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Protein–protein interactions (PPIs) are important for the study of protein functions and pathways involved in different
biological processes, as well as for understanding the cause and progression of diseases. Several high-throughput experimental techniques have been employed for the identiﬁcation of PPIs in a few model organisms, but still, there is a huge gap
in identifying all possible binary PPIs in an organism. Therefore, PPI prediction using machine-learning algorithms has
been used in conjunction with experimental methods for discovery of novel protein interactions. The two most popular
supervised machine-learning techniques used in the prediction of PPIs are support vector machines and random forest
classiﬁers. Bayesian-probabilistic inference has also been used but mainly for the scoring of high-throughput PPI dataset
conﬁdence measures. Recently, deep-learning algorithms have been used for sequence-based prediction of PPIs. Several
clustering methods such as hierarchical and k-means are useful as unsupervised machine-learning algorithms for the
prediction of interacting protein pairs without explicit data labelling. In summary, machine-learning techniques have been
widely used for the prediction of PPIs thus allowing experimental researchers to study cellular PPI networks.
Keywords. Clustering; deep learning; decision tree; machine-learning techniques; protein–protein interaction; support
vector machine

1. Introduction
Protein–protein interaction (PPI) networks play fundamental
roles in regulating nearly all biological processes and
form the basis for the cellular structure and functions.
Deciphering the interaction networks of proteins, therefore, helps in improving our knowledge of functions of
proteins, and is also crucial for understanding cellular
pathways, and developing effective therapies for the treatment of human diseases. Several high-throughput experimental techniques such as yeast 2-hybrid (Y2H), afﬁnity
puriﬁcation-mass spectrometry (AP-MS) and protein
microarrays have been employed for PPI discovery, but their
accuracy is questionable due to the occurrence of a large
number of false positives (FPs) as well as false negatives
(FNs) (Mrowka et al. 2001). In this context, it has been
noted that fast and scalable machine-learning algorithms
have proven extremely useful for the prediction of novel
PPIs, and can improve the efﬁcacy of experimental identiﬁcation of PPIs, when used in conjunction. Furthermore, it
has been found that computational predictions of PPIs
demonstrated almost similar accuracy levels to those of
http://www.ias.ac.in/jbiosci

large-scale experimental PPI datasets (von Mering et al.
2002).
So far, it has been a daunting task for the proteomics
researchers to generate a comprehensive picture of entire
interactomes, especially for complex eukaryotic organisms
such as human beings. The entire human interactome has
been estimated to comprise *130,000 binary PPIs
(Venkatesan et al. 2009), of which only *60,000 PPIs have
been currently compiled from various published and
unpublished experimental results through the Human Reference Protein Interactome (HuRI) project (Bader et al.
2017). Experimental studies have also been conducted to
unravel the interactomes of other model organisms such as
Escherichia coli, Helicobacter pylori, Saccharomyces cerevisiae (yeast), Caenorhabditis elegans (roundworm), Drosophila melanogaster (fruit ﬂy), Mus musculus (mouse) and
Rattus norvegicus (rat) (Walhout et al. 2000; Rain et al.
2001; Xenarios et al. 2002). However, as in humans, most of
these interactomes have also been incomplete to date. For
example, the interactome involving only 37.1% of mouse
proteins and 20.2% of C. elegans proteins is known with a
varying degree of certainty (Alonso-López et al. 2016).
1
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Nevertheless, several experimental datasets, especially for
the yeast interactome (Uetz et al. 2000; Gavin et al. 2002;
Krogan et al. 2006), as well as, some PPI databases such as
DIP (Salwinski et al. 2004), IntAct (Orchard et al. 2014) and
BioGRID (Chatr-Aryamontri et al. 2017), are available in
the public domain. In addition, different experimental
methods may be able to detect different types of interactions,
thereby reporting different subsets of the actual interactome.
For example, interaction networks derived from Y2H and
AP-MS experiments have different topological and biological properties, because Y2H is better adapted to capture
transient interactions between signalling molecules, whereas,
AP-MS data are enriched in stable protein complexes (Saha
et al. 2010). Since PPI networks are inherently dynamic in
nature, the lack of tissue-speciﬁc or condition-speciﬁc (e.g.
healthy vs disease state) experimental PPI data further
complicates the problem.
Therefore, computational methods can be highly beneﬁcial for the study of interactomes, as they can extrapolate the
experimental PPI data for elucidating the complete interactome of an organism, and even predict the interactome for
homologous organisms. Furthermore, since experimental
strategies for PPI identiﬁcation are expensive in terms of
both time and money, in silico prediction of PPIs provides a
complementary strategy for query proteome/interactome
annotation at a low cost and less time. Although protein–
protein docking methods are available, their usefulness in
PPI prediction is limited, since there is difﬁculty in docking
proteins undergoing large conformational changes, as well as
due to the unavailability of experimentally derived 3D
structures for a majority of proteins. In this review article,
we have provided an overview of different types of machinelearning strategies that have been utilized for predicting
PPIs, and discussed their respective advantages and disadvantages. We have also summarized the datasets used and
the organisms studied in the prediction methods developed
under each of these categories.

