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Abstract
Missense mutations at protein–protein interaction sites, called interfaces, are important contributors to human
disease. Interfaces are non-uniform surface areas characterized by two main regions, “core” and “rim”, which
differ in terms of evolutionary conservation and physicochemical properties. Moreover, within interfaces, only
a small subset of residues (“hot spots”) is crucial for the binding free energy of the protein–protein complex.
We performed a large-scale structural analysis of human single amino acid variations (SAVs) and
demonstrated that disease-causing mutations are preferentially located within the interface core, as opposed
to the rim (p b 0.01). In contrast, the interface rim is significantly enriched in polymorphisms, similar to the
remaining non-interacting surface. Energetic hot spots tend to be enriched in disease-causing mutations
compared to non-hot spots (p = 0.05), regardless of their occurrence in core or rim residues. For individual amino
acids, the frequency of substitution into a polymorphism or disease-causing mutation differed to other amino acids
and was related to its structural location, as was the type of physicochemical change introduced by the SAV.
In conclusion, this study demonstrated the different distribution and properties of disease-causing SAVs and
polymorphisms within different structural regions and in relation to the energetic contribution of amino acid in
protein–protein interfaces, thus highlighting the importance of a structural system biology approach for predicting
the effect of SAVs.
© 2015 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

Introduction
With more than a million individual-specific DNA
variations identified in the human genome, deriving
insights from the large quantity of data generated by
genome-wide association studies, individual whole
genome sequencing and, in the near future, the
100,000 genomes project are a major challenge.
Protein–protein interactions (PPIs) are central in
all biological processes and understanding how
PPIs contribute to human disease is essential. As
proteins do not function in isolation but interact in
complex biological networks, single amino acid
variations (SAVs) occurring at protein interfaces
can profoundly disrupt not just a single protein but an
entire biological pathway. Protein–protein recogni-

tion and interaction occurs in specific areas of the
protein surface, known as protein interfaces. We
previously showed that protein interfaces are
enriched in disease-causing missense mutations
compared to other protein surface regions [1], a
finding that was confirmed by others [2,3]. The
important contribution of amino acid changes occurring at protein interfaces to human disease has
recently been corroborated by studies showing that
mutations causing cancer occur at protein interaction sites more often than they occur on the rest of
the protein surface [4]. Mutations can disrupt a
protein interface by modifying its physicochemical,
structural and energetic characteristics [3,5–7]. Teng
et al. recently studied a large set of protein
complexes and showed that disease-causing

0022-2836/© 2015 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
J Mol Biol (2015) 427, 2886–2898

2887

Missense Mutations and Protein–Protein Interfaces

mutations occurring at protein interfaces tend to alter
the free binding energy of the complex, compared to
harmless SAVs [8].
A protein interface is a complex, non-uniform area
located on the protein surface. PPI occurs through
interactions between residues on two opposite
interfaces [9,10]. Although a protein interface can
occupy a large area, only a small subset of its
residues plays a crucial role in the binding free
energy of the complex. These few key residues are
known as energetic “hot spots” [11–13] and are
typically identified in vitro and in silico as those
residues that cause a ≥ 2 kcal/mol reduction in
binding free energy when mutated to alanine [12].
The characteristics of hot spots have been
extensively studied. It has been shown that they
are enriched in arginine, tryptophan and tyrosine and
they overlap to a large extent with interface “core”
residues [14]. Interface core residues become
solvent inaccessible upon PPI, as opposed to
interface “rim” residues that remain partially solvent
accessible [15,16]. The interface core and rim differ
not only in their energetic contribution to the complex
stability but also in terms of their physicochemical
and evolutionary characteristics. Interface core
residues tend to be evolutionarily more conserved
and their side chains often display less mobility upon
binding, compared to rim residues [17,18]. A more
complex partition of the interface proposed by Levy
identifies a third region called support, which amino
acid composition resembles that of the protein buried
(interior) region [19].
Despite the clear distinctive functional importance
of core and rim residues, as well as that of energetic
hot spots versus less energetically important resi-

dues, the individual contribution of core and hot spot
residues to human disease remains largely unexplored. One could expect to see rare disease-causing
mutations and common polymorphisms differentially
distributed between interface residues. Moreover,
disease-causing mutations are expected to have a
greater impact on protein structure, function and
protein complex thermodynamics when occurring in
core residues or in energetic hot spots.
In this study, we performed a systematic analysis
of the distribution and properties of naturally occurring polymorphisms and disease-causing SAVs
within interface core and rim residues and compared
these findings to those obtained from SAVs localized
on the remaining protein structure. Moreover, we
analyzed the effect of polymorphisms and diseasecausing SAVs on the complex binding free energy.

Results
SAVs are differentially distributed according to
their location within the interface
A total of 3282 disease-causing SAVs and 1699
polymorphisms occurring in 705 proteins were
analyzed. A total of 62.6% of all SAVs (disease
and polymorphisms) occurred in solvent-accessible residues, which comprise interacting (interface)
and non-interacting (surface) amino acids. Within
disease-causing SAVs, 54.5% (1788 SAVs) occurred
in solvent-accessible residues, of which 466 were
located on the protein interface (215 in the core and
251 in the rim) and 1322 were located on the remaining

Interface
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Fig. 1. Schematic diagram of core and rim interface regions. Highlighted is a cross-sectional view of a protein–protein
interface. Interacting proteins are presented in light and dark gray, respectively. The interface core is presented in orange
and the rim is presented in blue.
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protein surface. Disease-causing SAVs were 35%
more likely to occur at interfaces compared to
non-interacting surfaces (OR 1.35, 95% CI 1.22–
1.51, p b 0.0001) but were 39% less likely to occur in
interface than in buried residues (OR 0.61, 95% CI
0.55–0.67, p b 0.0001), in keeping with earlier work by
David et al. [1]. To provide a structural relationship
between protein interface anatomy and human
genetic variations, we divided the interface in core
and rim (Fig. 1). Disease-causing SAVs were 49%
more likely to occur in the interface core rather than the
rim and were 72% more likely to occur in the interface
core than in the non-interacting protein surface
(Table 1), thus clearly demonstrating a different
contribution of core and rim regions to human disease.
Moreover, disease-causing SAVs were not preferentially located at the interface rim rather than the
remaining non-interacting surface.
When polymorphism location was analyzed,
78.7% of polymorphisms resided within surfaceaccessible residues (241 in interface residues and
1096 in surface non-interface residues). Polymorphisms were less likely to be located in the interface
core compared to the rim (p b 0.003) or the rest of
the non-interacting surface (p b 0.0002). No difference was detected in the frequency of polymorphisms between the interface rim and the rest of the
non-interacting surface (p = 0.65).
The results of our previous study [1] suggested
that the interacting and non-interacting surface had
similar enrichment in polymorphisms, which appeared to be in contrast to the interface enrichment
in disease-causing SAVs. Dividing the interface in
core and rim demonstrated that the enrichment in
polymorphisms is in the rim and not in the core. The
interface rim and the non-interacting surface are

