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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 Introduction v at the level of genes, pathways, and functional groups,

18 supporting the view that evolution is predictable [1-

v 12], as well as cases of stochastic and unpredictable
One of the central goals of evolutionary biology is to  , outcomes [8, 13-15]. Experimental evolution studies
understand the extent to which evolution can be pre- . are particularly well suited to probe the predictabil-
dicted. There are abundant examples of convergent ,, ity of evolution because they allow replicate popula-
evolution in nature, suggesting that in any environment  ,; tjons to evolve under identical conditions. However,
there exists only a limited set of available solutions, ,, these studies have traditionally focused on evolution
thus making evolution at least in part predictable. On . under relatively stable environmental conditions, often
the other hand, there are many reasons evolution could . involving repeated growth on the same nutrient source.
be unpredictable — evolution proceeds through inher-  , Microbes face environmental change in many settings,
ently stochastic processes such as drift and mutation, . such as diurnal and seasonal environmental variations
which could be expected to hinder predictability of evo- 5, or repeated boom and bust cycles in nutrient availabil-
lution, either by increasing the complexity of the envi- ity, for example in a host gut or during a domestic
ronment and thus the number of possible solutions, or ., fermentation process. Given that environmental vari-
by introducing additional historical contingencies. A, ability is ubiquitous in nature, it remains unclear to

large body of experimental evolution studies has pro- ., what extent the observations from traditional experi-
duced instances of consistent patterns of repeatability
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mental evolution can be applied to evolution in natural
populations. Indeed, studies of evolution in fluctuating
environments have found that fluctuations make evolu-
tion less repeatable [5, 16-18].

Furthermore, strongly fluctuating environments
may be fundamentally different from more constant en-
vironments because organisms must adapt not only to
multiple environmental states, but also to the transi-
tions between them. Studies on microbial populations
suggest that such transitions indeed pose a novel chal-
lenge for cellular growth separate from balancing mul-
tiple environments that constitute the fluctuation [19-
26], and fitness in fluctuating environments can deviate
from predictions based on fitness measurements in con-
stituent environments [16, 27, 28]. Moreover, on an evo-
lutionary timescale, adaptations acquired in an earlier
environment may influence which mutations are ben-
eficial in subsequent environments due to epistatic or
pleiotropic effects [14, 15, 29-31], causing populations
exposed to different environmental orders to follow dis-
tinct evolutionary trajectories.

If environmental transitions can have large effects
on fitness, we might expect that different orders in
which the same environments appear could generate
distinct evolutionary paths, even if the total exposure
to the constituent environment components remains
unchanged. For instance, consider the shortest cycle of
distinct environments in which order can differ, X — Y
—Z—Xand X - Z—7Y — X (Figure 1A). Large id-
iosyncratic fitness effects of environmental transitions
could make these two sequences of environments very
different conditions from each other.

If, however, history-dependent effects were primar-
ily driven by only the current environment and the im-
mediately preceding environment, this would simplify
the three-environment cycles. Furthermore, if the ef-
fect of an environment (Y') on future fitness were inde-
pendent of the environment that follows it (X), rather
than being an emergent effect arising from both of the
environments in a fluctuation, then history-dependent
effects might cancel out over time. To see this more
clearly, we can decompose the fitness in environment
X preceded by YV, s(X,Y — X), into the effects of

each environment and an interaction term,

S(XY = X) = fi(X) + fia(Y) +6(Y = X), (1)
where fi(X) and fi;—1(Y) represent the fitness effects
of environments independent of the other environment,
and 0(Y — X) captures any interaction term. If
there were only subtle history-dependent effects, then
fi—1(Y) and §(Y — X) would be small; if there were
large but idiosyncratic history-dependent effects then
(Y — X) would be large; if there were a constant ef-
fect of an environment on future fitness, independent
of future environments, then §(Y — X) would be small
in comparison to f;_1(Y).

In a three-environment cycle, each environment is
the current environment and previous environment for
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one of the components. If (Y — X) is small, then the
overall fitness of a mutant in a three-environment cycle
simplifies; for instance in environment X — Y — Z —
X, overall fitness is 1/3-3 " pe (v v, 7 (fe(E)+ fi1(E)),
which is invariant to the direction (order) of the cycle.
As a result, overall fitness could become largely inde-
pendent of environmental order. This would allow for
a coarse-grained description of fitness in fluctuating en-
vironments over long timescales rendering evolution in
fluctuating conditions predictable despite the history-
dependent effects.

Here, we perform experiments in yeast, using a col-
lection of DNA-barcoded S. cerevisiae strains to mea-
sure fitness in both directions of three-environment cy-
clesX=>Y—=>Z->X..andX—=>Z—>Y —>X..),
where cells are grown sequentially in batch culture on
different media. We first measure the fitness of a collec-
tion of ~900 high-fitness strains that were previously
evolved in one- and two-environment cycles using the
same media conditions used here [27], but never expe-
rienced the three-environment cycles we construct. Us-
ing this large collection of mutants allows us to quantify
how much environmental order matters for fitness. We
further analyze data from two-environment cycles to
test the degree to which history-dependent effects are
driven by idiosyncratic effects specific to an environ-
mental pair.

Finally, we test whether environmental ordering af-
fects adaptation by evolving strains in both directions
of the three-environment stressor cycle. If strains fail
to evolve direction-specific adaptations, this would sug-
gest that environmental ordering has a limited influ-
ence on adaptation and that evolutionary outcomes
may be predictable from simpler environments. Con-
versely, if strains gain adaptations specific to the di-
rection in which they evolved, this would suggest novel
adaptation to specific environmental orderings can oc-
cur rapidly, which may limit the predictive power of
short-term fitness assays in fluctuating environments.

2  Results

To investigate how the order of encountered environ-
ments affects fitness, we first measured the fitness of
a collection of ~900 adaptive barcoded mutants that
were previously generated through experimental evolu-
tion in constant or pairwise fluctuating environments
[27]. Specifically, these mutants evolved in batch cul-
tures containing one of five media components, i.e. syn-
thetic complete (SC) glucose (Glu), SC galactose (Gal),
SC lactate (Lac), SC glucose + NaCl (N), or SC glu-
cose + hydrogen peroxide (H), or in cycles switching
between pairs of these media conditions (Methods 4.1).
Using this mutant collection, we probed fitness in two
different three-environment cycles constructed from the
components the strains were evolved in (Methods 4.3).
The “carbon cycle” consisted of Glu, Gal, and Lac,
while a “stressor cycle” consisted of Glu, N, and H
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Figure 1: Schematic of Experimental Design (A) Three-environment cycles have two different orderings (X —
Y —-Z—Xand 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 4+ 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 HyO3), 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).

