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SUMMARY

To find additional structural constraints (besides
disordered segments) that regulate protein halflife in the cell, we herein assess the influence of
native topology of monomeric and sequestration of
oligomeric proteins into multimeric complexes in
yeast, human, and mouse. Native topology acts as
a molecular marker of globular protein’s mechanical
resistance and consequently captures their half-life
variations on genome scale. Sequestration into
multimeric complexes elongates oligomeric protein
half-life in the cell, presumably by burying ubiquitinoylation sites and disordered segments required
for proteasomal recognition. The latter effect is
stronger for proteins associated with multiple complexes and for those binding early during complex
self-assembly, including proteins that oligomerize
with large proportions of surface buried. After gene
duplication, diversification of topology and sequestration into non-identical sets of complexes alter
half-lives of paralogous proteins during the course
of evolution. Thus, native topology and sequestration
into multimeric complexes reflect designing principles of proteins to regulate their half-lives.

INTRODUCTION
Cellular proteins are regularly degraded and replaced with
newly synthesized copies, minimizing the accumulation of toxic
damage and ensuring a functional proteome. An elegant balance
between translation and degradation rates maintains protein
concentration in the cell, assigning each protein a specific halflife (Belle et al., 2006; Cambridge et al., 2011; Price et al.,
2010; Bhattacharyya et al., 2014). A protein’s life starts as its
mRNA blueprint is translated into a chain of amino acid building
blocks. This chain generally folds into a 3D molecule that then
takes on functions such as enzymatic activity, ligand binding,
constructing cellular structures, assembling into complex
machines, and transport. Protein’s life ends as a degradation
machinery, such as the ubiquitin-proteasome system (UPS) in

eukaryotes, proteolyzes it into multiple fragments (Finley, 2009;
Bhattacharyya et al., 2014). The UPS includes two major components. One is ubiquitin (and its associated ubiquitin-activating,
ubiquitin-conjugating, and ubiquitin-ligase enzymes E1/E2/E3),
which first stochastically festoons substrate proteins with a
molecular marker for degradation (a polyubiquitin tag). Specific
proteasome-substrate recognition is mediated through this
polyubiquitin tag. After recognition, proteasome engages with
an intrinsically disordered region (IDR), mechanically unfolds
the protein by pulling the polypeptide chain into the degradation
channel, where ATP-driven proteolysis occurs (Thrower et al.,
2000; Prakash and Matouschek, 2004; Bhattacharyya et al.,
2014) (Figure 1A). This mechanism is key to controlling protein
half-life in the cell (Belle et al., 2006; Kristensen et al., 2013;
€usser et al., 2011).
Schwanha
Experimental measurements of protein half-life in different
organisms show a wide range of variation from minutes to
days (Belle et al., 2006; Price et al., 2010; Cambridge et al.,
2011), raising multiple biological questions. Some studies have
shown altered protein half-lives leading to abnormal development (Hirata et al., 2004), neurodegenerative diseases, and cancer (Yang et al., 2012). Accumulation of toxic damage in longliving proteins is identified as a major inducer of aging (Toyama
and Hetzer, 2013). Other studies have asked whether, in addition
to ubiquitinoylation sites, there are any additional structural features that affect protein half-life in the cell (Swanson et al., 1998;
Lee et al., 2001; Kenniston et al., 2003; Schwaiger et al., 2004; Xu
et al., 2016; Kang et al., 2010; Henderson et al., 2011; van der
Lee et al., 2014; Fishbain et al., 2015). Over the years, a few
such factors have been identified—some tested only for specific
proteins, while others are tested on genome scale.
The proteolytic site of the proteasome is accessible only
through a narrow degradation channel (10–15 
A width, 70 
A
length) that only unstructured polypeptides can penetrate
(Finley, 2009; Bhattacharyya et al., 2014). Earlier, genome-scale
studies investigating the relationship between the overall fraction
of disordered residues of proteins and their half-lives yielded
contradictory results ranging from no correlation (Yen et al.,
2008) to weak correlation (Tompa et al., 2008) to a strong influence (Gsponer et al., 2008). More recently, van der Lee et al.
(2014) showed these inconsistencies refer to the fact that
proteasomal engagement rather depends on the presence of
one or a few long disordered segments that can act as degradation initiation sites. Using this concept, they showed proteins
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Figure 1. Native Topology Acts as a Molecular Marker of Protein’s Mechanical Resistance
(A) A schematic representation of different steps of proteasome function.
(B) The Fm values estimated at 49 AFM experiments on 29 proteins (see Data S1) are plotted against their ACO. The red line signifies linear regression, the r and
r2 values of the fitting are given in the figure (see Data S5).
(C) The Fm values estimated by pulling the termini of 11 globular proteins at 600 nm/s and of 5 proteins at 300 nm/s speeds, in AFM experiments, are plotted
against their native ACO (see Figure S1). Solid lines indicate linear regressions. The r and r2 values of the fitting are given in the figure.
(D) For titin, GFP, and filamin, elevations/demotions of mechanical resistance upon point-mutations are plotted along with respective changes in ACO. The three
proteins are unfolded at three different speeds, suggesting this pattern is irrespective of chain-pulling speeds.
(E) For three proteins (yellow, maltose-binding protein; blue, apo-calmodulin; and green, ovalbumin) ACO values of their two domains are plotted, along with
highlighting the directional preference of proteasomal degradation.
(F) The percent of undegraded molecules of barnase and dihydrofolate reductase ([DHFR], from Escherichia coli and mouse) after 200 min of incubation with the
proteasome are plotted against their ACO (see Data S5).

