
1

Vol.:(0123456789)

Scientific Reports |         (2022) 12:6547  | https://doi.org/10.1038/s41598-022-10427-1

www.nature.com/scientificreports

Proteome‑wide landscape 
of solubility limits in a bacterial cell
Ádám Györkei1,2,3, Lejla Daruka2,3, Dávid Balogh2, Erika Őszi4, Zoltán Magyar4, 
Balázs Szappanos1,2, Gergely Fekete1,2, Mónika Fuxreiter5,6, Péter Horváth2,7, Csaba Pál2*, 
Bálint Kintses2,8,9* & Balázs Papp1,2*

Proteins are prone to aggregate when expressed above their solubility limits. Aggregation may 
occur rapidly, potentially as early as proteins emerge from the ribosome, or slowly, following 
synthesis. However, in vivo data on aggregation rates are scarce. Here, we classified the Escherichia 
coli proteome into rapidly and slowly aggregating proteins using an in vivo image‑based screen 
coupled with machine learning. We find that the majority (70%) of cytosolic proteins that become 
insoluble upon overexpression have relatively low rates of aggregation and are unlikely to 
aggregate co‑translationally. Remarkably, such proteins exhibit higher folding rates compared to 
rapidly aggregating proteins, potentially implying that they aggregate after reaching their folded 
states. Furthermore, we find that a substantial fraction (~ 35%) of the proteome remain soluble at 
concentrations much higher than those found naturally, indicating a large margin of safety to tolerate 
gene expression changes. We show that high disorder content and low surface stickiness are major 
determinants of high solubility and are favored in abundant bacterial proteins. Overall, our study 
provides a global view of aggregation rates and hence solubility limits of proteins in a bacterial cell.

Maintaining solubility is a key requirement for proper functioning of proteins. It has been proposed that pro-
teins are generally expressed close to their solubility limits under physiological  conditions1,2. As a consequence, 
proteins are prone to misfold and aggregate when overexpressed due to the increased probability of forming 
intermolecular contacts that favor the aggregated state over the folded  state3. For example, heterologous expres-
sion of recombinant proteins often leads to the formation of aggregates (i.e. inclusion bodies) in  bacteria4.

Prior in vitro and computational studies revealed extensive variability of intrinsic aggregation rates between 
 proteins5–8. Such differences likely influence whether aggregation occurs during protein synthesis (co-transla-
tionally9) or at a later stage (post-translationally) in the crowded intracellular environment. In particular, some 
proteins are prone to aggregate after reaching their folded  states10–14. Aggregation from the folded state may 
occur through local unfolding events or structural  fluctuations11 and appears to be prevalent among human 
amyloid  proteins15. Therefore, understanding the rate and timing of aggregation have relevance to various fields 
from protein deposition  diseases11,12 to the design of proteins with enhanced kinetic  stability16. Despite its fun-
damental importance, however, we have only a limited understanding of which proteins are prone to aggregate 
early, potentially during synthesis, or post-translationally under in vivo conditions. Addressing this gap requires 
a proteome-wide study of aggregation rates in the intracellular environment.

Here we describe a high-throughput in vivo approach that systematically classifies the cytosolic proteome into 
soluble, rapidly and slowly aggregating proteins in the model bacterium Escherichia coli (Fig. 1). In this system, 
we overexpressed all proteins at similar high levels thereby allowing comparison of the in vivo aggregation pro-
pensity across the whole proteome. The fate of overexpressed proteins was monitored by a GFP tag fused to the 
C-terminal of each protein. Such a GFP tag informs on the solubility status and relative time of aggregation of 
the upstream cytosolic  protein17–19. Specifically, while a lack of fluorescent signal indicates misfolding and aggre-
gation of the upstream protein before the GFP chromophore is committed to form, a strong fluorescent signal 
indicates properly folded, soluble fused upstream  proteins17. Whereas GFP has long been used to distinguish 
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between these two groups of proteins, case studies revealed a third phenotypic group of GFP-fused proteins 
that form fluorescent  aggregates19–21. In particular, while rapid aggregation of the upstream peptide results in 
non-fluorescent aggregates, slow aggregation allows correct folding of the GFP moiety and yields fluorescent 
 aggregates19. Therefore, the C-terminal GFP fusion informs on the relative time of aggregation, i.e. whether 
aggregation occurs early, potentially during synthesis, or post-translationally, after the downstream GFP tag has 
been fully synthesized and folded.

Based on these considerations, we used high-content microscopy to evaluate the intensity and subcellular 
distribution of fluorescence signals in order to distinguish between overexpressed proteins that (i) remain highly 
soluble, (ii) aggregate rapidly, possibly co-translationally (aggregates without GFP signal) or (iii) aggregate later, 
post-translationally (fluorescent aggregates). We then applied a data mining approach to systematically identify 
protein features that distinguish between these classes of proteins.

Our proteome-wide analysis reveals that most aggregation-prone cytosolic proteins form aggregates after 
translation. We find that such proteins exhibit low predicted aggregation rates from the unfolded state, tend to 
fold rapidly and interact more frequently with the chaperone DnaK as compared to those aggregating rapidly 
in vivo. Together, these features indicate a kinetic competition between aggregation and folding of the nascent 
polypeptide and raise the possibility that many proteins might aggregate after folding. Furthermore, we show 
that a substantial fraction (~ 35%) of the proteome remain soluble at concentrations much higher than those 
found naturally, indicating that many bacterial proteins are not expressed at levels close to their solubility limits. 
High disorder content and low surface stickiness are major determinants of such high solubility and ultimately 
influence the functioning of abundant proteins. Overall, our work provides a global view of aggregation rates 
and hence solubility limits of proteins in a bacterial cell.

Results
Proteome‑wide classification of rapidly and slowly aggregating proteins in vivo. We probed 
the solubility of 2577 cytosolic E. coli proteins upon overexpression at the single-cell level, using an image-based 
high-throughput screen (Fig. 2A). To this end, we monitored the fate of overexpressed proteins using a GFP 
fused to the C-terminal of each  protein22,23. The intensity and subcellular distribution of the fluorescence signal 
is indicative of the aggregation rate of the upstream protein. Specifically, we distinguish between three classes 
of proteins. First, a homogeneous GFP signal dispersed uniformly in the cells indicates a folded and soluble 
 protein9. Second, proteins without a GFP signal indicate rapid aggregation that occurs before the GFP chromo-
phore is committed to  form9,17,19. These aggregates, referred to as ‘dark aggregates’, therefore likely correspond to 
aggregation during or immediately after translation. Third, proteins with fluorescent foci represent aggregation 

