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Cell-wide analysis of protein thermal
unfolding reveals determinants
of thermostability

matrix. We then obtained proteome-wide thermal denaturation profiles for Escherichia coli,
Saccharomyces cerevisiae, Thermus thermophilus,
and human cells. In contrast to previous predications that proteome instability derives from the
simultaneous and generalized loss of hundreds
of proteins, we observed that at a temperature
at which cells experience temperature-induced
physiological impairment, a subset of essential
proteins undergoes denaturation.
Confirming results of previous studies on the
basis of comparison of genomes of thermophilic
and mesophilic bacteria, we
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a higher content of aspartic acid than that of stable proteins and observed an inverse correlation between protein
length and thermal stability. Further, thermostable proteins are substantially less prone to
thermal aggregation than unstable proteins.
Relative domain thermostability was conserved both within species and across organisms. Thermal stability was not generally similar
for proteins encoded by orthologous genes. This
suggests that the melting temperatures of proteins are affected by the reshuffling of protein
domains, despite the conservation of domain
stability.
According to the “translational robustness”
theory, highly expressed proteins must tolerate
translational errors that can lead to the accumulation of toxic misfolded species. Our data
show a clear direct relationship between protein
thermal stability and intracellular abundance
and an inverse relationship between protein stability and aggregation or local unfolding. Increasing the thermodynamic stabilities of the
folds of abundant proteins will broaden the range
of amino acid replacements that a protein can
tolerate before misfolding. Our findings suggest
that over the course of evolution, the burden of
intracellular misfolding has been reduced by
increasing the thermodynamic stability of abundant proteins. Last, although up to 30% of
proteomes have been predicted to consist of intrinsically disordered proteins (IDPs), our data
revealed that about half of these proteins showed
two-state denaturation profiles in the cellular
matrix. This suggests that many IDPs are globally or locally structured in cells.
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Paul J. Boersema, Christian von Mering, Manfred Claassen, Paola Picotti*
INTRODUCTION: Temperature is crucially

important to life. Small temperature changes
can differentiate optimal and lethal growth
conditions of living organisms. Because of the
higher abundance and lower stability of proteins as compared with those of other biological
macromolecules, thermally induced cell death
is thought to be due to protein denaturation,
but the determinants of thermal sensitivity of
proteomes remain largely uncharacterized.

RATIONALE: To determine the thermal stability
of proteins on a proteome-wide scale and with
domain-level resolution, we developed a structural proteomic approach that relies on limited
proteolysis (LiP) and mass spectrometry (MS)
applied over a range of temperatures.
RESULTS: Our LiP-MS strategy was validated
through analysis of purified proteins in the
presence and absence of a biologically relevant

CONCLUSION: Our study contributes insight

into the molecular and evolutionary bases of
protein and proteome thermostability and provides a blueprint for future studies on the stability of proteomes and thermal denaturation.
Protein-protein interaction network of E. coli. Node color indicates protein thermostability. Blue,
unstable; yellow, medium-stable; orange, stable; gray, not measured. At the temperature of thermal cell
death of E. coli, a subset of highly connected protein nodes involved in key cellular processes undergoes
temperature-induced denaturation.
Leuenberger et al., Science 355, 812 (2017)

24 February 2017

▪

The list of author affiliations is available in the full article online.
*Corresponding author. Email: paola.picotti@bc.biol.ethz.ch
Cite this article as P. Leuenberger et al., Science 355,
eaai7825 (2017). DOI: 10.1126/science.aai7825

1 of 1

Downloaded from http://science.sciencemag.org/ on April 11, 2017

◥

R ES E A RC H
◥

PROTEOMICS

Cell-wide analysis of protein thermal
unfolding reveals determinants
of thermostability
Pascal Leuenberger,1,2 Stefan Ganscha,2,3 Abdullah Kahraman,4 Valentina Cappelletti,1
Paul J. Boersema,1 Christian von Mering,4 Manfred Claassen,3 Paola Picotti1*
Temperature-induced cell death is thought to be due to protein denaturation, but the
determinants of thermal sensitivity of proteomes remain largely uncharacterized. We
developed a structural proteomic strategy to measure protein thermostability on a
proteome-wide scale and with domain-level resolution. We applied it to Escherichia coli,
Saccharomyces cerevisiae, Thermus thermophilus, and human cells, yielding thermostability
data for more than 8000 proteins. Our results (i) indicate that temperature-induced cellular
collapse is due to the loss of a subset of proteins with key functions, (ii) shed light on the
evolutionary conservation of protein and domain stability, and (iii) suggest that natively
disordered proteins in a cell are less prevalent than predicted and (iv) that highly expressed
proteins are stable because they are designed to tolerate translational errors that would
lead to the accumulation of toxic misfolded species.

T

emperature has a profound effect on cell
physiology. Organisms grow optimally in
narrow temperature windows. Heat is also
an important epigenetic factor because expression of sex determinants in amphibians is influenced by the temperature of egg
incubation (1). In humans, spermatogenesis ceases
at body temperatures above 37°C (2). Fever in
response to pathogen infection is a conserved
biological trait in vertebrates associated with resolution of infections (3), and high temperature
can selectively injure cancer cells or sensitize
them to treatment modalities (4). In industrial
and clinical applications, heat treatment is one
of the most widely used methods for the inactivation of bacteria, and the understanding
of thermotolerance has important implications
for the development of industrial biocatalysts,
vaccines, and probiotics (5, 6).
Because of its biological, clinical, and biotechnological implications, the response of cells to
thermal stress has been the subject of extensive
studies dating back to the early 1970s (7). Because proteins are both the least stable and the
most abundant biomolecules, and cell death can
be triggered by heat and other chemical or physical
agents that alter protein structure, it has been
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proposed that thermal sensitivity of a cell depends on protein denaturation and loss of proteome function (8). Consistently, the evolutionarily
conserved response of cells to heat stress involves
the expression of molecular chaperones that act
to maintain protein folding (9). Studies based
on purified proteins and sequence analyses of
thermophilic organisms and their mesophilic
counterparts have revealed that enrichment in
specific amino acids or types of secondary structure enhance thermostability (10–12). Further,
bioinformatic predictions indicate that ~30%
of proteins in a proteome are intrinsically disordered, indicating that the folding state of this
subset should be relatively insensitive to temperature changes (13, 14).
Despite these advances, the determinants of
thermal sensitivity of proteomes remain uncharacterized. Cell death at high temperature may
result from global loss of protein structure or
may be caused by loss of specific proteins with
key functional roles (8, 15). Distinguishing between these two scenarios and identifying the
most and least stable proteins in a proteome
would require a proteome-wide analysis of protein thermal stability under physiologically relevant conditions. Large-scale stability analyses
thus far have used data from purified proteins
from different studies (8, 15, 16). These data sets
are very heterogeneous and include measurements
conducted under various experimental conditions,
which makes comparison difficult. Further, the
cellular matrix likely influences protein stability
because chaperones, molecular crowding, and
binding events have profound effects on the
structures of proteins (17). These factors could
also affect current estimates of the prevalence
24 February 2017

