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Abstract

When we sample an evolving population, how well do we
capture its long-term evolutionary potential? This ques-
tion underlies the validity of analytical replay experiments,
which restart evolution from multiple points in a population’s
history to measure how long-term potential changed over
time. Analytical replay experiments are becoming increas-
ingly popular in both wet-lab and computational evolution
studies. However, the population sampling method is still of-
ten picked via necessity, and no direct comparisons between
methods exist. Here, we use computational evolution on NK
landscapes to test the effects of population sampling tech-
niques on genetic potentiation. We analyze four techniques:
full population snapshots, random sampling, cloning the most
abundant genotype, and tracing the dominant lineage. We
find that cloning the most abundant genotype consistently re-
sults in lower potentiation than full snapshots, while tracing
the dominant lineage consistently results in higher potentia-
tion. Random sampling falls somewhere in the middle, where
the sampling rate controls the variation across replays. We
end by analyzing how an increase in mutation rate can coun-
terintuitively stabilize the impacts of sampling on potentia-
tion. This work leverages the speed of computational evolu-
tion to both provide insights into the results of previous replay
experiments and to illuminate design implications for future
experiments. While many methodological questions about re-
play experiments remain, this work demonstrates that compu-
tational studies can provide insights via experiments that are
intractable in wet-lab settings.

Submission type: Full Paper; Data/Code available
at: https://github.com/FergusonAJ/replay_
methods

Introduction
Experimental evolution research has made astounding
progress over the last several decades, with empirical stud-
ies employing new techniques and technologies to refine our
understanding of evolution in the natural world (Ascensao
and Desai, 2026). However, experimental evolution has its
limitations (Kawecki et al., 2012), and every experimental
design decision can impact the observed evolutionary dy-
namics. Researchers could hypothetically probe the effects
of each decision, but this quickly becomes intractable when

experiments can take months (Blount et al., 2008) or years
(Lenski et al., 1991; Graves et al., 2017). Digital evolu-
tion and artificial life studies can fill this niche. Compu-
tational evolution allows for rapid generations across nu-
merous replicates, while sacrificing population sizes and or-
ganismal complexity. Even with these limitations, compu-
tational studies have a storied history of improving our un-
derstanding of evolution (Lehman et al., 2020), and they can
provide otherwise unobtainable insights into the design of
evolution experiments.

In this work we leverage a computational evolution sys-
tem to experimentally probe how population sampling tech-
niques alter the outcomes of analytical replay experiments.
We find that sampling methods dramatically and consis-
tently alter a population’s measured potentiation. Using
full population snapshots as our baseline for comparison,
we find that clonal populations founded with the dominant
(most abundant) genotype from a given generation consis-
tently underestimate the population’s potential, while clonal
population’s founded from the final dominant lineage con-
sistently overestimate potential. Additionally, we observe
that randomly sampling a population slightly underestimates
potential on average, though variation in potential increases
as we collect fewer samples from the population. Overall,
we provide additional context for interpreting previous re-
play experiments and empirically-backed considerations for
designing new replay experiments.

Background
Evolutionary replay experiments
Observations of evolved populations in nature reveal life as
it is, but evolutionary biologists have long been interested
in life as it could have been. While we see one realiza-
tion of evolutionary potential, what were the other possibil-
ities? How likely was our observed outcome? Stephen Jay
Gould once articulated this conundrum: we could learn so
much about life, evolution, and their historical contingency
if only we could “replay the tape of life”, restarting evolu-
tion from a particular point to sample the other possibilities
that could have been (Gould, 1990). While it is impossi-
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ble to conduct Gould’s experiment on the entire biosphere,
experimental evolution researchers have developed methods
for empirically investigating the role that contingency plays
in the evolution of individual populations.

