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Abstract

Random mutations in genes from disparate protein classes may have different distributions of fitness effects (DFEs)
depending on different structural, functional, and evolutionary constraints. We measured the fitness effects of 156 single
mutations in the genes encoding AraC (transcription factor), AraD (enzyme), and AraE (transporter) used for bacterial
growth on L-arabinose. Despite their different molecular functions these genes all had bimodal DFEs with most mutations
either being neutral or strongly deleterious, providing a general expectation for the DFE. This contrasts with the
unimodal DFEs previously obtained for ribosomal protein genes where most mutations were slightly deleterious.
Based on theoretical considerations, we suggest that the 33-fold higher average mutational robustness of ribosomal
proteins is due to stronger selection for reduced costs of translational and transcriptional errors. Whereas the large
majority of synonymous mutations were deleterious for ribosomal proteins genes, no fitness effects could be detected for
the AraCDE genes. Four mutations in AraC and AraE increased fitness, suggesting that slightly advantageous mutations
make up a significant fraction of the DFE, but that they often escape detection due to the limited sensitivity of commonly
used fitness assays. We show that the fitness effects of amino acid substitutions can be predicted based on evolutionary
conservation, but those weakly deleterious mutations are less reliably detected. This suggests that large-effect mutations
and the fraction of highly deleterious mutations can be computationally predicted, but that experiments are required to
characterize the DFE close to neutrality, where many mutations ultimately fixed in a population will occur.
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Introduction

The distribution of fitness effects (DFE) of random mutations
for a whole genome or individual genes is a key factor in
determining how evolution progresses in response to muta-
tion, selection, and drift. Fitness constraints can be present at
many levels, including protein and mRNA expression levels,
protein stability, and structure as well as interactions with
other cellular components, which makes prediction of the
DFE extremely complex (Travisano and Shaw 2013; de
Visser and Krug 2014). Several methods have been used to
gain insight into the parameters of the DFE, including muta-
tion accumulation experiments, fitness measurements of sin-
gle induced mutations, and DNA sequence data (Eyre-Walker
and Keightley 2007; Bataillon and Bailey 2014). Distributions
inferred from sequence analysis concern mutational effects
small enough that SNPs can be detected in populations
whereas experimental approaches can only detect mutations
with relatively large effects, with the limit set by the sensitivity
of the fitness assay used. Whereas many studies focus on the
structure–function relationship and phenotypic effects of
mutations (Suckow et al. 1996; Jacquier et al. 2013; Jimenez
et al. 2013; Firnberg et al. 2014; Sarkisyan et al. 2016), some-
times providing data for thousands of mutations, the

evolutionary relevance of such mutational landscapes is un-
certain. For example, Kondrashov and co-workers (Sarkisyan
et al. 2016) measured the effects of mutations in Green
Fluorescent Protein (GFP). In this case, the gene was moved
from its original organism, the jellyfish Aequorea victoria, into
E. coli and mutated, codon optimized, fused to another pro-
tein, and expressed from a plasmid at high level. “Gene fit-
ness” was then measured with low sensitivity as fluorescence,
with excitation at a wavelength not primarily selected for in
its original organism, in an external environment and tem-
perature very different from where the gene had evolved, and
with no connection between the function of the gene and cell
fitness. Whereas this and similar studies certainly contribute
to understanding constraints on the molecular level, their
relevance for evolution or for organismal fitness landscapes
is debatable.

Relatively few studies have directly measured the fitness
effects of random single mutations in protein-coding genes in
their native context with high sensitivity (Lind et al. 2010;
Sanjuan 2010; Hietpas et al. 2011) and provided explanations
for which factors influence the shape of DFEs. We previously
reported that two ribosomal protein (RP) genes (Lind et al.
2010) had unimodal DFEs peaked at slightly deleterious
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mutations, with an average fitness effect of s¼�0.012, no
complete loss of function, and very few neutral mutations.
This finding contrasts with the distributions reported for vi-
ruses, b-lactamase, and GFP where a high fraction of com-
plete loss-of-function mutations was observed (Sanjuan 2010;
Hietpas et al. 2011; Jacquier et al. 2013; Firnberg et al. 2014;
Sarkisyan et al. 2016). To address these divergent results and
their underlying evolutionary rationale, we used highly sensi-
tive competition experiments to measure the DFE of random
mutations for three genes from different protein classes in
their native context to investigate if the high robustness of
RPs is an exception and if any general properties of the DFE
can be established. Specifically we wanted to determine the
fraction of deleterious, neutral and advantageous mutations,
investigate the molecular basis for mutational effects and the
potential for in silico prediction, and examine if there is var-
iation depending on differences in protein function.

Results and Discussion

Experimental System
Three genes in Salmonella typhimurium LT2, required for
rapid growth on L-arabinose, were chosen for random muta-
genesis based on their different molecular functions, condi-
tional dispensability, and large fitness costs in a selective
environment, i.e., growth on arabinose as the only carbon
and energy source, when disrupted (fig. 1A). We introduced
156 single base pair substitutions, excluding stop codons, into
araC (n¼ 55), araD (n¼ 47), and araE (n¼ 54) in their native
chromosomal position in S. typhimurium and estimated their
fitness (s) in one-to-one competition with wild-type controls

(fig. 1B) in the presence of arabinose minimal medium. This
set-up allowed detection of fitness differences of jsj> 0.004.
For araD the mutations were introduced by mutagenic pri-
mers where the position and type of mutation were random-
ized with uniform probabilities. For araC and araD, error-
prone PCR was used to generate mutations and the muta-
tional spectrum is biased towards transitions (supplementary
table S4, Supplementary Material online). Mutants with stop
codons were excluded for both methods.

