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Protein turnover is critical for proteostasis, but turnover quantification is
challenging, and even in well-studied E. coli, proteome-wide measurements
remain scarce. Here, we quantify the turnover rates of -3200 E. coli proteins
under 13 conditions by combining heavy isotope labeling with complement
reporter ion quantification and find that cytoplasmic proteins are recycled
when nitrogen is limited. We use knockout experiments to assign substrates to
the known cytoplasmic ATP-dependent proteases. Surprisingly, none of these
proteases are responsible for the observed cytoplasmic protein degradation in
nitrogen limitation, suggesting that a major proteolysis pathway in E. coli
remains to be discovered. Lastly, we show that protein degradation rates are
generally independent of cell division rates. Thus, we present broadly applic-

able technology for protein turnover measurements and provide a rich
resource for protein half-lives and protease substrates in E. coli, com-
plementary to genomics data, that will allow researchers to study the control

of proteostasis.

Protein degradation is central to protein homeostasis (proteostasis) and
is critical in most cellular pathways'>. As environments change, mod-
ification of degradation rates can rapidly adapt protein abundances to
desired levels. Even if protein levels are modulated via transcription or
translation, the time it takes for a protein to reach its new steady state is
set by its turnover rate*’. Unsurprisingly, many signaling and tran-
scriptional regulatory proteins exhibit short half-lives®”. Protein degra-
dation is important in health and disease, such as cancer and
neurodegenerative disorders'". Additionally, protein degradation plays
an important metabolic role. It has been shown that bacteria and yeast
cells increase their proteome turnover rates under starvation condi-
tions, presumably generating and recycling scarce amino acids”™.

Quantitative models have been developed to describe the
dependence of global protein expression on cells’ physiological char-
acteristics, most notably cell doubling times. These models are prob-
ably the most well-developed for the model bacterium Escherichia
coli'®”. The cell cycle time in E. coli varies from 20 minutes in rich
media to the cessation of division under starvation. Transcription rates
typically increase with cell division rates™®. Knowing how global
parameters scale with physiological cell states allows for remarkable
quantitative predictions for gene expression changes across different
growth conditions'®”’. However, active protein degradation by pro-
teolysis is typically ignored in these models. Instead, proteins are
assumed to be completely stable and only diluted via cell growth and
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division. This simplification is likely due to a lack of reliable genome-
wide degradation rate measurements under varying growth condi-
tions. It is still unclear how active degradation rates scale with chan-
ging cell cycle times and how this affects global gene expression
regulation. Knowledge of protein degradation rates and how they scale
with the physiological characteristics of cells would improve pre-
dictive models of protein expression across various cell states.

Cells have developed sophisticated mechanisms to recognize and
degrade specific proteins. While eukaryotes utilize the ubiquitin-
proteasome pathway, in bacteria, selective proteolysis is executed by
ATP-dependent proteases’. While many proteases can digest unfolded
proteins and peptides, unfolding a protein for degradation requires
energy. In E. coli, four ATP-dependent proteases are known: ClpP, Lon,
HslV, and FtsH. Pulldown experiments with inactivated protease
mutants or protein-array studies have allowed the proteome-wide
identification of putative substrates?®*. Orthogonally, individual
substrates have been assigned to the four proteases by measuring the
degradation of individual proteins in protease knockout strains or via
in vitro assays®*”. Several example proteins (e.g., RpoH, LpxC, and
SoxS) have been shown to be degraded by multiple proteases,
demonstrating remarkable redundancy®*%. But it is still unclear to
what extent substrates overlap between different proteases.

In most biological systems, protein degradation is balanced by the
synthesis of new protein, making measurements of degradation rates
challenging. An easy way to overcome this complication is by using
translational inhibitors like cycloheximide or chloramphenicol®~.
Assuming that the addition of the drug does not perturb the cells aside
from blocking the translation of new proteins, protein degradation can
be conveniently measured by assaying changes in protein abundances
over time via western blots or quantitative proteomics. However, when
we performed such experiments in £. coli, we found that many proteins
whose abundances rapidly decreased were periplasmic (Supplemen-
tary Fig. 1). Further investigation revealed that these periplasmic pro-
teins were not degraded but rather were accumulating in the bacterial
growth medium (Supplementary Fig. 1). Presumably, this was due to
protein leakage through the outer membrane. We concluded that
translation inhibitor experiments in E. coli could lead to major per-
turbations, and, thus, interpreting such studies might be challenging.

A classic method to measure the unperturbed turnover of biolo-
gical molecules uses radioactive isotope tracking or the combination
of heavy isotope labeling and quantitative mass spectrometry®>*,
Isotopic labels can be introduced with heavy nutrients (e.g., ammo-
nium, glucose, or amino acids) or by incubation in heavy water. Most
proteomic turnover studies have been performed with heavy amino
acid labeling (dynamic stable isotope labeling by amino acids in cell
culture (SILAC))***, but the small number of labeled residues limits
sensitivity for short-time SILAC labeling, and missing values can hinder
the coverage of multiple time points in complex systems. A further
advance has been the combination of SILAC experiments and isobaric
tag labeling®. However, these measurements tend to suffer from the
inherent ratio compression of multiplexed proteomics”>°. Heavy
ammonium, glucose, and water are comparatively cheap but result in
overly complex MSI1 spectra, which are difficult to interpret, particu-
larly for lower abundance proteins*°**2. For a more detailed discussion
of the advantages and limitations of various global protein turnover
measurement techniques, please see the recent review by Ross et al.,
particularly Supplementary Table 1+,

Despite the central role of protein degradation in nearly every
aspect of biological regulation, reliable and large-scale measurements
are still scarce. Even fewer studies have compared turnover rates
between multiple conditions****. Here, we measure protein turnover in
E. coli by combining heavy isotope labeling via N ammonium with the
accurate multiplexed proteomics method TMTproC*®. We provide a
rich resource of protein turnover rates for ~3.2k E. coli proteins (77% of

all genes in £. coli) measured across 13 different growth conditions with
replicates. When comparing turnover rates among various nutrient
limitations, we found that E. coli recycles its cytoplasmic proteins when
nitrogen-limited, and we assign substrates to proteases by measuring
the change of protein turnover in knockout strains. Lastly, we show
that active turnover rates are typically independent of cell
division rates.

Results
Combining heavy isotope labeling with complement reporter
ion quantification enables high-quality protein turnover
measurements
We wanted to measure protein turnover rates and evaluate how these
rates vary across growth conditions. To simplify our measurements,
we grow E. coli in chemostats, where we can control the cell doubling
time and enforce steady state (Fig. 1A). After cells reach steady state,
we change the inlet medium from unlabeled nutrients to ®N-labeled
ammonium. Over time, the ®N-ammonium concentration in the reac-
tor increases, and newly synthesized proteins incorporate more heavy
isotopes. We can monitor the shift in the isotopic envelope of peptides
by taking samples after the media switch using proteomics (Fig. 1B).
With the knowledge of a peptide’s chemical composition and the
fraction of heavy isotopes over time, we can calculate the turnover rate
of the corresponding protein. In practice, however, obtaining such
measurements of isotopic envelopes in the MS1 spectrum is quite
challenging, particularly at later time points when the isotopic envel-
opes spread out and overlap with those of other peptides. MS1-based
label-free quantification relies on accurate assignment of peaks to
peptide elution profiles, which is made more challenging by the
complexity of spectra. Additionally, traditional search algorithms
struggle to identify peptides with a significant fraction of heavy iso-
topes, so missing values at later time points are a severe limitation of
such approaches*. To overcome these limitations, we labeled samples
at each of the acquired eight-time points with TMTpro isobaric tags
and combined them for co-injection into the mass spectrometer*®*
While MS1 spectra are still extremely complex using this approach, by
combining isotope envelopes of peptides with and without ®N, we
ensure that the pseudo-monoisotopic peak (M) is always present for
isolation and fragmentation in the MS2, increasing peptide identifica-
tion rates and alleviating the missing value problem. Multiplexing
experiments with highly complex MS1 spectra inevitably increase co-
isolation of multiple peptides in a single MS2 spectra. Analyzing these
extremely complex samples with standard low m/z reporter ion
quantification would lead to severe ratio distortion and measurement
artifacts”***%, We overcame this limitation by quantifying the
balancer-peptide conjugates (complement reporter ions) that remain
after reporter ions are cleaved off in the MS2 spectra. Complement
ions have peptide-dependent m/z ratios that are typically slightly dif-
ferent than co-isolated peptides. Therefore, using the complementary
ions for quantification reduces ratio distortion effects compared to
both MS2 and multi-notch MS3 reporter ion quantification*®*’(Fig. 1C).
Figure 1D shows the peptide-level quantification for a stable pro-
tein, OmpF, and an unstable protein, RpoS, from carbon-limited che-
mostats with 6-h doubling times*****°, We built a differential equation
model® for the dynamics of Mg with a parameter of kp (active degra-
dation rate) and the known variable D (dilution rate) (Supplementary
Note, Supplementary Data 8). For every protein, kp + D (total turnover
rate) is obtained by fitting this model to the experimentally measured
signal of peptides. For a protein that is not actively degrading (kp=0)
and only diluting with D set entirely by the chemostat, we can estimate
the dynamics of M. This is called the dilution curve (dotted). Fitting kp
to the measured signal of OmpF peptides yields kp+D~D which
indicates that this protein is not actively degrading. In contrast, the
deduced total half-life for RpoS is much shorter than the cell doubling
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Fig. 1| Combining heavy isotope labeling with an accurate multiplexed pro-
teomics method (TMTproC) enables high-quality measurements of unper-
turbed protein turnover. A Experimental setup. E. coli cells were grown in
chemostats with a defined doubling time. After reaching steady state, the chemo-
stat feed was switched to a medium with N-labeled ammonium. Newly synthesized
proteins will increasingly incorporate heavy isotopes. Proteomics samples were
collected at various time points to determine the protein turnover rate”.

B Theoretical isotopic envelopes of an example tryptic peptide, which is assumed
to be stable (protein is removed from the vessel only through dilution). Over time,
the increasing fraction of heavy ammonium in the peptide’s structure shifts the
isotopic envelope to higher masses. Peptides were labeled with isobaric tags
(TMTpro) to encode different time points. C Top: theoretical MS1 spectrum for a
single peptide species after combining labeled peptides from all the time points.
The mass spectrometer was set to isolate the monoisotopic peak (Mo) and

fragment the peptide. Bottom: the resulting complement reporter ions (peptide
plus broken tag) enable accurate quantification of the relative abundance within
the My peak over time. D Example measurements for the stable OmpF protein and
rapidly degrading RpoS protein. Each dot indicates the peptide quantification
relative to the median level measured when the feed was switched. The size of each
point is proportional to the number of measured ions. Fitting the observed data
with the theoretical decay profile for My, we can extract the total half-life for each
protein (solid curve). The dotted curve shows the theoretical decay for a stable
protein (n =8 time points). E Scatter plot of measured protein total half-lives for
biological replicates of carbon-limited E. coli grown with a 6-h doubling time.
Dotted lines indicate the cell doubling times. The solid line marks the 1:1 line. The
total half-lives for each protein were calculated from the fits shown in (D). Median
standard deviation for the total half-lives between the replicates is 0.3 h.

time. We obtain half-lives for ~2.6k E. coli proteins per experiment with
a median standard deviation of 0.3 h (Fig. 1E, Supplementary Table 1).
Having established this technology, we acquired similar measure-
ments for 13 different growth conditions, each with two biological
replicates, quantifying the turnover rates of -3.2k proteins in at least
one condition (Table 1, Supplementary Data 1, Supplementary Data 7).
We then used this resource to investigate how E. coli adapts protein
turnover under various growth conditions.