Using the terminology of Blount et al. (2018), for decades
researchers have been conducting wet-lab parallel replay ex-
periments, where multiple replicate populations evolve from
a common ancestral clone or population (Lenski et al., 1991;
Graves et al., 2017). Additionally, historical difference ex-
periments evolve replicate populations under the same con-
ditions after they have experienced varied evolutionary his-
tories, whether artificially induced or naturally occurring
(Travisano et al., 1995; Donofrio et al., 2026). Here, we
focus on analytic replay experiments, where replay popula-
tions are founded from multiple time points along a popula-
tion’s history. By replaying evolution from different points
in time, we can identify when the population experienced a
change that altered its long-term evolutionary trajectory.

Analytical replay experiments were first employed to
identify mutations in Escherichia coli that potentiated the
evolution of citrate metabolism (Blount et al., 2008). Since
then, most analytical replay experiments have been con-
ducted on bacteria, where replays were used to investigate
evolvability in E. coli (Woods et al., 2011), coevolution
of Phage λ and E. coli, (Meyer et al., 2012; Gupta et al.,
2022), E. coli clade extinction (Turner et al., 2015), antimi-
crobial resistance in Pseudomonas aeruginosa (Jochumsen
et al., 2016), and diversity in P. putida (Al-Tameemi and
Rodrı́guez-Verdugo, 2024). Recently, replay experiments
have elucidated gene interactions in yeast (Vignogna et al.,
2021) and mitochondrial evolution in the nematode C. ele-
gans (Dubie et al., 2024). This near-exhaustive list demon-
strates that analytical replay experiments are becoming more
widespread, expanding to both new species and new evolu-
tionary questions.

While the number of required evolutionary replicates
make wet-lab replay experiments time- and labor-intensive,
these methods are well suited for computational experi-
ments. Indeed, replay experiments have been used in the
Avida digital evolution platform to study re-evolution after
an extinction event (Yedid et al., 2008), the evolutionary ne-
cessity of deleterious mutations (Covert III et al., 2013), and
the evolution of associative learning (Ferguson and Ofria,
2023). Recently, replay experiments have been conducted
in simple computational systems to study adaptive momen-
tum (Ferguson et al., 2024) and developmental exaptations
(Renner et al., 2024).

Population sampling methods in replay
experiments
Whether conducted on natural or digital organisms, re-
searchers employing analytical replay experiments must
choose how to sample the original evolutionary record to
found their replay populations. The nature of the experi-

ment and involved organisms often dictates the possibilities
for these founding events. Here, we describe four sampling
strategies that attempt to summarize a population:

Full population snapshots. When sampling the his-
torical record to found replay populations, the most accu-
rate method is to not sample but instead copy the exact
record. Recent computational studies were able to leverage
this technique, replaying a perfect copy of the original pop-
ulation at every generation (Renner et al., 2024; Ferguson
et al., 2024). In this work we use population snapshots as
our baseline, as they perfectly capture the nuances of the
population. However, full population snapshots are impos-
sible to conduct in natural organisms, as they require perfect
cloning of every organism. Further, snapshots work best in
systems with discrete, synchronous generations where gen-
erations are clearly demarcated and organisms lack complex
life histories that need captured.

Random sampling. In situations where population snap-
shots are infeasible, a simple solution is to randomly sam-
ple the reference population. By necessity, all replay ex-
periments using natural organisms have employed a form of
random sampling, including work in bacteria (Blount et al.,
2008), yeast (Vignogna et al., 2021), and nematodes (Dubie
et al., 2024). The details of random sampling vary between
studies, as they are dependent on population size and the
methods required to freeze, revive, and culture the organ-
isms.

Extracting the dominant genotype each generation.
We posit that random sampling of natural organism popu-
lations will often sample multiple genetically identical or-
ganisms. Indeed, some previous studies intentionally sam-
ple to the level of a single bacterial clone (Blount et al.,
2008) or single hermaphroditic animal (Dubie et al., 2024).
However, our computational evolution system experiences
a much higher mutation rate than many natural organism
populations, decreasing the probability that we sample only
genetically identical organisms. To model this genetically
identical sampling, we test “dominant genotype” sampling,
where clonal replay populations are founded with the domi-
nant (most abundant) genotype from that generation.

