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Abstract

Understanding epistasis is central to biology. For instance, epistatic interactions determine the topography of the fitness
landscape and affect the dynamics and determinism of adaptation. However, few empirical data are available, and
comparing results is complicated by confounding variation in the system and the type of mutations used. Here, we
take a systematic approach by quantifying epistasis in two sets of four beneficial mutations in the antibiotic resistance
enzyme TEM-1 f-lactamase. Mutations in these sets have either large or small effects on cefotaxime resistance when
present as single mutations. By quantifying the epistasis and ruggedness in both landscapes, we find two general patterns.
First, resistance is maximal for combinations of two mutations in both fitness landscapes and declines when more
mutations are added due to abundant sign epistasis and a pattern of diminishing returns with genotype resistance.
Second, large-effect mutations interact more strongly than small-effect mutations, suggesting that the effect size of
mutations may be an organizing principle in understanding patterns of epistasis. By fitting the data to simple phenotype
resistance models, we show that this pattern may be explained by the nonlinear dependence of resistance on enzyme
stability and an unknown phenotype when mutations have antagonistically pleiotropic effects. The comparison to a
previously published set of mutations in the same gene with a joint benefit further shows that the enzyme’s fitness

landscape is locally rugged but does contain adaptive pathways that lead to high resistance.
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Introduction

Epistasis describes the phenomenon that mutations can
have different phenotypic effects depending on the genetic
background on which they occur. Epistatic interactions
among mutations are important because they influence the
course of evolution and may reveal how biological functions
are built from their molecular components. For instance,
epistasis affects the dynamics and repeatability of evolution
(Weinreich et al. 2005; Salverda et al. 2011; Woods et al. 2017;
Blount et al. 2012; Szendro, Franke, et al. 2013), the divergence
and reproductive isolation of species (Orr and Turelli 2007;
Dettman et al. 2007), and the evolution of sexual reproduc-
tion (Kondrashov 1988; de Visser et al. 2009). When epistasis
affects the sign of the fitness effects of mutations—and
beneficial mutations turn deleterious on different genetic
backgrounds or vice versa—it has a particularly strong
impact on natural selection. It may render mutational path-
ways effectively inaccessible (Weinreich et al. 2005) and
enhance the contingency of mutational pathways on early
mutations (Kvitek and Sherlock 2011; Salverda et al. 2011), or
open up new pathways (Weinreich et al. 2006; Salverda et al.
2011). Magnitude epistasis affects only the magnitude of the

mutational fitness effects but can influence the likelihood
that particular mutational pathways are taken and thereby
contribute to declining rates of adaptation observed in con-
stant environments (MaclLean et al. 2010; Chou et al. 2017;
Khan et al. 2011).

Despite its fundamental role in biology, we know little
about the general pattern of epistasis in real organisms.
Earlier studies looked for epistasis among pairs of—often
deleterious—mutations and found widespread magnitude
epistasis and substantial sign epistasis (reviewed in Kouyos
et al. 2007; de Visser et al. 2011). Typically, studies involving
more than two mutations quantified the unidimensional
relationship between average fitness and mutation number.
These studies thus neglected much of the higher order
epistatic interactions that may also affect the topography
and accessibility of the fitness landscape (Wright 1932;
Kondrashov FA and Kondrashov AS 2001; Carneiro and
Hartl 2009; Franke et al. 2011; Lobkovsky et al. 2017;
Poelwijk et al. 2011). Recent studies have begun to systemat-
ically explore multidimensional patterns of epistasis by
engineering mutants carrying all possible combinations of
small sets of mutations and characterizing the local fitness
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landscape involved (reviewed in Szendro, Schenk, et al. 2013).
These studies have found substantial but varying levels of
epistasis, including sign epistasis, and prevailing negative
epistasis among beneficial mutations. However, drawing
general conclusions is hampered by the variation in the
experimental systems and mutations involved. For instance,
the mutations involved vary with respect to the sign and size
of their fitness effects, were either selected from fit combina-
tions or for their individual effect, and occur in the same or in
different genes. Such differences are likely to bias the observed
pattern of epistasis (Szendro, Schenk, et al. 2013), and it is
therefore imperative to distinguish between methodological
and biological factors that are of influence.

