787

measurements, we asked whether memory effects can788

last longer than one growth cycle, or 8 generations in789

this experimental design. We find that memory effects790

are diminished after one cycle but appear to be non-791

negligible, and we estimate that 31% of our measure-792

ments reflect nonzero effects. We assume that history-793

dependent effects arise largely when cells are moved794

directly into the next environment in the cellular state795

they finished at in the previous environment, which is796

highly environment-specific. This picture cannot ex-797

plain longer memory effects however, as virtually all798

proteins from two growth cycles before the current one799

would be diluted over the course of growth. These800

longer-lasting memory effects suggest that other mech-801

anisms may be at work. These could include physio-802

logical processes like epigenetic changes or prion-based803

memory [52–56], or broader eco-evolutionary phenom-804

ena such as frequency-dependent fitness effects [57–60].805

Further experiments would be needed to confirm this.806

Connecting cell physiology to growth and fitness in807

fluctuating environments is a fundamental challenge in808

microbial evolution. We used experimental evolution809

and high-throughput fitness measurements in differ-810

ently ordered environments to show that fitness in fluc-811

tuating environments is highly predictable despite pro-812

nounced history-dependent effects. This predictability813

is underpinned by decomposing fitness additively into814

current and previous environmental contributions. Ex-815

ploring the physiological mechanisms that lead to this816

simple fitness decomposition and the extent to which817

these results can generalize to complex natural settings818

provides an avenue to better understand how organisms819

adapt to a dynamic world.820

4 Materials and Methods821

4.1 Collection of Mutants from One- and Two-822

Environment Cycle Evolutions823

We used a collection of 889 barcoded mutants from824

Abreu et al. [27] which were evolved in 5 one-825
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environment cycles: SC Glucose (Glu), SC Glucose826

