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Abstract—We consider the problem of prediction of the in-
terfaces of protein-protein interactions, a challenging problem
with important applications in drug discovery and design. The
standard machine learning approach is to attempt to predict the
interface in its entirety. Because of the difficulty of the problem,
we propose to treat the problem as a ranking problem and focus
on getting at least a few correctly predicted interface residues
in the top ranked predictions. Our results demonstrate that a
simple linear model out-performs more complicated models that
try to solve the corresponding classification problem. The source
code is available at https://bitbucket.org/afrasiab/blrm.

Index Terms—Protein-Protein Interface Prediction, Learning
to Rank.

I. INTRODUCTION

Detailed information on protein-protein interactions, and the
interfaces through which they occur, is crucial for understanding
cellular functions at the molecular level. Many experimental
imaging technologies are available that can characterize the
structure of a protein or a protein complex at the atomic
level, including X-ray crystallography and nuclear magnetic
resonance (NMR) spectroscopy. These experimental methods
are time consuming and expensive, and a reliable high-
throughput technology is not available yet [24]. Therefore,
computational methods that can reliably predict protein-protein
interaction interfaces are of great value. In this work, we will
focus on prediction of the interfaces of protein complexes from
their unbound components.

A variety of different methods for this problem have been
proposed [3], [10], [27]. Methods for predicting interfaces
are typically divided into two major categories: docking,
and data-driven methods [27]. Docking methods model the
bio-physics and geometry of the interacting partners at the
atomic level and produce a set of candidate conformations
that minimize an energy function. The interface then can be
extracted from docked conformations. While docking methods
are potentially more powerful in terms of the resolution of
their predictions and non-reliance on any additional data, they
are computationally more demanding, and more importantly,
finding a near-native conformation among the large list of
candidates conformations is not an easy task. For a recent
review of docking methods and tools see [25]. The three
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major categories of data-driven methods are homology- or
template-based methods, co-evolution methods and machine
learning methods. Homology-based methods operate under the
assumption that the interface and other properties of proteins
are conserved among homologous proteins and they use the
experimentally available interface of a given protein’s homologs
to produce a prediction [13], [22], [28], [29]. These methods
provide reliable results when close homologs are available [27].
Co-evolution methods assume that the interface residues co-
evolve, and use large multiple sequence alignments to determine
the interface residues [18]. Machine learning-based methods
usually model the problem as a binary classification problem
where a residue or a pair of residues from different partners
is classified as belonging to the interface or not, based on
a collection of features of the residues. These methods rely
on the available experimentally determined data for training
the models to learn the patterns that characterize interface
residues [1], [2], [6]–[8], [11], [15], [16], [19], [20].

Machine learning methods for interface prediction can be
categorized based on the types of data and features they use for
prediction. Some methods use only sequence-based features
or structural features that are predicted from the sequence [1],
[2], [20] while other methods use both sequence- and structure-
based features [1], [11], [20]. As can be expected, methods
that use both sources of information exhibit better performance.
Common sequence-based features include sequence conserva-
tion, predicted accessible surface area and residue properties
such as hydrophobicity and charge. Common structural features
are accessible surface area, torsion angles, residue depth, the
protrusion index and various shape descriptors (see [3], [27]
for a review of the most commonly used features for this
task). Among machine learning methods, it is important to
distinguish between partner-specific and partner-independent
methods. Partner-independent methods classify residues of a
protein as being part of some interface or not, independent
of the other proteins it interacts with, while partner-specific
methods consider the interacting partners. It has been observed
that partner-specific methods are more accurate [1], [10], [20],
[27]. Machine learning methods also vary in terms of the type
of model used. A variety of methods have been applied to
this problem including neural networks [2], support vector
machines [1], random forests [20], [23], naive Bayes [19], and



graph convolutional neural networks [11]. In this paper, we
present a simple linear model that is designed for ranking the
pairs of residues of a given complex in such a way that it is
very likely to have an interacting pair of residues in the few
top-ranked elements of the list.