We present a comparative analysis of the pattern of epis-
tasis among two sets of beneficial mutations in the antibiotic
resistance enzyme TEM-1 B-lactamase, one with small and
the other with large effects on resistance to the antibiotic
cefotaxime (Ctx). Our focus on the effect size of beneficial
mutations is motivated by the prediction that combinations
of large-effect mutations are more likely to be affected by
nonlinear areas of the phenotype-fitness map than combina-
tions of small-effect mutations (Pumir and Shraiman 2011).
Support for this prediction exists for deleterious mutations,
based on a positive correlation between the effect size of
mutations and the strength of epistasis observed in models
(Wilke and Adami 2007; You and Yin 2002; Pumir and
Shraiman 2011) and experiments (Bershtein et al. 2006;
Trindade et al. 2009; MacLean 2010). We constructed mu-
tants carrying all 16 possible combinations within each set
and measured their effect on Ctx resistance as a proxy for
fitness. On the basis of the comparative analysis of four mea-
sures of epistasis or landscape ruggedness, we find that the
fitness landscape of large-effect mutations is more rugged
than the landscape of small-effect mutations. In turn, both
landscapes display stronger epistasis than a previously pub-
lished landscape of four mutations in the same enzyme that
were identified in a highly resistant combination (Weinreich
et al. 2006). We further show that a simple model that relates
resistance to the enzyme’s stability and an unknown pheno-
type can explain the pervasiveness of sign epistasis in our
landscapes and its dependence on the effect size of beneficial
mutations when mutations have antagonistically pleiotropic
effects.

Results

Fitness Landscapes of Beneficial Mutations

We recently identified 48 mutations in the TEM-1 B-lacta-
mase gene that significantly increase resistance to the
third-generation cephalosporin Ctx (Schenk et al. 2012). To
quantify the epistatic interactions between these beneficial
mutations, we constructed two local fitness landscapes by
introducing all 16 (=2*) combinations of four mutations
in the background of TEM-1 using site-directed mutagenesis.
All examined mutations lead to an amino acid replacement
in the mature protein. The “large-effect landscape” contains
the mutations E104K, R164S, G238S, and R241P, the “small-
effect landscape” contains the mutations E171G, 1173V,
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$235T, and G267R. We determined the Ctx resistance of all
combinations by estimating the inhibitory concentration of
Ctx that kills 99.99% of the bacterial cells (ICq990; supplemen-
tary tables S1 and S2, Supplementary Material online). The
1Cg999 Values vary significantly between genotypes in both
landscapes  (large:  Fi53,=1472.36, P <0.001; small
Fis,48 = 120.60, P < 0.001) and range from 1.9 to 224 and 0.8
to 3.1-fold improvement relative to TEM-1 for large- and
small-effect landscapes, respectively. Post hoc Tukey tests
show that resistance differs significantly between all 24 adja-
cent genotype pairs (i.e, Hamming distance = 1) in the large-
effect landscape, this is true for 17 pairs in the small-effect
landscape (supplementary tables S1 and S2, Supplementary
Material online).

Comparative Analysis of Epistasis and Landscape
Ruggedness

To compare the pattern of epistasis in both landscapes, we
first consider their general topography. Figure 1 shows all 24
mutational trajectories that lead from the ancestral genotype
to the 4-fold mutants and display the resistance levels of the
16 genotypes along these trajectories. Accessibility of these
trajectories is severely constrained, highlighting the abun-
dance of sign epistasis. For comparison, we also show a pre-
viously published landscape (fig. 1C) of four mutations in the
same gene that were derived from a highly Ctx-resistant
mutant (Weinreich et al. 2006). This landscape shares the
mutations E104K and G238S with the large-effect landscape.
The most striking difference is that the 4-fold mutant repre-
sents the global maximum in the latter landscape, whereas
the 4-fold mutants in the large- and small-effect landscapes
have a relatively low resistance (rank 14 and 13 out of 16;
supplementary tables S1 and S2, Supplementary Material
online), and the global maxima occur at genotypes carrying
two mutations, respectively, at E104K + G238S and
1173V + S235T (see supplementary fig. S1, Supplementary
Material online, for a mutational network representation).
In addition, the large-effect landscape contains a local maxi-
mum (E104K + R164S). Thus, mutations that each increase
resistance in the background of TEM-1 have limited long-
term adaptive value, due to sign epistasis causing average
resistance to decline when more than two mutations are
combined.