AraD is a homotetrameric epimerase that catalyzes the
final step in the degradation pathway for L-arabinose to D-
xylulose-5-phosphate using a Zn2þas cofactor. AraC is a tran-
scription factor that binds L-arabinose and activates transcrip-
tion of the araBAD operon and araE in the absence of glucose
and represses its own transcription and that of araBAD in the
absence of arabinose (Schleif 2010). AraC belongs to the
AraC/XylS family of transcriptional regulators that are wide-
spread among bacteria and are involved in regulation of car-
bon metabolism, stress response, pathogenesis, and antibiotic
resistance (Gallegos et al. 1997). AraE is an arabinose/proton
symporter that transports L-arabinose across the inner mem-
brane (Daruwalla et al. 1981). It belongs to the major facilita-
tor (MFS) superfamily of importers and exporters, which are
present in all domains of life and have been implicated in
antimicrobial resistance and in human diseases including can-
cer and type 2 diabetes (Quistgaard et al. 2016).

The AraCDE proteins represent three major functional
classes, transcription factor, enzyme, and transporter, which
are expected to have different biophysical constraints.
Although all these proteins need to recognize and interact
with a small molecule to perform their function there are

FIG. 1. Experimental system and methods. (A) Three genes (araC, araD and araE) encoding proteins required for rapid growth on L-arabinose were
chosen for random mutagenesis. AraE transports L-arabinose into the cell, AraC binds L-arabinose and activates transcription of araE, araC, and
araBAD. AraD catalyzes the final step in the degradation pathway for L-arabinose to D-xylulose-5-phosphate, which then enters the pentose
phosphate pathway. (B) The change in ratio between mutant and wild-type populations is determined after growth competition under a serial
transfer protocol. The fitness of each mutant relative to the wild-type is calculated as a selection coefficient (s) per generation that is 0 for neutral,
negative for deleterious and positive for advantageous mutations under growth in minimal medium with arabinose.
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additional constraints in interactions with membrane com-
ponents for AraE, DNA binding and RNA polymerase inter-
action for AraC and oligomerization for AraD and AraC.
There are also differences in system level properties, where
AraC regulates transcription of the entire system, the level of
AraE determines the flow of L-arabinose across the membrane
and the production of D-xylulose-5-phosphate by AraD is the
final biochemical determinant for flow into the pentose phos-
phate pathway (fig. 1A).

The fitness effects of a complete loss-of-function mutation
in each of the three genes were determined by examining
growth on arabinose when the respective gene was deleted.
Loss of AraD is lethal when grown on L-arabinose due to
accumulation of a toxic intermediate (Englesberg et al.
1962) and s for DaraD was set to�1. Deletion of AraC results
in loss of activation of transcription for araBAD and araE
(s¼�0.36). As AraE is not the only way for the cells to
take up L-arabinose, deletion of this gene had less dramatic
consequences on fitness (s¼�0.25).

Synonymous Mutations in araC, araD,
and araE Do Not Reduce Fitness
Synonymous substitutions accounted for 47 of the 156 single
base pair substitutions and all of them were classified as “neu-
tral”, which here means they cannot be reliably distinguished
from wild-type controls (jsj< 0.004, in the shaded area in fig.
2A–C, full details in supplementary table S1, Supplementary
Material online). The mean cost for all synonymous substitu-
tions was s¼ 2� 10�5 (SD¼ 0.0014), suggesting that their
effects are very close to neutrality on average and the fre-
quency of non-neutral synonymous mutations is likely to be
below 6% (P¼ 0.05 hypergeometric test, assuming random
sampling and correct classification). In contrast, for the RP
genes only two out of 38 synonymous substitutions were
“neutral” and the average cost was s¼�0.0096 (SD¼ 0.
0064). This difference could be explained by higher expression
levels of RPs (Bakshi et al. 2012), more optimized codon usage
and that a minor reduction in the amount of an RP reduces
growth to a significant degree (Knöppel et al. 2016). Firnberg
et al. (2014) also reported significant effects of single synon-
ymous mutations on TEM-1 activity when expressed from a
tac promoter, suggesting that these effects might vary sub-
stantially depending on gene, expression level, and selective
conditions.

The AraCDE Proteins Are Less Robust than Ribosomal
Proteins, but Have a Higher Fraction of Advantageous
Mutations
For the amino acid substitution mutants, the fractions of
complete loss-of-function mutants were similar for AraD
(7/36) and AraC (9/38) whereas only one of the AraE mutants
was close in fitness to the deletion mutant (fig. 2D).
Deleterious mutants that still maintained some function
made up a similar fraction as the complete loss-of-function
mutants for AraD (9/36) and AraC (15/38), whereas they
were more common for AraE (20/38) (fig. 2D).

