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correlated chromosomal 
periodicities according 
to the growth rate and gene 
expression
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Linking genetic information to population fitness is crucial to understanding living organisms. 
Despite the abundant knowledge of the genetic contribution to growth, the overall patterns/
features connecting genes, their expression, and growth remain unclear. To reveal the quantitative 
and direct connections, systematic growth assays of single-gene knockout Escherichia coli strains 
under both rich and poor nutritional conditions were performed; subsequently, the resultant growth 
rates were associated with the original expression levels of the knockout genes in the parental 
genome. Comparative analysis of growth and the transcriptome identified not only the nutritionally 
differentiated fitness cost genes but also a significant correlation between the growth rates of the 
single-gene knockout strains and the original expression levels of these knockout genes in the parental 
strain, regardless of the nutritional variation. In addition, the coordinated chromosomal periodicities 
of the wild-type transcriptome and the growth rates of the strains lacking the corresponding 
genes were observed. The common six-period periodicity was somehow attributed to the essential 
genes, although the underlying mechanism remains to be addressed. The correlated chromosomal 
periodicities associated with the gene expression-growth dataset were highly valuable for bacterial 
growth prediction and discovering the working principles governing minimal genetic information.

Connecting genes, their expression and cell growth is a critical issue for understanding living organisms. The 
growth contributions of genes in terms of their genetic sequences or expression were largely investigated; how-
ever, the direct connection and the overall patterns/features of the genes, their expression levels and the growth 
rates remained unclear.

Genes were often considered definitive factors for bacterial growth. To link genes to growth, experimental 
growth assays of genetically differentiated Escherichia coli (E. coli) strains were performed to a large extent. The 
genetic contribution to growth was first evaluated determinatively; that is, genes were identified as either essen-
tial or nonessential for cell  survival1,2. Further detailed growth profiles related to the individual nonessential 
genes were determined  systematically3,4, based on a landmark study involving the construction of single-gene 
knockout strains, i.e., the Keio  collection2. The high-throughput and multilevel analyses of the Keio collection not 
only provided the morphological profiles related to the individual  genes5–7 but also determined the conditional 
essentiality of these nonessential  genes8,9. Moreover, analysing the contribution of the genomic fragments, rather 
than a single gene, to bacterial growth was applied as an alternative approach. Successful genome  reduction10–12 
resulted in the common finding that the fitness decrease was attributed to the deletion of genomic  fragments13–15. 
In particular, a quantitative relationship between genome reduction and growth was detected; that is, the growth 
rates of the genome-reduced strains declined in a deletion length-dependent  manner13.

In addition, bacterial growth is known to be associated with gene  expression16. In addition to the static snap-
shots of transcriptomes, highlighting the global views of the gene  networks17–19, growth-coordinated gene expres-
sion was identified by observing the genetically identical strain under varied growth  conditions20–22. Intriguing 
findings were often reported, as the genes could be statistically categorized into clusters in a growth-dependent 
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or stress-responsive  manner23,24, although they were generally regulated in their own specific way in response 
to environmental  changes25,26. Our previous study of a genome-reduced strain showed that the expression levels 
of the genes were either positively or negatively correlated with growth  rates21. These results indicated that the 
expression levels of the individual genes were quantitatively associated with the fitness of the growing bacterial 
population.

Taken together, studies on the quantitative contribution of genetic information to growth fitness have mainly 
focused on two aspects: growth assays of genetically deficient strains and transcriptome analysis of regular strains. 
As the two types of studies were usually performed independently, the global features/patterns directly connect-
ing the gene, the expression and the growth remained uncertain. To determine the direct linkage between the 
growth contribution of the individual genes and their original expression levels in the wild-type genome/strain, 
we analysed the growth rates of the single-gene knockout E. coli strains (Keio collection) in parallel and the origi-
nal expression levels of these genes in the parental strain used for constructing the Keio collection. Comparative 
analyses of the growth rates and the transcriptomes were performed to discover the direct linkages among the 
genes, their expression and cell growth as well as the overall patterns/features of the linkages.

