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Abstract

The concept of “evolvability” has long been debated in evolu-
tionary biology; its definition, role, and evolution all lack con-
sensus. In this work, we use one such definition: Evolvability
is the long-term adaptive potential of a population. While this
definition is fairly common, it creates issues of scale and met-
rics. How do you measure long-term potential or change in
that potential? Here we build on previous evolution experi-
ments that take evolvability at face value. We can run long-
term evolution experiments to sample what can evolve, al-
lowing us to estimate long-term potential. While such studies
are prohibitively labor- and time-intensive for traditional wet-
lab experiments, computational evolution can alleviate these
barriers. We use hand-crafted landscapes to demonstrate that
our method identifies the expected “evolvability-enhancing”
mutations. We demonstrate that this definition of evolvability
is dependent on factors outside the genotype-to-fitness map-
ping, such as mutation rate and population size. Finally, we
employ this method to investigate how the number and fitness
effect of evolvability-enhancing mutations change in more
rugged fitness landscapes. We argue that computational evo-
lution is a powerful tool in translating evolvability research
from the conceptual to the empirical, and that we should fur-
ther the mutualistic relationship between computational and
wet-lab experiments of evolvability.

Introduction
How well will a population evolve in the future? This is
the main question of evolvability, which concerns a popula-
tion’s capacity for future evolution. Although evolutionary
biologists have argued over the definition of evolvability for
decades, there is still no agreed upon definition (Pigliucci,
2008; Nuño de la Rosa, 2017). Here we look beyond ex-
isting genetic variation and its effect on selection (Houle,
1992; Brown, 2014; Sterelny et al., 2007), and define evolv-
ability as “the potential for adaptive evolution” (Wagner and
Altenberg, 1996). Even after selecting a definition of evolv-
ability, how do we measure it? While researchers have
proposed multiple ways to measure evolvability (Houle and
Pélabon, 2023; Hansen and Houle, 2008; Zaman et al., 2014)
or differences in evolvability (Wagner, 2023), these meth-
ods are either theoretical, require many assumptions about
the system, or are intractable to perform at scale. In this

work, we demonstrate computational evolution as a poten-
tial testbed for questions of evolvability. By leveraging the
speed of evolution in silico, we directly measure long-term
fitness potential of a population. With this information, we
can experimentally test our assumptions of evolvability and
verify other, more tractable, methods of measurement.

Here, we find changes in evolvability not by a compli-
cated method, but by relying on our definition. We take
heavy inspiration from Woods et al. (2011): If we view
evolvability as long-term adaptive potential, why not di-
rectly measure that potential? The issue with this approach
is scale. To approximate the adaptive potential of a popula-
tion, we must evolve many replicates from the same initial
condition. If we want to detect differences in evolvability,
we must repeat this process for each condition we wish to
compare. However, while evolving many replicates of E.
coli might take months, evolving populations of digital or-
ganisms may take only seconds.

In this work, we position computational evolution as the
missing step between theoretical understanding of evolv-
ability and wet-lab experimental evolution (Draghi and Og-
bunugafor, 2023). We first evolve populations on four hand-
crafted, easily interpretable fitness landscapes (genotype-to-
fitness mappings) to verify that our method correctly iden-
tifies the mutations designed to increase evolvability. To
demonstrate that long-term fitness potential relies on factors
outside the fitness landscape, we evolve replicates with dif-
ferent population sizes and mutation rates. We find that these
changes can have drastic effects on evolvability, sometimes
switching a mutation from significantly increasing evolv-
ability to significantly decreasing evolvability. Finally, we
demonstrate how these methods can be used to ask higher-
level questions. We identify evolvability-enhancing muta-
tions on increasingly rugged fitness landscapes, finding sig-
nificant differences in the fraction of mutations that increase
evolvability, but no difference in the fraction of evolvability-
enhancing mutations that are beneficial. Overall, this work
demonstrates that we can measure changes in evolvability
by examining long-term fitness, and that these experiments
are ripe for computational studies.
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Background
While many definitions of evolvability exist (Pigliucci,
2008), here we leverage the definition of evolvability as “the
potential for adaptive evolution” (Brown, 2014; Sterelny
et al., 2007). This definition encompasses both standing
genetic variation in a population upon which selection can
operate (Houle, 1992) and the population’s capacity to gen-
erate such variation (Wagner and Altenberg, 1996). We also
rely on this definition to sidestep the pitfalls of what consti-
tutes a “developmental innovation” (Alberch, 1991) or “ma-
jor evolutionary transition” (Smith and Szathmary, 1997).
This definition only relies on the concept of a population’s
fitness, a trait that applies in both computational systems and
populations evolving in nature.