Amino acid substitution mutants that were indistinguish-
able from wild-type fitness (jsj< 0.004) made up 33–56% of
all mutations (“neutral” in fig. 2D). This provides an upper
limit for the fraction of mutants that are nearly neutral in a
population genetics sense with fitness effects smaller than the
inverse of the effective population size, which for many bac-
teria would be in the order of jsj< 10�5 to 10�9 (Berg 1996;

FIG. 2. Distributions of fitness effects of random base pair substitu-
tions in genes encoding (A) transcription factor AraC, (B) enzyme
AraD, and (C) transporter AraE. The black bar in each graph repre-
sents the fitness of a deletion mutant. The lower graphs provide a
closer look at the mutants with small fitness effects. Mutants in the
shaded area are classified as “neutral” with selection coefficients
jsj<0.004 (D) Classification of amino acid substitution mutations.
Full details are available in supplementary table S1, Supplementary
Material online.
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Charlesworth 2009). We also found mutants with significantly
higher fitness, one in AraC (M164T) and three in AraE (T338I,
V31I, R257H) (two-sided t-tests P< 10�4) (fig. 2A and C; sup
plementary table S2, Supplementary Material online). This
suggest that several percent of random mutations might be
advantageous when the mutated genes are under strong se-
lection, but the few mutations found here makes estimates of
frequency uncertain (f¼ 2.6%, f> 0.9%, P¼ 0.05, hypergeo-
metric test) assuming that our sampling is random and that
mutations are classified correctly as advantageous or not).
This frequency is similar to that reported for mutations in
TEM-1 b-lactamase that increased resistance to cefotaxime
and increased fitness under selection for function (3.4%)
(Schenk et al. 2012). The fitness increases for the mutations
in araC and araE were relatively small (s¼ 0.0061–0.019) and
would not have been detected using less sensitive fitness as-
says, but as most mutations are expected from theory to have
small effects (Fisher 1930) this again highlights the impor-
tance of investigating the DFE close to neutrality. Similarly
high rates of advantageous mutations with small effects have
previously been reported (Desai et al. 2007; Perfeito et al.
2007), but they are often not detected in experimental evo-
lution studies where they are lost through population bottle-
necks and competition with rare high fitness mutants
(Sniegowski and Gerrish 2010).

Whereas 95% of random substitutions in the genes of
RP S20 and RP L1 were weakly deleterious this is expected
to be largely due to constraints on the mRNA level given
that synonymous substitutions had effects of similar mag-
nitude (Lind et al. 2010). If the average effect of the syn-
onymous mutations in RPs is subtracted from the
nonsynonymous, the average cost is only s¼�0.0037
(fig. 3A) whereas nonsynonymous substitutions in
AraCDE reduced fitness with s¼�0.123 on average (fig.
3B), generating an approximately 33-fold difference in
average robustness between RPs and AraCDE.
Nonsynonymous mutations in ribosomal proteins never
reduced fitness more than s¼�0.1, even though deletion
of the genes resulted in much larger fitness costs (esti-
mated maximum frequency for all nonsynonymous mu-
tations 3.3% P¼ 0.05, hypergeometric test) (Lind et al.
2010). For the AraCDE protein, these highly deleterious
mutations represented 27% of amino acid substitution
mutants (95% confidence interval for all nonsynonymous
mutations 23–31%, assuming random sampling, and cor-
rect classification) (fig. 3A and B).

Selection to Reduce Costs of Misreading Leads
to High Robustness for Ribosomal Proteins
What could be the evolutionary reason for the approximately
30-fold higher robustness of ribosomal proteins as compared
with the AraCDE proteins? One possibility is that genes cen-
tral to growth, such as RPs, might evolve robustness to reduce
the costs of deleterious mutations, but based on the calcula-
tion outlined below we argue that this is unlikely. The fitness
of a population under the pressure of random mutations
[rate u� 10�10 (Foster et al. 2015)] is given by e–uM, where
M is the number of positions in the genome where a

mutation leads to a reduction in fitness (Kimura and
Maruyama 1966). The increase in population fitness if one
of the deleterious positions were transformed into a neutral
one, would be Ds¼ ue–uM�u. This is an extremely small
selective advantage that could be effective only in a popula-
tion that has a very large effective size, i.e., for Ne> 1010 or
when the mutation rate is very high. The effective population
size for many bacteria is usually estimated to be smaller than
the inverse of the mutation rate (Ne� 109) (Berg 1996;
Charlesworth 2009), which means that mutation pressure
alone would have an extremely small effect on the selection
for an increased mutational robustness at each individual site.
If we allow the removal of one deleterious position to also
reduce the cost of mutations in i other positions, the fitness
gain for the population is Ds¼ iue–uM� iu, which is still very
small unless the number of other stabilized sites are exceed-
ingly large. Thus, although the effect of a mutation in an

FIG. 3. Distribution of fitness effects for amino acid substitutions
mutations in (A) ribosomal proteins S20 and L1 is unimodal and
(B) AraC, AraD, and AraE is bimodal. The average cost of a synony-
mous mutation was subtracted from selection coefficients previously
obtained for RP S20 and L1 (Lind et al. 2010).
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individual cell can be large as indicated by the DFE, the effect
of deleterious mutations on the fitness of the whole popula-
tion is exceedingly small and selection on the mutation pres-
sure is unlikely to shape the DFE.

In contrast, transcription/translation errors will occur at a
much higher rate p (�10�3 to 10�4 per amino acid;
Drummond and Wilke 2009; Meyerovich et al. 2010;
Imashimizu et al. 2013) in all cells and the effect on the pop-
ulation fitness can be large. We can estimate the effects of
misreading errors on fitness in the following simplified model.
Consider a protein of size n amino acids that is present in m
copies in the cell. When all copies of the protein carry the
same mistake (like a mutation), the fitness effect is s as mea-
sured in the DFE. Assume that the effects are additive so that
when only one copy of the protein carries the error, the effect
on growth is s/m. Assume further that the average effect of all
possible missense errors in the protein is the same as the
average of the DFE, i.e., �s=m per copy, which would be the
case if most translation errors are due to single base-pair
misreading. The expected number of errors at all codons
and in all copies of the protein is n� p�m. Thus, the overall
average effect on fitness from missense errors in this protein is
Ds¼ n� p� �s. For a ribosome with n� 7500 (Nikolay et al.
2001), �s¼�0.0037, and assuming p¼ 2� 10� 4, this gives
Ds¼�0.0056. The fitness cost of misreading errors is similar
for a protein of average size, with mutational robustness like
the AraCDE proteins [Ds¼�0.0072 assuming n� 300
(Brocchieri and Karlin 2005) and �s ¼ �0:12]. However, if
the early primitive ribosomes had the same DFE as an average
protein under strong selection (exemplified by the AraCDE
proteins with �s¼�0.12), then fitness would be greatly re-
duced with Ds¼�0.18. Thus, for large protein complexes
(like ribosomes), the selective advantage of shifting the aver-
age of the fitness spectrum to smaller values, thereby increas-
ing robustness, would be very large and could explain the high
robustness of modern ribosomes.