2. Machine-learning techniques
The use of machine-learning techniques in the prediction of
PPIs began in 2001 through the independent efforts of a few
research groups (Bock and Gough 2001; Sprinzak and
Margalit 2001; Zhou and Shan 2001). The prediction of
binary PPIs generally involves the sequence or structure of
both the interacting proteins as the input and the probability
of these two proteins to interact with each other as the
output. The observable quantities given as input to a
machine-learning algorithm for creating the statistical prediction models are called ‘features’. Thus, for PPI-prediction
methods, the typically used features include amino acid
composition, domain/motif composition or hydrophobicity
proﬁles of input protein sequences, interface properties of
protein 3D structures, genomic features such as gene
neighbouring or phylogenetic relationship, and network

topology-based features such as degree distribution or
clustering coefﬁcient.
Machine-learning techniques used for predicting PPIs can
be broadly divided into two main categories: supervised and
unsupervised, based on whether the input variables need to
be labelled according to the expected outcome or not (ﬁgure 1A). Supervised learning infers a mapping function from
a set example input–output pairs, which could be used for
predicting the outcome for other inputs, whereas, unsupervised learning discovers the hidden structure within unlabelled training data for drawing meaningful conclusions.
Examples of supervised machine-learning algorithms used
for PPI prediction include artiﬁcial neural networks (ANNs),
Bayesian inference, support vector machines (SVMs) and
decision tree-based methods such as random forest (RF).
Clustering techniques such as k-means, single-linkage and
spectral clustering are associated with unsupervised
machine-learning methods used for PPI prediction. Supervised machine learning is implemented for classiﬁcation
problems, i.e. mapping of input data into speciﬁc classes,
where a set of quantitative or categorical features are analysed for identiﬁed features that can discriminate the input
variables into speciﬁed classes. Thus, percentage composition of the 20 standard amino acid residues may be computed using sequences of pairs of interacting proteins. Since
deﬁning a high-conﬁdence negative dataset for PPI prediction is difﬁcult, negative datasets have been created by
considering randomly selected protein pairs not known to
interact with each other (Ben-Hur and Noble 2005), or
belonging to different sub-cellular locations (Xia et al.
2010).
In binary classiﬁcation problems such as PPI prediction,
there are only two categories: the ‘positive’ (p) category,
containing proteins that interact with each other, and the
‘negative’ (n) category, containing proteins that do not
interact. If the class prediction for each instance is made
based on a score that can be represented as a continuous
random variable (X), then at a given threshold value (T),
the instance is classiﬁed as ‘positive’ if X [ T, and ‘negative’ otherwise. There are four possible prediction outcomes from algorithms undertaking such binary
classiﬁcation problems. If two proteins that have been
experimentally veriﬁed to interact with each other are
correctly classiﬁed by the algorithm as an interacting protein pair, then it is called a true-positive (TP) prediction;
but if wrongly classiﬁed as a non-interacting pair, then this
is said to be a FN prediction. Conversely, when two proteins not known to interact are classiﬁed by the algorithm
as non-interactors, a true-negative (TN) prediction occurs,
while if they are classiﬁed as interactors then it is a FP
prediction.
The prediction efﬁciency of all classiﬁcation algorithms
can be measured using several threshold-dependent parameters such as precision, sensitivity or recall, speciﬁcity,
accuracy, F1-score and Mathew’s correlation coefﬁcient
(MCC), using the following formulae:
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Figure 1. Diagrammatic representation of machine-learning methods, datasets and methods of validation used in prediction of PPIs.
(A) Classiﬁcation of different machine-learning methods into supervised and unsupervised approaches. (B) Training, testing and blind
datasets for k-fold cross-validation. (C) Training and testing datasets for bootstrap validation.
TP
;
TP þ FP