E. coli recycles its cytoplasmic proteins under nitrogen
limitation

Building on our method to measure protein turnover, we wanted to
compare protein turnover rates under various nutrient limitations. To
this end, we compared carbon (C-lim), phosphorus (P-lim), and nitro-
gen (N-lim) limitation measurements from chemostats with 6-h dou-
bling times. We found that most proteins in C-lim are stable with a
measured total half-life close to the theoretical dilution time (Fig. 2A).
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Table 1| Summary of the 13 growth conditions for which we measured protein turnover rates

Strain NCM3722 Condition Reactor type Doubling time Replicates # of proteins
1. Wild type Minimal media Batch 42 min 2 2555
2. Wild type C-lim Chemostat 3h 2 2665
3. Wild type C-lim Chemostat 6h 2 2651
4. Wild type C-lim Chemostat 12h 2 2697
5. Wild type P-lim Chemostat 6h 2 2469
6. Wild type P-lim Chemostat 12h 2 2619
7. Wild type N-lim Chemostat 6h 2 2467
8. Wild type N-lim Chemostat 12h 2 2460
9. A hslV N-lim Chemostat 6h 2 2393
10. A lon N-lim Chemostat 6h 2 2390
n. A clpP N-lim Chemostat 6h 2 2491
12. A hslV A lon A clpP N-lim Chemostat 6h 2 2809
13. A smpB N-lim Chemostat 6h 2 2535
Union 3262

Using biological replicates to identify degrading proteins with high
confidence (Fig. 2B), we found that 15% of the proteome is actively
degraded in C-lim (p-values < 0.05). Protein half-lives under P-lim have
a similar distribution and a similar percentage of proteins that degrade
with high confidence. However, in N-lim we found that 43% of proteins
are actively degraded (Fig. 2B, p-value < 0.05).

We found that the increase in protein degradation in N-lim could
be attributed to the active degradation of a wide range of cytoplasmic
proteins (Fig. 2C, D). The mode protein total half-life for membrane
and periplasmic proteins in all three conditions is very close to the
theoretical dilution limit. In contrast, the mode protein total halflife
for cytoplasmic proteins is significantly shorter under N-lim than C-lim
or P-lim. We estimate that 56% of cytoplasmic proteins are actively
degraded in N-lim, while only 13% of membrane proteins and 4% of
periplasmic proteins undergo active degradation in this condition.
Due to measurement noise and low sample sizes, we expect to be
statistically underpowered and that these estimates are likely lower
bounds of the true extent of protein degradation in N-lim.

We then tested whether cytoplasmic protein degradation in N-lim
chemostats extends to the more physiologically relevant case of batch
starvation. We grew E. coli cells in minimal medium until they reached
an ODggo of ~0.4. We then switched the exponentially growing cells
into medium depleted of nitrogen (Fig. 2E). Once again, many cyto-
plasmic proteins are degraded under nitrogen starvation, and mem-
brane/periplasmic proteins are largely stable. Thus, E. coli cells slowly
degrade their cytoplasmic proteins when nitrogen is scarce in both
chemostats and batch cultures. About 2/3 of the cell's nitrogen is
stored in proteins™. The degradation of proteins upon nitrogen star-
vation likely allows the regeneration and recycling of scarce amino
acids and enables E. coli to produce new proteins to adapt to new
environments.

Measuring protein turnover in knockout mutants allows the
identification of protease substrates

Next, we were interested in discovering the protease(s) responsible for
the large-scale turnover of cytoplasmic proteins in N-lim. Combining
protein-turnover measurements with genetic protease knockouts
allows us to investigate protease-substrate relationships on a
proteome-wide level. Since unfolding and degrading stably folded
cytoplasmic proteins requires energy, we focused on assigning sub-
strates to the ATP-dependent proteases. In E. coli, there are four known
cytoplasmic ATP-dependent protease complexes: CIpP (in complex
with CIpX or CIpA), Lon, HslV (in complex with HslU), and FtsH'. We
identify putative substrates for the first three of these proteases by
comparing the protein half-lives in protease knockout (KO) with

wildtype (WT) cells (Fig. 3A). We were able to validate several known
protease-substrate targets and identify degradation pathways using
these experiments. For example, the unfoldase CIpA is completely
stabilized by knocking out clpP, consistent with previous literature®.
We identified Tag and UhpA as putative substrates of Lon and HslV,
respectively. However, many proteins still degrade in the three pro-
tease KO lines, e.g., the phosphatase YbhA—which contributes to
Vitamin B6 homeostasis—still rapidly turns over with a total half-life of
~1h in each knockout strain®. Surprisingly, even the proteins that
increase their half-lives in single KOs are often not completely stabi-
lized. Additionally, bulk cytoplasmic proteins are still degraded in all
three single KOs.

Deleting ftsH is more complicated than the other proteases. One
of its substrates, LpxC, catalyzes the committed step in the lipid A
synthesis pathway. Lipid A is the hydrophobic anchor of lipopoly-
saccharides (LPS), a critical outer membrane component. Deletion of
ftsH leads to increased levels of LpxC, causing an accumulation of LPS
that makes the cells nonviable®. ftsH null cells can be rescued with a
mutation of FabZ (L85P), which slows LPS synthesis and compensates
for the increased LpxC levels®”. Interestingly, we were only able to
generate the AftsH fabZ (L85P) strain in DY378 background®. Our
attempts to knock out ftsH in the NCM3722 background used for the
remainder of this paper failed. We are currently investigating which
other modifications in DY378 might make AftsH fabZ (L85P) viable.
These AftsH fabZ (L85P) cells are viable, though unfortunately, they
grow too slowly on minimal media and are washed out of the che-
mostat. Therefore, we could not measure protein turnover in a ftsH
mutant in a similar manner to the other proteases. Instead, we repe-
ated the batch nitrogen starvation experiments (Fig. 2E). Similar to the
WT cells, cells lacking ftsH degraded cytoplasmic proteins. In contrast,
membrane proteins are mostly stable (Fig. 3B). This indicates that none
of the four known ATP-dependent proteases in E. coli are individually
responsible for the large-scale cytoplasmic recycling that occurs under
nitrogen limitation.

We then asked if proteases might act redundantly, i.e., multiple
proteases share a substrate, which could mask the effects of deleting
individual proteases. To this end, we measured protein turnover in a
triple KO line (AhslV Alon AclpP) in nitrogen limitation. A quantitative
comparison of protein turnover rates between the triple KO and the
individual KOs allows us to assign the contribution of each protease in
turning over a substrate (Fig. 3D). We can classify the substrates into
six groups: those being degraded predominantly by a single protease,
those where the effects of the individual proteases are additive, those
that are stabilized more in the triple KO than the combined effect of
individual KOs (redundantly degraded), and those that are still actively
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degraded in the triple KO (Supplementary Data 2, Supplemen-
tary Fig. 7).

We classified 64 and 14 substrates to be predominantly
degraded by CIpP and Lon, respectively. We only assigned one
substrate uniquely to HslV: UhpA, a transcriptional regulator that
activates the transcription of genes involved in transporting

9E-16  2E-16

phosphorylated sugars®. Eighty-two proteins are degraded addi-
tively, a notable example of which is IbpA, a small chaperone.
Previous studies have proposed that Lon degrades free IbpA/lbpB
and bound client proteins®. We found that ClpP and Lon contribute
approximately equally to the degradation of IbpA, and their con-
tribution is additive.
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Fig. 2 | E. coli recycles its cytoplasmic proteins when nitrogen is limited.

A Histogram of protein total half-lives for E. coli grown in chemostats under C-lim,
P-lim, and N-lim. The vertical line marks the dilution limit set by the 6-h doubling
time. Total half-lives greater than doubling time indicate measurement noise.
Under C-lim and P-lim, most proteins have total half-lives equal to the doubling
time, suggesting they are stable. However, under N-lim many proteins are actively
degraded. B Separation of the proteome into stable proteins (grey) and actively
degrading proteins (yellow). All proteins with p-value < 0.05 are called confidently
degrading (t-test, one-sided, n =2). In C-lim and P-lim, 15% of the proteome turns
over with high confidence. In contrast, under N-lim, 43% of the proteome turns
over. C Distribution of total half-lives for proteins from different subcellular loca-
lizations overlayed against the entire proteome. Most proteins are stable under
C-lim and P-lim, irrespective of localization. However, nearly all cytoplasmic pro-
teins slowly degrade under N-lim while the membrane and periplasmic proteomes
are largely stable. D Scatter plots of protein total half-lives in different nutrient

limitations. The dotted black lines mark the dilution limit, the solid black line
denotes perfect agreement. Contour plots contain 50% of the probability mass for
each subcellular compartment. The contour plots of membrane and periplasmic
proteins are centered around the dilution limit in all the binary comparisons,
indicating that most of these proteins are stable under all limitations. However, the
shift in the contour plots of the cytoplasmic proteins on comparing N-lim with P-lim
and C-lim suggests that the cytoplasmic proteins are degraded in N-lim.

E Measurement of protein turnover rates under complete nutrient starvation in
batch. In batch, like the N-lim chemostat, the cytoplasmic proteins are degrading
with high confidence as compared to the membrane and periplasmic proteins
(ANOVA, p-value = 9E-16, n = 2114 proteins). The box extends from the first quartile
to the third quartile of the data, with a line at the median. The whiskers extend from
the box to the farthest data point lying within 1.5x the inter-quartile range from
the box.

We classify 41 proteins as being redundantly degraded by two or
more proteases. For example, YbhA is rapidly degraded in all single
KO strains but stabilized in the triple KO, indicating that at least two
of these proteases act redundantly. Interestingly, the majority of
cytoplasmic proteins are still slowly degraded in the triple KO under
nitrogen limitation, and we classified ~100 proteins as still being
actively degraded (Fig. 3E). LexA, an SOS repressor, auto-degrades
itself under stress and unperturbed growth®*°, Consistent with this,
LexA still undergoes degradation in the triple KO. It will be inter-
esting to investigate if other proteins with short half-lives in the triple
KO are auto-degrading, degraded by FtsH, or if other mechanisms are
at play.

