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Abstract

The level of genetic variation in a population is the result of a dynamic tension between evolutionary
forces. Mutations create variation, certain frequency-dependent interactions may preserve diversity,
and natural selection purges variation. New sequencing technologies offer unprecedented
opportunities to discover and characterize the diversity present in evolving microbial populations on
a whole-genome scale. By sequencing mixed-population samples, we have identified single-
nucleotide polymorphisms present at various points in the history of an Escherichia coli population
that has evolved for almost 20 years from a founding clone. With 50-fold genome coverage we were
able to catch beneficial mutations as they swept to fixation, discover contending beneficial alleles
that were eliminated by clonal interference, and detect other minor variants possibly adapted to a
new ecological niche. Additionally, there was a dramatic increase in genetic diversity late in the
experiment after a mutator phenotype evolved. Still finer resolution details of the structure of genetic
variation and how it changes over time in microbial evolution experiments will enable new
applications and quantitative tests of population genetic theory.

Several next-generation platforms capable of sequencing more than a billion DNA bases in a
single run have recently become commercially available (Mardis 2008), and more are under
development (Gupta 2008). The compact genomes of microorganisms put them at the forefront
of efforts to open new windows on the study of genetic diversity and evolution using the
massive throughput of these technologies. Metagenomic surveys that profile the species
abundance and metabolic composition of microbial communities by sampling environmental
DNA (Vieites et al. 2009) can also be used to infer some population genetic parameters in
nature (Johnson and Slatkin 2006). Population genomic approaches have begun to fill in our
knowledge of sequence diversity among isolates of a single species and between closely related
species. For example, one study characterized the patterns of genome-wide mutational
variation in yeasts and reconstructed details of their life history since domestication from next-
generation sequencing data (Liti et al. 2009). Ultra-deep sequencing of genes from viruses such
as HIV has even begun to reveal patterns of within-host diversity during infections, including
subpopulations with drug-resistance mutations (Wang et al. 2007; Eriksson et al. 2008).

We are interested in how these new technologies can be used to better understand evolutionary
processes and advance population genetic theory in the context of experiments with
microorganisms (Elena and Lenski 2003; Kassen and Rainey 2004; Buckling et al. 2009).
Evolution experiments have the advantage over studies of natural and clinical populations that
they take place under laboratory conditions where environmental conditions and sampling
regimens are rigorously controlled. To date, whole-genome re-sequencing has mainly been
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used to find the beneficial mutations in "winning" clones isolated at the end of bacterial
evolution experiments. For example, next-generation sequencing platforms were used to
identify a single mutation responsible for the re-acquisition of social swarming in a population
of Myxococcus xanthus that previously lost that capacity (Fiegna et al. 2006) and several
mutations that improve the growth of E. coli in a glycerol-based medium after 44 days of
continuous culture (Herring et al. 2006). Next-generation platforms have not yet been used to
examine the genetic variation present in these populations and how that diversity changes over
time.

The frozen "fossil record"” of a long-term experiment with E. coli spanning almost 20 years
and 40,000 generations of evolution provides a unique opportunity for exploring these issues
(Lenski and Travisano 1994). In this experiment, 12 populations of E. coli were founded from
the same ancestral strain and maintained by the daily transfer of 1% of each culture into fresh
glucose minimal media. After years of intensive study, a great deal is known about the fitness
trajectories, phenotypic changes, and beneficial mutations that occur in this environment
(Lenski 2004; Philippe et al. 2007). We have recently re-sequenced E. coli clones isolated at
different time points from one of these populations to examine the coupling between the rates
of genomic evolution and adaptation to the environment (Barrick et al. 2009). We found that
fitness increased dramatically during the first 20,000 generations of the experiment, but that
new mutations accumulated at a near-constant rate during this time. This result was surprising
because a clock-like accumulation of mutations is usually taken as a signature of neutral
evolution, yet several lines of evidence indicate that most of these mutations are beneficial.

These clone genomes offer only a fragmentary picture of the history of this E. coli population.
Knowledge of the details of the ebb and flow of genetic diversity could potentially reveal how
the population’s adaptive trajectory was influenced by selective sweeps driving mutations to
fixation, beneficial mutations that transiently accumulated but were ultimately unsuccessful,
changes in mutation rates, and ecological interactions between divergent lineages. Here, we
show that it is possible to identify mutational variants in mixed bacterial population samples
and follow these processes on a genome-wide scale with current DNA sequencing
technologies.

MATERIALS AND METHODS
DNA samples

During the long-term E. coli evolution experiment, mixed-population samples (M) and clones
(C) isolated from these populations were periodically frozen at —80°C in 15% (w/v) glycerol.
We revived clones from traces of frozen cultures by growing them overnight (16-24 h) as 10-
ml cultures in 50-ml Erlenmeyer flasks at 37°C with shaking at 120 rpm in LB media, and
mixed populations from 100 pl of frozen sample under the same conditions except in Davis
minimal medium supplemented with 2 mg/L glucose. Genomic DNA was harvested and
purified from several milliliters of each culture using a Qiagen Genomic-tip 100/G kit. Any
deviations in the frequencies of mutations in DNA samples from the source populations due
to these revival and re-culturing steps appear to be minor.