Results
Linkage of the non-essential genes to the growth rates. The non-essential genes were categorized 
according to the growth rates of the single-gene knockout strains. A novel classification of gene function was 
performed according to the exponential growth rate of the E. coli strain lacking the corresponding gene. Both 
the single-gene knockout strains and their parental strain, the wild-type strain BW25113, were subjected to the 
growth assay in LB and M63 media. The results showed that the absence of a single nonessential gene triggered 
either an increase or a decrease in the growth rate, although the absence of most genes insignificantly disturbed 
growth (Fig. 1A). In comparison to the growth rate of the parental strain, the growth rates of a large number of 

Figure 1.  Growth rates of the single-gene knockout strains. (A) Distributions of the growth rates. Exponential 
growth rates of the single-gene knockout strains (N = 3,909) grown in LB and M63 media are shown in peach 
and lilac, respectively. The growth rates of the wild-type strain BW25113 in both media are indicated with 
broken lines. (B) Gene classification based on the growth rate. According to the box-and-whisker plot (Fig. S1), 
five gene classes were newly defined in the growth conditions in LB and M63 media, which are shown in peach 
and lilac, respectively. Very negative, negative, neutral, positive, and very positive indicate the growth rates of 
the single-gene knockout strains within the ranges of the outliers greater than the 1.5 interquartile range (IQR), 
from the 1.5 IQR to the upper quartile, from the upper to the lower quartiles, from the lower quartile to the 
1.5 IQR, and within the ranges of outliers lower than 1.5 IQR, respectively. (C) Heatmap of the enriched gene 
categories for the very positive class. The gradation from light to dark orange indicates the statistical significance 
of the enrichment analysis from low to high, respectively.
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the single-gene knockout strains were reduced in the minimal medium M63 (Fig. 1A, blue) but increased in the 
LB medium (Fig. 1A, orange). The growth media-induced differentiation of the distributions of the growth rates 
intriguingly revealed that most of the non-essential genes were costly under nutrient-rich conditions.

The non-essential genes were statistically categorized into five classes (Fig. 1B) based on the distributions of 
the growth rates (Fig. S1). If the gene positively contributed to the growth in the wild-type (parent) strain, the 
absence of this gene would lead to a decrease in growth in the corresponding knockout strain. The high and 
low growth rates of the single-gene knockout strains represented the negative and positive contributions of the 
missing genes to growth. A total of 10 and 14 genes were determined to have very negative effects on growth in 
LB and M63 media, respectively (Fig. 1B, Table S1). This result indicated that these genes were highly redundant 
in the wild-type strain. Since no overlapping genes were found for the classes of genes with very negative effects 
on growth in LB and M63 media (Table S1), genetic redundancy resulted from nutritional differentiation but 
not nutritional enrichment.

A total of 151 and 293 genes showed very positive contributions to growth in LB and M63 media, respec-
tively (Fig. 1B). The functional enrichment of these genes showed that the genes assigned to the enzyme gene 
 category27 (e) were highly significant (p < 0.001) for growth in both media (Fig. 1C). In addition, these genes 
partially overlapped in LB and M63 media (Fig. S2A) and were significantly enriched in enzyme-encoding genes 
(Fig. S2B). These results indicated the common requirement for the non-essential genes for growth maintenance, 
regardless of the nutritional conditions. Many more gene categories were enriched in cells in M63 media and 
largely comprised genes of unknown or predicted function (Fig. 1C, Fig. S2B). This result suggested that genes 
with unclear function played an important role in E. coli grown in poor nutritional conditions. Note that the 
additional statistical re-evaluation of the mean growth rate of each strain largely reduced the number of the genes 
divided into the positive and negative classes, nevertheless, the enriched functional gene categories remained 
the same (Fig. S3).

Correlation between the growth rates of the knockout strains and the original expression lev‑
els of the knockout genes. The original expression levels of the genes before knockout were determined 
by transcriptome analysis of the wild-type strain grown in the same media as that used for the growth assay. 
Weak but statistically significant correlations between the expression levels of the genes in the wild-type strain 
and the growth rates of the single-gene knockout strains were commonly observed in cells grown in both media 
(Fig. 2A). It was highly significantly that although the growth rates were determined on the basis of thousands 
of genetically differentiated strains, they were correlated with the transcriptome of a single strain with a varied 
genotype. This finding was definitely different from those in previous reports on the coordination of growth 
with transcriptome reorganization, which generally discussed the relationships between gene expression and the 
growth rates of the identical  strain20,21,24. It is unclear if the intriguing correlations were observed by chance; the 
statistical simulation, in which the data sets on either the growth rates or the gene expression were randomized, 
was performed 1,000 times each. The results proved that the correlations were statistically significant (Fig. S4).