Figure 1.  Distinguishing between rapidly and slowly aggregating proteins using GFP fusion. A C-terminally 
fused GFP tag reports on the relative time of aggregation across proteins. Nascent polypeptides with very high 
aggregation rates form anomalous intermolecular interactions before the GFP chromophore is committed to 
 form17 and therefore the fused GFP tag would show no fluorescence, yielding dark aggregates (lower pathway, 
black ball). Note that this route of aggregation likely occurs before the protein is folded, possibly as early as 
translation. Proteins that aggregate after the GFP chromophore is committed to form would result in fluorescent 
aggregates (upper pathway) (de Groot & Ventura, 2006). These proteins aggregate relatively slowly, after being 
fully synthesized (i.e. post-translationally).
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Figure 2.  Experimental workflow and distribution of protein aggregation phenotypes. (A) Workflow of 
high-throughput protein solubility measurement and classification. (B) Distribution of cellular fluorescence 
phenotypes based on 1,000 classified cells for each overexpressed cytoplasmic protein (represented by dots). The 
location of each dot is calculated from the fraction of cells showing each phenotype, with red lines representing 
the decision boundaries between aggregation categories assigned. The majority of proteins are located close 
to the vertices, demonstrating that cells typically show homogenous aggregation behavior. (C) Comparison of 
in vivo and in vitro solubility phenotype of proteins. In vitro aggregating proteins show a strong overlap with 
proteins forming either dark or fluorescent aggregates in vivo (odds ratio = 14.5, P <  10–10, Fisher’s exact test). (D) 
Frequency of proteins according to their aggregation phenotypes.



4

Vol:.(1234567890)

Scientific Reports |         (2022) 12:6547  | https://doi.org/10.1038/s41598-022-10427-1

www.nature.com/scientificreports/

that occurs after the GFP chromophore is committed to  form19, indicating a slower rate of aggregate formation 
compared to proteins without a GFP signal. We refer to these aggregates as ‘fluorescent aggregates’.

After growing each overexpression strain in 96 well-plates, we applied a supervised machine-learning 
approach that automatically analyzes the images of approximately 1000 cells for each overexpression strain 
(Fig. 2A, Figure S1, Methods). Then, each overexpressed protein was classified into one of the above described 
three classes according to its predominant cellular phenotype: soluble, dark aggregate and fluorescent aggregate 
(Fig. 2A,B, Table S1). The frequency of cellular phenotypes and the resulting classification is shown in Fig. 2B.

To validate the accuracy of our high-throughput workflow, we took two complementary approaches. First, we 
assessed the overlap between the in vivo observed aggregation phenotypes and the in vitro measured solubility 
of the E. coli proteome, which was previously determined by expression using an in vitro reconstituted transla-
tion  system8. Despite large differences in the in vivo and in vitro conditions, we found a strong overlap between 
the two datasets (odds ratio = 14.5, P <  10–10, Fig. 2C). In particular, 85.6% of the proteins that aggregate in vitro 
also show aggregation in our screen (Fig. 2C). Because the in vitro dataset was generated without a GFP tag, the 
strong agreement between the two datasets indicates that the C-terminal GFP tag does not significantly influ-
ence the solubility of the fusion partners. Furthermore, when proteins aggregating in vivo were grouped on the 
basis of their fluorescence phenotypes (i.e. dark and fluorescent aggregates), the overlap between in vitro and 
in vivo solubility remained equally high across the two categories (Figure S1). Thus, the GFP tag is unlikely to 
bias towards one or the other class of aggregate. Second, to rule out that the expression levels of the proteins in 
the dark aggregate class are below the fluorescence detection limit, we measured the expression of a representa-
tive set of cytosolic proteins by western blot analysis (see Methods; Table S2). We found that 92% of the tested 
proteins (i.e. 92 out of 100) from the dark aggregate class could be detected in their full-length forms and showed 
comparable protein levels with those classified as fluorescent aggregates (Figure S2A and B). This is consistent 
with a previous study demonstrating that GFP-fused overexpressed proteins are generally well-expressed in the 
cell, even in the absence of a fluorescent  signal9. The detection of the vast majority of dark proteins also confirms 
their relative stability in the cell: although some degradation is possible for these proteins, a significant amount 
persisted during the course of the assay. To validate the solubility state inferred from the image-based classifica-
tion, we next carried out western blot analysis after separating the soluble and insoluble fractions of 46 protein 
overexpressions, representing 18 dark aggregates, 14 fluorescent aggregates and 14 soluble proteins from our 
screen. Reassuringly, 100% and 88.9% of proteins classified as fluorescent and dark aggregates, respectively, 
are indeed predominantly present in their aggregated forms inside the cells (Figure S2C, Table S3). Further-
more, ~ 93% (i.e. 13 out of 14) of proteins classified as soluble by the image-based screen are indeed present in 
the soluble cellular fraction (Figure S2C). Taken together, these analyses indicate that our dataset is suitable to 
study the in vivo aggregation phenotype of overexpressed E. coli proteins on a proteomic scale.

Our screen reveals that only 18.6% of the cytoplasmic proteins form dark aggregates, while 37.8% and 43.6% 
of them remain soluble and form fluorescent aggregates, respectively (Fig. 2D). The presence of fluorescent 
aggregates in a strain overexpressing a particular protein implies that at least a subpopulation of protein molecules 
remains soluble while the C-terminally fused GFP is being synthesized and folded. Thus, our screen indicates 
that most (70%) aggregation-prone cytosolic proteins display relatively slow aggregation rates and are unlikely 
to aggregate co-translationally.

Slowly aggregating proteins tend to fold rapidly. We next sought to systematically uncover the 
molecular features distinguishing between rapidly and slowly aggregating proteins. To this end, we compiled a 
dataset of 115 protein features describing various physicochemical, structural and functional genomic proper-
ties for the vast majority of cytoplasmic E. coli proteins (see Table S4). Notably, predicted three-dimensional 
structures are available for 93% of cytoplasmic proteins in E. coli24. We focused on monomeric proteins only 
(N = 1631) to avoid potential biases arising from oligomer (heteromer or homomer)  interfaces25. Next, we 
probed each feature for its ability to discriminate proteins that form dark and fluorescent aggregates from each 
other using logistic regression tests (“Methods”). The analysis revealed major differences between proteins in 
dark versus fluorescent aggregates (Fig. 3, Table S5).

As expected, proteins in dark aggregates show several features that have been associated with high aggrega-
tion rates. In particular, proteins with more extensive aggregation hotspots (i.e. aggregation-prone sequence 
regions) are overrepresented among proteins in dark aggregates compared to fluorescent aggregates (Fig. 4A, 
P = 5.01*10–7, logistic regression, based on the  AggreScan26 predictor, see Table S5 for other predictors). This is 
in line with previous results showing that the presence of aggregation hotspots increases the rate of aggregation 
from the unfolded  state19,27. Proteins with high expression levels generally display low intrinsic aggregation 
 propensities28. Consistent with this notion, we found that proteins in fluorescent aggregates show higher native 
mRNA levels than those in dark aggregates, indicating that they have evolved lower in vivo aggregation rates 
(Fig. 4B). Overall, these results support the notion that fluorescent and dark aggregates correspond to slow and 
fast aggregation, respectively.