Genome re-sequencing

We sequenced DNA fragment libraries derived from these samples on Genome Analyzer
systems (lllumina, San Diego, CA) in two separate runs. Clones were sequenced as paired-end
libraries on a Genome Analyzer 1G machine by Macrogen (Seoul, South Korea), and mixed-
population samples were sequenced in an unpaired library format using a Genome Analyzer
2G system by the Research Technology Support Facility at Michigan State University (East
Lansing, MI). Both devices generate 36-base reads, and the overall number of bases obtained
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for each sample was roughly equivalent. Per-base quality scores were calibrated on the basis
of alignments to the genome sequence of the ancestral E. coli B strain REL606 using the
standard Illumina re-sequencing pipeline.

Read alignment

We aligned reads from each dataset to the ancestral genome using MUMmer v3.20 (Kurtz et
al. 2004). Only reads where the entire 36-base length mapped with no base insertions or
deletions and at most one base mismatch with respect to the reference genome were analyzed,
because reads with indels or multiple discrepancies are more likely to be mapped incorrectly
and may exhibit different error signatures. We also restricted our attention to "unique-only™
reference genome positions, where all of the bases that mapped to a given position came from
reads matching only a single site in the reference genome. It is not as straightforward to predict
and interpret polymorphisms in repeat regions and sites on their periphery, where a mixture of
reads uniquely and degenerately map to a position.

Base error model

For each dataset, we created a null model that gives the probability of observing each of the
four possible bases in a read, given the quality score assigned to that base and the identity of
the base that was sequenced in the reference genome. We estimated the values in this series of
4x4 matrixes directly from the observed counts of base discrepancies. This simple empirical
strategy, which neglects the presence of real mutations, is justified because the vast majority
of base mismatches are due to sequencing errors. The maximum number of point mutations
found in the clone samples was 627 at generation 40,000 (Barrick et al. 2009). Assuming
average coverage of these sites, this means only 2.4% of the mismatches in this dataset are due
to consensus mutations. If the same number of base mismatches were due to mutations in the
40,000-generation mixed-population sample and they all had the highest quality score typically
found in this dataset, they would still raise the inferred error rate by only 2-fold. As the
sensitivity analysis shows (see below), a change in the error rate of this magnitude barely alters
our ability to discover SNPs. Thus, this simple error rate estimate should suffice. For a given
quality score and reference base, there is typically at most 2- or 3- fold variation among the
inferred rates of each of the three possible base errors.

SNP prediction

To predict SNPs, we began by identifying the two most common bases aligned to each reference
position. We then used a likelihood ratio test to decide between the null hypothesis that the
underlying population had only the most common base at this position and the alternative
hypothesis that the population contained a mixture of alleles at this site. The probability of the
observed data given the null hypothesis was calculated from the identities of the aligned bases,
their quality scores, and the error model. The maximum likelihood of the alternative hypothesis
was determined by scanning prospective mixtures of the two bases at 0.1% intervals. Twice
the negative logarithm of the ratio between the two likelihoods was then compared to a y2
distribution with one degree of freedom to calculate a p-value for rejection of the null
hypothesis of no polymorphism. Finally, we multiplied each p-value by the number of sites
with unique-only coverage in the genome to obtain an E-value that reflects the number of SNP
predictions expected to have this level of significance by chance.

For individually significant SNPs, we estimated the maximum likelihood frequency of the
mutated allele in the underlying population. For this calculation, we only considered
observations of the two most frequent bases. We performed 10° simulations of each alignment
column at underlying base compositions in 0.1% intervals and recorded the underlying allele
frequency that generated the actual mixture of bases at each site with the maximum likelihood,
taking into account the chances of sequencing errors between these two bases.
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When applied to the clone genomes, this procedure discovered all known point mutations
outside of repeat regions as sites where a majority of the observed bases correspond to the new
allele and there is no prediction of a polymorphism. Some spurious SNP predictions arose
because the underlying genomic structure had changed due to large deletions or IS insertions,
but whole reads reflecting this changed sequence still aligned to the reference genome with
one or fewer mismatches. We therefore manually eliminated, from all samples, SNP
predictions adjacent to examples of these changes identified previously in clone genomes.

We further rejected SNP predictions when bases supporting the mutant allele had consistently
low quality scores or reads supporting the mutant allele showed a strand bias. To test for quality
score bias, we performed a Kolmogorov-Smirnov test for the one-sided hypothesis that the
quality scores supporting the mutant allele were lower than those supporting the ancestral base
at that position. To test for strand bias, we performed Fisher's exact test on the two-tailed
hypothesis that the distributions of mutant and reference base observations in reads on each
genomic strand were different. Finally, we combined the p-values from these two independent
tests using Fisher's method, and we rejected those predicted SNPs for which there was <5%
chance of observing these differences in signature between the mutated and ancestral alleles
by chance alone.

Sensitivity analysis

RESULTS

We performed the SNP prediction procedure without bias filtering on two sets of simulated
data in order to estimate the chances of discovering SNPs at various frequencies. In the first
set, we fixed the proportion of the mutant allele over a range of values, then resampled
alignment columns according to the coverage and quality score distributions observed in the
2,000-generation mixed-population data. Observations were also subject to a simplified error
model where the overall chances of error for each quality score were the same as in the sample,
but the probabilities of all base errors were made equal. In the second set of simulations that
explores limits on rare SNP detection, all resampled alignments were uniformly assigned the
same coverage and all bases had the same error rate.