We measured fitness by pooling the barcoded mu-
tant strains with the ancestor strain, and passaging this
pool for six 48-hour growth cycles. The ancestor strain
took up the majority (95%) of the initial culture so
that competition is approximately between the ances-
tor and each mutant, rather than interactions between
mutants. Cultures were transferred between environ-
ments via a 1:250 dilution (~ 8 generations) every 48
hours, and the rest of the culture was sequenced to
measure frequency at each time point. From frequency
measurements of mutants and ancestor over time across
batch growth cycles (Figure S1, S2), we model the fit-
ness relative to the ancestor of a mutant ¢ as

Tyg1, = g e,

where 2, ; is the frequency of the strain at time ¢,
Sc,; is the fitness of the strain in the environment be-
tween time points ¢t and ¢ + 1, and 5; is the integrated
change in mean population fitness over the time inter-
val. We define the fitness of the ancestral strain to be
0, and use the frequency change of the ancestor to infer
5¢ at time ¢. In multiple environment cycles, we jointly
infer fitness in individual environment components (fit-
ness during growth in one environment) and across the
cycle (Methods 4.6).

2.1 Overall fitness in three-environment cycles is
largely independent of ordering despite history-
dependent effects

We compare fitness of the collection of ~ 900 mutants
from one- and two-environment evolution in the two di-
rections of the three-environment cycles (Figure 2A,B).
First focusing on the individual components (Figure
2 C-E, G-I), we find that fitness differs substantially
across the two directions (mean absolute difference in
fitness across the two directions of the cycle within the
same component is 0.252), which is consistent with our
previous findings that environmental history shapes fit-
ness [27]. In contrast, when looking over the entire cy-
cle instead of over individual components, we find that
overall fitness in the two directions is generally well cor-
related (Figure 2F,J; mean absolute difference in fitness
across the two directions of the cycles is 0.092).

We illustrate this by highlighting a few strains rep-
resenting a range of behaviors in these environments.
For instance, the fitness of the strain highlighted in
pink in the Glu component of the carbon cycle is much
higher in the Glu — Lac — Gal direction than in the
Glu — Gal — Lac direction (Figure 2C) but this fit-
ness difference is reversed in the Gal component (Figure
2D). Thus, the overall fitness averages to be very simi-
lar in both directions of the cycle (Figure 2F). Another
example is the strain highlighted in orange, which has
much higher fitness in the Glu — N — H direction of
the stressor cycle in the Glu component (Figure 2G),
but this advantage is compensated for in both the N
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and the H components (Figure 2H,I), in which the mu-
tant is fitter in the Glu — H — N direction, again
resulting in a very similar overall fitness. The maroon
strain, on the other hand, is an exception to the general
trend of similar overall fitness in the two directions of
the fitness cycle. This strain has very similar fitness in
both directions of the cycle in the Glu and N compo-
nents (Figure 2G, H), but substantially higher fitness in
the Glu — H — N direction in the H component (Fig-
ure 2I), thus resulting in higher overall fitness in the
Glu — H — N direction of the stressor cycle (Figure
27).

We use a permutation test to ask if the correla-
tion in overall fitness is stronger than expected un-
der the null hypothesis that the fitness of a mutant
in each component of the three-environment cycle is
uncorrelated with fitness in another component. We
generate the null distribution by permuting the la-
bels of strains within each environment, thus breaking
correlations in fitness values between components but
preserving the distribution of fitnesses for any given
environment. We find a statistically robust effect in
both cycles (Permutation test, p < 1072) suggest-
ing that over-performance in any given component in
one direction of the cycle does generally trade-off with
under-performance in another (or multiple other) com-
ponents of the cycle (Figure S3I-J, S4). This pat-
tern of compensation is present in both cycles with
a larger effect in the carbon cycle than in the stres-
sor cycle (Figure 2K-L). In a more detailed analysis
across strains and conditions, we find that fitness be-
haviors in three-environment cycles depend on the con-
ditions the strains evolved in (Figure S3). For instance,
strains which evolved in the Glu/H and Lac in partic-
ular have large asymmetries in components. Strains
which evolved in Glu/H are generally fitter in H when
preceded by Glu (Glu — H — N direction) than when
preceded by N (Glu — N — H direction), suggesting
that they evolved specifically to the transition from glu-
cose (no stressor) to hydrogen peroxide.

Taking these results together, we find that while fit-
ness within a single component depends strongly on the
previous environment, across the whole cycle fitness is
often compensated such that overall fitness is invari-
ant to the order of the environments. This invariance
makes the overall fitness in fluctuating conditions more
predictable as a result.

2.2 The contributions of each environment towards

current and future fitness are largely additive

How can long-term fitness across the three-environment
cycles be largely independent of direction, when there
are substantial direction-dependent fitness effects in
any given component environment? Considering fitness
during an environmental switch, there are two distinct
conceptual possibilities: (i) switching from one environ-
ment to another produces an entirely novel problem,
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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 the
specific pair of environments, or (ii) there are additive
effects of each environment on current fitness and fit-
ness in the next environment component, such that the
fitness contribution of each environment is independent
of the other environment it is paired with.

More formally, we can decompose fitness of a mu-
tant ¢ measured in environment X preceded by Y,
si(X,)Y = X), as

si(X,Y = X) = fi,o(X) + fie—1(Y) +6:(Y — X)),

where f; ;(X) is the effect of environment X on the mu-
tant’s fitness in the current environment, f; ;—1(Y") is
the effect of previous environment Y on the mutant’s
fitness in the subsequent environment X that is inde-
pendent of the specific identity of X, and §;(Y — X)
is an emergent fitness effect due to an interaction be-
tween the two environments X and Y (Figure 3A).
Importantly, f;+(X) and f;;—1(Y) do not depend on
the environment pair, and could also be used to model
fitness effects in other switches involving these compo-
nents, say Z — X or Y — Z. Under worldview (i)
the expression for fitness is dominated by the interac-
tion between X and Y, so §;(Y — X) would be large.
Conversely, under worldview (ii), 6(Y — X) would be
small, so the effects of environments on fitness in the
current and next environment do not depend on the
specific environment pair in the fluctuation, and can
instead be applied to any pair of environmental fluctu-
ations.

To empirically distinguish between these concep-
tual possibilities, we use fitness measurements of the
same ~ 900 S. cerevisiae mutants as above in the five
one-environment cycles and nine two-environment cy-
cles (Figure 1B). With multiple instances of any given
environment being the current or previous environ-
ment, we are able to infer the generic fitness contri-
butions of environments by fitting our data to the
model (XY — X) = fi(X) + fii—1(Y) (Figure
3B). We construct this model separately for each mu-
tant, by encoding the previous and current components
of the fluctuating environment as binary variables, and
jointly inferring the values of f; and f; 1 across all en-
vironments using ridge regression. To test the perfor-
mance of this model, we use leave-one-out cross valida-
tion (LOO-CV) across environments to generate a pre-
dicted fitness value for each fitness measurement (Fig-
ure 3B)(Methods 4.7). The prediction error from this
model is due to a combination of interactions between
the environments (§) and noise in the data (). Thus,
if this model is able to fit the data well, we can infer
that ¢ is small.