For this work, we are only concerned with a population’s
adaptive potential. That is, we are looking for potential
improvements in long-term fitness. We use adaptive po-
tential as a starting point, as it is straightforward to mea-
sure in computational evolution systems. While some other
researchers have limited their definitions of evolvability to
adaptive changes (Payne and Wagner, 2019), evolvability
can generally refer to any evolutionary potential (Brown,
2014; Hansen et al., 2019).

Much like the definition of evolvability, several met-
rics for quantifying evolvability have been proposed, but
none are universally accepted. Building on early defini-
tions of evolvability, researchers extended classical trait
variance/covariance (G) matrices to include the effect of
possible mutations (Jones et al., 2007) and selection on mul-
tiple traits (Hansen and Houle, 2008; Hansen et al., 2019).
These methods, however, are typically restricted to short-
term evolution and rely on the assumptions of the underlying
Lande equation (Houle and Pélabon, 2023). Looking at rel-
ative differences instead of raw evolvability, Wagner (2023)
sought to identify “evolvability-enhancing” (EE) mutations
by isolating mutations whose one-step mutational neighbor-
hood has higher fitness than the wildtype. Again, this anal-
ysis only detects short-term evolvability. Finally, Brown
(2014) mathematically defined evolvability as the probabil-
ity of evolving a focal feature given an initial population and
environment state. This method, however, suffers from how
to calculate that probability.

Experimental evolution provides one additional avenue of
inquiry: empirical studies of evolution in the lab or in con-
trolled field studies (Kawecki et al., 2012). Currently, few
studies have directly tested theories of evolvability using
experimental evolution. However, many studies have em-
pirically investigated factors likely to contribute to evolv-
ability, while others discuss evolvability as it becomes rele-
vant during an experiment (for reviews, see Payne and Wag-
ner (2019); Barnett et al. (2025); Draghi and Ogbunugafor
(2023)).

Within experimental evolution, one method is particu-
larly relevant to discussions of evolvability. Leveraging the

frozen “fossil record” of E. coli from the Lenski Long-term
Evolution Experiment (LTEE) (Lenski et al., 1991), Blount
et al. (2008) used analytic replay experiments to experimen-
tally identify mutations that increased the lineage’s potential
to evolve citrate metabolism. Expanding on this idea, Woods
et al. (2011) again replayed LTEE lineages, but compared
their long-term fitness instead of the potentiation of a given
trait, directly measuring the lineages’ adaptive potential. In-
deed, other researchers have conducted similar experiments
to quantify evolvability (McBride et al., 2008; Barrick et al.,
2010). These experiments range from 50 to 883 generations
and evolved replicates stemming from at most 8 initial geno-
types/strains. Although these studies give us unprecedented
glimpses into long-term evolvability, they come at the cost
of substantial time and labor.

Computational evolution provides an alternative to wet-
lab experiments that are too time- or labor-intensive. Indeed,
one of the first uses of the term “evolvability” stems from
artificial embryology (Dawkins, 1988). Computational evo-
lution studies have previously identified conditions that lead
to short-term evolvability (e.g., a higher percentage of muta-
tions that cause adaptive phenotypic change) (Zaman et al.,
2014; Canino-Koning et al., 2016; Crombach and Hogeweg,
2008). Other studies have investigated the evolvability of
development patterns (Draghi and Wagner, 2008) and selec-
tion of evolvability (Earl et al., 2004) using computational
models. Recent work in artificial life has demonstrated that
computational evolution allows for studies of evolutionary
potential at scales intractable in natural organisms (Fergu-
son and Ofria, 2023; Renner et al., 2024).