featuring long IDRs exhibit shorter half-lives than those lacking
this attribute on a genome scale (van der Lee et al., 2014).
Shorter half-life is also observed for proteins having IDRs with
amino acid compositions permitting high-affinity proteasomal
engagement (Fishbain et al., 2015). After the engagement, the
ATPase molecular motor of proteasome sequentially unfolds
the substrates by pulling them into the degradation channel
(Bhattacharyya et al., 2014; Lee et al., 2001). This mechanical unfolding is resisted by the native molecular contacts stabilizing the
globule (Schwaiger et al., 2004) and, for a handful of proteins,
stronger mechanical resistance is shown to cause slower degradation (Kenniston et al., 2003; Schwaiger et al., 2004). Similarly,
for a few proteins, sequestration into multicomponent complexes is observed to protect them from rapid degradation
(Swanson et al., 1998; Xu et al., 2016; Kang et al., 2010). However, how mechanical resistance and oligomerization into complexes influence protein half-life is not clearly understood.
Here, we exploit the experimental genome-scale half-life data
of yeast and mouse proteins and relative degradation rate data
of human proteins, along with wide-ranging information about
their 3D geometry and extensive biochemical characterization
of the complexes they assemble into, to develop a theory
demonstrating how a wide spectrum of structural constraints
regulates protein half-life in the cell. Native topology acts as a
870 Structure 26, 869–878, June 5, 2018

molecular marker of monomeric protein’s mechanical resistance
and regulates their half-life on a genomic scale. Sequestration
into multimeric complexes elongates oligomeric protein halflife in the cell, probably by burying ubiquitinoylation sites and
disordered segments required for proteasomal engagement.
Diversification of topology and sequestration into non-identical
sets of complexes are further exploited to alter protein half-life
during evolution. Our work not only evaluates the independent
and combined influence of different structural constraints on
protein half-life, and places them into genomic context, but
further deepens our understanding of the designing principles
of biological macromolecules.
RESULTS
Topology Acts as a Molecular Marker of Protein’s
Mechanical Resistance and Regulates Protein Half-Life
on a Genome Scale
Mechanical unfolding is a crucial step of protein degradation
(Bhattacharyya et al., 2014; Lee et al., 2001); mechanical resistance, therefore, is expected to influence a protein’s half-life.
A number of experiment and simulation-based studies showed
that b-proteins are mechanically more stable than a-proteins
(Li, 2007). Gabovich and Li (2009) demonstrated that the

dependence of protein’s mechanical stability on their native
topology could be represented in terms of a linear correlation
between peak unfolding force (Fm) and a topological parameter
absolute contact order (ACO). ACO is defined as the average
primary chain separation of native atomic contacts (captured
from atomic coordinate data), such that ACO is small for proteins
stabilized by mainly short-range contacts, and is large when
long-range contacts (contacts between residues far separated
in the primary chain) play crucial roles in stabilizing the protein.
This parameter is representative of the thermodynamics and
kinetics of protein folding, and a negative correlation between
ACO and protein folding rates is well established (Ivankov
et al., 2003).
We perform three analyses. First, we regenerate Gabovich and
Li’s result for an extended dataset of 49 atomic force microscopy
(AFM) experiments on 29 proteins (for various proteins we have
Fm at different chain pulling speeds, Data S1), resulting in
rACO,Fm = 0.52 correlation between ACO and Fm (Figure 1B).
This weak correlation refers to the fact that Fm linearly depends
on the chain pulling speed (Li, 2007). Therefore, we investigate
whether rACO,Fm improves for proteins unraveled at identical
speeds. For 11 and 5 proteins unfolded at 600 and 300 nm/s
600nm=s
and
respectively,
we
obtain
strong
rACO;Fm = 0:95
300nm=s
rACO;Fm = 0:93 correlations (Figure 1C). Equivalent results are
confirmed for 27 proteins unfolded in all-atom computer simulations (Figure S1). Second, we collect a dataset of three globular
proteins (Data S1) for which AFM data depicts alterations of
mechanical resistance upon point-mutations, and crystal structures of both wild-type and mutant proteins are available. For this
dataset, we confirm that an elevation/demotion of mechanical
resistance is perpetually associated with similar changes of
ACO (Figure 1D). Third, mechanical anisotropy (unraveling from
different termini requires different unfolding forces) of some proteins is experimentally observed to determine their directional
bias of degradation (the terminus that is disordered/easier to
unwind is preferred by the proteasome to initiate degradation)
(Berko et al., 2012). For three such cases, where the two
termini are located at two distinct structured domains, we
make two crucial observations. (1) Proteasome prefers unwinding maltose-binding protein from the C-terminal domain that has
lower ACO (and requires weaker unwinding force) compared
with that of the N-terminal domain. (2) Proteasome has no directional preference to unwind apo-calmodulin and ovalbumin, and
both of their N- and C-terminal domains exhibit nearly identical
ACO (Figure 1E). These three sets of analyses provide a statistical proof-of-concept that ACO acts as a molecular marker of
protein’s mechanical resistance, in a manner that higher ACO
dictates higher mechanical resistance (for further discussion
see Data S5).
During an experiment on titin degradation, Kenniston et al.
(2003) observed that folded molecules are degraded much
slower (150 molecules/min) than the unfolded ones (600 molecules/min). They concluded that proteasomal degradation being
a stochastic process, each substrate has a fixed probability of
denaturation during each enzymatic cycle. For substrates with
stronger mechanical resistance (such as folded titin, compared
with unfolded ones), this probability would be lower, and denaturing most of the molecules in the population would require
many ATP cycles (Kenniston et al., 2003). Since higher ACO