To validate our classifications, we compared our protease-
substrate relationships with previous proteome-wide measurements.
We see a significant overlap (p-value = 6E-9) of our identified ClpP
substrates with substrates identified via a trap mutant (Fig. 3F)>.
However, we do not observe an overlap of our putative Lon sub-
strates with a previous Lon-trap experiment (p-value = 0.22)?.. This
lack of overlap is most likely caused by our separating the Lon trap
substrates into the different classifications, indicated by a more
significant overlap with the substrates that were stabilized in any of
our KO strains (p-value=0.05). This is consistent with previous
observations that Lon substrates are often shared with other
proteases®. Interestingly, the putative substrates of HslV identified
through a microarray study show a strong overlap with the proteins
we classify as additive or redundant (p-value = 0.001)*. This is con-
sistent with previous reports that HslV substrates are shared with
other proteases®®’. We also found enrichment (p-value=0.002)
between substrates identified in a previous FtsH trap®® study and
additive or redundant substrates, consistent with findings that FtsH
often degrades proteins that are also substrates for other
proteases?. The lack of significant overlap between the proteins still
degrading in the triple KO and FtsH-trap substrates implies that FtsH
is likely not involved in the degradation of these substrates.

Surprisingly, 40% of active protein degradation in nitrogen lim-
itation in wild-type cells persists upon knocking out the three cano-
nical ATP-dependent cytoplasmic proteases (Fig. 3G, details of
calculation in the supplementary note and supplementary data 6). We
could not generate a viable quadruple KO with ftsH deletion, so we
cannot rule out the possibility that all four proteases act redundantly
as an explanation of the remaining protein degradation. However, the
results from the individual ftsH knockout (Fig. 3B) and the lack of
overlap between degrading proteins and the FtsH-trap experiment
(Fig. 3F) are evidence against FtsH being responsible for the remaining
degradation. Regardless, a major pathway for degrading proteins in E.
coli remains to be discovered: either FtsH plays a much bigger role
than is currently believed, or a completely new mechanism degrades
cytoplasmic proteins under nitrogen starvation.

Analyzing features of rapidly turning over proteins

We found that most short-lived proteins have similar half-lives
regardless of nutrient limitation (Fig. 4A, Supplementary Data 3).
With gene-set enrichment®*, we found that rapidly degraded proteins
were enriched in transcriptional regulators (Benjamini-Hochberg
adjusted p-value = 4E-4). A protein’s response time depends on its
turnover rate’. Proteins involved in transcriptional regulation might
need to rapidly adjust their levels to changing growth conditions.

Using our data set, we validated examples of degradational reg-
ulation that had previously been reported and also uncovered targets.
Of the 24 proteins with the fastest average turnover rates, 17 were
previously reported to be degraded (Fig. 4B). Seven proteins—ThiH,
YgaC, SixA, YciW, Cbl, ThiG, EpmB—had no prior evidence in the lit-
erature for degradation. Interestingly, six rapidly degrading proteins—
ThiH, BioB, IscA, IscR, EpmB, Fnr—contain Fe-S clusters, which is sig-
nificantly higher than expected by random chance (BH p-value=
0.048). Flynn et al. previously proposed that Fe-S binding proteins are
degraded under aerobic conditions, likely because the Fe-S clusters
are oxidized, destabilizing the protein®.

Multiple metabolic enzymes such as PatA, LpxC, and HemA are
also rapidly degraded. Rapid degradation allows for immediate and
direct control over intracellular protein levels based on cellular
demand. PatA (Putrescine-Aminotransferase) is involved in putrescine
(polyamine) degradation (Ky;=9 mM) and is unstable under standard
growth conditions with high putrescine levels, in which another
enzyme (PuuA - glutamate-putrescine ligase) dominates usage of
putrescine. PatA is expected to stabilize in specific growth conditions
with low putrescine concentrations®. LpxC, a protein required for lipid
A synthesis, is rapidly degraded under slower growth to balance LPS
production with cellular demand®. HemA, involved in porphyrin bio-
synthesis, is degraded when the media lacks heme as an iron source®.
DnaQ, the proofreading exonuclease of the stable DNA polymerase IlI
core enzyme [DnaE][DnaQ][HolE], is rapidly degraded (t;,,=1.2h).
DnaE is more stable with a total half-life of 5 h, whereas HolE is unde-
tected in our data set, likely due to its short length. Free DnaQ is
unstable but stabilized on complexation with HolE®’.

We next tested whether these rapidly degrading proteins share
attributes such as their physiochemical properties, sequence features,
or structural characteristics. We found that smaller proteins (MW <
10 kDa) have significantly shorter half-lives regardless of the nutrient
limitation (Fig. 4C, Supplementary Fig. 2A). This enrichment was more
pronounced at lower total half-life cutoffs (Fig. 4C). On the other hand,
charge and isoelectric point were not significantly correlated with half-
lives under P-lim and C-lim (Supplementary Fig. 2B, C). However, both
the charge and the isoelectric point of a protein were correlated with
half-lives under N-lim (Supplementary Fig. 2B, C p-value = E-20). This is
most likely because cytoplasmic proteins are short-lived under N-lim
while membrane proteins are typically stable. Membrane proteins tend
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to have higher isoelectric points and more positive charge due to their
interaction with negatively charged phospholipids®®*°.

One obvious sequence feature to investigate is the N-end rule,
which relates a protein’s stability to its amino-terminal residue’.

>

Amino-terminal arginine, lysine, leucine, phenylalanine, tyrosine,
tryptophan, and formylated N-terminal methionine (fMet) are believed
to be destabilizing residues, whereas the other residues are believed to
be stabilizing”®”". First, we determined the in vivo N-terminal residue of
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Fig. 3 | Measurement of protein turnover in protease knockout strains enables
proteome-wide identification of protease substrates. A Scatter plots of protein
total half-lives of N-limited wild type (WT) compared to AclpP, Alon, and AhslV
knockout (KO) cells. Dotted lines mark the dilution limit, the solid black line indi-
cates perfect agreement. Substrates (black x) increase their total half-lives in KOs
with high confidence (t-test, one-sided, p-value < 0.10). ClpA (pink), Tag (teal), and
UhpA (purple) are the substrates of AclpP, Alon, and AhslV, respectively. However,
the protein YbhA (orange) is still degraded in individual KOs. Contour plots con-
taining 50% of the probability mass for the cytoplasmic (red) and membrane
(green) proteins indicate that individual KOs degrade bulk cytoplasmic proteins.
B Since AftsH cells cannot grow in chemostats, we repeated the batch starvation
assay as in Fig. 3E. The box extends from the first quartile to the third quartile, with
a line at the median. The whiskers indicate 1.5x the inter-quartile range from the
box. Results indicate that the AftsH cells, like the WT, also degrade their cyto-
plasmic proteins under nitrogen starvation (t-test, two-sided, p-value = 2E-12 for
WT and p-value < 2E-16 for AftsH, n = 1519). C Scatter plots of protein total half-lives
of WT and AclpP Alon AhslV cells in N-lim. The substrates (black x) increase their
total half-lives in the triple KO (¢-test, one-sided, p-value < 0.09). Many proteins are

still degrading in the triple KO, e.g., LexA and YoaC (blue). In fact, the bulk cyto-
plasm is still degraded. However, many more proteins are stabilized in the triple KO
compared to the individual KOs, indicating redundancy among substrates, e.g.,
YbhA (orange). D Comparing the shifts in the WT and KO strains’ total half-lives, we
assign each protease’s contribution to active protein turnover. The bar graph
represents examples from each of the six categories—turnover explained pre-
dominantly by ClpP, Lon, HslV, additive contributions, redundant contributions,
and actively degrading proteins in the triple KO. E Bar graph for the number of
substrates and the % of the proteome assigned to each of the six categories
described in (D). F Comparison of the substrates from our categories in E with
previous proteome-wide substrate-protease assignment studies. CIpP trapped
substrates significantly overlap with the identified CIpP substrates (Fisher test, two-
sided, p-value = 6E-9), and previously identified substrates of HslV and FtsH show a
significant overlap with redundant and additive substrates (Fisher test, two-sided,
p-value = 1E-3). G Comparison of the percentage of active turnover per hour across
the protease KOs under N-lim. Even after knocking out AslV, lon, and clpP simul-
taneously, 40% of the WT proteome turnover remains, suggesting that a major
pathway of protein degradation in E. coli remains to be discovered.
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~600 proteins using a label-free proteomics data set (Supplementary
Data 4). MS2 spectra were searched with the Sequest algorithm’
considering all possible N-terminal tryptic subfragments for a protein.
Encouragingly, when we compared a small subset of the identified
N-termini with previous data in literature obtained using Edman
Degradation”we found nearly perfect agreement (55/61 proteins)

(Fig. 4D). Surprisingly, however, our rapidly degrading proteins
showed no enrichment for the previously reported destabilizing
N-terminal amino residues (Fig. 4E). Interestingly, few proteins detec-
ted in either dataset had destabilizing N-terminal residues. It is possible
that proteins with destabilizing N-termini are immediately degraded
and therefore difficult to detect. Proteins which had destabilizing
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Fig. 4 | Features of proteins with short total half-lives. A Scatter plot of protein
total half-lives for C-lim, P-lim, and N-lim conditions. The total half-lives of rapidly
degrading proteins are typically similar under different nutrient limitations. Three
proteins with the shortest average total half-lives are marked. Short-lived proteins
are enriched for transcriptional regulators (BH p-value = 4E-4). B The 24 proteins
with the shortest mean total half-lives. For eight of these proteins (in blue), we
could not find any prior literature evidence for degradation, and six (marked with *)
contain Fe-S clusters (BH p-value = 0.048). (C, E, F) For all the boxplots, the box
extends from the first quartile to the third quartile of the data, with a line at the
median. The whiskers extend from the box to the farthest data point lying within
1.5x the interquartile range from the box. C Smaller proteins have shorter total half-
lives. Left: Box plot of total half-lives averaged over all the nutrient limitations for
low and high molecular weight (MW) proteins (n = 2864 total proteins, p-

value = 1E-11, Mann-Whitney U, one-sided). Right: Fold enrichment of low versus
high MW proteins as a function of total half-life. D Comparison of the proteome-

wide N-terminus amino acid residues obtained from this study and prior literature.
The size of the marker indicates the number of proteins with a particular residue.
E No correlation between the N-terminal protein residue and protein total half-lives
(N-end rule). Left: Distribution of the N-terminus residues for actively degrading
and stable proteins. Right: Box plots of total half-lives for the destabilizing and
stabilizing residues on their N-terminus (p-value: 0.99, Mann-Whitney U, one-
sided, n =373 total proteins). F Disordered proteins tend to have shorter total half-
life””. Left: The Espritz algorithm classified proteins as ordered or disordered. Right:
Box plot of total half-lives for disordered and ordered proteins (n=2865 total
protein, p-value = E-18, Mann-Whitney U, one-sided). G Fold enrichment of dis-
ordered versus ordered proteins as a function of total half-life for the WT (olive)
and triple protease KO (brown) cells. Rapidly turning over proteins are enriched for
the disordered category. This enrichment becomes more pronounced when three
proteases are knocked out.

residues exposed via cleavage would similarly be short-lived and low
abundant. In this case, the main-determinant of protein half-life would
be the rate at which destabilizing N-termini are exposed. Either way,
our results suggest that the N-terminus of E. coli proteins is not the
primary determinant of proteins’ in vivo stability.