Inability of Mutations in Ribosomal Proteins to
Disrupt Intermolecular Interactions Provides a
Mechanism for Mutational Robustness
What could be the mechanistic basis for the experimentally
observed difference in robustness between AraCDE versus RP
S20 and L1? A structure-fitness analysis of the AraCDE pro-
teins using homology models (supplementary fig. S1,
Supplementary Materials online) suggests that mutations
with large deleterious effects appear to disrupt specific func-
tions (supplementary table S2, Supplementary Material on-
line) rather than being generally destabilizing. For the AraD
protein, conditional lethal mutations are in the direct prox-
imity of the active site (L16R, G172C, and H118Y), including
Zn2þbinding residues, or in the C-terminal end (Y229N and
G230R) that is directed across the active site of the adjacent
subunit (Luo et al. 2001; Schleif 2010). Although AraC and
AraE lack enzymatic active sites, a similar pattern emerges
where highly deleterious mutations in AraE appear mainly in
the transport channel (A46V, D39H, L155P, T158R, and
Y131C), disrupt salt bridges (P202S), or are close to residues

involved in substrate recognition (G273V, S400L, and W405C)
(Sun et al. 2012; Iancu et al. 2013). In AraC, highly deleterious
mutations are near residues implicated in arabinose binding
(I57V, T50I, G55D, and R84Q), DNA binding (S207L and
R178C), interaction with RNA polymerase (G250E, A191S,
and D256V), or dimerization (L160S, L108P, L161F, Y103H,
and P39L) (supplementary table S2, Supplementary
Material online) (Soisson et al. 1997; Schleif 2010).

In contrast to the AraCDE proteins many RPs primarily
serve a structural function, which could allow them to be
stabilized by numerous interactions with rRNA. Specific func-
tions are difficult to assign to individual ribosomal proteins,
but RP S20 and L1 do not interact directly with mRNA or
tRNA or form part of the peptidyl transferase center and their
roles might be described as mainly structural. S20 is a primary
rRNA binding protein that initiates proper folding of the 50

domain of the 23S rRNA and is crucial for binding of ribo-
somal protein S16. S20 is crucial for anchoring rRNA helix 44,
which is part of the A- and P sites (Schluenzen et al. 2000) and
forms bridging contacts with the 50S subunit (Selmer et al.
2006). Deletion of RP S20 leads to reduced mRNA binding
and inhibits association with the 50S subunit (Tobin et al.
2010). RP L1 binds directly to 23S rRNA and is not known to
influence the binding of other ribosomal proteins. It is located
on a flexible stalk region that is believed to be involved in
structural rearrangements that is coupled to movement of
deacetylated tRNA in and out of the E-site (Ning et al. 2014).
Deletion of L1 leads to aberrant ribosome biogenesis and L1 is
required for balanced formation of subunits (Kåhrström et al.
2012). Mutational robustness of RPs might be increased by
introduction of specific amino acids at the protein–RNA in-
terface (Jones et al. 2001) so that function may not be signif-
icantly disrupted by single amino acid substitutions. In
addition, strong selection for proper folding and ribosome
assembly of proteins containing amino acid substitutions
could potentially lead to the recruitment of molecular chap-
erones (Fares 2015) and assembly factors (Shajani et al. 2011).

An alternative explanation for the increased robustness of
RPs is to evolve a codon usage that avoids single mutations
that lead to amino acid substitutions with large effects on
protein structure. Our data does not support this hypothesis
based on similar distribution of values from substitution ma-
trices for the mutations in RPs compared with the AraCDE
proteins (supplementary fig. S2A and B, Supplementary
Material online). The predicted effects of mutations on
changes in thermodynamic stability between the two classes
are also similar (supplementary fig. S2C and D, Supplementary
Material online). However, it is possible that ribosomal pro-
teins have evolved robustness by increasing their stability
threshold by selection for generally stabilizing mutations
(Kather et al. 2008).

Predicting Mutational Effects of Amino Acid
Substitutions on Fitness
Prediction of the DFE from sequence or structural data could
play a major part in evolutionary forecasting efforts and com-
plement experimental studies. However, it is not clear to what
degree fitness effects are predictable, which methods would
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be most successful and how this depends on the functional
class the protein belongs to. One fast and readily available
method is to use amino acid sequence conservation in gen-
eral, in the form of substitutions matrices such as PAM and
BLOSUM, which were reported to be correlated with fitness
for TEM-1 b-lactamase (r¼ 0.4) (Firnberg et al. 2014). For
AraCDE, RP S20 and RP L1, amino acid substitution matrices
did not show a significant predictive ability (fig. 4A, r¼ 0.04–
0.39, P> 0.01) with the exception of PAM10 and AraD
(r¼ 0.50, P¼ 0.0015) (supplementary fig. S3A and B and table
S3, Supplementary Material online). Possibly this is due to the
fact that AraD is the only enzyme among the five proteins
and that other classes of proteins are underrepresented in the
sequences used to construct amino acid substitution
matrices.