In addition, the correlations were significant even at the gene category level (Fig. 2B). A total of 19 gene 
categories containing more than 30 genes were subjected to evaluation (Fig. S5). The expression levels and the 
growth rates of the genes/strains assigned to the same gene category were averaged. The mean growth rates and 
the mean expression levels were also correlated in both media (Fig. 2B). Note that the correlations were insig-
nificant within the gene categories (Figs. S6‐S7), except for four categories: enzyme (e), factor (f), structural 
component (s) and cell process (cp) (p < 0.001).

Moreover, whether the differentially expressed genes (DEGs) corresponded to the strains with differentiated 
growth rates (DGGs) in response to nutritional changes (i.e., the difference between the two media) was analysed. 
A total of 199 DEGs (Fig. 3A, red) and 115 DGGs (Fig. 3B, blue) were identified that presented significant fluctua-
tions (FDR q < 0.05) in response to media changes. The gene category enrichment analysis showed that the genes 
assigned to the enzyme (e) and transporter (t) categories and those with undefined functions (o, pe, pm, pr, and 
pt) were significantly responsive to nutritional changes (Fig. 3C, Fig. S8). In particular, the 29 genes overlapping 
between the DEGs and DGGs (Fig. 3D) were found to participate in amino acid metabolism and presented the 
common features of a high growth rate and a low expression level or vice versa (Table S2). This finding not only 
supported the newly identified correlation between growth and expression (Fig. 2) but also indicated that the 
genes participating in the biosynthesis of the amino acids arg, cys, leu, met and trp were costly under enriched 
conditions. Note that the differentiated methods for DEGs determination did not change the enriched gene 
categories, although the analysis with  DESeq228 led to a considerably larger number of DEGs (Fig. S9).

Common chromosomal periodicities of the growth rates and gene expression. To understand 
the correlation between the growth rates and gene expression, the genomic distribution of the genes was inves-
tigated. No specific pattern was observed by directly plotting the growth rates with respect to the genes at vari-
ous genomic positions (Fig. S10); thus, the mean growth rates of the strains lacking the genes located within 
every 100-kb span were calculated and plotted within a 1kb sliding window (Fig. 4, black curves). A significant 
decrease in the growth rates was observed for cells with deletions close to the ori in both media and in the right 
arm of the genome between the ori to dif in LB. This result suggested that the genes either close to the ori or that 
were replicated in a clockwise manner governed growth to a great extent, although none of these genes were 
essential for survival. It is of note that the growth decrease based on the genomic position was not simply a result 
of the genomic locations of the essential genes, which were excluded from the growth assay. The genomic distri-
bution of the essential genes was independent of the genomic fluctuation of the growth rates (Fig. 4, red curves).

To determine the overall patterns/features of the growth rates across the genome, the chromosomal perio-
dicity, which is mediated by genome replication and chromosomal architecture 29–31, was evaluated with the 
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Fourier transform method. Both essential and non-essential genes were subjected to the analysis, for which the 
growth rates with respect to the essential genes were set to zero, as deleting these genes must have led to cell 
death. The maximal spectral power of the growth rates was exactly the same at the wavelength corresponding 
to 772 kb in both LB and M63 media (Fig. 5A), resulting in identical chromosomal periodicities of six periods 
that were independent of the nutritional conditions (Fig. 5B). Comparatively, the chromosomal periodicity of 
gene expression showed a maximal spectral power at 772 kb (Fig. 5C, red lines), which resulted in a common 
chromosomal periodicity for gene expression (Fig. 5D, red curves). Of note, the maximal peak at 4,632 kb in LB 
media was ignored, as it represented the full length of the genome (Fig. 5C). Taken together, the results showed 
that the chromosomal periodicities of the growth rates (Fig. 5B) and the expression levels (Fig. 5D) were perfectly 
synchronized in a reverse direction and agreed with the negative correlations between growth and expression 
(Fig. 2). The conserved six-period periodicity was consistent with our latest finding on the universality of the 
chromosomal periodicities of E. coli  transcriptomes32. In addition, the gene-independent transcriptional pro-
pensity across the E. coli genome, which was evaluated by integrating the barcoded reporter  constructs33, showed 
the same six-period (Fig. S11), well supporting the universal chromosomal periodicity.

