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Non-covalent residue side-chain interactions occur in many different
types of proteins and facilitate many biological functions. Are these differ-
ences manifested in the sequence compositions and/or the residue–resi-
due contact preferences of the interfaces? Previous studies analysed
small data sets and gave contradictory answers. Here, we introduced a
new data-mining method that yielded the largest high-resolution data set
of interactions analysed. We introduced an information theory-based anal-
ysis method. On the basis of sequence features, we were able to differen-
tiate six types of protein interfaces, each corresponding to a different
functional or structural association between residues. Particularly, we
found significant differences in amino acid composition and residue–resi-
due preferences between interactions of residues within the same struc-
tural domain and between different domains, between permanent and
transient interfaces, and between interactions associating homo-oligomers
and hetero-oligomers. The differences between the six types were so sub-
stantial that, using amino acid composition alone, we could predict stat-
istically to which of the six types of interfaces a pool of 1000 residues
belongs at 63–100% accuracy. All interfaces differed significantly from
the background of all residues in SWISS-PROT, from the group of surface
residues, and from internal residues that were not involved in non-trivial
interactions. Overall, our results suggest that the interface type could be
predicted from sequence and that interface-type specific mean-field poten-
tials may be adequate for certain applications.
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Introduction

Do different types of interactions use different
biochemical mechanisms?

Non-covalent contacts between residue side-
chains are the basis for protein folding, protein
assembly, and protein–protein interaction. These
contacts occur under many different conditions,
and facilitate a variety of interactions and associ-
ations within and between proteins. For example,
residue–residue contacts determine protein struc-

ture by a myriad of interactions between residue
side-chains. Non-covalent interactions between
side-chains mediate the assembly of folded chains
into multi-chain proteins. In these two instances,
the interactions are permanent, in the sense that
they typically last for the lifetime of a protein.
However, non-covalent residue–residue inter-
actions can be transient, as in receptor–ligand
interaction or in signal transduction. These inter-
actions typically last for only short times. Given
the wide range of interfaces, one may hypothesise
that different types of interactions are facilitated
by different biochemical mechanisms.

Previous studies

Many studies have investigated whether the
characteristics of interfaces differ between e.g.
internal (within the same chain) and external
(between different chains) interactions.5–11
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Although all studies analysed proteins of known
structure, their results were contradictory. Three
theoretical, technical and computational problems
may account for these differences. (1) In order to
draw veritable conclusions from the available
structural data it is necessary to analyse as many
proteins as possible. However, none of the studies
fully exploited the wealth of data available in the
Protein Data Bank (PDB);2,3 most analyses have
been limited to relatively small, hand-selected
data sets. One reason for analysing small data sets
was that there is no simple way to distinguish
automatically between (i) interfaces between two
chains that belong to one multi-chain protein and
(ii) interfaces between two different proteins. (2)
Due to small datasets, most studies could not dis-
tinguish between homo-multimers and hetero-
multimers or between permanent interactions and
transient interactions. Instead, they had to focus
on comparing internal interactions (within one
chain) versus external (between chains) inter-
actions. (3) Most studies have described external
interactions through surface patches. Such surface
patches may not capture all aspects of protein
interactions. For example, slightly buried residues
with long side-chains may be missed, although
they participate in interfaces. Furthermore,
analyses of residue mutations have indicated that
the contribution to the free energy of binding is
not distributed evenly across the interface.12 Some
residues identified as part of a surface patch may
form important contacts, while others may not
form contacts at all. Therefore, the analysis of sur-
face patches may not capture all residue–residue
contacts that underlie the interaction.

Diffe re nt c o nc lus io ns from analys ing
s urfac e patc he s

Comparisons of protein interfaces have yielded
contradictory results. Some studies report that the
amino acid composition of different types of inter-
faces are similar;7,8,13 others report significant
differences.6,10 Most studies are focused on com-
paring internal and external interfaces. A few
studies distinguished external interfaces in more
detail. For instance, Jones & Thornton5 proposed a
distinction between “obligatory” interactions, i.e.
interfaces between chains that are in permanent
contact (e.g. multi-chain proteins), and transient
interactions, i.e. interfaces between separate pro-
teins that interact only transiently to carry out a
particular biological task (e.g. signal transduction
or receptor–ligand binding). Unfortunately, such a
detailed distinction of external interfaces reduced
the available hand-selected data sets even further.
Nevertheless, two groups suggested that the com-
position differs between internal, transient, and
obligatory interfaces.6,10 It may be suggested to sur-
mount the problem of non-representative data sets
by assuming that all homo-oligomers constitute
permanent interactions and all hetero-oligomers
constitute transient interactions. If so, we could

classify the whole PDBautomatically into transient
and permanent oligomers. However, there are
many examples of permanent hetero-oligomers
and transient homo-oligomers. Furthermore, even
if we accept this assumption, the literature still
gives conflicting answers to the question of
whether residue–residue preferences differ
between homo-oligomers and hetero-oligomers.