We fit this model for all 23 environment switches
using LOO-CV (Figure 3B), and found that overall the
model improves fitness prediction substantially over a
baseline prediction that does not take previous envi-
ronment into account, indicating that there are generic
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environmental fitness effects on the previous and next
environments which can enable prediction in previ-
ously unseen fluctuating environments. R? is improved
from 0.395 in the baseline prediction using the aver-
age fitness across switches with the same current en-
vironment, without taking the prior environment into
account, to 0.621 over the entire dataset, with some
variability across environmental switches (Figure S5-
7). The performance of this model for three example
environments that represent the range of model per-
formance - Lac preceded by Gal, Gal preceded by H,
and Glu preceded by Glu - is shown in Figures 3C-E.
Generally predictions from this model are well corre-
lated with the observed values, but there are also sev-
eral cases with large differences between observed and
predicted fitness.

To quantify the degree to which interactions be-
tween environments (§) contribute to fitness, we ana-
lyze the errors from the out-of-sample predictions. Be-
cause this model fits only f; and f;_1, prediction error
is the sum of & (measurement error) and 0. To estimate
&, we approximate € by the standard error of the mean,
i.e the expected magnitude of the measurement error in
fitness and subtract it from prediction error (Methods
4.7). Simulations suggest that this is likely an overesti-
mate of § (Supplementary Materials Section 2, Figure
S6). The magnitude of the inferred f; (green), fi:—1
(orange), § (red), and e (gray) for each data point (a
single fitness measurement for a given mutant and envi-
ronment component) ordered by € are shown in Figure
3F as smoothed lines, with 50% inter-quantile ranges.

We find that f; and f;—; are similar in magnitude
(green, orange in Figure 3F, mean magnitudes for f;
and f;—1 are 0.16 and 0.13), consistent with the large
history-dependent effects we find comparing fitness in
the same component across different directions of the
cycle (Figure 2). In Figure 3F (right), the red columns
can be interpreted as the expected value for ¢, and the
sum of the gray and red (6 + ¢) as the upper bound
for §. Following this interpretation, we find that § con-
tributes 50% or less to the sum of the fitness effects for
77.6 - 93.0% of the data, and to less than 10% for 17.6-
47.6% of the data. On average over the whole dataset,
0 is estimated to be 16.96% of the fitness effects. Com-
paring the absolute values of 9, €, f; and f;_1 across
the dataset (Figure 3F, G), we find that § is generally
a smaller value than f; and f;_1, the inferred values for
the generalizable additive fitness contributions. How-
ever, there are several cases where § appears to have
a substantial contribution, with some systematic vari-
ations across environments, such as larger values of §
in the H environment (Figure 3F).

With this model of fitness in environmental
switches, we further investigated whether there are re-
lationships across different parts of the growth cycle
by analyzing the correlation structure in the fitness ef-
fects of different environments. Such trade-offs might
be expected given previous work investigating relations
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between lag times, growth and survival in stationary
phase, and could constrain fitness in dynamic environ-
ments. Consider the growth dynamics underpinning
fitness in environment X preceded by Y: the fitness
effect of the previous environment, f;_1(Y"), might be
reflected in the early phase of growth in X rather than
later growth phases, which might be better captured by
the fitness effect of the current environment, f;(X). If
proliferation in X (captured by f;(X)) traded-off with
either survival in late stationary phase in the previ-
ous environment Y or with initial growth in X (cap-
tured by f;—1(Y)), then we would expect to see a neg-
ative correlation between fi(X) and f;—1(Y). Con-
versely, if the same functional trait conferred fitness
(dis)advantages across all parts of the growth cycle,
then f;(X) and f;—1(Y") would be positively correlated.
The estimated correlations between the f; and f;_; val-
ues are shown as a heatmap in Figure 3H, with negative
correlations in brown and positive correlations in teal.
We correct for a systematic bias (Pearson correlation of
~ 40.1 in pairs of current/previous environment vari-
ables, and = —0.1 in pairs of current/current and pre-
vious/previous environment variables; see Supplement
Section 2, Figure S6) generated from this regression
method. We find many instances of significant corre-
lations between coefficients (highlighted in Figure 3H,
Figure S6-7). For example, for the two stressors, the
correlations between f; and f;_1 are all positive, sug-
gesting a cross-protective effect across the two stres-
sors. However, looking across all environments there
is a range of correlations, both positive and negative,
for f; and f;_1 values. Overall, we find no evidence
of widespread trade-offs between different parts of the
growth cycle, under the assumption that environmen-
tal effects on future fitness primarily reflect stationary
and lag phases of the growth curve.

The totality of the data supports worldview (ii): the
effects of environments are largely additive and gener-
alizable. This is consistent with our observations across
the three-environment cycles that while there are large
short-term history-dependent fitness effects, the overall
fitness across the whole cycle is invariant to the direc-
tion. However, note that additivity is not unbreakable
and we do detect a number of cases in which the § term
is large, and there are substantial effects due to the id-
iosyncratic, environment-specific interactions between
the current and preceding environments.

2.3 Compensatory memory constrains evolution in

three-environment cycles

So far, our observations that overall fitness in three-
environment cycles is largely order-invariant due to
small fitness effects attributable to non-additive en-
vironmental interactions (0) are based on mutants
evolved in one- and two-environment cycles. However,
we reasoned that if evolution were conducted in a spe-
cific three-environment cycle, adaptive mutants might
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exploit the specific order and non-additive interactions
between environments. To test this hypothesis we car-
ried out experimental evolution in the two directions
of the three-environment stressor cycle (Glu — H — N
and Glu — N — H) and asked if they adapt specifically
to their “home” direction.

The founding populations of ~500,000 isogenic bar-
coded strains (Figure 1B) were evolved for 150 gener-
ations across 24 growth cycles in each of the two order-
ings and in two replicates, similar to the previous evolu-
tions in one- and two-environment cycles [27]. We then
isolated 110 mutants from each of these evolution con-
ditions, for a total of 440 mutants, and measured their
fitness in each of the three-environment cycles, as well
as in 14 of the one- and two-environment cycles which
can be constructed from the five environment compo-
nents (15 cycles constructed from Glu , Gal, Lac, N
and H, excluding Lac/H due to poor replicate-replicate
measurements) (Figure 1B, Methods 4.2, 4.3).

First, we asked whether mutants evolved in the
stressor cycle exhibit fitness behavior specific to their
home direction. Looking at the individual fitness com-
ponents and overall fitness (Figure 4A-D), we observe
that most mutants isolated from either direction (blue,
orange) do not appear to have adapted specifically to
their three-environment direction, but instead cluster
together similar to mutants evolved in one- and two-
environment cycles (gray).

However, four mutants from Glu - H — N (orange
mutants highlighted with diamond markers in all pan-
els in Figure 4) gained fitness specific to their evolution
direction. Two of these strains appear to have gained
this asymmetric fitness advantage through adaptation
specifically to high salt in the N component following
H505 exposure in the H component(Figure 4 B). Inter-
estingly, mutants from the two-environment H/N cycle
have not evolved this ability, despite having the same
H to N transition in their home environment. Notably,
the outlier mutants with Glu — H — N specific adapta-
tion are among the highest fitness strains in this cycle.
This suggests that while rare (4/220 strains from Glu
— H — N showed high fitness specific to the cycle di-
rection), evolution specific to the cycle direction is one
of the more effective adaptive strategies.