Methods
In this work, we demonstrate how computational evolution
can precisely identify genetic changes that increase evolv-
ability. Here we use NK landscapes, simple fitness land-
scapes that allow us to control the degree of “ruggedness”.
We perform three experiments: 1) we verify our method
by identifying evolvability-enhancing mutations in hand-
crafted fitness landscapes; 2) we demonstrate that evolv-
ability, as we define it, is dependent on factors outside of
the fitness landscape (population size and mutation rate);
and 3) we identify evolvability-enhancing mutations in ran-
domly generated NK landscapes to determine how land-
scape ruggedness affects evolvability.

Detecting changes in evolvability
Using our definition of evolvability (the potential for adap-
tive evolution), we take inspiration from Woods et al. (2011)
– we experimentally estimate a population’s potential by
running multiple evolutionary replicates from the same start-
ing condition (here 100 replicates with different random
seeds) and observing the distribution of evolved fitness. By
varying the starting conditions (e.g., different initial popu-
lations or different mutation rates), we can determine the
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effect that change has on the evolved fitness distribution.
As is often the case with evolvability, our evolved fitness

distributions depend on context, and they are not universally
comparable. Using this method, we cannot directly com-
pare the evolvability of E. coli and our bitstring organisms.
We can, however, detect changes in evolvability within a
system. We can consider two treatments, as described by
the starting conditions of evolution replicates. One treat-
ment is our unaltered baseline, and the other treatment alters
one variable: population genetic makeup, mutation rate, or
population size. After conducting a substantial number of
evolutionary replicates for each treatment, we are left with
a distribution of final maximum fitness for each treatment.
Since we have no guarantee of normality, we detect signif-
icant increases in fitness distribution (and thus evolvability)
using a one-sided Mann-Whitney-Wilcoxon test (Mann and
Whitney, 1947). We correct for multiple comparisons using
the Bonferroni method.

Evolution system
Even in computational evolution, it can take hours or days
to evolve populations in complex environments. For this
work, we use NK landscapes due to their explainability and
speed. NK landscapes provide a “tunably rugged” genotype-
to-fitness mapping for bitstring organisms (Kauffman and
Weinberger, 1989). N denotes the length of the bitstrings.
When considering a bit’s contribution to fitness, you also in-
clude the next K bits. This creates epistasis between the bits
and thus increasing K increases the ruggedness of the fitness
landscape.

All experiments used roulette (fitness proportional) selec-
tion to select organisms for the next generation (Goldberg
and Deb, 1991). Generations were synchronous and popula-
tions were well-mixed (i.e., no spatial structure). Unless oth-
erwise stated, populations contained 1,000 organisms and
organisms had a mutation rate of 0.1% per bit. All replicates
evolved for 1,000 generations.

Experiment 1: Validation in hand-crafted
landscapes
We first verify that our method detects mutations that in-
crease evolvability under scenarios where evolvability dy-
namics are obvious. In each landscape, we run evolutionary
replicates with clonal populations of each possible genotype.
This allows us to enumerate all evolvability-enhancing mu-
tations.

We analyze four hand-crafted landscapes:

1. Hillclimbing: One global optimum, which is reachable
via adaptive climbs from any genotypes. Evolvability
should be constant across the landscape. A mutation to-
ward the optimum is always a 10% increase in fitness.

2. Equal gradients We construct two fitness gradients of
equal steepness (10% fitness gain per step) that are con-

nected at the bottom. One gradient has six mutations
while the other has three, creating a global and local opti-
mum, respectively. Mutations that increase the probabil-
ity that the population reaches the global optimum should
increase evolvability.