of intrinsically disordered proteins (IDPs) because these polypeptides could fold upon interaction with cellular components.
We developed an approach to evaluate the
thermal stability of a multitude of proteins in a
proteome simultaneously and directly in their
cellular matrix. The approach relies on the combination of limited proteolysis (LiP) and mass
spectrometry (MS), applied over a range of temperatures. Using our strategy, we obtained protein
thermal denaturation profiles on a proteomewide scale for Escherichia coli, Saccharomyces
cerevisiae, the thermophilic bacterium Thermus
thermophilus, and human cells. We used the data
set generated to evaluate the in vivo determinants
of protein and proteome thermostability, the prevalence of IDPs in cells, and the evolutionary conservation of protein thermal stability.
Systematic profiling of protein thermal
stability in complex matrices
To evaluate the thermal stabilities of proteins on
a proteome-wide scale directly in a biological
matrix, we adapted a method recently developed
by our group that measures protein structural
changes in complex cell extracts, which we called
LiP-coupled mass spectrometry (LiP-MS) (18). The
LiP step includes treatment of native proteome
extracts with a broad-specificity protease in order
to generate structure-specific proteolytic patterns
for each protein in the proteome. Structure-specific
protein fragments are then denatured and reduced
in size through further digestion with the specific
protease trypsin so as to generate peptides compatible with bottom-up MS analysis (Fig. 1A). As
a control, an aliquot of the same proteome taken
before the LiP step is subjected only to trypsinization. The resulting peptide mixtures are analyzed
by means of liquid-chromatography-coupled tandem
MS (LC-MS/MS). Protein regions embedding LiP
sites are identified by a decrease in abundance of
the associated tryptic peptides or by appearance of
peptides with nontryptic termini (half-tryptic peptides) in the native sample compared with the
denatured control sample. Comparison of LiP
patterns from proteomes subjected to different
conditions enables the identification of protein regions that underwent perturbation-induced structural changes. Analysis of the sample subjected
only to trypsinization controls for changes in protein concentration or endogenous protease activity due to the perturbations.
LiP cleavages preferably occur in locally unfolded protein segments (19). Therefore, we reasoned that LiP-MS could be used to monitor
thermally induced unfolding of proteins with
peptide-level resolution and on a proteome-wide
scale. In our workflow (Fig. 1A), cells are first
mechanically lysed, and proteomes are extracted
under conditions that preserve native protein
structures. Next, aliquots of these protein extracts
are subjected to incubation at increasing temperatures in order to induce protein denaturation.
At each temperature, the proteome is subjected
to a LiP step with proteinase K (PK), followed by
denaturation, complete trypsin digestion, and
shotgun proteomic analysis (Fig. 1, A and B).
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Proteolytic patterns obtained at the different temperatures are quantified and compared by use of a
label-free MS approach. The signal intensities of
distinct, fully tryptic peptides from each protein
are plotted as a function of temperature, and the
data are analyzed by fitting a sigmoidal model of a
two-state denaturation curve. For peptides with
sigmoidal intensity profiles, the temperature at
the inflection point is extracted (Fig. 1C). We term
this temperature the “apparent melting temperature,” referred to here as Tm, because this parameter reflects the melting of a protein, but equilibrium
may not have been reached at the considered
temperatures.
Our approach results in peptide-level Tm values
and thus in a variable number of Tms for each
protein. We expect that Tms of peptides that
map to the same folding unit or domain should
coincide. Thus, for multidomain proteins, peptide
measurements should result in a number of Tms
matching the number of domains, whereas peptides from single-domain proteins should have
similar Tms. We therefore applied hierarchical
clustering to the Tms extracted from multiple
peptides from the same protein so as to reduce
the number of Tms for that protein to the number
of domains (Fig. 1D). In order to compare Tms of
different proteins, we assigned to each protein
the Tm of the domain with the lowest thermal
stability, under the assumption that the function
of the protein will be lost when the least stable
domain is denatured.
Validation of the approach

Fig. 1. Workflow of the LiP-MS–based analysis of protein stability. (A) Left and right images are
illustrations of a folded protein and a protein subjected to denaturing conditions, respectively. In red and
blue are tryptic peptides from domain A and B, respectively. At each temperature, the proteome is
subjected to a LiP step by use of PK. Trypsin digestion leads to tryptic peptides (for example, red and blue
stretches) and semitryptic peptides that arise from the LiP step. In the folded form, specific sites are
protected from LiP. (B) Samples from each of the 14 temperature conditions are analyzed by means of
shotgun MS, and peptides are quantified. (C) Peptide quantification data are fit to a two-state model from
which Tms are extracted. (D) Different domains may exhibit different thermal stabilities. In this example,
domain A is more stable than domain B, and thus the curve obtained from quantification of the peptides
from domain A and B are indicative of a higher Tm for domain A. Hierarchical clustering of peptide profiles
allows identification of domains associated with different Tms.
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To validate the proposed workflow for the analysis of protein thermal unfolding in a complex
matrix, we selected four well-characterized singledomain proteins with different thermal stabilities:
a-synuclein (a-Syn), bovine serum albumin (BSA),
triose phosphate isomerase (TPI), and ubiquitin
(Ub). First, we analyzed the thermal unfolding
of the purified recombinant proteins using farultraviolet (UV) circular dichroism (CD) measurements (Fig. 2, A to D). TPI and BSA displayed
sigmoidal denaturation profiles with Tms of 61°C
[coefficient of determination (R2) = 0.995] and
65°C (R2 = 0.995), respectively. No temperatureinduced denaturation was observed for Ub or
a-Syn in the considered temperature range, which
is in agreement with the fact that they are very
stable (20) and natively unfolded (fig. S1A) (21),
respectively.
We then used LiP-MS as a readout for thermal
unfolding of the pure proteins. We plotted the
MS intensity of each detected tryptic peptide as a
function of temperature (three replicates) (Fig. 2,
E to H). Peptides from TPI and BSA displayed
sigmoidal intensity profiles with Tms of 59.5°C
(R2 = 0.950) and 63.9°C (R2 = 0.905). The proteolytic peptides obtained from Ub and a-Syn
did not show a sigmoidal decay along the temperature gradient. However, whereas a-Syn was
heavily digested by PK at 37°C, Ub was not,
according to the starting point of the thermal
profiles, which is in agreement with the natively
unfolded and very stable structures of the two proteins, respectively. For TPI and BSA, Tms extracted
2 of 12

Downloaded from http://science.sciencemag.org/ on April 11, 2017

R ES E A RC H | R E S EA R C H A R T I C LE

Fig. 2. Experimental
validation of the
approach and proteomewide measurement of
protein stability. (A to
D) Circular dichroism analyses of purified (A) a-Syn,
(B) TPI, (C) BSA, and (D) Ub
as a function of temperature.
The data were normalized
so that the highest value
measured is 1 and baseline
corrected so that the
lowest value is 0. a-Syn
and Ub data could not be
fit to a sigmoidal curve;
hence, a linear model was
chosen (dashed blue line).
(E to H) LiP-MS analyses of
purified (E) a-Syn, (F) TPI,
(G) BSA, and (H) Ub, three
replicates. The gray lines
represent the fits of the
three replicates (gray dots)
for a single peptide. The
blue line represents the
average of all measured
peptides for one protein.
(I to L) LiP-MS analyses of
purified (I) a-Syn, (J) TPI,
(K) BSA, and (L) Ub spiked
into an E. coli background.
(M) Number of proteins
analyzed for each species.
“Identified,” numbers of
distinct proteins identified
with MS (from the 37°C
conditions, digested with
trypsin only, all replicates);
“Quantified across T-range,”
numbers of proteins
consistently quantified
across all 14 temperature
points; “Unfolding behavior,”
numbers of proteins with
sigmoidal melting curves;
“High quality,” numbers of
proteins fulfilling our filtering
criteria for high-quality
fits (see text). (N to Q) Distribution of Tms of all
peptides passing the highquality filter in (N) E. coli,
(O) T. thermophilus, (P)
S. cerevisiae, and (Q)
HeLa cells. (R) Distribution
of protein Tms for E. coli.
(S) Representation of the
T. thermophilus protein
Nqo1 (Protein Data Bank
structure 3I9V) with the
complex 1 51-Kd domain in
red, the SLBB domain in
yellow, and the NADH 4Fe-4S
domain in blue (http://pfam.xfam.org) and Tms of peptides mapped to the three domains. (T) For 410 E. coli proteins for which domain information was available in
Pfam, frequency with which peptides mapping to the same domain were associated with the same Tm cluster (DC, domain cluster) are plotted.
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C to E). We were able to monitor the complete
unfolding profiles of 2030 E. coli proteins, 1211
thermophile proteins, 1420 yeast proteins, and
1480 human proteins (table S2). We further

selected a subset of high-quality measurements
for proteome-wide comparative analyses, based
on the following criteria: (i) quality of fit of the
selected sigmoidal model (R2 > 0.7); (ii) extracted