We developed a simple data-mining method to
analyse and sort structural data in a way that
allows analysis of interfaces in very large data sets
of high-resolution structures. In particular, we
sorted the data into different groups of homo-oli-
gomers versus hetero-oligomers and permanent
interactions versus transient interactions. To our
knowledge, this is the largest non-redundant data
set of residue–residue contacts analysed thus far.
We found significant differences in the sequence
features between the following six types of inter-
faces: (1) intra-domain: interfaceswithin one struc-
tural domain; (2) domain–domain: interfaces
between different domains within one chain; (3)
homo-obligomer: interfaces between permanently
interacting identical chains; (4) homo-complex:
interfaces between transiently interacting identical
protein chains; (5) hetero-obligomer: interfaces
between permanently interacting different protein
chains; (6) hetero-complex: interfaces between
different transiently interacting protein chains.

We introduced the term “obligomer” to denote
interfaces between residues from two chains that
are “obligatory” in the sense introduced by Jones
& Thornton.5 In contrast, we refer to complexes as
interfaces between transiently interacting chains.
In the literature, all interfaces between different
chains (hetero) are often referred to as protein–
protein interactions. Note that, while results from
experiments such as yeast two-hybrid systems14,15

are usually thought to reflect generic protein–pro-
tein interactions, these experimental means may
detect interfaces between identical chains
(homo).1,2

Re s ults and Dis c us s io n

Ac curate automatic d is tinc tio n b e twe e n homo -
inte rfac e s and he te ro -inte rfac e s

Most PDB records that describe the structure of
more than one chain do not specify whether the
different chainsbelong to a single protein (interact-
ing permanently), or to several proteins (interact-
ing transiently). This data-mining problem has
often been quoted as the reason for using small
data sets and/or for the particular way in which
external interfaces were distinguished.5–8,10,11,16–20

Here, we propose an extremely simple solution:
profit from the biological expertise that is at the
heart of the SWISS-PROT database (see Methods).4

This simple procedure reproduced correctly and
automatically the small data sets that were hand-
selected for previous publications;5,6,10 i.e. we

378 Analysing Six Types of Protein–Protein Interfaces



found all the complexes identified in the literature
to be classified as complexes by our simple assign-
ment method. Moreover, the resulting data sets
were more than one order of magnitude larger
than data sets analysed in most previous studies
(Table 1). Thus, we could analyse statistically sig-
nificant setseven for a very fine-grained separation
of six interface types.

One genericproblem of bioinformatics is the lack
of suitable statistical tools. Significance tests such
as x2 are sensitive to sample size.21 Consequently,
applying these tests to very large data sets is
prone to inferential errors, especially when the
number of degrees of freedom is substantially low
compared to the number of data points.21 When
we applied the standard x2 test to our data, we

found that the differences between the amino acid
compositions of the six interfaces were extremely
significant statistically (unpublished results). How-
ever, even when we randomly reshuffled our data
sets, x2 indicated significant differences between
such nonsense splits. Therefore, we introduced a
method that used the Jensen–Shannon information
to explore the self-consistency of the data (find-self
procedure; see Methods). This procedure revealed
that the amino acid compositions differed signifi-
cantly between the six interface types: samples of
1000 residues taken at random from each type of
interface identified their own type correctly in
over 63–100% of the cases (Table 2). Note that this
did not imply that . 63% of the individual inter-
faces were classified correctly, rather that the
pool of contacts from each type of interface was
consistent to a certain extent. Note, furthermore,
that the absolute values of the percentages depend
on the size of the samples drawn at each iteration
(i.e. 1000; see Methods).

Differences in sequence on two levels: amino
acid composition and contact preferences

In general, the concept of difference in
sequence has two aspects: interfaces may differ in
their amino acid composition and/or their
residue–residue contact preferences. For example,
complexes might have fewer negatively
charged residues than obligomers; however,
complexes might incorporate these fewer
negative charges more often into salt-bridges. We
investigated these two aspects (residue compo-
sition and residue–residue contact preferences)
separately.

The six interface types differed significantly in
their amino acid compositions

The find-self procedure unravelled the fact that
there are at least six types of interface that differ
significantly in their amino acid composition

Table 1. Data set statistics

Type of interface Number of contacts

Internal
Intra-domain 3,340,485
Domain–domain 255,144

External
Homo-obligomers 218,104
Homo-complexes 3077
Hetero-obligomers 18,886
Hetero-complexes 166,412

Contacts: residueswere defined as in contact if the separation
between the two closest atomswas#6 Å. We separated the fol-
lowing six types of interfaces (see Methods for details). (1)
Intra-domain: contacts between residues in the same structural
domains (according to the domain definition of PrISM43). (2)
Domain–domain: contacts between residues in different struc-
tural domains in the same chain. (3) Homo-obligomers: contacts
between residues on two different chains that have identical
sequence and are permanent in the sense that we have no evi-
dence for any biological interaction of the monomer. (4) Homo-
complexes: contacts between residues on two different chains
that have identical sequence and are transient in the sense that
another chain of that sequence is observed in the cell as func-
tional monomers. (5) Hetero-obligomers: contacts between two
non-identical chains from the same protein (transient). (6) Het-
ero-complexes: contacts between two non-identical chains from
two different proteins (permanent).