prompts higher mechanical resistance, if two proteins are
subjected to proteasomal degradation for the same time span,
a larger fraction of undegraded molecules is expected for the
one with higher ACO. This notion is supported by an experiment
subjecting dihydrofolate reductase (from Escherichia coli
and mouse) and RNase barnase to proteasomal degradation
(Lee et al., 2001). After 200 min of incubation, their percent of
undegraded molecules exhibit 0.98 Pearson correlation with
their ACO (Figure 1F; see Data S5 for further discussion). These
results encourage us to ask whether and how protein topology
influences their half-life in the cell.
We start with 52 X-ray crystallographic structures (%3 
A
resolution) of annotated yeast monomers (sequence coverage
monoj100%
sc = 100%) and obtain a surprising rACO;T1=2 = 0:72 (p < 1017)
correlation between ACO and logT1/2 (Figure 2A). It is remarkable
how ACO captures nearly 50% variations of half-life for these
proteins, despite their wide variations of size, composition, and
function. For the 158 oligomeric protein structures as well,
collected under the same criterion, we find a statistically
oligoj100%
significant, albeit much weaker correlation (rACO;T1=2 = 0:29a,
3
p < 10 , Figure 2B). This suggests that, apart from ACO,
oligomeric protein half-life is regulated by some additional
factor(s). If we include 30 monomeric and 71 oligomeric protein
structures with missing coordinates (signify flexible/disordered
regions, sc R 75%), still significant correlations are obtained
monojR75%
oligojR75%
= 0:70, p < 1011; rACO;T1=2 = 0:24, p < 0.01, Fig(rACO;T1=2
ures 2C and 2D).
Even after including all the %3 
A resolution structures with
sc R 75%, we have only 311 proteins, which although depicting
alljR75%
a significant correlation (rACO;T1=2 = 0:36, p < 1013), are
inadequate to infer a proteome-wide tendency (T1/2 known for
3,274 proteins). Hence, we extend our dataset by including
additional 799 modeled structures (sc R 75%) with reliable
fold assignment (STAR Methods). For this set of 1,110 crystallographic and modeled structures (Data S2), we obtain a striking
rACO;T1=2 = 0:37 correlation (p < 1037) between logT1/2 and
ACO, demonstrating a proteome-wide tendency of protein
topology regulating their half-life (Figure 2E).
Notably, the statistical relationship between ACO and protein
mono
= 0:74,
half-life is much stronger for monomers (rACO;T
1=2
homo
p < 1018), compared with both homo- (rACO;T
= 0:26,
1=2
13
hetero
=
0:34,
p
<
10
),
for any
p < 0.01) and heteromers (rACO;T
1=2
sc R 75%. This weak correlation probably refers to at least
two factors. (1) Oligomeric proteins are known to degrade slowly
in the complexed state (Swanson et al., 1998; Xu et al., 2016;
Kang et al., 2010). This effect of being shielded from the
degradation machinery upon oligomerization is known as the
cooperative stability (Buchler et al., 2005). Because of this effect,
oligomerization tendency may act as an additional regulator of
oligomeric protein half-life, apart from ACO. For example, protein b-casein hinders degradation initiation from its disordered
C-terminus by homodimerization, forcing the proteasome to
initiate degradation exclusively from the globular N-terminus
(Berko et al., 2012). (2) Proteins associated with larger complexes (multiple subunits) generally experience higher structural
rearrangements upon binding (Marsh and Teichmann, 2014). So,
the ACO values estimated from complexed state crystal structures are different from that at monomeric state, causing weaker
correlations in oligomeric proteins. This notion is supported by
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Figure 2. Native Topology Captures Half-Life Variations of Globular Proteins on a Genomic Scale
(A and B) For monomeric (A) and oligomeric (B) proteins with crystal structures covering entire protein lengths, logarithms of half-life values are plotted against
their ACO. Solid lines signify linear regression.
(C and D) For monomeric (C) and oligomeric (D) proteins with crystal structures covering R75% of protein lengths, logarithms of half-life values are plotted against
their ACO (see Data S5).
(E) For crystal and modeled structures of 1,110 yeast proteins (see Data S2), their logarithmic half-lives are plotted against their ACO, followed by a linear
regression analysis. Here, the 95% prediction bands (dotted blue lines) of the linear regression (solid red line) are also shown.

the gradual reduction of rACO;T1=2 for larger homo- and heteromeric complexes (Data S5). In summary, these results show
that native topology acts as a master regulator of monomeric,
globular protein half-life, while oligomeric protein half-life is influenced by their sequestration into multiple complexes as well.
Sequestration into Multimeric Complexes Is Associated
with Longer Protein Half-Life
To assess the impact of sequestration into multimeric complexes on oligomeric protein half-life, first, we develop a proteome-scale database of yeast macromolecular complexes. Starting from earlier published databases (Gavin et al., 2006; Orchard
et al., 2013), we continue a protein-by-protein manual curation of
available experimental data (STAR Methods), yielding a massive
database of 805 heteromeric and 80 homomeric yeast complexes (Data S3), including 2,487 yeast proteins. Complex subunits are grouped into two classes, central (functional subunits
of a matured complex, if different isoforms of the complex exist
[Gavin et al., 2006; Orchard et al., 2013], they are present in
most) and attached (temporary attached particles such as
assembly cofactors, chaperones, and subunits present in
some of the isoforms).
First, we test whether sequestration into multicomponent complexes has any measurable impact on protein half-life, apart from
that of their ACO. At similar ranges of ACO, oligomers exhibit
significantly longer half-lives than monomers (Figures 3A and
S2), demonstrating oligomerization into multimeric complexes
is another master regulator of protein half-life across the genome.
How does cooperative stability upon oligomerization relate to
complex size and involvement of proteins in different complexes? Complex size has no detectable influence on half-lives
of the constituent subunits (Kruskal-Wallis [KW] test p > 0.05,
872 Structure 26, 869–878, June 5, 2018

which extends the Mann-Whitney U test [MWU] to R2 groups).
Rather proteins that associate with a higher number of complexes exhibit longer half-lives (KW p < 1012, Figure 3B), and
these proteins are generally present at higher concentrations
within the cell (KW p < 107, Figure S3). In other words, higher
cooperative stability can be achieved by sequestrating into multiple complexes. Surprisingly, this tendency is much stronger
when we consider association with complexes as central
particles only (KW p < 1053, Figure 3C), but is nearly absent
when we consider association as attached particles only (KW
p > 0.05). This result suggests higher cooperative stability of
central particles compared with attached particles.
We perform three additional analyses to confirm this notion.
First, we compare half-life distributions of monomeric, central,
and attached proteins, and observe significant differences in a
mono
attach
central
<T1=2
<T1=2
at similar ranges of ACO (Figures
manner T1=2
3D and S2). Second, we classify 2,487 oligomeric yeast proteins
into three groups: proteins that participate in R1 complexes as
central particles only (g1), those that contribute to R1 complexes as central and to R1 complexes as attached particles
(g2), and those that participate in R1 complexes as attached
particles only (g3). Half-life distributions differ significantly
g1
g2
g3
>T1=2
>T1=2
(KW
across these three groups in a manner T1=2
p < 1040, Figure 3E). Third, we compare half-life distributions
across g1, g2, and g3 for association with the identical number
of complexes and observe significant differences in a manner
g1
g2
g3
>T1=2
>T1=2
in each case (Figure S3).
T1=2
These results depict two proteome-wide tendencies:
(1) sequestration into multimeric complexes is another master
regulator of protein half-life across the genome; and (2) central
particles accomplish higher cooperative stability than attached
particles upon oligomerization.