Successful prediction of interfaces from structure using
machine learning critically depends on the availability of
sufficient and reliable training data. Although the protein data
bank includes tens of thousands of proteins structures, one
needs the structure of partners in both bound and unbound
conformations for a complex to be used for training of a model.
The Docking Benchmark Dataset (DBD) [26] and ProPairs [14]
are the two major non-redundant benchmark datasets that are
commonly used for training and evaluation. These datasets are
quite small—version 5.0 of DBD contains only 230 complexes.
Because of this shortage of data, virtually all machine learning
methods work at the residue-level where all the pairs of residues
in a complex or individual residues of a single protein can be
considered as positive and negative examples.

In this work, we demonstrate the value of formulating the
interface prediction problem as a ranking problem, showing
that a simple linear model outperforms more complicated non-
linear models in the task of producing a ranking that contains
good predictions near the top of the list.

II. METHODS

We consider interface prediction from the perspective of
learning to rank objects with respect to their relevance to the
given task, a problem which is well-studied in the area of
information retrieval [17]. Our objective is to learn a ranking
of our labeled training examples such that the top predictions
are positive examples. The motivation for formulating interface
prediction this way comes from the extreme imbalance between
the number of interacting versus non-interacting pairs of
residues, which can easily lead to classifiers that appear to
work well, and yet contain very few top-ranking positive
examples. We believe that most users will be interested in
looking primarily at the top predictions of the classifier, so it is
important to make sure that those are good predictions. Nearly
all previous studies that model the problem as a classification
problem, use the area under the receiver operating characteristic
curve (AUC-ROC) as their measure of performance. However,
given the class imbalance for this problem, a method with
a high AUC-ROC score might still have a large number
of false positives in its top-ranking predictions, making the
predictions not useful from the user’s perspective. For example,
the recently published state-of-the-art BIPSPI method [20] has
an AUC-ROC of 0.94 while its AUC-PRC (area under the
precision recall curve) is very small. This issue is especially
important when making partner-specific predictions, where
the degree of imbalance is much more pronounced than in
partner-independent binding site prediction. This is an indicator
that the problem of binding site prediction is far from being
solved. Because of that, we propose to focus on the easier
problem of finding a few pairs of interacting residues rather
than predicting the entire interface. For that reason, we use the

Rank of the First Positive Prediction (RFPP) [1] as the measure
of accuracy. Those few top predictions can also be used as
input to docking tools such as HADDOCK, which accepts a
set of hints for the identity of the residues that participate in
the interaction between the docked structures [9]. This set is
used to prioritize the search space of docking solutions which
increases the chance of finding near-native solutions.

A. Problem Statement

We consider the problem of protein interface prediction at
the residue level. In the partner-specific version of the problem,
each example is a pair of residues with a label that indicates
if the two residues are interacting. For the ith complex in our
dataset, we define Pi as the set of pairs of residues that are
interacting. Each member of the set is a pair (l, r), where
l is a residue from the ligand, and r is a residue from the
receptor. Every pair of residues in complex i that is not known
to interact belongs to Ni. The pair of sets (Pi, Ni) are the
bags of examples associated with complex i. Let m be the
number of bags (complexes) in our labeled dataset, and we
denote the vector representation of a pair of residues indexed
by j as xj . Our objective is to learn a linear ranking function

f(x) = wᵀx, (1)

where x is a vector representing a pair of residues, and w is a
vector of the same dimensionality as x. In this work, we will
search for a function f(x) such that for each i = 1, . . . ,m,
∃p ∈ Pi such that ∀n ∈ Ni we have that f(xp) > f(xn).
This is a weaker constraint than requiring that each example
be classified correctly, and also weaker than the constraint of
requiring all positive examples within a complex to be ranked
higher than all negative examples.

B. Pair Representation

Since each input object is a pair of vectors and the order
of vectors in the pair is arbitrary, we need to devise a method
to build a vector representation from a given pair that is
order invariant. There are obvious candidates such as the outer
product among others that have been used in previous studies.
The outer product produces a rich representation of the pair and
was used in the context of pairwise kernels with support vector
machines [1], [4]; however, when not working with kernels,
it is quadratic in the number of features used to represent a
residue. In this study, we use the following pair representation
that works well for this problem:

KCSP ((l, r)) = (l + r)||(l � r),

where || denotes vector concatenation and � denotes element-
wise product. The size of the new representation is twice
the size of the original vectors, and can be computed very
efficiently. In order to shed some light on the intuition behind
the design of this representation one can consider the element-
wise summation and product as the logical AND and OR
operators for each feature. We experimented with other pair
representations, and none of them gave higher accuracy with
our method.