Downloaded from http://science.sciencemag.org/ on April 11, 2017

from intensity profiles of different tryptic peptides were similar and resulted in one cluster per
protein (tables S1 and S2); this is in line with TPI
and BSA being single-domain proteins. The activity of PK was considered constant in the
chosen temperature range, on the basis of analysis of a mixture of short synthetic peptides subjected to PK digestion (fig. S1B and table S1).
To evaluate whether our approach derived
correct Tms for proteins embedded in a complex
biological matrix, we added the recombinant proteins to E. coli proteome extracts. LiP-MS–based
melting curves were similar in the presence and
absence of this background. TPI and BSA had
Tms of 58.5°C (R2 = 0.921) and 66.1°C (R2 =
0.976), respectively, and no sigmoidal decay was
observed for Ub and a-Syn (Fig. 2, I to L). The
differences in Tms measured for TPI and BSA in
the presence and absence of the cellular matrix
were 1.0° and 2.2°C, respectively, which is comparable with differences observed when the same
pure proteins were analyzed with far-UV CD and
LiP-MS. Data from the ProTherm database (www.
abren.net/protherm) (16) of published protein thermostability measurements indicate that the Tm
of BSA varies by 3°C when different approaches
are used to analyze thermostability, and even
larger Tm variations are observed across experiments performed in different buffers. Overall,
these data indicate that our approach enables
extraction of Tms of proteins in the presence of
complex biological matrices and that these Tms
are similar to those obtained with standard methods
typically applied to purified proteins.
Measurement of protein thermal
stability on a proteome-wide scale
We applied our LiP-MS approach to the analysis
of thermal unfolding of proteomes from organisms with different complexities and optimal
growth temperatures (OGTs): E. coli (OGT, 37°C),
T. thermophilus (OGT, 60°C), S. cerevisiae (OGT,
30°C), and human-derived HeLa cells (OGT, 37°C).
We exposed each proteome (three replicates) to 14
temperatures and applied the LiP-MS workflow to
each sample. To bracket the OGT of T. thermophilus,
we adjusted the applied temperature range and replaced PK with thermolysin, a protease that remains
active at high temperatures (22).
The numbers of proteins measured for each
species are summarized in Fig. 2M. The total
number of proteins detected ranged from 1786
(for T. thermophilus) to 4151 (for human cells).
As the temperature was increased, the number
of detected proteins decreased because at higher
temperatures there is a progressive decrease in
tryptic peptide abundance and an increase in halftryptic peptide fragments and overall sample complexity. To increase the quality of our data and
avoid quantification of noise, we retained only
peptides that could be quantified across the complete temperature gradient. We further filtered
our data by retaining only peptide profiles that
corresponded to sigmoidal decay. We also excluded that our unfolding profiles were affected
by temperature-induced changes in the activity
of endogenous proteases in the lysates (fig. S1,
Leuenberger et al., Science 355, eaai7825 (2017)

Fig. 3. Comparison of protein stabilities with structural and biological features in E. coli. (A and
B) Functional enrichment analysis for (A) stable and (B) unstable proteins in E. coli. Fold enrichment of a
specific functional term is plotted versus statistical significance. The circle size reflects the number of
proteins matching a given term. Functional enrichment was performed with the tool DAVID (https://david.
ncifcrf.gov) by using GO and Swiss-Prot Protein Information Resource terms. (C) Growth rate of E. coli as a
function of temperature [adapted from (11)]. (D) Graphical representation of the nadE and rpmB subnetwork highlighting bottlenecks (nadE) and hubs (nadE and rpmB). (E) Frequency of hubs, bottlenecks,
and essential genes in the set of E. coli proteins with T90% values <47°C. (F) Comparison number of amino
acids and stability (U, unstable; M, medium; S, stable proteins) in E. coli (P = 7.9 × 10–6, Wilcoxon test) and
T. thermophilus proteomes (comparison across species, P = 0.0024, Wilcoxon test). (G) Plot of P values
corrected for multiple testing of correlating amino acid composition with stability (Wilcoxon test; gray, no
significant difference; blue, more abundant in unstable proteins; orange, more abundant in stable proteins).
(H) Tm values for essential and nonessential proteins in E. coli (P = 0.0079, Wilcoxon test). (I) Protein
abundance in copies per cell (cpc) in stability classes of E. coli (P = 0.0001, Wilcoxon test). (J) Protein
synthesis rates of E. coli stable, medium, and unstable proteins. Rate of synthesis of stable proteins is
significantly higher than that for unstable proteins (P = 0.0017, Wilcoxon test). **P ≤ 0.01; ****P ≤ 0.0001.
(K) S. cerevisiae protein half-lives versus stability class.
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Tm clusters identify protein domains
To evaluate our interpretation of peptide clusters
as independent folding units of a protein, we
compared our results with available domain

annotation data from the Pfam database (http://
pfam.xfam.org). We first focused on a protein for
which three-dimensional structure and domain
information is available, nicotinamide adenine
dinucleotide (reduced form) (NADH)–quinone
oxidoreductase 1 (Nqo1) from T. thermophilus. Our
approach identified seven peptides from this
protein with high-quality sigmoidal unfolding
profiles, resulting in three different Tm clusters.
The peptides from each of the three Tm clusters
fell within structural boundaries of the three domains of the protein (fig. 2S). Thus, our approach
correctly predicted the number and position of
domains for this protein and resulted in measured Tms for each domain.
We next used proteome-wide domain information in Pfam to evaluate the reliability of our
approach on a large scale. We focused on the
E. coli proteome and excluded proteins from our
analysis for which only one peptide was identified and those for which no domain information was available. For each protein, we extracted
domain information from Pfam and identified
peptides in our data set matching each domain.
For these 410 proteins, we evaluated how frequently peptides mapping to the same domain
were associated with the same cluster. For 284
proteins (70%), all peptides in a given Pfamannotated domain were associated with the same
Tm cluster. For an additional 73 proteins (18%),
80% of the peptides from a given domain were

Fig. 4. Thermal profiles to detect aggregation and intrinsic disorder. (A) TPI was spiked into an
E. coli lysate, and two peptides (SNVSDAVAQSTR and IIYGGSVTGATCK, different from those shown in
Fig. 2J) were analyzed in triplicate in a thermal denaturation experiment. (B) The same two peptides from
TPI spiked into an E. coli lysate analyzed in triplicate over a GdnHCl denaturation gradient. The
concentration of PK was adjusted to correct for GdnHCl-induced loss of PK activity (fig. S1F) (C) Aggregation parameter from the thermal denaturation experiment versus stability classes (U, unstable; M,
medium; S, stable) of human proteins indicates a highly significant reduction in aggregation propensity in
stable human proteins compared to unstable proteins (P = 1.64 × 10–4,Wilcoxon test). (D) Thermal profiles
(three replicates) of peptides from the aggregation-prone human protein DNMT1. (E) Percent structural
disorder for the different stability classes in S. cerevisiae (P = 0.018, Wilcoxon test). (F) Thermal profiles of
S. cerevisiae proteins Ede1 (green) and Crp1 (blue) from triplicate experiments. **P ≤ 0.01; ****P ≤ 0.0001.
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in the same Tm cluster (Fig. 2T). This indicates
that our approach can be used to identify domains
in proteins for which a three-dimensional structure is not available, although it cannot identify
boundaries to amino acid–level resolution.
Evaluating the determinants of thermal
sensitivity of a proteome
To identify the determinants of thermal sensitivity of a proteome, we asked whether thermal
collapse of a cell could be attributed to specific
classes of proteins. We classified the 10% of proteins
with the lowest Tms as unstable, the 10% of proteins
with the highest Tms as stable, and the remaining
proteins as having medium stability. For the E. coli
proteome, which had the largest coverage, we performed functional enrichment analyses (Fig. 3,
A and B). We found a clear separation of ontology
terms. Stable proteins were enriched for ribosomal, RNA-binding, and protein biosynthesis
processes (Fig. 3A). Unstable proteins were enriched for cofactor and DNA-binding proteins
(Fig. 3B). This might be due to the fact that
proteins that bind to other biomolecules may
require a high degree of conformational flexibility to enable these interactions.
Next, we evaluated the relationship between
the temperature-induced loss of cell and proteome function. We used growth rate data for
E. coli from a previous study (11) to determine the
temperature at which cells show signs of heatinduced physiological impairment (Fig. 3C).
E. coli cells undergo a heat-induced increase in
growth rate, then the growth rate drops precipitously with a transition midpoint at 47°C.
To identify those proteins that lose their functionality at this transition temperature because
of thermal denaturation, we calculated the temperature at which 90% of each protein was denatured (T90%) and function presumably lost.
Compared with that of Tms, the distribution of
T90% values (fig. S2, A to D) was shifted toward
higher temperatures by a few degrees celsius.
At 10°C above the OGT, 83 of the measured
E. coli proteins were denatured. These included
14 proteins encoded by essential genes involved
in processes such as protein, nucleic acid, and
fatty acid biosynthesis and nucleotide and cofactor binding (table S5).
To evaluate whether the proteins with function lost at 47°C included additional crucial nodes,
we assessed whether any of the 83 proteins were
hubs or bottlenecks in the E. coli protein-protein
interaction network (Fig. 3D, fig. S3A, and supplementary text). Hubs are nodes with a large
number of edges and typically have crucial functionalities for the survival and fitness of an
organism (23). Bottlenecks are defined as necessary bridges between portions of a biological
network, through which interactions must pass
to connect distant network branches (supplementary text). Our list of E. coli proteins with
T90% values less than 47°C contained 21 hubs
(such as rpmB) (Fig. 3E) and 22 bottlenecks; 17
proteins, such as the enzyme catalyzing NAD
biosynthesis (nadE), were both hubs and bottlenecks (Fig. 3E and table S5). The distribution of
5 of 12
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Tms at least 6°C higher and 6°C lower than the
lowest and highest temperature conditions, respectively, in order to exclude Tms based on fewer than
three measurement points; and (iii) decreasing
signal over the sigmoidal region of the function.
The resulting high-quality data subset included
Tms for 730 E. coli proteins, 1083 thermophile
proteins, 707 yeast proteins, and 1037 human
proteins (table S3).
On the basis of this data set, we then analyzed
the distributions of peptide-level Tms across the
temperature range for each species. E. coli peptides
showed a double bell-shaped Tm distribution (Fig.
2N). Distributions of T. thermophilus and yeast
peptides were slightly skewed bell-shapes, with
mean Tm value around 25°C above the OGT (Fig.
2, O and P). For both proteomes, the mean Tm
value was around 25°C above the OGT. The Tm
distribution of human peptides had a peak at
around 60°C (Fig. 2Q), likely because of the undersampling of the human proteome; the fraction of
the proteome analyzed was considerably smaller
for human than for other organisms. The distributions of protein-level Tms were similar to those
observed at the peptide level (Fig. 2, N and R, and
fig. S2, A to D).