Lineage tracing. While computational systems allow
perfect data tracking, experiments with asynchronous, over-
lapping generations raise the question of when to sample
for replay populations when generational boundaries are un-
clear. Previous studies have instead relied on lineage tracing:
researchers identify the dominant (most abundant) genotype
at the end of the original evolutionary replicate, and then
found clonal replay population with each ancestor along its
lineage (Yedid et al., 2008; Ferguson and Ofria, 2023). This
method sidesteps issues of generational overlap, but also re-
lies heavily on survivorship bias. While some genotypes
along the lineage may not have been populous in the original
evolutionary record, this method founds replay experiments
with clonal populations of these genotypes, completely ig-



noring population effects.

Methods
In this work, we characterize the effects of four popula-
tion sampling techniques on the outcomes of evolutionary
replay experiments. Wet-lab replay experiments are time-
and labor-intensive, making it infeasible to empirically ana-
lyze these experimental design decisions. Here we employ a
computational evolution system to evolve millions of replay
replicates, allowing us to rigorously compare the effects of
these sampling techniques. We use NK landscapes — sim-
ple fitness landscapes with tunable ruggedness — to balance
speed and complexity. We analyze four population sampling
techniques for replay experiments: 1) snapshotting the full
population; 2) extracting the dominant (i.e., most abundant)
genotype at each generation; 3) tracing the lineage of the fi-
nal dominant genotype; and 4) randomly sampling the pop-
ulation at rates of 10%, 5% and 1%. Using the true histori-
cal record (full population snapshots) as a baseline, we then
identify differences in evolutionary outcomes caused by the
other sampling methods.

Evolution system
While computational evolution allows for a faster
turnaround time compared to its web-lab counterparts,
issues of time and complexity of a system still persist. To
address this, we use NK landscapes — fast yet tunably
rugged genotype-to-fitness mappings for bitstring organisms
(Kauffman and Weinberger, 1989). N denotes the length of
the bitstring and K is a proxy for the level of ruggedness
in the landscape. Here, we needed landscapes that were
difficult but not impossible to traverse to maximum fitness.
We ran exploratory replicates to find such parameters, and
all experiments in this work use N = 20 bits and K = 9.

All populations in this work are well-mixed and consist of
1,000 organisms. Each organism is a bitstring of 20 bits, and
each reproduction event carries a mutation rate of 1% per
bit. Initial (non-replay) replicates are seeded with a clonal
population of the minimum-fitness genotype in the current
NK landscape. Initial replicates experience 100 generations
of evolution, with each generation being selected via tour-
nament selection with a tournament size of seven (Gold-
berg and Deb, 1991). We chose this parameterization of
tournament selection to generally favor the highest-fitness
genotype in the population while still allowing lower-fitness
genotypes some opportunity at reproduction.

Initial evolutionary replicates
Before running replay experiments, we first needed to iden-
tify viable fitness landscapes and our initial evolutionary
replicates to replay. Because NK landscapes are randomly
generated, we wanted to sample multiple landscapes to en-
sure our results were not dependent on a single landscape’s

idiosyncrasies. Additionally, replay experiments are tradi-
tionally used to measure a population’s genetic “potentia-
tion”, its probability of evolving a particular genotype, trait,
or behavior. Here we focus on a population’s evolutionary
potential to reach the genotype with maximum fitness in that
NK landscape.

To identify viable landscapes, we first generated 100 ran-
dom NK landscapes and evolved 100 independent repli-
cate populations on each landscape. We selected land-
scapes where at least one replicate evolved maximum fit-
ness, but we discarded landscapes where 90 or more repli-
cates evolved maximum fitness. As described below, we
then replayed all replicates that evolved maximum fitness.
The 90 replicate threshold ensured we did not waste com-
putational effort on landscapes where potential could only
slightly increase.