Table 2. Significant difference between amino acid composition of six interface types

Internal External

Intra-domain Domain–domain Homo-obligomer Homo-complex Hetero-obligomer Hetero-complex

Intra-domain 75.9 19.4 0.4 – 4.3 0.2
Domain–domain 18.6 62.7 0.9 – 16.4 1.4
Homo-obligomer 0.9 1.5 78.0 – 2.2 17.4
Homo-complex – – 0.2 99.8 – –
Hetero-obligomer 3.9 17.2 1.9 – 70.8 6.2
Hetero-complex 0.1 1.2 16.3 – 6.3 76.1

Numbers indicate how often (in percentage points) the amino acid compositionsof 1000 residuesdrawn at random from one inter-
face type wasmost similar to a different set of 1000 residuesdrawn randomly from another interface (a dash indicatesa value#0.1).
For example, in 75.9% of the cases, the composition of the 1000 residues from intra-domain contactswere more similar to the compo-
sition of another 1000 residue sample from the samedata set than to 1000 residue samplesfrom any other interface type. All valueson
the diagonal reflect correct identification of the respective class; off-diagonal elements reflect the confusion. For instance, 19.4% of the
misclassified intra-domain contactswere misclassified as domain–domain contacts. The symmetry of the table indicates a high level
of consistency in the stochastic find-self procedure. The maximal standard deviation for each cell in the table was 4.4 percentage
points. Note that the percentages should not be misread to mean retrieval of individual interfaces; rather, they refer to the retrieval
of contacts from pools of 1000 contacts. The absolute numbers of the percentages obviously depend on the size of the randomly
sampled pool (here 1000).
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(Table 2: note that all values on the diagonal are
substantially higher than the off-diagonal counts).
In terms of the most coarse-grained separation,
the sequence compositions differed most strongly
between internal and external interfaces (Table 1S
in Supplementary Material). The least-distinct
types were (a) domain–domain interfaces that
overlapped with intra-domain interfaces and (b)
hetero-obligomers that resembled domain–domain
interfaces remarkably often (off-diagonal elements
in Table 2). The former was not surprising, since
domain–domain interfaces are formed between
residues on the same chain, and thus are likely to
be similar to intra-domain contacts. On the other
hand, we can view domain–domain interfaces as
permanent interactions between independently
folded units. Therefore, we may expect them to be
similar to hetero-obligomers, which by definition,
associate independently folded chains. Transient
interfaces between identical chains (homo-
complexes) constituted the seemingly most distinct
interface type. The fact that our method could
distinguish automatically between the interfaces
of different chains of the same protein (hetero-
obligomers) and different chains of different
proteins (hetero-complexes) indicated strongly
that the success of our data-mining approach in
distinguishing complexes from obligomers was
not restricted to the expert-curated data sets.

All interfaces differed in res idue compos ition
from background and surface

We used the residue compositions of all proteins
in SWISS-PROT as the background to compare the
compositions between the six interface types. We
found that the composition of all interface types

differed substantially from the composition of
SWISS-PROT (Figure 1; Table 2S in Supplementary
Material shows that this difference was highly sig-
nificant). Nonetheless, our results showed why
some studies report a strong correlation between
the propensitiesof residuesin internal and external
interactions.7,8 Most residues show similar trends
in internal contacts and many other types of inter-
faces (Figure 1(b)). Indeed, we observed very
strong correlations (equation (3)) between the
amino acid residue distributions in all interface
types (r .0.8 in all pairwise comparisons) except
for homo-complexes. Furthermore, all interface
types were highly correlated to the distribution of
amino acid residues in SWISS-PROT (r .0.8).
Nevertheless, the find-self procedure indicated
substantial differencesbetween these distributions,
suggesting that the correlation coefficients were
not sensitive enough for this comparison. All inter-
faces differed significantly from exposed residues
(Table 3). Interestingly, about 1.3% of all the
internal residueswere found not to be in any non-
trivial contact by our definition of contact. Most of
these were at the ends of chains. When we added
these “free” residues as a separate class, we found
that they again differed significantly from all other
classes.

S imilarities and differences in and to the
literature for compos ition

Some studies report substantial differences
between internal and external interfaces,22 while
others report a high level of similarity.8 Xu et al.
conclude from the differences they found that
internal contacts are facilitated by other than
external mechanisms.22 The substantial differences

Figure 1. Amino acid composition of six interface types. The propensitiesof all residues found in SWISS-PROTwere
used asbackground. If the frequency of an amino acid is similar to its frequency in SWISS-PROT, the height of the bar
is close to zero. Over-representation results in a positive bar, and under-representation results in a negative bar. The
amino acid residues are identified by their one-letter code, sorted by biophysical features.