3. Neutral region We keep the same local and global optima
from Landscape 2. Instead of fitness gradients, optima are
separated by a region of neutral mutations. Although they
are neutral, mutations that bring the population closer to
the global optimum should increase evolvability.

4. Valley crossing A local optimum is separated from the
global optimum by a deleterious fitness valley. Mutations
that increase the probability of crossing the valley should
also increase evolvability. Each step into the valley is
a 5% reduction in fitness, but the global optimum has a
∼46% increase in fitness over the local optimum, equiv-
alent to that many steps along the gradient from Land-
scapes 1 and 2.

All hand-crafted landscapes have a K equal to N-1, which
allows for easy construction of exact fitness values (Fergu-
son and Sanson, 2025). For each landscape, we constructed
both a one-dimensional and a full N-dimensional NK land-
scape. One dimensional landscapes are considerably easier
to visualize and parse, but we included the full landscapes
as assurance that this method works in larger, more com-
plicated landscapes. The one-dimensional case was con-
structed by setting most genotypes in the landscape to lethal
(zero fitness). However, this lowers the viable mutation rate
of populations evolving on these one-dimensional fitness
landscapes. After considering the differences in mutation
rate (which is directly tested in Experiment 2), evolvabil-
ity results did not fundamentally change between the one-
dimensional and N-dimensional landscapes. Due to space,
we only show the one-dimensional results here, but all re-
sults are available in the supplement (Ferguson and Sanson,
2025).

Experiment 2: Effects of non-landscape factors
Evolvability is typically considered an attribute of a popula-
tion. Experiment 1 varies one aspect of a population: its ge-
netic makeup. When we define evolvability as a population’s
adaptive potential, we must consider what other factors con-
tribute to that potential. Here, we vary two properties of the
population, its size and the underlying mutation rate, to see
how they affect evolvability. Population size is known to al-
ter the effects of selection and genetic drift (Wright, 1931),
while mutation rate is often discussed as affecting evolvabil-
ity (Lynch et al., 2016; Bedau and Packard, 2003). Thus, any
baseline of evolvability should respond to changes in either
population size or mutation rate.

To test these factors, we repeat Experiment 1. We evolve
populations on the same landscapes but vary the population
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sizes and mutation rates. For each landscape, we evolve
100 replicates per genotype with a per-bit mutation rate of
0.01%, 0.05%, 0.1% (the same from experiment 1), 0.5%,
and 1%. Similarly, with our base mutation rate of 0.1%, we
evolve 100 replicates with 10, 100, 1,000 (same as exper-
iment 1) and 10,000 organisms. After evolving these pop-
ulations, we will compare which mutations increase evolv-
ability under each treatment. We then qualitatively analyze
how the set of evolvability-enhancing mutations changes as
we vary these two population attributes, to see how factors
beyond the fitness landscape affect evolvability.

Experiment 3: Characterization of fitness effects
Last, to demonstrate a use case of these techniques, we
analyze the effect of landscape ruggedness on the number
of evolvability-enhancing mutations. We also analyze the
fitness effects (i.e., beneficial, neutral, or deleterious) of
evolvability-enhancing mutations.

We revert to full (but small) randomly-generated NK land-
scapes (Kauffman and Weinberger, 1989), where the num-
ber of bits in a genotype, N, is six. We vary the ruggedness
of the landscape, K, and detect evolvability-enhancing mu-
tations using the method described above. We again evolve
100 replicates starting from each possible genotype, with all
replicates evolving for 1,000 generations. Once identified,
we record 1) the fraction of possible mutations that increase
evolvability and 2) the fraction of evolvability-enhancing
mutations that are beneficial. We then conduct a Kruskal-
Wallis test to determine if significant variation exists across
all treatments (Kruskal and Wallis, 1952).

Data and software availability
Our model was built using the Modular Agent Based
Evolver 2 (MABE2) software (https://github.com/
mercere99/MABE2. Code, analyses, and data are avail-
able in the supplemental material (Ferguson and Sanson,
2025). Analyses, statistics, and plots used R version 4.1.2
(R Core Team, 2021) with the dplyr (Wickham et al., 2022),
ggplot2 (Wickham et al., 2020), cowplot (Wilke, 2020) and
ggbeeswarm (Clarke et al., 2023) packages.