Additionally, we observe that most strains from
both directions of the evolution are fitter in the Glu —
H — N direction than the Glu — N — H direction, par-
ticularly in the H component (Figure 4C). This suggests
that most adaptations are more beneficial when transi-
tioning from Glu (lower stress) to H (oxidative stress)
than when transitioning from N (osmotic stress) to H,
regardless of the cycle direction in which they were se-
lected. Nevertheless, many of these strains appear to
have lower fitness in the Glu component in the Glu —
H — N direction (Figure 4A), thus resulting in only
a modest fitness difference in the overall cycle (Figure
4D). Using a permutation test, we find that the over-
all fitness of these mutants in the three-environment
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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, f;(X), the effect of Y on the next environment, f;_;(Y),
an emergent interaction term, 6(Y — X), and error (¢). Note that f;(X) and fi—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 f; and f;_; 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 f; and f;_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 f; (green), previous
environment f;_; (orange), interaction term § (red), and measurement error e (grey) ordered by €. 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 ¢ = 50. e (measurement error) is estimated by the SEM of the fitness measurement. The
SEM is subtracted from the prediction error to give an estimate for J (clipped at 0). For cases in which prediction
error is lower than SEM, the § is clipped 0. Bars on the right show the mean values of f;, fi_1, §, and € across
all the data, grouped by the current environment. (G) The distribution of f;, f;—1, 0, and € across all the data as
a violin plot. (H) Heatmap of Pearson correlations of f; and f;_; corrected for systematic bias from simulations
(bias is & 40.1 for current-previous environment pairs and a2 —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=14), 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 ¢ 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 ¢
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.
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cycles is more similar than in the components (Figure
S8), similar to mutants from other evolution conditions
(section 2.1).

Next, we examined how strains evolved in the three-
environment cycles performed across all other environ-
ments. We visualize the behavior of strains across
the collection using UMAP (Figure 4E), and find that
strains evolved in the three-environment cycles are gen-
erally well distributed across the entire space. Rea-
soning that similar patterns of fitness across several
environments indicate a similar underlying phenotype
[32], this suggests that these mutants generally explore
a similar phenotypic space as the mutants from one-
and two-environment cycles. However, two of the four
strains which show cycle-specific adaptations to Glu —
H — N do so by adapting specifically to N in the Glu
— H — N cycle, which no other strains appear to have
done. These two strains are clustered with each other
away from other strains (box, Figure 4 B, E), suggest-
ing that these two strains have similar phenotypes to
each other based on their overall behavior in all other
environments.

In order to investigate the genomic basis of
evolution in the three-environment cycles, we se-
quenced whole genomes of 115 strains from the three-
environment cycles, and also tested strains for auto-
diploidization (Figure 4G). We observe a genomic sig-
nature of environment-specific adaptation in the three-
environment cycles. For instance, strains with SNPs
in genes that are hit multiple times in the three-
environment cycles but never in other cycles have
higher fitness in three-environment cycles than other
strains (Figure S9). There is no clear mechanism based
on known functions of these genes (multi-hit genes in
both cycles shown in Figure 4G, multi-hit genes from
individual cycles listed in Table S1). This set of strains
includes two of the outlier strains with adaptations spe-
cific to the Glu — H — N cycles.

We also find that there are two occurrences of muta-
tions in AFT1, which is part of an iron-sensing pathway
involved in oxidative stress response. This mutation oc-
curred only in Glu — H — N mutants, not in Glu — N
— H mutants, and was a common mutation in mutants
from the two-environment Glu/H cycle, but did not oc-
cur in mutants from the H/N cycle. Interestingly, one
of the two Glu — H — N strains with an AFT! mu-
tation shows a much higher fitness in Glu - H — N
than in Glu — N — H. This suggests that these are
adaptations specific to transitioning to oxidative stress
from a lower stress environment, but not from osmotic
stress.

Looking over the whole collection of mutants from
three-environment cycles however, we find that evolu-
tion remains largely constrained to generate fitness that
is similar in the two directions of the cycle. This is in
line with the order-invariant fitness and the low envi-
ronmental interaction term (§) we inferred in mutants
from one- and two-environment cycles. Applying this
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analysis to the three-environment mutants, we find that
most three-environment mutants also have small § val-
ues. As expected, the outlier strains in Glu —» H —
N that have specifically adapted to their home three-
cycle direction do have high ¢ values (Figure 4F). Given
that these strains were among the fittest in this envi-
ronment, it is possible that in a longer evolution they
would have taken over the population, thus breaking
the cycle direction symmetry constraint in longer term.

2.4 The length of environmental memory can exceed

one growth cycle

One possible mechanism for a large interaction term
(6 in Section 2.2) is long-term environmental memory.
If memory exceeds beyond the immediately preceding
growth cycle then the terms f; and f;_; of the current
and previous environment cannot capture the effects of
a third environment. Note that there are eight gener-
ations of growth in each growth cycle and hence over
99% of the transcripts, proteins and other cellular ma-
terial should be diluted out of the cell by growth over
each 48-hour growth cycle. This suggests that a prior:
such long memory is unlikely.

Nonetheless, we probed long term environmental
memory by comparing the two-environment cycle to
three-environment cycle fitness (Figure 5A). A differ-
ence in fitness measured in the last environment com-
ponent, X, in Z — Y — X (three-environment) and
in X - Y — X (two-environment), is a measure of
the degree to which the first environment affects fitness
(Figure 5A). We term this “T-2 memory”. Correspond-
ingly, fitness differences attributed to a different envi-
ronment immediately before the current environment,
such as fitness differences within components across the
directions of three-environment cycles, is termed “T-1
memory”.

For each fitness measurement in three-environment
cycles (n = 14,640), we compare fitness measured
in three-environment cycles to the corresponding two-
environment cycle (Figure 5B-E, Figure S10). We es-
timate that ~ 31% of these comparisons are true pos-
itives (Welch’s t-test, Storey’s mo = 0.69), and colored
cases of substantial T-2 memory (T-2 memory > 0.2,
p-value < 0.138, bottom 31% of p-values; n = 2774,
18.95% of measurements) in orange. For many envi-
ronments, such as H in N — Glu — H (Figure 5B),
fitness in two and three-environment cycles is similar.
However, there are several environments in which there
are striking deviations from the expected fitness from
two-environment measurements. For instance in H in
Glu -+ N — H, mutants evolved in the Glu/H fluc-
tuating cycle, have much lower fitness than expected
(Figure 5C), and several mutants evolved in Lac have
much higher fitness in Glu in Glu -+ H — N than ex-
pected (Figure 5D). Interestingly, high fitness in the
Lac component in the Glu/Lac two-environment cycle
is correlated with high T-2 memory in Lac in Glu —
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Lac — Gal (Figure 5E). See Supplement Figure S10 for
corresponding plots in all environments.