More remarkably, we found that proteins in fluorescent aggregates tend to have higher folding rates, as indi-
cated by two independent estimates (Figs. 3 and 4C,D). We approximated folding rate by Fold-Rate29, an ensemble 
predictor based on folding-correlated features derived from the primary sequence, and contact  order30, which 
measures sequence separation between contacting residues in the native state and is inversely correlated with 
folding rate (Methods). Both folding rate and contact order distinguishes between proteins in the two classes 
of aggregates (P = 0.0055 and P = 0.004 by logistic regressions for folding rate and contact order, respectively, 
Fig. 4C,D). Notably, contact order is the most predictive of the aggregation class out of the 115 tested protein fea-
tures (Fig. 3). Taken together, these findings indicate that slowly aggregating proteins tend to exhibit high folding 
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rates. Owing to kinetic competition between aggregation and folding events, these results also suggest that some 
of the proteins displaying fluorescent aggregates may complete initial folding before aggregation takes  place19.

Finally, we report that proteins in fluorescent aggregates are more likely to be DnaK clients than those in 
dark aggregates (P = 4.95*10–5, Fisher’s exact test, Fig. 4E). DnaK is the major bacterial Hsp70 that interacts 
with hundreds of cytosolic proteins, most of which are assisted in their initial  folding10. As DnaK promotes 
proper folding and prevents aggregation of client  proteins31, this result may indicate that proteins in fluorescent 
aggregates are prevented from rapid aggregation in their unfolded state by DnaK. Alternatively, proteins with 
relatively low aggregation rates might be intrinsically overrepresented among DnaK clients and their folding 
cannot be completed upon overexpression owing to limited chaperone availability. Further works are needed to 
distinguish between these scenarios.

Determinants of high solubility. Our proteome-wide screen revealed a subset of cytosolic proteins that 
remain soluble even when expressed well above their normal levels. Such highly soluble proteins are unlikely 
to be present at concentrations close to their solubility limits under physiological conditions. We next sought 
to identify the molecular properties that distinguish highly soluble proteins from both groups of aggregating 
proteins (Methods). Consistent with earlier works, soluble proteins show high mRNA expression  levels32, high 
content of negatively charged  residues8,33, low content of hydrophobic amino  acids34,35 and small size and surface 
 area8 (Figure S4). More remarkably, our analysis identifies low surface stickiness and high protein disorder con-
tent as major determinants of solubility.

Proteins differ in their propensity to form non-specific interactions with other macromolecules depending 
on the ‘stickiness’ of their  surfaces36–38. While low stickiness has been linked to avoidance of non-functional 
 interactions38, its role in avoiding aggregation has remained unclear. We find that soluble proteins show a mark-
edly lower surface stickiness score than either class of aggregates (P <  10–10 in both cases, Wilcoxon Rank Sum 
test, Fig. 5A, see Methods). Notably, while highly abundant proteins tend to have less sticky  surfaces38, the asso-
ciation between high solubility and low stickiness remains when controlling for abundance (P = 2.38*10–7 and 
P = 0.00946 for fluorescent and dark aggregates, respectively, logistic regressions).

Proteins often contain intrinsically disordered regions that lack a unique  structure39. We find that the pro-
portion of disordered residues (disorder content) of a protein is strongly associated with its solubility upon 
overexpression (Fig. 5B). To examine the impact of disordered regions on this association, we next identified 
segments of contiguously disordered amino acids (≥ 10 residues). We find that soluble proteins contain both 
more such disordered segments per length and a higher proportion of disordered residues outside these segments 

Figure 3.  Protein features distinguishing between slowly and rapidly aggregating proteins. Features 
discriminating between proteins that form dark (rapid) versus fluorescent (slow) aggregates. The predictive 
ability of each feature was measured as the average area under the receiver operating characteristic (ROC) curve 
in a tenfold cross-validation procedure based on logistic regression analyses. All displayed protein features are 
statistically significantly predictive after adjustment for multiple testing using the false discovery rate method, ** 
corresponds to p_adj < 0.01, * to p_adj < 0.05 (logistic regression). Error bars show the 95% confidence interval 
for the AUC value of each feature. Note that additional features with weaker discriminating ability are listed in 
Suppl. Table S5.
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than those forming either class of aggregates (Table S6). These results are robust to using different predictions 
of disorder (Tables S6 and S7). Several protein properties that have been associated with intrinsic disorder also 
influence solubility and therefore may confound the above result. For instance, disordered residues tend to be less 
hydrophobic and more  charged27,35, properties that also enhance  solubility33. However, the association between 
disorder content and solubility remains when controlling for these properties (Table S8). Furthermore, our 
analyses show that both disorder content and surface stickiness have independent effects on solubility (Table S9).

If disorder content and protein stickiness shape protein solubility at native expression levels as well then highly 
abundant proteins should exhibit high disorder content and low surface stickiness as evolutionary adaptations to 
enhance their solubility. Indeed, it has been reported that highly expressed proteins in E. coli exhibit low surface 
 stickiness38 and elevated disorder  content40, albeit these patterns have not been linked to protein solubility. By 
analyzing the same set of cytosolic proteins for which aggregation phenotype was measured and using state-
of-the-art proteomics data on native protein  levels41, we confirm these correlations (Table S10). Importantly, 
the correlation between abundance and disorder is not confounded by potential differences in hydrophobicity 
and charge of residues between high- and low-abundance proteins (Table S10). Furthermore, this association is 
mainly caused by elevated disorder in the most abundant group of proteins (Fig. 5C), which is consistent with 
the notion that such proteins are highly optimized to avoid aggregation.

Collectively, these results suggest that elevated structural disorder and low surface stickiness enhance protein 
solubility in the bacterial cell and play important roles under physiological conditions.

Discussion
Here we systematically estimated the in vivo solubility and relative aggregation time of E. coli proteins by over-
expressing them and monitoring their fate using a C-terminally fused GFP reporter. We have identified on a 
proteome-wide scale those proteins that (i) remain soluble, (ii) aggregate rapidly before the fused GFP is folded, 
potentially as early as being synthesized, and (iii) those that aggregate more slowly, after being synthesized (i.e. 
the downstream GFP tag is fully synthesized and folded). Our image-based screen revealed that the majority 
(70%) of aggregation-prone cytosolic proteins show evidence of aggregation after being synthesized. Note that 
this is likely to be an underestimate because some of the rapidly aggregating proteins might aggregate post-
translationally but before complete folding of the downstream GFP tag. We note that some overexpressed proteins 
showing no fluorescent signal might not be expressed or degrade due to their limited stability or low half-lives. 
However, such cases must be rare because over 90% of a representative sample of non-fluorescent proteins were 
detected by western blot analysis.