Second, we quantified epistasis for all mutants carrying
multiple mutations by calculating the difference between
observed and expected resistance without epistasis. Both
landscapes are dominated by negative epistasis: 18 of the
22 combinations show significant negative epistasis and
only three show positive epistasis (supplementary tables S1
and S2, Supplementary Material online). Several recent stud-
ies have found a pattern of diminishing returns epistasis
among beneficial mutations, where the negative epistatic de-
viation from a null model increases with the expected benefit
(MacLean et al. 2010; Chou et al. 2011; Khan et al. 2011; Nagel
et al. 2012). To test for such pattern in our data, we plotted
epistasis, €, against the expected normalized resistance
(fig. 2). Both the large- (r=—0.85 n=11, P<0.001) and
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Fic. 1. Three local fitness landscapes based on four mutations in the TEM B-lactamase gene that improve Ctx resistance: (A) large-effect mutations,
(B) small-effect mutations, and (C) a previously published set of mutations identified in a highly resistant combination (Weinreich et al. 2006). The
relationship between improvement of Ctx resistance relative to TEM-1 (on a %log scale) is shown as function of the number of mutations (0-4) involved.
Nodes represent genotypes, and lines connect adjacent genotypes (Hamming distance = 1). The nodes that represent peaks in the landscapes
are labeled. Red lines indicate cases where adding a mutation decreases Ctx resistance, hence show sign epistasis. Dashed lines indicate cases where
the addition of a mutation did not have significant effect on resistance. Resistance levels in (C) were transformed from minimal inhibitory concentration
to 1Cq9 99 scales using the relation described in supplementary figure S2, Supplementary Material online. Only the four amino acid replacements in the
mature TEM protein in this latter landscape were included in the figure. *1 indicates values that overlap in reality, but have been slightly displaced

for clarity.
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Fic. 2. Relationship between epistasis (¢,,) and expected fitness
under the null model (no epistasis). The negative pattern shows that
epistasis is largest in the combinations that are expected to have the
highest resistance. Log-transformed data are normalized to a scale
from 0 (TEM-1) to 1 (maximum) to allow for the comparison between
large-effect (black symbols) and small-effect (red symbols) landscapes
in a single view. Genotypes carry two (squares), three (triangles), or four
mutations (circles).

small-effect landscapes (r = —0.75, n = 11, P =0.0079) indeed
show a negative correlation between epistasis and expected
benefit. However, different from earlier studies (MacLean et al.
2010; Chou et al. 2011; Khan et al. 2011; Nagel et al. 2012), &,,,
not only shows a negative dependence on expected resistance
but is also negative in sign for most genotypes. Based on the
contribution of each mutation to resistance across genetic
backgrounds (supplementary fig. S3, Supplementary Material
online), it can be seen that not all mutations contribute
equally to the overall pattern of diminishing returns: The
effects of the mutations G267R, E171G, E104K, and 1173V
are idiosyncratic across backgrounds, with only 11773V being
unconditionally beneficial.

Next, we analyzed four measures of landscape ruggedness
that were used in a recent meta-analysis of empirical fitness
landscapes (Szendro, Schenk, et al. 2013). These include 1) the
roughness-to-slope ratio, r/s, which measures how well the
landscape is described by a linear model; 2) the fraction of
the total variation in resistance explained by two-way, three-
way, and four-way interactions among mutations, Fg; 3) the
fraction of pairwise interactions that show sign or reciprocal
sign epistasis, f; + f; and 4) the number of pathways to the
global maximum from its antipode where resistance increases
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Fic. 3. Comparison of epistasis in the large and small-effect landscapes using four ruggedness measures (Szendro, Schenk, et al. 2013). The roughness-to-
slope ratio (r/s) and the fraction of the variation in resistance explained by all interaction terms (F,,) both provide measures of how well the landscape
can be described by a linear model and are affected by pairwise and higher order interactions. The N, measure counts the number of accessible paths
to the global maximum from its antipode (i.e, Hamming distance = 4), where each of the four steps increase resistance. Finally, f; + f, quantifies the
fraction of mutation pairs that display the strongest forms of epistasis, that is, sign or reciprocal sign epistasis. The central line of the box plots indicate
the median, the borders of the box the 25th and the 75th percentile, and error bars the 1st and the 99th percentile, which are based on resampling the
data. The dashed and dash-dotted lines show the expectation for a maximally rugged and an additive landscape, respectively.

with each mutational step, N,. Although f, + f. measures
local ruggedness, the other three measures are affected by
local and global contributions of epistasis. These measures
show two main patterns (fig. 3). First, both landscapes
show substantial ruggedness but less than would be expected
for a maximally rugged landscape (indicated by the dashed
lines in fig. 3). Second, they consistently show that the large-
effect landscape is more rugged than the small-effect land-
scape, although the differences are significant only for r/s
and Fy,, (P <001 based on resampling the data 10,000
times [see Materials and Methods]; for No, and f; + f,
P values are 0.063 and 0.320, respectively). These results there-
fore support the prediction that large-effect beneficial muta-
tions show more epistasis than small-effect mutations.