Figure 3. Sequestration into Multimeric Complexes Is a Master Regulator of Oligomeric Protein Half-Life
(A) At similar ranges of ACO, half-life distributions of mono- and oligomeric proteins are compared using pairwise Mann-Whitney U tests (see Data S2).
The p values of significance are given in the figure.
(B) Half-life distributions of oligomeric proteins associated with a given number of complexes (see Data S3) are plotted and compared using pairwise
Mann-Whitney U tests. The p value matrix is shown in the figure (see Figure S3).
(C) Half-life distributions of oligomeric proteins associated with a given number of complexes as central particles only are plotted and compared using pairwise
Mann-Whitney U tests. The p value matrix is shown in the figure.
(D) At similar ranges of ACO, half-life distributions of monomeric, central, and attached proteins are compared using Kruskal-Wallis tests; p values of significance
are given in the figure (see Figure S2).
(E) Half-life distributions of g1, g2, and g3 groups (the ‘‘n’’ represents number of proteins in each group) are compared by pairwise Mann-Whitney U tests.
(F and G) Comparing the lengths of (F) N-terminal and (G) internal intrinsically disordered regions of proteins across g1, g2, and g3 groups using permutation
Kruskal-Wallis test. The length cutoffs for terminal and internal disordered regions for direct proteasomal engagement are 30 and 40 residues (see Figure S4).
(H) Comparing the percent of internal disordered region burial proteins across g1, g2, and g3 groups using permutation Kruskal-Wallis test.

Longer Half-Lives of Central Subunits Refer to the Burial
of Their Ubiquitinoylation Sites and Short IDRs
How do central particles achieve longer half-lives than attached
particles upon oligomerization? We first observe that ACO
distributions do not differ significantly across g1, g2, and g3
(KW p = 0.09, Figure S4). Presence of sufficiently long terminal
(30 residues) and internal (40 residues) IDRs is known to
shorten protein half-life (van der Lee et al., 2014). Interestingly,
a comparison of IDR lengths across g1, g2, and g3 reveals
three key aspects. (1) Lengths of both terminal and internal
IDRs (LIDR) differ significantly across the three groups in a
g2
g3
3
manner Lg1
IDR <LIDR <LIDR (KW p < 10 ). (2) Central and attached
proteins exhibit terminal IDRs shorter and longer, respectively,
than the 30 residues cutoff (van der Lee et al., 2014). (3) Both
central and attached proteins exhibit >40 residues long internal
disordered regions (Figures 3F and 3G).
Oligomerization into multimeric complexes can elongate
protein half-life by burying the ubiquitinoylation sites (essential
for specific proteasome recognition) and disordered segments
(required for proteasomal engagement; van der Lee et al.,
2014). Next, we investigate whether upon complex formation
burial of ubiquitinoylation sites and that of IDRs differ across
g1, g2, and g3. We predict the potential ubiquitinoylation sites

using protein sequence data (STAR Methods) and find that,
upon complex formation, the percentage of buried ubiquitinoylation sites (BUBQ) across the three groups follows the trend
g2
g3
Bg1
UBQ >BUBQ >BUBQ (KW p < 0.01, Figure S4). Interestingly, upon
complex formation, percent burial of internal IDRs across the
g2
g3
three groups also follows the same trend Bg1
IDR >BIDR >BIDR (KW
p < 0.01, Figure S4). When we plot the distributions of
B = (BUBQ + BIDR)/2 across g1, g2, and g3, we find a statistical
tendency Bg1 > Bg2 > Bg3 (KW p < 103, Figure 3H), significantly
stronger than those obtained for BUBQ and BIDR individually.
These results suggest that longer half-lives of central subunits
refer to (1) their shorter terminal disordered regions and (2) burial
of their potential ubiquitinoylation sites and internal disordered
regions upon complex formation, compared with those of the
attached particles. These attributes make central subunits
more likely candidates of escaping proteasomal engagement
at complexed state compared with attached particles. Association with multiple complexes as central particles likely elevates
this probability of escaping, explaining why promiscuous
oligomerization leads to longer half-lives of central subunits.
Sequestration into multimeric complexes is, thus, a generic but
versatile biophysical constraint regulating protein half-life across
the genome.
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Figure 4. Assembly Hierarchy and Subunit Buried Surface Area as Regulators of Protein Half-Life
(A) The computational pipeline to investigate whether and how assembly pathways of macromolecular complexes influence half-lives of different subunits binding
in different temporal order (see Data S4).
(B) Buried surface area (BSA) and percent of accessible surface area buried (%ASAb) of homomeric and heterodimeric complex subunits are correlated with
subunit half-lives (see Figure S5). Solid lines signify linear regressions in each case. From left: the logarithms of half-lives of homodimers are plotted against
subunit BSA, the logarithms of half-lives of homodimers are plotted against subunit %ASAb, the logarithms of half-lives of heterodimers are plotted against
subunit BSA, and the logarithms of half-lives of heterodimers are plotted against subunit %ASAb.