The SsrA-tagging system is another known degron used for
marking polypeptides for degradation whose translation has
stalled’*To investigate how much of the observed protein degradation
could be attributed to the system, we knocked out the smpB gene
(codes for a protein in the SsrA tagging complex”), and measured
gene-by-gene protein turnover in nitrogen limitation with a 6-h dou-
bling time in duplicate. We did not observe significant changes in
protein turnover compared to the wild-type strain (Supplementary
Fig. 10). It's possible that the primary targets for the SsrA-tagging
system are low abundant relative to stably-fold proteins, or that
another pathway (e.g., ArfA-mediated’®) for releasing stalled ribo-
somes is redundant with the SsrA system.

Another sequence feature previously shown to affect protein
stability in bacterial and eukaryotic cells is intrinsically disordered
protein segments”’%, To this end, we determined the percentage dis-
order for all the proteins using the Espritz algorithm’. Disordered
proteins had significantly shorter half-lives than ordered proteins
(Fig. 4F, p-value = E-208). Interestingly, this enrichment further
increases when we use protein half-lives measured in the triple pro-
tease knockout cells (AhslV Alon AclpP) (Fig. 4G). This is consistent
with ATP-dependent proteases being able to unfold and digest struc-
tured proteins. Once these proteases are removed, the remaining
proteins with short half-lives should be enriched for those that are
unstructured and therefore prone to degradation by energy-
independent proteases.

Analysis of turnover for functionally related proteins
Next, we investigated protein turnover for functionally related protein
modules, such as multiprotein complexes, operons, and metabolic
pathways. We calculated each module’s coefficient of variation (CV)
and compared this to the CV distribution when proteins were ran-
domly assigned to sets. We observe that the functionally associated
modules exhibit significantly lower variance than if the proteins were
randomly assigned to each module (Fig. 5A), suggesting that func-
tionally associated proteins tend to exhibit similar half-lives. For
example, twelve of the fourteen proteins involved in phosphonate
metabolism and transport are rapidly degraded (average total half-life
= 0.7h) under P-lim (Fig. 5B). These proteins were 16-fold more
abundant in P-lim compared to N-lim and C-lim (Supplementary
Data 5). Therefore, we were unable to measure their half-lives in C-lim
or N-lim, so it’s unclear if they turn over in these limitations as well.
One pathway where this is particularly noteworthy is the rut
pathway for pyrimidine degradation. The pathway is transcribed by a
single operon of seven genes (rutABCDEFG) and has one adjacent

transcriptional repressor, rutR. In our database, we detected five of the
seven proteins plus the repressor. Of these five proteins, four are
rapidly degraded in the wild-type strain and the single protease
knockouts. The fifth protein, RutG, is found in the membrane, which
likely explains its stability. However, when we knock out lon, clpP, and
hslV simultaneously, the four proteins are all significantly stabilized
(Fig. 5C).

The study that originally characterized the rut pathway showed
that when the rut genes are transcriptionally upregulated, E. coli was
able to grow on thymidine as the sole nitrogen source in minimal
media at room temperature®. We reasoned that by removing their
degradation, we could similarly increase protein concentrations and
observe the same growth on thymidine. Indeed, the triple protease
knock-out strain grows to an OD¢q of nearly 0.28 on thymidine while
the wild-type strain reaches an ODg¢qo of 0.03 (Fig. 5D).

Additionally, proteins associated with flagella show correlated
expression levels and half-lives. Surprisingly, most of the proteins
forming the basal flagellar body are stable, but the filament (FIiC, FliD),
motor (MotA, MotB), and sensory proteins (CheA, CheW) are rapidly
degraded (Fig. SE). Future work will be required to decipher the
underlying mechanisms and functional relevance.

In general, proteins that form a complex tend to exhibit similar
half-lives (Fig. 5F). Several complexes whose subunits are degraded at
different rates are known to interact weakly or transiently or have
subunits which are expressed non-stoichiometrically, suggesting that
at least some of these discrepancies might be due to annotation
details. For example, ClpA and ClpX are the unfoldases in complex with
ClpP. Autodegradation of ClpA is used to regulate the number of
CIpAP complexes in the cell and the flow of substrates to CIpAP*.
Finally, antitoxins like PrlF are subject to regulated degradation while
their toxin counterparts are stable®*,

The ribosome is one of the heterocomplexes which exhibits
unanticipated patterns under different nutrient limitations (Fig. 5G).
Under both C-lim and N-lim, ribosomal proteins are slightly more
stable than the median cytoplasmic protein. However, under P-lim,
ribosomal proteins are less stable than typical cytoplasmic proteins.
rRNA contains about 50% of the cellular phosphorus®. Therefore, cells
likely recycle the phosphorus stored in rRNA when phosphorus is
scarce, and associated ribosomal proteins might become unstable
once their binding partners are lost.

Active protein degradation rates typically do not scale with
division rates

So far, we have compared turnover rates under various nutrient lim-
itations but with the same cell division time. We wanted to determine
how active protein degradation scales with cell cycle time. The total
turnover rate (korar) Of a protein is a combination of active degradation
(Kactive) and dilution (Kgiution) due to cell division (Fig. 6A). We consider
two simple and reasonable models of the relationship between these
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Fig. 5 | Protein total half-lives of functionally related proteins. For all the box
plots in this figure, the box extends from the first quartile to the third quartile of the
data, with a line at the median. The whiskers extend from the box to the farthest
data point lying within 1.5x the inter-quartile range from the box. A Functionally
related proteins tend to have similar total half-lives. Box plots of CVs of total half-
lives for functionally related proteins compared with a randomized set of proteins
(Mann-Whitney U, one-sided, p value 2E-6, 2E-2, 8E-7 for complexes, operons,
and pathways respectively). B Map of the total half-lives for proteins involved in the
phosphonate pathway under P-lim. The phosphonate pathway is encoded in a
single operon and is involved in the transport and metabolism of organopho-
sphonates (C-P bond). Most of these proteins degrade rapidly under P-lim. C The
rut operon consists of seven genes and one repressor (n =5 detected). Four of the
five proteins were rapidly degraded in the wild-type strain and AclpP, Alon, and
AhslV. These four proteins were stabilized in a triple knockout AclpP Alon AhslIV.

D The wild-type and TKO strain were grown on glucose minimal media with thy-
midine as the sole nitrogen source. The mutant strain grows to a higher maximum
0D600 than the wild-type strain. A LOESS curve was fit to the data with a 99%
confidence interval. E Map of the half-lives of flagellar proteins under C-lim. The
basal body elements of the flagellum are largely stable, while filament and motor
structure components are rapidly degrading. Flagellum schematic adapted from
ref. 100. F Scatter plot of protein total half-lives for protein complexes containing
two distinct subunits. Data is presented as mean +/- standard deviation. High-
lighted in purple are complexes for which the total half-lives of subunits disagree,
potentially because their interaction is transient, e.g., CIpA/P or BolA, GrxD. G Box
plots of total half-lives for ribosomal proteins compared to all cytoplasmic proteins.
Ribosomal proteins are more stable than cytoplasmic proteins in C-lim and N-lim
but degrade faster than the median of cytoplasmic proteins in P-lim (n =30 for
ribosomal proteins).

two parameters. In the first model, k,cive Scales with Kgiution, i-€., the
protein total half-life remains a constant fraction of the cell cycle time.
In the second model, active degradation rates are independent of
growth rate, i.e., the active degradation rate of each protein remains
constant regardless of cell doubling time.

The two models have distinct predictions on how the total
protein half-time (f;2, tora) Should scale with changing cell cycle
times. In the scaled model, 15, (ot fOr €ach protein linearly increases

with cell cycle time (Fig. 6B). In contrast, in the constant model, the
dilution rate dominates for rapidly dividing cells while the con-
tribution from active degradation becomes more relevant for slower
dividing cells.

To test the models’ predictions, we grew E. coli cells with a range
of doubling times, including rapidly doubling cells with unlimited
growth in minimal medium (0.7 h) and slower doubling cells in carbon-
limited chemostats (3 h, 6 h, and 12 h). We found that the data favored
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model, f2, coral Values for all the proteins lie on a straight line with slope r;; (orange).
In the constant model, the ¢y, (ol Values follow a nonlinear relationship between
the two doubling times (purple). For proteins with very high active degradation
rates, the constant model predicts that &5, total Will approach the same value for
both doubling times, indicated by the slope 1line (black). For diluting proteins with
no active degradation, both models converge to the doubling times of conditions i
and,j. C Scatter plots of protein /2, total fOr E. coli grown at doubling times of 6 h (C-
lim), 3 h (C-lim), and 0.7 h (defined minimal media batch) compared to 12 h (C-lim).
The dotted lines represent the dilution limit. We observe a strong statistical pre-
ference for the “constant model,” in which active degradation rates are uncoupled
from cell cycle duration. Shown are the likelihood ratios (L) of the constant models
compared to the scaled models assuming normally distributed errors.

the constant model regardless of which cell cycle times we compared
(Fig. 6C). This indicates that active protein degradation rates typically
remain constant regardless of cell division rates.

We noted interesting exceptions to the model (Supplementary
Fig. 8), however, particularly when comparing slower-growing cells in
the chemostat to cells growing without nutrient limitation. For
example, RpoS degrades faster in unlimited growth conditions than
the non-scaled model would predict based on chemostat measure-
ments. This is consistent with the previous finding that RpoS is rapidly
degraded in exponentially growing cells but becomes stabilized when
nutrient-limited®,

Because k,.ive rates are generally constant across cell division
rates, we can more accurately measure Kacive When Kgijution is small.
Importantly, the observed constancy of degradation rates, regardless
of cell cycle times, allows us to extrapolate active degradation rates
from conditions with long cell division times (e.g., chemostats with 6-h
doubling times) to conditions with more rapid cell division times, in

which separating between active degradation rates and dilution rates
is experimentally difficult. Thus, the protein half-lives in this manu-
script, primarily obtained in the chemostat, are a valuable resource
that can be extrapolated to arbitrary cell division rates.