Methods based on multiple alignments of homologous
sequences proved more successful and for AraCDE these
have a significant predictive ability (Consurf r¼ 0.47–0.58,
P< 0.004, Provean r¼ 0.47–0.61, P< 0.002), whereas for
the ribosomal proteins evolutionary conservation did not
correlate significantly with fitness cost (r< 0.26, P> 0.09)
(fig. 4B; supplementary fig. S3C and D and table S3,
Supplementary Material online).

An alternative approach is to use structural information
from experimental structures or homology models to make
computational predictions of changes in thermodynamic
protein stability, which has been recognized as an important
determinant of the fitness costs of mutations (DePristo et al.

2005; Wylie and Shakhnovich 2011). In contrast to the
alignment-based methods, information about active site res-
idues or vital intermolecular interactions is not included,
which is expected to reduce correlation with fitness because
many complete loss-of-function mutations will not be pre-
dicted. The simplest of structure-based parameters is the rel-
ative solvent accessibility (RSA) of the mutated amino acid. A
low RSA represents a buried amino acid and that mutations
in that position are more likely to disrupt protein structure.
Given the indication that many mutations classified as neu-
tral were at the surface of the proteins, we calculated the
exposed surface area of each amino acid in homology models
of both ribosomal proteins and AraCDE and found a signif-
icant correlation between fitness cost and RSA (fig. 4C,
r¼ 0.38–0.47, P¼ 0.035–0.0035, two sided t-test, supplemen
tary table S3 and fig. S3E, Supplementary Material online).

There are a large variety of publically accessible programs
to estimate the effect of mutation on protein stability [re-
viewed in Kucukkal et al. (2014)]. A comprehensive evalua-
tion of these methods for predicting fitness effects was not
performed because several of the studied proteins did not
have experimental structures for S. typhimurium and initial
efforts using three different methods generally performed
worse than for RSA (fig. 4C; supplementary table S3 and fig.
S3F and G, Supplementary Material online). In addition,
structure-based methods are expected to provide very low
correlations for the ribosomal proteins given that a major part
of the fitness constraints is on the mRNA level.

We used several publically available methods that predict
phenotypic effects of mutations by combining evolutionary
conservation and structural effects as well as a range of other
parameters using neural network classifiers (SNAP2; supple
mentary fig. S3H, Supplementary Material online), support
vector machines (Suspect; supplementary fig. S3I,
Supplementary Material online), SNPs&GO (supplementary
fig. S3K, Supplementary Material online), or random forest
(MutPred, supplementary fig. S3J, Supplementary Material
online). Whereas these methods were not primarily designed
to predict fitness effects, but rather the relevance of muta-
tions for human disease, they could have substantial predic-
tive ability also for nonhuman proteins. It is however
reasonable to expect these methods to be better suited for
predicting large effect mutations that are have been shown to
be strongly associated with disease, have large effects on pro-
tein function or are in highly conserved positions in sequence
alignments. For AraD, AraE and RPS20 there were minor im-
provements from the methods using only conservation and
SNPs&GO using homology models of the proteins produced
the highest correlations (AraD r¼ 0.71, P< 10�4; AraE r¼ 0.
68, P< 10�4; and S20 r¼ 0.43, P¼ 0.003) (fig. 4D; supplemen
tary table S3 and fig. S3K, Supplementary Material online).
Rank correlations for these methods are similar suggesting a
minor influence of extreme values (supplementary table S3,
Supplementary Material online). For AraC none of the meth-
ods produced a higher correlation than Consurf (r¼ 0.58,
P¼ 10�4, supplementary fig. S3D, Supplementary Material
online) that uses only evolutionary conservation and no sig-
nificant predictions were produced for RPL1 where the best

FIG. 4. Prediction of fitness effects using publically available compu-
tational methods (A) Amino acid substitution matrices, (B) evolu-
tionary conservation of aligned sequences, (C) structural methods
predicting relative surface area of mutated amino acid or change in
thermodynamic stability, and (D) machine learning methods based
on evolutionary conservation and a range of structural and functional
properties.
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method was RSA (r< 0.39, P> 0.01) (supplementary table
S3, Supplementary Material online).

Clearly some of these methods can produce highly signif-
icant correlations between score and fitness effect and this is
largely due to their ability to identify mutations with very
large effects, which does not necessarily mean that they are
useful for distinguishing between deleterious and neutral mu-
tations. The most successful methods for classifying muta-
tions in the five proteins as either deleterious or neutral were
Provean (72% correct) and SNAP2 (73% correct) and several
methods produced higher than 60% correct classifications
(supplementary table S3, Supplementary Material online).
Up to 89% of the highly deleterious (s<�0.03) mutations
were predicted as costly whereas the proportions were lower
for slightly deleterious (� 70%) and about 60% of mutations
predicted as neutral had no significant fitness effects (supple
mentary table S3, Supplementary Material online). It should
be noted that the proportion of truly neutral mutations is
expected to be substantially lower than what we were able to
determine as not different from wild-type, due to the limited
sensitivity of the competition experiments (i.e., mutants with
jsj< 0.004 are not reliably distinguishable from wild-type).