Precision ¼

Recall/Sensitivity ¼

TP
;
TP þ FN

TN
Specificity ¼
TN þ FP
Accuracy ¼
F1 score ¼

TP þ TN
 100;
TP þ FP þ TN þ FN

2TP
2TP þ FP þ FN

ðTPÞðTNÞ  ðFPÞðFNÞ
MCC ¼ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ  100
½TP þ FP½TP þ FN½TN þ FP½TN þ FN

MCC is generally believed to be a more accurate criterion
for evaluating the prediction performance of binary classiﬁers than accuracy and F1 score, because it takes into
account the balanced ratios of all the four prediction outcomes, viz., TP, FP, TN and FN.
For a threshold-independent overall representation of the
prediction performance, a receiver operating characteristics
(ROC) curve or a precision-recall (PR) curve is plotted. The
area under curve (AUC) statistic for either of these curves,
therefore, becomes a threshold-independent measure of
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prediction performance. The ROC curve is created by plotting the true-positive rate (TPR) against the false-positive
rate (FPR) at various thresholds, where TPR ¼ TPTP
and
þFN
. The random variable X that represents the
FPR ¼ FPFP
þTN
prediction score follows a probability density f1 ð xÞ if the
instance actually belongs to the ‘positive’ category, and f0 ð xÞ
if it originates
Therefore,
R 1 from the ‘negative’ Rcategory.
1
TPRðT Þ ¼ T f1 ð xÞdx and FPRðT Þ ¼ T f0 ð xÞdx, and when
TPRðTÞ is plotted parametrically vs FPRðTÞ with threshold
T as the varying parameter, then
Z

1

TPRðT ÞFPR0 ðT ÞdT
Z11 Z 1
¼
I ðT 0 [ T Þf1 ðT 0 Þf0 ðT ÞdT 0 dT

AUC ¼

1

1

¼ Pð X1 [ X0 Þ
where X1 is the score for a positive instance and X0 is the
score for a negative instance.
The aim of PPI predicting machine-learning algorithms is
to predict whether a new protein pair will interact with each
other or not, after being trained with known PPI pairs. This
property is known as generalization and it depends on how
well the complexity of the prediction model (hypothesis)
generated by the algorithm matches with the complexity of
the function underlying the input dataset. If the hypothesis is
not complex enough to model the samples, it is called
underﬁtting, whereas, if the hypothesis is too complex and
the training samples are not enough to constrain it, this is
called overﬁtting, which leads to problems in generalization.
Hence, the generalization ability of a model must be evaluated by dividing the training samples into a larger training
dataset and a smaller testing set, for determining the model
complexity, as shown in ﬁgure 1B. Finally, an independent
or blind dataset, containing new input variables not used in
training or testing, is also required for evaluating the
expected performance of the trained model. For example,
Barman et al. (2015) have used E. coli PPI data downloaded
from the Bacterial Protein Interaction Database (Bacteriome.org) for training and testing of the prediction models,
and E. coli PPIs observed in solved X-ray crystal structures
obtained from the PDB as a blind set. In ANNs, the training
dataset is used to initially ﬁt the parameters during model
construction, and the ﬁtted model is successively evaluated
using a separate validation dataset to prevent overﬁtting and
minimize errors. Another test dataset is ﬁnally used for an
unbiased evaluation of whether the model ﬁts the training
dataset. For example, Sun et al. (2017) have used 33,052
positive and 32,816 negative samples from their initial PPI
dataset as a training dataset, 3493 positive and 3507 negative
samples as a hold-out validation dataset and several external
test sets for ﬁnal model evaluation.
The datasets for model training, testing and validation can
be prepared using techniques such as randomization, crossvalidation and bootstrapping (ﬁgure 1B and C). If the dataset

is large enough, then it can be randomly divided into K parts,
and each of these parts can again be randomly divided into
training and testing sets, and this process can be repeated
K times. This is called randomization, which ensures the
random sampling of training and testing sets from the data so
that the learning process is independent of the selection of
training data. However, since datasets large enough for
proper randomization are rarely available, the same dataset is
repeatedly split into training and testing sets in different ways
by a technique called cross-validation or rotation estimation,
which can again be exhaustive or non-exhaustive. Exhaustive
cross-validation may involve either leave-p-out cross-validation (LpOCV), where p observations are set aside as the
test set and the remaining observations are taken as the
training set, or leave-one-out cross-validation (LOOCV),
where p = 1. The most commonly used form of non-exhaustive cross-validation is k-fold cross-validation, where the
original sample is randomly partitioned into k equal-sized
subsamples, from which a single subsample is retained as the
test set and the remaining subsamples are used as the training
set. The process is then repeated k times, with each of the
k subsamples used exactly once in the test set, as shown in
ﬁgure 1B. The most commonly used is the 5-fold crossvalidation, where the training dataset is divided into ﬁve
subsets of which four subsets are used in training the model,
and the remaining one is used for testing it, and the process in
repeated ﬁve times, using a different subset in each iteration.
Furthermore, in the real-world biological classiﬁcation
problems, the number of TN PPI pairs far exceeds the
number of TP ones. It is therefore, advisable to use both
balanced (equal number of TP and TN) and unbalanced
(TN  TP) training datasets in such cases (Blagus and Lusa
2010; Yu et al. 2010; Barman et al. 2015).
2.1