Across all mutants and environments, the T-2 mem-
ory is smaller in magnitude than T-1 memory (Figure
5F); 24.9% of measurements exceed T-2 memory of 0.2
(corresponding to ~20% frequency change per cycle rel-
ative to ancestor), in comparison to 50.1% of the data
points with T-1 memory greater than 0.2. Interest-
ingly, these effects are structured by the evolutionary
origin of the strains; strains evolved in Glu/H, G —
H — N, and Lac show the largest two-cycle memory
effects (Figure 5G).

Grouping measurements by the magnitude and sig-
nificance of long-term memory, we observe that cases
with higher longer-term memory effects disproportion-
ately have higher interaction terms () from the model
in 2.2 (Figure 5H, Figure S10). Overall, our mea-
surements of a large number of mutants in three-
environment cycles show that there is widespread one-
cycle memory from one growth cycle to the next and
a secondary but occasionally substantial effect of two-
cycle memory which contribute to larger interaction
terms between environments.

3 Discussion

To investigate the predictability of evolution in fluctu-
ating conditions, we studied how the order of environ-
ments affects evolutionary outcomes. If each ordering
of environment components created functionally differ-
ent regimes, then each sequence of even a small number
of environments would result in a combinatorially large
number of unique environmental paths, which would
make it very difficult to predict evolution in fluctuat-
ing environments. We considered three-environment
cycles, which are the shortest cycles in which environ-
ments can be ordered differently. The two possible di-
rections of a three-environment cycle (X =Y — Z—X
and X—Z—Y—X) have the same mean time spent in
each environment, but different transitions from one
environment to another. We constructed these envi-
ronment cycles in a batch culture setup, re-diluting cul-
tures into changing media, with the growth dynamics
resembling boom-and-bust cycles in natural environ-
ments.

We first measured the fitness of ~900 strains gener-
ated via experimental evolution in several one- and two-
environment cycles. We assessed their fitness in two
three-environment cycles: a “carbon” cycle where cells
are exposed to different carbon sources and a “stres-
sor” cycle where cells are exposed to varying stress
levels. We found that there were large differences in
fitness across the two directions within individual com-
ponents of the cycle, i.e. history-dependent fitness ef-
fects. Strikingly however, these history-dependent ef-
fects largely cancel out such that overall fitness across
the two orderings is similar. We further tested the ro-
bustness of this result by evolving strains in the two
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orderings of the three-environment stressor cycle and
measuring the fitness of ~450 isolates in both direc-
tions of the cycle. We found that strains largely did
not evolve order-specific adaptations, with some no-
table exceptions in the Glu — H — N direction.

We reconcile the invariance of overall fitness to the
order of environments with large history-dependent ef-
fects within components by reasoning that fitness in a
fluctuating environment can be decomposed into addi-
tive effects. In this case, fluctuating fitness s(X,Y —
X) can be written as the sum of the fitness effects of
the current environment (f;(X)) and the previous envi-
ronment (f;—1(Y)). Any interaction term which would
capture an emergent effect specific to the pair of en-
vironments (6(Y — X) = s(X,Y = X) — fi(X) —
fi—1(Y)) would be small on average. Importantly in
this model, the previous and current environment ef-
fects are general to all environments, and could be used
to predict fitness in entirely different environment pairs,
eg. X = Z or Z — Y. Using two-environment fitness
data, we test predictions of a model that only captures
additive effects (f:, fi—1) of environments, and find that
fitness in held-out environments is well predicted, sug-
gesting that interaction terms capturing the emergent
effects on fitness are on average small.

Taken together, these results present a surprisingly
simple framework for predicting fitness in fluctuating
environments, even amid large history-dependent fit-
ness effects. Of course, natural settings and popu-
lations are likely much more complex than what we
can recreate in the lab, with more diverged strains or
species, a larger degree of community interactions, or
more complex or stochastic environmental fluctuations.
Further studies are therefore crucial to understand the
generality of these effects in a broader range of environ-
ments and strains. Nevertheless, the predictability of
environmental memory across a large number of strains
and environments is striking.

From a physiological perspective, that fitness in
a fluctuating condition can approximately be decom-
posed into the additive effects of current- and previous-
environment contributions is surprising. In our batch
culture experiments, cultures repeatedly grow, reach
saturation, and are then diluted into fresh media. Upon
dilution into fresh media, cells typically enter lag phase,
a period of little to no growth which has been shown to
contribute substantially to fitness variation [33]. Re-
cent physiological studies have further established a
complex dependence of lag phase on the cellular reg-
ulation of proteome composition and metabolic fluxes
[23, 34-37]. This suggests that lag times would be id-
iosyncratic, depending on the specific strains and en-
vironments. Memory effects could arise because the
physiological state of a strain at the beginning of a
growth cycle depends on the environment it was pre-
viously in, and therefore the extent to which it must
rewire itself to resume growth should depend on en-
vironmental history. Despite the complexity of these
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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 mp; 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 (d), suggesting that longer-term
memory may contribute to non-additive effects.
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processes, however, our results imply that the fitness
effects of cellular rewiring required for growth are ap-
proximately an additive function of the pre- and post-
switch environments. The generality of the effects
we observe across fluctuating environments also sug-
gests that these changes occur in a fundamentally low-
dimensional space, effectively driven by a small num-
ber of traits. Although this is not apparent given
the complexity of cellular growth, such an intuition
is consistent with several previous studies which have
shown that genotype-phenotype-fitness maps can often
be captured by low-dimensional models [32, 38].

We can use the correlational patterns in the in-
ferred additive fitness effects of each environment to
elucidate the extent to which there are trade-offs or
synergies between different stages of growth [39-41] in
our system. Some previous studies suggest that growth
and lag-phase can trade-off with one another [35, 42].
Other work shows that lag-times can be tuned by al-
location towards unneeded proteins, and can thus be
shortened without sacrificing growth rates [34]. In our
model, we consider the primary effects of the previous
environment (f;—1) to be on lag phase and the current
environment (f;) to be on exponential growth. When
analyzing the correlations across mutants between the
fitness contributions of a given environment on the next
cycle (f;—1) and the current environment (f;) we see a
range of correlations. In stressor environments, we see
a pattern consistent with cross-protective effects [43—
46], possibly due to global stress response: strains that
have an advantage in early growth coming from a stres-
sor environment maintain this advantage during growth
in a stressful environment. For carbon sources, we do
not observe a uniform pattern — there are some cases
where there appears to be a strong trade-off between
early and exponential growth, as well as other cases
where mutants with an early growth advantage main-
tain their advantage through the exponential growth
phase. Our analysis hints at possible relationships be-
tween different growth stages measured at scale, and
measuring effects on lag times or growth directly could
be an avenue for future studies.