Discussion

This paper introduces a technique for the global measurement of
protein turnover on a gene-by-gene basis by combining complement
reporter ion quantification with heavy isotope labeling of nutrients
(Fig. 1). Applying our method to measure protein turnover across
multiple nutrient limitations, we found that most cytoplasmic proteins
slowly degrade in nitrogen-limited conditions (Fig. 2). By contrast, in
phosphorus-limited and carbon-limited conditions, proteins are
mostly stable. We observe this phenomenon in a nitrogen-limited
chemostat and in a nitrogen-starved batch culture. The slow degra-
dation of cytoplasmic proteins is likely a strategy E. coli has developed
to keep scarce amino acids available, which could be critical to various
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metabolic processes, including the ability to synthesize new proteins
and adapt the proteome to changing environments. To test this
hypothesis, we measured growth curves following nutrient upshift
from nitrogen starvation to LB media for both the wild-type strain and
the mutant lacking lon, clpP, and hslV which has reduced cytoplasmic
protein turnover. We find that the triple knock-out is less able to adapt
to the new conditions and has a significant growth delay (~80 min)
compared to the wild-type (Supplementary Fig. 9). Bulk protein turn-
over measurements in the 1950s showed that Saccharomyces cerevisiae
also increases overall protein turnover when starved of nitrogen®,
suggesting that a similar strategy might apply to eukaryotes.

We assigned protein substrates to proteases by measuring the
change in protein turnover rates in protease knockout strains (Fig. 3).
We were surprised by how little protein degradation changed in the
knockout strains, particularly when deleting the canonical proteases
ClpP and Lon. We showed that in these knockout strains, only a few
proteins have a slower degradation rate, and the observed degradation
of cytoplasmic proteins continues. Even when we knocked out clpP,
lon, and hslV simultaneously, 40% of total protein turnover remains,
including the cytoplasmic recycling and the degradation of many
short-lived proteins. However, we observe remarkable additive and
redundant effects when comparing protein turnover rates in the
individual knockouts with the triple knockout. This suggests that many
proteins are substrates for more than one protease.

We could not extend these approaches to identify substrates for
FtsH, as its deletion is lethal due to the accumulation of LPS. However,
when combined with a fabZ mutation®, we could show that the
degradation in nitrogen-starved batch culture continues when ftsH is
deleted. The lack of significant overlap between proteins that are still
degraded in the AclpPAlonAhslV strain and proteins pulled down from
an FtsH-trap® also suggests that FtsH is likely not responsible for the
remaining degradation. So far, we have not been able to generate
viable quadruple knockout cells for all four known ATP-dependent
proteases in E. coli. We, therefore, cannot completely rule out that FtsH
is responsible for the remaining cytoplasmic degradation when the
other three proteases are deleted. Regardless, a major protein degra-
dation pathway in £. coli still needs to be discovered: either FtsH plays a
much more significant role than generally anticipated, or there is an
entirely different pathway outside the four known ATP-dependent
proteases. While protein degradation itself is energetically favorable,
unfolding a protein requires energy. E. coli encodes many non-ATP-
dependent proteases®, but the rapid turnover of proteins in the triple
knockout line and the fact that most cytoplasmic proteins are struc-
tured suggest that some ATP-dependent unfoldase is involved. Per-
haps, an adapter like ClpX or a chaperone unfolds proteins and allows
those substrates to be degraded by one of the proteases believed to be
energy-independent®.

We found that many proteins have short half-lives regardless of
nutrient limitations (Fig. 4). Among those, we see an over-
representation of transcriptional regulators. Rapid turnover might
enable a quick response to changing growth conditions to rapidly
adjust transcription rates to the new environment. Surprisingly, we
found no correlation between a protein’s total half-life and its
N-terminal residue suggesting that the N-end rule is a poor predictor
for protein stability in vivo. In contrast, disordered proteins are dras-
tically enriched among proteins with rapid turnover (Fig. 4F). This
might suggest that many short-lived proteins could be degraded in an
energy-independent way. This is further supported by our finding that
the enrichment of disordered proteins is further increased among
proteins that are degraded when the three ATP-dependent proteases
ClpP, Lon, and HslV are deleted. We observe highly significant corre-
lation among protein turnover for functionally related proteins like
complexes and those expressed from operons. We found striking
examples of this regulation in phosphonate metabolism and flagella
but can currently only speculate about the underlying regulatory

mechanisms and functional importance. Further studies will be
required to follow up on these intriguing observations.

When we compared protein turnover across E. coli growth rates,
we found that rates of active protein degradation remain constant
(Fig. 6). Based on this finding, the relative contribution of active
degradation compared to dilution due to cell division must change as a
function of growth rate. Therefore, relative protein levels of actively
degrading proteins must change with differing cell growth rates, or
cells must compensate by adjusting transcription and/or translation
rates. Protein expression regulation combines gene-specific effects
with such global parameter changes®. Our insight will help to improve
genome-wide protein abundance regulation models and could help to
better engineer gene expression circuits with desired properties.

The discoveries in this manuscript have been enabled by intro-
ducing a method to measure protein turnover. We chose to use heavy
ammonium to label newly synthesized proteins to avoid the use of
mutants and to boost the signal for short labeling times. The resulting
MSI1 and MS2 spectra are extremely complex, making standard quan-
tification approaches challenging*>. We have overcome these chal-
lenges by taking advantage of the outstanding ability of the
complement reporter ion strategy (TMTproC) to distinguish signals
from the chemical background*. The introduced methods are
applicable widely beyond E. coli. Our ability to use comparatively
cheap heavy isotope labels opens up the possibility of performing
similar studies on larger animals, e.g., after D,O intake, which would be
cost-prohibitive with heavy amino acid labeling***°. Unlike many other
cutting-edge multiplexed proteomics approaches, the applied tech-
nology is compatible with comparatively simple and widely distributed
instrumentation, such as quadrupole-Orbitrap instruments, as we
avoid the need for an additional gas-phase isolation step. The required
analysis software is available on our lab’s GitHub site (https://github.
com/wuhrlab/TMTProC).

We have generated a broad resource of protein turnover rates in
thirteen different growth conditions, each with biological replicates.
The investigated conditions include varying cell cycle times from
40 min to 12 h, nitrogen-, carbon-, phosphorus-limitation, and various
protease knockout strains. We expect this resource to allow
researchers to complement their data sets with protein turnover
information. Our finding that active degradation rates are typically
constant regardless of division rates will allow researchers to extra-
polate protein half-lives to arbitrary conditions. Our measurements of
how protein turnover rates change in protease knockout strains will
help refine protease-substrate relationships. Unlike studies relying on
trap experiments or protein microarrays, we could start to deduce the
redundant nature of these connections. We have shown the power of
the provided resource by demonstrating cytoplasmic recycling in
nitrogen limitation and by finding a scaling law for active protein
degradation rates with varying cell cycle times. Thus, we advance
protein turnover measurement technology, provide a resource for
~3.2k E. coli protein half-lives under various conditions, and provide
fundamental insight into global protein expression regulation
strategies.

Methods

Turnover measurements

E. coli strain NCM3722 was grown in continuous culture chemostats at
37 °C. The chemostat (Sixfors, HT) volume was 300 mL with oxygen
and pH probes to monitor the culture. pH was maintained at 7.2 + 0.1.
40 mM MOPS media (M2120, Teknova) was used with glucose (0.4% w/
v, Sigma G8270), ammonium (9.5mM NH,CI, Sigma A9434) and
phosphate (1.32 mM K,HPO,, Sigma P3786) added separately. For C-
and N-limiting media, glucose and ammonium concentrations were
reduced by fivefold (0.08% and 1.9 mM, respectively). The P-limiting
medium contains 0.132 mM K,HPO,. Cells were grown up to steady
state in a media containing light ammonium for -8-10 generations.
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Table 2 | The time point used for the sample collection for all
doubling times analyzed in this study

Doubling time Reactor type Time points for sample collection (min)
42 min Batch 0, 5,12, 20, 30, 45, 60,175

3h Chemostat 0, 45,105, 186, 270, 366, 510, 729

6h Chemostat 0, 107, 229, 376, 548, 735, 1024, 1612
12h Chemostat 0, 173, 302, 444, 649, 873, 1230, 2166

This is equivalent to running the 6 h doubling time chemostat for
~2.5 days before switching the feed to a media containing heavy
ammonium (CIL, NLM-107-10-10). Based on the ODggg, ~4-6 mL of
effluent is collected after the switch for proteomics analysis. The
ODgoo for the chemostats are as follows: P-lim OD -~ 0.71, N-lim OD
~0.51, C-lim OD -0.68. The effluent is immediately frozen in liquid
nitrogen.

For the minimal media no limitation batch cultures, NCM3722
cells were grown at 37 °C in 40 mM MOPS media with glucose (0.4%),
ammonium (9.5 mM) and phosphate (1.32 mM) added separately. The
cells are grown overnight in the medium containing light nitrogen and
are diluted 500x in the fresh media containing light ammonium. The
cells are grown up to an OD ~-0.4 before diluting by 10x into medium
containing heavy nitrogen. We used “N-ammonium rather than
labeled amino acids because of the higher signal we obtain with a low
labeling fraction. For example, when 10% of the nutrient pool is
labeled: If using heavy arginine, 90% of newly synthesized tryptic
peptides ending in arginine are unlabeled. In contrast, when using
heavy ammonium, a peptide having 15 nitrogens, only (90%)" =21%
will be unlabeled. Furthermore, we would have to work with auxotroph
mutants when using amino acid labeling. Subsequently, samples of
~200 mg of protein per time point were collected. To maintain the cells
in steady state, they are repeatedly diluted into fresh media after it
reaches the OD ~0.4.

The time points for proteomics collection depend on the dou-
bling time of the bacteria. Table 2 details the time point used for the
sample collection for all doubling times analyzed in this study:

Chloramphenicol translation inhibition assay

E. coli strain NCM3722 was grown in batch cultures at 37 °C. 40 mM
MOPS media (M2120, Teknova) was used with glucose (0.4%, Sigma
G8270), L-arginine (2.37 mM, Sigma A5006) and phosphate (1.32 mM
K,HPO,4, Sigma P3786) added separately. The doubling time was 2 h.
As the cells reached exponential growth, OD - 0.3, translation inhi-
bition drugs were added to arrest the protein synthesis. Chlor-
amphenicol was added at 200 mg/mL. E. coli cells (OD: 0.3 4 mL
culture gave ~200 mg of protein) were harvested by centrifuging at
5000 x g for ~ 2 min. 10 samples were collected post the addition of
drugs at [0, 10, 20, 40, 60, 80, 100, 120, 180, 240] min for the pro-
teomic analysis.

Batch starvation assay

An overnight culture of E. coli grown in Luria-Bertani (LB) broth was
diluted 1:100 in minimal media (40mM MOPS media (M2120,
Teknova), 0.4% glucose (Sigma G8270), 9.5 mM ammonium chloride
(Sigma A9434), and 1.32 mM potassium phosphate dibasic (Sigma
P3786)). Cultures were shaken at 30 °C until an OD of ~0.5 was reached.
The culture was collected and centrifuged at 5000 x g for 10 min. The
supernatant was discarded, and cells were washed three times with
40 mM MOPS, centrifuging between each wash. Cells were then re-
suspended in identical minimal media but lacking either glucose or
ammonium chloride. The culture was then shaken at 30 °C and sam-
ples were taken at the following times (in minutes): 0, 151, 226, 407,
408, 944. The samples were prepared for proteomic analysis using the
protocol described in Sample Preparation.