Complex Self-Assemblies Involve Subunits with Shorter
Half-Lives Binding Late in the Temporal Order
Earlier genome-scale studies on protein turnover reported
coordinated, homogeneous half-lives of most of the multimeric
complex subunits, while deviations are almost always observed
(Martin-Perez and Villén, 2017). However, the molecular basis of
this deviation is not clearly understood.
The constituent subunits of macromolecular complexes follow
evolutionarily conserved self-assembly pathways to organize
themselves into complex functional machines (Marsh et al.,
2013; Levy et al., 2008; Mallik and Kundu, 2017). Temporal order
of subunit binding dictates that proteins binding early in the assembly order would remain in the oligomeric state longer than
those that bind late. Depending on the size of the complex, availability of subunits and cofactors, and efficiency of structural rearrangements to escape kinetic traps, self-assembly processes
can continue from microseconds to several minutes (Gilson
et al., 2016; Mulder et al., 2010). This suggests that, at least for
large complexes, the temporal delay of subunit association
can be long enough for proteasomal degradation rates to matter,
resulting in shorter subunit half-lives downward in the assembly
hierarchy. To test this, by an extensive literature search, we
collected the assembly hierarchy of 31 yeast complexes (Data
S4) indispensable to core cellular processes such as replication,
transcription, translation, cell cycle, and transport. For distinct
stages of subunit binding, we averaged the half-lives of respective subunits to estimate Spearman rank correlation (rc) with the
temporal order. Consistent with our hypothesis, for 15 complexes with R3 stages of subunit binding (including ribosome,
kinetochore, DNA, and RNA polymerases) we find rc = 1
(p < 0.05, Figure 4A). For 16 additional complexes with only
two stages of subunit binding (including nucleosome, DNA repair
874 Structure 26, 869–878, June 5, 2018

complex, and mRNA decapping complex) half-life distributions
also follow a similar trend. The 20S core particle of the proteasome is the only exception, and being the exception probably refers to significantly lower (MWU p < 0.05) ACO of a-subunits
(21.8) that assemble prior to b-subunits (26.2).
Oligomerization with the Burial of Higher Proportion of
Surface Area Leads to Longer Protein Half-Life
The observation that being in the oligomeric state for longer timescale ensures longer lifetime further suggests that proteins
sequestrating into dimers are expected to have longer half-life if
they dissociate very slowly. However, the number of dimeric proteins with experimentally determined T1/2 as well as Kd values is
too small for yeast (or for any specific organism) to directly test
this hypothesis (Figure S5). However, earlier studies on nonredundant heteromeric complexes depicted positive and negative correlations of the buried surface area (BSA) with the association (Kastritis et al., 2011) and dissociation (Chen et al., 2013)
rates. In these studies, a 500 to 3,500 
A2 increment of BSA
caused 1010-fold elevation of the dissociation constant, which
is expected to elevate the mean lifetime of a complex from milliseconds to hours (Corzo, 2006). In other words, binding with
higher BSA generally leads to slower complex dissociation, which
may elongate the mean lifetime of the complex, and, in turn,
cause longer subunit half-life. A positive correlation between
BSA and T1/2 for homo- (rBSA;logT1=2 = 0:26, p < 0.01) and heterodimer (rBSA;logT1=2 = 0:42, p < 103) crystal structures (STAR
Methods) supports this hypothesis (Figure 4B). The relationship
between BSA and T1/2 applies to multi-subunit homomers as
well, but is limited only to heterodimers, probably because the
temporal order of homomer dissociation largely follows the
decreasing order of BSA (Levy et al., 2008), which is not

Figure 5. Altered Topology and Oligomerization into Non-identical Sets of Complexes Are Exploited to Alter Protein Half-Lives in the Course
of Evolution
(A and B) Linear regressions (A) between ACO and relative protein degradation rate of human and (B) between ACO and logarithmic half-life of mouse
non-redundant (90% identity cutoff) monomeric, globular proteins with crystal structures having no missing coordinates. The r-value of linear regression and
the p value of statistical significance are given in the figures. Note that for mouse, half-life data is in hours, whereas yeast half-life data is in minutes. For humans,
relative degradation rate data is available. Proteins having shorter half-lives exhibit higher relative degradation rates.
(C) Relative degradation rate distributions of human oligomeric proteins associated with a given number of complexes are plotted and compared using KruskalWallis test.
(D) Half-life distributions of mouse oligomeric proteins associated with a given number of complexes are plotted and compared using the Kruskal-Wallis test. For
both human and mouse, the distributions are significantly different (see Data S5).
(E) Distributions of half-life differences in pairs of yeast paralogs, classified into two groups: similar and divergent (see Results). The ‘‘n’’ represents number of
proteins in each group.
(F) For two paralogs having absolute contact orders ACO1 and ACO2 and for their association with s1 and s2 number of complexes, we compute two parameters
DACOn and Dsn shown in the figure.
(G and H) DACOn (G) and Dsn (H) distributions of divergent and similar paralogs are compared using pairwise Mann-Whitney U test, p values of significance are
given in the respective panels.

necessarily true for heteromeric complexes (Mallik and
Kundu, 2017). Use of percent accessible surface area buried
(%ASAb = BSA 3 100/ASA) instead of BSA, elevates this
homo
= 0:54 (p < 106) for homo- and
correlation to r%ASAb;logT
1=2
4
hetero
r%ASAb;logT
=
0:51
(p
<
10
)
for heterodimers (Figure 4B). Further
1=2
analysis shows that these correlations emerge mainly for subunits
that remain ordered in the monomeric state (Data S5).
Topology and Oligomerization Also Influence Protein
Turnover in Mouse and Human
We investigate the influence of topology and oligomerization on
€usser et al., 2011),
protein half-life in mouse fibroblast (Schwanha
and on relative protein degradation rates (slower degradation
means longer half-life) in human leukemia cells (Kristensen
et al., 2013), to assess the universality of these two factors. We
make two major observations. First, for non-redundant (90%
identity cutoff) monomeric, globular proteins of human and
mouse, we find that ACO (1) negatively correlates with relative
degradation rates in the former (Figure 5A) and (2) positively correlates with half-lives in the latter (Figure 5B). Second, we collect