380 Analysing Six Types of Protein–Protein Interfaces



we found between internal and external contacts
support this view. Theoretical and experimental
works attempted to identify the residues that play
key roles in each type of interaction. A few groups
found polar and charged residues as well as salt-
bridges to be the major contributors for the for-
mation of interactions.11,17,22 Other studies reported
that salt-bridges are not an important factor in
protein–protein interaction,9 or that interfaces
favour non-polar residues.23 The detailed
separation of six types of interfaces explained
these contradictions: while we identified some
general trends, most of the residuesshowed differ-
ent behaviours in different types of interfaces. In
particular, we found no clear common denomi-
nator for charged residues: lysine was under-
represented in all types of interfaces, while argi-
nine was over-represented. Most large hydro-
phobic residues were favoured in all types of
interactions (in particular, histidine, methionine,
and tyrosine). In contrast, serine, alanine and gly-
cine were under-represented. The other residues
demonstrated different trends in different types of
interfaces, yet, bio-physically similar residues,
such as leucine and isoleucine, or aspartic acid
and glutamic acid, usually showed similar trends,
indicating the reliability of the data. Overall, the
composition of homo-complexes was most excep-
tional in that it frequently differed from the trends
of all other interface types. Jones& Thornton com-
pared the propensities of residues in homo- and
hetero-multimer interfaces.5 They conclude that
hydrophobic residues often are more abundant in
homo-multimers than in hetero-multimers. When
grouping all homo-multimeric and all hetero-
multimeric interfaces, we found a similar trend.
However, when we separated permanent inter-
actions and transient interactions, this distinction
disappeared. Jones et al. reported significant differ-
ences between the compositions of domain–
domain interfaces and of the protein cores.13 Their
conclusion was based on a standard x2 test. To
revisit this point, we checked whether our six data
sets of contacts differed in composition from (a)
SWISS-PROT as a whole (see Table 2S in Sup-
plementary Material), (b) from exposed residues

(Table 3) and (c) from residues that do not form
any contact (see Table 3S in Supplementary
Material). Our results indicated that each of these
biophysical categories is characterised by unique
residue compositions. In particular, we confirmed
the earlier results,5,6 that domain–domain inter-
faces differed from both the background and from
intra-domain interfaces.

Analysing hot-spot residues

Bogan & Thorn reported hot-spots in binding
energy for protein interfaces.12 These spots are
reported to be abundant in tryptophan, tyrosine
and arginine, and depleted of serine, threonine,
leucine and valine. Chakrabarti & Janin take an
approach similar to that of Bogan & Thorn,12 and
differentiate between the core of the interface and
its rim.24 They find tryptophan and tyrosine to be
over-represented in the core, and leucine and
valine to be under-represented. While arginine
appears abundant in the core, its propensity does
not exceed the expected level on protein surfaces.
Overall, our data confirmed these findings. How-
ever, when looking at the different types of inter-
faces, some exceptions were revealed. For
example, tryptophan, which was extremely over-
represented in most interface types, was under-
represented in homo-complexes. Leucine, valine,
and threonine showed different trends in different
types of interfaces. In contrast, leucine, isoleucine
and valine were remarkably similar in their prefer-
ences for all interfaces.

Residue contact preferences
differed statistically

The residue–residue preferences differed
remarkably between the six types of interfaces.
When we repeated the find-self procedure for the
set of preferences, the results were very similar to
those obtained for composition (Table 4). Overall,
the off-diagonal pattern wassimilar to that for resi-
due composition (Table 2). The contact preferences
were slightly more similar between the intra-
domain and the domain–domain interfaces than

Table 3. Significant difference in composition of six interfaces and surface residues

Internal External

Intra-
domain

Domain–
domain

Homo-
obligomer

Homo-
complex

Hetero-
obligomer

Hetero-
complex

Surface
exposed

Intra-domain 75.7 19.6 0.3 4.4
Domain–domain 16.7 64.5 1.6 16.6 0.6
Homo obligomer 0.4 2.1 73.6 3.4 20.5
Homo complex 0.1 99.9
Hetero obligomer 3.2 15.2 3.4 73.1 5.1
Hetero-complex 1.9 17.0 4.5 76.6
Exposed 100.0

Same procedure as for Table 2; however, we included all the exposed residues in our data set as a separate category. Exposure was
defined based on DSSP,44 residueswith a relative solvent accessibility45 $16% were considered to be on the surface. Note: themaximal
standard deviation for each cell was,5 percentage points.
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between domain–domain and hetero-obligomer
interfaces. However, there was still a clear
similarity between the latter two. For residue com-
positions, we noticed a trend to confuse homo-
obligomers with hetero-complexes. For contact
preferences, this trend was intensified: over 15%
of the samples of homo-obligomer contacts were
misidentified as hetero-complexes and vice versa.
Grouping the two internal interface types into
one, and the four external types into another class,
we found that the residue contact preferences
between these two classes differed substantially.