The invariance of fitness to the order of the en-
vironments suggests that adaptations specific to the
environmental transitions, which could be interpreted
as anticipatory behavior, are difficult to evolve. How-
ever, putatively anticipatory behavior has been engi-
neered in E. coli [47] and several examples have been
discussed in the context of natural settings, includ-
ing predictable daily changes in light and temperature,
seasonal changes, and the order in which nutrients or
stressors occur [20, 21, 24, 25, 48]. Three-environment
cycles are temporally structured and therefore pre-
dictable, making this setting ripe for the evolution of
novel anticipatory behavior. From our experimental
evolution experiment we found there are a limited num-
ber of instances where mutants from the Glu — H — N
cycle showed significantly higher fitness effects specific
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to their home direction, suggesting that evolution of
novel anticipatory behavior is possible even in the short
term. Additionally, most strains have slightly higher
fitness in the Glu — H — N than in the Glu - N — H
cycle. Previous studies [25] suggest that osmotic stress
often precedes oxidative stress in fermentation environ-
ments, so the Glu — N — H cycle might be considered
more akin to a natural environment for S. cerevisiae.
Therefore, easily accessible mutations could be biased
towards increasing fitness in the Glu — H — N cycle,
which is more different from the “natural” environment
due to a global epistasis-like effect [49-51].

The environmental memory in two and three-
environment cycles we observe also raises questions
about the length, mechanistic origins, and universality
of history-dependent effects. By comparing data from
three-environment measurements to two-environments
measurements, we asked whether memory effects can
last longer than one growth cycle, or 8 generations in
this experimental design. We find that memory effects
are diminished after one cycle but appear to be non-
negligible, and we estimate that 31% of our measure-
ments reflect nonzero effects. We assume that history-
dependent effects arise largely when cells are moved
directly into the next environment in the cellular state
they finished at in the previous environment, which is
highly environment-specific. This picture cannot ex-
plain longer memory effects however, as virtually all
proteins from two growth cycles before the current one
would be diluted over the course of growth. These
longer-lasting memory effects suggest that other mech-
anisms may be at work. These could include physio-
logical processes like epigenetic changes or prion-based
memory [52-56], or broader eco-evolutionary phenom-
ena such as frequency-dependent fitness effects [57—60].
Further experiments would be needed to confirm this.

Connecting cell physiology to growth and fitness in
fluctuating environments is a fundamental challenge in
microbial evolution. We used experimental evolution
and high-throughput fitness measurements in differ-
ently ordered environments to show that fitness in fluc-
tuating environments is highly predictable despite pro-
nounced history-dependent effects. This predictability
is underpinned by decomposing fitness additively into
current and previous environmental contributions. Ex-
ploring the physiological mechanisms that lead to this
simple fitness decomposition and the extent to which
these results can generalize to complex natural settings
provides an avenue to better understand how organisms
adapt to a dynamic world.

4 Materials and Methods

4.1 Collection of Mutants from One- and Two-

Environment Cycle Evolutions

We used a collection of 889 barcoded mutants from
Abreu et al. [27] which were evolved in 5 one-
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environment cycles: SC Glucose (Glu), SC Glucose
+ Hydrogen Peroxide (H), SC Glucose + NaCl (N),
SC Galactose (Gal) and SC Lactate (Lac), and 5 two-
environment cycles: Glu/Gal, Glu/Lac, Glu/H, Glu/N,
and H/N. Barcoded pools were sequenced over the
course of the evolution, and isolated strains were se-
quenced to estimate their fitness in the evolution en-
vironment. Pooled mutants were high-fitness strains
from their home evolution environment.

4.2 Evolution and Strain lIsolation in Three-

environment Cycles

We evolved strains in two three-environment cycles:
Glu - H — N and Glu — N — H. We used the same
protocol to evolve strains, isolate strains and measure
fitness as in [27], and briefly describe it here. The
founding population was previously created by inte-
grating a genomic barcode into BY4709 [61]. We con-
firmed the presence of ~500,000 unique barcodes before
beginning the evolution experiment by sequencing the
barcode region.

SC 1.5% Glucose base was made using 2g Drop-out
Mix Complete (US Biological) and 6.7g yeast nitro-
gen base (RPI) and 15g glucose per liter. The stressor
conditions N and H respectively were made by sup-
plementing to 0.5 M NaCl (RPI), or hydrogen perox-
ide to 2.5mM HsO5(Ward’s). All media was prepared
before the evolution experiments and stored at 4°C,
and warmed to 30°C the day before use. We found
that HoOo decreased while the media was stored to ap-
proximately 60% of the original concentration using the
MQuant peroxide test kit.

Evolution experiments were conducted in batch cul-
ture; cultures were grown in 100 mL of media in 500
mL DeLong flasks at 30°C, shaking at 223rpm, for
48-hours. At the end of each growth cycle 400 uL
(~ 5x107 cells) of the culture was diluted into fresh me-
dia, and 1 mL of the culture mixed in equal quantities
with 50% glycerol, and stored at -80°C. We stored the
remainder of the culture for barcode-sequencing by cen-
trifuging the culture, resuspending the pellet in sorbitol
solution (0.9M sorbitol, 0.1M Tris-HCI (pH 7.5), 0.1M
EDTA (pH 8.0)), and freezing at -20°C. We evolved
strains for 24 total growth cycles (48 days).

We sequenced the barcode region at several time
points over the course of the evolution (see 4.4), and
used FitMut2 [62] to infer the fitness of each lineage.
To isolate strains, we chose an intermediate timepoint
at which there were apparently adaptive mutants which
had risen in frequency, but no mutants had reached a
very high frequency, thus allowing us to isolate a num-
ber of adaptive mutants. 50 uL of the frozen stock
(~ 106 cells) was diluted into 500 uL phosphate buffer
solution (PBS) plus 1 pL of propidium iodide to stain
dead cells. Live cells were sorted into 100 uL of YPD
in 96-well plates using a flow cytometer. We sorted
into five plates for each of the four evolution replicates.
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Sorted cells were grown at 30°C without shaking for 3
days. The saturated culture was inoculated into fresh
YPD media and used for sequencing to identify the bar-
coded strains. The remainder of the culture was stored
in 25% glycerol and stored at -80°C. We then sequenced
each isolated strain to identify barcodes.

We selected adaptive barcodes for further study
from isolated strains if they met any of the following
criteria: (1) inferred fitness was 0.51 or greater; (2) the
inferred probability of being adaptive was greater than
0.5, or (3) strains reached a final frequency of 107>,
which is approximately five times greater than their
initial frequency. We eliminated barcodes which met
these criteria for multiple conditions, including the one-
and two-cycle evolutions, as these were likely preexist-
ing adaptive mutations in the founding pool. We also
included an additional set of weakly adaptive strains
(with inferred fitness between 0.125 and 0.5) for each
replicate. The final pool had 440 mutants: 220 mu-
tants from Glu — N — H and 220 mutants from Glu
— H — N. We pooled saturated cultures of each strain
in approximately equal volumes for pooled competition
assays. See Abreu et al. [27] for further details on these
methods.