Results and discussion
Evolvability depends on fitness landscape
topography
As expected, all populations of standard size and mutation
rate evolve to reach the global optimum in the hillclimb-
ing landscape, regardless of their initial composition (Fig-
ure 1, red dashed line). Because all populations evolve to
the same fitness, no mutations increase evolvability on this
simple landscape.

In Landscape 2 (equal gradients) we see differences in
long-term fitness potential (Figure 2, red dashed line). 55 of
the 100 replicates seeded from the genotype at the base of

*** *** *** ***
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Starting fitness 10 100
1000 (base) 10000

Figure 1: Landscape 1: Single gradient. Lines show the
fitness of the seven possible genotypes (dotted black line)
and average evolved fitness from 100 populations starting
at that genotype. The red dashed lines show base condi-
tions (Experiment 1), while solid lines show other popula-
tion sizes (Experiment 2). All populations greater than size
10 evolved to the global fitness maximum. See Figure 2 for
a full description.

the gradients evolved to the global optimum. If the popu-
lation was seeded even just one step onto a fitness gradient,
all replicates evolved to optimum at the end of that gradient.
Thus we see two mutations that significantly (p < 0.001)
enhance evolvability: the mutation to move from the local
optimum’s gradient to the base of the gradients, and the mu-
tation onto the global optimum’s gradient. This matches our
expectation that mutations that increase the probability of
evolving along the longer gradient increase evolvability.

In the neutral landscape (Landscape 3, red dashed line),
populations founded with genotypes within two mutations
from an optimum always evolved to reach that optimum
(Figure 3). Populations founded from genotypes three mu-
tations away from the global optimum evolved to it in 99
of 100 replicates, which was not a significant decrease from
two mutations away. In contrast, populations started three
mutations away from the local optimum only reached it in 93
replicates, which means that the mutation from three to two
steps from that optimum was weakly significant (p < 0.05).
Indeed, populations founded in the middle of the neutral
region often failed to reach either optimum in the allotted
1,000 generations (i.e., they stayed in the neutral region),
and thus all mutations that moved them toward an optimum
increased evolvability. These results generally matched our
expectation. This landscape demonstrates that 1) mutations
toward a local optimum can increase evolvability if that lo-
cal optimum is better than other alternatives and 2) neutral
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Figure 2: Landscape 2: Equal gradients. The x-axis shows the ten possible genotypes in the one-dimensional equal gradients
landscape. Adjacent genotypes are mutational neighbors. The dotted black line shows the fitness of each genotype, while the
other lines show average evolved fitness of 100 populations starting at that genotype. The dashed red line is shared between
panels A and B, showing the evolved fitness under base conditions (Experiment 1). The solid lines show evolved fitness under
different per-bit mutation rates (panel A) and population sizes (panel B) from Experiment 2. Arrows at the bottom show
mutations that significantly increase evolvability. Arrows are ordered in increasing mutation rate / population size. Significance
in the Mann-Whitney test (with Bonferonni corrections) is shown as * (p < 0.05), ** (p < 0.01), and *** (p < 0.001).
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Figure 3: Landscape 3: Neutral space. See Figure 2 for a full description.

mutations can increase evolvability.

Finally, populations founded before or one step into the
fitness valley of Landscape 4 never crossed the valley (Fig-
ure 4). Populations founded two steps into the valley crossed
in 43 of 100 replicates, and populations founded three steps
into the valley always crossed. Thus, mutations that moved
the population deeper into the fitness valley were highly sig-
nificant (p < 0.001). This result aligns with previous studies

that demonstrate the importance of deleterious mutations in
long-term evolution Covert III et al. (2013) and how later
steps into a fitness valley drastically increase the probability
of crossing that valley (Ferguson et al., 2024).