Replay experiments
Once suitable evolutionary replicates were found, we con-
ducted replay experiments using the four sampling tech-
niques: population snapshots, random sampling, dominant
genotypes, and lineage tracing. During our initial evolution-
ary replicates, we saved a full population snapshot every
generation and traced parent-offspring relationships, giv-
ing us perfect information about the population’s histori-
cal record and underlying phylogeny. Due to computational
limitations, we replayed only the first 25 generations of each
replicate, which exploratory work showed to be sufficient for
the vast majority of populations to reach their maximum-
fitness genotype. All replay replicates evolved for the same
number of total generations as the initial replicates (e.g., a
replay started at generation 20 would experience 80 gener-
ations of evolution, for a total of 100 generations). Replay
replicates were given new random number seeds to ensure
they experienced unique mutations and selection events.

Three of our sampling methods are deterministic: taking
full population snapshots, cloning the dominant genotype,
and tracing the dominant lineage will always return the same
set of organisms. For these methods, we founded 100 re-
play replicates using each method at each generation. While
population snapshots already contain 1,000 organisms, dom-
inant and lineage methods only give a single organism. We
thus copied that organism to produce a full clonal population
of 1,000 organisms, eliminating the possibility for adaptive
momentum while the population filled (Bohm et al., 2024).
To calculate the genetic potentiation of the population at
a given generation, we calculated the percentage of replay
replicates from that generation that evolved maximum fit-
ness.

The fourth sampling method, random sampling, is
stochastic. In this work, we sampled our populations of
1,000 organisms at three levels: 10% (100 organisms), 5%
(50 organisms), and 1% (10 organisms). To create full pop-
ulations, each sampled organism was copied multiple times



to ensure we had a total of 1,000 organisms (e.g., at 5%
sampling, each of the 50 organisms were copied 20 times).
When replaying the population at a particular generation us-
ing random sampling, we first sampled the population 50
times at each sampling rate. We then ran 100 replay repli-
cates for each sample, allowing us to calculate the potenti-
ation of each sample as the percentage of replay replicates
that evolved maximum fitness. While this framework suffers
from the exponential growth, it allows us to compare across
samples to test our hypothesis that lowering the sampling
rate will increase the inter-sample variance in potentiation.

Mutation rate experiment

We hypothesized that genetic diversity in the population
plays an important role in replay sampling, particularly
when randomly sampling. Thus we repeated our initial ex-
periment with double the mutation rate (2% per bit). We
again tested 100 replicates on each of 100 random NK land-
scapes, and replayed all replicates that reached maximum
fitness with our four sampling techniques. We then com-
pared results both within and across mutation rates to deter-
mine the role mutation rates play in potentiation dynamics.

Comparative analyses and statistics

Population snapshots capture all the information of our pop-
ulation at that point in time, so our 100 snapshot replay
replicates give an accurate estimate of the population’s true
potentiation. We thus use our snapshot potentiation as a
baseline, analyzing the difference in potentiation between
other sampling methods and our snapshots. For dominant
and lineage sampling, we first compare the treatment to the
snapshot baseline and then compare the two treatments with
each other, both comparison used a paired Wilcoxon signed
rank test. For our random sampling treatments, we com-
pare against snapshot replays and then we measure the stan-
dard deviation of sample potential for each replayed time
point to quantify across-sample variance. We then perform
a Kruskal-Wallis test to look for differences among stan-
dard deviation for 10%, 5%, and 1% random sampling.
Given a significant difference among the three sampling
rates, we then perform a pairwise Wilcoxon test to deter-
mine which sampling rates are significantly different. Fi-
nally, when comparing across mutation rates we switch from
paired Wilcoxon tests to unpaired Mann-Whitney tests. We
employ a Holm-Bonferonni correction for multiple compar-
isons (Holm, 1979). For all analyses, we focus on the dy-
namics before the population is fully potentiated. Thus, we
halt our analysis of a replicate at the generation when its
dominant and lineage replays both reach 100% potentiation.