We found several key differences in the molecular properties of rapidly and slowly aggregating proteins. First, 
as might be expected, proteins that show slow aggregation in vivo tend to have lower contents of aggregation 
hotspots compared to rapidly aggregating ones, indicating that they exhibit lower intrinsic aggregation rates from 
the unfolded  state19,27. Such proteins also display higher mRNA expression levels, suggesting that their lower 
intrinsic aggregation rate arises from evolutionary pressure to avoid aggregation at concentrations required for 
optimal  function32. Second, and more strikingly, we found that slowly aggregating proteins exhibit higher pre-
dicted folding rates compared to rapidly aggregating ones. Specifically, a key proxy for folding speed is contact 
order, i.e. the average sequence separation between contacting residues in the native protein  structure30 and 
we show that slowly aggregating proteins have lower contact orders than rapidly aggregating ones. As proteins 
with a low contact order tend to fold co-translationally, these results indicate that proteins that fold rapidly and 
/ or co-translationally are more likely to form aggregates after  synthesis42. Furthermore, we found that slowly 
aggregating proteins are also more likely to be clients of DnaK, a chaperone with major role in initial folding of 
nascent  polypeptides10. Together, these findings are consistent with the notion that kinetic competition between 
proper folding and aggregation from the unfolded state influences the conformational state from which aggrega-
tion occurs. Prior works showed that a relatively slow aggregation and rapid folding of a protein may permit its 
folding before aggregation  occurs19. Therefore, we speculate that at least some of the slowly aggregating proteins 
might form aggregates from the folded state. As the majority of aggregation-prone cytosolic proteins aggregate 
after translation in our screen, these reasoning imply that aggregation from the folded state might be an impor-
tant source of overexpression-induced insolubility. Critically, future studies are needed to test this hypothesis as 
our GFP-based assay provides no direct information on the folding state of proteins at the time of aggregation. 
If inclusion body formation frequently occurs from a folded state, it would raise the possibility that some of the 
inclusion bodies contain catalytically active  proteins4,43,44. This intriguing possibility could be systematically 
investigated by combining automated high-throughput inclusion body purification  systems45 with large-scale 
functional profiling of  enzymes46,47.

Our study provides new insights into molecular determinants of high protein solubility in the crowded intra-
cellular environment. First, our results suggest that non-specific protein–protein interactions play an important 

Figure 4.  Key molecular features associated with in vivo aggregation rate. (A) Proteins with more residues in 
aggregation hotspots, as estimated by  AggreScan26, are more likely to form dark (i.e. rapid) than fluorescent (i.e. 
slow) aggregates (P = 5.01*10–7, logistic regression). (B) Native mRNA expression levels of proteins in fluorescent 
aggregates are significantly higher than those in dark aggregate (P = 0.0008, Wilcoxon rank-sum test). (C,D) 
Effects of protein contact order and folding rates on the class of aggregation. Note that a lower contact order and 
a higher folding rate (FOLD-RATE score) indicate easier folding. Dark aggregates are associated with a lower 
folding ability. (E) Proteins in fluorescent aggregates are enriched in DnaK chaperone clients compared to those 
in dark aggregates (P = 4.94*10–5, Odds ratio = 2.43, Fisher’s exact test). Whiskers show standard errors and 
were calculated by bootstrap resampling.

▸



7

Vol.:(0123456789)

Scientific Reports |         (2022) 12:6547  | https://doi.org/10.1038/s41598-022-10427-1

www.nature.com/scientificreports/



8

Vol:.(1234567890)

Scientific Reports |         (2022) 12:6547  | https://doi.org/10.1038/s41598-022-10427-1

www.nature.com/scientificreports/

role in shaping the solubility limits of proteins. It has been shown that natively abundant proteins have evolved an 
especially low surface stickiness to avoid non-specific interactions and hence interference with other  proteins36,38. 
Our work goes further and demonstrates that proteins with low surface stickiness also tend to avoid aggregation. 

Figure 5.  Protein stickiness and disorder content shape solubility. (A) We use the surface stickiness score 
to measure promiscuous interaction  propensity38. Both fluorescent and dark aggregates show higher surface 
stickiness than soluble proteins (P <  10–10 and P <  10–10 respectively, Wilcoxon Rank Sum test). (B) Fractions 
of aggregating proteins as a function of disorder content (binned data), calculated using PONDR VSL2B. 
Upper panel shows the fraction of proteins in fluorescent aggregates among those that are either soluble or in 
fluorescent aggregates, while the lower panel shows the fraction of proteins in dark aggregates among those that 
are either soluble or in dark aggregates. (C) Disorder content as a function of native protein abundance in E. coli 
based  on41. The most abundant 20% of E. coli proteins have a significantly higher disorder content than those 
in the least abundant 20% bin (P = 4.18*10–11, Wilcoxon rank sum test). Disorder content was calculated using 
PONDR VSL2B, but similar results are obtained with other predictors (see Tables S6 and S10).
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Based on these observations, we propose that avoidance of non-specific interactions is an important mecha-
nism to reduce the aggregation propensity of highly expressed proteins. Second, we show that disorder content 
is a major driver of solubility differences between E. coli proteins in vivo independently of the effect of surface 
stickiness. Importantly, high disorder content is associated with solubility regardless of the overall charge and 
hydrophobicity of the proteins (Table S9), suggesting that it is the flexibility conferred by disordered regions 
what matters for enhanced solubility. This notion is consistent with prior works on the role of flexible structural 
elements in protein  solubilization48,49. Specifically, fusion of disordered segments to insoluble proteins have been 
shown to aid protein folding and solubilization by providing favorable surface area and by acting as “entropic 
bristles”49. Our results also shed new light on how natural selection shapes the disorder content of proteins. 
It has been noted earlier that highly expressed proteins display elevated disorder content in E. coli, however, 
the underlying selective constraints have remained  puzzling40. Our results indicate that disorder content has 
evolved partly to avoid aggregation of highly abundant proteins under physiological conditions in E. coli. Thus, 
we propose that both low surface stickiness and elevated disorder content contribute to the high solubility of 
abundant proteins in  bacteria32.

Finally, our screen shows that about one third of cytosolic proteins in E. coli remain substantially soluble 
even when strongly overexpressed. This finding implies that these proteins are unlikely to be supersaturated 
under physiologically relevant conditions. This conclusion is broadly consistent with a prior proteomic study 
showing that about one quarter of proteins are expressed below their critical concentrations in C. elegans under 
non-stressed  conditions2. Importantly, our finding also has relevance to the ‘life on the edge’ hypothesis, which 
posits that proteins have evolved to be sufficiently soluble to allow their expression at the levels needed for their 
biological roles, but have almost no margin of safety to tolerate elevated  concentrations1,2. Contrary to this 
hypothesis, the critical concentrations of soluble proteins identified in our screen appear to be much higher than 
those required to maintain their solubility under normal conditions. Thus, avoidance of supersaturation may not 
be the only evolutionary force affecting protein solubility for a subset of cytoplasmic proteins. We speculate that 
extremely high solubility might have evolved indirectly as a by-product of selection on other protein features that 
also influence solubility. For example, low protein surface stickiness might have primarily evolved to minimize 
dysfunctional, promiscuous protein  interactions38, but also enhances solubility as a by-product. Clearly, further 
studies are needed to decipher the evolution of extremely high critical concentrations.