characterized by lower evolutionary conservation
[17] and more side-chain flexibility [18] compared to
the interface core and the protein buried regions,
thus explaining why the interface rim and the
non-interacting surface have a greater ability to
accommodate amino acid changes.
In silico prediction of disease-causing SAVs and
polymorphisms varies across different protein
regions
Residue conservation and the physicochemical
characteristics of disease-causing SAVs and polymorphisms occurring in different protein regions
were analyzed using BLOSUM62 and Grantham
matrices and SIFT (Sorting Tolerant From Intolerant).
BLOSUM62 and Grantham matrices score substitutions are based on multiple sequence alignment and
physicochemical changes from the wild type, respectively. Both methods showed that the majority of
disease-causing SAV scores were compatible with a
deleterious effect. Moreover, when the effect of
disease-causing SAV was analyzed, both matrices
showed that the number of SAV identified as deleterious was significantly greater for disease-causing SAV
located on the non-interacting surface compared to
SAVs located in any other protein region (Bonferronicorrected p value of b 0.05, χ 2 test; Fig. 2). Surface
residues are less evolutionarily conserved and not
under the constraint of tight interior packing and
restricted conformational space, as in the case of
buried residues, and can, therefore, accommodate
larger physicochemical changes compared to buried
and interface core residues. In contrast, buried and
interface residues have highly specialized roles and
subtle changes in size or physicochemical properties

Table 1. Odds ratio for disease-causing SAVs and polymorphisms according to protein structure location.
Disease-causing
SAVs

Total
residues

Observed

Expected

O/E

Buried
Core
Rim
Surface
Total

72467
13486
23478
141704
251135

1494
215
251
1322
3282

947.05
176.24
306.83
1851.88

1.58
1.22
0.82
0.71

Polymorphisms

Total
residues

Observed

Expected

O/E

Buried
Core
Rim
Surface
Total

72467
13486
23478
141704
251135

362
66
175
1096
1699

490.26
91.24
158.84
958.67

0.74
0.72
1.10
1.14

OR
Buried versus Surface
Core versus Buried
Core versus Rim
Core versus Surface
Rim versus Surface
Rim versus Buried

2.24
0.77
1.49
1.72
1.15
0.51
OR

Buried versus Surface
Core versus Buried
Core versus Rim
Core versus Surface
Rim versus Surface
Rim versus Buried

0.64
0.98
0.65
0.63
0.96
1.50

95% C.I.
2.08
0.67
1.24
1.50
1.00
1.45

– 2.40
– 0.89
– 1.80
– 1.99
– 1.31
– 0.59

95% C.I.
0.58
0.75
0.87
0.49
0.82
1.25

– 0.73
– 1.27
– 0.49
– 0.81
– 1.13
– 1.79

p-Value

Adjusted
p value

b0.00001
0.0004
b0.00001
b0.00001
0.047
b0.00001

b 0.00001
0.002
b 0.00001
b 0.00001
0.28
b 0.00001

p-Value

Adjusted
p value

b0.00001
0.88
0.003
0.0002
0.65
0.016

b 0.00001
0.018
0.001
0.096

Core, interface core; rim, interface rim; O/E, observed/expected; OR, odds ratio; 95%CI, 95% confidence intervals; p-value, uncorrected
p-value; adjusted p-value, Bonferroni adjusted p-values. Surface, non-interacting protein surface.
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Fig. 2. Distribution of the percentages of BLOSUM62, Grantham and SIFT scores for 3282 disease-causing SAVs and
1699 polymorphisms according to their location in different protein regions. Substitutions were characterized as
“damaging” according to the following parameters: Grantham score N 60, BLOSUM62 score b 0 and SIFT score ≤ 0.10.
*, Bonferroni-corrected p value of b 0.05 ; **, Bonferroni-corrected p value of b 0.01.

may be sufficient to alter protein stability and function.
Thus, a more substantial change in the properties of a
residue at the non-interacting surface will generally be
required to cause an alteration of protein biological
activities. When BLOSUM62 and Grantham matrices
were used to analyze polymorphisms, the majority of
SAVs had scores suggestive of a “tolerant” nature. No
significant difference in score distribution was observed
across the four protein regions when BLOSUM62 and
Grantham scores indicative of radical changes were
used (a score less than or equal to −2 for BLOSUM62
and greater than 100 for Grantham).
When disease-causing SAVs were analyzed
using SIFT, the number of SAVs identified as
deleterious was significantly greater for diseasecausing SAVs located in the buried region compared to disease-causing SAVs in other regions,
whereas the number of deleterious SAV identified
as tolerant was significantly greater for diseasecausing SAVs located in non-interacting surface
compared to disease-causing SAVs in the other
regions (Bonferroni-corrected p b 0.01, χ 2 test;
Fig. 2). The distribution of SIFT scores for
polymorphisms was similar, with a significantly
greater number of disease-causing SAVs predicted