Homo -c omple xe s de p le te d in s alt-b ridge s and
ric h in c o ntac ts b e twe e n ide ntic a l re s idue s

Hydrophobic–hydrophilic interactions domi-
nated intra-domain, domain–domain and hetero-
complex interfaces (Figures 2(A), 3(B) and (F); red
squares indicate highly preferred interactions,
blue squares indicate highly unlikely interactions).
Cysteine bridges were observed more often than
expected for all interface types. Similarly, salt-
bridges were common with the exception of
homo-complexes, for which they were observed
less often than expected. Homo-complexes
exhibited an extreme general preference for inter-
actions between identical amino acid residues.
Furthermore, overall the contact preferences also
stood out most for homo-complexes.

Similaritie s and diffe re nc e s in and to the
lite rature fo r c o ntac t pre fe re nc e s

The assessment of residue–residue preferences
under different circumstances may be crucial for
successful structure prediction, as well as for pro-
tein threading and drug design. Previous attempts
to determine residue–residue preferences have
yielded many scales and matrices.7,8,17,25–27 Most of
these matrices use the same set of preferences for
all the different types of interactions or focus on
internal interfaces. However, recently a few studies
demonstrated the success of including data from
external interactions to compile mean-field poten-
tials for improving docking.28–30 Bahar, Jernigan
and colleaguespresent matricesof contact energies
reflecting the attraction or repulsion between each
residue pair.17 Those matrices are given in RT

units and hence are not fully comparable with our
results, which are based on log odds. Yet, some
interesting similarities and differences are notice-
able. Bahar et al. find a high preference in the pair-
ing between identical amino acid residues. This
observation may appear rather odd, because an
interaction between two identically charged
residues appears to be energetically extremely
unfavourable.31,32 Our results appear to explain
this oddity: homo-obligomers were the only type
of interaction for which we observed strong prefer-
ences for interactionsbetween identical amino acid
residues (Figure 2(C)). This observation might
be explained by the evolutionary advantage of
favouring identical residue pairs in contacts
between identical chains: while the conservation
of non-identical contacts requires two neutral/
beneficial point mutations, identical contacts need
only one (Shoshana Wodak, Brussels, personal
communication). For the other interface types, we
observed strong self-interaction preferences
exclusively for cysteine residues, which are known
to stabilise interactions through forming cysteine-
bridges (Figure 2). Confirming earlier findings, we
found salt-bridges abundant in interfaces.9,11,33

Based on amino acid composition, some studies
hypothesise that hydrophobic interactions are
more frequent in permanent interactions than in
transient interactions.5 This hypothesis is con-
firmed by our residue–residue preference data,
both for homo-obligomers and for hetero-
obligomers.

Can we pre d ic t inte rfac e s from s e que nc e ?

Usually, interfaces have been defined structu-
rally, i.e. according to the topography of the inter-
acting macromolecules (surface patches). Jones &
Thornton attempted to predict external interfaces
from protein structures.13,34 Ultimately, we pursue
a different objective; namely, to predict protein–
protein interactions directly from sequence.
Hence, we had to replace the concept of external
surface patches by that of sequence-consecutive
interface segments (note that the data for the
explicit analysis of segments are not shown). The
similarities of our results to those obtained by
some of the groups that analysed interface patches
may or may not indicate that the two concepts are

Table 4.Significant difference between contact preferencesof six interface types

Internal External

Intra-domain Domain–domain Homo-obligomer Homo-complex Hetero-obligomers Hetero-complex

Intra-domain 63.0 29.5 1.7 – 4.7 1.1
Domain–domain 21.8 61.2 0.9 – 12.6 3.5
Homo obligomer 1.5 1.6 79.6 – 1.9 15.4
Homo complex – – – 100.0 – –
Hetero obligomers 4.2 9.6 0.9 – 81.6 3.7
Hetero-complex 0.6 4.6 15.9 – 6.9 72.0

Same procedure as for Table 2; however, now the randomly chosen sampleswere 1000 contact preferences rather than 1000 amino
acid residues. Note: the maximal standard deviation for each cell was , 5 percentage points.
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not that different, after all. Our direct analysis of
sequence composition revealed significant differ-
encesbetween the typesof interfaces, and between
all interfaces and the background distribution. The
method we used to explore statistical significance
conceptually resembled a prediction method: we
used the sequence-composition entropy of a
pooled sample to “predict” its interface type.

Obviously, the high level of success (between 62%
and 100%) did not imply that we could predict
individual interfaces at this level of precision.
Nevertheless, our data may suggest the feasibility
of such a prediction method. Even if this specu-
lation turns out to be over-optimistic, our results
still may have important impacts for methods that
attempt to infer protein function from protein

Figure 2. Residue–residue preferences. (A) Intra-domain, (B) domain–domain, (C) obligatory homo-oligomers
(homo-obligomers), (D) transient homo-oligomers (homo-complexes), (E) obligatory hetero-oligomers (hetero-obligo-
mers), and (F) transient hetero-oligomers (hetero-complexes). A red square indicates that the interaction occurs more
frequently than expected; a blue square indicates that it occurs less frequently than expected. The amino acid residues
are ordered according to hydrophobicity,42 with isoleucine as the most hydrophobic and arginine as the least
hydrophobic.
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structure and/or attempt to predict aspects of
protein structure and function.