Explaining Epistasis from the Nonlinear Mapping of
Phenotypes on Resistance

To understand the abundance of epistasis and its dependence
on the effect size of beneficial mutations, we compare the
fit of two simple models to the data of both landscapes
(31 genotypes; allele TEM-1 is shared by both landscapes).
Both models assume additive effects (no epistasis) of
mutations on the underlying phenotype(s) and thus explain
epistasis from the nonlinear mapping of the phenotype(s)
onto resistance. The first model assumes a single (unknown)
underlying phenotype and explains sign epistasis from over-
shooting the optimum (Rokyta et al. 2011). It is defined by

c—1
W,, = a(%") e/ £ d, with Xpm = Xue + de', [1]

jem

where W,,,’s are fitted to the logarithms of the 1Cy9 99 values,
and the dx;’s are the phenotypic effects of the individual point
mutations j = 1,...,8. The sum runs over all mutations
present in mutant m. This model has 12 parameters (g, b,
¢, d, and the eight dx;’s), whose values are estimated from
the data. The value of x,, is not fitted but set to an arbitrary
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value. This introduces an arbitrary scale, which is compen-
sated by dividing by the free parameter b.

Although this model provides a reasonable representation
of the data (fig. 4A and B), the best fit is achieved when some
of the small-effect mutations have much larger phenotypic
effects than any of the four large-effect mutations, which
is counter intuitive. Furthermore, because of the assumed
small phenotypic effects of certain point mutations, the fit
predicts very similar resistance values for groups of mutants,
which is not observed in the data. These two features suggest
a systematic failure of the single-phenotype model to explain
the data.

We, therefore, introduce a second model that maps an
unknown phenotype and a known phenotype, thermody-
namic stability, to resistance. Thermodynamic stability is a
key determinant of enzyme function (DePristo et al. 2005;
Soskine and Tawfik 2010), and we can infer mutational effects
on enzyme stability using the FoldX routine (see Materials
and Methods). To reduce the number of parameters, and in
contrast to previous work using a two-phenotype model
(Martin et al. 2007), the model does not assume the existence
of an optimal phenotype. Instead, we take resistance to sat-
urate to constant values for large and small values of the
phenotypic variables, and the two phenotypes are assumed
to act multiplicatively on resistance. A simple parametrization
that is consistent with these assumptions is

YL N |
T (e /by (14 esmtd)
Xm = Xwt + Z dx;,

jem

+e, with

2]

where again W,,’s are fitted to the logarithms of the
ICg999 values, s,’s are the calculated AAG values of
mutant m (see Materials and Methods), and the dx;’s the
individual effects of the point mutations on the second, un-
known, phenotype.
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Fic. 4. Explanation of the observed epistasis from the nonlinear dependence of Ctx resistance on one or two underlying phenotypes. (A) Fit of a gamma
function relating a single phenotype to resistance of the 31 unique genotypes of both landscapes. The model assumes additive effects of mutations on
the underlying phenotype. (B) Quality of the fit of the single-phenotype model shown by the correlation between expected and observed effects of
mutations on Ctx resistance. (C) Fit of the model that relates resistance to two phenotypes. One phenotype is enzyme stability, for which the model
uses fixed estimates from the FoldX routine, effects on the other phenotype are estimated by fitting the model (see text and Materials and Methods for
details); mutation effects on both phenotypes are assumed to combine additively and phenotypes have independent effects on resistance. Curved lines
indicate lines of equal resistance, where values are log[ICog 9] values and shading indicates their gradient from low values (dark) to high values (light). For
better visibility, the marked section is shown magnified and rotated in supplementary figure S4, Supplementary Material online. (D) Quality of the fit of

the two-phenotype model.