Support vector machines (SVMs)

SVM is a statistical learning algorithm developed by Vapnik
(1999). SVM-mediated pattern classiﬁcation is well known
for generalization ability, and thus has been widely used for
binary classiﬁcation problems involving biological data,
such as classifying interacting and non-interacting protein
pairs. The goal of the SVM algorithm is to ﬁnd an optimal
hyperplane that separates the training samples by a maximal
margin, with all positive samples lying on one side and all
negative samples lying on the other side. Suppose that we
are given a training dataset of N instance-labelled pairs X =
[(x1, y1), (x2, y2)… (xN, yN)] with input data xi [ Rn and
labelled output data yi [ [?1, -1], for i = 1, 2, 3… N. The
SVM algorithm solves the quadratic optimization problem
by minimizing the function as below:
N
X
1
ni
min k w k2 þC
w;b;n 2
i¼1

subject to

yi ðhw:xi i þ bÞ  1  ni ;

ð1Þ
ni  0;

ð2Þ
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where w is the weight vector, b is the bias term, C is the
penalty factor and ni is the slack variable. Since kwk2 is
convex, minimizing equation (1) under the linear constraints
in (2) can be solved with Lagrange multipliers. The complexity parameter denoted by C is a trade-off between
training error and margin, which determines the penalty that
should be imposed on training data points that end up on the
wrong side of the decision boundary.
Generally, the training examples xi are mapped into a
high-dimensional feature space through some nonlinear
function /. This transformation helps us to make the class
data distributions linearly separable. The feature vectors in
SVM thus appear

 in the form of dot products of two data
points as K xi ; xj ¼ xTi :xj , which is called a ‘kernel’ and
represents a measure of similarity between the two data
points xi and xj . Hence, even though /(x) maybe complex
and very high dimensional, after the transformation the dot


 
product, K xi ; xj ¼ /ðxi ÞT :/ xj , also known as the ‘kernel
function’, can have a simple form. Typical kernel functions
used in SVM can be linear, polynomial, sigmoid or radial
basis function (RBF), as shown below:
•
•
•
•



Linear: K xi ; xj ¼ xTi xj ;

 
D
Polynomial: K xi ; xj ¼ cxTi xj þ c ; c [ 0;




Sigmoid: K xi ; xj ¼ tanh cxTi xj þ B ;




2
2
RBF: K x ; x ¼ eðkxi xj k =2r Þ , or K x ; x
i

j

i

j

¼ eckxi xj k , c [ 0:
2

It has been observed that generally the RBF kernel performs best for complex biological classiﬁcation problems
such as predicting PPI pairs (Barman et al. 2014).
The majority of SVM-based PPI-prediction methods
depend on protein-primary sequences as input (Bock and
Gough 2001; Ben-Hur and Noble 2005; Martin et al. 2005;
Shen et al. 2007; Guo et al. 2008; Barman et al. 2015;
Srinivasulu et al. 2015; Sriwastava et al. 2015; You et al.
2015b), since sequence information is available for most
proteins. SVM-prediction methods have also been trained
with input features such as PDB structures (Zhu et al. 2006),
domain compositions (Chatterjee et al. 2011; Hou et al.
2012) and gene ontology (GO) annotations (Mei 2013) of
interacting proteins. SVM-based methods for the prediction
of speciﬁc domain-binding linear motif peptides that may
mediate PPIs have also been proposed (Kundu et al. 2014;
Sarkar et al. 2018). Several examples of SVM-based PPIprediction methods are summarized in table 1.
Although SVM is very efﬁcient in classifying datasets
with unspeciﬁed complexity, one of its major drawbacks is
the requirement of a considerable amount of computational
resources for training and parameter optimization, since the
number of support vectors grows linearly with the scale of
the training data. In addition, the outputs are not probabilistic, and the relationship between training data and output
may be complex and not clearly comprehensible.