Materials and methods
Image‑based high‑throughput screen of protein aggregation. We used the C-terminal GFP fusion 
version of the E. coli K-12 Open Reading Frame Archive  library22 to probe the aggregation pathways of 2577 
native E. coli proteins in an image-based screen. Part of this screen was previously published and included a set 
of 611 E. coli proteins that form homomers and we used a similar methodologyin our image-based  analyses9. In 
this previous work, we distinguished only two aggregation phenotypes (homogeneous GFP signal throughout 
the cells indicating a folded and soluble protein), and proteins without a GFP signal indicating aggregation 
before reaching the native conformations (that is, a “dark” aggregate). Here, we substantially extended this earlier 
dataset in two ways. First, here we also included homomers that show fluorescent foci and therefore represent 
inclusion bodies with properly folded C-terminally fused GFP (that is, a “fluorescent” aggregates). Second, we 
carried out the screen for the rest of the E. coli K-12 proteome. The applied protocol was as follows.

Cell preparation. Cells were prepared for the image-based screen as described  before9. In brief, the C-ter-
minal GFP fusion version of the E. coli K-12 Open Reading Frame Archive  library22 was grown in the original 
host strain E. coli K-12 AG1 in 96-well plates (growth conditions: 37 °C, 280 rpm, LB medium supplemented 
with 20 µg/ml chloramphenicol as a selection marker of ASKA plasmids). We emphasize that this version of the 
GFP molecule is optimized to be highly expressed and show high fluorescence intensity in E. coli growing at 
37 °C22. Following overnight growth, expression was induced for 2 h by 0.1 mM IPTG in the fully-grown culture 
at 37 °C. From the induced cultures 0.2 μL were carried over using a pin tool replicator into black CellCarrier-96 
plates (PerkinElmer). In this plate, each well had been supplemented with 100 μl of 5 μg/mL 4,6-diamidino-
2-phenylindole (DAPI) in mineral salts minimal medium (MS-minimal) without any carbon source. Prior the 
microscopic analysis, cells were centrifuged down to the bottom of the 96 well plates.

Imaging. Microscopy was done using a PerkinElmer Operetta microscope as established  previously9. Four 
sites were acquired per well. Laser-based autofocus was performed at each imaging position. Images of two 
channels (DAPI and GFP) were collected using a 60 × high-NA objective to visualize the cell and the aggregation 
states of the proteins, respectively. At every site and every fluorescent channel 5 images were taken at different z 
positions with 0.5 μm shifts. These images were used for a perfect focus algorithm. Cellular properties of about 
1000 cells of each expressing strain were extracted from the images, including the localization of the GFP signal 
within the cell.

Image analysis. Image analysis was conducted according to previously described  methodology9. Images 
were pre-processed using the CIDRE  algorithm50 to remove uneven illumination. A perfect focus algorithm was 
developed to locally select the best z image plane and create an image that contains the highest contrast cells. To 
identify cells and extract their properties, the CellProfiler  program51 was used with custom modifications. First, 
image intensities were rescaled. Then, cells were identified on the DAPI signal using Otsu adaptive threshold and 
a Watershed algorithm to split touching cells. Cellular features such as intensity, texture, and morphology were 
extracted. The raw microscopy data can be accessed at http:// group. szbk.u- szeged. hu/ sysbi ol/ scien tific- resou 

http://group.szbk.u-szeged.hu/sysbiol/scientific-resources/Proteome-wide-landscape-of-solubility-limits-in-a-bacterial-cell/Proteome_wide_landscape_of_solubility_limits_in_a_bacterial.zip
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ility_ limits_ in_a_ bacte rial. zip.

Phenotypic classification using machine learning. Supervised classification of cells into predefined 
groups was performed using the Advanced Cell Classifier  software52. The cellular phenotypes were (i) no GFP 
signal (fluorescence level equals to that of the negative control without GFP) (ii) homogenous GFP signal (cells 
show equally distributed GFP signal throughout the whole cell) (iii) concentrated GFP signal in either one or 
both poles of the cell. Cells that did not fit into these three categories were discarded. For the automated decision, 
an artificial neural network method was used based on the Weka  software53.

Based on this cell classification, the proteins were assigned to one of the three classes, depending on which 
phenotype was predominant in the cell population. We considered a protein as “Dark” if the most populous 
category of cells showed no fluorescence. If the predominant cellular phenotype was a concentrated fluorescent 
spot at the cell pole, proteins were classified as “Fluorescent foci”, and if the majority of cells showed diffuse green 
fluorescence, proteins were classified as “Diffuse fluorescent”.

Protein expression analysis. We carried out western blot analyses for a representative set of protein over-
expressions from the three groups of aggregation phenotypes with a special focus on the expression levels of the 
‘dark aggregate’ group (i.e. those not showing a fluorescence signal). In brief, the C-terminal GFP fusion version 
of the E. coli K-12 Open Reading Frame Archive library (ASKA), members were grown overnight in 1 ml LB 
medium supplemented with 20 µM chloramphenicol at 37 °C22. Following overnight growth, expression was 
induced for 2 h by 0.1 mM IPTG in the fully-grown culture at 37 °C. Following expression, cells were harvested 
by centrifugation (~ 13,000 g) and the pellets were resuspended in 250 µl 2×SDS-sample buffer. After boiling the 
samples for 5 min, 5 μl were separated on 10% SDS–polyacrylamide gel (PAGE). Gels were either stained with 
Coomassie Brilliant Blue (CBB) for justifying equal loading or transferred onto PVDF membranes (Amersham, 
GE Healthcare Lifescience) proceeding further for western blotting. Next, membranes were blocked in 5% (w/v) 
milk powder-0.05% (v/v) Tween20 in TBS (25 mM Tris–Cl, pH 8.0, 150 mM NaCl) buffer (TBST) for an hour at 
room temperature (RT). Next, the membranes were incubated with 5% (w/v) milk powder-TBST including anti-
GFP (Chromotek) as primary antibody (diluted to1:1000) and agitated overnight at 4 °C. After washing three 
times with TBST buffer to remove the excess of unbound primary antibody, membranes were incubated with 
appropriate secondary antibody (Sigma-Aldrich) diluted in 2.5% (w/v) milk-powder-TBST buffer (1:10000) for 
an hour on RT. After washing the membranes three times in TBST buffer, signals were developed by a standard 
chemiluminescent western blot detection method (Thermo Scientific).

In vivo solubility analysis. Next, we tested the aggregation propensity of a representative set of protein 
over-expressions to confirm the predicted aggregation phenotypes coming from the microscopic image analyses. 
In brief, cells were grown as described above. After the centrifugation step, cell pellets were lysed by resuspend-
ing them in 200 μl BugBuster (Sigma) reagent at room temperature. Cell suspensions were incubated on a shak-
ing platform at a slow setting for 20 min at room temperature. The solutions were centrifuged at 16,000×g for 
20 min at 4 °C. 200 μl soluble fractions were removed and 50 μl 5×SDS-sample buffer was added. The pellets 
were resuspended in 250 µl 1 × SDS-sample buffer. After boiling the samples for 5 min, 5 μl were separated on 
10% SDS–polyacrylamide gel (PAGE). Western blot was carried out as described above. Signals were converted 
into black and white images and then quantification of the western blot bands (degradation products were not 
counted) was carried out by Image Studio Light. Band area was then corrected by eliminating the background 
value.