All statistics and data visualization was conducted in the
R version 4.1.2 (R Core Team, 2021) using the ggplot2 and
dplyr packages (Wickham et al., 2020, 2022).
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Figure 1: Raincloud plot showing the difference in poten-
tiation between two sampling methods, dominant genotype
and lineage tracing, and population snapshot replays. Each
point shows the potentiation of a population at one point in
time, calculated as the number of replicates (out of 100) that
reached maximum fitness. The dashed line shows zero dif-
ference from snapshot replays. Each distribution shows N =
1,946 replayed populations.

Data and software availability

Evolution experiments were conducted using
the Modular Agent-Based Evolver 2 (MABE2)
(https://github.com/mercere99/MABE2/). Simula-
tion and experiment code, cleaned data, and anal-
yses can be found in our supplemental material
(https://github.com/FergusonAJ/replay methods).

Computational cost

To demonstrate the need for computational studies of replay
methods, we want to highlight the number of replay repli-
cates required for this work. Snapshots, dominant geno-
types, and traced lineages were replayed 100 times for each
of 25 generations, requiring 2,500 replay replicates per sam-
pling method per landscape. We replayed a total of 461
replicates across both mutation rate experiments for a to-
tal of 3,457,500 replay replicates. For random sampling, we
additionally sampled each population 50 times for each of
our three sampling rates. We thus conducted 172,875,000
replay replicates for our random sampling treatments, and
176,332,500 total replay replicates. In our system, each re-
play replicate takes only a fraction of a second, but these
numbers demonstrate that computational experiments are
currently the only way to test replay methodologies at scale.

Results and discussion
Here we describe the results of our replay experiments and
situate them within the existing evolutionary replay litera-
ture.
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Evolution of initial replicates
To find replicates to replay, we first ran 100 evolutionary
replicates on each of 100 randomly-generated NK land-
scapes. With our base 1% per-bit mutation rate, only 20
landscapes had at least one replicate evolve maximum fit-
ness. One of the 20 landscapes had 93 replicates evolve
maximum fitness, so it was excluded due to computational
costs and its narrow window for potentiation growth. Of
the remaining 19 landscapes, the number of successful repli-
cates ranged from 1 to 41, with a mean of 12.2 and a median
of 4.5 replicates.

Dominant replays underestimate potentiation
while lineage replays overestimate potentiation
We next ran replay experiments using our three determinis-
tic sampling methods: full population snapshots, extracting
the dominant (most abundant) genotype, and lineage tracing.
Since population snapshots are our true baseline, we show
the distribution of differences from that snapshot baseline
(Figure 1).

Both dominant and lineage replays produce potentiation
values significantly different than full population snapshots.
Dominant genotype replays consistently result in lower po-
tentiation values than population snapshots (Wilcoxon, ad-
justed p < 1e-145). Conversely, lineage tracing replays con-
sistently result in higher potentiation values than snapshot
replays (Wilcoxon, adjusted p < 1e-166). Transitively, lin-
eage replays also show higher potentiation than dominant
replays (Wilcoxon, adjusted p < 1e-241).

These results demonstrate that the sampling method we
employ can dramatically alter our resultant potentiation val-
ues. If a mutation in the dominant lineage creates a genotype
that has low fitness relative to the current population, but that
genotype potentiates a path to maximum fitness in the long
term, lineage tracing will immediately result in clonal pop-
ulations full of the potentiated genotype. Dominant replays
will only contain that genotype (or its descendants) when it
reaches plurality. Both sampling methods ignore the popula-
tion dynamics at play; a new genotype has to spread and re-
produce to alter the long-term evolutionary trajectory. Popu-
lation snapshots capture this spread, with each reproduction
event influencing the population’s potential, while dominant
and lineage replays only capture large stepwise changes in
potential.