Numerous models can be conceived that relate resistance
to two underlying phenotypes. Our particular model [2] is
arguably the simplest two-phenotype model for explaining
epistasis, because it assumes 1) additive effects of mutations
on both phenotypes, 2) independent effects (i.e, multiplica-
tive effects, because we use log resistance values to fit the
additive model) of the phenotypes on resistance, and
3) no phenotypic optima but phenotypic maxima that are
asymptotically approached. A further realistic feature is
that resistance is bounded from below by the parameter e,
which corresponds to the residual resistance that is achieved
when the enzyme is nonfunctional. As we do not know
what the second phenotype corresponds to, its effect
could in principle follow a different functional form than
that of stability, but for simplicity and to keep the number
of free parameters as small as possible, we choose the
dependence of resistance on the two phenotypes to be of
the same form.

The two-phenotype model [2] has 14 free parameters
(a, b, ¢, d, e, f, and the eight dx;’s), two more than the one-
phenotype model [1], and its performance in terms of the

squared fitting error ¢* =) (Wit — wdae)2 s only
slightly better (¢ ~ 9.41, ¢ ~ 10.39; note that these

errors constitute upper bounds, as we cannot be certain to
have found the truly optimal fits). Importantly, however, it
does not seem to suffer from the systematic errors of the
single-phenotype model [1] (fig. 4C and D and supplementary
fig. S4, Supplementary Material online), as errors are more
homogeneously distributed among mutants and mutations
with small effect on resistance also have small phenotypic
effects. As can be seen in figure 4C and supplementary
figure S4, Supplementary Material online, sign epistasis
in this model arises from the curvature of the phenotype
resistance map on which the position of the mutants is
severely constrained by antagonistically pleiotropic effects of
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mutations on both phenotypes: Positive effects on resistance
from the unknown phenotype are counteracted by negative
effects from decreased enzyme stability with the net result
that resistance declines on average when more than two
mutations are combined.

Discussion

Epistasis plays a central role in biology. Developmental and
systems biologists seek to understand the physical, biochem-
ical, and physiological causes of epistasis, whereas evolution-
ary biologists study its evolutionary consequences (Costanzo
et al. 2010; de Visser et al. 2011; Lehner 2011; Wagner and
Zhang 2011). One line of research is to build biochemical or
metabolic models that predict epistasis (Dean et al. 1986;
Szathmary 1993; Segre et al. 2005) and test these with empir-
ical data. Another way forward is to study empirical patterns
of epistasis and identify organizing principles. At present, a
lack of empirical data hampers both approaches. Moreover,
inferring general patterns of epistasis is complicated by
confounding methodological issues across studies, including
variation in the sign and size of fitness effects and in the
location (in a single or in multiple genes) of the examined
mutations (Szendro, Schenk, et al. 2013).

This study attempts to bridge these approaches and cir-
cumvent methodological issues by searching for patterns of
epistasis among large- and small-effect beneficial mutations
occurring in the same gene—the antibiotic resistance gene
TEM-1 B-lactamase—and using simple models to interpret
the results based on two enzyme properties. All examined
mutations increased bacterial resistance to the antibiotic Ctx
in the TEM-1 background as single mutations. We examined
five measures of epistasis or landscape ruggedness and
obtained support for two general conclusions. First, we
found a high incidence of sign epistasis. Evidence that sign
epistasis is abundant is accumulating it has been detected
among mutations in the same and in different genes in vi-
ruses, bacteria, fungj, and yeast, reviewed in Weinreich et al.
(2005) and Szendro, Schenk, et al. (2013). It has been sug-
gested that epistasis is stronger among mutations in the same
gene than among mutations in different genes (Poon and
Chao 2005; Watson et al. 2010), but confounding methodo-
logical variation across studies has prevented solid tests
(Szendro, Schenk, et al. 2013). The relatively slow rate of
expansion of the “protein universe” (Povoltskaya and
Kondrashov 2010) and discrepancy between long and
short-term amino acid substitution rates (Breen et al. 2012)
also suggest constraints from sign epistasis in protein
evolution.