compositional information of human (Drew et al., 2017) and
mouse (Orchard et al., 2013) macromolecular complexes to
assess the impact of protein oligomerization into multimeric
complexes. Results depict slower degradation rates (Figure 5C)
and longer half-lives (Figure 5D) of human and mouse proteins,
respectively, that sequestrate into multiple complexes. These
results collectively suggest the universality of the influence of topology and oligomerization on protein lifetime.
Differential Half-Lives of Paralogous Proteins Refer to
Their Altered Topology and Sequestration into Nonidentical Sets of Complexes
Our results suggest that natural variations of topology and
sequestration into non-identical sets of complexes may alter
protein half-life during evolution. We explore this hypothesis for
yeast paralogous protein pairs (van der Lee et al., 2014) that
arose from gene duplication and are evolving under similar conditions. Gene duplication often gives rise to protein products
featuring altered lengths and structural geometries that lead to
functional diversity in terms of novel molecular interactions
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(Hughes, 2005; Wagner, 1998). Earlier, computing T1/2 differences (DT1/2) of paralogous pairs, van der Lee et al. (2014)
showed significantly different distributions of DT1/2 by classifying
the paralogous pairs into two classes: similar (both exhibit
LIDR < 30 or LIDR > 30 residues) and divergent (LIDR > 30 for
one protein and LIDR < 30 for another). We first regenerate this
result for proteins with known crystal structures or oligomerization information (Figure 5E). Next, for each paralogous pair, we
estimate DACOn and Dsn (STAR Methods), which represent the
normalized differences of ACO of the two proteins and that of
the number of complexes the two proteins associate with,
respectively (Figure 5F). As observed for DT1/2, significantly
different distributions of DACOn (MWU p < 109, Figure 5G)
and of Dsn are obtained between similar and divergent paralogs
(MWU p < 109, Figure 5H). This means that much of the half-life
variations between paralogous proteins—that van der Lee et al.
(2014) proposed were being caused by only IDR length
variations—include the effects of the altered topology of the
duplicated proteins and their sequestration into non-identical
sets of complexes as well (Data S5).
DISCUSSION
How do the intrinsic structural features affect the lifetime of a
protein? Our work extends the realm of this question by distinguishing topology of eukaryotic proteins and their potential to
oligomerize into multicomponent complexes as two master regulators of protein half-life in the cell, apart from previously known
ubiquitinoylation sites (Komander et al., 2009) and the presence
of IDRs amenable to proteasomal engagement (van der Lee
et al., 2014). It is remarkable how simple geometrical considerations of monomeric proteins and oligomerization information
of oligomeric proteins explain much of the differences in protein
half-life over entire genomes, which include nearly a 1,000-fold
variation of half-lives, and an enormous diversity of sequence,
structure, and function of the proteins compared.
The native topology of globular proteins plays a crucial role in
determining their folding kinetics (Ivankov et al., 2003). The
same factor acts as a molecular marker of their mechanical
resistance and thereby captures half-life variations on a genome
scale. Protein’s mechanical stability emerges from how the
terminal—which is being pulled—is globally and cooperatively
stabilized across the structure (Brockwell et al., 2005). This global
cooperativity is reflected in ACO, which represents to what extent
long-range contacts stabilize the protein structure (Ivankov et al.,
2003). Further, there is an indication that ACO can capture the
directional preference of proteasomal degradation, albeit tested
on a small dataset (Figure 1E). The overall degree of disorder
also contributes to a general trend in lowering half-life, probably
because higher disorder reflects lower mechanical resistance.
However, a partial correlation analysis, aiming to estimate the independent effects of ACO and overall degree of disorder on halflife (and on Fm) reveals that only ACO has a significant impact
(Data S5). The probable reason is that proteasomal engagement
depends on the presence of a few disordered segments of sufficient length, not on the overall disorderness (van der Lee et al.,
2014). This scenario becomes clearer when we observe that natural variations of terminal disorder length and topology independently modify paralog half-life after gene duplication (Data S5).
876 Structure 26, 869–878, June 5, 2018

For oligomeric proteins, sequestration into multimeric complexes itself warrants escaping proteasomal degradation to
some extent (Swanson et al., 1998; Xu et al., 2016; Kang et al.,
2010), resulting in a weaker relationship (compared with that
for monomers) between half-life and topology. This correlation
is even weaker for proteins that remain disordered in the monomeric state (Data S5). The role of oligomerization to hinder degradation in the complexed state was extrapolated multiple times in
the past (Swanson et al., 1998; Xu et al., 2016; Kang et al., 2010),
but this notion receives its first genome-scale assessment (and
further exploration) only in this study. We show that the impact
of oligomerization (to achieve higher cooperative stability) is
generic but versatile. The generic nature likely refers to the fact
that sequestration into complexes buries the potential ubiquitinoylation sites and disordered segments required for proteasomal engagement, making oligomers more likely candidates of
escaping proteasomal degradation compared with monomers
(van der Lee et al., 2014). The versatility is probably achieved
by varying the temporal window of proteins being in the oligomeric state. This is attained by at least four mechanisms. (1)
Sequestration into multiple complexes elevates the probability
of being in oligomeric state and ensures longer half-life. (2)
Pervasive (central particles) association with complexes leads
to longer half-life than temporary association (attached particles). (3) Hierarchical self-assembly pathways involve proteins
with shorter half-life binding late in the temporal order. (4) Larger
surface area burial upon binding ensures slower subunit dissociation and in turn longer half-life. These conceptual aspects
explain why individual subunits of macromolecular complexes
often exhibit different turnover rates (Martin-Perez and Villén,
2017). This versatility of cooperative stability is believed to be
essential for the robustness and evolvability of genetic circuits
(Buchler et al., 2005). Our results further suggest that the halflife of a complex should have a strong influence on the half-lives
of its subunits, challenging protein biochemists to assess this
concept to direct experimental testing.
Gene duplication is often associated with loss and emergence
of novel functions (Hughes, 2005; Wagner, 1998) that are recognized as new functional interactions. Participating in new
functional interactions requires harboring genetic variants that
encode proteins with altered disordered region lengths and
fold topology, and thereby altered surface geometry (Sikosek
and Chan, 2014). Altered surface geometry can lead to association with different binding partner(s) that, in turn, would modulate
the cooperative stability of the protein. This suggests a state-ofthe-art evolutionary mechanism of how harboring genetic variations renders novel proteins with characteristic half-lives. Such
evolutionary innovations could manipulate regulatory schemes
in genetic circuits to foster evolvability (Wagner, 2005).
Thus, our findings demonstrate conserved molecular principles
of regulating protein turnover across uni- and multicellular eukaryotic genomes. These conserved molecular principles include
a complex interplay among versatile biophysical constraints
associated with intrinsic disorderness of the proteins, their potential ubiquitinoylation sites, their topology, and oligomerization into
multimeric complexes. It is remarkable that this complex interplay
can be efficiently captured by simple sequence analysis for
ubiquitinoylation sites and disordered regions, geometrical
calculations of topological parameters, and consideration of