These findings help us interpret the results of previous
replay studies. Computational work that uses lineage trac-
ing is likely overestimating potentiation on average (Yedid
et al., 2008; Ferguson and Ofria, 2023). While an increase
in lineage-based potentiation should result in an increase in
snapshot-based potentiation, the magnitude of these changes
can be drastically different. Similarly, previous work that
samples a single organism or clone (most likely the domi-
nant genotype) is likely underestimating the changes in po-
tentiation (Blount et al., 2008; Dubie et al., 2024). In both

Figure 2: Raincloud plot showing the difference between
random sampling replays at various sampling rates and pop-
ulation snapshot replays. Points are smaller than Figure 1 to
account for the increased number of replicates due to sam-
pling. Each point shows the potentiation of one sample, cal-
culated as the number of replicates (out of 100) that reach
maximum fitness. N = 97,300 samples for each treatment.

cases, our evidence suggests that, while potentiation esti-
mates are not far off on average, lineage replays may be re-
porting increases in potentiation early, while dominant re-
plays will often lag major increases in population potential.

Random sampling increases variance in
potentiation
Next we replayed the same populations using random sam-
pling to found our replay replicates. We ran three treat-
ments, randomly sampling 10%, 5%, and 1% of the original
population. All three sampling rates resulted in a signifi-
cant decrease in potentiation compared to snapshot replays
(Wilcoxon, adjusted p < 1e-305 for each). Lowering the
sampling rate from 10% of the population to 1% saw a larger
spread of potentiation values, with 1% sampling resulting
in some samples with substantially higher potentiation and
some samples with much lower potentiation than the snap-
shot baseline (Figure 2).

These findings match our expectations. Randomly sam-
pling 10% of the population generally provides a fairly ac-
curate representation of the population, though some sam-
ples still see extremely low or, very occasionally, extremely
high potentiation. These extremes are exacerbated as we de-
crease our sampling rate. At 5% and especially 1% sam-
pling, samples will most often consist of many copies of the
dominant genotype and potentiation will be underestimated
as in dominant genotype-based replays. However, when a
random sample includes genotypes with high potential, such



as those along the dominant lineage, these lower sampling
rate experiments can overestimate the population’s potenti-
ation. Indeed, Figure 5 shows that the standard deviation of
potentiation for a replayed population increases significantly
as we decrease the sampling rate (Kruskal-Wallis, adjusted
p < 1e-20; all pairwise Wilcoxon adjusted p < 1e-20).

All replay experiments conducted on natural organisms
must use some form of random sampling. As such, our re-
sults provide evidence that even when our sampling rate is
as small as 1%, the replay experiments produce potentia-
tion results fairly consistent with snapshot replays. How-
ever, we have also shown that the exact sample can dramat-
ically affect the observed potentiation. Even at 10% sam-
pling, a sample can dramatically over- or underestimate po-
tentiation. Replication is thus vital for experiments using
random sampling; even though replay experiments are time-
and labor- intensive, multiple samples are needed to lower
the chance of all replays being outliers. Even early replay
work leveraged six replay replicates per population (Blount
et al., 2008), which substantially decreases the probability
the results are based on outlying samples.

A case study on the interconnected effects of
mutation rate
We hypothesized that non-snapshot replay results were
highly contingent on genetic diversity in the population, and
that increased genetic diversity would increase the differ-
ences between our sampling methods and snapshot replays.
To test this hypothesis, we repeated our experiment with 100
new NK landscapes and double the mutation rate (from 1%
to 2% per bit).

Of the 100 new landscapes tested with the higher mutation
rate, 41 one of them had at least one of 100 initial replicates
evolve to reach maximum fitness. Across the 41 landscapes,
the number of successful replicates ranged from 1 to 50 with
a mean of 7.7 and a median of 2 replicates. No landscapes
were over our 90-replicate threshold, so all 41 were included
in our replay experiments. This increase in the number of
replicates that evolved maximum fitness is likely due to in-
creased evolutionary exploration. To reach the maximum fit-
ness genotype in an NK landscape, an evolving population
must explore the fitness landscape without converging on a
local optimum. Increasing the mutation rate would increase
the exploratory power of the evolving populations, leading
to more populations reaching maximum fitness.