Hypothesis for the decisive factors determining the common six-period periodicity. The ori-
gin of the chromosomal periodicity of the growth rates is an intriguing topic of investigation. The genome 
architecture was reported to be associated with global gene  regulation34 and was somehow attributed to nucle-
oid-associated  proteins31,35–37. These mechanisms could partially explain the chromosomal periodicity of the 
 transcriptome32,38–40, whereas it was inadequate to explain the periodicity of the growth rates of a large number 
of genetically differentiated strains because the binding activity of nucleotide-associated proteins (NAPs) must 
have been changed due to genetic disturbances. In addition, by taking into account the chromosomal macrodo-
main  model41–44, the conserved six-period periodicity might have been mediated by the four macrodomains and 
two unstructured regions. However, the chromosomal periods of the growth rates were partially unmatched to 

Figure 2.  Correlation between growth and expression. (A) Density histograms of the growth rates and gene 
expression. The left and right panels represent the relationships between the expression levels of the genes in the 
wild-type strain and the growth rates of the knockout strains lacking the corresponding genes in LB and M63 
growth conditions, respectively. The colour gradation from red to yellow indicates the number of genes/strains 
from small to large, respectively. The correlation coefficients are − 0.37 and − 0.39 for LB and M63, respectively. 
The statistical significance of the Spearman correlation is indicated. (B) Scatter plots of the mean growth rates 
versus the mean expression levels of the gene categories. The open circles represent a total of 19 gene categories, 
which comprised more than 30 genes. The correlation coefficients and statistical significance are indicated.



5

Vol.:(0123456789)

Scientific RepoRtS |        (2020) 10:15531  | https://doi.org/10.1038/s41598-020-72389-6

www.nature.com/scientificreports/

the chromosomal macrodomain positions (Fig. S12). In addition to these well-known molecular mechanisms, it 
is unclear if there is any single mode that determines the common periodicity.

We assumed that the functional essentiality of the genes contributed to the common periodicity, as the 
genome organization was connected to the gene  function45. The periodicity analysis based on the non-essential 
genes (Keio collection) only resulted in a maximal spectral power at 662 and 2,316 kb (Fig. 6A), which indicated 
the occurrence of seven and two periods in M63 and LB media, respectively (Fig. 6B). The number of periods 
was different from the six periods associated with the whole genome (Fig. 5A), which included both essential 
and nonessential genes. The alteration of the periods strongly suggested that the essential genes contributed 
to the common six-period periodicity. The correlated chromosomal periodicity of the genetic sequence medi-
ated growth, and the genetic abundance indicated that expression might be mediated by both essential genes 
(Fig. 6C). It is unknown whether there was any change in the chromosomal periodicity of the transcriptome 
that lacked the essential genes because it was impossible to experimentally determine the transcriptomes of the 
essential gene knockout strains. Simply removing the expression data for the essential genes from the wild-type 
transcriptome dataset did not alter the  period32. As essential genes are thought to be the most highly conserved 
genetic information across species, the common periodicities of the growth rates and gene expression might be 
an evolutionary consequence of the conservation of gene  pairs46, although the benefit of the six-period periodic-
ity remains unknown.