C. BLRM Formulation

The proposed model which we call the Basic Linear Ranking
Model (BLRM for short) is a large margin linear ranking
model which assigns a score to each pair of residues using
Equation (1). The objective of the BLRM is to find a vector
w that maximizes the margin of misranking across all input
bags while pushing a few of the positive objects to the top of
the ranking. The cost function at epoch t, which consists of a
regularization term and misranking cost, is defined as:

Ct =
λ

2
||wt||2+

1

m

m∑
i=1

1

k

∑
n∈N∗

i

1

|Pi|
∑
p∈Pi

l(wt : xn, xp)

jp
, (2)

where N∗i is the set of the k highest scoring negative example
from bag i at epoch t, jp is the rank of positive example p
among other positive examples based on its current score, and
l is the hinge loss function:

l(wt : xn, xp) = max(0, 1− (wᵀ
t xp − w

ᵀ
t xn)).

The cost function is designed in such a way that it discourages
misranking of a positive example based on its score. The
higher the score of a positive example, the higher the cost of
its misranking, which is implemented in by the presence of jp
in the denominator of the hinge loss in Equation 2. We propose
an approximate stochastic sub-gradient descent algorithm for
this problem as described next.

D. Algorithms

1) Batch BLRM: For solving the above optimization problem
we present two approximate sub-gradient solvers. The idea of
solving large margin problems with sub-gradients has been
around since the seminal work of Shalev-Shwartz [21] . Here,
we present two different solvers for this problem. The sub-
gradient of Ct with respect to wt is:

gt = λwt+
1
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1[wᵀ
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jp

,

(3)
where 1[·] is the indicator function and its output is one when
its argument is true and zero otherwise. The weight vector is
then updated by taking a step in the direction opposite to the
sub-gradient:

wt+1 = wt −
1

λt2
gt, (4)

where we use a step size 1
λt2 .

Algorithm 1 is the pseudocode of the batch BLRM. In order
to develop a geometric intuition about the algorithm, we draw
the reader’s attention to argument of the indicator function. This
simply states that if a positive example is scored lower than
one of the k highest scoring negative examples, we perform
an update on wt by adding the difference of the positive and
negative example to wt, making it more likely that this pair of
examples is correctly ranked.Next, we mention a few additional
points regarding this algorithm. Note that N∗i may change at
each iteration. After the update to w we might get a new set
of k negative examples that are scored above all the other

negative examples and the order of positive examples may
change as well. We also want to draw the reader’s attention to
the multiplier in the update to the gradient gb at line 18. This
multiplier makes the updates to the gradient smaller for the
lower scoring positive examples that have been misranked. This
will guarantee a consistent direction of update that makes it
unlikely for the algorithm to misrank a previously well-ranked
positive example, and puts stronger emphasis on the top of
the list. The quadratic learning rate was found to be crucial
for fast convergence of the algorithm. BLRM is a pocket-
algorithm where the model that is performing the best on the
validation set is chosen as the final model. The complexity of
the algorithm is O(Tm

∑
b∈B |Pb|k), where T is the number

of epochs; if Tk <
∑
b∈B |Nb| (which is the case for our

dataset), the running time is sublinear with respect to the total
number of residue pairs in all the complexes.

Algorithm 1 Batch BLRM

1: B : {(P1, N1), ...(Pm, Nm)}
2: λ: Regularization parameter.
3: T : Number of epochs.
4: k: Number of top scoring negative examples to consider.
5: procedure TRAINBLRM(B, λ, T )
6: w is initialized randomly or zeros.
7: j ← 0
8: for each epoch t do
9: η = 1

λt2

10: gb ← λw
11: for each bag b = (Pb, Nb) ∈ B do
12: SNb

← sorted list of the of negative examples
of bag b by their score.