Fig. 5. Evolutionary conservation of protein and domain stability.
(A and B) Plot of DTm versus sequence identity for (A) orthologous and (B)
paralogous protein pairs from all proteomes in our data set (green) and randomly assigned pairs (gray). (C) Plot of DTm versus sequence identity for
random (red), orthologous (blue), and paralogous (green and gray) protein
pairs. Gray bars show paralogous protein pairs classified according to sequence identity cutoffs indicated on the x axis. (D) Plot of the coefficient of
variation (CV) of Tms from all peptides associated to homologous domain pairs,
D, and from the same number of randomly assigned peptides, R, for each
organism and for all organisms combined. (E and F) Signal intensity versus

T90% of hubs and bottlenecks showed a pronounced
peak precisely at 47°C, the temperature of E. coli
cell death (fig. S3B). Overall, this suggests that
the sensitivity of E. coli cells to temperature is
due to the loss of a small set of crucial effectors
and regulators of biological processes.
Molecular and biological bases of
protein thermostability
We next evaluated whether our conclusions on
the influence of physicochemical and biological
properties on protein stability differed from those
previously derived from studies of purified proteins
or genome-wide sequence analyses. We again
chose E. coli as a paradigm because of the high
proteome coverage we achieved for this species
and the availability of genome-wide studies and
protein stability data for E. coli. We first compared our data with thermal stability data from
purified recombinant proteins in ProTherm. The
two data sets showed a poor correlation (R2 =
0.1322) (fig. S4A), suggesting that protein stability
is substantially influenced by the presence of the
cellular background.
Next, we evaluated the influence of specific
protein structural features on protein thermal
Leuenberger et al., Science 355, eaai7825 (2017)

temperature plots for the 50S ribosomal C-terminal domain L7/L12 from (E)
E. coli and (F) T. thermophilus from triplicate experiments.To enable comparison,
the temperature was adjusted through subtraction of the OGT. (G) Analysis of
Tm differences between E. coli and T. thermophilus ortholog pairs. Orthologous
proteins were ranked according to their DTm after normalization by OGTs. The
30 ortholog pairs displaying the largest Tm differences were compared with the
remaining set of ortholog pairs. Tm differences between the two species are
plotted against T90%s of the associated E. coli proteins. Proteins displaying the
largest Tm differences were significantly enriched for E. coli proteins losing their
fold below 47°C (P = 3.4 × 10–7). *P ≤ 0.05; ****P ≤ 0.0001.

stability. We analyzed the relationship between
protein stability and protein length and found
that stable proteins are significantly shorter than
unstable proteins (P = 7.9 × 10–6, Wilcoxon test).
Stable protein domains were also significantly
shorter than unstable domains, indicating that
this relationship is not affected by our use of
Tms of the most unstable domains (fig. S4C).
We also compared the lengths of E. coli and
T. thermophilus proteins and found that unstable
and medium-stability proteins from E. coli were
significantly longer than were T. thermophilus
proteins from the corresponding stability groups
(P = 0.0024, Wilcoxon test) (Fig. 3F). Stable E. coli
proteins were of comparable length with stable
T. thermophilus proteins, and no significant difference in protein length was observed across
T. thermophilus proteins from the different stability groups. Overall, this suggests that protein length
is a determinant of protein thermal stability. Comparison of amino acid frequencies in stable and
unstable E. coli proteins revealed slight but significant enrichments in lysine (P = 0.002, Wilcoxon
test, Bonferroni corrected) and aspartic acid (P =
1.216 × 10–4, Wilcoxon test, Bonferroni corrected) in
stable and unstable proteins, respectively (Fig. 3G).
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Next, we studied the secondary structure content of proteins from different stability classes.
We predicted the a-helical, b-sheet, and coil contents of E. coli proteins as previously described
(24). Stable proteins were significantly enriched
in b-sheet elements (P = 0.0327, Wilcoxon test)
(fig. S4D) and unstable proteins in a-helical structure (P = 0.047, Wilcoxon test) (fig. S4E). Coil
content did not significantly differ across stability
classes.
We then tested for a relationship between gene
essentiality and thermostability of the protein
product. We found that proteins encoded by genes
shown to be essential for E. coli growth were more
stable than were proteins encoded by nonessential
genes (P = 0.0079, Wilcoxon test) (Fig. 3H).
We found that protein abundance was significantly higher for stable proteins than for unstable proteins (P = 2.5 × 10–5, Wilcoxon test) (Fig.
3I). According to data from previous ribosome profiling experiments (25), stable proteins were synthesized at significantly higher rates than those
of unstable proteins (P = 0.0017, Wilcoxon test) (Fig.
3J). Protein turnover data are not available for the
E. coli proteome. For the S. cerevisiae proteome
(26, 27), we found no correlation between protein
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turnover rate and protein thermal stability (Fig. 3K
and fig. S4F). This is in line with the fact that enriched Gene Ontology (GO) terms for stable and
unstable proteins (Fig. 3, A and B) differ from functional terms enriched for proteins with low and
high turnover rates (28), with the exception of a
common enrichment in ribosomal and translationrelated proteins for thermally stable and lowturnover proteins. This in turn suggests that the
determinants of protein thermostability differ
from those of susceptibility to proteolysis.
Overall, our proteome-wide analysis of thermally induced protein unfolding enabled the identification of new relationships between protein
stability and the function and fate of cellular
proteins. None of our conclusions changed when
we chose alternative criteria to classify stable and
unstable proteins or used alternative statistical
tests (supplementary text).
Temperature-induced aggregation
From inspection of our proteome-wide denaturation curves, we noticed that specific peptides from
some proteins showed an increase in proteolytic
resistance after the main unfolding transition.
For example, TPI peptides SNVSDAVAQSTR and
IIYGGSVTGATCK became PK-resistant at high
temperatures (Fig. 4A and fig. S5A). We reasoned
that this could be due to aggregation events that
occur during or after unfolding that result in proteolytic protection of residues located at aggregation interfaces.
To evaluate this possibility, we compared
thermal denaturation curves of specific proteins
with denaturation curves obtained for the same
proteins by progressively raising the concentration of guanidinium hydrochloride (GdnHCl), a
chemical denaturant that inhibits aggregation
(29). Posttransition slopes obtained as the GdnHCl
concentration was increased were substantially
lower than slopes of thermal transitions for all
peptides measured (Fig. 4B and fig. S5A). This
indicates that posttransition slopes reflect the
extent of unfolding-induced aggregation. We term
this slope the aggregation parameter. In agreement with our interpretation, no aggregates of TPI
were detectable at 37° or 55°C but clearly formed
at 76°C, according to electron microscopy analysis (fig. S5B), as previously reported (30).
Our aggregation parameter significantly correlated with the propensity to ordered b-sheet
aggregation (fig. S5D), as predicted with the
TANGO tool (31). However, this relationship was
weak, most likely because the propensity to form
heat-induced amorphous aggregates does not
necessarily reflect the propensity to spontaneous
b-sheet aggregation and amyloidogenesis. Indeed,
a-Syn, a highly amyloidogenic protein, did not
form aggregates at high temperature (Fig. 2),
which is in line with previous reports (32).
Stable proteins from human cells were significantly less prone to thermal aggregation than
were unstable proteins (P = 0.0001, Wilcoxon test)
(Fig. 4C and table S3). Similar trends were observed for the two bacteria, but not for yeast
(fig. S5C). As an example, four peptides from
human DNMT1, a protein shown to form intraLeuenberger et al., Science 355, eaai7825 (2017)

