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Abstract
Because errors at the DNA level power pathogen evolution, a systematic understanding of the rate and molecular
spectra of mutations could guide the avoidance and treatment of infectious diseases. We thus accumulated tens
of thousands of spontaneous mutations in 768 repeatedly bottlenecked lineages of 18 strains from various geograph-
ical sites, temporal spread, and genetic backgrounds. Entailing over ∼1.36 million generations, the resultant data
yield an average mutation rate of ∼0.0005 per genome per generation, with a significant within-species variation.
This is one of the lowest bacterial mutation rates reported, giving direct support for a high genome stability in
this pathogen resulting from high DNA-mismatch-repair efficiency and replication-machinery fidelity.
Pathogenicity genes do not exhibit an accelerated mutation rate, and thus, elevated mutation rates may not be
themajor determinant for the diversification of toxin and secretion systems. Intriguingly, a low error rate at the tran-
script level is not observed, suggesting distinct fidelity of the replication and transcription machinery. This study
urges more attention on the most basic evolutionary processes of even the best-known human pathogens and dee-
pens the understanding of their genome evolution.
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Introduction
Salmonella enterica subsp. enterica (subsequently referred
to as S. enterica) is one of the major bacterial food-
poisoning pathogens, causing frequent gastroenteritis out-
breaks and tens of thousands of deaths per year, and is
closely monitored by disease control and prevention agen-
cies of most developed countries. As a model microorgan-
ism, this species is widely used in various biological studies
and for developing numerous bio-techniques, such as gene
editing, Ames mutagenicity testing, phenotypic, and mo-
lecular detection, etc. Genomic and evolutionary research
has also provided deep insights into the virulence, host
adaptation, and drug resistance of S. enterica (Parkhill

et al. 2001; Roumagnac et al. 2006; Holt et al. 2008;
Langridge et al. 2015).

One recent pan-genome study using ancient and mod-
ern S. entericaDNA sequences showed that only a few gen-
omic changes occurred in a lineage over about 3000 years,
implying an unusually low evolutionary rate compared
with other bacteria (Zhou et al. 2018). It has also long
been felt that S. enterica is less prone to mutations
than Escherichia coli when treated with UV or other
DNA-damaging agents, perhaps because of the higher rep-
lication fidelity of DNA polymerase V during the SOS re-
sponse (Koch et al. 1996; Kokubo et al. 2005). Also
differing from many other bacteria, S. enterica is thought
to have a low level or no recombination, especially within
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non-Typhimurium lineages (Didelot et al. 2011).
Nonetheless, one pioneering mutation-accumulation
study on the model strain—S. Typhimurium LT2, reported
a spontaneous mutation rate of �0.003 per genome per
generation (9), a quite high mutation rate among
DNA-repair-functional bacteria studied with deep whole-
genome sequencing (table 1, blue). However, because
only one wild-type mutation-accumulation line with
4.9× depth of sequencing coverage was evaluated in this
study, when most advanced bioinformatic tools had not
been developed, the results were thus affected by false po-
sitives as pre-warned by the authors (Lind and Andersson
2008); a more thorough evaluation of the rate andmolecu-
lar spectrum of mutation is needed to systematically
evaluate the genome stability of S. enterica. Because
within-species mutation rate/spectrum variation is not
uncommon (Ness et al. 2015; Long, Behringer et al.
2016), such a study ought to involve multiple strains of dif-
ferent origins. A variance of de novo mutations could help
to understand mutation-rate determinants, how muta-
tions contribute to genome architecture evolution be-
tween closely related lineages, address the evolutionary
potential of populations, and so on (Francioli et al. 2015;
Ness et al. 2015; Lynch et al. 2016; López-Cortegano et al.
2021). Despite this, genome-wide studies on de novo
mutation-rate variance within-species, especially for uni-
cellular organisms including S. enterica, have been ex-
tremely rare and possibly barriered by the tremendous
amount of resources and time required for the experi-
ments and analyses (Ness et al. 2015; Wu et al. 2021).
Notably, the evolutionary mechanisms of pathogenicity
genes are still unclear, and whether such a variation that
is associated with unusual mutational features is also un-
known (Galán 2009; Galán et al. 2014; Journet et al. 2016;
Gao et al. 2017).

Thus, to unbiasedly evaluate the spontaneous muta-
tions of this important pathogen, we performed large-scale
mutation-accumulation experiments combined with deep
whole-genome sequencing (MA-WGS) on 18 S. enterica
strains of eight serovars and from world-wide collection
sites, including three DNAmismatch repair (MMR) knock-
out strains (table 2, supplementary dataset S1: table S1,
Supplementary Material online). For each strain, a large
number of parallel MA lines were initiated from a single
ancestral cell and cultured on rich and nonstressing media.
Each replicate subline was then repeatedly bottlenecked
by single-individual transfers for thousands of generations,
providing a setting in which genetic drift dominates selec-
tion and ample material for obtaining refined resolution of
the mutational landscape (Bateman 1959; Mukai and
Yamazaki 1964; Lynch et al. 2008; Halligan and Keightley
2009). Because spontaneous mutations are unbiasedly
fixed in each MA line, the intrinsic fidelity of replication
machinery and efficiency of the DNA mismatch repair sys-
tem are revealed.

Compared with extensive studies on DNA errors, that is,
genomic mutations, very few studies have focused on RNA
errors at the level of transcripts because of technical

hurdles to accurately detect in vivo transcript errors.
With the recent development of the rolling-circle
amplification-based sequencing (CirSeq) method (Lou
et al. 2013; Traverse and Ochman 2016; Gout et al. 2017;
Fritsch et al. 2021), cross-species comparisons of transcript
errors became available. However, a variance of the
transcript-error rate and molecular spectrum within one
species remains unexplored, which requires many strains
each with multiple replicates for highly accurate estimates.
Therefore, in parallel with theMA-WGS approach to inves-
tigate spontaneous mutations, CirSeq libraries were con-
structed for the ancestral strains to accurately identify
transcript errors and evaluate whether there is a within-
species variation in the rate and molecular spectrum of
transcript errors. Such explorations could also help to de-
velop the biophysical models for cellular stability and test
transcription-associated hypotheses.