Expectations of diversity in an evolving bacterial population

The E. coli populations in the long-term evolution experiment were each founded from a
genetically homogeneous clone. No plasmids, viruses, or other mechanisms for horizontal gene
exchange are present in the populations, and they evolve in a strictly clonal (asexual) manner.
How quickly do we expect measurable diversity to accumulate in one of these populations,
and what evolutionary forces will impact the patterns of variation within a population over
time?

Figure 1 shows a numerical simulation of the spread of beneficial mutations in a population
with parameters similar to the E. coli long-term evolution experiment (Woods 2005). Many
beneficial mutations will be lost to drift when they are rare (Lenski et al. 1991), with only those
that achieve substantial frequency visible in the evolving frequency distribution. Among those
that survive drift, some will eventually fix, but others will be eliminated by clonal interference
(Gerrish and Lenski 1998). In some cases, the winning lineage may be decided not by the
effects of single beneficial mutations, but rather by the combined effects of multiple mutations
that accumulate before any one lineage is fixed (Fogle et al. 2008). Note that diversity does
not increase monotonically, but rather it waxes and wanes as new beneficial mutations take
hold and their fates are resolved by selection.
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As beneficial mutations spread, they will perturb the frequencies of neutral and deleterious
mutations owing to linkage disequilibrium in an asexual population. These perturbations are
the classic signature of periodic selection (Atwood et al. 1951). However, we do not expect to
detect many neutral or deleterious mutations in the evolution experiment. Under a pure drift
process, the number of generations required for a neutral mutation to drift to fixation is on the
order of the population size (Kimura 1983), which is many millions even after accounting for
the bottlenecks during serial transfers (Lenski et al. 1991). Selective sweeps, however, reduce
the effective size so that a rare neutral mutation may hitchhike to fixation much faster than it
can spread by pure drift, although the vast majority of neutral mutations will be purged by these
sweeps. In this case, the expected number of neutral mutations that fix equals the product of
the genomic mutation rate, the proportion of neutral sites, and the number of generations
(Kimura 1983). For E. coli, the genomic mutation rate is on the order of 10741073 per
generation (Lenski et al. 2003), and perhaps 50% of sites are neutral, so we expect it to take
on the order of 2,000-20,000 generations for even one neutral mutation to fix in the population.
It is unlikely, therefore, that many neutral mutations would reach high frequency in the first
few thousand generations of evolution. Deleterious mutations will fare even worse. Mutations
causing extreme fitness defects will be rapidly be lost from the population. A pool of many
slightly deleterious mutations may accumulate and persist at mutation-selection balance, but
these mutations are less likely to fix or reach high frequency than neutral ones.

If the genomic mutation rate were much higher, however, then neutral and weakly deleterious
alleles could spread more easily and more would potentially reach high frequency. Several
populations in the long-term experiment evolved mutator phenotypes, leading to mutation rates
roughly two orders of magnitude higher than the ancestral rate (Sniegowski et al. 1997). In
fact, a mutT mutator phenotype evolved in the population studied here, making its first
appearance by generation 26,500 and becoming numerically dominant by generation 29,000
(Barrick et al. 2009).

Other polymorphisms may evolve and be maintained by negative-frequency-dependent
interactions, in which some genotype has a selective advantage when rare but is disadvantaged
at high frequency. Acetate and short chain fatty acids are byproducts of glucose fermentation
by E. coli. These compounds are normally excreted during growth on glucose, then reabsorbed
and used after the glucose is depleted. Mutants that are better competitors for acetate have been
observed to evolve and persist via frequency-dependent selection in some chemostat
experiments with E. coli (Rosenzweig et al. 1994). The low concentration of glucose and serial-
transfer regime used in the long-term experiment lead to low cell densities and correspondingly
low levels of excreted metabolites, so that cross-feeding genotypes should be rarer and harder
to detect. Indeed, a sustained cross-feeding interaction is only known to have evolved in one
of the long-term populations (Rozen and Lenski 2000; Rozen et al. 2005; Rozen et al. 2009),
and not the one that is the focus of our study, although there appear to be weaker frequency-
dependent interactions in some other populations (Elena and Lenski 1997).

Mixed-population sequence datasets

We examined the genetic diversity over time in one experimental line from the long-term E.
coli evolution experiment (designated Ara-1) by sequencing whole-population samples from
2,000 (M2K), 5,000 (M5K), 10,000 (M10K), 15,000 (M15K), 20,000 (M20K), 30,000
(M30K), and 40,000 (M40K) generation time points. Clones that were the subject of a previous
study (Barrick et al. 2009) serve as controls for the mixed-population analysis. These clones
were isolated from the same population at 2,000 (C2K), 5,000 (C5K), 10,000 (C10K), 15,000
(C15K), 20,0000 (C20K), and 40,000 (C40K) generations. We also include the founder of the
Ara+1 experimental population that differs by two point mutations from the ancestor of the
Ara-1 line (COK).
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Clones and mixed-population samples were sequenced, one per lane, in two separate runs of
the Genome Analyzer system. Alignment of the resulting 36-base reads to the ancestral
sequence Yyielded 40- to 60-fold average coverage outside of repeat regions for each genome
(Table 1). Positions with zero coverage are not counted in these estimates, as they almost always
proved to represent true deletions relative to the ancestral sequence in clone genomes (Barrick
et al. 2009). The ancestral clone (COK) has at least 10-fold read coverage at 99.9% of the
positions in the reference genome. The decrease in the number of sites with coverage at later
generations in both the clone and mixed-population samples is consistent with sizable deletions
becoming fixed in the population.