Second, we found support for the notion that large-effect
beneficial mutations interact more strongly than small-effect
mutations. This confirms findings from previous studies
based on models and experiments involving deleterious
mutations (Wilke and Adami 2007; You and Yin 2002
Trindade et al. 2009; Maclean et al. 2010; Pumir and
Shraiman 2011; Lalic and Elena 2012) and suggests that
the effect size of mutations may be an organizing principle
for understanding patterns of epistasis. Similar studies of
other data sets would be highly desirable to strengthen this
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conclusion and overcome the statistical limitations of our
work, which is based on a single pair of landscapes.
Intriguingly, both landscapes are much more rugged than a
previously reported landscape for the same gene (fig. 1). Two
recently published landscapes involving beneficial mutations
in different bacterial genes (Chou et al. 2011; Khan et al. 2011)
show an overall pattern of diminishing returns similar to the
pattern that we observe (fig. 2) but with no (Chou et al. 2011)
or very little (Khan et al. 2011) sign epistasis. The lower inci-
dence of epistasis in previously examined landscapes may
partly be explained by the fact that the involved mutations
co-occurred in high-fitness genotypes (Weinreich et al. 2006;
Chou et al. 2011; Khan et al. 2011) and hence had survived the
filter of natural selection. Although two mutations in the
large-effect landscape (G238S and R164S) were known to in-
teract negatively from previous work (Giakkoupi et al. 2000;
Salverda et al. 2011), the mutations we study were not chosen
on the basis of their combined effect but solely because they
represented mutations of large or small individual benefit.
However, we like to emphasize that our results may also
yield a biased pattern, because we excluded mutations that
are neutral or deleterious in the background of TEM-1,
whereas they may increase resistance in the presence of
other beneficial mutations, such as the global suppressor
mutation M182T (Salverda et al. 2010).

We found that a model that relates Ctx resistance to
enzyme stability and a second property can reasonably
explain both the observed abundance of epistasis and its
dependence on the effect size of mutations in TEM-1 B-lac-
tamase. Previous studies have also explained epistasis from
the nonlinear dependence of fitness on underlying pheno-
types. For instance, Kvitek and Sherlock (2011) and Nagel
et al. (2012) evoked an intrinsic fitness maximum due to
some intrinsic physiological constraint, but this cannot
explain epistasis in our case, because resistance decreases
for more than two mutations in both landscapes, whereas
the optima occur at very different levels. Rokyta et al. (2011)
found a reasonable fit of a single-phenotype model to explain
the observed sign epistasis in mutants of ssDNA bacterio-
phage D11 carrying one or two mutations, but the fit
obtained for this model seems to suffer from systematic
errors for our data (see fig. 4A and B). The reasonable fit of
the simple two-phenotype model (fig. 4C and D and supple-
mentary fig. S4, Supplementary Material online) is consistent
with a key role of enzyme stability in determining enzyme
function, as well as with the predicted trade-off between
enzyme stability and other key properties, such as enzyme
activity, leading to antagonistically pleiotropic effects of ben-
eficial mutations (Wang et al. 2002; DePristo et al. 2005;
Soskine and Tawfik 2010). Clearly, direct measurements of
mutational effects on key enzyme properties, such as
enzyme stability and activity, are imperative to test the
assumptions of our simple model, including the absence of
epistatic effects at the level of the underlying phenotypes.

The results from our study together with those from
Weinreich et al. (2006) yields a picture of a fitness landscape
of TEM-1 B-lactamase that is locally very rugged but does
contain accessible pathways toward high fitness. The extent
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to which epistasis constrains adaptation on any landscape
depends on the relative frequency of beneficial mutations
at each step. Sign epistasis changes the identity of beneficial
mutations: It causes mutations that are beneficial in the pro-
genitor background to be no longer beneficial after the first
step but at the same time renders mutations that are dele-
terious or neutral in the progenitor to become available for
adaptation. Whether epistasis also affects the total number of
beneficial mutations and the distribution of their fitness
effects at each step, and hence the dynamics of phenotypic
adaptation, may seem likely but is presently unknown
(MacLean et al. 2010; Kryazhimskiy et al. 2012). Future stud-
ies should preferably address these questions in unbiased
ways by considering epistasis among random mutations,
rather than (individually or jointly) beneficial or deleterious
mutations.

Materials and Methods

Beneficial Mutations and Construction of Genotypes

All genotypes were constructed using the pACSE3 plasmid
into which TEM-1 has been cloned after amplification from
pBR322 to yield the pACTEM1 plasmid (Barlow and Hall
2002). By running successive rounds of site-directed muta-
genesis using the QuikChange Site-Directed Mutagenesis Kit
(Stratagene), we constructed all possible combinations within
two sets of four mutations, resulting in two fitness landscapes
of 16 genotypes each (supplementary tables S1 and S2,
Supplementary Material online). The TEM locus of mutants
was sequenced to verify the introduction of the desired
mutations without additional mutations.