Results
To quantitatively evaluate the GenomicMutation rate and
reveal within-species mutation-rate variation, we ran MA
experiments on 18 S. enterica strains, with a total of 768
MA lines (48 MA lines for each of the 15
MMR-functional strains, performed in two batches; 16
for each of the three MMR-dysfunctional strains).
Summing over all sublines, a total of 1,359,047 generations
was involved (table 2, supplementary dataset S1: table S1,
Supplementary Material online). All final MA lines and
the corresponding ancestral lines of each strain were
subjected to deep Illumina PE150 genome sequencing
(supplementary dataset S1: tables S2–S19,
Supplementary Material online), leading to a 116.87×
(SE: 9.06) mean depth of sequencing coverage, and an aver-
age 90.02% (SE: 1.53%) of the genome covered with high-
quality reads, using the chromosome sequence of the type
and model strain S. Typhimurium LT2 as the reference.
Experimental details are listed in table 2, Materials and
Methods, and supplementary dataset S1: tables S2–S19,
Supplementary Material online. Since lethal or heavily
deleterious mutations could be lost even under the ex-
treme bottleneck effect of MA transfers and if mean fitness
costs of mutations are high, mutation accumulation could
be biased by purifying selection. To test this, for the
MA dataset of each strain, we compared the nonsynon-
ymous:synonymous mutations ratio with the random ex-
pectation—nonsynonymous:synonymous mutation sites
ratio of the genome, and did not detect any sign of
mutations being biased by purifying selection in any strain
(supplementary dataset S1: table S20, Supplementary
Material online); the mean effective population size (Ne)
was �14, confirming again that genetic drift dominated
selection during the experiments (table 2).

To evaluate transcript errors, we applied a modified
CirSeq library construction protocol and Illumina SE300
sequencing on 72 RNA samples (four replicates for each
of the 18 strains), generating an average of 5.69× 107

(SE: 0.58× 107) bases per sample. After applying quality-
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control filters and preliminary analyses, 680 total MA lines
and 48 CirSeq samples for transcript-error analyses were
used for final analyses (table 2, supplementary dataset
S1: tables S2–S19, S21, Supplementary Material online),
with library-failed and/or low depth-of-coverage lines ex-
cluded (supplementary dataset S1: table S22,
SupplementaryMaterial online). The details of all base-pair
substitutions (BPS), small indels, and transcript errors are
shown in figure 1 and supplementary dataset S1: tables
S23–S25, Supplementary Material online, and their
genome-wide distribution is outlined in figure 2.

Low Genomic Mutation Rate
Genomic mutation rates of the 15 world-wide
MMR-functional strains are shown in figure 1 and
supplementary dataset S1: tables S2–S16, Supplementary
Material online. Analysis of variance (ANOVA) of the
among-line variance of the genomic mutation rate reveals
significant differences (ANOVA: F = 2.82, P= 0.0004). A
further Tukey test shows that the mutation rate of
Typhimurium LT2 is significantly higher than those of an-
other three Typhi strains (Typhi CDC9228-77: P= 0.0003;
Typhi PNG31: P= 0.0034; Typhi CDC382-82: P= 0.0087;
fig. 1). Thus, the mutation rate varies within S. enterica.
The accumulated mutations across all 15 strains yield a

mean BPS mutation rate of 1.14× 10−10 per nucleotide
site per generation (SE: 0.08× 10−10), or 5.54× 10−4 (SE:
0.40× 10−4) BPS mutations per genome per generation,
one of the lowest mutation rates among studied bacteria
(table 1 and fig. 3A). Because S. Typhi specifically infects
human hosts, causing typhi fever, we wondered whether
Typhi strains show differences in mutational features rela-
tive to those in other serovars. Eight of the 15
MMR-functional strains that we studied are of the Typhi
serovar, either model or natural ones (table 2 and fig. 3B,
supplementary dataset S1: tables S8–S15, Supplementary
Material online). There is no significant difference in the
overall mutation rates of Typhi strains (ANOVA, F=
2.07, P= 0.05; fig. 1).

Because the Type III secretion system of S. enterica plays
a major role in virulence, enabling the injection of effector
proteins into the cytoplasm of host cells, we specifically
queried whether the genes of the Salmonella pathogenicity
islands (SPI—genomic “islands” containing the virulence
genes) (Blanc-Potard et al. 1999; Hensel 2000; Lostroh
and Lee 2001) spontaneously mutate at different rates
from other genomic regions. To test this, genes hit
with BPSs in MMR-dysfunctional S. Typhimurium LT2
strains (ΔmutS, ΔmutL, ΔmutH) were pooled to increase
statistical power (supplementary dataset S1: table S26,
Supplementary Material online). We found no difference

Table 1. The Base-Pair Substitution (BPS) Mutation Rates of Bacteria Estimated with MA-WGS.

Species μ Lower CI Upper CI Genome size (Mbp) Data sources

Photorhabdus luminescens 3.05 2.40 3.87 5.17 Pan et al. (2021)
Vibrio cholerae 4.38 3.59 5.12 4.03 Dillon et al. (2017)
Pseudomonas aeruginosa 5.18 3.75 6.92 6.53 Dettman et al. (2016)
Rhodobacter sphaeroides 5.33 4.37 6.44 4.56 Long, Sung, et al. (2018)
Salmonella enterica 5.54 5.12 5.98 4.86a This study
Janthinobacterium lividum 6.08 4.98 7.36 4.98 Long, Sung, et al. (2018)
Pseudomonas fluorescens 6.25 5.51 7.07 6.72 Long, Miller, et al. (2018)
Ruegeria pomeroyi 6.40 5.45 7.46 4.60 Sun et al. (2017)
Micrococcus sp. 8.02 6.86 9.32 2.52 Long, Sung, et al. (2018)
Vibrio fischeri 8.85 7.71 10.10 4.27 Dillon et al. (2017)
Burkholderia cenocepacia 10.24 9.00 11.61 7.70 Dillon et al. (2015)
Escherichia coli 10.35 8.19 12.89 4.64 Long, Miller, et al. (2016)
Staphylococcus aureus 12.17 10.77 13.70 2.78 Long, Sung, et al. (2018)
Caulobacter crescentus 13.99 12.34 15.80 4.04 Long, Sung, et al. (2018)
Bacillus subtilis 14.08 12.64 15.64 4.29 Sung et al. (2015)
Deinococcus radiodurans 15.00 14.80 18.10 3.28 Long, Kucukyildirim, et al. (2015)
Arthrobacter sp. 15.46 14.06 16.95 4.86 Long, Sung, et al. (2018)
Agrobacterium tumefaciens 16.57 15.03 18.22 5.67 Sung et al. (2016)
Staphylococcus epidermidis 18.49 16.44 20.73 2.50 Sung et al. (2016)
Kineococcus radiotolerans 18.57 16.46 20.88 4.76 Long, Sung, et al. (2018)
Gemmata obscuriglobus 21.81 18.87 25.07 9.16 Long, Sung, et al. (2018)
Flavobacterium sp. 22.94 21.11 24.89 5.87 Long, Sung, et al. (2018)
Salmonella enterica 34.00 19.03 56.08 4.95b Lind and Andersson (2008)
Mycobacterium smegmatis 36.00 34.40 39.38 6.99 Kucukyildirim et al. (2016)
Lactococcus lactis 43.28 40.35 46.36 2.60 Long, Sung, et al. (2018)
Colwellia psychrerythraea 45.03 40.72 49.66 5.37 Long, Sung, et al. (2018)
Mesoplasma florum 77.58 71.22 84.35 7.93 Sung et al. (2012)