as damaging when located in buried residues
compared to surface and interface rim residues
(Bonferroni-corrected p b 0.01, χ 2 test; Fig. 2).
SIFT, similarly to other heavily used prediction
programs, scores substitution using positionspecific information obtained from the alignment
of homologous proteins, as functionally and structurally important amino acids are under evolutionary constraint, especially within a single protein
family. The less evolutionarily conserved nature of
residues in interface rim and non-interacting
surface compared to residues in buried and
interface core regions may explain why deleterious
substitutions in these regions were less likely to be
correctly predicted by programs such as SIFT,
which rely heavily on sequence conservation
among homologues.
Amino acid mutability varies across different
protein regions
Available prediction methods have been shown to
have different sensitivities in predicting the deleterious effect of substitutions at individual amino acid
levels [20]. Arginine and glycine are the most
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Fig. 3. Amino acid susceptibility to disease-causing SAVs or polymorphisms according to structural location. The percentages of disease-causing SAVs (striped
boxes) and polymorphisms (uniform dark-gray boxes) harbored by each amino acid across the entire protein (“All”) and within the four structural regions of the protein,
that is, buried (Buried), interface core (Core), interface rim (Rim) and non-interacting surface (Surface), are shown.
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important contributors to disease [21–24]. Nevertheless, arginine and glycine are not among the top
three amino acids for which widely used prediction
servers exhibit the highest prediction sensitivity [20].
We determined whether the structural localization of
amino acid could add information in terms of
predicting the effect of SAVs.
Disease-causing SAV and polymorphism frequencies for each of the 20 amino acids were analyzed
according to their location in the whole protein
sequence and in the four structural regions (Fig. 3).
Although individual amino acid susceptibility to
harbor a deleterious SAV or a polymorphism varied
across different protein regions, Arg, Gly and Trp
harbored more disease-causing SAVs than polymorphisms, whereas the opposite was true for Val
and Ile, Glu, Lys and Thr (Supplementary Tables 1
and 2).
In our dataset, Arg and Gly contributed 29% of all
disease-causing mutations and 20% of all polymorphisms, which is in accordance with previous finding
[25]. Mutations in codons encoding Arg result in
substitution of Arg with amino acids with very
different chemical characteristics. A recent study
by Petukh et al. looking at the most frequent
disease-causing mutations showed that a substantial proportion involved a change from Arg to Cys,
Pro or Trp [21]. Among the most frequent harmful
amino acid substitutions were also changes from Gly
to Arg, Asp, Glu and Val [25]. Glycine is the smallest
of the 20 amino acids and its substitution with any
other residue is likely to have a major impact on
protein structure. Trp has an important, quite
specialized structural and functional role, such as
stacking interactions, and its replacement is poorly
tolerated. Moreover, because of its large size,
substitutions of Trp are likely to generate large
cavities in protein structure, which can compromise
protein stability, as well as affect PPIs.
Since arginine is an important contributor to
human disease [23], we explored the effect of
arginine substitutions in the four different protein
regions. As expected, arginine was the most
mutable amino acid (4.1% of all arginines in the
dataset harbored a disease-causing SAV and 1.8%

harbored a polymorphism) and the main contributor
to disease-causing SAVs (529 disease-causing
SAVs were arginine substitutions, 16.1% of all
disease-causing SAVs). Nevertheless, when structural regions were analyzed separately, arginine
substitutions were the main contributors to disease
in all but the buried region. Glycine substitutions
were the main contributors to disease in the buried
region, which can be explained as this region is
under spatial constrain and substitution of glycine is
likely to result in steric clashes. This is particularly
true when considering that the most harmful glycine
changes include substitutions with large amino
acids, such as Arg, Asp and Glu [25].
When we examined the percentage of substitutions relative to each individual amino acid across
the different regions (Supplementary Table 1), a
disease-causing SAV was harbored by 11.1% of
buried and by 7.2% of interface core arginine
residues. These frequencies were well above the
median across all amino acids for each region
(buried amino acids, median of 2.38 and range of
11.1–1.0; interface core amino acids, median of 1.7
and range of 7.2–0.5) and vastly higher than what was
observed for arginine harboring disease-causing
SAVs located in interface rim and non-interacting
surface residues (2.8% and 3.5%, respectively).
Moreover, the disease-causing versus polymorphism
ratio was 8.1, 11.7, 1.9 and 1.76 for arginine
substitutions occurring in buried, interface core,
interface rim and non-interacting surface, respectively, thus reflecting the important structural and functional role of arginine in interface core and buried
regions, compared to the remaining protein structure.
Arginine structural role in proteins includes formation
of salt bridges and hydrogen bonds, alteration of
which has been shown to occur more in harmful than
harmless amino acid changes [3,25].
SAV characteristics vary across different
protein regions
We next evaluated the physicochemical changes
introduced by SAVs in terms of hydrophobicity, loss
of charge or polarity and charge change (Fig. 4).

Table 2. Disease-causing SAVs distribution according to energy contribution of interface residues ΔΔGWT
Total residues

Observed

Expected

O/E

p Value

ΔΔGWT ≥ 1 kcal/mol
ΔΔGWT b 1 kcal/mol
Total

366
29,704
30,070

171
11,569
11,740

142.89
11,597.11

1.20
1.00

0.002

ΔΔGWT ≥ 2 kcal/mol
ΔΔGWT b 2 kcal/mol
Total

366
29,704
30,070

72
4627
4699

58.40
4739.60

1.23
0.98

0.0508

Residues with predicted ΔΔGWT ≥ 2 kcal/mol (calculated with alanine scanning mutagenesis, using FoldX) were considered energetic hot
spots.
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Disease-causing SAVs resulted in a major change in
69.0% of all cases, which, unsurprisingly, was a
significantly higher proportion (p b 0.01) compared
to polymorphisms (major change observed in 62.1%
of cases). This was in agreement with a recent study,
which showed that the less harmful amino acid
changes are those that introduce minimal changes in
the physicochemical characteristics of the residue
[25]. Moreover, we found that the distribution of
physicochemical changes was significantly different
between disease-causing SAVs and polymorphisms, overall (p b 0.01) and according to specific
protein region (p b 0.01). Overall, significantly more
disease-causing SAVs resulted in a loss of hydrophobicity (p = 0.045) and significantly fewer diseasecausing SAVs resulted in a change in charge,
compared to polymorphisms (p b 0.01).
Data were subsequently analyzed in relation to the
location of SAVs on the protein. A significant
difference in the distribution of change types across
the four protein regions was present (p b 0.01),
reflecting the different structural and functional role
of amino acids in individual regions. SAVs causing
hydrophobicity loss were more likely to occur in buried
residues (462 out of 807) than in other regions of the
protein (p b 0.01), which reflects the importance of
hydrophobicity in driving correct protein folding. Loss
of hydrophobicity in buried amino acids is a wellknown cause of protein misfolding and early degradation [26]. SAVs causing loss of charge or a change
in charge (from positive to negative or vice versa) were
more likely to occur in the non-interacting surface and
interface rim, whereas SAVs causing loss of polarity
were more frequent in the interface core compared to
the remaining regions. Electrostatic interactions are
the driving force of PPIs and introduction of mutations
altering the side-chain polarity and charge can
profoundly affect complex stability.
We did not examine the distribution of SAVs in
relation to their location in secondary structure
elements (SSE). Nevertheless, a recent study that
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Fig. 4. Distribution of
t h e p h y s i c o c h e m i c al
changes introduced by
SAVs. Changes were evaluated in terms of hydrophobicity, charge or
polarity loss and charge
change across the different
protein regions and overall
(All). Data were analyzed
for disease-causing SAVs
and polymorphisms. D,
disease-causing SAVs; P,
polymorphisms. Surface,
non-interacting surface.