These results demonstrate that we can detect changes in
evolvability even in simple fitness landscapes, and that our
method detects changes that we intuitively expected to in-
crease evolvability. We have shown that beneficial, neu-
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Figure 4: Landscape 4: Valley crossing. See Figure 2 for a full description.

tral, and deleterious mutations can all increase evolvability,
which matches related studies (Woods et al., 2011; Covert III
et al., 2013).

This analysis also demonstrates how short-term analy-
ses, such as those that look at one-step mutational neigh-
borhoods (Wagner, 2023; Canino-Koning et al., 2016), can
identify different mutations as increasing evolvability. The
equal gradients landscape (Landscape 2), demonstrates that
a mutation may increase short-term fitness while also limit-
ing long-term fitness by increasing the probability of fixation
at a local optimum.

Mutation rate and population size can drastically
alter evolvability
In the hillclimbing landscape, the mutation rates we tested
(0.01% through 1% per bit), had no effect on evolvability.
Indeed, all but one population evolved to the global optimum
regardless of the mutation rate. Similarly, all populations
of 100 or more organisms evolved to the global optimum
(Figure 1). Populations of size 10, however, often failed
to evolve to the global optimum. Some populations that
seeded at the global optimum even drifted to sub-optimal
genotypes. In this small population, four of the six possible
beneficial mutations increased evolvability. While a popula-
tion of size 10 is unrealistic in most natural populations, this
demonstrates that population size can influence the evolv-
ability dynamics of the population.

Populations evolving on the equal gradients landscape
demonstrate that both mutation rate and population size can
change which mutations increase evolvability. As mutation
rate increases, populations from across the landscape be-
come more likely to reach the global optimum. While the
lower mutation rates see two evolvability increasing muta-
tions, the highest mutation rate (1% per-bit) has only one.
99 of 100 populations started from the genotype between
the two gradients evolved to the global maximum, so the
first mutation onto the longer gradient did not meaningfully

change the evolvability of the population. A similar trend is
seen with population size, as populations founded from that
central genotype are very likely to evolve to the global opti-
mum. However, even at our maximum population size, the
first step onto the longer gradient still increases evolvability
(p < 0.05). Finally, the weakened selection pressure and
increased genetic drift of the size 10 population means that
mutations toward either optima increase evolvability.

Increases in mutation rate and population size had simi-
lar effects in the neutral landscape. For low mutation rates
and small populations, mutations that bring the population
close to an optimum significantly increase evolvability. As
mutation rate or population size increase, it is the central
mutations – those that gently bias the population to one end
of the neutral region – that increase evolvability. One muta-
tion completely flips direction, increasing evolvability with a
mutation to the left at low rates / small sizes, but increasing
evolvability with a mutation to the right in other treatments.
For the largest population size and highest mutation rates,
populations are guaranteed to find one of the optima. Thus
only mutations that bias the population toward the global
optimum’s end of the neutral region significantly increase
evolvability.

A population can only cross a deleterious fitness valley if
a clade that mutates into the valley can accumulate enough
mutations before purifying selection removes it. Therefore
we expect changes that increase mutational inflow, such as
larger population sizes and higher mutation rates, to gener-
ally increase the probability that the population crosses the
valley. This is exactly what we see; as we increase popula-
tion size or mutation rate, populations are able to cross the
valley from earlier steps into the valley. We observe that
evolvability-enhancing mutations occur earlier into the val-
ley as either of these values increases. For the highest mu-
tation rate tested, there are no evolvability-enhancing muta-
tions because all populations cross the fitness valley. Again,
the purifying selection is so low in the populations of size
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10 that a mutation backward out of the valley is also a sig-
nificant increase in long-term fitness (p < 0.05).