NOTE.—Species are low to high ordered by mutation rate. The words in bold show the data from this study, and those in blue demonstrate another critical data published
previously.
aGenome size does not include the plasmid.
bGenome size includes the plasmid. CI, 95% Poisson confidence intervals, recalculated if not reported; μ, BPS rate. BPS rate and Poisson confidence intervals are in×10−4 BPS
mutations per genome per generation.
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in the incidence of mutations in SPI versus non-SPI genes,
3.82× 10−8 (CI: 3.15× 10−8–4.58× 10−8) versus 3.78×
10−8 (3.70× 10−8–3.86× 10−8) per site per generation,
respectively (Mann–Whitney U test, P= 0.26). Thus, SPI
evolution is not accelerated by mutation-rate inflation.
To find out other evolutionary forces shaping the SPI evo-
lution of natural strains, we also retrieved pathogenicity
genes of 265 S. enterica natural strains with complete

genomes from the NCBI Genome database
(supplementary dataset S1: table S27, Supplementary
Material online) and calculated dN/dS (the ratio of nonsy-
nonymous to synonymous SNP rates) of each gene. The
mean dN/dS is 0.38 (SD: 0.18; excluding the outlier gene
SseD-Secretion system effector D, with dN/dS� 16;
supplementary dataset S1: table S28, Supplementary
Material online), consistent with previous estimates on all

Table 2. General Information of S. enterica in This Study.

Serovar Strain Catalog No. n cov Sites G BPS m ts/tv Indels Errors Ne

Agona BAA-707(T) BAA-707 43 113 4.38 2034 54 1.66 1.57/8.46 9(7,2) 700(3) 14
Bareilly 9115(H) ATCC9115 45 83 4.46 2037 50 2.90 0.79/5.74 11(8,3) 1470(3) 14
Dublin 2469(Q) SGSC2469 42 88 4.45 2040 47 4.14 1.61/7.09 6(4,2) 977(3) 14
Enteritidis LJH608(I) BAA-1045 43 76 4.40 1960 47 2.56 2.36/7.92 2(2,0) 784(3) 13.5
Newport C487-69(P) ATCC27869 40 96 4.49 2118 50 4.20 1.17/6.49 4(3,1) 2037(3) 14.5
Paratyphi A 9150(J) ATCC9150 43 106 4.22 2031 45 2.21 1.25/5.18 3(3,0) 1402(3) 13.5
Typhi ST1(D) SGSC2728 44 125 4.24 1988 36 1.53 1.12/6.30 3(1,2) 1686(3) 13.5
Typhi CT18(E) SGSC4072 41 98 4.24 1984 49 1.57 1.58/5.80 5(2,3) 1924(4) 13.5
Typhi Ty2(F) SGSC2666 44 116 4.24 1946 35 3.10 1.06/6.39 6(2,4) 1405(3) 13
Typhi PNG31(G) SGSC3194 44 121 3.52 1984 23 1.20 0.92/6.11 8(5,3) 1543(3) 13.5
Typhi CDC3137-73(L) SGSC2660 44 123 4.25 1970 39 1.29 1.05/6.39 3(3,0) 1802(3) 13.5
Typhi CDC1707-81(M) SGSC2661 45 116 4.25 1954 42 1.74 1.33/5.58 6(4,2) 856(3) 13.5
Typhi CDC382-82(N) SGSC2664 42 131 4.20 1994 28 1.63 6.00/5.74 8(6,2) 1422(3) 14
Typhi CDC9228-77(R) SGSC2657 42 127 4.13 1923 20 2.70 5.67/5.51 4(1,3) 1420(4) 13
Typhimurium LT2(K) ATCC19585 47 139 4.81 2000 80 2.34 1.22/5.59 6(4,2) 712(2) 13.5
Typhimurium LT2 ΔmutH(C) SGSC1350 12 99 4.81 2079 4287 0.56 70.45/– 220(54,166) – 14
Typhimurium LT2 ΔmutL(A) SGSC1348 10 94 4.80 2002 2817 0.81 60.24/– 186(65,121) – 13.5
Typhimurium LT2 ΔmutS(B) SGSC1349 9 254 4.81 2002 2349 0.67 64.25/6.65 183(59,124) 130(2) 13.5

NOTE.—BPSs, total number of base-substitution mutations in all MA lines; Catalog No., catalog numbers from American Type Culture Collection (strain name starting with
ATCC or BAA) or Salmonella Genetic Stock Center (starting with SGSC); cov, mean depth of sequencing coverage; G, mean number of generations of MA lines; Errors, total
number of transcript errors, number of replicates is in parentheses; Indels, total number of indel mutations in all MA lines;m, mutation bias (μG/C→A/T/μA/T→G/C) in the A/T
direction; n, number of MA lines; Sites, mean number of sites with reads covered, in Mbp; Strain, strain names with MA group letter in parentheses; ts/tv, the ratios of tran-
sition to transversion mutations/transcript errors; Ne, the effective population size of the MA lines, estimated by the harmonic mean method.

FIG. 1. Rates and distribution of mutations and transcript errors of the 15 MMR-functional Salmonella enterica strains. (Left) The phylogenetic
relationship of the strains based on whole-genome SNPs. (Center) The genome-wide distribution of mutations for each strain (the upper row
with sparse colored bars) and transcript errors (the lower row with dense colored bars). (Right) Heat map showing for each strain BPS mutation
rates× 10−10 per site per generation; indel mutation rates× 10−10 per site per generation; and transcript-error rates× 10−6 per site per
transcription.
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genes in the genome (0.66+ 0.05) (Holt et al. 2008), sup-
porting purifying selection. All the above demonstrates
that pathogenicity genes generally do not exhibit elevated
mutation rates and are under purifying selection.