+ Hydrogen Peroxide (H), SC Glucose + NaCl (N),827

SC Galactose (Gal) and SC Lactate (Lac), and 5 two-828

environment cycles: Glu/Gal, Glu/Lac, Glu/H, Glu/N,829

and H/N. Barcoded pools were sequenced over the830

course of the evolution, and isolated strains were se-831

quenced to estimate their fitness in the evolution en-832

vironment. Pooled mutants were high-fitness strains833

from their home evolution environment.834

4.2 Evolution and Strain Isolation in Three-835

environment Cycles836

We evolved strains in two three-environment cycles:837

Glu → H → N and Glu → N → H. We used the same838

protocol to evolve strains, isolate strains and measure839

fitness as in [27], and briefly describe it here. The840

founding population was previously created by inte-841

grating a genomic barcode into BY4709 [61]. We con-842

firmed the presence of ∼500,000 unique barcodes before843

beginning the evolution experiment by sequencing the844

barcode region.845

SC 1.5% Glucose base was made using 2g Drop-out846

Mix Complete (US Biological) and 6.7g yeast nitro-847

gen base (RPI) and 15g glucose per liter. The stressor848

conditions N and H respectively were made by sup-849

plementing to 0.5 M NaCl (RPI), or hydrogen perox-850

ide to 2.5mM H2O2(Ward’s). All media was prepared851

before the evolution experiments and stored at 4◦C,852

and warmed to 30◦C the day before use. We found853

that H2O2 decreased while the media was stored to ap-854

proximately 60% of the original concentration using the855

MQuant peroxide test kit.856

Evolution experiments were conducted in batch cul-857

ture; cultures were grown in 100 mL of media in 500858

mL DeLong flasks at 30◦C, shaking at 223rpm, for859

48-hours. At the end of each growth cycle 400 µL860

(∼ 5×107 cells) of the culture was diluted into fresh me-861

dia, and 1 mL of the culture mixed in equal quantities862

with 50% glycerol, and stored at -80◦C. We stored the863

remainder of the culture for barcode-sequencing by cen-864

trifuging the culture, resuspending the pellet in sorbitol865

solution (0.9M sorbitol, 0.1M Tris-HCl (pH 7.5), 0.1M866

EDTA (pH 8.0)), and freezing at -20◦C. We evolved867

strains for 24 total growth cycles (48 days).868

We sequenced the barcode region at several time869

points over the course of the evolution (see 4.4), and870

used FitMut2 [62] to infer the fitness of each lineage.871

To isolate strains, we chose an intermediate timepoint872

at which there were apparently adaptive mutants which873

had risen in frequency, but no mutants had reached a874

very high frequency, thus allowing us to isolate a num-875

ber of adaptive mutants. 50 µL of the frozen stock876

(∼ 106 cells) was diluted into 500 µL phosphate buffer877

solution (PBS) plus 1 µL of propidium iodide to stain878

dead cells. Live cells were sorted into 100 µL of YPD879

in 96-well plates using a flow cytometer. We sorted880

into five plates for each of the four evolution replicates.881

Sorted cells were grown at 30◦C without shaking for 3882

days. The saturated culture was inoculated into fresh883

YPD media and used for sequencing to identify the bar-884

coded strains. The remainder of the culture was stored885

in 25% glycerol and stored at -80◦C. We then sequenced886

each isolated strain to identify barcodes.887

We selected adaptive barcodes for further study888

from isolated strains if they met any of the following889

criteria: (1) inferred fitness was 0.51 or greater; (2) the890

inferred probability of being adaptive was greater than891

0.5, or (3) strains reached a final frequency of 10−5,892

which is approximately five times greater than their893

initial frequency. We eliminated barcodes which met894

these criteria for multiple conditions, including the one-895

and two-cycle evolutions, as these were likely preexist-896

ing adaptive mutations in the founding pool. We also897

included an additional set of weakly adaptive strains898

(with inferred fitness between 0.125 and 0.5) for each899

replicate. The final pool had 440 mutants: 220 mu-900

tants from Glu → N → H and 220 mutants from Glu901

→ H → N. We pooled saturated cultures of each strain902

in approximately equal volumes for pooled competition903

assays. See Abreu et al. [27] for further details on these904

methods.905

4.3 Fitness measurements in three-environment cycles906

We measured the fitness of the strains from one- and907

two-environment cycles generated from Abreu et al.908

and the strains we evolved in three-environment cycles909

in a single competitive pool. We measured fitness in910

three replicates in four three-environment cycles: Glu911

→ H → N, Glu → N → H, Glu → Gal → Lac, and Glu912

→ Lac → Gal. The environments for fitness measure-913

ment were the same as those in which we did evolution914

experiments; pools were grown in 100 mL cultures in915

500 mL flasks at 30◦C, shaking at 223 rpm.916

We followed the same protocol as in [27] to mea-917

sure the fitness of each of the ∼1300 strains in the918

pool. Briefly, the pooled culture consisted of the ances-919

tor strain with a digestible barcode, the barcoded mu-920

tants, barcoded “neutral” strains which have no func-921

tional mutations from the ancestor, with the ancestor922

and neutral strains taking up most of the initial cul-923

ture. Thus, the environment is largely expected to be924

set by the ancestor strain, and most pair-wise com-925

petition for any mutant strain can be assumed to be926

with the ancestor. We grew overnight pre-cultures in927

SC 1.5% Glucose of the ancestor strain, barcoded pool928

and barcoded “neutral” strains separately. We mixed929

these cultures weighted by OD600 at a 93:5:2 ratio.930

These cultures were passaged through each sequence of931

environments, diluting 400 µL of the culture into fresh932

media at the end of each 48-hour growth cycle, as in933

the evolution conditions. At each transfer, the remain-934

der of the culture was frozen for barcode sequencing.935

We then sequenced each time point to measure the fre-936

quency of each barcode (Section 4.4).937

14

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

The copyright holder for this preprintthis version posted October 2, 2026. ; https://doi.org/10.64898/2026.09.29.755513doi: bioRxiv preprint 

https://doi.org/10.64898/2026.09.29.755513
http://creativecommons.org/licenses/by/4.0/