These results suggest that our method is capable of de-
tecting how factors outside the fitness landscape affect
evolvability. Here we are qualitatively comparing which
mutations significantly increase long-term fitness potential
(evolvability) across mutation rates or population size. How-
ever, the method should also handle the opposite experi-
ment: locking which genotype we are analyzing and com-
paring long-term evolved fitness when we vary population
size or mutation rate. This is crucial, as it would allow the
analysis of how “mutator” genotypes, which increase effec-
tive mutation rate, affect evolvability. These mutator geno-
types are theorized to play a key role in long-term evolution,
with support from both wet-lab populations (Sniegowski
et al., 1997) and computational studies (Taddei et al., 1997;
Bedau and Packard, 2003).

Landscape ruggedness creates more
evolvability-enhancing mutations
As a case study of how these methods can be used to ask
theoretical questions of evolvability, we generated random
NK landscapes (N=6) of increasing ruggedness (K). We then
used our method to identify evolvability-enhancing (EE)
mutations to quantify A) what fraction of all possible mu-
tations increase evolvability and B) what fraction of EE mu-
tations were beneficial.

Unsurprisingly, we found that random landscapes with no
ruggedness (K = 0) had no mutations that increased evolv-
ability (Figure 5A). These landscapes are randomized hill
climbs, so all populations should reach the optimum regard-
less of founding genotype. This result is consistent with
Landscape 1 above.

As ruggedness increases, we see that only two landscapes
with K=1 have evolvability-enhancing mutations. In those
two landscapes, 14.2% and 22.4% of mutations significantly
increased evolvability. By K=2, all but one landscape con-
tains EE mutations, and all landscapes with ruggedness K≥3
have EE mutations. When we average the fraction of mu-
tations that increase evolvability within each ruggedness
value, we see this mean increase to a peak of 33.4% at K=4.
We detect significant differences in the fraction of mutations
that increase evolvability across values of K (p < 0.001,
Kruskal-Wallis).

We then isolated the evolvability-enhancing mutations
and determined if they were beneficial or deleterious.
We did not differentiate between beneficial/deleterious and
weakly beneficial/weakly deleterious, and no mutations
were truly neutral. We found that the fraction of EE mu-
tations that were beneficial varied by landscape in [22.8%,
59.2%]. This excludes one outlier at K=3 where a landscape
had only five EE mutations, all of which were deleterious.
A Kurskal-Wallis test failed to detect significant differences
between K values (p > 0.4).

This experiment provides evidence that many, if not most,
mutations that increase evolvability are deleterious. We
agree with (Wagner, 2023) that these deleterious EE muta-
tions are less likely to be selected than beneficial EE mu-
tations. However, if we restrict discussions of evolvability
to only neutral and beneficial mutations, we risk overlook-
ing critical mutations that can drastically increase long-term
fitness (Covert III et al., 2013). While deleterious muta-
tions are unlikely to fix in a population, they may produce a
further-mutated offspring before being eliminated by purify-
ing selection. That double-mutant offspring could be benefi-
cial compared to the original wildtype (i.e., sign epistasis).

Conclusion
In this work we used computational evolution as a bridge
between conceptual discussions of evolvability and experi-
mental evolution. We leveraged a “long-term adaptive po-
tential” definition of evolvability and employed techniques
similar to Woods et al. (2011) to empirically sample those
long-term fitness distributions. Using the speed of compu-
tational evolution, we enumerated evolvability across one-
and N-dimensional fitness landscapes, empirically creating
“evolvability landscapes”. We were then able to identify all
mutations that significantly increased evolvability.

Using this method for identifying evolvability-enhancing
(EE) mutations, we conducted two experiments to verify the
method and a one to serve as a usage case study. First, we
constructed easily-intuited fitness landscapes and demon-
strated that the method is agnostic to fitness effects and can
identify EE mutations that are neutral, deleterious, or ben-
eficial. Second, we examined two factors of an evolving
population that exist outside the fitness landscape: popula-
tion size and mutation rate. We verified that, even in these
simple models, we can identify how these two factors al-
ter evolvability. Indeed, these methods could provide valu-
able insight into how mutations such as “mutator alleles”
alter evolvability (Taddei et al., 1997), and computational
systems offer speed and experimental control that are per-
fect for initial experiments. Finally, our third experiment
was a case study that investigated how the ruggedness of the
fitness landscapes affects EE mutations. We found that in-
creasing ruggedness increases the number of EE mutations,
but found no evidence that the proportion of EE mutations
that are beneficial changes. While these simple computa-
tional systems lack the complexity of biological organisms,
we can use them to ask evolvability questions that are cur-
rently intractable in wet labs.