Among the mutation spectra of the 15MMR-functional
strains, we find significant differences in G:C→A:T transi-
tion rates between Typhimurium LT2 and Typhi PNG31
(ANOVA, F= 1.80, P= 0.04; Tukey test, P= 0.02)
(fig. 3B), indicating that there is a within-species variation
in mutation spectrum. The mutation spectrum based on
the pooled BPS mutations of these strains, shown in figure
3B, has features similar to those documented for many

other bacteria, including: (1) transitions dominating trans-
versions (transition to transversion ratio: 1.91, SE: 0.42); (2)
mutations being biased in the A/T direction (mutation
bias-μG/C→A/T/μA/T→G/C: 2.32, SE: 0.41), consistent with
the A/T mutation bias found in most other bacteria; and
(3) methylated sites do have elevated mutation rate
(supplementary dataset S1: table S29, Supplementary
Material online) (Lynch and Walsh 2007; Hershberg and
Petrov 2010; Lee et al. 2012). The BPS mutation rate of
1.02× 10−10 (SE: 0.07× 10−10) in coding regions is signifi-
cantly lower than the 2.11× 10−10 (SE: 0.22× 10−10)
observed in intergenic regions (fig. 3C), which indicates

FIG. 2. Genome-wide distribution of mutations. Circles from outside to inside (different colors of lines and backgrounds are only for contrast
purposes): orange, genomic coordinates in Mbp; blue with red outlines, the number of mutations per 4.86-kbp bin (the whole genome contains
1,000 bins), with mutations pooled from MA lines of all three MMR-deficient S. Typhimurium LT2 strains (ΔmutS, ΔmutL, ΔmutH); green with
yellow bars, the number of mutations per 4.86-kbp bin, mutations are pooled from MA lines of all 15 MMR-functional strains (table 2), the gray
blocks in the green circle represent regions without reads covered in most non-LT2 wild-type strains; the genomic distribution of mutations in
S. Typhimurium LT2 ΔmutL, ΔmutS, ΔmutH, all the MMR-functional strains (the four groups of colored tiles from outside to inside)—red, gray,
blue, green, purple, and black tiles mark different types of base-substitution mutations—A:T→C:G, A:T→G:C, A:T→ T:A, G:C→A:T, G:C→C:
G and G:C→ T:A, respectively, note that five single tiles were jittered from the tiles below due to overlapping or being too close with other
mutations. ORI, origin of replication; TER, replication terminus.
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that coding regions are less susceptible to mutations than
intergenic regions, consistent with the observation in
Escherichia coli (Lee et al. 2012) (supplementary dataset
S1: table S30, Supplementary Material online). The

nonsynonymous/synonymous mutation ratios of most
strains are not significantly different from the random ex-
pectations (supplementary dataset S1: table S20,
Supplementary Material online), and thus, there is no sign

FIG. 3.Mutation and transcript-error comparison between different genomic regions, strains, or species. (A) The genome size, base-substitution
rate (per genome per generation) and effective population size (Ne) of bacteria studied with MA-WGS (Dettman et al. 2016; Lynch et al. 2016;
Long, Sung, et al. 2018; Pan et al. 2021). 1—Agrobacterium tumefaciens C58; 2—Bacillus subtilisNCIB 3610; 3—Burkholderia cenocepaciaHI2424; 4
—Escherichia coli K-12 MG1655; 5—Photorhabdus luminescens ATCC29999; 6—Pseudomonas aeruginosa PA14; 7—Salmonella enterica (dark
symbol uses Ne from this study; 7′ light symbol uses Ne from Bobay and Ochman, 2018); 8—Staphylococcus epidermidis ATCC 12228; 9—Vibrio
cholerae 2740-80. (B and E) Mutation and transcript-error spectra of the MMR-functional strains; all—refers to all the strains; Typhi—eight
strains of the Typhi serovar; others—represents seven non-Typhi strains. (C ) The comparison of BPS mutation rates, indel mutation rates,
and transcript-error rates of all MMR-functional strains; CDS, coding sequences; ncRNA, noncoding RNA; Intergenic, genomic regions with cod-
ing sequences and noncoding RNA excluded. (D) The spectra of mutations and transcript errors in MMR-functional versusΔmutS Typhimurium
LT2. (F ) The molecular spectra (per site per transcription) of transcript errors in the coding sequences of E. coli K-12 MG1655 versus S. enterica—
based on transcript errors pooled from the 15 MMR-functional strains. All error bars are standard errors of the mean.
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of purifying selection biasing the coding-region mutation
rate. To exclude the possibility that this is caused by
differences in nucleotide composition, we normalize the
mutation rates by taking the GC contents of different re-
gions into consideration (Long, Sung, et al. 2015); the BPS
mutation rates are then 9.81× 10−11 (CI: 8.96× 10−11–
1.07× 10−10) and 2.25× 10−10 (CI: 1.90× 10−10–2.65×
10−10) in coding and intergenic regions, respectively.
Intergenic regions are indeed more mutable than coding
regions. This might be associated with the possible
transcription-associated DNA repair systems and needs fur-
ther exploration.

The overall mutation rate for small indels is estimated
to be 0.15× 10−10 (SE: 0.02× 10−10), about 13% of the
BPS rate, with a bias to deletions (insertion bias μinsertion
rate/μdeletion rate: 0.80) (table 1, supplementary dataset S1:
table S31, Supplementary Material online). Knocking out
the MMR decreases the indel-rate/BPS-rate ratio to
6.38%, inferring that the MMR preferentially repairs BPS
than the indels. There is no significant indel-rate difference
among strains (ANOVA, F= 1.24, P= 0.24); 36.90% of in-
dels occur in simple sequence repeats (SSR) regions for
all the MMR-functional strains, whereas 95.25% for
MMR-deficient strains do so, that is, the indels are prone
to be repaired in repeat regions (supplementary dataset
S1: table S24, Supplementary Material online). In contrast
to the BPS mutations, the indels do not show locational
bias with respect to coding versus intergenic regions (fig.
3C, supplementary dataset S1: table S30, Supplementary
Material online).

Influence of DNA Mismatch Repair on Mutations
Comparing the mutational features of MMR+ and MMR−

strains helps to reveal the specificity of DNA repair and
mutagenesis bias of premutations (mutations prior to
the DNA repair) (Long, Miller, et al. 2018). To study
this, MA experiments were performed with the MMR+

S. Typhimurium LT2 strain and another three MMR-
dysfunctional strains (ΔmutS, ΔmutL, ΔmutH) derived
from LT2, where 80, 2349, 2817, 4287 BPSs were detected,
respectively (table 2). Similar to all studied bacteria, the
mutation rates of MMR-deficient strains follow a wave-like
distribution, with the highest mutation rates around 3 and
9 o’clock of the genome and lowest at the origin of repli-
cation, nucleotides with flanking G or C contexts do have
elevated mutation rate than those without, for example,
the A flanked with G and C could be �47× higher in mu-
tation rate than the G flanked by A and T (fig. 2,
supplementary dataset S1: table S32, and figs. S1, S2,
Supplementary Material online) (Lee et al. 2012; Foster
et al. 2013; Long, Sung, et al. 2015; Sung et al. 2015).