These fitness measurements were performed concur-938

rently with measurements in Abreu et al., minimizing939

batch effects from variation in media, growth condi-940

tions, pre-cultures, or other similar factors.941

4.4 Barcode amplicon sequencing942

We followed the same protocol as in [27] to sequence the943

barcode region of each sample. We extracted genomic944

DNA from each sample using the Norgen Fungi/Yeast945

Genomic DNA Isolation 96-Well Kit (#27350), using946

about 109 cells per sample (10% of our original cul-947

tures), and measured DNA yield using a Biotek fluo-948

rescent plate reader averaging 4 µg per sample.949

We amplified barcoded in two steps, checking re-950

actions on a gel for ∼ 50 randomly chosen reactions951

at each step. We used the same first-step primers de-952

scribed in Kinsler et al. [32]. The first-step primers had953

short inline indices which were used to mark samples,954

which we use in combination with second-step primers955

to multiplex the samples on the sequencing lane. We956

then diluted the first step PCR product 500-fold for957

the second-step reaction. The second step PCR used958

Illumina UD Indexes (from IDT), with unique pairs of959

forward and reverse primers for each sample. We per-960

formed PCR-reactions using Q5 master mix in 50 µL961

reactions. After purifying samples and measuring fi-962

nal DNA concentration (∼100 – 200 ng µL−1), we sent963

samples to Admera Health for sequencing, using 2 ×964

150 paired-end sequencing using HiSeqX or NovaSeqX.965

We used this protocol for sequencing both evolu-966

tion timepoints and short-term fitness assays. For fit-967

ness assays, we used ApaLI to digest the barcode of the968

ancestor strain, so that most of our sequencing reads969

would not map to the ancestor, but instead to the bar-970

coded mutants or neutral strains. See Abreu et al. [27]971

for full details.972

4.5 Whole-genome sequencing and ploidy assay973

We sequenced 115 mutants from the three-environment974

evolutions in total; 64 from Glu → H → N, and 51975

from Glu → N → H. We used the Illumina DNA Prep976

kit (ILMN DNA LP (M) Tagmentation (96 samples,977

IPB)) to prepare samples for whole-genome sequenc-978

ing, but carried out reactions at 1/5 the volume in the979

manufacturer’s protocol. We then sequenced these li-980

braries with Admera Health, using 2 × 150 paired-end981

sequencing on Illumina NovaSeqX machines.982

We followed the same pipeline as in Abreu et al.983

process FASTQ files: we mapped reads to the S288C984

genome using bwa, and indexed the BAM file using985

samtools. SNPs and small indel variants were called us-986

ing HaplotypeCaller from GATK. Samples were filtered987

by coverage and alignment and ancestral genotypes and988

mitochondrial variants genotypes were excluded, clas-989

sified as homozygous or heterozygous, and annotated990

using snpEff. Copy number variants were called using991

samtools and bedtools, selecting for sites with 3x the992

average coverage or more. Variants appearing in more993

than 15 samples were excluded as they could be ances-994

tral variants, and results were checked visually using995

IGV.996

We used a benomyl assay [1] to measure the ploidy997

of the mutants we whole-genome sequenced. We mea-998

sured the growth of mutants over several days in YPD999

+ 20 µg mL−1 benomyl, which inhibits the growth of1000

diploid strains substantially more than haploid strains.1001

Plates were imaged and manually classified as haploid1002

or diploid. See Abreu et al. [27] for further details.1003

4.6 Fitness Inference1004

We adapted the fitness inference method from Ascensao1005

et al. (2023) and Ghosh et al. (2026) [38, 63] for fluc-1006

tuating environments, and detail the statistical model1007

and inference method below, following similar notation1008

to Ghosh et al. We wish to infer the fitness relative1009

to the ancestor of each strain in each component of a1010

fluctuating cycle, say X → Y → Z → X.... We define1011

the fitness of the ancestor strain to be 0, and model1012

the frequency of a mutant i in environment et between1013

time points t and t+ 1, xi,t as1014

xt+1,i = xt,ie
(se,i−st), (2)1015

where se,i is the fitness of strain i in et, and st is the1016

mean population fitness at time t. This corresponds to1017

an exponential growth rate difference of se,i between1018

strain i and the ancestor strain if the growth process1019

were simple exponential growth.1020

We model the noise in read counts from biological1021

sources (stochasticity in growth and due to bottlenecks)1022

and measurement (library preparation and sequencing)1023

as a counting process with a negative binomial distri-1024

bution, or equivalently each read is sampled from an1025

overdispersed Poisson distribution:1026

ri,t ∼ NB(µi,t, ct), (3)1027

where µi,t is the expected number of reads, and ct1028

is the dispersion parameter, such that1029

var(ri,t) = µi,tct. (4)1030

The expected number of reads µi,t is simply the ex-1031

pected frequency of strain at time t multiplied by the1032

total number of reads Rt, so1033

µi,t = Rtxt−1,ie
(se,i−st). (5)1034

In order to infer se,i, we must first infer st, the1035

mean fitness of the population, and ct, the dispersion1036

parameter.1037

We use the fact that there are 60 “neutral” lineages1038

included in our competition pool, which by definition1039

have fitness 0, in order to measure the mean population1040

fitness and the time specific variance.1041

For a “neutral” lineage with fitness 0, its frequency1042

at time t, denoted x
(n)
t is1043
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x
(n)
t = x