correlated the degree of harmfulness of naturally
occurring amino changes to their location according to
SSE showed that neutral and deleterious SAVs were
equally distributed among SSE. The authors concluded that SSE location was not useful for the prediction
of the deleterious effect of SAV, whereas the type of
amino change was more informative [25]. This is in
agreement with our results, which underlined the
importance of analyzing the location (e.g., interface
versus non-interacting surface) and type of change
introduced by SAVs (e.g., changes in the amino acid
charge or in the ability to form salt bridges compared to
wild type) when predicting the deleterious effect of
mutations.
Interface hot spots tend to be enriched in
disease-causing SAVs
The energetic contribution to protein complex
stability is not uniform across the interface but is
generally provided by a small subset of energetically
important “hot spot” residues [14,27]. In order to
address whether hot spots are enriched in diseasecausing SAVs, we first predicted the contribution of
interface residues to the binding free energy of
protein–protein complexes. This was achieved by
performing alanine scanning mutagenesis on the
interface residues of 2298 PPIs in our dataset. The
energy distribution across interface residues, class i f i e d a s c o r e a n d r i m , i s p r es e n t e d i n
Supplementary Fig. 1. Interface core residues
contributed significantly more than rim residues to
the binding free energy of the complex, regardless of
the threshold used. In particular, 42.5% of interface
core residues versus 23.2% of interface rim residues
had ΔΔGWT ≥ 1 kcal/mol (p b 0.001, χ 2 test) and
20.3% versus 8.9% had ΔΔGWT ≥ 2 kcal/mol (hot
spot residues, p b 0.001, χ 2 test).
Subsequently, we examined the energetic change
introduced by mutations. Energy data were predicted for 366 disease-causing SAVs and 187
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polymorphisms located at interface core and rim
residues. Disease-causing SAVs occurred preferentially in interface residues with ΔΔGWT ≥ 1 kcal/mol
rather than b 1 kcal/mol (p b 0.002) (Table 2). Within
different energetic classes, SAVs occurred more
often in core rather than rim residues (p b 0.01).
Moreover, a trend was observed (p = 0.0508) for
disease-causing SAVs to occur in hot spots
(ΔΔGWT ≥ 2 kcal/mol), regardless of their localization in core or rim residues (Table 2). Although our
results did not reach statistical significance, possibly
because of the small number of observations,
interface hot spots appear to be important contributors to human disease. When polymorphisms were
analyzed, no preferential location in interface residues
with ΔΔGWT ≥ 1 kcal/mol rather than b 1 kcal/mol
was found.
Next, we examined the energetic changes introduced by SAVs. Disease-causing SAVs destabilizing
the protein–protein complex (ΔΔGMUT ≥ 2 kcal/mol)
were preferentially located in hot spot residues
(ΔΔGWT ≥ 2 kcal/mol, p b 0.001), whereas diseasecausing SAVs causing a modest or no change in
binding free energy (ΔΔG M U T b 1 kcal/mol,
p b 0.001) were preferentially located in energetically
less important residues, and this was independent
from residue location (interface core versus rim, p =
0.07). Similar results were obtained for polymorphisms. As the presence of structures generated by
homology modeling in our dataset may have biased
the accuracy of energy prediction, the abovementioned analyses were repeated using data available
from experimentally solved human structures only,
confirming our results (Supplementary Tables 3 and 4).
In our dataset, 17 polymorphisms (9 in interface core
and 8 in the rim) were predicted to cause a major
change in binding free energy (ΔΔGMUT ≥ 2 kcal/mol).
Since this was an unexpected finding, the phenotypes
associated with these 17 polymorphisms were analyzed in detail and results are presented in Supplementary Table 5. Twelve of seventeen polymorphisms
were located in energetic hot spots. Minor allele
frequency data were available for seven polymorphisms and were indicative of a rare polymorphism
(minor allele frequency of b 0.05) in three cases.
Phenotypic data were available for 3 of 17 polymorphisms. Two SAVs were reported to be associated
with a reduction in protein function and one SAV had
no effect at protein level. The paucity of experimental
data does not allow us to exclude that the remaining 14
polymorphisms, which are predicted to have an impact
on protein complex stability, may have a subtle effect at
phenotype level, alone or in combination with other
SAVs, such as the case of p.Pro11Leu (dbSNP:
rs34116584) in the serine pyruvate aminotransferase
(SPT; UniProt: P21549). This common polymorphism
is a Pro-to-Leu substitution at the interface rim of the
SPT homodimer. It creates a new mitochondrial
binding site, which is hidden and, thus, inefficient in
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the normally tightly folded homodimer. Nevertheless,
in approximately 5% of cases, the SPT protein can
translocate to the mitochondria [28], thus suggesting
that p.Pro11Leu can have a subtle destabilizing effect
on the homodimer.
We next examined whether the energy contribution of the wild-type residue (ΔΔGWT) may help
predict the nature of the SAV. We found that the
ΔΔGWT was a poor predictor of the nature of SAVs
(polymorphism or disease-causing) and significantly
underperformed compared to SIFT and two prediction servers Polyphen2 [29] and SuSPect [30], as
assessed by ROC analysis (data not shown).
Examples of the biological impact of SAVs
occurring at the interface rim
In our study, 257 (7.7%) disease-causing mutations and 175 (10.3%) polymorphisms occurred in
the interface rim. The following are examples of the
biological impact of SAVs occurring in this structural
location, which is historically considered less important than the interface core.
The deleterious mutation p.Glu63Lys has been
identified in the GTPase HRas protein (UniProt:
P01112) of patients with Costello syndrome (MIM:
218040) [31]. The latter is characterized by several
severe congenital abnormalities, which range from
mental retardation to cardiac malformations.
GTPases of the RAS family are important regulators
of the 1-phosphatidylinositol 4,5-bisphosphate phosphodiesterase epsilon-1 (PLCE1; UniProt: Q9P212).
Activation of the latter triggers an intracellular
cascade, ultimately leading to cell growth and
differentiation. Glutamic acid at position 63 (Glu63)
in the GTPase HRas protein is highly conserved, is
not predicted to be an energetic hot spot and is
located at the interface rim between proteins
GTPase HRas and PLCE1 (Fig. 5a). Glu-to-Lys
substitution is predicted to be damaging by SAV
prediction servers (Polyphen2 score = 0.983, SuSPect score = 98, SIFT score = 0.00). Our structural
analysis reveals that substitution of the negatively
charged Glu with the positively charged Lys is
predicted to abolish the formation of a salt bridge
with Lys located on protein PLCE1, thus potentially
destabilizing the interaction between these two
proteins.
Polymorphism p.Arg115Trp (dbSNP: rs201053197)
occurs in acetyl serotonin O-methyltransferase
(ASMT; UniProt: P46597), an enzyme involved in the
synthesis of melatonin. Amino acid substitutions in this
enzyme are a known risk factor for the development of
autism [32]. Low melatonin levels are reported in
autistic patients and are associated with a reduction in
ASMT activity in patients with ASMT variations [32].
p.Arg115Trp is a rare polymorphism identified in
autistic patients [33]. Arg115 is located at the rim of
the large ASMT homodimerization interface (Fig. 5b).
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(a)