Conclus ions

Our study differed from previous analyses in
four important ways. (1) We data-mined a set of
interfaces from PDB that was, to our knowledge,
far larger than data sets analysed before. (2) This
large data set enabled us to base our analysis on a
more finely grained distinction of interfaces than
explored previously. In particular, we distin-
guished between two types of internal interactions
(intra-domain, domain–domain) and between
four types of external interactions (homo-
obligomers, homo-complexes, hetero-obligomers,
and hetero-complexes). (3) We analysed interface
contacts rather than surface patches. (4) We
established the statistical significance of differences
through a rigorous information theory-derived
procedure. These four novel components together
yielded results that appeared to establish
unambiguously that the six types of interfaces
analysed differed in both their amino acid compo-
sitions and their residue-contact preferences. It
was suggested in the past that there are many
different types of interactions and that each of
them is based on different biophysical mechan-
isms. The results of the find-self procedure may
confirm this intuition. Thus, our data may be con-
sidered a posteriori as expected by many readers.
However, it was encouraging how cleanly our
algorithm distinguishing between multi-chain

proteinsand complexesof different proteinsgener-
ated very consistent results. The success of this
automatic method might eventually become the
aspect of our work that will influence prediction
methods most, as it allows creating large data sets
of high resolution.

Methods

Generation of the data set

Today’s PDB2,3 is biased; and such bias can seriously
impact statistical analyses.35 To reduce the bias, we com-
piled the largest possible non-redundant subset of PDB:
no pair of proteins in that set had more than 25% identity
over 100 aligned residues.36 The non-redundant set
included 1812 high-resolution structures. We excluded
NMR structures, theoretical models, and chains shorter
than 30 residues. Of these proteins, 936 (51%) had resol-
utions below 2 Å, 74 proteins (4%) had resolutions
above 3 Å. Our results did not change qualitatively
when restricting the analysis to structures with higher
resolution. We included all 1812 for the data shown in
order to guarantee better statistics.

Elimination of packing complexes

When parsing PDB files, it is very hard to determine
when a pair of chains ismerely a packing multimer and
when it is genuinely a biologically functional multimer.
The problem is intensified when attempting to auto-
matically parse hundreds of PDB files. Two approaches
are suggested for coping with this problem. One is
based on calculating the reduction of solvent accessi-
bility due to oligomerisation37 and the other is based on
measuring the conservation of contacting residues.38 We
used the PQSserver,37 which applies the first method, to
eliminate PDB files that appear to be packing complexes
rather than biologically functional multimers.

Analys ing interface contacts rather than
interface patches

Typically, internal interfaces are defined in terms of
contacting residues. External interfaces, however, are
most often defined according to geometrically con-
tinuous patches of residues on the surface of a protein
that exclude solvent by binding to another chain. The
difference in definitions hampers the comparison
between these two types of interactions. Furthermore,
patch analysis might include some residues that are not
really involved in the interactions (i.e. do not form inter-
chain residue–residue contacts). They might exclude
residues that play a key role in the interaction. We
replaced the notion of patches by defining the interface
in terms of contacting residues both for internal and for
external interfaces. We defined a residue pair to be in
contact if the distance between the closest of their
respective atoms was #6 Å and their sequence separ-
ation was three or more residues. Note that this particu-
lar definition included contacts between b-sheets, while
it ignored the contacts responsible for sharp b-turns.
Note furthermore that the same residue may participate
in different interfaces. The choice of the distance cut-off
threshold that defines a contact is not straightforward.
Previous studies used distances between 4 Å and
12 Å between two Ca or Cb atoms. However, the

Figure 3. A sketch of the find-self procedure. We
sampled 1000 contacts from one data set (P, here hetero-
complexes) and then another 1000 from each of the six
interface types (Q1–Q6). Then, we measured the diver-
gence between the amino acid composition of P and
each of the samplesQ1–Q6. If the data set from which P
was sampled had a unique and distinguishable compo-
sition, we expect that the sample most similar to P was
Q6. This process was repeated 1000 times for each type
of interface (6000 total).
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variations in the sizes of side-chains might result in an
under-representation of large residues in the data, as
their side-chains themselves can extend several ång-
strøm units. Hence, we defined contacts based on the
distance between the closest pair of atoms of any two
residues. This definition is more permissive than those
used in other studies, thus classifying more residues to
be in contact. However, it is not biased towards amino
acid residues of any size. Thus, rather than biasing the
data towards some residues, our permissive definition
merely introduces “white noise”. Using this definition,
we parsed the set of 1812 PDB files to obtain all the con-
tacting residues. Once we obtained the list of all pairs of
contacting residues in these PDB files, we classified
them into six types using the methodsdescribed below.

Homo-multimers ve rs us hetero-multimers

Using simple sequence comparisonswe differentiated
between homo-multimers and hetero-multimers. Inter-
actions between chains with more than 10% difference
in sequence were defined as hetero-multimers. All other
interactionswere classified ashomo-multimers.