As in most other studied bacteria, the MMR of
S. Typhimurium LT2 preferentially repairs transitions, es-
pecially A:T→G:C (fig. 3D): MMR repair-efficiencies for
transitions and transversions (calculated by (ΔmutSmuta-
tion rate−wild-type mutation rate)/ΔmutS mutation
rate) are 99.65% and 81.18%, respectively, and the repair

efficiency for the A:T→G:C transitions is the highest—
99.88% (supplementary dataset S1: table S33,
Supplementary Material online). As a consequence, knock-
ing out the MMR elevates the transition to transversion ra-
tio by �34× (fig. 3D, supplementary dataset S1: table S33,
Supplementary Material online). The overall BPS mutation
rate under the MMR deficiency is about 174× higher than
under the MMR functionality, that is, 0.58% (SE: 0.06%) of
the premutations escape the MMR. This is a relatively high
MMR repair efficiency among bacteria, for example, 0.94%
(SE: 0.11%) in E. coli, and knocking out the MMR elevates
its mutation rate by 104× (Long, Miller, et al. 2018).
0.52% (SE: 0.06%) BPS escaping the MMR in coding regions
is slightly lower than 1.08% (SE: 0.28%) in intergenic re-
gions, demonstrating again the low susceptibility of coding
regions to base-substitution mutations at the DNA repair
level.

For indels, the MMR deficiency elevates the mutation
rate by a factor of 148×, implying the repair of �99.32%
(SE: 0.28%) of all preindel mutations by the MMR.
Similar to the findings in most other studied bacteria,
the MMR also repairs insertions at slightly higher efficiency
than deletions (0.33% escape MMR, SE: 0.23% vs. 1.47%, SE:
0.74%) (Long, Miller, et al. 2018). The indels falling in SSRs
are repaired at an efficiency of 99.76% (SE: 0.17%), higher
than those in the non-SSR regions, 90.43% (SE: 5.11%).
The indels falling in coding regions are repaired at similar
efficiency to those in the intergenic regions (98.33%, SE:
0.84% vs. 98.95%, SE: 0.75%), a pattern different from
that of the BPSs.

A Low Error Rate at the Transcript Level is Not
Observed
From the successfully sequenced 48 CirSeq samples of 16
strains, we detected a total of 20,270 transcript errors
(table 2, supplementary dataset S1: table S25,
Supplementary Material online). Transcript errors of the
15 MMR-functional strains yield a mean transcript-error
rate estimate of 7.38× 10−6 per site per transcription,
without a significant within-species variation (SE: 0.21×
10−6; ANOVA: F= 0.93, P= 0.54; fig. 3E). The gene-specific
transcript-error rates do not correlate with the expression
level, consistent with the mutation rate versus the expres-
sion level (supplementary fig. S3, Supplementary Material
online). We do not detect any correlation between muta-
tions and transcript-error rates across all surveyed loci (r=
−0.01, P= 0.68), nor any sites as hotspots for both muta-
tions and transcription errors (supplementary dataset S1:
table S34, Supplementary Material online). Contrary to
its low genomic mutation rate (fig. 3A), the
transcript-error rates are not among the lowest compared
with those from previously studied bacteria (Li and Lynch
2020), with G→A and C→U transitions being the main
contributors (fig. 3F).

Transcript errors of the 15 MMR-functional strains
show a mean A/T bias of 5.18 (SE: 0.34), much higher
than that of mutations �2.32, and mainly resulting from
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the extremely abundant G→A and C→U transcript er-
rors (fig. 3B and E). Except for G/C→A/T(U) transitions
being the most dominant mutation/transcript-error types,
the transcript-error spectrum is highly different from that
of mutations (fig. 3B, E, and F), clearly confirmed by the
contrasting transition/transversion ratios: 6.29 (SE: 0.24)
versus 1.91 (SE: 0.42) for the transcript errors and muta-
tions, respectively. In terms of functional context, the cod-
ing regions and structural RNAs do not show any
significant difference in the transcript-error rates, whereas
that of other transcribed regions such as UTRs is slightly
lower (supplementary dataset S1: table S30,
Supplementary Material online).

Discussion
This massive study directly reveals the low mutation rate of
the important foodborne pathogen S. enterica and sheds
light on its long-term evolution; however, the revealed error
rate at the transcript level is not accordingly low. Based on
the genomic mutation patterns of 15 MMR-functional
strains of diverse serovars, our rate estimate, which is only
�1/6 of that previously reported for a single S.
Typhimurium LT2 strain in a much smaller study (table 1)
(Lind and Andersson 2008), provides direct evidence for
the relatively high genome stability of S. enterica among
bacteria (fig. 3A and table 1). By using the false-positive
rate�53% reported by Lind and Andersson (2008), we cali-
brated the LT2mutation rate to be 3.71× 10−10 per site per
cell division or 0.0016 per genome per cell division, about
twice higher than the one reported in this study: 1.77×
10−10 and 0.00086. Based on the calibrated mutation rate,
we further calculated the Poisson confidence intervals
—(1.48× 10−10, 7.59× 10−10), which do overlap with the
ones reported in this study—(1.40× 10−10, 2.20× 10−10).

A comparison of mutation patterns between
MMR-functional and -dysfunctional S. Typhimurium LT2
strains also shows that the high MMR-efficiency is one major
cause of the low mutation rate. Our results are also consist-
ent with previous indirect studies reporting very few pan-
genome changes between ancient and modern S. enterica
lineages in human teeth, high-fidelity DNA polymerases
upon stress response, etc. (Koch et al. 1996; Zhou et al.
2018). We note that as in all MA studies using short-read se-
quencing, reliable structural variants were still not resolved in
this study, and future trials using long-read sequencing are re-
quired to provide more insight into this issue.