(n)
t−1e

−st , (6)1044

which can be rewritten to give1045

st = log x
(n)
t−1 − log x

(n)
t . (7)1046

We estimate st as1047

ŝt = log
R

(n)
t−1

Rt−1
− log

R
(n)
t

Rt
, (8)1048

where R
(n)
t is the total reads summed over all neu-1049

tral lineages at time t.1050

We can use the variability in the behavior of the1051

neutral lineages to estimate the dispersion parameter1052

at each time point. Variation between neutral lineages1053

should be due to a combination of genetic drift and1054

technical and measurement noise.1055

We first consider variation due to genetic drift by1056

considering the Langevin equation for a neutral (fitness1057

0) strain,1058

x(t+ δt) =

√
x(t)(1− x(t))δt

Ne
Z, (9)1059

where Z is the standard normal variable, x(t) is the1060

frequency, and Ne is the effective population size. We1061

apply a variance stabilizing transformation to x(t), and1062

define1063

ϕ(t) =
√
x(t). (10)1064

We can now see that this transformation removes1065

the dependence of δϕ = ϕ(t+ δt)− ϕ(t) on x(t):1066

δϕ = ϕ(t+ δt)− ϕ(t)1067

=
√
x(t+ δt)−

√
x(t)1068

=

√√√√
x(t) +

√
x(t)(1− x(t))δt

Ne
Z −

√
x(t)1069

(x(t) ≪ 1)1070

=

√√√√
x(t) +

√
x(t)δt

Ne
Z −

√
x(t)1071

=
√
x(t)

√√√√1 +

√
δt

x(t)Ne
Z −

√
x(t)1072

(δt ≪ x(t)Ne,1073

using the Taylor expansion
√

1 + y ≈ 1 + y/2)1074

=
√
x(t)

(
1 +

√
δt

4x(t)Ne
Z

)
−
√
x(t)1075

=

√
δt

4Ne
Z.1076

In the above derivation, we assume that δt ≪1077

x(t)Ne, i.e. the change in time is small compared to the1078

total number of cells in the lineage. Thus, the variance1079

in δϕ due to genetic drift is var(
√

δt
4Ne

Z) = δt
4Ne

. Given1080

that the sources of measurement or technical noise1081

should be independent at each time point, we can sim-1082

ply sum the variance due to these sources when writing1083

an expression for var(ϕt−ϕt′). The variance due to drift1084

should accumulate linearly over time. Therefore,1085

κt,t′ := var(ϕt − ϕt′) = ηt + ηt′ +
|t− t′|
4Ne

, (11)1086

where ηt is the variance in the reads due to measure-1087

ment or technical error at timepoint t. Assuming that1088

Ne does not vary significantly over each passage, we can1089

fit η⃗ and Ne to κt,t′ across all time point pairs, which1090

can be estimated as variance across neutral (ancestor)1091

lineages. We only use lineages which had a starting1092

frequency above 10−5.1093

We can now relate this back to the dispersion pa-1094

rameter for each time point, to get1095

ct =

(
4ηt +

1

Ne

)
Rt. (12)1096

We can now write the likelihood for a particular1097

value of the number of reads assigned to a strain i at1098

time point t, ri,t, given a particular value of s using the1099

pdf of the negative binomial function:1100

P (ri,t|s(et)) =
Γ(r

i,t+
µi,t
ct−1

)(ct − 1)ri,t

Γ(ri,t + 1)Γ(
µi,t

ct−1 )c
ri,t+

µi,t
ct

t

. (13)1101

The likelihood of the read counts over the whole1102

time series is then given by P (ri|s) =
∏

t P (ri,t|s(et)).1103

We estimate s jointly with frequency (x) by minimiz-1104

ing the negative log likelihood function over the cor-1105

responding time points via gradient descent using the1106

L-BFGS-B method from scipy.optimize.minimize.1107

4.7 Inference of ft, ft−1, and δ from two-environment1108

data1109

We fit two-environment data to the model s(X,Y →1110

X) = fi,t(X) + fi,t−1(Y ), which we are able to do be-1111

cause we have multiple conditions where the same en-1112

vironment is either the previous or the current envi-1113

ronment. We use fitness data on 5 environments and1114

all nine pairwise fluctuating environments (excluding1115

data from the Lac/H fluctuating environment due to1116

poor replicate-to-replicate correlations). Each of the1117

fluctuating environments have fitness measurements in1118

two environment components, resulting fitness mea-1119

surements for each mutant in 23 environments total.1120

We fit this model independently for each mutant.1121

We use one-hot encoding to represent the environmen-1122
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tal conditions for each data point; each fitness mea-1123