13: SPb
← sorted list of the of positive examples

of bag b by their score.
14: for each p ∈ SPb

do
15: j ← j + 1
16: for each n ∈ first k elements of SNb

do
17: if wT p < 1+wTn then
18: gb ← gb − 1

j (xp − xn)
19: end if
20: end for
21: end for
22: end for
23: w ← w − η

mgb
24: end for
25: return w
26: end procedure

2) Online BLRM: In the online version of the algorithm,
instead of accumulating the gradient from all the bags we
update w one bag at a time. In each iteration, we randomly
select a bag b from the set of bags without replacement and
perform the update using only examples from that bag. For
the online BLRM we need to move the initialization of gb at
line 10 of algorithm 1 and the update of w at line 23 to the
inner loop.



3) Ensemble BLRM: We also explore an ensemble of
BLRMs (either online or batch), in which a different sample
of negative examples is used for training each member of
the ensemble. The overall score assigned to each object is the
average of the scores assigned by the members of the ensemble.
In order to make the scores comparable, we normalize the
weight vectors of each BLRM after training.

III. EVALUATION

A. Datasets.

In our experiments we used the data from Version 5 of the
Docking Benchmark Dataset, which is the standard dataset for
assessing docking and interface prediction methods [26]. These
complexes are a carefully selected subset of structures from
the Protein Data Bank (PDB), and contain both bound and
unbound forms of the proteins in each complex. Our features
are computed from the unbound form, since proteins can alter
their shape upon binding, and the labels are derived from the
structure of the proteins in complex. As in previous work [1],
[11], [20], two residues from different proteins are considered
part of the interface if any non-Hydrogen atom in one is within
6Å of any non-Hydrogen atom in the other when in complex.
For our test set we used the 54 complexes that were added
since version 4.0 of DBD. Because in any given complex
there are vastly more residue pairs that don’t interact than
those that do, we downsampled the negative examples in the
training set to obtain a 20:1 ratio of negative and positive
examples. Downsampling was done based on the distance of
non-interacting residues rather than uniform random selection
among all the negative examples as in our previous work [1],
[11]. In order to have our negative examples sampled across
all the non-interacting pairs from all the volume of partner
proteins we computed the distance of all non-interacting pairs
and created a quantization of these pairs into 50 buckets based
on their distance. Samples were drawn from each bucket based
on the 20:1 ratio uniformly. This turns out be very effective
in the performance of our model as shown later. Dataset sizes
are shown in Table I.

Dataset Number of
Complexes

Positive
Examples

Negative
Examples

DBD 4.0
Complexes 174 15,851 (0.15%) 10,326,914 (99.85%)

DBD 5.0
New

Complexes
54 4,782 (0.1%) 4,737,222 (99.9%)

TABLE I: Number of complexes and examples in the Docking
Benchmark Dataset. For training we downsample the negative
examples for an overall ratio of 20:1 of negative to positive examples.

B. Features.

For each residue in the dataset we computed a set of
features from the protein’s sequence and structure. We used
the same features used in our earlier work [1], as summarized

next. Protein sequence alone can be a good indicator of the
propensity of a residue to form an interface, because each
amino acid exhibits unique electrochemical and geometric
properties. Furthermore, the level of conservation of a residue
in alignments against similar proteins also provides valuable
information, since surface residues that participate in an
interface tend to be more conserved than surface residues
that do not. The identity and conservation of a residue are
quantified by 20 features that capture the relative frequency of
each of the 20 amino acids in alignments to similar proteins.
As in our previous work we used a sequence window of size
21 centered around the residue of interest [1].

In addition to these sequence-based features, we also
incorporated several features computed from the structure.
These include a residue’s surface accessibility, torsion angles,
secondary structure, a measure of its protrusion, its distance
from the surface, and the composition of amino acids within
8Å in two directions—towards the residue’s side chain, and in
the opposite direction.

C. Performance Measures

In addition to the AUC-ROC, we evaluate performance using
the rank of the first positive prediction (RFPP), first introduced
in our earlier work [1]. As we mentioned earlier, RFPP is
a relevant measure in this setup since we are interested in
quantifying how well the method does putting a few positive
examples at the top of the ranking produced by the method.

D. Training, validation, and testing

Five-fold cross-validation on the complexes of DBD 4.0 was
used to perform an extensive search over the space of possible
hyperparameters and different flavors of our model. Aside
from λ, we also did a search over k, learning rate, different
choices of down sampling and pair representations. The optimal
value of λ turned out to be 10−7. Values of k between 100
to 200 resulted similar performance and we chose k = 100
for computational efficiency. The weight vector was initialized
to zero; random initialization had no significant effect on the
performance of the model.