Table 3 | Information for all the strains and plasmids

Name Description Source or
reference
Strains
DY378 W3110 A\cl857 A(cro-bioA) 56
RLG986 DY378 fabZ gsp cdaR-IG-yaeH::cat; Cam® This study and®>°®
RLG1017 DY378 fabZ, gsp cdaR-IG-yaeH::cat DftsH::kan;  This study and®>°°
Cam® Kan®
Plasmids
pKD4 Template plasmid containing a FRT-flanked 97

kanamycin resistance cassette; Amp® Kan®

Strain construction

The AclpP, Alon, AhslV single mutants were generated by P1 trans-
duction from the Keio collection®” into E. coli strain NCM3722. The
AclpPAlonAhslV triple knockout was provided by the Basan lab®,

The AftsH strain was generated as follows. First, fabZ gsp was
moved into the | Red strain DY378 with cadR-1G-yaeH::cat by linkage
transduction®. Transductants were selected for on LB supplemented
with 20mgmL™ chloramphenicol and screened for the fabZ, gsp
mutation by DNA sequencing (Genewiz, South Plainfield, NJ). The ftsH
coding sequence in the fabZ, gsp mutant was deleted and replaced with
the kanamycin resistance cassette and flanking flippase recognition
target sites from pKD4 using | Red-mediated recombination®.

Strains and plasmids. The information for all the strains and plasmids
is contained in Table 3.

Primers. The information for all the primers used is contained in
Table 4.

Sample preparation and data analysis for quantitative
proteomics

Samples were mostly prepared as previously described’. Briefly, each
sample containing ~200 mg of total protein was lyophilized to remove
the water and then resuspended in 200 mL of lysis buffer containing
50 mM HEPES pH 7.2, 2% CTAB (hexadecyltrimethylammonium bro-
mide), 6 M GuHCI (guanidine hydrochloride), and 5mM DTT. Cells
were lysed by sonication: 10 pulses, 30 s, at 60% amplitude and further
heating the lysate at 60 °C for 20 min. Next, 200 mL of lysate from
every condition was methanol-chloroform precipitated. Protein con-
centration was determined using the bicinchoninic acid (BCA) protein
assay (Thermo Fisher). Samples were then diluted to 2 M GuHCI with
10 mM EPPS pH 8.5 and digested with 20 ng uL™ LysC (Wako) at room
temperature overnight. Samples were further diluted to 0.5M GuHCI
with 10 mM EPPS pH 8.5 and digested with an additional 20 ng pL*
LysC and 10 ng pL* sequencing-grade trypsin (Promega) at 37 °C for
16 h. The digested samples were dried using a vacuum evaporator at
room temperature and taken up in 200 mM EPPS pH 8.0. The multi-
plexing TMTpro tags*® were added at a mass ratio of 5:1 tag/peptide to
~40 mg of peptide per condition and allowed to react for 2 h at room
temperature. The reaction was quenched with 1% hydroxylamine
(30 min, RT). Samples from all conditions were combined into one
tube, acidified with 5% phosphoric acid (pH < 2). The samples are then
ultracentrifuged at 100,000 x g at 4 °C for an hour to pellet undigested
proteins. The supernatants were dried using a vacuum evaporator at
room temperature to remove acetonitrile from the labeling step. Dry
samples were taken up in HPLC grade water and subjected to medium
pH reverse phase prefractionation. Samples are prefractionated with
medium pH reverse-phase HPLC (Zorbax 300 Extend CI8,
4.6 x 250 mm column, Agilent) with 10 MM ammonium bicarbonate,
pH 8.0, using 5% acetonitrile for 17 min followed by an acetonitrile
gradient from 5% to 30%. Each fraction was dried and resuspended in
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Table 4 | The information for all the primers used

Name Sequence (5' - 3)

ftsH.Fwd GCGCTAGAAATGTGTCGTGA

ftsH.Rev GGATGGCTAAGGTCCAGTGA

KOftsHpKD4.Fwd CGCTGTTTTTAACACAGTTGTAATAAGAGGTTAATCCCTTGAGTGACatgTGTGTAGGCTGGAGCTGCTTC
KOftsHpKD4.Rev GTACAAATACAGTCATCTGATGCGGGAACttaCTTGTCGCCTAACTGCTCATGGGAATTAGCCATGGTCC
fabz.Fwd CTGAACCAGGCGTCTATTCC

fabZ.Rev GACATGGGGTCCAACGATAC

100 pL of HPLC water. Fractions were acidified to pH <2 with phos-
phoric acid and desalted. The samples were resuspended in 1% formic
acid to 1mg mL™ and 1 mg of the total combined sample was analyzed
with the TMTproC approach*®. We used two strategies to ensure that
the monoisotopic peak was isolated for each peptide. First, isotopic
envelope fitting was used to shift the quad isolation window towards
the predicted monoisotopic peak via a diagnostic routine provided by
Thermo Fisher Scientific. We added an additional filtering step during
data analysis that was then used to remove any erroneously isolated
non-Mo-peaks once the identity of the peptide was determined. To this
end, we simply compared the pseudo-monoisotopic peak mass and
charge state with the used isolation window m/z values. The difference
between the isolation and monoisotopic m/z will be ~0 for a true Mgy
isolation, and a multiple of 1/z if not.

Samples were analyzed on an EASY-nLC 1200 (Thermo Fisher
Scientific) HPLC coupled to an Orbitrap Fusion Lumos mass spectro-
meter (Thermo Fisher Scientific) with Tune version 3.3. Peptides were
separated on an Aurora Series emitter column (25cmx75um ID,
1.6 pm C18) (lonopticks, Australia) and held at 60 °C during separation
using an in-house built column oven, over 90 min for fractionated
samples, applying nonlinear-acetonitrile gradients at a constant flow
rate of 350 nL min™'. MS parameter were set as previously described for
TMTproC analysis*°. Briefly, the mass spectrometer was operated to
analyze positively charged ions in a data-dependent MS2-mode,
recording centroid data with the RF lens level at 60% and the following
settings for full scans: AGC target of 4E5 charges, maximum ion
injection time of 50 ms, scan range m/z 350-1400 with wide quadru-
pole isolation enabled, 120k Orbitrap™ resolution.

Following the survey scan, the following filters were applied for
triggering MS2 scans. lons with z=2 were analyzed if their m/z-ratio
was between 500 and 1074 and had an intensity greater than 1.9ES.
Isolated masses were excluded for 60 s after triggering with a mass
tolerance window of +10 ppm, while also excluding isotopes and dif-
ferent charge states of the isolated species. AGC target was set to 7.5E4
charges and the maximum ion injection times was 123 ms. The
Orbitrap™ resolution was 60k in normal mass range mode. The
quadrupole was utilized for isolation with an isolation width of 0.4 Th,
and ions were fragmented with 30% CID amplitude (10 ms activation
time, activation Q of 0.25).

The data was analyzed using the Gygi Lab GFY software licensed
from Harvard. The detailed description can be found in ref. 91. Thermo
Fisher Scientific raw-files were converted to mzXML using ReAdW.exe
(http://svn.code.sf.net/p/sashimi/code/). Assignment of MS2 spectra
was performed using the SEQUEST®? algorithm by searching the data
against the combined reference proteomes for E. coli acquired from
Uniprot on 08/2017 along with common contaminants such as human
keratins and trypsin. The target-decoy strategy was used to construct a
second database of reversed sequences that were used to estimate the
false discovery rate on the peptide level®>. SEQUEST searches were
performed using a 20-ppm precursor ion tolerance with the require-
ment that both N- and C terminal peptide ends are consistent with the
protease specificities of LysC and Trypsin. A peptide level MS2 spectral
assignment false discovery rate of 1% was obtained by applying the
target-decoy strategy with linear discriminant analysis’*. Peptides were

assigned to proteins and a second filtering step to obtain a 1% FDR on
the protein level was applied”. Peptides that matched multiple pro-
teins were assigned to the proteins with the most unique peptides. For
all methods, peptides were only considered quantified if the signal-to-
FT noise ratio (S:N) across all channels was greater than forty.

Identification of complementary ion peaks, modeling of the iso-
lation window, and deconvolution of the complementary peaks were
performed as previously described*®. Briefly, the complement reporter
ion cluster was located, and the observed ratios were extracted. Using
the measured shape of the isolation window and measured TMTpro
isotopic impurities, the relative abundance and composition of each
peak that was isolated from the precursor envelope was determined
and used in the deconvolution algorithm.

Statistics and data reproducibility

All protein turnover rate measurements were replicated for each strain
and condition. After collecting replicates for the wild-type strain in
carbon limitation at a 6-h doubling time, we determined that the
measurements were highly reproducible and that a significant fraction
of the proteome could be confidently assigned as degrading more than
dilution at a p-value cutoff of 0.05 (Figs. 1E and 2B). The batch star-
vation assay was also initially done in duplicates. Due to the large
sample of the technical replication (>1000 proteins quantified at a
false discovery rate of 0.5%), we were able to confidently separate the
decrease in protein abundance of the cytoplasmic and membrane-
bound proteins with a p-value <1E-15 (Fig. 2E). Growth assay com-
parison of the wild-type strain (NCM3722) and the triple protease
knock-out on minimal media with thymidine as the sole nitrogen
source were done in triplicate. All triplicates agreed well with each
other, so no further replication was deemed to be necessary (p-
value < 1E-4, Fig. 5D).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The mass spectrometry proteomics data have been deposited to the
ProteomeXchange Consortium via the PRIDE partner repository with
the dataset identifier PXD042444. Source data are provided with
this paper.

Code availability

The code used for analyzing these data sets can be found on our lab’s
Github at https://github.com/wuhrlab/ProteinTurnoverEcoli. The code
is also citable using: https://doi.org/10.5281/zenodo.10895828.

References

1. Mahmoud, S. A. & Chien, P. Regulated proteolysis in bacteria.
Annu. Rev. Biochem 87, 677-696 (2018).

2. Cohen-Kaplan, V., Livneh, 1., Avni, N., Cohen-Rosenzweig, C. &
Ciechanover, A. The ubiquitin-proteasome system and autophagy:
coordinated and independent activities. Int J. Biochem. Cell Biol.
79, 403-418 (2016).

Nature Communications | (2024)15:5890

14


http://svn.code.sf.net/p/sashimi/code/
https://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD042444
https://github.com/wuhrlab/ProteinTurnoverEcoli
https://doi.org/10.5281/zenodo.10895828

Article

https://doi.org/10.1038/s41467-024-49920-8

10.

.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Gottesman, S. Proteolysis in bacterial regulatory circuits. Annu.
Rev. Cell Dev. Biol. 19, 565-587 (2003).

Rosenfeld, N. & Alon, U. Response delays and the structure of
transcription networks. J. Mol. Biol. 329, 645-654 (2003).