All plasmids were introduced into Escherichia coli strain
DHS5aE by transformation. Single clones of each genotype
were grown overnight at a constant temperature of 37°C in
LB broth containing 15 pig tetracycline/ml (pACTEM1 carries
a tetracycline resistance gene). Glycerol was added, and stock
cultures were stored at —80°C. Expression of the TEM gene is
controlled by the pTac promoter that is regulated by the lacl
repressor present on pACTEMT. In the resistance assays,
expression of TEM was induced by 50 uM isopropyl beta-D-
1-thiogalactopyranoside to mimic natural expression levels
(Barlow and Hall 2002).

Ctx Resistance Measurements

We measured Ctx resistance of all genotypes by determining
survival probabilities using an agar plate assay (Schenk et al.
2012). Ten-fold dilutions of exponentially growing cultures
were spread onto a series of LB plates with a 2-fold dilution
of Ctx ranging from 0.015625 to 64 pig/ml and 50 pM IPTG.
The number of colonies on each plate was counted after 40 h
to derive the fraction of survivors relative to the colony num-
bers on plates without Ctx. The Ctx concentration that
inhibits survival of 99.99% of the cells (ICq94o) is estimated
using linear interpolation between the surviving fractions at
the two adjacent Ctx concentrations and serves as a measure
of the resistance level. Genotypes were assayed in triplicate
(large-effect landscape) or quadruplicate (small-effect

landscape) in a blocked design with replicates present in dif-
ferent blocks.

Analysis of Epistasis

We analyzed the fitness landscape using five measures of
epistasis or landscape ruggedness. We first normalized the
Ctx resistance measure 1Cg999 Of each mutant by that of
TEM-1 and then log-transformed these estimates using the
’log to yield “doublings in resistance” to remove the positive
correlation between mean and replica variance in 1Cg999
estimates (before r = 0.97; after r = 0.07), allowing parametric
tests. We define epistasis by the deviation of the log-
transformed estimates from an additive model, ¢, =
W, — Zjem 8W;, where W, correspond to the %log(ICs0.90)
levels of some mutant carrying m point mutations and the
8W; correspond to the individual effects of point mutations at
locus j with respect to the wild type (Sanjuan and Elena 2006).
The sum runs over all point mutations present in mutant m.
Note that the additive model on log-transformed resistance
data corresponds to a multiplicative null model for the
untransformed resistance data. Whether ¢, differed signifi-
cantly from zero was tested using one-sample two-tailed
t-tests with serial-Bonferroni correction.

The four ruggedness measures r/s, Fym fs + f and N,
that were used to compare large and small-effect landscapes
are taken from and explained in detail in a recent meta-anal-
ysis of empirical fitness landscapes (Szendro, Schenk, et al.
2013). We estimated 99%-confidence limits of each estimate
based on resampling the log(ICo49) value of each genotype
10,000 times from a Gaussian distribution with mean and
standard deviation based on the replicate measurements
for each mutant. As a reference, we also calculated these
four measures for the two extremes (no epistasis and maximal
ruggedness) using a simplified version of the Rough Mount
Fuji model, as explained in Szendro, Schenk, et al. (2013).

Phenotype Resistance Models

The effects of the mutations on thermodynamic stability were
computed using the protein design tool FoldX (version 3.0)
following the procedure described in Tokuriki et al. (2007).
The TEM-1 structure (PDB: 1XPB) was used to calculate the
AAG values of the 31 mutant genotypes of both landscapes;
FoldX assumes additivity of mutational effects. These values
were normalized, using (AAG FoldX + 0.078)/1.14, before
fitting the model. The fitting was done by numerically
minimizing the squared error ¢* = >_ (ant — Wfrf‘ta)z, by
means of a Levenberg—Marquardt algorithm, where W,,’s
are the logarithms of the corresponding ICog 09 Vvalues. The
parameter space has many dimensions and ¢’ contains a
large number of local minima with respect to the parameter
choices. We, therefore, cannot guarantee that the best possi-
ble fits were found, but present the best fits encountered
when repeating the fitting procedure 6° times for model [1]
and 9° times for model [2] for different starting values of the
fitting parameters dx;.
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Supplementary Material

Supplementary figures S1-S4 and tables S1 and S2 are avail-
able at Molecular Biology and Evolution online (http://www.
mbe.oxfordjournals.org/).
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