cellular aggregates (33), displayed high aggregation propensity at high temperatures (Fig. 4D).
T. thermophilus proteins were largely less
prone to aggregation than were E. coli proteins
(fig. S5E). This suggests that a reduction in thermal
aggregation is among the determinants of protein
thermal stability.
Intrinsically disordered proteins
According to recent predictions, up to 30% of
cellular proteomes consist of IDPs (13, 14). Because of the challenges in analyzing protein folding
in cells, this estimate has not been experimentally
validated for a cellular proteome. We used our
thermal unfolding data set to evaluate the prevalence of IDPs. Theoretically, natively unfolded
proteins should not display sigmoidal thermal
unfolding profiles because they should not undergo two-state unfolding transitions as temperature
is increased, as shown for the IDP a-Syn (Fig. 2, E
and I). Similarly, proteins with large locally unfolded regions should appear to be more unstable
than highly structured proteins or should be more
prone to temperature-induced aggregation events.
We compared our results with a recent analysis of protein disorder in S. cerevisiae (14). We
found that thermostable proteins were significantly
less disordered than were unstable proteins (Fig. 4E).
Next, we evaluated the unfolding profile of
S. cerevisiae proteins predicted to be highly unstructured and for which we could quantify an
MS signal across the whole temperature range.
Of these 333 proteins, 153 (46%) showed a
sigmoidal unfolding behavior; 74 of these were
from the high-quality data set and had melting
temperatures between 40.4° and 60.9°C. We
repeated the same analysis focusing on the top
30 most unstructured proteins identified in the
previous study, and the results were similar: For
47% of these proteins, sigmoidal melting curves
were observed. As an example, Fig. 4F shows the
unfolding profiles of Ede1 and Crp1, lipid- and
DNA-binding protein, respectively, both predicted
to be IDPs. Thus, about half of proteins predicted
to be highly disordered undergo local or global
transitions from folded to unfolded states (34).
In cells, these proteins may acquire structure upon
interaction with molecular chaperones or binding
to other molecules. In support of this, of the predicted IDPs that had sigmoidal melting curves,
54% had GO molecular functions associated with
binding of ligands. Among the most populated
protein classes were nucleic acid–binding (31%),
enzyme-modulating proteins (13%), and proteins
involved in membrane trafficking (8%). IDPs that
showed two-state unfolding transitions were enriched in RNA-binding proteins (P = 6.1 × 10–6,
after Bonferroni correction), ribonucleoprotein
complexes (P = 2.7 × 10–4), and proteins interacting with lipid vesicles (P = 0.0053).
Of the remaining predicted IDPs, 81 proteins
(24%) showed an increasing degree of structural
protection along the temperature gradient, with
sigmoidal transition midpoints between 36.5°
and 76.1°C. This is suggestive of temperatureinduced aggregation phenomena involving proteins in their native state. The high aggregation
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propensity of unstructured proteins has been reported previously (35). For 99 of the remaining
proteins, our peptide data are indicative of the
simultaneous unfolding of certain regions and
aggregation of others, suggesting the coexistence
of folded and locally unfolded, aggregation-prone
domains. For two proteins, the respective peptides showed a constant relationship between PK
cleavage and temperature, compatible with natively
unfolded structures, invariant along the temperature gradient. Thus, only about half of proteins
predicted to be highly unstructured displayed
temperature-induced unfolding profiles indicative
of intrinsic disorder. For 37 proteins, no clear trend
could be derived. Thus, in a cellular context the
fraction of IDPs may be substantially lower than
originally anticipated, and many of the predicted
IDPs are likely to locally or globally acquire structure upon binding of specific ligands.
Evolutionary components of protein
thermal stability
Last, we asked whether protein stability is an
evolutionary conserved feature. We first identified orthologous and paralogous genes using the
eggNOG database (http://eggnogdb.embl.de) (36).
Orthologs are genes from different species that
evolved from a common ancestral gene through
speciation and typically retain the same function.
Paralogs arise from genomic duplication within
the same species and typically evolve different functions. In eggNOG, the age of orthologous proteins
is equal to the time of the speciation event. Paralogous proteins are almost always younger and
arise from gene duplication events that occur well
after speciation. Comparison of the Tms of proteins
from orthologous gene pairs and randomly selected pairs mostly showed no significant differences (P > 0.01, Wilcoxon test) for sequence
identities below 60% (Fig. 5A and fig. S6, A and
C). Recently diverged paralogs with high sequence
identity (above 60%) had more similar Tms than
random protein pairs (P < 1 × 10–9, Wilcoxon test)
(Fig. 5, B and C, and fig. S6, B and D). The same
test for orthologs was inconclusive because of a
lack of orthologs with suitably high sequence
identity (Fig. 5A and fig. S6C). The conservation
of Tms for paralogous proteins could be the result
of their younger evolutionary age as compared
with orthologous proteins. The lack of orthologs
at comparable levels of sequence identity prevents
drawing conclusions on whether the mode of
inheritance matters for the conservation of protein
stability.
Next, we asked whether homologous domains
had similar stabilities. We compared the differences in Tms of the same domain within an organism and across all organisms measured. When
the differences in Tms of the same domains in
different proteins were compared with differences
between randomly selected domain pairs, we found
that homologous domains both within an organism (E. coli, P < 2.2 × 10–16; T. thermophilus, P <
2.2 × 10–16; S. cerevisiae, P = 4.872 × 10–13; human
cells, P = 0.015) and across all organisms (P <
2.2 × 10–16, Wilcoxon test) had smaller DTms
than those of random pairs (Fig. 5D). As an
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example, after correcting for the OGT, the Cterminal domains of the L7/L12 50S ribosomal
proteins from E. coli and T. thermophilus have
similar Tms (Fig. 5, E and F). This indicates that
OGT-corrected domain stability is highly conserved
and is not substantially influenced by the structural features of the flanking protein regions.
Last, we used our analysis of ortholog pairs
from E. coli and T. thermophilus to evaluate
whether protein thermostability is uniformly increased in the proteome of thermophiles or whether
specific classes of proteins are preferentially stabilized. Analysis of DTms of orthologous protein
pairs revealed that protein thermal stability was
enhanced to different extents across the proteome
of T. thermophilus (fig. S6E). Proteins displaying
the lowest degree of thermal adaptation were enriched in ribosomal proteins (P = 6.8 × 10–11, after
Bonferroni correction). Proteins subjected to the
most pronounced thermal adaptation were strongly
enriched in orthologs of the 83 E. coli proteins
that denature below the E. coli OGT (P = 3.395 ×
10–7) (Fig. 5G). This suggests that cells achieve
thermal adaptation through the preferential stabilization of a specific set of physiologically crucial
proteins.
Discussion
Reductionist approaches focused on single proteins in dilute solutions have substantially contributed to our understanding of protein biophysics
and function; however, it is unknown whether
the behavior of proteins in vitro resembles that
in cells (37). Protein stability is likely to be strongly
influenced by the cellular milieu because of molecular crowding, intermolecular interactions,
chaperones, cotranslational folding, and variable
translation rates (37, 38). Identifying the most stable
and labile proteins in proteomes and comparing
proteome stabilities across species pose additional
challenges because a multitude of proteins must
be evaluated simultaneously.
These considerations have prompted researchers
to search for methods that enable evaluation of
folding and stability of multiple proteins directly
in a cellular matrix. Nuclear magnetic resonance
and fluorescence-tagging approaches (39, 40)
have allowed analysis of protein folding in cells,
but these methods require protein labeling, which
may affect protein stability and limits multiplexing. Computational analyses of protein sequences and simulations of a crowded cytoplasm
have analyzed the stability of multiple proteins
(8) and the effects of a cellular matrix (38), but
different approaches have reached conflicting
conclusions (38, 41, 42).
In this study, we presented a proteomic approach
to measure the thermal stability of proteins directly
in a cellular matrix on a proteome-wide scale.
The approach can be applied to evaluate the effects
of heat or other denaturants on proteome stability.
The peptide-level resolution allows analysis of the
stabilities of individual domains within a protein.
Application of our approach to proteomes from
different species resulted in the largest data set on
protein stability to date and contributed insights
into the stability of proteins, domains, and proLeuenberger et al., Science 355, eaai7825 (2017)