oligomerization tendency of biological proteins, irrespective of
the enormous diversity of sequence, structure, and function of
the proteins compared across entire eukaryotic genomes. In
summary, our findings suggest that precise control of protein
turnover is imprinted in the designing principles of cellular proteins and their complexes. These findings further present a promising avenue to deepen our understanding of other cellular mechanisms associated with controlled protein degradation, such as
circadian rhythm, viral infection pathways, and antigen presentation. Host-pathogen protein-protein interactions may be a
molecular mechanism for viral proteins to escape degradation,
whereas, by manipulating the topology, biotechnologists may
synthesize antibodies with desired half-lives.
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METHODS DETAILS
Protein Half-Life Data
Here we use the filtered in vivo protein half-life data for Saccharomyces cerevisiae, earlier analyzed by (van der Lee et al., 2014). This
dataset includes the half-lives of 3273 yeast proteins, originally measured by Belle et al. (2006). The authors measured protein halflives by first inhibiting protein synthesis in exponentially growing yeast cells with the antibiotic cycloheximide and then monitoring the
abundance of each C-terminally TAP-tagged protein in the yeast genome by quantitative Western blotting at three different time
€usser et al., 2011), derived
points. In addition, we collect in vivo protein half-life data of NIH3T3 mouse fibroblast cells (Schwanha
from the ratio between the heavy and light peptides, measured using mass spectrometry at different time points after the transfer
of cells from light to heavy medium. Relative protein degradation rates of human THP-1 myelomonocytic leukemia cells (Kristensen
et al., 2013) are also collected, measured under conditions that stimulate cell proliferation, and determined using a similar SILAC MS
approach as in mouse.
Protein Mechanical Unfolding Data
The mechanical unfolding of globular proteins upon pulling their amino acid chain (similar to that occurs upon proteasome
engagement) has been addressed by Atomic Force Microscopy experiments and by computer simulations. We have collected
the peak unfolding force data for pulling the amino acid chain at a given speed for both AFM and simulations, provided as Data S1.
Protein Structure Data
On 19th April 2017, we download 2853 yeast protein X-ray crystallographic structures from Protein Data Bank (Berman et al., 2006).
This initial dataset is further filtered based on two criteria: (i) the X-ray resolution is % 3.0 
A and (ii) at least 75% of the primary chain is
present in the electron density map, (iii) for multiple structures of the same protein, satisfying both the above criteria, we chose the
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highest-resolution structure. This filtering leaves us with only 267 crystal structures (including 311 proteins) with % 3.0 
A resolution
(Data S2). This dataset is too small, compared to the proteome-level half-life data of 3273 yeast proteins. Hence a reliable proteomewide tendency cannot be expected to be derived by analyzing these 311 proteins only. Therefore, we also download 5847 modeled
yeast protein structures from ModBase (Pieper et al., 2014). ModBase is a database of comparative protein structure models, calculated by a standardized automated comparative protein structure modeling pipeline (Pieper et al., 2014). In this pipeline, a structure
model of the protein of interest in build based on one or more template structures having a certain degree of sequence identity with
the protein of interest. A model is considered to be reliable (have a reliable fold assignment) if it is evaluated within the following
thresholds by at least one of these model evaluation criteria: (i) MPQS (ModPipe Quality Score) R 1.1, (ii) TSVMod NO35
(estimated native overlap at 3.5 Å) R 40%, (iii) GA341 (concerns the correct 3D coordinate assignments of the Ca atoms) R 0.7,
(iv) E-value (significance of the alignment between the target and the template by PSI-BLAST (Altschul et al., 1997)) < 0.0001, and
(v) zDOPE < 0 (for understanding the theoretical development of these parameters, please refer to Pieper et al., 2014). We include
a model structure in our structure dataset based on the following criteria: (i) the modeled region covers R 75% of the protein
length, (ii) MPQS (ModPipe Quality Score) R 1.1, (iii) TSVMod NO35 (estimated native overlap at 3.5 Å) R 40%, (iv) GA341 R 0.9,
(v) PSI-BLAST E-value between model and template structures is < 108, and (vi) zDOPE < 0. Under these constraints, we are left
with reliable model structures of 799 proteins (Data S2).
Protein Intrinsic Disorder Data
We use the intrinsic disorder data of 3273 yeast proteins (those with available half-life data), earlier predicted by van der Lee
et al. (2014).
Absolute Contact Order Estimation (ACO)
The absolute contact order (ACO) of a protein structure is defined as the average amino acid separation of 3D contacts (Ivankov
et al., 2003):
ACO =