If the sampling of reads from different locations in the genome were perfectly random, the
number of sites with a given coverage depth would fit a Poisson distribution with equal mean
and variance. We find that the index of dispersion (the variance divided by the mean) for the
coverage distribution is much greater than unity in these genomes, ranging from 3.1 to 5.5
(Table 1), with the mixed samples showing slightly more dispersion. A maximum likelihood
fit to a negative binomial distribution, which is commonly used to model over-dispersed count
data, reproduces most of the observed coverage structure (Fig. 2a). Higher coverage within
GC-rich regions has been reported for Genome Analyzer sequence data, possibly due to more
efficient processing of these fragments during library preparation on account of their greater
duplex stability (Dohm et al. 2008). This bias may contribute to the over-dispersion we observe
and could systematically affect the recovery of polymorphisms in specific chromosomal
regions.

There are hundreds of thousands to millions of base mismatches in the reads with unique best
alignments to the ancestral genome in each dataset (Table 1). When constructing a model for
the base error rate, we verified that bases assigned high quality scores by the re-sequencing
analysis software usually have fewer mismatches to the ancestral sequence (Fig. 2b). A
majority of the bases in each run were assigned high quality scores. However, there were fewer
overall errors, and bases with higher quality scores had fewer errors, in the mixed-population
dataset. For example, 50% of the base calls have quality scores corresponding to error rates of
roughly 0.02% or lower per base, and 75% have error rates below 0.04%, in the 2K mixed-
population sample. By comparison, 68% of bases in the 2K clone data have quality scores with
error rates below 0.04%, but only about 1% have error rates below 0.02%.

Distinguishing SNPs from sequencing errors

Our aim is to determine what diversity in a set of a whole-population genome sequences is due
to biological variation, as opposed to confounding mechanical errors and biases introduced
during DNA preparation and sequencing. We restrict our analysis here to single nucleotide
polymorphisms (SNPs), representing new mutations that have risen to a measurable frequency,
but not fixed, in a bacterial population at the time of sampling. While there is information about
deletions, insertions, and rearrangements in genome re-sequencing data, it is more difficult to
interpret in terms of population frequencies, and so we have not yet attempted to analyze these
other polymorphisms. Roughly 2/3 of the changes found in a more detailed analysis of the 20K
clone from this population were point mutations (Barrick et al. 2009).

After aligning the reads in each dataset to the reference genome, we employed a likelihood
ratio test to determine whether there was evidence of a SNP at each site. This test compares
the likelihood of observing the collection of bases at a site under the null hypothesis of no
genetic variation (i.e., all mismatches due to sequencing errors) to the maximum likelihood
possible under the alternative hypothesis that there is a mixture of two alleles in the population.
A much greater probability of the data given the alternative hypothesis indicates that the
population from which DNA fragments were sampled consisted of subpopulations with
different bases at this position. We report an E-value for each SNP prediction that is an estimate
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of its genome-wide significance, i.e., the likelihood ratio test p-value at a given site corrected
for multiple testing. An E-value thus also represents the approximate number of false-positive
predictions expected in a genome at a given significance level by chance.

Owing to the stochastic nature of both sequencing errors and sampling DNA fragments from
different individuals, a true polymorphism that has a 50% frequency in the population is far
more likely to achieve a significant E-value than one at 5%. We used simulated data with the
same coverage and quality score distributions as the 2K mixed-population sample to estimate
the chances of discovering polymorphisms at various frequencies in the population by our
procedure (Fig 3a). At an E-value threshold of 1, we expect to recover nearly all of the
polymorphisms with frequencies of 20-80%, roughly 50% of the polymorphisms present in
5% of the individuals, and only 1.6% of the polymorphisms at a frequency of 1%. Lowering
the E-value cutoff to 0.01 reduces the sensitivity by factors of 1.6 and 5.4 for finding
polymorphisms at frequencies of 5% and 1%, respectively.

In light of ever-improving technologies, we also investigated how better coverage and error
rates would affect the discovery of SNPs at very low frequencies in a population (Fig 3b). We
performed further simulations to address this issue, with a simplified model that assumes
uniform coverage and the same rate for all base errors (i.e., no differences in base quality). At
an E-value cutoff of 1, the threshold frequency for a 50% chance of SNP discovery drops from
8.9% to 0.63% as coverage increases from 30- to 1000-fold. Reducing the error rate by an order
of magnitude to 0.01%, does not affect the recovery of SNPs at 30-fold coverage and only
slightly improves the frequency for 50% detection probability to 0.36% at 1000-fold coverage.
This sensitivity analysis therefore predicts that increasing coverage would be more effective
for improving rare SNP detection than reducing the base error rate by a similar factor.