Figure 3.  Genes with differential expression and growth in response to media changes. (A) Scatter plot of the 
gene expression of the wild-type strain. Exp_LB and Exp_M63 indicate the expression levels  (log10RPKM) in 
LB and M63, respectively. The DEGs in response to media changes are highlighted in red. (B) Scatter plot of 
the growth rates of the single-gene knockout strains. Growth_LB and Growth_M63 indicate the growth rates 
of the single-gene knockout strains grown in LB and M63, respectively. The strains showing differential growth 
rates (DGGs) are highlighted in blue. (C) Heatmap of the enriched gene categories of DEGs and DGGs. The 
gradation from light to dark red and blue indicates the statistical significance of the enrichment analysis from 
low to high for the DEGs and DGGs, respectively. (D) Venn diagram of DEGs and DGGs. The numbers of the 
genes specifically and commonly determined as DEGs and DGGs are indicated.
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Discussion
The present study attempted to link nonessential genes to growth fitness under both rich and poor nutri-
tional conditions to complement the growing pool of knowledge regarding gene  functions25,27,47,48 and growth 
 models49–51. The classification of genes in the fitness category helped us to obtain new insights into the rela-
tionships between gene expression and growth fitness. For instance, a large number of genes that were highly 
expressed in LB media were not classified in the fitness group as having a very positive effect on growth (Figs. 1, 
2, 3), which indicated that the upregulated genes in enriched conditions did not contribute to fitness in either rich 
(LB) or poor (M63) nutritional conditions. Intriguingly, comparing the growth rates of the single-gene knockout 
strains to those of the genome-reduced  strains13 revealed that the contribution of genetic information to growth 
fitness was somehow additive in a nutritionally dependent manner. The mean growth rates of the knockout strains 
lacking the genes located within the deleted genome regions were weakly correlated with the growth rates of the 
genome-reduced strains lacking the corresponding genome regions in LB media, but there was no significant 
correlation in cells grown in M63 media (Fig. S13). This result indicated that the genetic contribution to growth 
fitness was additive in enriched conditions but nonadditive in poor nutritional conditions, which was probably 
due to the different requirements of metabolism and gene function in LB and M63 media.

A significant correlation between the growth rates of the single-gene knockout strains and the original expres-
sion levels of these genes in their parental strain was identified for the first time. In particular, the gene deficiency-
related growth rates presented the same chromosomal periodicity as that of the wild-type transcriptome. By 
taking into account the previous findings on the periodicity of mutation rates in bacterial  genomes31 and the 
correlation between mutation rates and growth  rates52, we assumed that the global parameters of living organisms 
(e.g., growth rate, mutation rate, transcriptome, genome, etc.) were correlated to each other in a chromosom-
ally periodic manner. The genomic position of the gene was linked to its expression  level53,54 and the timing of 
 expression55, which was due to chromosomal  organization56. The chromosome was structured by the interactions 
between ongoing replication and transcription in exponentially growing  cells57, which was reflected by the growth 
rate. Thus, the global parameters were coordinated. As the chromosomal periodicity in gene  expression32,38–40 
was explained by the chromosomal  macrodomains42–44, the common correlated chromosomal periodicities of 
the growth rates and gene expression might be a general feature governing the growth of cells.

A positive correlation between the growth rate and the growth maximum was significantly detected and was 
dependent on the growth media (Fig. S14). This conflicted somewhat with the r/K selection  mechanism22,58, 
which was often found to represent the trade-off between the growth rate and the population  size59–61. To verify 
the correlation, we reanalysed three public data sets reporting the growth profiles of the strains of the Keio collec-
tion. The correlation of the growth rate and the growth maximum was commonly observed (Fig. S15) regardless 
of the variation in assay methodologies, media and growth mode used in these  studies3–5. It was unclear whether 
the positive correlation was due to any experimental restriction common to the high-throughput growth assays 
used in these studies. It is of note that the growth assay performed in microwell plates in a plate reader could lead 

Figure 4.  Genomic distributions of the growth rates of the knockout strains. The growth rates of the knockout 
strains are plotted against the genome of the wild-type genome BW25113 at the genomic positions of the 
knockout genes, which are the nonessential genes. The mean growth rates of the knockout strains lacking the 
corresponding genes in every 1kb sliding window are shown in 100-kb bins by the black curves. The genomic 
distribution of the essential genes is shown by the red curves. The mean numbers of essential genes in every 1kb 
sliding window are shown in 100-kb bins. The ori and dif are indicated with broken lines. The upper and bottom 
panels represent the growth in M63 and LB media, respectively. The Pearson correlation coefficients between 
the mean growth rates and the mean numbers of essential genes were -0.03 (p = 0.06) and − 0.15 (p = 3e − 24) in 
M63 and LB, respectively.
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to locational  biases3,62. As the replicates were performed in different well locations, the operational bias could 
be ignored. The mean values of the growth rates of different strains acquired from the same well were random, 
but the maximal  OD600 values changed gradually in a manner dependent on the well location (Fig. S16), which 
is consistent with previous  findings62. The locational bias was independent of the correlation of the growth rate, 
and the growth maximum seemed to be universal and was in line with the observation of a trade-off within but 
not between populations in terms of experimental  evolution63.