Alon, U. An Introduction to Systems Biology: Design Principles of
Biological Circuits (Chapman and Hall/CRC, 2006).

Wettstadt, S. & Llamas, M. A. Role of regulated proteolysis in the
communication of bacteria with the environment. Front. Mol.
Biosci. 7, 586497 (2020).

Pahl, H. L. & Baeuerle, P. A. Control of gene expression by pro-
teolysis. Curr. Opin. Cell Biol. 8, 340-347 (1996).

Auld, K. L. & Silver, P. A. Transcriptional regulation by the pro-
teasome as a mechanism for cellular protein homeostasis. Cell
Cycle 5, 1503-1505 (2006).

Liu, H., Urbe, S. & Clague, M. J. Selective protein degradation in
cell signalling. Semin. Cell Dev. Biol. 23, 509-514 (2012).
Labbadia, J. & Morimoto, R. I. The biology of proteostasis in aging
and disease. Annu. Rev. Biochem 84, 435-464 (2015).

Jang, H. H. Regulation of protein degradation by proteasomes in
cancer. J. Cancer Prev. 23, 153-161 (2018).

Borek, E., Ponticorvo, L. & Rittenberg, D. Protein turnover in micro-
organisms. Proc. Natl Acad. Sci. USA 44, 369-374 (1958).
Kuroda, A. et al. Role of inorganic polyphosphate in promoting
ribosomal protein degradation by the Lon protease in E. coli.
Science 293, 705-708 (2001).

Mandelstam, J. Turnover of protein in starved bacteria and its
relationship to the induced synthesis of enzyme. Nature 179,
1179-1181 (1957).

Halvorson, H. Intracellular protein and nucleic acid turnover in
resting yeast cells. Biochim. Biophys. Acta 27, 255-266 (1958).
Klumpp, S., Zhang, Z. & Hwa, T. Growth rate-dependent global
effects on gene expression in bacteria. Cell 139,

1366-1375 (2009).

Erickson, D. W. et al. A global resource allocation strategy governs
growth transition kinetics of Escherichia coli. Nature 551, 119-123
(2017).

Liang, S.-T. et al. Activities of constitutive promoters in Escherichia
coli. J. Mol. Biol. 292, 19-37 (1999).

Liang, S.-T., Xu, Y.-C., Dennis, P. & Bremer, H. mRNA composition
and control of bacterial gene expression. J. Bacteriol. 182,
3037-3044 (2000).

Flynn, J. M., Neher, S. B, Kim, Y. I., Sauer, R. T. & Baker, T. A.
Proteomic discovery of cellular substrates of the ClpXP protease
reveals five classes of ClpX-recognition signals. Mol. Cell 11,
671-683 (2003).

Arends, J. et al. Anintegrated proteomic approach uncovers novel
substrates and functions of the lon protease in Escherichia coli.
Proteomics 18, €1800080 (2018).

Westphal, K., Langklotz, S., Thomanek, N. & Narberhaus, F. A
trapping approach reveals novel substrates and physiological
functions of the essential protease FtsH in Escherichia coli. J. Biol.
Chem. 287, 42962-42971 (2012).

Tsai, C. H., Ho, Y. H., Sung, T. C., Wu, W. F. & Chen, C. S. Escher-
ichia coli proteome microarrays identified the substrates of ClpYQ
protease. Mol. Cell Proteom. 16, 113-120 (2017).

Schweder, T., Lee, K. H., Lomovskaya, O. & Matin, A. Regulation of
Escherichia coli starvation sigma factor (sigma s) by ClpXP pro-
tease. J. Bacteriol. 178, 470-476 (1996).

Camberg, J. L., Hoskins, J. R. & Wickner, S. ClpXP protease
degrades the cytoskeletal protein, FtsZ, and modulates FtsZ poly-
mer dynamics. Proc. Natl Acad. Sci. USA 106, 10614-10619 (2009).
Kanemori, M., Nishihara, K., Yanagi, H. & Yura, T. Synergistic roles
of HslVU and other ATP-dependent proteases in controlling in vivo
turnover of sigma32 and abnormal proteins in Escherichia coli. J.
Bacteriol. 179, 7219-7225 (1997).

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

Biernacka, D., Gorzelak, P., Klein, G. & Raina, S. Regulation of the
first committed step in lipopolysaccharide biosynthesis catalyzed
by LpxC requires the essential protein LapC (YejM) and HslVU
protease. Int. J. Mol. Sci. 21, 9088 (2020).

Griffith, K. L., Shah, I. M. & Wolf, R. E. Jr. Proteolytic degradation of
Escherichia coli transcription activators SoxS and MarA as the
mechanism for reversing the induction of the superoxide (SoxRS)
and multiple antibiotic resistance (Mar) regulons. Mol. Microbiol.
51, 1801-1816 (2004).

Belle, A., Tanay, A., Bitincka, L., Shamir, R. & O’Shea, E. K. Quan-
tification of protein half-lives in the budding yeast proteome. Proc.
Natl Acad. Sci. USA 103, 13004-13009 (2006).

Li, J. et al. Proteome-wide mapping of short-lived proteins in
human cells. Mol. Cell 81, 4722-4735.e4725 (2021).

Biran, D., Gur, E., Gollan, L. & Ron, E. Z. Control of methionine
biosynthesis in Escherichia coli by proteolysis. Mol. Microbiol. 37,
1436-1443 (2000).

Foster, G., Schoenheimer, R. & Rittenberg, D. The utilisation of
ammonia for amino acid and ereatine formation in animals. J. Biol.
Chem. 127, 319 (1939).

Arias, I. M., Doyle, D. & Schimke, R. T. Studies on the synthesis and
degradation of proteins of the endoplasmic reticulum of rat liver.
J. Biol. Chem. 244, 3303-3315 (1969).

Schwanhausser, B. et al. Global quantification of mammalian gene
expression control. Nature 473, 337-342 (2011).

Boisvert, F. M. et al. A quantitative spatial proteomics analysis of
proteome turnover in human cells. Mol. Cell Proteom. 11, M111
011429 (2012).

Savitski, M. M. et al. Multiplexed proteome dynamics profiling
reveals mechanisms controlling protein homeostasis. Cell 173,
260-274.225 (2018).

Pappireddi, N., Martin, L. & Wuhr, M. A review on quantitative
multiplexed proteomics. ChemBioChem 20, 1210-1224 (2019).
Ting, L., Rad, R., Gygi, S. P. & Haas, W. MS3 eliminates ratio dis-
tortion in isobaric multiplexed quantitative proteomics. Nat.
Methods 8, 937-940 (2011).

Wenger, C. D. et al. Gas-phase purification enables accurate,
multiplexed proteome quantification with isobaric tagging. Nat.
Methods 8, 933-935 (2011).

Helbig, A. O. et al. The diversity of protein turnover and abun-
dance under nitrogen-limited steady-state conditions in Sacchar-
omyces cerevisiae. Mol. Biosyst. 7, 3316-3326 (2011).

Cargile, B. J., Bundy, J. L., Grunden, A. M. & Stephenson, J. L.
Jr. Synthesis/degradation ratio mass spectrometry for mea-
suring relative dynamic protein turnover. Anal. Chem. 76,
86-97 (2004).

O'Brien, J. J. et al. Precise estimation of in vivo protein turnover
rates. Preprint at https://www.biorxiv.org/content/10.1101/2020.
11.10.377440v1.full (2020).

Ross, A. B., Langer, J. D. & Jovanovic, M. Proteome turnover in the
spotlight: approaches, applications, and perspectives. Mol. Cell
Proteom. 20, 100016 (2021).

Rao, P. K., Roxas, B. A. & Li, Q. Determination of global protein
turnover in stressed mycobacterium cells using hybrid-linear ion
trap-fourier transform mass spectrometry. Anal. Chem. 80,
396-406 (2008).

Christiano, R. et al. A systematic protein turnover map for
decoding protein degradation. Cell Rep. 33, 108378 (2020).
Johnson, A., Stadlmeier, M. & Wuhr, M. TMTpro complementary
ion quantification increases plexing and sensitivity for accurate
multiplexed proteomics at the MS2 level. J. Proteome Res. 20,
3043-3052 (2021).

Thompson, A. et al. TMTpro: design, synthesis, and initial evalua-
tion of a proline-based isobaric 16-Plex tandem mass tag reagent
set. Anal. Chem. 91, 15941-15950 (2019).

Nature Communications | (2024)15:5890

15


https://www.biorxiv.org/content/10.1101/2020.11.10.377440v1.full
https://www.biorxiv.org/content/10.1101/2020.11.10.377440v1.full

Article

https://doi.org/10.1038/s41467-024-49920-8

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

Ow, S. Y. et al. iTRAQ underestimation in simple and complex
mixtures: “the good, the bad and the ugly”. J. Proteome Res. 8,
5347-5355 (2009).

Rassam, P. et al. Supramolecular assemblies underpin turnover of
outer membrane proteins in bacteria. Nature 523, 333-336 (2015).
Hazel, J. et al. Changes in cytoplasmic volume are sufficient to
drive spindle scaling. Science 342, 853-856 (2013).

Alon, U. An Introduction to Systems Biology: Design Principles of
Biological Circuits, (Chapman and Hall/CRC, 2006).

Milo, R. & Phillips, R. Cell Biology by the Numbers (Garland Sci-
ence, Taylor & Francis Group, 2016).

Maglica, Z., Striebel, F. & Weber-Ban, E. An intrinsic degradation
tag on the ClpA C-terminus regulates the balance of ClpAP
complexes with different substrate specificity. J. Mol. Biol. 384,
503-511 (2008).

Sugimoto, R., Saito, N., Shimada, T. & Tanaka, K. Identification of
YbhA as the pyridoxal 5’-phosphate (PLP) phosphatase in Escher-
ichia coli: importance of PLP homeostasis on the bacterial growth.
J. Gen. Appl. Microbiol. 63, 362-368 (2018).

Ogura, T. et al. Balanced biosynthesis of major membrane com-
ponents through regulated degradation of the committed enzyme
of lipid A biosynthesis by the AAA protease FtsH (HfIB) in Escher-
ichia coli. Mol. Microbiol. 31, 833-844 (1999).

Thomason, L. C., Sawitzke, J. A., Li, X., Costantino, N. & Court, D. L.
Recombineering: genetic engineering in bacteria using homo-
logous recombination. Curr. Protoc. Mol. Biol. 106, 116 11-11 16
39 (2014).

Weston, L. A. & Kadner, R. J. Role of uhp genes in expression of the
Escherichia coli sugar-phosphate transport system. J. Bacteriol.
170, 3375-3383 (1988).

Bissonnette, S. A., Rivera-Rivera, |., Sauer, R. T. & Baker, T. A. The
IbpA and IbpB small heat-shock proteins are substrates of the AAA
+ Lon protease. Mol. Microbiol. 75, 1539-1549 (2010).