Bioinformatics analyses. Each protein was assigned a cellular localization according to  StepDB54, oli-
gomerization data was retrieved from  EcoCyc55. Only cytoplasmic monomers were used in further calculations, 
resulting in 1631 proteins. We collected 115 features for each protein, including mRNA level and protein abun-
dance, presence of protein–protein interactions, disorder content, physico-chemical and functional properties 
from various sources (see Table S5 for a complete list of protein features and their literature sources).

Predicted protein structures were retrieved from the Zhang Lab webpage (https:// zlab. bio/)24 with an in-house 
Perl script, using the package UserAgent version 6.07. The vast majority of protein structures were template-
based predictions, only those with no substantial homology to known structures were the product of in ab initio 
structural predictions. The structures were subsequently used in determining solvent accessible amino acids of 
the protein using AREAIMOL from the CCP4  suite56. Amino acids were classified as solvent accessible, if the 
sidechain had a solvent accessibility greater than 25%, the default cutoff. Protein stickiness was calculated as 
the average amino acid stickiness of surface amino acids. We also employed the same structures in calculating 
contact  order30, however, contact order can only reliably be calculated for single domain monomers. Similarly, 
only single domain monomeric proteins were used for folding calculations with FOLD-RATE29 with default 
parameters, yielding 661 proteins in both cases.

Protein function was retrieved from the COG and MultiFun databases. Enzyme Commission numbers were 
retrieved from the UniProt database. Protein structure classification was retrieved from the CATH  database57 and 
secondary structure superfamilies and families were used. Protein disorder data was retrieved from the MobiDB 
 database58 and calculated with several different predictors:  DisEMBL59, PONDR  VSL2B60,  IUpred61 and  Espritz62 
with default parameters to account for different biases that might be present in any single predictor. The number 
of disordered amino acids was normalized to the protein length in all cases. Disordered protein segments were 
defined as segments with continuous disordered residues of length >  = 10 as inferred by each individual predictor. 

http://group.szbk.u-szeged.hu/sysbiol/scientific-resources/Proteome-wide-landscape-of-solubility-limits-in-a-bacterial-cell/Proteome_wide_landscape_of_solubility_limits_in_a_bacterial.zip
http://group.szbk.u-szeged.hu/sysbiol/scientific-resources/Proteome-wide-landscape-of-solubility-limits-in-a-bacterial-cell/Proteome_wide_landscape_of_solubility_limits_in_a_bacterial.zip
https://zlab.bio/
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Basic protein sequence features and amino acid composition was counted and calculated using in-house Perl 
scripts from the protein sequences.

We used logistic regressions to test the statistical association between aggregation class and each protein 
feature individually. To measure the predictive power of each protein feature in a comparable manner, we calcu-
lated the area under receiver operating characteristic curve for each logistic regression model using the pROC 
R package, with tenfold cross validation. Furthermore, we used multivariate logistic regression modelling to test 
the effects of multiple protein features simultaneously and statistically control for each other’s effect.

All downstream calculations were performed in R version 3.5.0, 2018-04-2363 in Rstudio version 1.1.447, 
figures were created in R base and ggplot2 version 2.2.1.

Received: 22 December 2021; Accepted: 28 March 2022

References
 1. Tartaglia, G. G., Pechmann, S., Dobson, C. M. & Vendruscolo, M. Life on the edge: A link between gene expression levels and 

aggregation rates of human proteins. Trends Biochem. Sci. 32, 204–206 (2007).
 2. Vecchi, G. et al. Proteome-wide observation of the phenomenon of life on the edge of solubility. Proc. Natl. Acad. Sci. U. S. A. 117, 

1015–1020 (2020).
 3. Knowles, T. P. J., Vendruscolo, M. & Dobson, C. M. The amyloid state and its association with protein misfolding diseases. Nat. 

Rev. 15, 384–396 (2014).
 4. Ventura, S. & Villaverde, A. Protein quality in bacterial inclusion bodies. Trends Biotechnol. 24, 179–185 (2006).
 5. Tartaglia, G. G., Cavalli, A., Pellarin, R. & Caflisch, A. Prediction of aggregation rate and aggregation-prone segments in polypeptide 

sequences. Protein Sci. 14, 2723–2734 (2005).
 6. Monsellier, E., Ramazzotti, M., Taddei, N. & Chiti, F. Aggregation propensity of the human proteome. PLoS Comput. Biol. 4, 

e1000199 (2008).
 7. De Groot, N. S. & Ventura, S. Protein aggregation profile of the bacterial cytosol. PLoS ONE 5, e9383 (2010).
 8. Niwa, T. et al. Bimodal protein solubility distribution revealed by an aggregation analysis of the entire ensemble of Escherichia 

coli proteins. Proc. Natl. Acad. Sci. 106, 4201–4206 (2009).
 9. Natan, E. et al. Cotranslational protein assembly imposes evolutionary constraints on homomeric proteins. Nat. Struct. Mol. Biol. 

25, 279–288 (2018).
 10. Calloni, G. et al. DnaK functions as a central hub in the E. coli chaperone network. Cell Rep. 1, 251–264 (2012).
 11. Chiti, F. & Dobson, C. M. Amyloid formation by globular proteins under native conditions. Nat. Chem. Biol. 5, 15–22 (2009).
 12. Ciryam, P., Kundra, R., Morimoto, R. I., Dobson, C. M. & Vendruscolo, M. Supersaturation is a major driving force for protein 

aggregation in neurodegenerative diseases. Trends Pharmacol. Sci. 36, 72–77 (2015).
 13. De Groot, N. S., Sabate, R. & Ventura, S. Amyloids in bacterial inclusion bodies. Trends Biochem. Sci. 34, 408–416 (2009).
 14. Plakoutsi, G., Stefani, M. & Chiti, F. Aggregation of the Acylphosphatase from Sulfolobus solfataricus the folded and partially 

unfolded states can both be precursors for amyloid formation. J. Biol. Chem. 279, 14111–14119 (2004).
 15. Ciryam, P., Tartaglia, G. G., Morimoto, R. I., Dobson, C. M. & Vendruscolo, M. Widespread aggregation and neurodegenerative 

diseases are associated with supersaturated proteins. Cell Rep. 5, 781–790 (2013).
 16. Broom, A. et al. Designed protein reveals structural determinants of extreme kinetic stability. Proc. Natl. Acad. Sci. U. S. A. 112, 

14605–14610 (2015).
 17. Waldo, G. S., Standish, B. M., Berendzen, J. & Terwilliger, T. C. Rapid protein-folding assay using green fluorescent protein. Nat. 