In summary, none of the methods provide meaningful
predictions for mutations in ribosomal proteins (fig. 4), which
can be explained by the strong constraints on the mRNA level
and high robustness of ribosomal proteins. Whereas several
methods can, at first glance, predict the fraction of deleterious
mutations in ribosomal proteins, this is likely to be due to the
very low frequency of apparently neutral mutations (5%),
which means that the method that predicts the highest frac-
tion of deleterious mutations will perform best. For the
AraCDE proteins, predictions were more successful and quite
equally so despite the different functions of the proteins.
Methods based on evolutionary conservation by multiple
alignments performed best. There appears to be little to
gain by also including additional information, as done by
the hybrid/machine learning methods (SNAP2, Suspect,
MutPred and SNP&GO) compared with Provean and
Consurf that only use conservation (fig. 4B vs. fig. 4D). This
is true both when comparing correlation between prediction
score and size of fitness effect (average correlation 0.51 for
hybrid methods vs. 0.53 for conservation methods) and mu-
tations classification as neutral or deleterious (average cor-
rectly classified for hybrid methods 0.65 vs. 0.71 for
conservation methods). Thus, the choice of method among
those based on evolutionary conservation might be guided
mainly by the usability of user interfaces and speed.

Conclusions
An essential part of understanding evolutionary processes
and the ability to forecast mutational trajectories is a deeper
knowledge of DFEs and their underlying mechanistic expla-
nations. If each gene has a unique DFE there is little hope to
arrive at any general principles for forecasting, but this seems
unlikely given the high functional and structural conservation
observed between biological systems. The similarities be-
tween the DFEs of AraC, AraD, and AraE, despite their diverse

molecular functions, suggest that a bimodal distribution is
widespread among different classes of proteins and that the
fractions of deleterious mutations are similar (� 50%). This
provides a general expectation for the shape of the DFE for
individual genes under strong selection, but the results for the
RPs demonstrate that some classes of genes have completely
different DFEs.

We suggest that selection to reduce the costs of misread-
ing errors is the main evolutionary force behind the high
robustness of ribosomal proteins and possibly other proteins
in large complexes. This hypothesis is based on well-
established population genetics theory and experimental
measurements of misreading rates and provides a general
expectation for the robustness of proteins across functional
classes. The importance of misreading errors and evolution
towards increased mutational robustness has previously been
demonstrated experimentally in mutants with increased error
rates (Goldsmith and Tawfik 2009; Bratulic et al. 2015) under
stringent selection for function. An additional factor that
could work with the misreading hypothesis to drive RPs to-
wards higher robustness than the AraCDE proteins is a dif-
ference in the strength of selection. Thus, in natural settings,
the arabinose proteins are most likely under strong selection
only during short periods when arabinose is limiting for
growth (as is the case in the present experiments). Under
conditions where arabinose is not limiting, most mutations
in the ara genes would be (near-) neutral and their DFE would
look robust with a much smaller value of �s than that mea-
sured here. In contrast, ribosomal proteins are in constant use
and would be under selection under all growth conditions. In
general, the shape of the DFE and its robustness must depend
on the growth conditions under which it is measured.

The frequency of nonsynonymous mutations that were
classified as deleterious was 56% for the AraCDE proteins
and 73% if also including the ribosomal proteins. This is sim-
ilar to the fraction strongly deleterious effect in mammalian
species of about 70% (Eyre-Walker et al. 2002; Yampolsky
et al. 2005). We classified 40% of the amino acid substitutions
in AraCDE as “neutral”, but the truly neutral mutations with
1<Ne� jsj is likely to represent a minor part of this given
that we can only detect jsj> 0.004 whereas fitness costs 104

times smaller could be subject to natural selection in many
bacterial species. In humans, with an effective population size
of about 104 (Charlesworth 2009), the fraction of slightly del-
eterious (s>�10�3) and neutral mutations has been esti-
mated to 44–57% (Bataillon and Bailey 2014), which suggest
that the major differences in the fractions of neutral and
deleterious substitutions between species is largely an effect
of variation in population sizes.

Based on the pattern of highly deleterious mutations in
AraCDE we suggest that these strong fitness effects, and the
resulting bimodal fitness distributions, are not primarily due
to reduced thermodynamic stability. This been suggested as
the main cause of highly deleterious mutational effects in
TEM-1 beta lactamase and GFP, but it is possible that disrup-
tion the buried functional sites in these proteins also contrib-
utes to the correlation (Firnberg et al. 2014; Sarkisyan et al.
2016). Instead our hypothesis is that the amino acid
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substitutions disrupt intermolecular interactions and directly
reduce function through loss of proper binding affinity to a
small molecule substrate (AraC, AraD, and AraE), loss of DNA
or protein recognition (AraC) and disruption of oligomeriza-
tion (AraC and AraD). If this interpretation would prove cor-
rect, studies of monomeric enzymes or fluorescent proteins
might not be representative for the majority of proteins. The
mechanistic reason for the lack of highly deleterious muta-
tions in ribosomal proteins could then be a result of their
binding to ribosomal RNA through numerous amino acid
residues and this interaction cannot be completely disrupted
by single substitutions. Although rates of molecular evolution
are largely determined by biophysical constraints on thermo-
dynamic stability and protein abundance (DePristo et al.
2005; Drummond et al. 2005; Serohijos et al. 2013), the shapes
of DFEs are, under this hypothesis, mainly determined by the
potential for loss of intermolecular interactions. This idea is
similar to the concept of functional density, which was intro-
duced by Zuckerkandl (1976) as an hypothesis to explain
rates of molecular evolution. However, we suggest that the
proportion of molecular sites involved in specific functions as
compared with general functions (i.e., functional density) de-
termines the fraction of highly deleterious mutations and
forms the basis for bimodal DFEs, but it does not determine
evolutionary rate at the molecular level. Our results also show
that very highly conserved proteins, like ribosomal proteins,
are not necessarily fragile as previously suggested (Assis and
Kondrashov 2014), and that fitness constraints on the mRNA
level might also reduce evolutionary rates.