Little, J. W. Mechanism of specific LexA cleavage: autodigestion
and the role of RecA coprotease. Biochimie 73, 411-421 (1991).
Jones, E. C. & Uphoff, S. Single-molecule imaging of LexA
degradation in Escherichia coli elucidates regulatory mechanisms
and heterogeneity of the SOS response. Nat. Microbiol. 6,
981-990 (2021).

Maurizi, M. R. & Rasulova, F. Degradation of L-glutamate dehy-
drogenase from Escherichia coli: allosteric regulation of enzyme
stability. Arch. Biochem. Biophys. 397, 206-216 (2002).

Seong, I. S., Oh, J. Y., Yoo, S. J., Seol, J. H. & Chung, C. H. ATP-
dependent degradation of SulA, a cell division inhibitor, by the
HslVU protease in Escherichia coli. FEBS Lett. 456, 211-214
(1999).

Arends, J., Thomanek, N., Kuhlmann, K., Marcus, K. & Narberhaus,
F. In vivo trapping of FtsH substrates by label-free quantitative
proteomics. Proteomics 16, 3161-3172 (2016).

Annesley, T. M. lon suppression in mass spectrometry. Clin. Chem.
49, 1041-1044 (2003).

Kardash, E. et al. A role for Rho GTPases and cell-cell adhesion in
single-cell motility in vivo. Nat. Cell Biol. 12, 47-53 (2010).

Masui, Y. & Wang, P. Cell cycle transition in early embryonic
development of Xenopus laevis. Biol. Cell 90, 537-548 (1998).
Taft-Benz, S. A. & Schaaper, R. M. The theta subunit of Escherichia
coli DNA polymerase llI: a role in stabilizing the epsilon proof-
reading subunit. J. Bacteriol. 186, 2774-2780 (2004).

Tokmakov, A. A., Kurotani, A. & Sato, K. I. Protein pl and intracel-
lular localization. Front. Mol. Biosci. 8, 775736 (2021).
Garcia-Moreno, B. Adaptations of proteins to cellular and sub-
cellular pH. J. Biol. 8, 98 (2009).

Tobias, J. W., Shrader, T. E., Rocap, G. & Varshavsky, A. The N-end
rule in bacteria. Science 254, 1374-1377 (1991).

7.

72.

73.

74.

75.

76.

77.

78.

79.

80.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

Piatkov, K. I., Vu, T. T., Hwang, C. S. & Varshavsky, A. Formyl-
methionine as a degradation signal at the N-termini of bacterial
proteins. Micro. Cell 2, 376-393 (2015).

Ballew, C. et al. Serum retinyl esters are not associated with
biochemical markers of liver dysfunction in adult participants
in the third National Health and Nutrition Examination Survey
(NHANES Il1), 1988-1994. Am. J. Clin. Nutr. 73, 934-940
(2001).

Link, A. J., Robison, K. & Church, G. M. Comparing the predicted
and observed properties of proteins encoded in the genome of
Escherichia coli K-12. Electrophoresis 18, 1259-1313 (1997).

Muto, A. et al. Structure and function of 10Sa RNA: trans-
translation system. Biochimie 78, 985-991 (1996).

Karzai, A. W., Susskind, M. M. & Sauer, R. T. SmpB, a unique RNA-
binding protein essential for the peptide-tagging activity of SsrA
(tmRNA). EMBO J. 18, 3793-3799 (1999).

Chadani, Y. et al. Ribosome rescue by Escherichia coli ArfA (YhdL)
in the absence of trans-translation system. Mol. Microbiol. 78,
796-808 (2010).

Nagar, N. et al. Harnessing machine learning to unravel protein
degradation in Escherichia coli. mSystems 6, 10-1128 (2021).

van der Lee, R. et al. Intrinsically disordered segments affect
protein half-life in the cell and during evolution. Cell Rep. 8,
1832-1844 (2014).

Walsh, 1., Martin, A. J., Di Domenico, T. & Tosatto, S. C. ESpritz:
accurate and fast prediction of protein disorder. Bioinformatics 28,
503-509 (2012).

Loh, K. D. et al. A previously undescribed pathway for pyrimidine
catabolism. PNAS 103, 5114-5119 (2006).

Ahmed, S. B. & Prigent, S. A. A nuclear export signal and oxidative
stress regulate ShcD subcellular localisation: a potential role for
ShcD in the nucleus. Cell Signal 26, 32-40 (2014).

Yamaguchi, Y., Park, J. H. & Inouye, M. Toxin-antitoxin systems in
bacteria and archaea. Annu. Rev. Genet. 45, 61-79 (2011).
Sterner, R. W. & Elser, J. J. Ecological Stoichiometry: The Biology of
Elements from Molecules to the Biosphere, (Princeton University
Press, 2002).

Zhou, Y. & Gottesman, S. Regulation of proteolysis of the
stationary-phase sigma factor RpoS. J. Bacteriol. 180,

154-1158 (1998).

Rawlings, N. D., Barrett, A. J. & Finn, R. Twenty years of the MER-
OPS database of proteolytic enzymes, their substrates and inhi-
bitors. Nucleic Acids Res. 44, D343-D350 (2016).

Sadygov, R. G. Using heavy mass isotopomers for protein turnover
in heavy water metabolic labeling. J. Proteome Res. 20,
2035-2041 (2021).

Baba, T. et al. Construction of Escherichia coli K-12 in-frame,
single-gene knockout mutants: the Keio collection. Mol. Syst. Biol.
2, 2006 0008 (2006).

Schink, S. J. et al. MetA is a “thermal fuse” that inhibits growth and
protects Escherichia coli at elevated temperatures. Cell Rep. 40,
111290 (2022).

Thomas, J. Silhavy, M. L. B. & Enquist, L. W. Experiments With Gene
Fusions (Cold Spring Harbor Laboratory Pr, 1984).

Gupta, M., Sonnett, M., Ryazanova, L., Presler, M. & Wuhr, M.
Quantitative proteomics of Xenopus Embryos |, sample prepara-
tion. Methods Mol. Biol. 1865, 175-194 (2018).

Sonnett, M., Gupta, M., Nguyen, T. & Wuhr, M. Quantitative pro-
teomics for Xenopus Embryos Il, data analysis. Methods Mol. Biol.
1865, 195-215 (2018).

Eng, J. K., McCormack, A. L. & Yates, J. R. An approach to correlate
tandem mass spectral data of peptides with amino acid sequen-
ces in a protein database. J. Am. Soc. Mass Spectrom. 5, 976-989
(1994).

Nature Communications | (2024)15:5890

16



Article

https://doi.org/10.1038/s41467-024-49920-8

93. Elias, J. E. & Gygi, S. P. Target-decoy search strategy for increased
confidence in large-scale protein identifications by mass spec-
trometry. Nat. Methods 4, 207-214 (2007).

94. Huttlin, E. L. et al. A tissue-specific atlas of mouse protein phos-
phorylation and expression. Cell 143, 1174-1189 (2010).

95.  Savitski, M. M., Wilhelm, M., Hahne, H., Kuster, B. & Bantscheff, M.
A scalable approach for protein false discovery rate estimation in
large proteomic data sets. Mol. Cell Proteom. 14, 2394-2404
(2015).

96. Konovalova, A. et al. Inhibitor of intramembrane protease RseP
blocks the sigma(E) response causing lethal accumulation of
unfolded outer membrane proteins. Proc. Natl Acad. Sci. USA 115,
E6614-E6621 (2018).

97. Datsenko, K. A. & Wanner, B. L. One-step inactivation of chromo-
somal genes in Escherichia coli K-12 using PCR products. Proc. Natl
Acad. Sci. USA 97, 6640-6645 (2000).

98. Chemostat_schematic. https://commons.wikimedia.org/wiki/File:
Chemostat_shematic.svg.

99. Biorender. https://www.biorender.com/.

100. Pallen, M. J. & Matzke, N. J. From the origin of species to the origin
of bacterial flagella. Nat. Rev. Microbiol. 4, 784-790 (2006).
Acknowledgements

We would like to thank Markus Basan for the gift of the triple-protease
knockout strain. We thank Michaela Eickhoff, Yihui Shen, Josh Rabino-
witz, Jonathon O’Brien, Joe Sheehan, and Irina Mikheyeva-Bridges for
their advice and discussions. This work was supported by NIH grants
R35GM128813 (M.W.), R35GM118024 (T.J.S.), and grant T32-GM007388
(to Princeton University [E.M.H.]), the U.S. Department of Energy, Office
of Science, Office of Biological and Environmental Research under
award number DE-SC0018420 and DOE grant DE-SC0018260. This work
was supported in part by the National Science Foundation through the
Center for the Physics of Biological Function (PHY-1734030 [N.S.W.]).
We gratefully acknowledge support by the American Heart Association
predoctoral fellowship 20PRE35220061 (T.N.), Princeton Catalysis
Initiative (M.W.), Eric and Wendy Schmidt Transformative Technology
Fund (M.W.), Harold W. Dodds Fellowship (M.G.), NSF Graduate
Research Fellowship (ERC), Princeton University’s Summer Under-
graduate Research Program (E.R.C.).

Author contributions
M.G., AN.T.J,, T.J.S,, N.S.W., Z.G., and M.W. designed the study. M.G.,
AN.T.J.,, ER.C,, E.J.C, RG., T.N,, and M.S. performed experiments and

data analysis. S.H.L, B.P.B, and E.M.H helped set up and troubleshoot
experiments. T.J.S., N.S.W., Z.G., and M.W. supervised the study and
provided funding. M.G., A.N.T.J., and M.W. wrote the manuscript with
input from all co-authors.

Competing interests
The authors declare no competing interests.

Additional information

Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s41467-024-49920-8.

Correspondence and requests for materials should be addressed to
Martin Wahr.

Peer review information Nature Communications thanks Andre Mateus,
and the other, anonymous, reviewers for their contribution to the peer
review of this work. A peer review file is available.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to jur-
isdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate if
changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.org/
licenses/by/4.0/.

© The Author(s) 2024

Nature Communications | (2024)15:5890

17


https://commons.wikimedia.org/wiki/File:Chemostat_shematic.svg
https://commons.wikimedia.org/wiki/File:Chemostat_shematic.svg
https://www.biorender.com/
https://doi.org/10.1038/s41467-024-49920-8
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Global protein turnover quantification in Escherichia coli reveals cytoplasmic recycling under nitrogen limitation
	Results
	Combining heavy isotope labeling with complement reporter ion quantification enables high-quality protein turnover measurements
	E. coli recycles its cytoplasmic proteins under nitrogen limitation
	Measuring protein turnover in knockout mutants allows the identification of protease substrates
	Analyzing features of rapidly turning over proteins
	Analysis of turnover for functionally related proteins
	Active protein degradation rates typically do not scale with division rates

	Discussion
	Methods
	Turnover measurements
	Chloramphenicol translation inhibition assay
	Batch starvation assay
	Strain construction
	Strains and plasmids
	Primers

	Sample preparation and data analysis for quantitative proteomics
	Statistics and data reproducibility
	Reporting summary

	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




