
lable at ScienceDirect

Research in Microbiology 173 (2022) 103968
Contents lists avai
Research in Microbiology

journal homepage: www.elsevier .com/locate/resmic
Brief Note
Proteomic profiling of the carbon-starved Escherichia coli reveals
upregulation of stresseinducible pathways implicated in biological
adhesion and methylglyoxal metabolism

Rakhan Aimbetov a, *, Vasily Ogryzko b

a Nazarbayev University, 53 Kabanbay batyr avenue, 010000 Nur-Sultan, Kazakhstan
b UMR 8126, Institut Gustave Roussy, 114 rue Edouard Vaillant, 94805 Villejuif, France
a r t i c l e i n f o

Article history:
Received 22 March 2022
Accepted 15 June 2022
Available online 20 June 2022

Keywords:
Escherichia coli
Starvation
Mass spectrometry
Proteomics
Bacterial adhesion
Pyruvaldehyde (methylglyoxal)
* Corresponding author.
E-mail address: r.aimbetov@gmail.com (R. Aimbet

https://doi.org/10.1016/j.resmic.2022.103968
0923-2508/© 2022 Institut Pasteur. Published by Else
a b s t r a c t

Starvation in bacteria is a complex adaptive response to deprivation of nutrients that has been shown to
implicate a number of stress networks that modulate pathogenicity and antibiotic resistance. Starvation
in nature is qualitatively different from in-culture late stationary phase energy source depletion. To look
into proteome-level alterations elicited by complete elimination of carbon source, we used Escherichia
coli HT115-derived SLE1 strain cells and a combination of label-free and metabolic isotope labeling ap-
proaches. We isolated pathways differentially affected by carbon starvation and observed robust upre-
gulation of proteins implicated in networks belonging to Gene Ontology terms ‘Biological adhesion’ and
‘Methylglyoxal metabolic process’.

© 2022 Institut Pasteur. Published by Elsevier Masson SAS. All rights reserved.
1. Introduction

Continuous development of mass spectra acquisition tools, in
parallel with sophisticated bioinformatical data analysis solutions,
has ensured the popularity of mass spectrometry as a powerful
technology for protein identification and quantification. Stable
isotope labeling by amino acids in culture (SILAC) is a preferred
approach when it comes to quantitative evaluation of relative
protein abundance based on metabolic incorporation of ‘light’ or
‘heavy’ versions of lysine and arginine into nascent polypeptides
[1]. Label-free quantification (LFQ), on the other hand, is a cheaper
and less laborious technique that has recently been getting more
attention due to its virtual universality [2].

Bacterial starvation response is a complex phenotype of growth
retardation, reduced viability, and overall switching of cellular
metabolic machinery to a more robust energy-saving mode. Given
the implication of stress-induced pathways in the modulation of
pathogenicity [3] and antibiotic resistance [4], the study of
proteome-level changes evoked by starvation possesses a signifi-
cant theoretical and practical interest. In order to gather insight
into the starved bacterial cell, we decided to assess the qualitative
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and quantitative impact of carbon starvation utilizing the combi-
nation of LFQ and SILAC methodologies.
2. Materials and methods

2.1. Strain and culture conditions

We used HT115-derived Escherichia coli strain SLE1 auxotrophic
for arginine and lysine [5]. The cells were grown in M9 minimal
medium supplemented with 0.3 mM of either 12C6-lysine/12C6

14N4-
arginine (‘light’) or 13C6-lysine/13C6

15N4-arginine (‘heavy’) amino
acids, at 37�C and 150 rpm. Carbon starvation was achieved by
incubation of the cells in the medium devoid of amino acids and
glucose for 48 h (Fig. 1A, Supplementary file).
2.2. Sample preparation

The cells were collected by centrifugation, washed once with
cold PBS, and lysed in 1X LDS loading buffer (Novex). Following the
estimation of protein concentration, equal quantities of protein,
typically �400 mg, were processed in accordance with the FASP
protocol [6]. Eluted peptides were desalted on Vivapure C18 micro
spin columns (Sartorius Stedim Biotech), desiccated in SpeedVac,
and dissolved in 10 mL of LC buffer A (0.1% formic acid in water).
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Fig. 1. A. The experimental workflow of the study. The Escherichia coli SLE1 strain cells were grown in M9 medium supplemented with ‘light’ lysine/arginine amino acids and
glucose as a carbon source until the culture reached OD600 0.3. The cells then were transferred to and incubated in M9 devoid of nutrients for 48 h. On the day of the harvest, the
portion of the starved culture was diluted 100 times in M9 containing ‘heavy’ lysine/arginine supplement, as well as glucose, and was allowed to grow until OD600 0.3. The two
cultures were harvested simultaneously, and the cells were processed as described in Materials and methods. For label-free analysis, the pre-harvest starved cells were diluted into
M9 containing ‘light’ amino acids and glucose as a source of carbon. B. The statistical data analysis workflow of the study. Within 1757 LFQ and 1241 SILAC protein groups, 1128
and 1087 had quantifiable ratios respectively, of which 822 were present in both datasets. These 822 groups were used for correlation calculation between the quantification
techniques and 2D Gene Ontology annotation enrichment. The figure was created with BioRender.com.
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2.3. Mass spectra acquisition