(b)

2.9
Lys

Arg
Glu

Arg

Fig. 5. Interface rim SAVs associated with disease. (a) Mutation p.Glu63Lys. The wild-type glutamic acid 63 located at
the interface rim of the GTPase HRAS protein is presented in blue and the interacting lysine on protein PLCE1 is presented
in magenta (PDB ID: 2c5l). (b) Polymorphism p.Arg115Trp (dbSNP: rs201053197). The water-mediated interaction
between wild-type arginines 115 at the ASMT homodimer interface is shown. Interacting arginines are presented in
magenta and water molecules are presented as blue spheres (PDB ID: 4a6d). The two chains of the interacting proteins
are presented in green and gray in both cases. Distances between atoms of two interacting residues are calculated in
angstroms (Å).

Arg115 is not predicted to be an energetic hot spot
and its substitution to Trp is predicted benign
(Polyphen2 score = 0.235, SuSPect score = 14,
SIFT score = 0.18). Arg115 is not conserved across
homologous proteins. Nevertheless, it is difficult to
assess the contribution of evolutionary conservation
to disease prediction when dealing with disorders
such as autism, for which no animal model exists.
We performed a structural analysis, which showed
that Arg-to-Trp substitution can abolish a watermediated polar interaction between Arg115 on the
two ASMT chains, as well as generate a steric clash,
thus potentially resulting in a less favorable interaction and impaired protein function. This highlights
that a detailed structural analysis can have a central
role in the identification of SAVs that are likely to be
disease-causing variants.

Discussion
Extensive analysis of interface residues in a large
dataset of protein–protein complexes allowed us to
demonstrate that disease-causing SAVs occur
significantly more often in the interface core rather
than in the rim, whereas the opposite is true for
polymorphisms. The interface core is considered to
be instrumental in establishing the affinity and
stability of PPI [17]. Because of their highly
specialized functional and structural role, interface
core residues, similarly to residues in the hydrophobic buried protein region, tend to be evolutionarily
conserved among homologous proteins, and amino
acid substitutions in these regions are less likely to
be tolerated compared to those occurring in the
interface rim and non-interacting surface.

Studies have shown that disease-causing amino
acid changes are found mostly in buried and
interface core residues [1,25]. Although our study
shows that the interface rim and non-interacting
surface regions are not enriched in deleterious
SAVs, their contribution to disease is not to be
underestimated. In our dataset, more than one half
of disease-causing SAVs occurred in these two
regions, in agreement with previous reports [34].
This underlines the importance of correctly predicting deleterious mutations occurring in these protein
areas. The interface rim and non-interacting surface
are generally less conserved from an evolutionary
point of view compared to the remainder of the
protein structure and can generally accommodate
larger substitutions in terms of physicochemical
changes, as shown by our results using BLOSUM62
and Grantham matrices. This can explain the lower
sensitivity of SIFT and other widely used prediction
servers in predicting the deleterious effect of
substitutions occurring in solvent-exposed residues,
compared to buried residues [20,35]. The ability to
computationally discriminate between neutral and
deleterious variants can greatly aid in prioritizing
candidate SAVs for additional studies and can
contribute in improving SAV prediction programs.
Structural data can provide important information
and help establish the phenotypic impact of amino
acid substitutions occurring in solvent-accessible
areas, such as the non-interacting surface and
interface rim.
In our study, arginine substitutions were 16.2% of
all disease-causing mutations, which is similar to
what has been previously reported (19%) [23].
Arginine is the most mutable amino acid [23] and
its substitutions account for a large proportion of the
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most harmful mutations [25]. Our results suggest
that its substitutions are likely to be deleterious and
this was particularly true for arginine residues
located in buried or interface core regions. In these
regions, the disease-to-neutral SAV ratio for arginine
substitutions was 1:8 and 1:5, respectively, whereas
the ratio was less than 2:1 in the non-interacting
surface and interface rim. Arginine can form salt
bridges and hydrogen bonds, which play the critical
role of stabilizing monomeric protein structures, as
well as protein–protein complexes [3,36]. Because
of this important structural role, arginine substitutions
in interface core and buried amino acids are hardly
ever tolerated and are likely to have a profound
impact on phenotype, as suggested by a recent
study, which showed that more than 60% of the most
harmful amino acid changes (the majority of which
were arginine substitutions) disrupted hydrogen
bonds formed by the wild-type amino acids [25].
It has been suggested that protein–protein interfaces
should, generally, be energetically optimized to favor
complex formation [37] and the negative effect of
interface SAVs on the binding energy of protein
complexes has been demonstrated for mutations
causing diseases, such as glioblastoma [3,4]. A recent
analysis of the effect of a large set of experimentally
generated amino acid changes obtained from Skempi
and ProTherm databases showed that random amino
acid changes can destabilize the binding free energy of
these engineered proteins. Moreover, the energetic
change, although moderate on average, can become
major (≥ 2 kcal/mol) for specific amino acid changes
[25]. The authors showed that, for randomly placed
amino acid changes, the largest energetic change was
produced by hydrophobic-to-charged or hydrophobicto-polar substitutions. Interestingly, our results showed
that hydrophobic substitutions are not predominant in
protein interfaces. This reinforces the concept that the
deleterious effect of an amino acid substitution should
be investigated, taking into account the structural
context in which the mutation occurs, not just the type
of amino acid change introduced.
Energetic hot spots are the major contributors to
the binding free energy of protein complexes. When
we examined their contribution to human disease,
we found that they are enriched in disease-causing
substitutions compared to less energetically important interface residues. Nevertheless, our results did
not reach the threshold of statistical significance,
possibly because of the paucity of data and, thus,
need to be confirmed on a larger set of protein
interfaces.
Early work on five protein complexes reported in
ASEdb suggested that mutations in the interface rim
are silent or moderately affect the binding energy of
the complex (ΔΔG b 2 kcal/mol), whereas mutations
with the most deleterious effect on binding energy
(N 2 kcal/mol) occur mainly in interface core residues
[38]. A recently published study, which was con-