Training times roughly vary from 18-20 minutes. All the
experiments were performed on a XeonE5-2620v3 @2.2GHz
with 20 cores and 128 GB RAM. An implementation based
on TensorFlow yielded training times of 5-8 minutes.

E. Results

Results comparing different methods are summarized in
Table II. We report accuracy using three different measures:
AUC-ROC, RFPP, and PoI-RFPP, which stands for part-of-
interface RFPP. PoI-RFPP is the lowest rank of a pair of
residues such that both are part of the interface, although
might not interact directly. Median RFPP and PoI-RFPP are
the median of RFPPs and PoI-RFPPs of all the new complexes
in DBD 5.0. We compare different flavors of the BLRM
(online/ensemble/batch) with PAIRpred [1], BIPSPI [20], and
Graph Convolutional Networks (GCNs) [11]. We observe that
the online ensemble-BLRM is doing better than all the other



Model Performance Metrics
Median RFPP Median PoI-RFPP Median AUC-ROC

Online-BRLM 18 10 0.835
Batch-BRLM 21 14 0.841
Online Ensemble BLRM 16 9 0.837
PAIRpred [1] 21 10 0.866
GCN [11] 42 30 0.898
GCN Features + BLRM 25 18 0.846
GCN + BLRM Cost-Function 24 17 0.841
BIPSPI [20] 23 14 0.942

TABLE II: Median RFPP, PoI-RFPP and area under the receiver operating characteristic curve (AUC-ROC) of all the new complexes in
DBD 5.0. PoI-RFPP stands for part-of-interface RFPP and is the lowest rank of a pair of residues that are both part of the interface but they
may not necessarily interact directly. Results shown are the average over ten runs with different random seeds for methods that have random
choices in their training process. Bold faced values indicate best performance for each measure.

models in terms of RFPP and PoI-RFPP, and produces the
state-of-the-art results for this dataset, while BIPSPI [20] is
doing better in terms of AUC-ROC. It is worth mentioning that
all the methods have AUC-PRC of at most 10−2, demonstrating
the fact that AUC-ROC can be misleading when it comes to
imbalanced datasets. We also note that the BLRM’s success
with respect to the RFPP comes at the expense of a lower
AUC-ROC. All results except for BIPSPI and PAIRpred are the
mean of ten runs with different random number generator seeds.
The standard deviation of the RFPP and PoI-RFPP for different
runs was less than two, and less than 0.005 for the AUC-ROC,
except for the model which was trained with GCN Features
and the BLRM cost function, which had a standard-deviation
around five for RFPP and PoI-RFPP. The standard deviation
of ensemble online BLRM was 1 for RFPP and PoI-RFPP,
and 0.003 for AUC-ROC. The online version of the BLRM is
performing better than the batch version, which is expected
since stochastic gradient decent is proven to converge faster and
avoid over fitting better [5]. The ensemble of online BLRMs, on
the other hand produces more robust results (smaller standard
deviation in RFPP for different runs), and also gives better
overall performance, which is expected since the negative
examples for each BLRM are drawn independently and the
model as a whole has been exposed to more data (the down-
sampling is performed prior to the training). Figure 1 provides
histograms of the RFPP and AUC-ROC for the DBD 5.0 test
set.

Graph convolutional neural networks are a powerful tool for
learning representations of complicated structured objects [11].
This motivated us to use the learned GCN representations with
the BLRM. This was done by removing the last layer of the
model and using the vector representation of the previous layer
as the feature representation of examples (GCN features +
BLRM in Table II). We observe that the BLRM was able to
significantly improve the RFPP of the GCN. We also changed
the cost function of the GCN to the BLRM cost function, which
provided further improvement in the RFPP (GCN + BLRM
cost function in Table II).