43 Fitness measurements in three-environment cycles
We measured the fitness of the strains from one- and
two-environment cycles generated from Abreu et al.
and the strains we evolved in three-environment cycles
in a single competitive pool. We measured fitness in
three replicates in four three-environment cycles: Glu
—+H — N, Glu - N — H, Glu — Gal — Lac, and Glu
— Lac — Gal. The environments for fitness measure-
ment were the same as those in which we did evolution
experiments; pools were grown in 100 mL cultures in
500 mL flasks at 30°C, shaking at 223 rpm.

We followed the same protocol as in [27] to mea-
sure the fitness of each of the ~1300 strains in the
pool. Briefly, the pooled culture consisted of the ances-
tor strain with a digestible barcode, the barcoded mu-
tants, barcoded “neutral” strains which have no func-
tional mutations from the ancestor, with the ancestor
and neutral strains taking up most of the initial cul-
ture. Thus, the environment is largely expected to be
set by the ancestor strain, and most pair-wise com-
petition for any mutant strain can be assumed to be
with the ancestor. We grew overnight pre-cultures in
SC 1.5% Glucose of the ancestor strain, barcoded pool
and barcoded “neutral” strains separately. We mixed
these cultures weighted by OD600 at a 93:5:2 ratio.
These cultures were passaged through each sequence of
environments, diluting 400 pL of the culture into fresh
media at the end of each 48-hour growth cycle, as in
the evolution conditions. At each transfer, the remain-
der of the culture was frozen for barcode sequencing.
We then sequenced each time point to measure the fre-
quency of each barcode (Section 4.4).
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These fitness measurements were performed concur-
rently with measurements in Abreu et al., minimizing
batch effects from variation in media, growth condi-
tions, pre-cultures, or other similar factors.

4.4 Barcode amplicon sequencing

We followed the same protocol as in [27] to sequence the
barcode region of each sample. We extracted genomic
DNA from each sample using the Norgen Fungi/Yeast
Genomic DNA Tsolation 96-Well Kit (#27350), using
about 10° cells per sample (10% of our original cul-
tures), and measured DNA yield using a Biotek fluo-
rescent plate reader averaging 4 ug per sample.

We amplified barcoded in two steps, checking re-
actions on a gel for ~ 50 randomly chosen reactions
at each step. We used the same first-step primers de-
scribed in Kinsler et al. [32]. The first-step primers had
short inline indices which were used to mark samples,
which we use in combination with second-step primers
to multiplex the samples on the sequencing lane. We
then diluted the first step PCR product 500-fold for
the second-step reaction. The second step PCR used
Numina UD Indexes (from IDT), with unique pairs of
forward and reverse primers for each sample. We per-
formed PCR-reactions using Q5 master mix in 50 pL
reactions. After purifying samples and measuring fi-
nal DNA concentration (~100 — 200 ng L ~1), we sent
samples to Admera Health for sequencing, using 2 X
150 paired-end sequencing using HiSeqX or NovaSegX.

We used this protocol for sequencing both evolu-
tion timepoints and short-term fitness assays. For fit-
ness assays, we used ApalLl to digest the barcode of the
ancestor strain, so that most of our sequencing reads
would not map to the ancestor, but instead to the bar-
coded mutants or neutral strains. See Abreu et al. [27]
for full details.

4.5 Whole-genome sequencing and ploidy assay

We sequenced 115 mutants from the three-environment
evolutions in total; 64 from Glu — H — N, and 51
from Glu - N — H. We used the Illumina DNA Prep
kit (ILMN DNA LP (M) Tagmentation (96 samples,
IPB)) to prepare samples for whole-genome sequenc-
ing, but carried out reactions at 1/5 the volume in the
manufacturer’s protocol. We then sequenced these li-
braries with Admera Health, using 2 x 150 paired-end
sequencing on Illumina NovaSeqX machines.

We followed the same pipeline as in Abreu et al.
process FASTQ files: we mapped reads to the S288C
genome using bwa, and indexed the BAM file using
samtools. SNPs and small indel variants were called us-
ing HaplotypeCaller from GATK. Samples were filtered
by coverage and alignment and ancestral genotypes and
mitochondrial variants genotypes were excluded, clas-
sified as homozygous or heterozygous, and annotated
using snpEff. Copy number variants were called using
samtools and bedtools, selecting for sites with 3x the

993
994
995
996
997
998
999
1000
1001
1002

1003

1004

1005
1006
1007
1008
1009
1010
1011
1012
1013

1014

1015

1016
1017
1018
1019
1020
1021
1022
1023
1024
1025

1026

1027

1028

1029

1030

1031
1032

1033

1034

1035
1036
1037
1038
1039
1040
1041
1042

1043

15

average coverage or more. Variants appearing in more
than 15 samples were excluded as they could be ances-
tral variants, and results were checked visually using
IGV.

We used a benomyl assay [1] to measure the ploidy
of the mutants we whole-genome sequenced. We mea-
sured the growth of mutants over several days in YPD
+ 20 pg mL~! benomyl, which inhibits the growth of
diploid strains substantially more than haploid strains.
Plates were imaged and manually classified as haploid
or diploid. See Abreu et al. [27] for further details.

4.6 Fitness Inference

We adapted the fitness inference method from Ascensao
et al. (2023) and Ghosh et al. (2026) [38, 63] for fluc-
tuating environments, and detail the statistical model
and inference method below, following similar notation
to Ghosh et al. We wish to infer the fitness relative
to the ancestor of each strain in each component of a
fluctuating cycle, say X - Y — Z — X.... We define
the fitness of the ancestor strain to be 0, and model
the frequency of a mutant ¢ in environment e; between
time points ¢ and t + 1, ;¢ as
(se,i=5¢) (2)

where s ; is the fitness of strain ¢ in e;, and 5, is the
mean population fitness at time ¢. This corresponds to
an exponential growth rate difference of s.; between
strain 4 and the ancestor strain if the growth process
were simple exponential growth.

We model the noise in read counts from biological
sources (stochasticity in growth and due to bottlenecks)
and measurement (library preparation and sequencing)
as a counting process with a negative binomial distri-
bution, or equivalently each read is sampled from an
overdispersed Poisson distribution:

Tt+41,i = Tt,4i€

i ~ NB(ps¢, ¢t), (3)

where p; ; is the expected number of reads, and ¢;
is the dispersion parameter, such that

(4)
The expected number of reads p; ¢ is simply the ex-

pected frequency of strain at time ¢ multiplied by the
total number of reads R;, so

var(ri ) = fiiC-

(Se,ifgt).

()

In order to infer s.;, we must first infer 5;, the
mean fitness of the population, and ¢;, the dispersion
parameter.

We use the fact that there are 60 “neutral” lineages
included in our competition pool, which by definition
have fitness 0, in order to measure the mean population
fitness and the time specific variance.

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

at time ¢, denoted z{™ is

iy = Ryxy_q e
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2" = 2, (6)

which can be rewritten to give

5, = log xgﬁ)l —log x,(:n). (7)
We estimate s; as

R R(”) R(n)

5¢ = log =" — log — 8

St 0og Rt—l 0og Rt ) ( )

where RE") is the total reads summed over all neu-
tral lineages at time ¢.