2.2

Page 5 of 12 104

Decision tree-based methods

Decision-tree algorithms (Breiman et al. 1984) comprise
recursive partitioning of the input space by selecting the best
attribute, and expanding the leaf nodes of the tree until a
predeﬁned stopping criterion, such as a minimum number of
training instances assigned to each leaf node of the tree, is
met. The best test condition for splitting is determined by
different algorithms using different metrics such as Gini
impurity and information gain. Gini impurity is a measure of
the misclassiﬁcation to denote the probability of a randomly
chosen element from the set to be incorrectly labelled
according to the distribution of labels in the subset. Gini
impurity for a set of items with J classes, with
i 2 ½1; 2; . . .; J , and pi being the fraction of items labelled
with class i in the set, can be computed as
I G ð pÞ ¼

J
X

pi

i¼1

¼

J
X

X

pk ¼

k6¼i

pi 

i¼1

J
X
i¼1

J
X

pi ð 1  pi Þ ¼

i¼1

p2i ¼ 1 

J
X
i¼1

J 
X
i¼1

pi  p2i



p2i

Information gain or entropy is another metric used to
determine the best feature to be considered for splitting at each
step of tree-building. Entropy is deﬁned as H ðT Þ ¼ IE
P
ðp1 ; p2 ; . . .; pJ Þ ¼  Ji¼1 pi log2 pi , with p1 ; p2 ; . . .; pJ being
fractions that add up to 1 and represent the percentage of each
class present in the child node that results from a split in the tree:
IG ðT; aÞ ¼ H ðT Þ  H ðTjaÞ
J
X
X
¼
pi log2 pi 
pð aÞ
i¼1



J
X

a

Pr ðijaÞlog2 Pr ðijaÞ

i¼1

In an RF classiﬁcation algorithm, many decision trees are
constructed based on random feature vectors sampled independently from a training dataset. For a new input, the
feature vector is passed through each of the trees and classiﬁcation is performed by majority voting among the independent trees. The main advantage of this method is that for
a large dataset having a large number of features, no separate
feature selection algorithm is needed as the algorithm itself
can rank features according to their signiﬁcance in
classiﬁcation.
Various decision tree-based PPI-prediction methods have
been developed using several input features such as protein
sequence (Chen and Jeong 2009; Xia et al. 2010; Zahiri
et al. 2013; Wei et al. 2015; You et al. 2015a; Liu et al.
2016; Sze-To et al. 2016; Zhou et al. 2017) and 3D structure
(Li et al. 2012; Maheshwari and Brylinski 2017). Some
methods also use genomic features (Wang et al. 2009) and
domain composition (Chen and Liu 2005; Rodgers-Melnick
et al. 2013) as listed in table 2.
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Table 1. SVM-based methods for PPI prediction
Type of feature

Dataset(s) used for model building

Sequence-based

Database of interacting proteins (DIPs)

Structure-based
GO-based
Domain/motifbased

Biomolecular Interaction
Network Database (BIND)
Human Protein References
Database (HPRD)
Su et al. (2008)
Kiemer et al. (2007)
Chen et al. (2013), Yugandhar
and Gromiha (2014)
Protein Data Bank (PDB)

Organism(s)
E. coli, yeast, Drosophila,
human, mouse, rat, bovine
E. coli, H. pylori, yeast,
human, mouse
E. coli, yeast, human
Yeast

Bock and Gough (2001)
Martin et al. (2005)

Human

Sriwastava et al. (2015)
Guo et al. (2008)
You et al. (2015b)
Ben-Hur and Noble (2005)
Ben-Hur and Noble (2005)
Bandyopadhyay and Mallick (2017)
Shen et al. (2007)

E. coli
Yeast
–

Barman et al. (2015)
Ruan et al. (2018)
Srinivasulu et al. (2015)

Yeast

–
–
NCBI HIV-1 Human Interaction Database Human with HIV-1
Database of interacting proteins (DIPs)
Yeast
Database of interacting proteins (DIPs)
E. coli, yeast, Drosophila, human,
mouse, rat, bovine
VirusMINT
Human with viruses such as
HIV-1/SV-40/HBV/HCV, etc.
Sparks et al. (1996), Cestra et al. (1999),
Yeast
Tong et al. (2002), Landgraf et al. (2004)
Miller et al. (2008), Jones et al. (2006),
–
Kaushansky et al. (2008), Carducci et al.
(2012), Stifﬂer et al. (2007), Tonikian
et al. (2008)
Sarkar et al. (2015)
–

Decision tree-based classiﬁcation methods have been
found to show superior performance in the prediction of
PPIs as compared to other types of machine-learning algorithms (Xia et al. 2010; You et al. 2015a; Zhou et al. 2017).
In particular, the RF classiﬁer consistently emerged as one of
the top performing algorithms across features and datasets
(Qi et al. 2006; Zhou et al. 2017), as illustrated in table 3.
However, decision tree-based classiﬁcation methods, especially RFs, are sensitive to high noise in the data, are prone
to overﬁtting, and highly correlated features can affect their
prediction performance.