ducted in parallel to ours, analyzed the effect of the
binding and folding energies of a large set of
experimentally generated amino acid changes occurring in interface core, rim and support, as well as
in the buried (interior) and surface protein regions.
The authors showed that the probability of an amino
acid substitution to cause a large change in binding
free energy (Pp index) more than doubles when the
change occurs in a core residue compared to a rim
residue [25]. Our results confirm that the interface
core provides the majority of hot spots and is
enriched in disease-causing SAVs, but they also
suggest that minority of rim residues are important
contributors to the binding free energy of the
complex and substitutions occurring at these positions are not always energetically silent.
One limitation of our study is that we did not
assess whether our findings are influenced by the
transient or permanent nature of the protein complex, as this would require that proteins were
systematically assigned to these two groups, a
task that is not trivial. A second limitation of our
study could be the use of a single program to predict
the energetic effect of SAVs. Although we could
have verified our results by implementing other
energy prediction programs, a recent study showed
that combining results obtained using different
methods does not significantly improve the results
obtained from individual methods [39].
The use of structural data allowed us to perform an
in-depth analysis of the mechanisms by which SAVs
can affect protein function. Such information, which
cannot be derived by current SAV prediction
methods, can help to screen for deleterious SAVs,
especially in the presence of contradictory results
from different prediction programs. Determining the
structure–function relationship of PPIs and the
impact of SAVs occurring at interfaces is crucial to
understand how deleterious mutations and rare
polymorphisms can affect biological pathways and
can provide a better understanding of the genotype–
phenotype relationship.

Materials and Methods
Datasets
Human SAVs data were retrieved from UniProt (humsavar.txt, release 23_10) [40]. Each SAV in humsavar is
classified as “disease” (SAV with known disease association),
“polymorphism” (SAV with no known disease association)
and “unclassified” (SAV with too little information to be
classified). Unclassified SAVs were not included in the
analysis, as their nature remains uncertain.
Human PPI data and protein complexes structural data
were retrieved from Interactome3D [41]. Human protein
interaction data in this database are derived from
experimentally documented human interactions, listed in
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nine major interaction databases. Additional human PPIs
are inferred from experimental data observed in orthologous
proteins. Interactome3D provides structural data for human
PPIs that are derived from the Protein Data Bank (PDB) [42].
In the absence of an experimental structure for the human
complex, structures are derived from homologous complexes [41]. To ensure that all models for complexes were
reliable, we required that the sequence identity between the
homologue in PDB and UniProt was ≥30%. In addition,
SAVs analysis was only performed on proteins for which at
least 80% of the UniProt sequence was covered by the PDB.
Calculation of protein interfaces, relative solventaccessible area and binding free energy
Residues were assigned to interface when the distance
between at least one atom on two different interacting
proteins was within 5 Å. The percentage relative solventaccessible area of each amino acid was calculated by
dividing its total surface area with that in the extended
conformation (ф = Ψ = 180°) of the Gly–X–Gly tripeptide.
Residues were defined as “buried” or “solvent-accessible”
residues according to relative solvent-accessible area,
using a cutoff of 7% [43]. Interface residues were segregated
in core and rim according to their solvent accessibility in the
bound state. Residues were defined as core when they
became buried upon PPI and were defined as rim when they
remained partially exposed [15] (illustrated in Fig. 1).
For each interface residue, the contribution to the binding
free energy of the protein complex was calculated using the
FoldX algorithm [44]. Initially, all PDB files were repaired (as
recommended by the FoldX protocol) using the RepairPDB
built-in function in FoldX, which corrects poor torsion angles
and van der Waals clashes, when present. Thereafter, all
interface residues in each complex were sequentially
mutated to alanine (alanine scanning mutagenesis) and the
energetic contribution of each wild-type residue (ΔΔGWT)
was calculated as the difference between the contribution of
alanine and that of the wild-type residue, expressed in
kilocalories per mole (kcal/mol). The contribution of each
interface residue to the binding free energy of the complex
was classified as follows: (1) minor contribution when
0.5 kcal/mol ≤ ΔΔGWT b 1 kcal/mol; (2) moderate contribution (“warm residues”) when 1 kcal/mol ≤ ΔΔGWT b
2 kcal/mol [45]; and (3) major contribution (energetic hot
spot residue) when ΔΔGWT ≥ 2 kcal/mol [14]. Calculation
of the impact of interface SAVs on the binding free energy
of the complex (ΔΔGMUT) was performed using FoldX.
FoldX has a reported correlation of 0.81 with an SD (FoldX
accuracy) of 0.46 kcal/mol between calculated and
experimental ΔΔG values when calibrated using the
experimentally determined mutational free energy changes of more than 1000 SAVs [44]. FoldX was chosen
among other prediction programs because it is easy to use
and one of the best prediction programs to evaluate the
energetic impact of SAVs [39]. In order to study the effect
of SAVs, all repaired PDB structures were mutated using
the BuildModel function in FoldX. The algorithm was run
several times for each specified mutation using the option
“b numberOfRunsN5” to optimize the minimum energy
conformation of residues with multiple rotamers. The
ΔΔGMUT was calculated as the difference between the
binding free energy of the mutant complex and that of the
wild type.
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Prediction of the effect of SAVs
Three in silico sequence-based methods were applied
for predicting the effect of each SAV on protein structure
and function:
(1) BLOSUM62 matrix [46]: this method calculates the
substitution frequency for all amino acid pairs, based
on multiple sequence alignment. A positive score of
≥0 is indicative of a conservative substitution, whereas
a negative score of less than or equal to −1 indicated a
non-conservative substitution, hence a potentially
deleterious SAV. “Radical” changes were those with
a score of less than or equal to −2.
(2) Grantham matrix [47]: this method classifies amino
acid changes into classes of increasing physicochemical dissimilarity. In particular, it scores an amino acid
substitution based on side-chain atomic composition,
polarity and volume. It measures variations in terms of
difference in side-chain atomic composition, polarity
and volume between two amino acids. Changes were
considered “conservative” for scores 0–60 and
“non-conservative” when more than 60. Radical
changes were considered those with a score of N 100.
(3) SIFT (Sorting Tolerant From Intolerant) [48]: this
method predicts the functional impact of a residue
change based on position-specific information
(position-specific scoring matrices) obtained from
the alignment of homologous proteins. Score
ranges from 0 to 1. Scores were classified as
“intolerant” when ≤ 0.10 and “tolerant” when N 0.10.
Amino acid classification
Amino acids were divided into the following four groups
according to their physicochemical properties: polar (Gln,
Asn, His, Ser, Thr, Tyr, Cys, Met and Trp), hydrophobic (Ala,
Ile, Leu, Phe, Val, Pro and Gly) and charged (Arg, Lys, Asp
and Glu). Residues in the latter group were also divided in
positively (Arg and Lys) and negatively charged (Asp and
Glu). Although other amino acid classifications could have
used (e.g., according to size), this simple classification was
used as it allows classifying all amino acids without resulting
in amino acid overlap between classes.
Statistical analysis
All statistical analyses were performed using the
statistical packages in R version 3.1.1. The likelihood of
a disease-causing or polymorphism SAV residing in a
specific region i rather that region j was expressed in terms
of odds for each region (probability of the SAV residing in
the region divided by the probability that it does not reside
in the region) and comparison between regions made by
means of odds ratia: ORij = (xi/(1 − xi))/(xj/(1 − xj)), where
xi is the probability of observing a SAV in region i.
The chi-square test was used to compare the observed
number of SAVs in each region to the expected if SAVs
were distributed according to the number of residues in the
different regions. A two-tailed p value less than 0.05 was
considered indicative of statistical significance. Bonferroni
correction was used to correct for multiple comparisons.
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Accession numbers
The following are the accession numbers from four
databases: UniProt: P21549, P01112, Q9P212 and
P46597; PDB: 2c5l and 4a6d; MIM: 218040; and dbSNP:
rs34116584 and rs201053197.