In summary, in comparison to previous studies that successfully coupled phenotypes to individual genes 
from a systematic point of  view64,65, the present study directly connected the growth fitness to individual genes 
and their expression levels as part of a global pattern, i.e., the correlated chromosomal periodicity. The working 
mechanism responsible for the common periodicity has remained a black box, although the essential genes might 

Figure 5.  Chromosomal periodicities of the growth rate and gene expression. (A) Spectral power of the 
Fourier-transformed growth rates. The major spectral power at a wavelength of 772 kb is indicated by the 
broken line in red. (B) Periodograms of the growth rates. The growth rates of the strains lacking either the non-
essential genes (knockout strains) or the essential genes (zero growth) are plotted against the BW25113 genome. 
The mean growth rates of the strains lacking the corresponding genes (including essential and nonessential 
genes) in every 1-kb sliding window are shown in 100-kb bins by black lines. The periodicities of the highest 
spectral power (A, red lines) are shown in the curves in red. The upper and bottom panels indicate growth in 
M63 and LB, respectively. The Fisher’s g test results for the periods in M63 and LB were 0.168 (p = 2e − 182) and 
0.146 (p = 1e − 155), respectively. The ori and dif are indicated by broken lines in black. (C) Spectral power of the 
Fourier-transformed gene expression. The major spectral power at the wavelength of 772 kb is indicated by the 
broken line in red. (D) Periodograms of gene expression. The expression levels  (log10RPKM) are plotted against 
the BW25113 genome. The mean expression levels of the genes in every 1-kb sliding window are shown as black 
lines. The periodicities corresponding to the highest spectral power (C, red lines) are shown as the curves in 
red. The upper and bottom panels indicate the growth in M63 and LB, respectively. The ori and dif are indicated 
by broken lines in black. The Fisher’s g test results for the periods in M63 and LB were 0.123 (p = 3e − 129) and 
0.099 (p = 2e − 102), respectively.
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play a role. The present study provided a valuable data set and periodic rule for growth prediction regarding the 
minimal genome, which has been discussed for  decades66–68 and experimentally challenged by reducing genomic 
 redundancy69,70 and synthetic  reconstruction71,72 to preserve essential  metabolism73.

Materials and methods
Strains and media. A total of 3,909 single-gene knockout strains (the Keio collection) and the wild-type 
strain BW25113, which was used to construct the Keio collection, were obtained from the National Institute of 
Genetics in Japan. These strains were routinely grown in nutrient-rich Luria–Bertani (LB) and M63 minimal 
media, which were described previously in  detail13,62.

Storage of the Keio collection for the repeated growth assays. The Keio collection (3,909 strains) 
was inoculated from agar plates into 96-well stock plates containing 200 μl per well of LB or M63 medium and 
incubated overnight at 37 °C without shaking. The overnight cultures were used for stock. Fifty microlitres of 
60% glycerol was added to each well, and the plate was stored at − 80 °C. Those wells that showed no growth 
after overnight incubation were inoculated again into 3 ml LB medium in tubes and cultured with shaking. After 
the strains showed growth, 60% glycerol was added, and the tubes were stored at − 80 °C. The wild-type strain 

Figure 6.  Decision-making factors for the correlated periodicity. (A) Spectral power of the Fourier-
transformed growth rates of the knockout strains. The broken lines in red indicate the major spectral powers, 
which were at wavelengths of 661.7 and 2,316 kb in M63 and LB media, respectively. (B) Periodograms of the 
growth rates of the knockout strains. The growth rates of the knockout strains are plotted against the BW25113 
genome. The mean growth rates of the strains lacking the corresponding genes (non-essential genes only) in 
every 1kb sliding window are shown in 100-kb bins by the black lines. The periodicities of the highest spectral 
power (A, red lines) are shown by the red curves. The upper and bottom panels indicate the growth in M63 and 
LB, respectively. The Fisher’s g test results for the periods in M63 and LB were 0.189 (p = 1e − 207) and 0.199 
(p = 2e − 220), respectively. (C) Schematic drawing of the relationships among the genes, their expression and 
growth. The bold solid and thin broken-line arrows indicate what was found in the present and previous studies, 
respectively. The novel findings of the global features are highlighted in red.
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BW25113 was inoculated into 6 ml of LB medium and grown for 6 h at 37 °C with shaking. The resulting cell 
cultures were stored at − 80 °C in frozen tubes containing 25% glycerol.