surement has two variables associated with it, the iden-1124

tity of the current and previous environments respec-1125

tively. For static environments, the previous environ-1126

ment would be the same as the current environment.1127

As the previous and current environment are categor-1128

ical variables taking one of five values, we one-hot en-1129

code as five binary variable. For instance, the fitness of1130

a mutant in Glu preceded by Gal would have 1s asso-1131

ciated with it in the “current Glu” and “previous Gal”1132

variables, and 0 with all other variables.1133

Fitness in environment X preceded by Y , s(X,Y →1134

X) is modeled as1135

ŝ(X,Y → X) =
∑
e∈E

βeprev Ip(eprev)

+
∑
e∈E

βecurrentIc(ecurrent),
(14)1136

where s(X,Y → X) is the fitness of the strain in1137

environment X preceded by environment Y , E is the1138

set of all environments in the dataset, and the indicator1139

functions Ip and Ic encoding environmental conditions1140

are defined as follows:1141

Ip(eprev) =

{
1 if e is the previous environment

0 otherwise
1142

and1143

Ic(ecurrent) =

{
1 if e is the current environment

0 otherwise.
1144

We then fit the fitness value to these binary vari-1145

ables jointly across all environments in the training set,1146

using ridge regression to avoid instability due to mul-1147

ticollinearity.1148

This model minimizes the loss function1149

∑
X,Y ∈E

(
s(X,Y → X)− ŝ(X,Y → X)

)2
+ α

∑
e∈E

(β2
eprev + β2

ecurrent
)

(15)1150

over βs, where α is the regularization parameter,.1151

We use a leave-one-out cross validation to fit a1152

model for each data point separately, training on the1153

fitness data of that mutant on all other environments1154

to generate a predicted fitness value for the held-out1155

environment (Figure 3B).1156

Because of the binary encoding of environments, the1157

resulting coefficients for each environmental effect are1158

interpretable as the literal fitness contribution of the1159

environment on a mutant’s fitness. The prediction er-1160

ror from this model is jointly due to interactions be-1161

tween the environments and noise in the data.1162

The regularization coefficient α used in these fits is1163

set to 0.6 by optimizing mean-squared error, generated1164

from LOO-CV over the entire dataset. MSE and our1165

broad results are not very sensitive to α values between1166

0.1 - 1 (Figure S7A).1167

Finally, we estimated error in measurement using1168

the standard error of the mean, and subtracted it from1169

the prediction error to estimate δ. If the SEM exceeded1170

prediction error, then the estimate of δ is set to be 0.1171

As a control, we simulated data with purely addi-1172

tive, partly non-additive and fully non-additive behav-1173

ior and ran the additive regression model on this syn-1174

thetic data. We find that this method predicts fitness1175

well in the case of pure additivity, and infers additive1176

coefficients well even under non-additive effects. This1177

method generally overestimates the magnitude of δ,1178

and systematically overestimates correlations between1179

previous and current coefficients by ∼ 0.1 and under-1180

estimates coefficients by ∼ 0.1 between two previous1181

or two current coefficients. We correct for this bias in1182

Figure 3H, and show raw correlation values in Figure1183

S7D. See Supplementary Materials for further details.1184

4.8 Estimation of True Positive Two-Cycle Memory1185

We compare three-environment fitness against the ex-1186

pected fitness from two-environment measurements us-1187

ing Welch’s t-test on the three replicates for each mea-1188

surement. We find that 11.39% of three-environment1189

measurements have nominal p-values less than 0.05,1190

but none of these survive Benjamini-Hochberg FDR1191

correction correcting across all comparisons (n =1192

14640) at the threshold α = 0.05.1193

We estimate the number of true positives by ana-1194

lyzing the empirical distribution of p-values by using1195

Storey’s π0. We calculate π0 for intermediate p-values1196

at threshold λ, which is defined as1197

π̂0(λ) =
W (λ)

m(1− λ)
,

where W (λ) is the number of tests with p-values1198

larger than λ, and m is the total number of tests. π̂0(λ)1199

should approach the proportion of true nulls for large1200

p-values, or as λ approaches 1. We use a cubic spline1201

to fit π̂0 to λ between 0.05 and 0.96, sampled in incre-1202

ments of 0.01 and extrapolate to estimate π0 = π̂0(1),1203

or the fraction of true negatives. We find π0 = 0.6911204

(Figure S10M, blue line), which suggests that 31% of1205

the comparisons are true positives.1206
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