SNP predictions

We chose to examine SNP predictions below a relatively permissive E-value cutoff of 1 in
hopes of identifying real polymorphisms that were at low frequencies in the mixed-population
samples. We first discovered that there were many more SNP predictions at this significance
level than the average of 1 expected in each of the clone datasets, with the values ranging from
22 to 53 per clone (Table 1). Many of these predictions appear highly significant: 61 have E-
values < 0.01. During the outgrowth of a single cell it is highly unlikely that even a single
polymorphism will reach a frequency of >1%, as a mutation would have had to occur within
the first seven generations (i.e., 27 = 128 cell divisions). Furthermore, if mutations that arose
while culturing these samples after picking a clone were responsible for these SNP predictions,
we would expect many more in the 40K clone because it is a mutator with a ~100-fold elevated
mutation rate, yet we see about the same number in this clone as in any other.

Instead, the unexpectedly high rate of false-positive predictions in the clones appears to result
from sequencing or alignment errors that are outside the scope of our statistical model. Certain
genomic sites appear to be especially prone to these errors, as many of the exact same SNPs
are predicted in multiple samples and in sequence datasets from both the clone and mixed-
population runs. Fortunately, many of these spurious predictions can be recognized by two
kinds of biases. Base calls supporting the putative mutated base often have consistently lower
qualities than those supporting the reference base for these polymorphisms, and reads
supporting these SNPs are often derived largely or even exclusively from one strand of the
genomic sequence. We developed a bias filtering step to reject putative SNPs with these error
signatures. It reduces the number of predictions in clones to at most 8 per genome (Table 1)
and removes all but five clone predictions with E-values < 0.01. This filter does not, however,
eliminate any SNP predictions in the mixed-population samples thought to be real (see below).
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There are many more highly significant predictions in the mixed-population samples than in
the clones after bias filtering (Fig. 4). Every population dataset has at least one predicted SNP
with an E-value < 1072, whereas the best prediction in any clone has an E-value almost two
orders of magnitude higher. Even at 20K, where the mixed sample has fewer predicted SNPs
than the paired clone, one of the mixed-population SNPs is very highly significant. Our detailed
knowledge of the long-term experiment allows us to further evaluate these SNP predictions.
We believe that 49 of the 57 predicted SNPs in the 2K to 20K population samples (Table 2)
are probably both accurate and biologically important for the reasons presented below.

(1) Elevated dN/dS ratio—We expect most alleles that reach a high enough frequency in
the population to be detected as SNPs during the first 20,000 generations will be beneficial
mutations. Synonymous substitutions are likely to be neutral, and so an elevated ratio of non-
synonymous to synonymous mutations, dN/dS, provides evidence of positive selection. In the
ancestral genome there is a 20.4% chance that a random base substitution in a protein-coding
region is synonymous. There are 37 non-synonymous and 3 synonymous mutations in the
predicted SNPs from the pooled set of 2K to 20K mixed-population samples, which is a
significantly higher dN/dS ratio than expected by chance (one-tailed binomial test, p = 0.03).
In contrast, taking all putative SNPs in the 7 clone datasets together, there is no evidence that
their dN/dS ratio is elevated (p = 0.79).

(2) Mutator phenotype—We expect an increase the amount of genetic variation in this
population after a mutator phenotype evolved. Indeed, there is a dramatic increase in the
number of predicted SNPs, from an average of 11.4 in the 2K to 20K population samples to
364 and 1062, in the 30K and 40K samples, respectively. The mutT defect that evolved
specifically elevates the rate of A-T—C-G transversions, and so we also expect the SNPs in
the 30K and 40K samples to exhibit almost exclusively this sequence signature. In the 2K to
20K mixed-population samples 26.3% of the predicted SNPs are A—C or T—G changes. As
expected, there is an extremely significant shift in this fraction to 98.1% (one-tailed Fisher's
exact test, p = 1.0 x 10737) and 91.5% (p = 1.3 x 10-29) in the 30K and 40K population samples,
respectively.

(3) Selective sweeps reaching fixation—If our procedure finds true polymorphisms,
then we would expect some predicted SNPs to be mutations that were rising in frequency during
a selective sweep that would ultimately reach fixation. In fact, nearly half (26/57) of the
predicted SNPs in the 2K to 20K population samples are mutations that were later found at
100% frequency in the population. By contrast, none of the suspect SNP predictions from
clonal samples correspond to mutations that were fixed in the population or observed in other
clones.

(4) Unsuccessful mutations in genes where other alleles fixed—If our procedure
for SNP discovery is accurate, then we expect to find evidence for selective sweeps that failed
due to clonal interference. Consistent with that expectation, 5 predicted SNPs in the 2K to 15K
population samples are in genes where a different mutation fixed by 20,000 generations (Table
2). These transient polymorphisms probably represent alternative beneficial alleles at genes
under strong selection in the long-term experiment. Given that E. coli has ~4,000 genes and
that 26 predicted SNPs from this period did not reach fixation, there is only a small chance
(one-tailed Binomial test, p = 8 x 1077) of picking 5 or more SNPs at random in the 27 genes
with mutations that later fixed. Of the putative SNPs in clones, only 1 in 42 impinges on this
same set of 27 genes, which is not unlikely by chance (p = 0.25).