Expert-driven automatic dis tinction between hetero-
obligomers and hetero-complexes

A multimer can be permanent, i.e. all the functions of
each of the chains can be carried out only in this multi-
meric state. Alternatively, it can be transient, i.e. one or
more of the chainscan be functional in different contexts
and only in this particular multimer. Several studies
have hypothesised that these two different typesof inter-
actions are based on different residue–residue contacts.
However, it is hard to determine from the PDB file of a
multimer which is the case. We introduced the following
simple idea to achieve such a distinction automatically.
SWISS-PROT files describe the sequence of a protein as
it was studied in the laboratory. If the protein is studied
in itsmultimeric state, then the sequence of all the chains
will be submitted to SWISS-PROT in a single file. We
hypothesised that experts typically add a new entry to
the database if they study one of the chains by itself.
That is, if there is experimental evidence identifying this
chain as a separate functional protein. If this is true, we
only have to map all chains in our data set to SWISS-
PROT4 and label chains by their respective SWISS-PROT
identifiers. If non-identical chains from one PDB file
appear in the same SWISS-PROT file, this indicates that
there isno known situation in which they function separ-
ately in the cell. Hence, if we found two or more chains
in the same SWISS-PROT file, we assumed that their
association is obligatory (hetero-obligomer), otherwise
we assumed that their association is transient (hetero-
complexes). Following this logic, we divided our date
set of hetero-multimers into two subsets. Contacts
between chains in a PDB file that appear in the same
SWISS-PROT file were classified as permanent inter-
actions, or hetero-obligomers. Contacts between chains
that appear in different SWISS-PROT fileswere classified
as transient interactions, or hetero-complexes.

Database-driven dis tinction between homo-
obligomers and homo-complexes

The same problem of differentiating permanent inter-
actions from transient interactions exists also with
homo-multimers. However, the cross-reference to

SWISS-PROT is not applicable for homo-multimers. To
distinguish between homo-multimers that are obligatory
and those that are transient, we used the DIP database
of interacting proteins.1 We used DIP to detect those
among our homo-multimers that, according to DIP,
appear as functional monomers in the cell. As we
obtained our data from PDB and PQS, we can assume
that all the homo-multimers in our dataset appear in the
cell as functional multimers. Therefore, those among
them that are annotated by DIP to appear also asmono-
mers should be classified as non-obligatory homo-multi-
mers, or homo-complexes. All homomers that were not
annotated as monomers in DIP were then classified as
obligatory homomers, or homo-obligomers. Thus, we
classified all the homo-multimer residue–residue con-
tacts in our datasets to be either homo-complexes or
homo-obligomers.

Establish s tatis tical s ignificance by find-self
procedure based on Jensen–Shannon divergence

Most researchers are aware that standard significance
tests are problematic when the data sets are small.21

Another problem with these tests that is not commonly
noted, is that the application of significance tests to very
large data setswith a few degrees of freedom, like those
analysed here, can lead to severe inferential mistakes
(unpublished results).21 Therefore, we introduced a
simple information theory-based procedure (Figure 3) in
order to answer the question of whether the amino acid
compositions and contact preferences differed signifi-
cantly between the six groups of interfaces. We con-
sidered two groups to differ if we could sort the
interfaces correctly into their respective group using
only its amino acid composition. Conceptually, the
procedure resembles boot-strapping techniques.39

Technically, it measured the Jensen–Shannon (JS)
divergence40 between random samples from each data
set. For a pair of distributions p1 and p2, with prior
probabilities p 1 and p 2, thismeasure is defined as:

JSðp1;p2Þ ¼ Hðp1p1 þ p 2p1Þ2 p1Hðp1Þ2 p2Hðp2Þ ð1Þ

with: p 1 and p 2 $0, and p 1 þ p 2 ¼ 1 and HðpÞ ¼
2SipðxiÞlog2ðxiÞ; where p 1 and p 2 are the weights of the
two probability distributions p1 and p2, respectively, and
H(x) is the Shannon entropy.41

The following procedure measured how often inter-
faces from one group were most similar in their amino
acid composition to interfaces from the same or any
other group.

1. Pick a random sample P with 1000 residues from
one of the six sets of residue–residue contacts.

2. Pick six random samplesQ1–Q6 with 1000 residues
from each of the six sets.

3. Find the set Qp from Q1–Q6 least divergent from
set P by measuring the JS divergence between P
and Q1–Q6.

4. Record the types of interactions from which P and
QP were sampled.

We repeated this procedure 6000 times (1000 for each
of the six types of interactions). If the residue compo-
sition differed significantly between the types, we expect
Qp to be, in most cases, the sample that was sampled
from the same population of P. That is, we expect that
in most cases, P and the sample most similar to P were
sampled from contacts of the same interface type.
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Measuring residue–residue preferences

After we had established that the amino acid compo-
sition differed between the six interface types, we used
the six lists to compute the likelihood of forming contacts
between each pair of amino acid residues. In particular,
we compiled the log odds ratio of the observed fre-
quency of the pair over its expected frequency:

Lxði; jÞ ¼ log2ðPði; jÞ=ðPðiÞPðjÞÞÞ ð2Þ

where the subscript x represents one of the six types of
interfaces (intra-domain, domain–domain, homo-
obligomers, homo-complex, hetero-obligomers and
hetero-complex), i and j are types of amino acid residue,
P(i,j ) is the probability of a contact between amino acids
of type i and j in interfaces of type x, and P(i ) and P( j )
are the probability of occurrence for amino acid residues
i and j, respectively, in the interfaces of type x. Hence, the
denominator describes the probability of a contact
between i and j if the formation of contacts between i
and j were random. On the basis of this equation, we
generated six matrices for the likelihood for all possible
contacts in each interface type.