LC/MS analysis was performed on EASY-nLC 1000 (Thermo
Scientific) paired with Q Exactive quadrupole-orbitrap hybrid mass
spectrometer (Thermo Scientific). The peptide mixture was sepa-
rated on EASY-Spray 15 cm � 75 mm 3 mm 100 Å C18 PepMap®
reverse-phase column (Thermo Scientific) using 150 min three-
step water-acetonitrile gradient (0e120 min, 5 / 35% LC buffer B
(0.1% formic acid in acetonitrile); 120e140 min, 35 / 50%;
140e145 min, 50 / 90%; hold for 5 min) at 300 nL/min flowrate.
The intensities of precursor ions were gauged in positive mode at
scan range 400e2000 m/z, resolution 70,000, automatic gain con-
trol (AGC) target 1E6, maximum injection time 100ms, followed by
forwarding 10 most intense ions of a spectrum for MS2 fragmen-
tation and measurement at resolution 17,500, AGC target 5E4,
maximum injection time 100 ms, isolation window 2m/zwith 30 s
dynamic exclusion.

2.4. Discovery analysis

Raw mass spectrometric data were analyzed by Proteome
Discoverer v.1.4.0.288 (Thermo Scientific). MS2 spectra were
searched against the E. coli Swiss-Prot database using Mascot en-
gine set for 10 ppm precursor mass and 0.02 Da fragment mass
tolerances with 2 allowed missed cleavage sites. For labeled sam-
ples, amino acid modifications were as follows: 13C6-lysine
(þ6.020129 Da) and 13C615N4-arginine (þ10.008269 Da) SILAC la-
bels, methionine oxidation (þ15.994915 Da) as dynamic, cysteine
2

carbamidomethylation (þ57.021464 Da) as static. For unlabeled
samples: methionine oxidation and asparagine/glutamine deami-
dation (þ0.984016 Da) as dynamic, cysteine carbamidomethylation
as static. False discovery rate was calculated using Percolator [7]
with 0.01 strict and 0.05 relaxed target cut-off values.

2.5. Protein quantification

Label-free comparative protein quantitation was carried out in
Sieve v.2.1.377 (Thermo Scientific). Total ion current alignment was
done on a 5e120 min segment with 2 min retention time (RT) shift
limit. Framing was performed on a 400e2000 m/z range with RT
andm/zwidths equal to 2.5 min and 10 ppm respectively, while the
‘Frames from MS2 scans’ option was assigned a TRUE value. Protein
IDswere imported fromProteome Discoverer. SILAC H/L ratios were
determined using Proteome Discoverer's Precursor Ions Quantifier
node with experimental bias normalization based on at least 20
protein counts.

2.6. Data

Data wrangling and analysis were performed in Jupyter Note-
book using Python 3.6. Protein annotation and Gene Ontology term
enrichment were done in Perseus 2.0.3.0 [8].

All raw data files with the accompanying result output have
been uploaded to the ProteomeXchange Consortium repository
(http://www.proteomexchange.org/) under the dataset identifier
PXD003255 (https://doi.org/10.6019/pxd003255).
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Fig. 2. Two-dimensional GO term annotation enrichment of SILAC- (x) and LFQ-quantified (y) proteins. Scatter plot, GO terms plotted against x and y according to their
correlation s-score. GOBP, Gene Ontology biological process category. GOCC, Gene Ontology cellular compartment category. GOMF, Gene Ontology molecular function category.
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3. Results

The goal of the present project was to quantitatively compare
proteomes of carbon-starved and late log-phase exponentially
growing cells. The combination of LFQ and SILAC permits the usage
of these two methods as validators of each other and consequently
allows the confident identification of differentially regulated pro-
teins and networks while weeding out inevitable ‘flukes’ in
detection.

In order to tailor experimental conditions to the selected bac-
terial strain, we performed direct plating experiments, i.e. a dilu-
tion of starved incubation culture was plated out onto LB-agar
medium at defined time points with the subsequent enumeration
of the colonies grown. As a result, we have established that 48 h is a
threshold after which the cells start to lose their viability (Sup-
plementary file).