Among these unsuccessful mutations, the 10K mixed sample included two different SNPs at
adjacent bases upstream of the ompF gene. The ompF allele that eventually fixed is also in the
promoter region and appears as a SNP at 15K. Surprisingly, it has a highly deleterious effect
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when moved alone into the ancestral chromosome (D. Schneider and R.E.L, unpublished data).
The finding of two similar contending mutations provides compelling evidence that these
ompF mutations are actually beneficial in a genetic background that had become common by
10,000 generations. There are also transient SNPs affecting the pykF and icIR genes, each of
which eventually fixed a different allele.

(5) Other unsuccessful beneficial mutations—We would also expect some
unsuccessful lineages to have beneficial mutations in other genes. Two predicted SNPs in the
10K population (hsdM and maeB/talA) are clearly real because they were also present in the
10K clone genome, although this clone was off the main line of descent. Though we have no
direct evidence that other transient SNPs are biologically significant, it seems plausible that at
least 15 of them are beneficial in this environment. Eleven transient SNPs in the 2K to 20K
mixed-population samples occur in genes involved in processes thought to be key targets of
selection (Table 2) including cell wall synthesis, respiration, ribosomal function, and gene
regulation (Philippe et al. 2007;Philippe et al. 2009). For example, mrdA and mrdB are two
genes in the same operon involved in cell wall synthesis; a transient SNP in mrdB occurs in
the 2K population sample, while a mutation in mrdA has fixed in every population sample from
5K onward.

(6) Cross-feeding adaptations—The 4 remaining transient SNPs in the 2K to 20K mixed-
population samples, which occur in genes related to acetate and short chain fatty acids (SCFA)
metabolism (Table 2), may be cross-feeding adaptations. Three of these mutations were rare
and all of them were ultimately lost from this population. One is in the promoter region of the
acs gene, which encodes an enzyme for acetate utilization. A second is a non-synonymous
change in yaaH, which is predicted to have a role in acetate transport. The third and fourth
cause amino-acid substitutions in atoS and atoC, which together regulate an operon involved
in SCFA degradation. Two early transient SNPs in the icIR gene, which encodes a repressor
for glyoxylate bypass enzymes that are induced when E. coli grows on acetate or SCFAS, may
also promote cross-feeding interactions, even though a different mutation in icIR was
eventually adopted by the dominant lineage and fixed in the population by 20,000 generations.

It is possible that cross-feeding genotypes off the main line of descent may have persisted in
this population at low levels below our detection limit for SNPs, with occasional increases in
frequency, perhaps in association with other beneficial mutations. The presence of such cross-
feeding genotypes could explain the weaker frequency-dependent interactions observed in
populations other than the one with the stable polymorphism (Elena and Lenski 1997). None
of the potential cross-feeding alleles detected as SNPs remain at detectable frequencies in
successive samples, so we suspect that they were evolutionary dead ends in this population.
However, new cross-feeding genotypes could periodically re-evolve from the main lineage to
exploit that niche and, in turn, later go extinct (Rozen et al. 2005).

Changes in genetic diversity over time

Figure 5 summarizes the genetic diversity observed in mixed-population samples over time
and the tempo with which mutations were fixed in the population. The top panel shows the
origin and eventual fate of all the point mutations discovered in the 2K to 40K population
samples, while the bottom panel provides a visual summary of the main patterns in these data.

There was a great deal of allelic diversity in the 10K and 15K samples that was lost by 20K,
with the majority of SNPs at 15K becoming fixed in the 20K sample. This pattern seems to
indicate a deep branching between two main competing lineages, one of which prevailed and
the other of which went extinct. Additional support for this scenario comes from the clone
sequences. In particular, the 10K clone carried six mutations that were off the line of descent,

Cold Spring Harb Symp Quant Biol. Author manuscript; available in PMC 2010 June 23.



1duasnuey Joyiny vVd-HIN 1duasnue Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Barrick and Lenski

Page 10

including two SNPs that reached intermediate frequencies of ~33% in the 10K sample

(hsdM and maeB/talA). Meanwhile, five other mutations on the line of descent were present
in 40-60% of the 10K population sample. This diversity was slow to disappear, as these five
mutations that would eventually fix were still only at ~90% frequency in the 15K sample. After
that lineage finally prevailed, however, there was very little diversity in the 20K population
sample.

The mutational dynamics in this population changed dramatically after the mutator phenotype
evolved. SNP diversity and the rate at which point mutations fixed both increased dramatically
by 30,000 generations. Adaptation had already slowed substantially by this point in the long-
term evolution experiment (Lenski and Travisano 1994; Cooper and Lenski 2000). The rate of
fitness improvement might have reaccelerated slightly with the emergence of the mutator —
that remains to be determined — but previous experiments indicate that any such acceleration
is likely to be rather small given the fairly large population size and correspondingly short
waiting-time for new beneficial mutations (Sniegowski et al. 1997; de Visser et al. 1999).
Although we have population samples at only two time points after the mutator phenotype
evolved, the data indicate a dramatic and on-going increase in the standing genetic diversity,
and it will be interesting to see whether it continues to increase.