Standard correlation

We applied the following standard correlation coeffi-
cient to compare our results to the literature:

rxy ¼

X20

i¼1

ðxi 2 kxl Þ £ ðyi 2 kyl Þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
ðxi 2 kxl Þ2 £

P
ðyi 2 kyl Þ2

q ð3Þ

where x and y are two data sets (e.g. internal SWISS-
PROT), xi and yi are the propensities of amino acid i,
and kxl , kyl denote the mean over all 20 amino acids.
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Froschauer, R., Gottsbacher, K. et al. (1990). Identifi-
cation of native protein folds amongst a large
number of incorrect models. The calculation of low
energy conformations from potentials of mean force.
J. Mol. Biol. 216, 167–180.

26. Prlic, A., Domingues, F. S. & Sippl, M. J. (2000).
Structure-derived substitution matrices for align-
ment of distantly related sequences. Protein Eng. 13,
545–550.

27. Sippl, M. J. (1995). Knowledge-based potentials for
proteins. Curr. Opin. Struct. Biol. 5, 229–235.

28. Moont, G., Gabb, H. A. & Sternberg, M. J. (1999). Use
of pair potentials across protein interfaces in screen-
ing predicted docked complexes. Proteins: Struct.
Funct. Genet. 35, 364–373.

29. Aloy, P. & Russell, R. B. (2002). Interrogating protein
interaction networks through structural biology.
Proc. Natl Acad. Sci. USA, 99, 5896–5901.

30. Aloy, P., Querol, E., Aviles, F. X. & Sternberg, M. J.
(2001). Automated structure-based prediction of
functional sites in proteins: applications to assessing
the validity of inheriting protein function from hom-
ology in genome annotation and to protein docking.
J. Mol. Biol. 311, 395–408.

31. Polticelli, F., Ascenzi, P., Bolognesi, M. & Honig, B.
(1999). Structural determinants of trypsin affinity
and specificity for cationic inhibitors. Protein Sci. 8,
2621–2629.

32. Schueler, O. & Margalit, H. (1995). Conservation of
salt bridges in protein families. J. Mol. Biol. 248,
125–135.

33. Honig, B. & Nicholls, A. (1995). Classical electro-
statics in biology and chemistry. Science, 268,
1144–1149.

34. Jones, S. & Thornton, J. M. (1997). Prediction of
protein–protein interaction sites using patch
analysis. J. Mol. Biol. 272, 133–143.

35. Rost, B. (2002). Enzyme function less conserved than
anticipated. J. Mol. Biol. 318, 595–608.

36. Rost, B. (1999). Twilight zone of protein sequence
alignments. Protein Eng. 12, 85–94.

37. Henrick, K. & Thornton, J. M. (1998). PQS: a protein
quaternary structure file server. Trends Biochem. Sci.
23, 358–361.

38. Elcock, A. H. & McCammon, J. A. (2001). Identifi-
cation of protein oligomerization states by analysis
of interface conservation. Proc. Natl Acad. Sci. USA,
98, 2990–2994.

39. Efron, B., Halloran, E. & Holmes, S. (1996). Bootstrap
confidence levels for phylogenetic trees. Proc. Natl
Acad. Sci. USA, 93, 13429–13434.

40. Lin, J. (1991). Divergence measures based on the
Shannon entropy. IEEE Trans. Inform. Theory, 37,
145–151.

41. Shannon, C. E. (1948). A mathematical theory of
communication. Bell System Tech. J. 27, 379–423; see
also pp. 623–656.

42. Kyte, J. & Doolittle, R. F. (1982). A simplemethod for
displaying the hydropathic character of a protein.
J. Mol. Biol. 157, 105–132.

43. Yang, A. S. & Honig, B. (2000). An integrated
approach to the analysis and modeling of protein
sequences and structures. I. Protein structural align-
ment and a quantitative measure for protein
structural distance. J. Mol. Biol. 301, 665–678.

44. Kabsch, W. & Sander, C. (1983). Dictionary of protein
secondary structure: pattern recognition of
hydrogen-bonded and geometrical features.
Biopolymers, 22, 2577–2637.

45. Rost, B. & Sander, C. (1994). Combining evolutionary
information and neural networks to predict protein
secondary structure. Proteins: Struct. Funct. Genet. 19,
55–72.

Edited by J.Thornton

(Received 25 July 2002; received in revised form 22
October 2002; accepted 25 October 2002)

Supplementary Material comprising three Tables
is available

Analysing Six Types of Protein–Protein Interfaces 387