To verify that doubling the mutation rate increased the
genetic diversity in the population, we calculated the geno-
typic diversity of every population that was sampled to be
replayed. Genotypic diversity was calculated as the Shan-
non entropy of all 1,000 genotypes in the population (Fig-
ure 3). We find that doubling the mutation rate significantly
increased the genotypic diversity in the population (Mann-
Whitney, adjusted p < 1e-91).

Like the original experiment, we begin by examining
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Figure 3: Raincloud plot showing genotypic diversity (cal-
culated as Shannon entropy, in bits) for each replayed pop-
ulation. The shaded background shows results from the in-
creased mutation rate experiment.
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Figure 4: Raincloud plot showing potentiation results for
dominant and lineage sampling for both mutation rates. The
shaded background indicates results from the increased mu-
tation rate experiment. Results for the base mutation rate are
the same as Figure 1, shown again for easy comparison (N
= 1,946 replicates each). The doubled mutation rate plots
show potentiation from N = 4,418 replay replicates each.
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Figure 5: Raincloud plot showing the standard deviation
of potentiation for all random sampling replays. Each point
represents the standard deviation of potentiation across 50
samples. The shaded background indicates results from the
increased mutation rate experiment. Each doubled mutation
rate plot shows potentiation from N = 4,418 replay repli-
cates, while the base mutation rate plots show N = 1,946
replicates each.

how dominant genotype and lineage tracing replays dif-
fered from the snapshot baseline (Figure 4). Again, we find
that dominant replays significantly underestimate potenti-
ation (Wilcoxon, adjusted p<1e-223) and lineage replays
significantly overestimate potentiation (Wilcoxon, adjusted
p<1e-305). We found significant, but not substantial, dif-
ferences in potentiation across mutation rates for both dom-
inant (Mann-Whitney, adjusted p < 1e-5) and lineage sam-
pling (Mann-Whitney, adjusted p ≈ 0.015). Interestingly,
doubling the mutation rate resulted in potentiation values
that were closer to the snapshot baseline for both dominant
and lineage methods.

Our original hypothesis was that an increase in genetic
diversity would cause more variation in the potentiation of
randomly-sampled replay populations. However, at all sam-
pling levels we failed to detect a significant difference in
standard deviation of potentiation between the two muta-
tion rates (Mann-Whitney, adjusted p>0.09 for all). Indeed,
while the differences are not statistically significant, dou-
bling the mutation rate lowered the median and mean vari-
ance in across-sample potentiation for all sampling rates.

While initially counterintuitive, our new hypothesis is

that increasing the mutation rate increased evolutionary ex-
ploration, increasing the probability for any population to
evolve to maximum fitness. Increased genotypic diversity
may add more genetic variation to the random samples, but
those samples were generally more likely to reach maximum
fitness, decreasing the variation in potentiation across sam-
ples. We include this case study to demonstrate that even
small changes to an experiment can alter replay experiment
results in ways we might not expect. Since replay experi-
ments measure the potential of a population to evolve a cer-
tain trait, we must consider all aspects of that population’s
evolution. More studies are needed to solidify our shared
understanding of potentiation and replay experiments.

Conclusion
Population sampling techniques drastically alter
replay outcomes
We have provided the first empirical analysis of how differ-
ent sampling methods for seeding analytical replay experi-
ments alter the potentiation measured for each population.
By using full population snapshots as a baseline for com-
parison, we demonstrated that the survivorship bias implicit
in lineage tracing leads to consistently higher potentiation
values, while clonal populations founded with the dominant
(most abundant) genotype result in consistently lower poten-
tiation values. Further, we demonstrated that random sam-
pling can be an effective method for founding replay repli-
cates, though lower mutation rates are prone to higher vari-
ance. Finally, we presented a case study that showcases how
a simple change to the system, such as increasing the muta-
tion rate, can result in unexpected potentiation results.