The landscapes analyzed in this work were intentionally
simple. Decades of articles and arguments clearly indicate
that evolvability is a complex topic that will require much
more work to understand. Our goal in this work is to po-
sition computational evolution as an early stepping stone in
that path. The speed of computational evolution allows for
rapid prototyping and experiments of evolvability; instead
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Figure 5: Experiment 3. Panels show details of evolvability-enhancing (EE) mutations in NK landscapes of increasing
ruggedness. Ten random NK landscapes were analyzed for each value of K. Panel A shows the fraction of EE mutations out
of all possible one-step mutations. The line shows the overall fraction for that value of K, while the fraction of EE mutations
in each of the 10 landscapes is shown via beeswarm plot. Panel B shows the fraction of those EE mutations that are beneficial.
The number of landscapes that have EE mutations, n, is shown below the x-axis.

of requiring months of laboratory effort, a computing clus-
ter allows us to enumerate the evolvability of all genotypes
in these simple landscapes in less than an hour. We see the
utility of these computational studies as twofold: 1) to cre-
ate baselines of how evolvability changes in increasingly-
complex fitness landscapes, and 2) to refine our methods and
metrics of measuring evolvability to save time and effort in
wet-lab experiments. Our understanding of evolvability can-
not come from computational experiments alone, but they
can provide the conceptual and methodological groundwork
upon which more realistic experiments are built.

Limitations and future work

There are many limitations to this study; some were inten-
tional to keep the experiments simple while others are open
questions in the field. The landscapes in this study were
not only simple, but incredibly small (a maximum of 64
genotypes). In such small, bounded landscapes, evolution
is likely to reach an optimum in very few generations. In-
deed, our hand-crafted landscapes were built around com-
paring which optimum a population evolves to. However,
evidence suggests that the fitness landscapes of natural or-
ganisms are not only larger, but open-ended, even in con-
trolled laboratory experiments (Wiser et al., 2013). Open-
ended evolution has been a goal of artificial life researchers
for decades, but no systems have reached a consensus of
truly open-ended evolution (Taylor et al., 2016). Even if
they are not truly open-ended, similar experiments should
be conducted in more complex systems (e.g., Avida, Aevol)
to test these methods in systems closer to natural organisms.

This work enumerated long-term fitness for all genotypes

in the landscape. In a more complex system or larger land-
scape, this becomes intractable. However, these methods
work for comparing the evolvability of any combination of
genotypes (Woods et al., 2011). Enumerations studies like
this work will provide valuable insights into which geno-
types should be compared in more complex systems.

Wagner (2023), focuses on beneficial mutations when
searching for evolvability-enhancing mutations, as deleteri-
ous EE mutations are unlikely to be selected. In this work
we demonstrated that deleterious mutations can significantly
increase evolvability. Our methods, however, do not ac-
count for the probability of a mutation being selected, as
we always seed full populations of a single genotype. Fu-
ture work should investigate different ways of seeding these
populations. If all genotypes come from a lineage, popu-
lation snapshots offer a nuanced view of long-term evolv-
ability over time (Ferguson et al., 2024). In other scenar-
ios, populations could be founded primarily from a wildtype
genotype with one or a few organisms containing the focal
mutations. These technique would provide a more realistic
view of how a mutation, occurring in small portion of the
population, might affect long-term evolution.

The ultimate goal of this work is to help bridge the gap
between conceptual understandings and experimental stud-
ies of evolvability (Draghi and Ogbunugafor, 2023). Future
work should refine these techniques, use them as a baseline
for proxy measurements of evolvability, and ultimately de-
ploy them in wet-lab studies to better our understanding of
life around us.
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