2.3

Reference(s)

Probabilistic/Bayesian classiﬁcation

Bayesian-probabilistic classiﬁers are generally preferred by
biologists over other machine-learning techniques, because
their functionalities are easier to understand as compared to
‘black-box’ predictors such as SVMs and neural networks,
and they can be used with both numerical and categorical
data.
Probabilistic classiﬁers denote algorithms that classify the
input data points using conditional probability distributions

Bradford and Westhead (2005)
Zhu et al. (2006)
Mei (2013)
Bandyopadhyay and Mallick (2017)
Chatterjee et al. (2011)
Barman et al. (2014)
Hou et al. (2012)
Kundu et al. (2014)

Sarkar et al. (2018)

to model the relationship between the features of the training
samples and the class which they belong to. Hence, if the
features are denoted by xi ði ¼ 1; . . .; M Þ, then the feature
vector for each data point can be represented as
x ¼ ½x1 ; x2 ; . . .; xM , and the probability of the data point
belonging to each of the N classes ðc ¼ c1 ; c2 ; . . .; cN Þ as
PðC ¼ c1 jxÞ, PðC ¼ c2 jxÞ, …, PðC ¼ cN jxÞ. The probability
for each class can be computed using the Bayes’ theorem as
PðCjxÞ ¼

PðxjC ÞPðCÞ
PðxjCÞPðC Þ
¼P
Pð x Þ
P
ð
xjC ¼ ci ÞPðC ¼ ci Þ
ci 2C

PðxjCÞ and PðCÞ can be estimated from the training data for
each class. Thus, a new data point is classiﬁed as
 the class
with the maximum probability c ¼ arg maxcj P C ¼ cj jx
and j ¼ 1; . . .; N.
After modelling the class conditional probabilities, the
probabilistic approach seeks to classify the input data points
to the class with the maximum probability. In case of a
binary classiﬁcation problem this amounts to computing the
1Þ
ratio  ¼ PPððxjC¼c
xjC¼c2 Þ, and then choosing c1 if  [ 1; and c2
otherwise, because the decision boundary is formed by the
region of the feature space where  ¼ 1.

Machine-learning techniques for protein–protein interactions
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Table 2. Decision tree-based methods for PPI prediction
Type of feature
Sequence-based

Structure-based
Genomic featurebased
Domain/motifbased

Dataset(s) used for model building
Database of interacting proteins (DIPs)

Yeast
Yeast and H. pylori
Human Protein References Database (HPRD) Human
Protein Data Bank (PDB)
–
Murakami and Mizuguchi (2010)
–
Murakami and Mizuguchi (2010)
–
Wu et al. (2009)
Yeast
Martin et al. (2005), You et al. (2014), Huang H. pylori, yeast and human
et al. (2015)
Protein Data Bank (PDB)
–
Database of Three-dimensional Interacting
–
Domains (3did)
Munich Information Center for Protein
Yeast
Sequences (MIPS)
Database of interacting proteins (DIPs)
Yeast
Yeast, Arabidopsis, Drosophila,
human, mouse

Table 3. Comparison of SVM- and RF-based PPI-prediction
methods on PPI datasets from different organisms (Zhou et al.
2017)
Organism

Classiﬁer

Yeast

SVM
RF
SVM
RF
SVM
RF

H. pylori
Human

Accuracy (%)

F-score (%)

MCC (%)

93.25
94.61
85.94
86.28
96.45
97.57

92.97
94.44
85.90
86.27
96.20
97.44

86.51
89.37
71.91
72.58
92.96
95.15

Probabilistic methods based on log-odds scoring schemes
have been widely used in PPI prediction, as well as for
ﬁltering high-throughput experimental datasets that can
potentially include several FPs (Gavin et al. 2006; Krogan
et al. 2006; Saha et al. 2010; Choi et al. 2011). Bayesianprobabilistic frameworks have also been proposed for PPI
prediction using genomic features such as co-expression
values, essentiality and co-localization (Jansen et al. 2003),
structural features (Murakami and Mizuguchi 2010; Zhang
et al. 2012) and sequence signatures (Sprinzak and Margalit
2001). Some prominent examples of PPI-prediction methods
based on Bayesian conditional probability relationships are
summarized in table 4.
The major disadvantage of Bayesian classiﬁcation is the
forced assumption of independence among the features,
which is difﬁcult to ensure in real-world problems. In
addition, specifying a prior probability and computing a
posterior probability for each data point can be extremely
difﬁcult and computationally infeasible in some cases.
2.4