Overall, this work serves a dual purpose. First, it grants us
additional insight into the results of previous replay experi-
ment studies. For example, we now have evidence that stud-
ies using lineage-based sampling methods are likely consis-
tently overshooting the population’s true potentiation. Sec-
ond, this work provides an empirical baseline for those mak-
ing methodological decisions about future replay experi-
ments. While these replay sampling methods had been used
before, this work is the first to empirically demonstrate their
differences. Future replay experiments that can leverage
population snapshots should do so. Replay experiments that
cannot employ snapshots should consider random sampling
if they have the resources to conduct multiple samples to
avoid outliers.

Outlook and future work
We view this work as an initial step in using computa-
tional evolution to empirically investigate the methodolog-
ical choices in replay experiments. Studies like this will
inform future replay experiment in both natural and digital
systems. However, many such methodological choices re-
main unexplored, and thus we describe multiple avenues for
future work in this area.



Repetition We have only provided evidence of how sam-
pling techniques affect replay experiments in one system.
We expect general trends, such as higher potentiation ob-
served in lineage-based replays, to hold across systems.
However, the details are likely to change based on system
parameters. For example, we have shown that mutation rate
can substantially alter replay outcomes. Population size,
spatial reproduction, and the selection method of the sys-
tem are also likely to alter potentiation dynamics. Similarly,
we measured potentiation as the population’s probability of
reaching the single maximum-fitness genotype. Even slight
modifications, such as measuring potentiation as reaching a
genotype with a fitness in the top 1%, may have substantial
impacts on replay outcomes.

Further, we conducted this work using NK landscapes due
to their speed and tunability. Future work should detect how
potentiation dynamics change as N and K increase, creating
landscapes that are more difficult for evolving populations
to traverse. Beyond NK landscapes, future work should ex-
pand beyond simple fitness landscapes to include full digital
evolution systems such as Avida or Aevol.

Empirical investigation of other replay experiment
methods We have shown that the speed and observability
of computational evolution allow us to empirically test re-
play experiment sampling techniques via millions of evolved
populations. Computational evolution is currently the only
testbed for such questions, as the scale required for such
methodological studies is intractable in experiments with
natural organisms. Future work should empirically measure
the effects of other design decisions in replay experiments.
For example, the original analytical replay experiments in
(Blount et al., 2008) ran all replay replicates for the same
number of generations, regardless of the time point from
which the replay was founded. Computational replay ex-
periments have traditionally altered the length of replays to
ensure each replayed population experiences the same total
number of generations. While this experiment decisions in
wet-lab work are typically made out of necessity (e.g., we
cannot replay 30 years of E. coli evolution for a replay ex-
periment), computational experiments provide us the means
to identify the implications of these decisions.

Advancing genetic bottleneck theory Genetic bottle-
necks occur when a large portion of a population perishes
and the extant individuals represent only a fraction of the
population’s previous genetic diversity. Bottlenecks are well
studied, including many empirical studies, due to their dire
implications in conservation biology (see Bouzat (2010) for
review). Yedid et al. (2008) leveraged replay techniques to
study re-evolution of a complex trait after its loss, but we
are unaware of studies using replay experiment to test the
the effects of genetic bottlenecks at multiple points in a pop-
ulation’s history. In this work, randomly sampling the pop-

ulation is effectively reducing the genetic diversity of the
population to that found in the X% of sampled organisms.
By replaying a population from different generations, we
are testing how a population’s accumulated history buffers it
from disastrous genetic bottlenecks. Simply by shifting the
framing, future work should leverage similar replay exper-
iments to empirically determine if populations experience
periods of increased resilience from genetic bottlenecks.
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