CONCLUSIONS

When analyzing diversity in a mixed-population sequence datasets one must distinguish real
polymorphisms from sequencing errors. We have demonstrated that it is possible to identify
many SNPs in an evolving E. coli population from micro-read data on a genome-wide scale
with 50-fold average coverage of the ancestral genome. In this focal population from a long-
term experiment, we were able to discover mutations that were casualties of clonal interference,
follow lineages with multiple beneficial mutations as they swept to fixation, watch presumably
neutral diversity dramatically increase after a mutator phenotype evolved, and detect minority
lineages that may represent transient adaptations to cross-feeding niches.

One limitation of the current study is that we only identified SNP diversity. It should be
straightforward to extend our current approach to predict polymorphisms involving short indels
that can be recognized as gaps in read alignments to the reference genome. However, it will
be more challenging to predict the population-wide frequencies of large deletions and
duplications, IS insertions, and chromosomal rearrangements, even when they can be readily
identified in single-genome samples. Fluctuations in read coverage across the genome will tend
to obscure the boundaries of polymorphic deletions and make it difficult to ascertain what level
of coverage represents a given population frequency. Similarly, even when it is possible to find
reads or read pairs spanning new sequence junctions, such as those that result from an IS
insertion, differences in the probabilities of identifying reads supporting the new and ancestral
junctions will confound calculating the prevalence of a mutation.

Nevertheless, as sequencing technologies advance it will become possible to reliably detect
more types of mutations and much rarer genetic variants within a population. We anticipate
that analyzing fine-scale time series of whole-population samples will reveal new intricacies
of evolutionary dynamics. Where it was previously necessary to use a linked genetic marker
to follow evolutionary trajectories (Rozen et al. 2002; Hegreness et al. 2006), native mutations
will become their own markers, limited only by our ability to detect them when rare. It should
be possible to infer the relative fitness of different lineages and to predict linkage relationships
from correlations in allelic frequencies over time. Detailed analyses of evolutionary potential
that reconstruct the fitness effects of accessible beneficial mutations will also become possible.
One can then begin to examine how standing diversity, evolutionary trajectories, and the
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distribution of selection coefficients change after a shift in the environment or when a
population invades a new ecological niche (Blount et al. 2008).

The fundamental evolutionary phenomena that can be studied with these techniques also occur
in other systems, including in vitro directed evolution experiments with populations of DNA
and RNA molecules (Joyce 2007). A microbial population-genetic perspective on diversity
also has applications and relevance for medicine. Emerging pathogens and hazardous
biological agents such as anthrax spores can be traced by the fingerprint of rare variants unique
to a sample (Read et al. 2002; Lenski and Keim 2005). Chronic populations of pathogenic
bacteria, such as those infecting cystic fibrosis patients, evolve in a similar manner to the
populations studied here (Oliver et al. 2000). Less obviously, there are also commonalities with
the progression of cancer, wherein a cell lineage begins uncontrolled clonal proliferation and
accumulates mutations that enable cells to better compete for limited resources in the body.
Indeed, next-generation sequencing is already being used to profile cancer diversity in single
genes (Campbell et al. 2008), and whole-genome studies are on the horizon. Laboratory
experiments with microbes are a particularly useful starting point for understanding the
evolutionary underpinnings and implications of within-population diversity.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Expected dynamics in an evolving bacterial population

Lineages with new beneficial mutations are depicted as shaded wedges that originate in a
previous genetic background and rise in frequency as they outcompete their ancestor and other
lineages (Muller 1932). The same shading indicates lineages have equivalent fitnesses, and the
path to the final dominant genotype containing five mutations is highlighted by the light gray
curve. This figure was produced using a simulation with population size and mutation
parameters meant to model the first 600 generations of the E. coli long-term evolution
experiment (Woods 2005). Notice how the level of genetic diversity changes over time. Early
on, a new beneficial mutation sweeps to fixation and the population has little diversity (a).
Later, four lineages with different mutations coexist at appreciable frequencies for a time (b)
before the descendants of one lineage become a majority (c).
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Figure 2. Example coverage distribution and base error rates

The 2K mixed-population sample is displayed as representative of the sequence datasets. (a)
The distribution of the number of ancestral genomic positions with a given read coverage depth
(open circles) is over-dispersed relative to a Poisson model (dashed line) but is fit reasonably
well by a negative binomial model (solid line). Repeat regions were excluded from this
analysis. (b) The probability of a base error at a given quality score estimated from the number
of observed mismatches in reads aligned to the reference genome usually decreases as a higher
quality score is assigned to a base. Bases assigned a quality score of 10 had an anomalously
high error rate in this dataset. The accompanying histogram shows that most bases in the dataset

Cold Spring Harb Symp Quant Biol. Author manuscript; available in PMC 2010 June 23.

bases (x107)