teomes. Comparison of our data on endogenous
proteins with thermal stability measurements
from pure recombinant proteins (16) revealed that
the cellular matrix substantially influences protein
stability. Tms extracted from our measurements
deviated as much as 22°C from those in ProTherm.
Both stabilization and destabilization of proteins
relative to measurements in isolation were observed
(fig. S4, A and B), suggesting that the effect of the
cellular matrix on protein stability cannot be generalized. This conclusion is not in conflict with the
results of our validation experiments in which the
Tms of recombinant proteins (TPI, BSA, a-Syn, or
Ub) produced in bacteria, purified, and added to
the proteome extract of a species that did not contain the protein matched those of the pure protein
in isolation. Under these conditions, we do not
expect that the background provided by the
foreign cell lysate plays a major role in influencing protein stability because cellular events such
as cotranslational folding, molecular chaperoning,
or posttranslational modifications are not or much
less likely to occur in the lysate for a spiked-in
protein produced elsewhere.
Our distribution of protein thermal stabilities
for E. coli differs from that previously predicted
(8). The previous simulation predicted a broad
distribution of protein stabilities with a pronounced
tail toward high temperatures. That distribution
suggested that a multitude of proteins are less
stable than the average protein and that proteome
instability derives from the generalized, simultaneous loss of hundreds of proteins, described as a
proteome catastrophe. Further, according to the
previous model, the shortest proteins are the most
unstable and are the determinants of cellular
collapse. We observed that at a temperature at
which cells experience temperature-induced physiological impairment, a subset of essential proteins
and proteins mediating crucial cellular interactions undergoes loss of function. This subset did
not show sequence length biases; in fact, shorter
proteins were found to be generally more stable.
These proteins were also subjected to selective
thermal adaptation in the thermophilic bacterium, indicating that stabilizing key temperaturesensitive proteins is more cost-effective than a
uniform thermal modulation of the whole proteome. We thus propose that the temperatureinduced loss of a relatively small set of proteins
that play key physiological roles (table S5) is sufficient to explain the thermal sensitivity of cells.
We cannot exclude the possibility that our data
are affected by the issue of proteome undersampling.
However, supplementation of the functions of
specific proteins predicted to be unstable metabolic hubs was sufficient to alleviate temperatureinduced growth defects (15), supporting the idea
that loss of a specific protein subset mediates
cellular dysfunction at increased temperature. The
experimental identification of labile proteins might
guide engineering of microorganisms with increased thermostability to be used in industrial
processes operating at high temperature.
Our analysis also revealed the structural and
biological bases of protein thermostability. Confirming results of previous studies based on the
24 February 2017

comparison of genomes of thermophilic and
mesophilic bacteria, we observed enrichment for
lysine residues and b-sheet structures in thermostable proteins (43). Our experimental stability
data do not support the previously reported correlation between enhanced thermostability and
increased occurrence of negatively charged residues (44). We rather found that unstable proteins
have a higher content of aspartic acid residues.
Previous genome sequence analyses led to conflicting results on a possible relationship between
protein stability and protein length (10, 11, 45, 46).
We experimentally show an inverse correlation
between protein length and thermal stability. Thus,
the structural determinants of protein stability extracted from bioinformatic analyses match only
partly those derived from our proteome-wide
measurements in the cellular matrix. Our comparison of stable and unstable proteins within
the same species may have eliminated analytical
biases due to specific evolutionary trends of previous analyses based on cross-species comparisons. We also showed that thermostable proteins
are substantially less prone than unstable proteins
to thermal aggregation and to local unfolding,
suggesting that a low aggregation and unfolding
propensity (43) are among the determinants of
protein thermostability.
Domain thermal stability, normalized by OGT
where needed, was conserved, both for proteins
of the same species and across organisms. This
suggests that domain stability is under high selection constraint. We also found conservation of
thermal stability for proteins synthesized from
paralogous genes, which typically evolve to have
different functions. In contrast, thermal stability
was not generally similar for proteins from orthologous genes, although these genes typically
retain similar functions. This result might seem
in conflict with the observed conservation of domain stabilities across species because orthologs
of multidomain proteins typically retain functionally important domains (47, 48). This apparent
discrepancy is explained by the fact that both gains
and losses of domains from functionally related
proteins occurred frequently during evolution, with
eukaryotic proteins including substantially more
domains than bacterial proteins, and bacterial proteins comprising more domains than archeal proteins (49–51). Because the overall stability of a
protein depends on its domain composition, protein
Tms are affected by reshuffling of protein domains,
despite the conservation of domain stability.
A clear correlation was observed in our study
between protein stability and abundance. We
found that stable proteins are substantially more
abundant and less prone to aggregation. These
findings are of particular importance in light of
the recent “translational robustness” theory, formulated on the basis of genome-sequence analyses,
gene expression data, and evolutionary simulations (52–54). According to this theory, highly expressed proteins should tolerate translational errors
that may lead to the accumulation of toxic misfolded species. According to the law of mass action and the known high rate of mistranslation,
misfolding of highly abundant proteins due to
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translation errors is potentially more deleterious
to the cell than misfolding of low-abundance
proteins. Mistranslation-induced misfolding can
be reduced by increasing translational accuracy
or by increasing tolerance of protein folds to
missense mutations (54). Our data show a clear
direct relationship between protein-folding stability and intracellular abundance and an inverse
relationship between protein stability and aggregation or local unfolding. Increasing the thermodynamic stability of abundant proteins will broaden
the range of amino acid replacements that a protein
can tolerate before misfolding (55). This suggests
that selection reduces the burden of intracellular
misfolding by increasing the thermodynamic stability of abundant proteins, thus expanding the
theory of translational robustness. It also suggests that small alterations of the fine balance
between protein concentration and aggregation
propensity (for example, by an increase in the concentration of unstable, aggregation-prone proteins
or by oxidation of abundant proteins that increases aggregation) may cause a misfolding catastrophe, potentially leading to protein-misfolding
diseases, as postulated in the “edge” theory by
Tartaglia et al. (56).
Our data revealed that about half of predicted
IDPs (13, 14) showed two-state denaturation
profiles in the cellular matrix and suggested that
many predicted IDPs are structured in cells or
undergo global or local disorder-to-order transitions upon ligand binding (13, 34).
Limitations of our approach include the need
for cell lysis before analysis, which may result in
dilution of the cellular medium and loss of compartmentalization. However, compartmentalization effects should be minimal for E. coli, the
organism chosen for most of our analyses on
thermostability determinants, because of its low
degree of subcellular organization (57). Another
limitation is incomplete proteome coverage, a
typical issue of proteomics approaches (58), complicated here by the complexity of LiP digests
under unfolding-inducing conditions. Proteome
coverage could be increased by combining our
method with an approach to drug target identification termed the cellular thermal shift assay
(CETSA) (45). CETSA is based on the measurement of protein precipitation in cell lysates upon
an increase in temperature. Shifts in the obtained
thermal profiles are indicative of drug target engagement. The approach achieves high proteome
coverage, but whether measurement of protein
aggregation by CETSA can be used as a reasonable
readout for protein unfolding would have to be
experimentally validated. In addition, CETSA does
not achieve peptide-level resolution.
Our study contributes insight into the molecular and evolutionary bases of protein and proteome thermostability and provides a blueprint
for future studies on the stability of proteomes
and thermal denaturation.
Materials and methods
Cell culture
E. coli cells (strain BW25113 K12) were grown at
37°C in 5-L shaker flasks in M9 minimal medium
Leuenberger et al., Science 355, eaai7825 (2017)