The MS analysis of label-free samples resulted in 130,526 and
118,455 spectra for exponential and starved cells, which matched
8603 and 7769 high-confidence peptides assigned to 1602 and
1437 protein groups (1757 in total), respectively (Dataset S1). For
labeled samples, 125,220 spectra, matched with 6037 high-
confidence peptides, allowed to identify 1241 protein groups
(Dataset S2). 1128 and 1087 protein groups identified by the label-
free and SILAC methods respectively were quantifiable; 822 were
present in both datasets (Fig. 1B, Data analysis file).
3

The abundance ratios of the protein groups common for both
sets were log2- and z-transformed and plotted for correlation
analysis. The Pearson's correlation coefficient between the ratios
obtained using the two methods was equal to 0.63, p ¼ 3.45e-91
(Data analysis file).

Gene Ontology (GO) is a comprehensive vocabulary of genes'
and gene products' functional descriptions arranged into categories
and terms [9]. In order to identify metabolic pathways affected by
carbon starvation, we took advantage of Perseus' two-dimensional
annotation feature and compared LFQ and SILAC datasets isolating
GO terms with the highest enrichment and correlation score [10].
The 1D-annotated identifiers were partitioned into LFQ and SILAC
data dimensions at a significance threshold p < 0.1 (Fig. 2). The
corresponding p-values and Benjamini-Hochberg false discovery
rates are provided in Table S1.

ShapiroeWilk tests and qq plots showed that the LFQ and SILAC
data are non-normally distributed (Data analysis file). However,
given a large number of datapoints (n ¼ 822), we could process the
data following the Central Limit Theorem and build confidence
intervals as if the data were distributed normally [11].

Significantly up- and downregulated proteins were defined at
p < 0.01 as elements of the LFQ ∩ SILAC intersection satisfying
xi > m þ (2.58 � standard deviation (SD)/√n) and xi < m -
(2.58 � SD/√n), respectively. Additionally, the ratios had to be
regulated in a biologically sensible way, i.e. at least 2-fold up- or
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downregulated. As a result, the statistical analysis of the 822 pro-
tein groups present in both datasets led to the identification of 27
upregulated and 71 downregulated entries with 99% confidence
(Data analysis file, Tables S2 and S3).
4. Discussion

For most microbes in their natural habitats, starvation is a norm
while a state of satiety is a seldom event [12]. Consequently, reports
describing microbial features in nutrient-enriched laboratory en-
vironments do not fully reflect the cellular molecular dynamics
with respect to the cell's natural surrounding [13]. Given the
implication of starvation response, on par with other frequent
naturally occurring stresses, in themodulation of pathogenicity and
antibiotic resistance in bacteria, the study of ‘-omic’ changes sec-
ondary to prolonged periods of nutrients deficiency is a task of
medical and environmental importance.

As a result of our investigation, we identified a number of net-
works impacted by carbon starvation (Table S1). Due to the word
constraints, we cannot discuss all of them. However, we would like
to pinpoint several, which, in our opinion, reflect the changes that
have occurred in the most dramatic fashion.

Nutritional scarcity leads to rapid expression of survival-
promoting stress modulators, most notably an integration host
factor (IHF) [14], an alternative RNA polymerase sigma factor RpoS
[15], and the guanosine tetraphosphate alarmone (ppGpp) [16].

One of the most prominent hallmarks of starvation in bacteria is
a so-called ‘stringent response’, a state, regulated by ppGpp, of
severe diminution of de novo protein synthesis and intensified
turnover of pre-existing proteins [17]. In our analysis, conspicuous
underrepresentation of ‘Small ribosomal subunit’ and ‘Large ribo-
somal subunit’ cellular compartment terms (GOCC) conveys an
overall downshift in protein synthesis and downregulation of ri-
bosomal proteins in carbon-starved cells.

Starved bacterial cells display a tendency towards grouping. The
formation of cellular aggregates, such as biofilms, has been sug-
gested as a protection mechanism against antibiotics [18]. The most
overrepresented GO term in our study was ‘Biological adhesion’,
which is in line with numerous reports of various stresses
converging on cellular adhesion in bacteria.

The second most upregulated GO term in our research was
‘Methylglyoxal metabolic process’. As reviewed in [19], methyl-
glyoxal is a toxic electrophile produced as a byproduct of glycolysis
that attacks nucleophilic centers of biological molecules such as
amino acids and nucleotides. Although posing a threat to long-term
viability, the production of methylglyoxal may serve as a short-
term adaptive strategy aimed at colonizing the bacterial environ-
ment under low glucose conditions. Moreover, the experimental
elevation of methylglyoxal production has led to overexpression of
RpoS and associated stress networks [20] highlighting the conver-
gence of various stress modulators on common effectors and
pathways.
5. Conclusion

We have performed a broad analysis of the bacterial proteome
under carbon starvation identifying 27 upregulated and 71
downregulated protein groups with 99% confidence. The 2D-
annotation analysis identified pathways differentially affected by
carbon starvation such as Gene Ontology terms ‘Biological adhe-
sion’, ‘Methylglyoxal metabolic process’, and various other stress-
related networks. The raw data of the present study is publicly
4

available for inquiries through the ProteomeXchange Consortium
repository.
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