1duosnuey Joyiny vd-HIN 1duosnuey Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Barrick and Lenski Page 16

had high quality scores. Bases assigned a quality score of 40 do not appear on the log scale
because they had zero errors.
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(a) Estimates of the probability that our statistical procedure would detect SNPs present at
various frequencies in a mixed-population sample at different E-value cutoffs. For these
calculations, the coverage and quality score distributions were those of the mixed-population
2K sample. (b) Estimates of sensitivity improvements possible by increasing sequencing
coverage and by reducing the rate of base errors. For these calculations all sites had uniform

coverage and the same error rate for all bases.
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Figure 4. SNP predictions
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the bias filtering step are plotted for each dataset. Each panel contains a generation-paired
mixed-population sample (squares and solid lines) and clone (circles and dashed lines), except
there is only a clone at OK and only a mixed population at 30K.
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Figure 5. Mutational diversity in an evolving E. coli population

(a) Origin and eventual fate of point mutations in the 2K to 40K mixed-population samples.
New mutations that first appear as SNPs or fixed alleles are shown as asterisks along the bottom
or top, respectively, with arrows leading to the corresponding pools of SNPs and fixed
mutations. Transient SNPs that were lost from the population are shown by descending lines
ending in closed circles. Note that we only detect SNPs when they are between roughly 4%
and 96% frequency in the population, and that we only recover approximately 50% of the SNPs
at 5% frequency. Only the 49 SNP predictions in Table 2 were included for the 2K to 20K
samples. (b) Stylized summary of the mixed-population SNP analysis. Shaded wedges
represent subpopulations containing new mutations relative to the previous genetic
background. Mutations are grouped to highlight their eventual fates, but we do not always have
linkage information to resolve which SNPs occurred together. Labeled features are explained
in the text.
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Table 2
SNPs of particular biological interest

For selected SNPs in the mixed-population samples, the negative base-10 logarithm of the E-value, maximum-
likelihood prediction of the frequency of the derived allele in the population, and gene (e.g., araJ) or intergenic
region (e.g., rspA/ynfA) containing the SNP are shown. Samples where the same mutation was fixed (within
statistical resolution) in a mixed-population sample (M) or present in a sequenced clone (C) at a given generation
are marked in the notes column, with a plus sign further indicating that the mutation was also found in all later
samples, and asterisks marking a few SNPs that appeared (erroneously, owing to statistical uncertainty) to have
been fixed in earlier population samples. Other mutations are likely to be beneficial because they are in the same
gene or promoter region as mutations that later swept to fixation in this population (new allele), probably affect
cellular processes known to be targets of selection in this experiment (cell wall, respiration, ribosome, regulation),
or possibly improve growth on metabolic byproducts (acetate, SCFA). A complete list of all predicted SNPs that
includes further details is available on the author's website (https://myxo.css.msu.edu/papers/)

—logyo E Freq Gene Notes
2K mixed-population sample
16.7 10.0% mrdB cell wall
12.2 12.8% mreB cell wall

12.2 14.8% yegl M5K+ C5K+
6.4 6.9% pykF new allele
4.2 10.1% hslU M5K+ C5K+
0.6 4.4% iclR new allele

5K mixed-population sample
51 94.4% infB M10K+ C5K+
3.9 92.9% malT M10K+ C5K+
25 6.8% atoC SCFA
17 94.9% spoT *M2K+ C2K+
10K mixed-population sample
80.8  45.6% yghd M20K+ C10K+
77.0 33.1% hsdM C10K
72.8 61.6% rpsM M20K+ C10K+
69.9 43.2% aral M20K+ C10K+
65.2 53.8% yhdG/fis M20K+ C10K+
64.4 34.1% acs/nrfA acetate
60.1 57.3% rpsA ribosome
49.0 39.0% yedW/yedX M20K+ C10K+
443 33.1% maeB/talA C10K
234 16.2% nuoM respiration
20.7 13.6% nuoG respiration
20.3 23.0% elaD synonymous
49 9.8% ompF/asnS new allele
3.8 8.1% nadR M15K+ C15K+
3.8 10.3% ompF/asnS  new allele
3.4 9.8% iclR/metH  new allele
29 8.7% leuO/ilvl regulation
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—logyo E
2.3

Freq Gene
5.5% atoS

15K mixed-population sample

31.3
10.5
6.8
5.2
4.8
4.6
4.0
3.9
2.3
2.1
2.0
1.8
1.8
11
1.0
0.8
0.6
0.4
0.0

82.8% iclR
90.6% rpsM
91.2% pcnB
90.3% arcB
94.7% infB
91.9% dhaM
94.5% aral
91.3%  narl/ychS
4.1% yaaH
95.8% yghJ
7.7%  ydiVinlpC
91.2%  ompF/asnS
7.6%  ychX/ycbY
93.9%  yhdG/fis
95.9%  yedW/yedX
5.9% gyrB
95.2% yegl
4.6%  rspAlynfA
95.6% ebgR

20K mixed-population sample

40.0
1.3

35.3% hypF
5.6% mgrB/yobH

Notes

SCFA

M20K+ C15K+
M20K+ C10K+
M20K+ C15K+
M20K+ C15K+
*M10K+ C5K+
M20K+ C15K+
M20K+ C10K+
M20K+ C15K+
acetate

M20K+ C10K+
regulation
M20K+ C15K+
ribosome
M20K+ C10K+
M20K+ C10K+
regulation
*M5K+ C5K+
regulation

M20K+ C15K+

C20K+

regulation

Cold Spring Harb Symp Quant Biol. Author manuscript; available in PMC 2010 June 23.

Page 22