To understand why S. enterica has a low spontaneous
mutation rate, we first confirmed that the results are
not technical artifacts caused by false negatives (see
Materials and Methods, testing for false negative muta-
tions), and then, evaluated the effective population size
(Ne) of this species, as a high Ne can be conducive to the
evolution of low error rates according to the drift-barrier
hypothesis (fig. 3A) (Dettman et al. 2016; Lynch et al.
2016; Long, Sung, et al. 2018; Pan et al. 2021). For haploid
organisms, in mutation-drift equilibrium at neutrally
evolving sites, Ne= πs/2μ, where πs is the pair-wise genetic

distance at 4-fold degenerate (silent) sites, and μ is the BPS
mutation rate per site per generation. Since 4-fold degen-
erate sites are actually not absolutely neutral, which is in-
deed the case as shown in previous studies (Shields et al.
1988; Ochman 2003; Chamary et al. 2006; Long, Sung,
et al. 2018), the πs would then be downwardly biased by
selection and our Ne calculated here would be a lower lim-
it. Combined with numerous recently sequenced natural
strains (e.g., by the US Food and Drug Administration),
the refined genomic mutation rate estimated here pro-
vides an opportunity to calculate Ne of S. enterica. To
this end, we retrieved raw reads of 210 natural strains
with an intact MMR function, which originated from 46
states of the USA and covered all serovars used in this
study, and mapped them to the S. Typhimurium LT2
chromosome (supplementary dataset S1: table S35,
Supplementary Material online). The all-site (all sites:
4836523; SNPs: 364576) and the silent-site πs (4-fold de-
generate sites: 683211; SNPs: 64658) of S. enterica were es-
timated to be 0.021 and 0.028, with an application of the
latter leading to a Ne estimate of 1.24× 108. One study,
using genome assemblies of 400 S. enterica strains—differ-
ent strains from ours—and the mutation rate estimated
previously (Lind and Andersson 2008), reported an even
higher Ne of 4.03× 108 (Lind and Andersson 2008; Bobay
and Ochman 2018) (fig. 3A).

Therefore, the relatively large Ne among bacteria facili-
tates effective natural selection for antimutators in this
species (fig. 3A). The targets of such selection might in-
clude: the DNA mismatch repair system of S. enterica,
which is more efficient than those in many other bacteria
(Long, Miller, et al. 2018); the DNA polymerases, such as
UmuDC, which during stress response in S. enterica, has
a higher fidelity than those of other bacteria when exposed
to UV-induced DNA damage (Koch et al. 1996); other pos-
sible unknown antimutator genes, especially in the strains
with extremely lowmutation rates, such as S. Typhi PNG31
and CDC9228-77, in this study (table 2, supplementary
dataset S1: tables S11, S15, Supplementary Material
online).

Ne of S. enterica estimated using the natural strains of
multiple serovars in this study—1.24× 108—is much lar-
ger than the Ne for S. Typhi: 2.3× 105 to 1.0× 106 in
(Roumagnac et al. 2006). However, if only using πs of the
39 natural S. Typhi strains and their corresponding muta-
tion rates in our dataset, we calculate Ne to be 4.93× 105

(πs= 9.47× 10−5), highly consistent with previous reports
for S. Typhi, which is known to have diverged from other
Salmonella lineages quite recently and represents one in-
cipient species (Kidgell et al. 2002; Didelot et al. 2011)
(fig. 1, left). However, because of the short divergence
time in this recently emergent lineage, these Ne estimates
will be downwardly biased, which should reach mutation-
drift equilibrium, but have not yet been reached. Thus, the
fact that the mutation rate of S. Typhi is at the low level
found in other S. enterica serovars or other facultative
pathogens (fig. 3A) needs not be inconsistent with the
drift-barrier hypothesis, although if true Ne is indeed small,

Pan et al. · https://doi.org/10.1093/molbev/msac081 MBE

8

http://academic.oup.com/molbev/article-lookup/doi/10.1093/molbev/msac081#supplementary-data
http://academic.oup.com/molbev/article-lookup/doi/10.1093/molbev/msac081#supplementary-data
http://academic.oup.com/molbev/article-lookup/doi/10.1093/molbev/msac081#supplementary-data
http://academic.oup.com/molbev/article-lookup/doi/10.1093/molbev/msac081#supplementary-data
http://academic.oup.com/molbev/article-lookup/doi/10.1093/molbev/msac081#supplementary-data
http://academic.oup.com/molbev/article-lookup/doi/10.1093/molbev/msac081#supplementary-data
https://doi.org/10.1093/molbev/msac081


an eventual increase in the mutation rate would be ex-
pected. Such possible mutation-rate increase and reduced
selection conferred by the small Ne of S. Typhi could fur-
ther elevate the genetic diversity of certain pathogenicity
genes, and if so, this might lead to situations in which S.
Typhi would be more toxic and challenging in future dis-
ease treatment.

Not in line with the low mutation rate, a low
transcript-error rate of S. enterica was not observed com-
pared with previously studied bacteria (Li and Lynch
2020). Given the fairly high error rate at the transcript level,
one adaptive hypothesis argues that a high transcript-error
rate increases the fitness of an isogenic population facing
environmental challenges, such as the antibiotic threat
(Meyerovich et al. 2010). However, our transcriptome-wide
evaluation of transcript errors reveals that nonsynonymous
errors are less frequent than synonymous errors, indicating
the nonadaptive nature of transcript errors (P= 2.61×
10−13, χ2 test; supplementary dataset S1: table S36,
Supplementary Material online). It remains to be seen
whether this fairly high transcript-error rate has been dri-
ven by directional evolutionary forces or is simply a result
of stochastic drift around the drift barrier. Either way, rela-
tively high transcription-error rates may have relevance to
clinical approaches to constraining the success of patho-
gens, inspiring possible killing strategies by magnifying
the transcript-error rate, pushing it over the edge of lethal
mutagenesis. To achieve a thorough evaluation of cellular
stability at the genome, transcriptome, and proteome le-
vels, future technical advancement in the accurate quanti-
fication of translation-error rate is required.

In contrast to the recent advances in the mutational fea-
tures of nonpathogenic microbes (i.e., biosafety level 1
strains), the studies of human pathogens, especially obli-
gate ones, have barely been explored by mutation-
accumulation techniques combining deep whole-genome
sequencing. This is mostly because of the technical barriers
from limited access to biosafety level 2 or above labs or high
costs for numerous lines requiring long-term culturing/
genome sequencing. Mutational patterns, particularly the
mutation spectra, are known to be influenced by the gen-
ome architecture and environmental factors such as pH,
antibiotics, etc. (Long, Kucukyildirim, et al. 2015; Long,
Miller, et al. 2016; Strauss et al. 2017). Different from oppor-
tunistic human pathogens, most obligate ones constantly
experience harsh challenges from the immune system,
medicines, microbial competitors, etc., and usually have
quite streamlined and minimized genomes. Theoretical
studies have predicted the elevated mutation rates due
to the small Ne (Sung et al. 2012; Lynch et al. 2016), whereas
genome-wide mutation spectra are mostly unknown,
let alone, how host environments influence their mutagen-
esis and further affect the pathogenicity evolution.
Therefore, systematic evaluation on the genomic muta-
tions of diverse microbial pathogens, each with multiple
strains—especially mutation rate in their natural
habitats (Zhao et al. 2021)—is urgently needed for testing
the generalized mutation-rate evolution hypotheses,

understanding their long-term evolution and transmission,
as well as guiding infectious-disease treatment and vaccine
development at the DNA or RNA levels.