High-throughput growth assay. The E. coli strains were grown in both LB and M63 media as previously 
 described13. The strains were inoculated from the glycerol stock into new 96-well microplates (Corning), where 
each well contained 200 μl of media. The 96-well microplates were incubated in a plate reader with a rotation rate 
of 567 cpm at 37 °C. Temporal growth was detected at an absorbance of 600 nm, and readings were obtained at 
15- or 30-min intervals for 24 to 48 h. Three independent growth assays were performed for each strain in each 
medium.

Calculation of the growth rate. Data from the plate reader were acquired with Gen5 software and then 
exported as Excel files. The growth rates during the exponential phase were calculated with the following equa-
tion as previously  reported62.

Here,  Ci and  Ci+1 represent the two readings of the  OD600 values at two continuous time points of  ti and  ti+1, 
which were obtained at intervals of 15 or 30 min. The five continuous growth rates that exhibited the largest 
means and the smallest standard deviations were averaged to determine the growth rate  (h−1). The average values 
and standard errors derived from repeated tests were calculated.

Total RNA purification. Three independent cell cultures were used for RNAseq to determine the mean 
expression of genes under each culture condition. Cell culture was performed in 5 mL test tubes, and cell collec-
tion and purification of the total RNA were performed. The E. coli cells were inoculated into fresh LB and M63 
media at 37 °C. Triplicate cultures were grown for 2 h until an  OD600 value of 0.01 ~ 0.1 was reached in the test 
tubes. Samples were withdrawn and immediately mixed with 5 ml of RNA stop solution (90% ethanol and 10% 
phenol) on ice. Cells were pelleted by centrifugation (7,000 rpm, 3 min) and frozen at − 80 °C. The stocked pel-
lets were subsequently thawed on ice and immediately processed for RNA extraction using the RNeasy Mini Kit 
(QIAGEN) according to the manufacturer’s instructions. The total RNA was resuspended in RNase-free water 
and stored at − 80 °C.

RNAseq. Whole transcriptome sequencing of wild-type E. coli BW25113 was performed with the NovaSeq 
Sequencer (Illumina) with the sequencing control software 1000000019358 v02. The rRNAs were removed using 
the ribo-zero RNA removal Kit for gram-negative bacteria (Illumina). mRNA preparation was performed with 
the TruSeq Stranded mRNA LT sample prep kit in accordance with the TruSeq Stranded mRNA sample prepa-
ration guide (part #15031047 rev. E). The NovaSeq 6000 S4 reagent kit was used for sequencing according to 
the NovaSeq 6000 system user guide document #1000000019358 v02. The trimmed reads were mapped to the 
reference genome sequence of Escherichia coli BW25113 GCF_000750555.1_ASM75055v1 with Bowtie software. 
The raw RNAseq data sets were deposited into the NCBI Gene Expression Omnibus database under the GEO 
Series accession number GSE136101.

Transcriptome analyses. The datasets with raw expression data were subjected to global normalization, 
resulting in a common median value (logarithmic value,  log10RPKM) for all data sets as previously  described74,75. 
The mean values of three biological replicates were used for the following analyses. All statistical tests and compu-
tational analyses were performed using either  R76 or Mathematica 11 (MathWorks). The differentially expressed 
genes (DEGs) and the differentiated growth rates (DGGs) were identified according to the rank  product77,78, and 
the significance of the functional enrichment based on the gene  category27 was evaluated by binomial tests with 
the Bonferroni correction, as previously  reported21,74.

Evaluation of chromosomal periodicity. Chromosomal periodicity was calculated using a standard 
Fourier transform method with a sliding distance of 1kb and 100-kb bins as previously  described79. A standard 
Fourier transform method was used for the determination of chromosomal periodicity. The significance of the 
periodicity was assessed with Fisher’s g  test80. The approximate line corresponding to the periodicity was calcu-
lated based on the highest peak (statistical significance) of the periodogram and was fitted by minimizing the 
squared error between the approximate line and the series of expression values. The genomic positions of ori, dif, 
and the chromosomal macrodomains were determined as referred to in previous  reports43,56.
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