Acknowledgements
This work was supported by a Medical Research
Council grant (A.D. MR/K021613/1). We would like
to thank Dr. S. Islam for technical help.

Appendix A. Supplementary data
Supplementary data to this article can be found
online at http://dx.doi.org/10.1016/j.jmb.2015.07.004.
Received 1 May 2015;
Received in revised form 19 June 2015;
Accepted 6 July 2015
Available online 11 July 2015
Keywords:
protein–protein interaction;
core and rim interface;
human disease;
SAVs;
nsSNPs

Abbreviations used:
ASMT, acetyl serotonin O-methyltransferase; PDB,
Protein Data Bank; SPT, serine pyruvate aminotransferase; PLCE1, 1-phosphatidylinositol 4,5-bisphosphate
phosphodiesterase epsilon-1; PPI, protein–protein interaction; SAV, single amino acid variation; SSE, secondary
structure elements.

References
[1] A. David, R. Razali, M.N. Wass, M.J.E. Sternberg, Protein–
protein interaction sites are hot spots for disease-associated
nonsynonymous SNPs, Hum. Mutat. 33 (2012) 359–363.
[2] J. Das, H.R. Lee, A. Sagar, R. Fragoza, J. Liang, X. Wei,
et al., Elucidating common structural features of human
pathogenic variations using large-scale atomic-resolution
protein networks, Hum. Mutat. 35 (2014) 585–593.
[3] T.G. Kucukkal, M. Petukh, L. Li, E. Alexov, Structural and
physico-chemical effects of disease and non-disease nsSNPs
on proteins, Curr. Opin. Struct. Biol. 32C (2015) 18–24.
[4] H. Nishi, M. Tyagi, S. Teng, B.A. Shoemaker, K. Hashimoto, E.
Alexov, et al., Cancer missense mutations alter binding
properties of proteins and their interaction networks, PLoS
One 8 (2013). http://dx.doi.org/10.1371/journal.pone.0066273.

2897
[5] E. Alexov, M. Sternberg, Understanding molecular effects of
naturally occurring genetic differences, J. Mol. Biol. 425
(2013) 3911–3913.
[6] C.M. Yates, M.J.E. Sternberg, The effects of non-synonymous
single nucleotide polymorphisms (nsSNPs) on protein–protein
interactions, J. Mol. Biol. 425 (2013) 3949–3963.
[7] S. Stefl, H. Nishi, M. Petukh, A.R. Panchenko, E. Alexov,
Molecular mechanisms of disease-causing missense mutations, J. Mol. Biol. 425 (2013) 3919–3936.
[8] S. Teng, T. Madej, A. Panchenko, E. Alexov, Modeling effects
of human single nucleotide polymorphisms on protein–protein
interactions, Biophys. J. 96 (2009) 2178–2188.
[9] J. Janin, C. Chothia, The structure of protein–protein
recognition sites, J. Biol. Chem. 265 (1990) 16027–16030.
[10] S. Jones, J.M. Thornton, Principles of protein–protein
interactions, Proc. Natl. Acad. Sci. U. S. A. 93 (1996) 13–20.
[11] T. Clackson, J.A. Wells, A hot spot of binding energy in a
hormone-receptor interface, Science 267 (1995) 383–386.
[12] K.S. Thorn, A.A. Bogan, ASEdb: A database of alanine
mutations and their effects on the free energy of binding in
protein interactions, Bioinforma Oxf. Engl. 17 (2001) 284–285.
[13] O. Keskin, B. Ma, R. Nussinov, Hot regions in protein–protein
interactions: The organization and contribution of structurally
conserved hot spot residues, J. Mol. Biol. 345 (2005) 1281–1294.
[14] A.A. Bogan, K.S. Thorn, Anatomy of hot spots in protein
interfaces, J. Mol. Biol. 280 (1998) 1–9.
[15] P. Chakrabarti, J. Janin, Dissecting protein–protein recognition sites, Proteins 47 (2002) 334–343.
[16] I.S. Moreira, P.A. Fernandes, M.J. Ramos, Hot spots—A
review of the protein–protein interface determinant aminoacid residues, Proteins 68 (2007) 803–812.
[17] M. Guharoy, P. Chakrabarti, Conservation and relative
importance of residues across protein–protein interfaces,
Proc. Natl. Acad. Sci. U. S. A. 102 (2005) 15447–15452.
[18] G.R. Smith, M.J.E. Sternberg, P.A. Bates, The relationship
between the flexibility of proteins and their conformational states
on forming protein–protein complexes with an application to
protein–protein docking, J. Mol. Biol. 347 (2005) 1077–1101.
[19] E.D. Levy, A simple definition of structural regions in proteins
and its use in analyzing interface evolution, J. Mol. Biol. 403
(2010) 660–670.
[20] J. Thusberg, A. Olatubosun, M. Vihinen, Performance of
mutation pathogenicity prediction methods on missense
variants, Hum. Mutat. 32 (2011) 358–368.
[21] D. Vitkup, C. Sander, G.M. Church, The amino-acid
mutational spectrum of human genetic disease, Genome
Biol. 4 (2003) R72.
[22] V. Vacic, P.R.L. Markwick, C.J. Oldfield, X. Zhao, C. Haynes,
V.N. Uversky, et al., Disease-associated mutations disrupt
functionally important regions of intrinsic protein disorder, PLoS
Comput. Biol. 8 (2012). http://dx.doi.org/10.1371/journal.pcbi.
1002709.
[23] T.A.P. De Beer, R.A. Laskowski, S.L. Parks, B. Sipos, N.
Goldman, J.M. Thornton, Amino acid changes in diseaseassociated variants differ radically from variants observed in
the 1000 genomes project dataset, PLoS Comput. Biol. 9
(2013). http://dx.doi.org/10.1371/journal.pcbi.1003382.
[24] O. Espinosa, K. Mitsopoulos, J. Hakas, F. Pearl, M. Zvelebil,
Deriving a mutation index of carcinogenicity using protein
structure and protein interfaces, PLoS One 9 (2014). http://
dx.doi.org/10.1371/journal.pone.0084598.
[25] M. Petukh, T.G. Kucukkal, E. Alexov, On human diseasecausing amino acid variants: Statistical study of sequence
and structural patterns, Hum. Mutat. 36 (2015) 524–534.