(Fischer et al. 2003) containing 5 g/L glucose to
an OD600 of ~0.8. Cells were harvested by centrifugation at 4000 g for 5 min at 4°C and washed
twice with an ice-cold lysis buffer (20 mM HEPES,
150 mM KCl, 10 mM CaCl2, pH 7.5). Cells were
resuspended in the same buffer and disrupted by
vortexing in the presence of acid-washed glass beads
in three consecutive rounds of 30 s of beating
and 4 min of incubation at 4°C. The lysates were
centrifuged at 16,200 g for 15 min at 4°C to remove
cellular debris, the supernatants were transferred
to a fresh tube, and the protein concentration in the
extracts was determined by the bicinchoninic acid
assay (BCA Protein Assay Kit, Thermo Scientific).
The protein extracts were stored at -80°C until use.
T. thermophilus cells (a kind gift of Prof. Hans
Martin Fischer, ETH Zurich) were obtained as
frozen 30%-glycerol stocks in 0.8% Bacto-Peptone,
0.4% yeast extract, 0.3% NaCl, pH 7.5. Th-A medium (0.5% Bacto-Peptone, 0.2% yeast extract,
0.2% NaCl, pH 7.0–7.2) was inoculated with a single
colony from an agar plate, and cells were grown
overnight at 60°C under vigorous shaking. Cells
were harvested as described above for E. coli.
S. cerevisiae (strain BY4741) cells were grown
at 30°C in synthetic complete (SC) liquid medium
containing 2% glucose (w/v) to an OD600 of ~0.8
and harvested as described above for E. coli.
HeLa FRTTO T-Rex cells (a kind gift of Prof.
Matthias Peter, ETH Zurich) were grown at 37°C
in DMEM supplemented with 10% (v/v) fetal bovine
serum, 100 U/ml penicillin, 100 mg/ml streptomycin,
and 1% L-glutamate (GIBCO, Invitrogen). To harvest
the cells, the cell culture medium was removed, and
cells were washed with PBS. Cells were then mechanically removed from the plate, washed with
20 mM HEPES, 150 mM KCl, 10 mM CaCl2, pH
7.5 and lysed by freeze milling. Subsequently, the
lysates were treated as described for E. coli lysates.
Purified proteins
Triosephosphate isomerase (TPI) purified and
lyophilized from rabbit muscle (Sigma), bovine
serum albumin (BSA) from purified and lyophilized
bovine plasma (Sigma) and ubiquitin (Ub) from
bovine erythrocytes purified and lyophilized (Sigma)
were used in the analyses with purified protein.
Circular dichroism
Circular dichroism spectra were recorded on a J-710
spectropolarimeter (Jasco) in a 1-mm path-length
quartz cell. The protein concentration was 0.2 mg/ml.
The mean residue ellipticity [q] (deg·cm2·dmol −1)
was calculated from the formula [q] = (qobs/10)·
[MRW/(l·c)], where qobs is the observed ellipticity
in degrees, MRW is the mean residue molecular
weight of the protein, l the optical pathlength
in cm, and c the protein concentration in g/mL.
Spectra were recorded in PBS, pH 7.4 and normalized by subtracting the lowest value measured followed by dividing all measurements by
the largest value measured.
Limited proteolysis
Protein concentrations in different cell extracts
were adjusted to 1 mg/ml with 20 mM HEPES,
150 mM KCl, 10 mM MgCl2. The pH was adjusted
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with 5 M NaOH to approximately 7.6. Cell extracts
were pre-equilibrated at a given temperature for
5 min. Proteinase K from Tritirachium album
(Sigma) was added to the protein extract at an
enzyme:substrate ratio of 1:30 and incubated for
1 min at a temperature from 37° to 76°C (in 3°C increments, corresponding to 14 temperature points).
Thus, cell extracts were exposed to each of the
chosen temperatures for a total of 6 min, considering
the preincubation time. The digestion was stopped
by adding sodium deoxycholate (DOC) to a final
concentration of 5% and by boiling immediately
for 3 min. The samples were then subjected to
complete tryptic digestion as described below.
LiP experiments of T. thermophilus samples were
done using thermolysin from Bacillus thermoproteolyticus rokko (Sigma) at an enzyme:substrate
ratio of 1:30. Samples were incubated for 1 min at
a temperature from 55° to 96°C (in 3°C increments, corresponding to 14 temperature points).
The LiP reaction was stopped by adding DOC to a
final concentration of 5% and EDTA to a final
concentration of 25 mM. The digestion mixtures
were then subjected to complete tryptic digestion
as described below. For the T. thermophilus samples, 64 mmol CaCl2 was added to the samples
after the LiP step to compensate for the addition
of 5 mmol EDTA and allow for an efficient tryptic digestion.
Tryptic digestion
Proteins were reduced by incubation of samples
with tris(2-carboxyethyl)phosphine (final concentration of 5 mM) for 30 min at 37°C and were
alkylated by incubation with iodoacetamide (final
concentration of 40 mM) for 30 min at 25°C in the
dark. Samples were diluted with 0.1 M NH4HCO3
to a final concentration of 1% sodium deoxycholate.
Samples containing guanidinium chloride were
diluted to less than 1 M guanidinium chloride
and predigested with lysyl endopeptidase (Wako
Chemicals) at an enzyme:substrate ratio of 1:100.
After 2 hours at 37°C, sequencing-grade porcine
trypsin (Promega) was added to a final enzyme:
substrate ratio of 1:100, and samples were incubated
overnight at 37°C. The digestion was stopped by
addition of formic acid to a final pH less than 3.
The peptide mixtures were loaded onto Sep-Pak
tC18 cartridges (Waters), desalted, and eluted with
80% acetonitrile. All peptide samples were evaporated on a vacuum centrifuge to dryness, resolubilised in 0.1% formic acid, and immediately analyzed
by mass spectrometry.
Proteomic analysis
Peptide samples were analyzed on an Orbitrap
mass spectrometer (Q Exactive Plus, Thermo
Scientific) equipped with a nano-electrospray
ion source and a nano-flow LC system (EASY-nLC
1000, Thermo Scientific). Peptides were separated
on a 40 cm × 0.75 mm i.d. column packed in-house
with 1.9 mm C18 beads (Dr. Maisch Reprosil-Pur
120) using a linear LC gradient from 2% to 35% acetonitrile over 120 min and a flow rate of 300 nL/min.
For each MS scan at a resolution of 70,000 from
350 to 1500 m/z, twenty MS-MS spectra were
acquired at a resolution of 17,500. All multiply
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Melting curves
Peptide abundance profiles as a function of temperature were fit to the following formula (59) S =
(Sf + mf · T) + (Su + mu · T) · e (DHm/RT) · [(T – Tm)/
Tm] / (1 + e (DHm /RT) · [(T – Tm)/Tm)] where S is
the observed spectroscopic signal in arbitrary units
(a.u.); Sf and Su are the spectroscopic signals of the
folded and unfolded states at zero K, respectively,
in arbitrary units (a.u.); mf and mu are the linear
dependencies of Sf and Su, respectively, on temperature (i.e., slopes of the pre- and posttransition
baselines, respectively) in a.u. K −1; T is the temperature in K; Tm is the melting temperature in K;
DHm is the unfolding enthalpy at the Tm in J mol −1;
and R is the gas constant, 8.314 J K −1 mol −1.
We imported the peptide abundance data
from Excel into Matlab (v2015a), eliminated data
points with exactly equal abundance values occurring more than once per species, converted
the temperature to K and the abundances to log2
scale (assuming normality on this scale). We fit
the model parameters (determining the mean of
the data) and the Gaussian variance by numerically computing the maximum a posteriori probability estimate of the log likelihood via the Matlab
function mle with all parameters in linear scale
except for DHm, which was in log10 scale. For
each peptide, we performed 100 multistarts with
parameters initialized according to Latin hypercube sampling. Outlier detection was performed
by removing data points outside four standard deviations from the estimated mean and repeating
the parameter inference once with the reduced
data set. For further analysis we computed the
gradient of S(T = Tm) w.r.t. T, confidence intervals
for all parameters, and fit statistics (R2, SSE, Fstatistic). The parameters’ prior distributions were
either uninformative N(0,5) for log2(Sf), N(0,10) for
log2(Su), N(338,30) for Tm, or defined from a priori
available empirically determined quantities, i.e.,
N(5.5,1) for log10(DH), or defined in an empirical
Leuenberger et al., Science 355, eaai7825 (2017)

Bayes fashion by visual inspection of selected highquality fits i.e., N(0,0.02) for mf, N(0,0.2) for mu,
where N(m,s) is a normal distribution with mean m
and standard deviation s. The results of the melting
curve estimation were complemented with additional information (e.g., peptide position in protein)
and together served as input for further analyses.
Selection of high-quality data
Only peptides with DH greater than 100 kJ mol–1 and
positive Su and Sf values were considered. Further,
only proteins with peptides with Tms in the range
of 43° to 70°C for proteinase K-treated samples and
in the range of 64° and 88°C for the thermolysintreated samples were considered. In order to display the unfolding traces equally, we normalised
the signals relative to the set of acquired data for
each individual protein.
Statistical analyses and
signal normalization
All statistical analyses and string processing after
the estimation of biophysical properties were performed using R (version 3.2.3), and data were
visualized using Prism 6.0. P values from Wilcoxon
tests were calculated using Prism 6.0. Significance
levels of P values are graphically represented by:
ns. for P > 0.05, * for P ≤ 0.05, ** for P ≤ 0.01, *** for
P ≤ 0.001, and **** for P ≤ 0.0001.
Signal intensities from MS or CD were divided
by the maximum value shown in the plots and
baseline corrected by the smallest value in order
to present all data as relative intensities (rel. int.)
between 0 and 1.
Clustering and assignment
of protein Tms
Melting temperatures of all peptides of a single
protein were subjected to hierarchical clustering
using the built in “hclust” function of R (version
3.2.3) and starting with one cluster. The maximum difference in Tm of peptides in a cluster was
then calculated. If that value was smaller than 3°C,
the average Tm of that cluster was calculated and
taken as the Tm of the protein. If, however, the
value was larger than 3°C, another cluster of Tm
values was added, and the procedure was repeated
until the maximum difference in Tm was less than
3°C. Finally, the cluster with the lowest Tm was
assigned as the Tm of the protein, unless there was
a cluster that was at least 3 times more populated
than that cluster (to avoid outliers), in which case
the next higher cluster was considered. A maximum of five clusters per protein was allowed.
Protein domain data
Protein domain information was downloaded
from the Pfam database (http://pfam.xfam.org/,
version 30.0). We considered a peptide in a domain
when its entire sequence matched the annotation
of the domain provided by Pfam (from the value
provided as “aligment start to alignment end”).
Functional enrichment and analysis of
ProTherm data
Functional enrichment analysis of stable and
unstable proteins in E. coli, based on GO terms
24 February 2017