Organism(s)

Artiﬁcial neural networks

Artiﬁcial neural network (ANN) is one of the oldest
machine-learning algorithms that can be used to perform

Reference(s)
You et al. (2015a)
Xia et al. (2010)
Zahiri et al. (2013)
Chen and Jeong (2009)
Wei et al. (2015)
Liu et al. (2016)
Sze-To et al. (2016)
Zhou et al. (2017)
Maheshwari and Brylinski (2017)
Li et al. (2012)
Wang et al. (2009)
Chen and Liu (2005)
Rodgers-Melnick et al. (2013)

nonlinear statistical modelling and develop binary classiﬁcation models, and has now evolved into state-of-the-art
deep-learning algorithms such as stacked autoencoders.
ANNs require less formal statistical training, and are able to
implicitly detect complex nonlinear relationships between
dependent and independent variables, as well as, detect all
possible interactions between predictor variables.
ANNs consist of a network of connections, each of
which transfers the output of a neuron i to the input of a
neuron j. Thus, i is the predecessor of j and j is the successor of i. Each connection is P
assigned a weight wij . The
propagation function pj ðtÞ ¼ i oi ðtÞwij , computes the
input pj ðtÞ to the neuron j from the outputs oi ðtÞ of predecessor neurons. Thus, a neuron with label j receives an
input pj ðtÞ from predecessor neurons, and consists of the
following components:
•

an activation aj ðtÞ, depending on a discrete time
parameter,
• a threshold hj , which stays ﬁxed unless changed by a
learning function,
• an activation function f that computes the new activation
at a given time t þ 1from aj ðtÞ, hj and the net input pj ðtÞ


giving aj ðt þ 1Þ ¼ f aj ðtÞ; pj ðtÞ; hj and
• an output function fout for computing the output from the
activation as


oj ðtÞ ¼ fout aj ðtÞ
PPI-prediction methods based on ANNs and deep learning
have been developed using several sequence (You et al.
2013; Yousef and Moghadam Charkari 2013; Sun et al.
2017; Wang et al. 2017b; Huang et al. 2018) and structural
(Zhou and Shan 2001; Fariselli et al. 2002; Ofran and Rost
2007; Wang et al. 2010; Du et al. 2016) features as listed in
table 5.
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Table 4. Probabilistic/Bayesian methods for PPI prediction
Type of feature
PPI data analysis

Dataset(s) used for model building

Organism(s)

Sequence-based

Gavin et al. (2006)
Krogan et al. (2006)
Sardiu et al. (2008), Sowa et al. (2009)
Krogan et al. (2006), Yu et al. (2008)
Collins et al. (2013), Teo et al. (2015)
Database of interacting proteins (DIPs)

Structure-based

Protein Data Bank (PDB)

Genomic feature-based

Munich Information Center for Protein
Sequences (MIPS)
Human Protein References Database (HPRD)
Munich Information Center for Protein
Sequences (MIPS)
Human Protein References Database (HPRD)
Landgraf et al. (2004), Tonikian et al. (2009)

Domain/motif-based

Reference(s)

Yeast

Yeast and human
–
–

Gavin et al. (2006)
Krogan et al. (2006)
Choi et al. (2011)
Saha et al. (2010)
Teo et al. (2016)
Sprinzak and Margalit (2001)
An et al. (2016)
Li et al. (2017)
Wang et al. (2017a)
Zhang et al. (2012)
Murakami and Mizuguchi (2010)
Jansen et al. (2003)

Human
Yeast

Scott and Barton (2007)
Sprinzak and Margalit (2001)

Human
Yeast

Scott and Barton (2007)
Jain and Bader (2016)

–
Yeast
Yeast and H. pylori

Table 5. ANN-based methods for PPI prediction
Type of feature

Dataset(s) used for model building

Sequence-based

Database of interacting
proteins (DIPs)

Organism(s)
Yeast
Yeast and H. pylori

Structure-based

Human Protein References
Database (HPRD)
Protein Data Bank (PDB)

Database of Three-dimensional
Interacting Domains (3did)

The disadvantages of using ANN methods include their
‘black box’ nature, greater computational burden, proneness
to overﬁtting and the empirical nature of model development.