1X
Dði; jÞsi  sj 
nc i>j

where nc is the total number of residue-residue contacts, si and sj are the sequence positions of residues i and j, and D (i, j) is the
selection criteria that includes i and j into analysis only if they are in contact and if ji  jjR4. This ji  jjR4 criterion ensures that
contacts included in ACO estimation reflect 3D topology of the proteins, rather than secondary structures. We define a residue
contact between a pair of residues when the distance between any two atoms from the residue pair is less than the sum of their
van der Waals radii plus 0.5 Å cut-off distance (Venkatakrishnan et al., 2016). We compute the ACO by properly taking into account
the sequence separation, which in the PDB file is given by the record SEQRES where disordered segments are present, and not by
the record ATOM where disordered segments are absent. The ACO values of the crystallographic/modeled protein structures are
provided in Data S2.
Predicting Ubiquitinoylation Sites
Potential ubiquitinoylation sites are predicted from protein sequence data, using the UbPred package developed by Radivojac et al.
(2010). The overall accuracy of UbPred is 72%, with the area under the ROC curve at 80%. Only the inferences with R95% prediction
specificity are considered.
Accessible and Buried Surface Area Calculation
The Surface Racer program (Tsodikov et al., 2002) is used to calculate the solvent accessible and buried surface areas of the proteins, with probe radius taken to be 1.4 Å, which resembles the radius of one water molecule. We calculate the solvent accessible
surface area (ASA) of the two interacting partners separately (in their complexed conformation) and in the associated state. If the
ASA of the two partners are A1 and A2 and of their associated structure is A3, then buried surface area (BSA) is defined as
(A1+A2A3)/2.
Individual residues are considered buried if >1 Å2 of their ASA (measured after separating the two interacting partners) is buried
(in the complex structure) (Mallik and Kundu, 2015). Percent burial of ubiquitinoylation sites (and of disordered regions, used in Figure 3H) are estimated by computing the percent of predicted ubiquitinoylation sites (and that of predicted disordered residues, van
der Lee et al., 2014) that have lost >1 Å2 ASA upon complex formation.
Proteome-wide Screening for Macromolecular Complexes
For a proteome-wide screening of yeast macromolecular complexes, we begin with downloading the previously published dataset of
491 yeast complexes by Gavin et al. (2006) and 412 complexes included in the Complex Portal of the IntAct Molecular Interaction
Database (Orchard et al., 2013). The database presented by Gavin et al. (2006) was the first proteome-wide screening for
macromolecular machines in yeast, using tandem-affinity-purification method coupled to mass spectrometry (TAP–MS) to all 6,466
ORFs of Saccharomyces cerevisiae. Entries in Complex Portal are based on manual curation of widespread experimental data
depicting direct physical association between complex subunits, such as affinity chromatography, chromatin immunoprecipitation,
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coimmunoprecipitation, two hybrid fragment pooling, tandem affinity purification, electron microscopy and x-ray crystallography. We
(i) carefully compare the entries in these two databases, (ii) further curate the information therein (regarding the existence of the complex and its subunit composition) based on extensive protein-by-protein literature search of published experimental data and (iii) add
new complexes in the set (along with subunit composition information) accordingly. We particularly look for reports concerning
(i) different isoforms of a given complex and (ii) its temporary attached particles, such as chaperons and assembly co-factors.
Homology-based predicted complexes are disregarded and only experimentally verified complexes are considered. We finally identify
80 homomeric and 805 heteromeric complexes. Data S3 includes the association information of different proteins with different
macromolecular complexes along with literature reference.
Using this data, first for any given complex, we classify the subunits into two groups: (i) functional subunits present in the
matured complex (if different isoforms exist they are present in most of the isoforms) are called central, the remaining (ii) temporary
attached proteins such as assembly cofactors, chaperones and subunits present only in some of the isoforms of a complex are called
attached particles.
In addition to subunit composition, we further look for literature evidence concerning self-assembly of macromolecular complexes.
By an extensive literature search, we collect the assembly hierarchy of 31 yeast complexes (Data S4) indispensable to central cellular
processes such as replication, transcription, translation, cell cycle, and transport.
Mouse macromolecular complex data is collected from publicly available Complex Portal (Orchard et al., 2013) and are used
without any further curation. Human macromolecular complex data is collected from a published database (Drew et al., 2017) created
by the integration of over 9,000 mass spectrometry experiments and are also used without any further curation.
Yeast Paralogue Data
Yeast paralog pairs are obtained from the work of van der Lee et al. (2014); authors generated the paralogue set by an all-against-all
sequence comparison using BLASTClust (Altschul et al., 1997). They added more divergent paralogs from the yeast whole-genome
duplication event (Wolfe and Shields, 1997). For two paralogs P1 and P2, having ACO values ACO1 and ACO2, intrinsically
1
2
and T1=2
respectively, we compute the normalized differences of these
disordered region lengths IDR1 and IDR2, and half-lives T1=2
parameters as following.
DIDRn = ðIDR1  IDR2Þ=ðIDR1 + IDR2Þ

DACOn = ðACO1  ACO2Þ=ðACO1 + ACO2Þ;
.


n
1
2
1
2
T1=2
= T1=2
 T1=2
+ T1=2
DT1=2
If P1 and P2 sequestrate into s1 and s2 number of complexes respectively, we estimate
Dsn = ðs1  s2Þ=ðs1 + s2Þ:
If P1 is any j-th subunit of any i-th complex. We compute a parameter
XX
StðP1Þ =
stij :
i

j

This parameter is the sum of the number of unique subunits of all the complexes to which P1 sequestrates. We compute a similar
parameter St(P2) for P2 and finally compute
DSt = ðStðP1Þ  StðP2ÞÞ=ðStðP1Þ + StðP2ÞÞ:
QUANTIFICATION AND STATISTICAL ANALYSIS
All the statistical analyses mentioned in the main text are performed using in-house Python and R scripts.
DATA AND SOFTWARE AVAILABILITY
Potential ubiquitinoylation sites are predicted from protein sequence data, using the UbPred package (http://www.ubpred.org/index.
html). Surface Racer program (https://sbgrid.org/software/titles/surface-racer) is used to estimate the accessible surface areas of
proteins. Absolute contact order is computed using an in-house Python script, which is available upon request. Visualization and
image preparation are performed with OriginPro, PyMol, and Adobe Photoshop. All the datasets used in this work are provided
as supplemental data files (Data S1, S2, S3, S4, and S5).
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