We can use the variability in the behavior of the
neutral lineages to estimate the dispersion parameter
at each time point. Variation between neutral lineages
should be due to a combination of genetic drift and
technical and measurement noise.

We first consider variation due to genetic drift by
considering the Langevin equation for a neutral (fitness
0) strain,

2()(1 = 2(t)dt

(9)
where Z is the standard normal variable, z(t) is the
frequency, and N, is the effective population size. We

apply a variance stabilizing transformation to z(t), and
define

o(t) = /().

We can now see that this transformation removes
the dependence of ¢ = ¢(t + 6t) — ¢(t) on z(t):

(10)

6¢ = ¢(t + dt) — ¢(t)
=t +dt) — Vx(t)

-\ w700 ]:fex(t))étz o
(z(t) < 1)
— | a(t) x(fv)jtz — /2@

I
<§é\1
=
~—

—_
_%
—~
>
:Ei ~~
o
I

(6t < x(t)Ne,
using the Taylor expansiony/1+y ~ 1+ y/2)

—\/@(1+ &Z) 0)

42(t) N,
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In the above derivation, we assume that 0t <
2(t) N, i.e. the change in time is small compared to the
total number of cells in the lineage. Thus, the variance
in d¢ due to genetic drift is var( 45—&2) = 4%' Given
that the sources of measurement or technical noise
should be independent at each time point, we can sim-
ply sum the variance due to these sources when writing
an expression for var(¢;— ¢y ). The variance due to drift
should accumulate linearly over time. Therefore,

|t =]
AN,

K= var(gp — dp) = e + Ny + (11)

where 7, is the variance in the reads due to measure-
ment or technical error at timepoint ¢. Assuming that
N, does not vary significantly over each passage, we can
fit 7 and N, to k. across all time point pairs, which
can be estimated as variance across neutral (ancestor)
lineages. We only use lineages which had a starting
frequency above 107°.

We can now relate this back to the dispersion pa-
rameter for each time point, to get

1
Ct = (477t + N)Rt

We can now write the likelihood for a particular
value of the number of reads assigned to a strain i at
time point ¢, 7; +, given a particular value of s using the
pdf of the negative binomial function:

(12)

F(Ti,H::’%ﬂ)(ct -1

P(ritls(er)) =

D(rie+ DI(S2)e, "

The likelihood of the read counts over the whole
time series is then given by P(ri|s) = [], P(ri¢|s(er)).
We estimate s jointly with frequency (x) by minimiz-
ing the negative log likelihood function over the cor-
responding time points via gradient descent using the
L-BFGS-B method from scipy.optimize.minimize.
4.7 Inference of f;, fi_1, and J from two-environment
data

We fit two-environment data to the model s(X,Y —
X) = fi(X) + fit—1(Y), which we are able to do be-
cause we have multiple conditions where the same en-
vironment is either the previous or the current envi-
ronment. We use fitness data on 5 environments and
all nine pairwise fluctuating environments (excluding
data from the Lac/H fluctuating environment due to
poor replicate-to-replicate correlations). Each of the
fluctuating environments have fitness measurements in
two environment components, resulting fitness mea-
surements for each mutant in 23 environments total.
We fit this model independently for each mutant.
We use one-hot encoding to represent the environmen-
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tal conditions for each data point; each fitness mea-
surement has two variables associated with it, the iden-
tity of the current and previous environments respec-
tively. For static environments, the previous environ-
ment would be the same as the current environment.
As the previous and current environment are categor-
ical variables taking one of five values, we one-hot en-
code as five binary variable. For instance, the fitness of
a mutant in Glu preceded by Gal would have 1s asso-
ciated with it in the “current Glu” and “previous Gal”
variables, and 0 with all other variables.

Fitness in environment X preceded by Y, s(X,Y —
X) is modeled as

XY = X) = Beponp(epren)
eckE

+ Z Becurrent Hc(ecurrent)a

eckE

(14)

where s(X,Y — X) is the fitness of the strain in
environment X preceded by environment Y, E is the
set of all environments in the dataset, and the indicator
functions I, and I. encoding environmental conditions
are defined as follows:

0 otherwise

if e is the previous environment

and

1 if e is the current environment

Hc(ecurrent) == {

0 otherwise.

We then fit the fitness value to these binary vari-
ables jointly across all environments in the training set,
using ridge regression to avoid instability due to mul-
ticollinearity.

This model minimizes the loss function

3 (XY - X) - 3(X,Y - X))

X,YEE (15)

+ « Z( gprgy + gcurrent)

eck

over s, where « is the regularization parameter,.

We use a leave-one-out cross validation to fit a
model for each data point separately, training on the
fitness data of that mutant on all other environments
to generate a predicted fitness value for the held-out
environment (Figure 3B).

Because of the binary encoding of environments, the
resulting coefficients for each environmental effect are
interpretable as the literal fitness contribution of the
environment on a mutant’s fitness. The prediction er-
ror from this model is jointly due to interactions be-
tween the environments and noise in the data.
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The regularization coefficient o used in these fits is
set to 0.6 by optimizing mean-squared error, generated
from LOO-CV over the entire dataset. MSE and our
broad results are not very sensitive to « values between
0.1 -1 (Figure STA).

Finally, we estimated error in measurement using
the standard error of the mean, and subtracted it from
the prediction error to estimate 4. If the SEM exceeded
prediction error, then the estimate of ¢ is set to be 0.

As a control, we simulated data with purely addi-
tive, partly non-additive and fully non-additive behav-
ior and ran the additive regression model on this syn-
thetic data. We find that this method predicts fitness
well in the case of pure additivity, and infers additive
coefficients well even under non-additive effects. This
method generally overestimates the magnitude of 4,
and systematically overestimates correlations between
previous and current coefficients by ~ 0.1 and under-
estimates coeflicients by ~ 0.1 between two previous
or two current coefficients. We correct for this bias in
Figure 3H, and show raw correlation values in Figure
S7D. See Supplementary Materials for further details.

4.8 Estimation of True Positive Two-Cycle Memory

We compare three-environment fitness against the ex-
pected fitness from two-environment measurements us-
ing Welch’s t-test on the three replicates for each mea-
surement. We find that 11.39% of three-environment
measurements have nominal p-values less than 0.05,
but none of these survive Benjamini-Hochberg FDR
correction correcting across all comparisons (n =
14640) at the threshold a = 0.05.

We estimate the number of true positives by ana-
lyzing the empirical distribution of p-values by using
Storey’s my. We calculate my for intermediate p-values
at threshold A, which is defined as

oy = W
Wo(/\)—m,

where W (A) is the number of tests with p-values
larger than A, and m is the total number of tests. 7o(A)
should approach the proportion of true nulls for large
p-values, or as A approaches 1. We use a cubic spline
to fit 7y to A between 0.05 and 0.96, sampled in incre-
ments of 0.01 and extrapolate to estimate my = 7 (1),
or the fraction of true negatives. We find 7y = 0.691
(Figure S10M, blue line), which suggests that 31% of
the comparisons are true positives.
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