2.5

Clustering

Clustering is the major form of unsupervised machinelearning technique applied to classiﬁcation problems, which
tries to segregate data points into groups such that data
points placed in the same group are more similar to each

Human
–
–
–
–
–

Reference(s)
You et al. (2013)
Huang et al. (2018)
Yousef and Moghadam Charkari (2013)
Wang et al. (2017b)
Sun et al. (2017)
Huang et al. (2018)
Zhou and Shan (2001)
Fariselli et al. (2002)
Ofran and Rost (2007)
Wang et al. (2010)
Du et al. (2016)

other than to those in other groups. Clustering is useful in
exploratory pattern analysis, pattern classiﬁcation, decision
making and also for outlier detection. The main advantage of
clustering is its ability to determine the intrinsic classiﬁcation within a set of unlabelled data, hence not requiring a
separate training stage. Hence, clustering is generally used in
cases where the class labels are not known in advance.
The different distance metrics used by clustering algorithms include: (a) Euclidean distance metric, (b) Euclidean
squared distance metric, (c) Manhattan (city-block) distance,
(d) Chebyshev distance, (e) Pearson’s correlation coefﬁcient,

Table 6. Clustering-based methods for PPI prediction
Type of feature
Network topology-based

Structure-based

Dataset(s) used for model building
Database of interacting proteins (DIPs)
Munich Information Center for Protein
Sequences (MIPS)
Others
Protein Data Bank (PDB)

Organism(s)
Yeast
Yeast
Yeast
–

Reference(s)
Liu et al. (2015)
Bader and Hogue (2003)
Spirin and Mirny (2003)
Xu and Guan (2014)
Fukuhara and Kawabata (2008)

Machine-learning techniques for protein–protein interactions

(f) squared Pearson’s correlation coefﬁcient and (g) Spearman’s rank correlation coefﬁcient.
Clustering techniques have been used for PPI prediction
using mainly the overall network topology of known interaction networks (Bader and Hogue 2003; Spirin and Mirny
2003; Xu and Guan 2014; Liu et al. 2015), except for one
method that uses structural features (Fukuhara and Kawabata
2008), as shown in table 6.
The disadvantages of clustering include the inability to
process high-dimensional datasets, getting stuck into local
optima, ambiguity regarding cluster descriptors and the
inherent randomness of the method, which causes problems
with reproducibility. In addition, the ﬁnal output shows the
similarity of the object to a single cluster only, whereas, in
reality, the object might have similarities to other clusters
also, and this information is lost.

3. Discussion
The use of machine-learning methods for prediction of PPIs
can help in discovery of novel PPIs by ﬁltering out the large
proportion of FPs and FNs reported by high-throughput
experimental procedures and improving interactome coverage. Predicted PPIs from machine-learning methods can also
be used to prioritize pairs of proteins for experimental assays,
and may provide further insight into the speciﬁc context for the
PPI such as tissue or phenotype. PPI networks discovered
through computational prediction and subsequent experimental validation can be used for prediction of gene function
(Mostafavi and Morris 2012), identiﬁcation of disease genes
(Navlakha and Kingsford 2010) and the discovery of novel
therapeutics (Barabasi et al. 2011). Computational analyses of
various physico-chemical, structural and functional attributes
of interacting protein pairs also provide a better understanding
of the molecular basis of PPIs. Nevertheless, the sets of features that have been used to predict PPIs are still not able to
fully capture the dynamic and intricate speciﬁcations that can
identify the true PPIs unambiguously.
The prediction of interacting protein pairs is a complex
problem, since it is dependent not only on the sequence or
structure, but also on other parameters such as cellular concentration and localization. Initially, various sequence- and
structure-based features were used for training of SVMs, ANNs
and Bayesian models for prediction of novel PPIs. It was
observed that the prediction performance of RF-based methods
is better than that of the more popular SVM-based methods.
Several studies described in tables 1, 2, 4–6 have used a combination of more than one feature in a single method for prediction of PPIs with higher accuracy. However, the evaluation
and incorporation of an optimum set of features encompassing
all biochemical, contextual and structural information associated with proper identiﬁcation of PPIs still remains elusive.
Hence, the ﬁeld of prediction of PPIs using machine-learning
techniques is still open in terms of selecting new features,
developing new algorithms and parameter optimization.
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