«Biological Process» and «Molecular Function»
and SP-PIR Keywords, was performed with the
tool DAVID (https://david.ncifcrf.gov/). Bonferronicorrected P values were used. Redundant terms
were collapsed, retaining the lowest P values associated. Results were filtered based on a P value
< 0.01 and a fold enrichment > 5. Only terms and
keywords matching to more than 5 proteins in
the data set were retained. Bubble size is proportional to the number of proteins matching a given
term. Functional classification and enrichment
analysis of IDPs from S. cerevisiae was performed
with the tools Panther (http://pantherdb.org) and
FunSpec (http://funspec.med.utoronto.ca/), respectively. Data from ProTherm were downloaded
from www.abren.net/protherm/. Only measurements performed at pH values between 6 and 9
were considered.
Protein network analysis of E. coli
The network centrality parameters degree and betweenness were calculated for all nodes within
the network using the Cytoscape plug-in CentiScaPe
(60). Degree is a topological index corresponding to
the number of edges incident on a node; betweenness is a node centrality index corresponding to the
total number of shortest paths passing through a
certain node. We define “hubs” and “bottlenecks”
proteins falling in the top 20% of the degree and
betweenness distributions, respectively (23)
Estimation of T90%
Fitted curves of peptide profiles were used to extract the signal value at a given temperature for
each peptide. Using 0.001°C steps the relative
signal at each temperature relative to the signal
at the first temperature point was calculated. We
termed T90% the temperature at which the relative signal loss was 90% with respect to the
signal at the first temperature point measured.
The above described clustering algorithm was
used to derive protein-level T90% from peptide
level data.
Estimation of aggregation
The aggregation parameter was the slope of the
linear regression characterizing the unfolded state
on the high-temperature side of the denaturation
transition (mu). To estimate the extent of postunfolding aggregation, we calculated the relative
signal gain after the sigmoidal decay as a function
of temperature.
Electron microscopy
A 5 mL aliquot of 1 mg/mL TPI in 20 mM HEPES
150 mM KCl and 10 mM MgCl2 was deposited for
1 min on a glow-discharged EM copper grid. To
stain the samples, 2% w/v uranyl acetate was
applied for 15 s. Electron microscopy images were
acquired using a FEI Morgagni 268 transmission
electron microscope operated at 100 kV.
Prediction of disorder and
secondary structure
Disorder and secondary structure were predicted
from protein FASTA sequences. To calculate disorderedness we used the previously described
10 of 12
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charged ions were used for triggering MS-MS attempts; singly charged ions and ions of undefinable charge state were excluded. A threshold of
1300 ion counts was used to trigger MS-MS scans
followed by a dynamic exclusion for 30 s.
The collected spectra were searched against
the S. cerevisiae, T. thermophilus, or H. sapiens
Uniprot protein database (downloaded December
2015) using the Sorcerer-SEQUEST database search
engine (Thermo Electron). We allowed up to two
missed cleavages, and excluded cleavage of KP
and RP peptide bonds. Cysteine carboxyamidomethylation (+57.0214 Da) and methionine oxidation (+15.99492) were allowed as fixed and variable
modifications, respectively. Monoisotopic peptide
tolerance was set to 10 ppm, and fragment mass
tolerance was set to 0.02 Da. The identified proteins were filtered using the high peptide confidence setting in Protein Discoverer (version 1.4,
Thermo Fisher Scientific). Label-free MS1-based
quantification was performed using the software
Progenesis (2.0, Nonlinear Systems). For quantification purposes, only fully tryptic peptides were
considered. Additionally, only peptides unique to
a protein were considered.

software tool DISOPRED3 and calculated the
relative degree of disorderedness from that output
by counting the amino acid residues predicted to
be in a disordered segment of the protein divided
by the total number of residues of the protein (61).
We calculated the percentage of secondary structure types using PSIPRED (24).
Selected reaction monitoring
(SRM) measurements
Shotgun proteomic data were used to select up to
5 intense singly charged fragment ions of the yseries from doubly or triply charged precursor
ions to perform SRM analysis. This set of transitions was then experimentally tested in SRM
mode. Matching of retention times and relative
fragment ion intensities observed in SRM and
shotgun experiments was confirmed, after realignment of the gradients used. Transitions associated
with obvious interference based on visual inspection using the analysis software Skyline (version
2.5 MacCoss Lab Software) were discarded. In
the same experiment, exact peptide retention times
from the LC-SRM platform were annotated in
order to perform scheduled SRM acquisition,
using a 300-s retention time window. All SRM
analyses were performed on a triple quadrupole/
ion trap mass spectrometer (5500 QTrap, ABSciex)
equipped with a nano-electrospray ion source and
operated in SRM mode. Peptides were separated
using an on-line Eksigent 1D-plus Nano liquid
chromatography system (Eksigent/ABSciex), equipped with an 18-cm fused silica column with 75-mm
inner diameter (New Objective). Columns were
packed in-house using Magic C18 AQ 5-mm beads
(Michrom Bioresources). A cooled (4°C), autosampler (Eksigent/ABSciex) was used to load the
dissolved peptides (~3 mg), and then the peptide
mixture was separated using a linear gradient
from 5 to 35% acetonitrile over 30 min. Q1 and
Q3 were operated at unit resolution (0.7 m/z half
maximum peak width) aiming at a dwell time
from 15 to 30 ms and a cycle time of less than 2.5 s
(100 transitions per run).
Collision energies (CE) were calculated according
to the formulas: CE = 0.044 · m/z + 5.5 for doubly
charged precursor ions or CE = 0.055 · m/z + 0.55
for triply charged precursor ions. We confirmed
coelution and peak shape similarity of the transitions monitored for a given peptide and used the
respective areas under the curve for quantification. Relative quantification of all peptides across
conditions was obtained by dividing each peptide’s peak area from each of the 14 conditions by
the highest value and subtracting the lowest
value individually for each peptide. Outlier SRM
transitions (e.g., noisy or shouldered transition
traces from potentially similar peptides in Q1/Q3
of the background proteome) were not considered
in the final calculations.
Evolutionary analysis
Proteins from E. coli, T. thermophilus, S. cerevisiae,
and H. sapiens with an assigned melting temperature based on high-quality peptide measurements
were analyzed for their orthologs and paralogues
using eggNOG (version 4.5; http://eggnogdb.embl.
Leuenberger et al., Science 355, eaai7825 (2017)

de/). To align protein sequences the NeedlemanWunsch algorithm was used.
16.

Enzyme activity
Thermolysin activity in the temperature range
considered was considered constant based on (62).
To evaluate the activity of proteinase K across the
temperature range, we used the set of synthetic
peptides (Thermo Scientific) listed in fig. S1A.
Peptides were spiked into the proteome extracts
at a concentration of 33 mg per mg of protein before
the LiP step. The activity of proteinase K in guanidinium hydrochloride was measured by a standard
protease activity assay described previously (63).
We used the p-nitroanillin peptide (AAPF) at
1 mM with 340 nM proteinase K in 50 mM HEPES
buffer. The change in absorbance was measured at
405 nm, and the slope was calculated for the linear
range of the signal during 60 s (fig. S1B). Based on
the results of this activity test, we adjusted the
concentration of PK used at the different guanidinium hydrochloride concentrations to obtain a
constant PK activity along the guanidinium hydrochloride gradient.
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Cell-wide analysis of protein thermal unfolding reveals
determinants of thermostability
Pascal Leuenberger, Stefan Ganscha, Abdullah Kahraman,
Valentina Cappelletti, Paul J. Boersema, Christian von Mering,
Manfred Claassen and Paola Picotti (February 23, 2017)
Science 355 (6327), . [doi: 10.1126/science.aai7825]

How proteomes take the heat
Living organisms are very sensitive to temperature, and much of this is attributed to its effect on
the structure and function of proteins. Leuenberger et al. explored thermostability on a proteome-wide
scale in bacteria, yeast, and human cells by using a combination of limited proteolysis and mass
spectrometry (see the Perspective by Vogel). Their results suggest that temperature-induced cell death
is caused by the loss of a subset of proteins with key functions. The study also provides insight into the
molecular and evolutionary bases of protein and proteome stability.
Science, this issue p. eaai7825; see also p. 794
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