Materials and Methods
Strains and MA Experiments
In this study, 18 strains were ordered from the American
Type Culture Collection (ATCC, VA, USA) and Salmonella
Genetic Stock Center (SGSC, University of Calgary,
Alberta, Canada); 15 of them were MMR-functional and
the remaining three were MMR-knockout (table 2). All
the biosafety level 2 procedures were performed under
the protocol of 15-038, approved by the Institutional
Biosafety Committee, Indiana University at Bloomington.
We also sequenced the whole genomes of the ancestral lines
of the 18 strains. About 48 and 16 MA lines were initiated
for each of the MMR-functional and -dysfunctional strains,
respectively; the 48 MA lines for each MMR-functional
strain were transferred in two contiguous batches. All the
MA lines were cultured on LB agar plates at 37 °C, and re-
peatedly single-colony transferred, every day for nearly 3
months (table 2). For each strain, we calculated the colony
forming units (CFU) using single colonies of five randomly
chosen MA lines, every 3 weeks. log2(CFU) was then used
as the number of cell divisions from a single cell growing
to a colony. The grand mean of cell divisions in each colony
was calculated for the MA lines of each strain after the MA
transfer was finished. The total transfers multiplied by the
grand mean were the total number of cell divisions that
each MA line passed. After genome sequencing and prelim-
inary analysis, we removed the MA lines that were cross-
contaminated or if the depth of coverage was,20× (table
2, supplementary dataset S1: tables S2–S19, S22,
Supplementary Material online).

Phylogenetic Tree Construction
We mapped the Illumina raw reads of each ancestral line of
the 15 MMR-functional strains to the S. Typhimurium LT2
chromosome (NCBI accession number: NC_003197.1) and
used GATK-3.6 with standard hard filters to call SNPs
(McKenna et al. 2010), which were then filtered using
bcftools (ver. 1.8) (Danecek et al. 2021) with the following
parameters: -e “AC==0 || AC==AN || F_MISSING .
0.2” -m2 -M2 -O z. vcftools (ver. 0.1.13) (Danecek et al.
2011) was then run to thin the dataset with the parameter:
–thin 100 –recode. Then, we used the Ruby script con-
vert_vcf_to_nexus.rb to convert .vcf to .nex, which can be
used by PAUP (ver. 4.0a169). We used the SVDQuartets
(Chifman and Kubatko 2014) module of PAUP4 (Swofford
2003) to build an unrooted tree with the parameter: evalu-
ate all possible quartets. iTOL (ver. 6) (Letunic and Bork
2019) was then used to display and annotate the tree.

Calculation of Population Genetic Parameters
We downloaded a total of 211 natural strains of S. enterica,
belonging to eight serotypes, identified by the Food and
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Drug Administration USA from the NCBI SRA database,
which were collected from 46 states of the USA
(supplementary dataset S1: table S32, Supplementary
Material online). We used Unicycler (ver. 0.4.8) (Wick
et al. 2017) to assemble the draft genomes of all the strains,
then blasted their crucial MMR genes—mutS, mutL,
mutH, and UvrD with the MMR gene sequences of
S. Typhimurium LT2. One strain (SRR8950558) was then re-
moved due to an incompletemutL gene, as we required all
strains to have intact reading frames of theMMR genes. We
used BWA (ver. 0.7.12) (Li and Durbin 2009) to align the
raw reads of the 210 natural strains to the chromosome
of S. Typhimurium LT2 (NCBI accession number:
NC_003197.1) and calculated πs, the average pair-wise gen-
etic distance at 4-fold degenerate sites using the following
formula:

ps = n

n− 1
× (1− Sp2)

where π is the average number of nucleotide differences per
site between two DNA sequences in all possible pairs of the
strains, n is the number of strains. The effective population
size (Ne) of S. enterica was calculated using the following
formula, where μ is the mutation rate per site per cell
division:

Ne = ps

2m

To calculate dN/dS of the pathogenicity genes, we first re-
trieved the genes in Salmonella pathogenicity islands of
S. Typhimurium LT2 (marT, misL, pipA, rhuM, SopE2, SseC,
SseD, SseE, SseF, ssrB), as well as the homologs of other S. en-
terica strains with complete genomes available in the NCBI
Genome database (supplementary dataset S1: tables S27,
S28, Supplementary Material online). We then used
ClustalW2 (ver. 2.1) (Larkin et al. 2007) to align the protein
sequences, then used the pal2nal.pl script (Suyama et al.
2006) to match the aligned protein sequences with the cor-
responding DNA sequences in the genome and convert the
amino acids to genetic codes. IQ-TREE (ver. 2.1.2) (Minh
et al. 2020) was used to build the phylogenetic tree with
the following parameters: –alrt 1000 -B 1000. The module
codeml in PAML (ver 1.3.1) (Yang 2007) was then run to cal-
culate the dN/dS value.

DNA Extraction, Library Construction, and Genome
Sequencing
Genomic DNA of the final evolved MA lines of each strain
was extracted using the Promega Wizard® Genomic DNA
Purification Kit. Quality control of DNA was performed
using Qubit 3.0 and Nano-300. We constructed the librar-
ies using Illumina Nextera® DNA Library Preparation Kit.
Paired-end reads (150 bp) with insert size �300 bp were
generated with an Illumina HiSeq2500 sequencer at the
Hubbard Center for Genome Studies, University of New
Hampshire, USA.

RNA Extraction, CirSeq Library Preparation
The ancestral cells of each strain were cultured in LB broth
at 37 °C on a 200 rpm shaker for 16 h. The cells were en-
riched in a 5430R centrifuge. Four replicates were prepared
for each strain. Total RNA was extracted with the FastRNA
Blue Kit (MP Biomedicals) and purified by the RNeasy Mini
Kit (Qiagen). We then removed ribosomal RNA using the
Illumina Ribo-Zero rRNA Removal Kit (Bacteria). The
rolling-circle libraries were prepared following the protocol
of Gout et al. (2017). Briefly, for each replicate of one strain,
500 ng of rRNA-depleted RNA was fragmented with the
NEBNext RNase III RNA Fragmentation Module (E6146S,
NEB) for 90 min at 37 °C. Then, we purified the fragmented
RNA with the Oligo Clean and Concentrator Kit (Zymo
Research) and used the RNA ligase 1 (M0204S, NEB) for
RNA circularization. Circularized RNAs were then reverse-
transcribed and amplified to cDNA. Second-strand synthe-
sis and sequencing library preparation were then done using
the NEBNext Ultra RNA Library Prep Kit for Illumina
(E7530L, NEB) and the NEBNext Multiplex Oligos for
Illumina (E7335S and E7500S, NEB). Agencourt AMPure
XP beads (Beckman Coulter) were used during the library
preparation for the clean-up and enrichment of tandem re-
peats that are longer than 200 bp. Another round of gel-
based size selection was also performed after the library
preparation to select for fragments longer than 300 bp.