Biotechnol. 17, 691–695 (1999).
 18. Gregoire, S. & Kwon, I. A revisited folding reporter for quantitative assay of protein misfolding and aggregation in mammalian 

cells. Biotechnol J. 7, 1297–1307 (2012).
 19. de Groot, N. S. & Ventura, S. Protein activity in bacterial inclusion bodies correlates with predicted aggregation rates. J. Biotechnol. 

125, 110–113 (2006).
 20. Bakholdina, S. I. et al. Studies on the structure and properties of membrane phospholipase A 1 inclusion bodies formed at low 

growth temperatures using GFP fusion strategy. Molecules 26, 3936 (2021).
 21. Rokney, A. et al. E. coli transports aggregated proteins to the poles by a specific and energy-dependent process. J. Mol. Biol. 392, 

589–601 (2009).
 22. Kitagawa, M., Ara, T., Arifuzzaman, M. & Ioka-Nakamichi, T. Complete set of ORF clones of Escherichia coli ASKA library (a 

complete S et of E. coli K-12 ORF A rchive): Unique resources for biological research. DNA Res. 12, 291–299 (2005).
 23. Drew, D. E., Heijne, G. V., Nordlund, P. & Gier, J. L. Green fluorescent protein as an indicator to monitor membrane protein 

overexpression in Escherichia coli. FEBS Lett. 507, 220–224 (2001).
 24. Xu, D. & Zhang, Y. Ab Initio structure prediction for Escherichia coli: towards genome-wide protein structure modeling and fold 

assignment. Sci. Rep. 3, 1–11 (2013).
 25. Pechmann, S., Levy, E. D., Gaetano, G. & Vendruscolo, M. Physicochemical principles that regulate the competition between 

functional and dysfunctional association of proteins. PNAS 106, 10159–10164 (2009).
 26. Conchillo-Solé, O. et al. AGGRESCAN : a server for the prediction and evaluation of " hot spots " of aggregation in polypeptides. 

BMC Bioinf. https:// doi. org/ 10. 1186/ 1471- 2105-8- 65 (2007).
 27. Chiti, F., Stefani, M., Taddei, N., Ramponi, G. & Dobson, C. M. Rationalization of the effects of mutations on peptide and protein 

aggregation rates. Lett. Nat. 424, 805–808 (2003).
 28. Tartaglia, G. G. & Vendruscolo, M. Correlation between mRNA expression levels and protein aggregation propensities in subcel-

lular localisations. Mol. Biosyst. 5, 1873–1876 (2009).
 29. Gromiha, M. M., Thangakani, A. M. & Selvaraj, S. FOLD-RATE: Prediction of protein folding rates from amino acid sequence. 

Nucleic Acids Res. 34, 70–74 (2006).
 30. Plaxco, K. W., Simons, K. T. & Baker, D. Contact order, transition state placement and the refolding rates of single domain proteins. 

J. Mol. Biol. 277, 985–994 (1998).
 31. Imamoglu, R., Balchin, D., Hayer-Hartl, M. & Hartl, F. U. Bacterial Hsp70 resolves misfolded states and accelerates productive 

folding of a multi-domain protein. Nat. Commun. https:// doi. org/ 10. 1038/ s41467- 019- 14245-4 (2020).
 32. Tartaglia, G. G., Pechmann, S., Dobson, C. M. & Vendruscolo, M. A relationship between mRNA expression levels and protein 

solubility in E. coli. J. Mol. Biol. 388, 381–389 (2009).
 33. Kramer, R. M., Shende, V. R., Motl, N., Pace, C. N. & Scholtz, J. M. Toward a molecular understanding of protein solubility: 

Increased negative surface charge correlates with increased solubility. Biophys. J. 102, 1907–1915 (2012).
 34. Giasson, B. I., Murray, I. V. J., Trojanowski, J. Q. & Lee, V. M. A hydrophobic stretch of 12 amino acid residues in the middle of 

α-synuclein is essential for filament assembly. J. Biol. Chem. 276, 2380–2386 (2000).

https://doi.org/10.1186/1471-2105-8-65
https://doi.org/10.1038/s41467-019-14245-4


12

Vol:.(1234567890)

Scientific Reports |         (2022) 12:6547  | https://doi.org/10.1038/s41598-022-10427-1

www.nature.com/scientificreports/

 35. Schwartz, R., Istrail, S. & King, J. Frequencies of amino acid strings in globular protein sequences indicate suppression of blocks 
of consecutive hydrophobic residues. Protein Sci. 10, 1023–1031 (2001).

 36. Zhang, J., Maslov, S. & Shakhnovich, E. I. Constraints imposed by non-functional protein–protein interactions on gene expression 
and proteome size. Mol. Syst. Biol. 4, 1–11 (2008).

 37. Heo, M., Maslov, S. & Shakhnovich, E. Topology of protein interaction network shapes protein abundances and strengths of their 
functional and nonspecific interactions. Proc. Natl. Acad. Sci. U. S. A. 108, 4258–4263 (2011).

 38. Levy, E. D., De, S. & Teichmann, S. A. Cellular crowding imposes global constraints on the chemistry and evolution of proteomes. 
Proc. Natl. Acad. Sci. 109, 20461–20466 (2012).

 39. Tompa, P. Intrinsically unstructured proteins. Trends Biochem. Sci. 27, 527–533 (2002).
 40. Paliy, O., Gargac, S. M., Cheng, Y., Uversky, V. N. & Dunker, A. K. Protein disorder is positively correlated with gene expression 

in E. coli. J Proteome Res 7, 2234–2245 (2008).
 41. Schmidt, A. et al. The quantitative and condition-dependent Escherichia coli proteome. Nat. Biotechnol. 34, 104–110 (2016).
 42. Zhao, V., Jacobs, W. M. & Shakhnovich, E. I. Effect of protein structure on evolution of cotranslational folding. Biophys. J. 119, 

1123–1134 (2020).
 43. Oberg, K., Chrunyk, B. A., Wetzel, R. & Fink, A. L. Nativelike secondary structure in interleukin- l p inclusion bodies by attenuated 

total reflectance FTIRt. Biochemistry 33, 2628–2634 (1994).
 44. Peternel, Š & Komel, R. Active protein aggregates produced in Escherichia coli. Int. J. Mol. Sci. 12, 8275–8287 (2011).
 45. Jäger, V. D. et al. Catalytically-active inclusion bodies for biotechnology—general concepts, optimization, and application. Appl. 

Microbiol. Biotechnol. 104, 7313–7329 (2020).
 46. Kuznetsova, E. et al. Genome-wide analysis of substrate specificities of the Escherichia coli haloacid dehalogenase-like phosphatase 

family. J. Biol. Chem. 281, 36149–36161 (2006).
 47. Huang, H. et al. Panoramic view of a superfamily of phosphatases through substrate profiling. PNAS https:// doi. org/ 10. 1073/ pnas. 