The effects of individual nonsynonymous mutations on
fitness can be predicted with some success using evolutionary
conservation or machine learning methods, achieving a cor-
relation of up to 0.71 and correctly classifying up to 73% of
mutations as deleterious or neutral, but with highly varying
results for different genes depending on methods used (sup
plementary table S3, Supplementary Material online). The
difficulty of correctly predicting mutations with small effects
of s¼�0.03 to �0.004, a range that is not possible to study
using less sensitive fitness assays, suggests that a substantial
fraction of deleterious mutations are not correctly classified
using these methods. This could have relevance for the ge-
netic basis of complex human disease where alleles with small
deleterious effects are not easily detected, but could make a
significant contribution to the etiology of the disease when
combined (Gibson 2011). If the DFEs of different protein clas-
ses are conserved within and between species then prediction
of mutational effects would be greatly simplified, which could
inform evolutionary forecasting by reducing the region of
sequence space that must be experimentally explored to es-
timate the robustness of a gene or functional network.

Materials and Methods

Strains and Media
All strains used are derived from S. enterica subsp. enterica
serovar Typhimurium str. LT2 (designated S. typhimurium in
the text). Luria-Bertani agar (LA) was used as solid media,
supplemented with sucrose 6%, kanamycin 30 mg/l,

chloramphenicol 12.5 mg/l, or tetracycline 7.5 mg/l for selec-
tion following transformation or maintenance of the pSIM5 k
Red plasmid. LA plates without added sodium chloride were
used for selection against sacB. Lysogeny broth (LB), SOC, or
M9 minimal media supplemented with 0.4% (w/v) L-arabi-
nose were used as liquid media.

Strain Construction
Mutations in araD (STM0101), araC (STM0104), and araE
(STM3016) were introduced using k Red recombineering
(Datsenko and Wanner 2000). For araD, mutations were se-
lected by computer randomization with uniform probability
for mutations location and mutation type, but excluding stop
codons. Mutagenic primers containing the desired mutation
6 bp from the 30-end and with 40 bp of homology 50 to the
mutation were used to PCR amplify part of the araD open
reading frame and an adjacent kanamycin resistance marker
using Phusion high fidelity DNA polymerase (Thermo
Scientific). For araC and araE we used the Genemorph II
random mutagenesis kit (Agilent Technologies) to introduce
mutations in the open reading frames using pZE21 plasmids
with araC or araE in the multiple cloning site as template
(0.5–0.8 lg per 20 ll reaction for 21–25 cycles).

Mutated DNA was electroporated into k Red competent
cells and for araD kanamycin resistance was used to select for
recombinants. For araC and araE, we constructed strains with
a sacB marker, conferring sucrose sensitivity, inserted into the
chromosome replacing the araC and araE open reading
frames. This allowed us to create marker-less mutations by
introducing the mutated DNA into k Red competent cells
and then select for sucrose resistance and verify inserts with
PCR and sequencing. This was the main reason for changing
from the more labor-intensive mutagenic primers method
used for araD, which had the advantage of introducing a
less biased spectrum of mutations (supplementary table S4,
Supplementary Materials online). All mutations were moved
using P22 transduction into strains with fluorescent protein
marker cassettes (amp-PLlacO-mTagBFP2/sYFP2, Genbank:
KM018302/KM018301 (Gullberg et al. 2014)) inserted at a
neutral position (cbiA, STM2035; Knöppel et al. 2014) for
the competition experiments. For the araD mutants kana-
mycin resistance was used to select for successful transduc-
tions and for the araC and araE mutants the strains with
fluorescent proteins had sacB cassettes inserted into the
araC or araE genes which allowed selection for sucrose
resistance after P22 transduction. This protocol reduces
the impact of secondary mutations/rearrangements intro-
duced during k Red recombineering and adaptive muta-
tions during laboratory manipulation and creates two
independent strains to ascertain that the fitness effects
are dependent on the mutation introduced. It should be
noted that mutations in araCDE causing extreme toxicity
leading to lethality when grown on LB agar cannot be de-
tected in our experiments, but there is little reason to ex-
pect these kinds of mutations to exist given the low
expression level in the absence of arabinose and the mo-
lecular functions of the genes.
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Independent control strains were isolated from the same
populations as the mutants with the only difference being the
lack of mutations (i.e., failed mutagenesis) when sequenced.
All colonies were selected at random, only dependent on
their position on the agar plate, after transformation, trans-
ductions, and for competitions. All strains were stored in 10%
dimethyl sulfoxide and 90% LB at �80 �C and all cultures
were frozen immediately after completion of transformation
or transduction protocols.

Fitness Assay
Strains were taken from the freezer and incubated overnight
at 37 �C on LA plates. Single colonies were used to inoculate
180 ll LB cultures in 96-well round bottom plates (Thermo
Scientific #262162) and grown for 6 h with 900 rpm shaking
(Grant PHMP-4) at 37 �C. Mutant and control strains con-
taining opposite fluorescent markers were mixed 1:1 (5 ll
each) and grown overnight under the same conditions.
After 16 h, 1 ll of each culture was transferred to 180 ll M9
arabinose and grown for 24 h (900 rpm, 37 �C). At the same
time, each culture was diluted 200-fold in phosphate buffered
saline (PBS) for flow cytometry. In order to estimate the ratio
of wild-type to mutant for each culture we counted 100,000
cells and determined the fraction of BFP and YFP positive cells
using flow cytometry (MACSQuant VYB, Miltenyi Biotec).
After 24 h growth the protocol was repeated to obtain the
ratio after approximately seven generations of growth. We
maintained the cultures for three additional serial transfers of
1.4 ll culture to 180 ll M9 arabinose before measuring final
ratios after 28 generations of growth.