Mutation and Transcript-Error Analysis
For mutations, we ran Trimmomatic-0.32 to trim the li-
brary adaptors and low quality reads with the
default parameters (ILLUMINACLIP:adaptor.fa:2:30:10
LEADING:4 TRAILING:4 MINLEN:40) (Bolger et al. 2014).
We used the chromosomal sequence of S. Typhimurium
LT2 (NCBI accession number: NC_003197.1) for the muta-
tion and transcript-error analyses of all strains. Clean reads
of the MA lines were mapped to the S. Typhimurium LT2
genome using BWA mem-ver. 0.7.12 (Li and Durbin 2009).
We transformed the sam files to bam format using
samtools-1.3.1 (Danecek et al. 2021) and duplicate reads
were removed using picard-tools-2.5.0. We used
HaplotypeCaller in GATK-3.6 to call SNP/indel variants
with standard hard filters (McKenna et al. 2010; DePristo
et al. 2011; Van der Auwera et al. 2013). We also used in-
tegrative genomics viewer to manually check mutations
(Robinson et al. 2017). Context-dependent mutation rates
and mutation hotspots at methylated motifs were ana-
lyzed by following Long, Sung, et al. (2015). The mutation
bias m was calculated by m= μG:C→A:T+G:C→T:A/μA:T→G:

C+A:T→C:G, and the transition to transversion ratios (ts/
tv; n is the total number of MA lines) with the following
formula:

ts

tv
=

∑n
1 transitions∑n

1 transversions

We called transcript errors following a previous study (Li
and Lynch 2020). Briefly, tandem repeats were extracted
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to construct consensus sequences. The quality score of
each consensus base call was recalculated from the raw
quality score of each repeat. A probability of the erroneous
consensus call of 10−7 or lower is required for the down-
stream analysis. Transcript errors were called if mis-
matches between consensus and reference bases were
supported by,1% of reads that were mapped to the cor-
responding loci. Transcript errors that could be explained
by genetic variations among the multiple copies of genes
were further excluded as false positives.

The expected number of sites with co-occurring muta-
tions and transcript errors in the whole genome are calcu-
lated by:

mG · Ngen · mT · �n · G

where μG is the pooled mutation rate per site per cell div-
ision of three MMR-dysfunctional strains, Ngen denotes the
total number of cell divisions over MA experiments of the
three strains, μT is the transcript-error rate per site of 15
MMR-functional strains, and �n refers to the average ex-
pression level of one locus, G is the genome size.

To find out the association between expression levels
and mutations/transcript errors, we retrieved the RNAseq
data (SRR5980348–63) of S. Typhimurium LT2, which
were all in vegetative growth, for expression level analysis.
The reads were mapped to the chromosome sequence of
S. Typhimurium LT2 using Hisat2 (ver. 2.1.0) (Kim et al.
2015), then sam files were converted to bam format using
samtools-1.3.1. StringTie (ver. 2.1.5) (Kovaka et al. 2019)
and Ballgown (ver. 2.5.3) (Frazee et al. 2014) were used to
calculate the expression level of each gene. Finally, the ex-
pression level of each gene was calculated using the mean
of the expression levels of the sample replicates.

Testing for False Negative Mutations
The average genomic mutation rate reported here is�1/6
of the previously reported for S. Typhimurium LT2 (Lind
and Andersson 2008). Artifacts resulting from the refer-
ence genome used—specifically the MA lines of non-LT2
serovars, analysis methods, batch effects of culturing med-
ia, etc., might lead to such differences.

To test if such low mutation-rate results from false nega-
tives caused by the reference genome used (chromosome of
S. Typhimurium LT2) or the mutation analysis method ap-
plied, we chose six strains used in this study, with complete
genomes reported (the NCBI GenBank assembly accession
numbers for these six strains—S. Agona BAA-707:
GCA_000483935.1, S. Bareilly 9115: GCA_000487355.1, S.
Enteritidis LJH608: GCA_003418895.1, S. Paratyphi A 9150:
GCA_000011885.1, S. Typhi CT18, Ty2: GCA_000195995.1,
GCA_000007545.1), and re-analyzed mutations with the
GATK pipelines used in the preceding analysis, and found al-
most no difference (supplementary dataset S1: table S37,
Supplementary Material online). The application of another
consensus mutation-analysis-pipeline with the genome of
S. Typhimurium LT2 as reference, which uses fairly simple

and loose filters, also led to highly similar mutations
(supplementary dataset S1: table S37, Supplementary
Material online). To further test the false-negative possibility
resulting from the usage of the LT2 chromosome as refer-
ence, instead of the ancestors (even though on average
.90% of the MA lines’ genomes were covered with high-
quality reads), we de novo assembled draft genomes of the
15 wild-type strains (table 2), using raw reads of the MA an-
cestors and Unicycler (ver. 0.4.8) with default parameters
(Wick et al. 2017) (NCBI SRA, BioProject No.: PRJNA
397616). We then ran all the mutation and transcript-error
analyses again with the ancestral draft genomes on the MA
lines or the Cir-seq samples, and found no significant differ-
ences from those using the LT2 chromosome sequence as
a reference genome (supplementary dataset S1: tables S38
and S39, SupplementaryMaterial online), adding further sup-
port to the low false negative rate of this study.

We also query if batch effects of the culturing media
caused mutation rate underestimates. For each of the 15
MMR-functional strains, the MA lines were transferred in
two consecutive batches with the same procedures, and
the two batches did not show any significant difference
in the mutation rate or spectrum, even if they were
done at different time points (Paired t-test: P= 0.74;
supplementary figs. S4 and S5, Supplementary Material on-
line). Thus, the mutation rate of S. enterica is accurate and
not technical artifacts.

All statistics were done in R 4.0.1 (R Core Team 2016).
Plotting was done using Circos (Krzywinski et al. 2009) and
R packages ggplot2, ggpmisc, pheatmap, and scatterplot3d.

Supplementary Material
Supplementary data are available atMolecular Biology and
Evolution online.
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