14235 70112 (2015).
 48. Simone, A. D. et al. Intrinsic disorder modulates protein self-assembly and aggregation. PNAS 109, 6951–6956 (2012).
 49. Santner, A. A. et al. Sweeping away protein aggregation with entropic bristles: Intrinsically disordered protein fusions enhance 

soluble expression. Biochemistry 51, 7250–7262 (2014).
 50. Goodsell, D. S. & Olson, A. J. Structural symmetry and protein function. Annu. Rev. Biophys. Biomol. Struct. 2000(29), 105–153 

(2000).
 51. Carpenter, A. E. et al. Cell Profiler: Image analysis software for identifying and quantifying cell phenotypes. Genome Biol. 7, 2 

(2006).
 52. Piccinini, F. et al. Advanced cell classifier: User-friendly machine-learning-based software for discovering phenotypes in high-

content imaging data. Cell Syst. 4, 651-655.e5 (2017).
 53. Hall, M. et al. The WEKA data mining software: An update. ACM SIGKDD Explor. Newsl. 11, 10–18 (2009).
 54. Orfanoudaki, G. & Economou, A. Proteome-wide subcellular topologies of E. coli polypeptides database (STEPdb). Mol. Cell. 

Proteomics 13, 3674–3687 (2014).
 55. Keseler, I. M. et al. The EcoCyc database: Reflecting new knowledge about Escherichia coli K-12. Nucleic Acids Res. 45, 543–550 

(2017).
 56. Collaborative Computational Project N. 4. The CCP4 suite: programs for protein crystallography. Acta Crystallogr. D Biol. Crystal-

logr. 1, 760–763 (1991).
 57. Sillitoe, I. et al. CATH : expanding the horizons of structure-based functional annotations for genome sequences. Nucleic Acids 

Res. 47, 280–284 (2019).
 58. Piovesan, D. & Tosatto, S. C. E. Structural bioinformatics Mobi 2.0: an improved method to define intrinsic disorder, mobility and 

linear binding regions in protein structures. Bioinformatics 34, 122–123 (2018).
 59. Linding, R., Schymkowitz, J., Rousseau, F., Diella, F. & Serrano, L. A comparative study of the relationship between protein structure 

and β-aggregation in globular and intrinsically disordered proteins. J. Mol. Biol. 342, 345–353 (2004).
 60. Peng, K., Radivojac, P., Vucetic, S., Dunker, A. K. & Obradovic, Z. Length-dependent prediction of protein intrinsic disorder. BMC 

Bioinformatics 7, 1–17 (2006).
 61. Dosztányi, Z., Csizmok, V., Tompa, P. & Simon, I. Structural bioinformatics IUPred: Web server for the prediction of intrinsically 

unstructured regions of proteins based on estimated energy content. Bioinformatics 21, 3433–3434 (2005).
 62. Walsh, I., Martin, A. J. M., Domenico, T. D. & Tosatto, S. C. E. ESpritz : accurate and fast prediction of protein disorder. Bioinfor-

matics 28, 503–509 (2012).
 63. R Core Team. R : A Language and Environment for Statistical Computing. vol. 2 (2008).

Acknowledgements
We thank Péter Tompa for his valuable comments on an earlier version of the manuscript. This work was sup-
ported by the ‘Lendület’ programme of the Hungarian Academy of Sciences LP-2009-013/2012 (B.P.), LP-2012-
32/2018 (C.P.) and LENDULET-BIOMAG (LP-2018-342, H.P.), the ELKH Lendület Programme LP-2017–
10/2020 (C.P.), ELKH HAS-11015 (M.F.), the Wellcome Trust WT 098016/Z/11/Z (B.P.), The European Research 
Council H2020-ERC-2014-CoG 648364- Resistance Evolution (C.P.) and H2020-ERC-2019-PoC 862077–Aware 
(C.P.), H2020 ERAPERMED-COMPASS (DiscovAIR, H.P.), Chan Zuckerberg Initiative (Deep Visual Proteomics, 
H.P.), the National Research, Development and Innovation Office and the Ministry for Innovation and Technol-
ogy under the “Frontline” Programme KKP KH125616 and 126506 (B.P. and C.P.), GINOP-2.3.2-15-2016-00026 
(iChamber, B.P., P.H.), GINOP- 2.3.2–15–2016–00014 (EVOMER, C.P. and B.P.), GINOP-2.3.2–15–2016–00020 
(MolMedEx TUMORDNS, C.P.), GINOP-2.3.2-15-2016-00006 (H.P.), GINOP-2.3.2-15-2016-00037 (H.P.), Hun-
garian Academy of Sciences HAS 11015(M.F.), AIRC 26229 (MF), National Laboratory of Biotechnology Grant 
NKFIH-871-3/2020 (B.K. and C.P.), and National Research, Development and Innovation Office grant FK-135245 
(B.K.), The European Union’s Horizon 2020 research and innovation programme under grant agreement No 
739593 (B.P and B.K.), János Bolyai Research Fellowship from the Hungarian Academy of Sciences (BO/352/20, 
B.K.), New National Excellence Program of the Ministry of Human Capacities (UNKP-20-5-SZTE-654, B.K.), 
and from the Chan Zuckerberg Initiative (Deep Visual Proteomics). B.Sz. holds a Premium Postdoctoral Fel-
lowship of the Hungarian Academy of Sciences.

Author contributions
B.P., K.B. and C.P. conceived and supervised the project. K.B., B.P. and A.G. designed the experiments and 
developed data analysis procedures. C.P., B.P., B.K. and A.G. wrote the paper. B.K., L.D. and P.H. performed 
the high-content microscopy screen and image analysis. D.B., D.L., E.Ő. and Z.M. conducted the validation 

https://doi.org/10.1073/pnas.1423570112
https://doi.org/10.1073/pnas.1423570112


13

Vol.:(0123456789)

Scientific Reports |         (2022) 12:6547  | https://doi.org/10.1038/s41598-022-10427-1

www.nature.com/scientificreports/

experiments. B.S. and A.G. collected and calculated data on protein features. A.G., B.P., B.K., B.S., G.F. and M.F. 
analysed and interpreted the data.

Funding
Open access funding provided by ELKH Biological Research Center.

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/ s41598- 022- 10427-1.

Correspondence and requests for materials should be addressed to C.P., B.K. or B.P.

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

Publisher’s note Springer Nature remains neutral with regard to jurisdictional 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:// creat iveco mmons. org/ licen ses/ by/4. 0/.

© The Author(s) 2022

https://doi.org/10.1038/s41598-022-10427-1
https://doi.org/10.1038/s41598-022-10427-1
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Proteome-wide landscape of solubility limits in a bacterial cell
	Results
	Proteome-wide classification of rapidly and slowly aggregating proteins in vivo. 
	Slowly aggregating proteins tend to fold rapidly. 
	Determinants of high solubility. 

	Discussion
	Materials and methods
	Image-based high-throughput screen of protein aggregation. 
	Cell preparation. 
	Imaging. 
	Image analysis. 
	Phenotypic classification using machine learning. 
	Protein expression analysis. 
	In vivo solubility analysis. 
	Bioinformatics analyses. 

	References
	Acknowledgements