The selection coefficients were determined using the re-
gression model s¼ [ln(R(t)/R(0))]/[t], as previously described
(Dykhuizen 1990) where R is the ratio of mutant to wild-type.
For mutants with very high fitness costs (s<�0.15) the ratios
in the final count were too low and selection coefficients were
calculated using the ratios from the first flow cytometry mea-
surements (after growth in LB) and after 24 h growth in M9
arabinose, representing approximately seven generations. For
the majority of mutants the selection coefficients were cal-
culated from the second flow cytometry assay (after 24 h
growth in M9 arabinose) and after three serial transfers, ap-
proximately 21 generations of growth.

The fitness of each mutant was measured in triplicate for
both BFP and YFP markers, where each competition was
inoculated with independent single colonies of mutant and
control strains. The differences in fitness cost of the fluores-
cent markers were measured using control competitions in-
cluded for each competition plate (minimum of six cultures)
and used to adjust the selection coefficients. Three (araC,
araE) or four (araD) wild-type control strains that were inde-
pendently constructed on different days, were used to mea-
sure the standard variation between genetically identical
strains. The average cost of the BFP marker relative to the
YFP marker were s ¼ �0.0018 (SD¼ 0.0021, n¼ 24) for
araD¼ �0.0028 (SD¼ 0.0020, n¼ 17) for araC, and s ¼
�0.0015 (SD¼ 0.0019, n¼ 18) for araE (supplementary fig.
S5, Supplementary Material online). Based on these results,
we decided that a mean selection coefficient between�0.004

and 0.004 (approximately 62 SD) for six cultures is desig-
nated as “neutral” in the sense that they cannot be reliably
distinguished from the wild-type. After adjustment for the
differential cost of the marker, the fitness effects in the BFP
and YFP strains were highly correlated (r¼ 0.979, median
difference sBFP-sYFP¼ 4� 10�5 indicating no systematical
differences between strains compared with the wild-type
reference).

Adaptive or compensatory mutations can arise during
competition experiments and to reduce the influence of
such events on estimated fitness we removed a maximum
of one extreme outlier if it had a selection coefficient more
than two standard deviations from the average of all repli-
cates. For highly deleterious mutations that could clearly be
classified as costly, outliers were not removed. In cases where
more than one replicate diverged from the others or there
was a large difference between YFP and BFP strains, the com-
petition was repeated. If differences between YFP and BFP
remained, the strains were independently reconstructed us-
ing k Red recombineering. This was also done for synony-
mous mutations with non-neutral effects or for any
mutations with significantly higher fitness than the wild-type
control.

Analysis of Fitness Effects
Information about the mutational spectrum is provided in
(supplementary table S4, Supplementary Material online).
The distribution of mutations over the length of the genes
was not significantly biased (Kolmogorov–Smirnov test for
uniform distribution: araC P¼ 0.9684, araD P¼ 0.8824, and
araE P¼ 0.9975) (supplementary fig. S4, Supplementary
Material online). Homology models were made using Phyre2
intensive mode (http://www.sbg.bio.ic.ac.uk/phyre2; last
accessed November 7, 2016) (Kelley et al. 2015) and models
had �95% of amino acids modeled at >90% confidence.
Relative surface area was calculated at http://caps.ncbs.res.
in/iws/psa.html (last accessed November 7, 2016). We used
Consurf (consurf.tau.ac.il; last accessed November 7, 2016)
(Ashkenazy et al. 2010), Provean (http://provean.jcvi.org; last
accessed November 7, 2016) (Choi and Chan 2015), and SIFT
sequence (http://sift.jcvi.org; last accessed November 7, 2016)
(Ng and Henikoff 2003) to investigate evolutionary conserva-
tion. Effects on protein stability were estimated using I-mutant
3.0 (http://gpcr2.biocomp.unibo.it/cgi/predictors/I-Mutant3.
0/I-Mutant3.0.cgi; last accessed November 7, 2016)
(Capriotti et al. 2005), SDM (http://mordred.bioc.cam.ac.
uk/�sdm/sdm.php; last accessed November 7, 2016)
(Worth et al. 2007), and Eris (http://troll.med.unc.edu/eris/
login.php; last accessed November 7, 2016) (Yin et al. 2007).
Functional effects of nonsynonymous mutations were pre-
dicted with Suspect (http://www.sbg.bio.ic.ac.uk/suspect/;
last accessed November 7, 2016) (Yates et al. 2014),
SNAP2 (https://rostlab.org/services/snap/; last accessed
November 7, 2016) (Hecht et al. 2015), MutPred (http://
mutpred.mutdb.org; last accessed November 7, 2016) (Li
et al. 2009), and SNPs&GO (http://snps.biofold.org/snps-
and-go/index.html; last accessed November 7, 2016)
(Capriotti et al. 2013). Results are available in supplementary
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table S2, Supplementary Material online and correlations
and classifications in supplementary table S3,
Supplementary Material online. Default settings were used
except when indicated in supplementary table S2,
Supplementary Material online and classification thresholds
for deleterious or neutral mutations were set as recom-
mended by the creators of each method.

Supplementary Material
Supplementary tables S1–S4 and figures S1–S5 are available at
Molecular Biology and Evolution online.
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