2898
[26] W.A. Lim, D.C. Farruggio, R.T. Sauer, Structural and
energetic consequences of disruptive mutations in a protein
core, Biochemistry (Mosc) 31 (1992) 4324–4333.
[27] R. Agius, M. Torchala, I.H. Moal, J. Fernández-Recio, P.A.
Bates, Characterizing changes in the rate of protein–protein
dissociation upon interface mutation using hotspot energy
and organization, PLoS Comput. Biol. 9 (2013). http://dx.doi.
org/10.1371/journal.pcbi.1003216.
[28] P.E. Purdue, Y. Takada, C.J. Danpure, Identification of
mutations associated with peroxisome-to-mitochondrion mistargeting of alanine/glyoxylate aminotransferase in primary
hyperoxaluria type 1, J. Cell Biol. 111 (1990) 2341–2351.
[29] I.A. Adzhubei, S. Schmidt, L. Peshkin, V.E. Ramensky, A.
Gerasimova, P. Bork, et al., A method and server for
predicting damaging missense mutations, Nat. Methods 7
(2010) 248–249.
[30] C.M. Yates, I. Filippis, L.A. Kelley, M.J.E. Sternberg,
SuSPect: Enhanced prediction of single amino acid variant
(SAV) phenotype using network features, J. Mol. Biol. 426
(2014) 2692–2701.
[31] I. Van der Burgt, W. Kupsky, S. Stassou, A. Nadroo, C.
Barroso, A. Diem, et al., Myopathy caused by HRAS germline
mutations: Implications for disturbed myogenic differentiation
in the presence of constitutive HRas activation, J. Med.
Genet. 44 (2007) 459–462.
[32] J. Melke, H. Goubran Botros, P. Chaste, C. Betancur, G.
Nygren, H. Anckarsäter, et al., Abnormal melatonin synthesis
in autism spectrum disorders, Mol. Psychiatry 13 (2008)
90–98.
[33] L. Wang, J. Li, Y. Ruan, T. Lu, C. Liu, M. Jia, et al.,
Sequencing ASMT identifies rare mutations in Chinese Han
patients with autism, PLoS One 8 (2013). http://dx.doi.org/10.
1371/journal.pone.0053727.
[34] S. Gong, T.L. Blundell, Structural and functional restraints on
the occurrence of single amino acid variations in human
proteins, PLoS One 5 (2010). http://dx.doi.org/10.1371/
journal.pone.0009186.
[35] M. Mort, U.S. Evani, V.G. Krishnan, K.K. Kamati, P.H.
Baenziger, A. Bagchi, et al., In silico functional profiling of
human disease-associated and polymorphic amino acid
substitutions, Hum. Mutat. 31 (2010) 335–346.

Missense Mutations and Protein–Protein Interfaces

[36] S. Kumar, R. Nussinov, Salt bridge stability in monomeric
proteins, J. Mol. Biol. 293 (1999) 1241–1255.
[37] K. Brock, K. Talley, K. Coley, P. Kundrotas, E. Alexov,
Optimization of electrostatic interactions in protein–protein
complexes, Biophys. J. 93 (2007) 3340–3352.
[38] J. Janin, Basic Principles of Protein–Protein Interaction, in:
G. Schreiber, R. Nussinov (Eds.), Comput. Protein–Protein
Interact, CRC Press 2009, pp. 1–19.
[39] V. Potapov, M. Cohen, G. Schreiber, Assessing computational methods for predicting protein stability upon mutation:
Good on average but not in the details, Protein Eng. Des. Sel.
PEDS 22 (2009) 553–560.
[40] T.U. Consortium, Activities at the Universal Protein Resource
(UniProt), Nucleic Acids Res. 42 (2014) D191–D198.
[41] R. Mosca, A. Céol, P. Aloy, Interactome3D: Adding structural
details to protein networks, Nat. Methods 10 (2013) 47–53.
[42] H. Berman, K. Henrick, H. Nakamura, J.L. Markley, The
worldwide Protein Data Bank (wwPDB): Ensuring a single,
uniform archive of PDB data, Nucleic Acids Res. 35 (2007)
D301–D303.
[43] C.L. Worth, T.L. Blundell, On the evolutionary conservation of
hydrogen bonds made by buried polar amino acids: The
hidden joists, braces and trusses of protein architecture,
BMC Evol. Biol. 10 (2010) 161.
[44] J. Schymkowitz, J. Borg, F. Stricher, R. Nys, F. Rousseau, L.
Serrano, The FoldX web server: An online force field, Nucleic
Acids Res. 33 (2005) W382–W388.
[45] T. Kortemme, D. Baker, A simple physical model for binding
energy hot spots in protein–protein complexes, Proc. Natl.
Acad. Sci. U. S. A. 99 (2002) 14116–14121.
[46] S. Henikoff, J.G. Henikoff, Amino acid substitution matrices
from protein blocks, Proc. Natl. Acad. Sci. U. S. A. 89 (1992)
10915–10919.
[47] R. Grantham, Amino acid difference formula to help explain
protein evolution, Science 185 (1974) 862–864.
[48] P. Kumar, S. Henikoff, P.C. Ng, Predicting the effects of
coding non-synonymous variants on protein function using
the SIFT algorithm, Nat. Protoc. 4 (2009) 1073–1081.