We visualized the high scoring residues on each protein
by taking the average of scores with respect to all the other
residues in its partner. The examples in Figure 2 illustrates the

100 101 102 103 104

RFPP
0

2

4

6

8

10

N
um

be
r o

f C
om

pl
ex

es

0.65 0.70 0.75 0.80 0.85 0.90 0.95
AUC

0

2

4

6

8
N

um
be

r o
f C

om
pl

ex
es

Fig. 1: Top Row: Histogram of RFPPs for the new complexes
of DBD 5.0 (test set). Bottom Row: Histogram of AUC-ROCs
for the new complexes of DBD 5.0 (test set).

performance of the BLRM on a complex for which it does
well (3A4S), and a complex for which it does not (BAAD).
Smoothing the score of a pair of residues by averaging over
the score of its neighbours as in previous work improved the
AUC-ROC, but degraded the RFPP as also noted elsewhere [1].

We also tested the online ensemble-BLRM that was trained
on DBD 5.0 on eight CAPRI targets [12] (see The Table III).
We observe that the BLRM is doing well with respect to the
RFPP except for one complex. For comparison, we also ran
BIPSPI, which is showing better AUC-ROC scores, but much
worse RFPPs.

a) Feature Importance: We looked into the contribution
of each type of feature to the performance of the BLRM. To do
so, we removed one feature group at a time and recorded the
increase in the median RFPP in the test set. The results in Table



Fig. 2: Left: The complex 3A4S from the Docking benchmark 5.0 whose RFPPs is 1. Right: The complex BAAD from the
Docking benchmark 5.0 whose RFPP is 2047. The ligand and receptor are shown in red and blue, respectively. The highest
scoring residue on each protein is highlighted in yellow.

PDB ID. CAPRI
Target ID

Ligand backbone
RMSD (Å)

Receptor backbone
RMSD (Å) RFPP AUC-ROC BIPSPI RFPP BIPSPI AUC-ROC

4G9S T58 0.3 0.7 2 0.853 3 0.924
3U43 T50 0.5 0.6 2 0.827 1 0.954
4EEF T56 0.7 0.6 4 0.792 192 0.796
2WPT T41 2.0 0.7 4 0.746 3 0.937
3E8L T40 0.2 0.4 4 0.858 253 0.908
3FM8 T39 0.0 1.6 16 0.805 816 0.839
3BX1 T32 2.0 0.4 23 0.866 234 0.882
3R2X T50 0.5 0.6 240 0.809 903 0.834

TABLE III: RFPP and AUC of 8 CAPRI targets for the BLRM and BIPSPI. The results obtained by training an ensemble of 10 online
BLRMS on DBD 5.0. The RMSD values indicate the amount conformational change upon binding.

IV summarize this experiment, and demonstrate that removal of
each feature group yielded a large increase in RFPP, confirming
their relevance. Sequence profiles are the most important set of
features, and we note that the window size used in computing
the profiles is crucial for the BLRM’s performance. A window
size of 11 instead of 21 gave an RFPP of around 25 instead
of 18 for the online BLRM. The next most important features
are those computed using DSSP, which include the relative
accessible surface area, whose importance is obvious for this
problem.

Feature Group RFPP after removal

All features 18
Sequence Profiles 35
rASA and secondary structure 34
Half-Sphere Amino Acid Exposure 33
Protrusion Index 31
Residue Depth 27

TABLE IV: Feature Importance Analysis: Every feature group
was removed from the set of features and RFPP was computed
without it using the online BLRM. Baseline performance with
all features is reported in the first line.

b) Performance by difficulty class: We evaluated the
performance of the BLRM by difficulty class as annotated
in Docking benchmark 5.0, where difficulty is assessed by
the amount of conformational change upon binding (Table
V). Interestingly, performance does not degrade by much for

the “hard” class, suggesting that the classifier is not strongly
affected by conformational change.

Category Number of complexes
with RFPP below the median

Percentage in the
training dataset

Easy 8 out of 15 (53.4%) 16.6%
Medium 4 out of 7 (67.2%) 15.5%
Hard 15 out of 32 (47.9%) 67.8%

TABLE V: Performance of the BLRM by level of difficulty,
determined by the degree of conformational change upon binding.

IV. CONCLUSIONS

In this paper we presented a method for interface prediction
that models the problem as a ranking problem, and designed
to provide high quality top predictions. On this more limited
version of the problem the proposed large margin ranking
method (the BLRM) performed better than existing state-of-
the-art methods. However, even this simpler problem is far
from solved.
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