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Abstract

Protein–protein interactions (PPI) play a fundamental role in many biochemical functions

such as signal transduction, cellular organization, and cell cycle progression. Laboratory

experiments are expensive and time-consuming, limiting their applicability to a handful of

cases, which severely impacts the speed of research innovation. Meanwhile, computational

experiments can explore and screen a vast number of possibilities leaving the researchers

with the most promising cases. For this reason, there is an urgent need to develop com-

putational solutions for accurately determining whether proteins interact. Specifically,

developing deep learning solutions to predict PPI constitutes an emerging area of research

with much practical application. This thesis focuses on advancing the research in this area.

In our first contribution, the thesis introduces a novel deep learning algorithm for

predicting PPI solely from their amino acid sequences. The novelty of our work is that

we consider self-binding and folding properties rather than only focusing on the sequences

per se, as is commonplace in the state of the art. Our Siamese pyramid network (SPNet)

architecture comprises a multilevel Siamese neural network with an attention mechanism

and a trainable probability prediction network. Our experimental evaluation indicates that

SPNet outperforms the state of the art against strict data sets, that is, data sets with no

data leakage, leading to accurate and timely predictions.

Our second contribution centers on the observation that the sizes and compositions

of PPI data sets vary considerably, which may impact the learnability for deep learning

solutions. For instance, small data sets are commonplace for rare and new diseases, while

current deep learning implementations usually rely on large PPI data sets to produce

accurate predictions. To this end, we introduce an adaptive and learnable pyramid network

architecture in which the depth and the complexity of the network are directly learned from

the data. Our experimental evaluation shows that these characteristics make our solution

suitable for both small and large PPI data sets, varying in sizes from a few thousand to

seventeen million pairs.

In addition, the number of negative (non-interacting) protein pairs is generally scarce,

resulting in highly imbalanced data sets that may impede neural network training. There-
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fore, our third contribution centers on a novel methodology, based on graphs and geodesic

distances, that extracts non-interacting proteins from the graph associated with their in-

teractions and binding strength. A new balanced B-STRING data set is created that

consists of 17,591,832 protein pairs. Our comparative experimental evaluation not only

confirms the value of our learnable pyramid network architecture but also shows the value

of providing a novel benchmark data set for future use by the community.

In our final contribution, we introduce our architecture for designing protein binders

based on primary sequences through a transformer deep learning model that adopts the

mechanism of attention, differentially weighing the significance of each part of the input

sequence. Predicting protein binders is a multivalued problem, which implies that there

is more than one solution, since there may be more than one binder for a specific protein.

To solve a such a learning task, we utilize two types of constraints in our deep learning

solution. These are based, respectively, on the binding score which is related to the strength

of interactions, and the Bayesian prior, where we assume that a small portion of the ligands’

amino acids are known. Our experimental evaluation confirms the strengths of this novel

approach.
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Chapter 1

Introduction

Proteins perform many functions at the cellular level, including metabolic reaction catal-

ysis, DNA replication, stimulus response, molecular transportation, and organism struc-

ture [11]. Proteins are made of linear chains of amino acid residues called polypeptides.

The sequence of amino acids in a protein, determined by genetics, distinguishes one pro-

tein from another. The amino acid sequence allows a protein to fall into a specific 3-D

structure, called a native conformation that determines its activity. Proteins may shift into

different conformations to perform their functions, making some structures available for a

reaction and hiding others. The transitions between shape states are called conformational

changes.

PPIs are responsible for various cellular functions such as signal transduction, cellu-

lar organization, and cell progression [12, 13]. Furthermore, PPIs play a central role in

both the prevention and treatment of diseases [14]. Prevention may be achieved, for in-

stance, with prophylactic vaccines, whereas treatment may consist of targeted therapeutic

proteins such as antibodies [15]. Due to the astonishing number of possibilities, finding

the most suitable interacting protein is similar to locating a needle in a haystack. High

throughput experimental techniques have been created to address the complexity of the

search space, such as chip-based techniques [16], microarray [17], and interactomics [18].

Unfortunately, these in vitro experiments are both time-consuming and expensive, often

resulting in inadequate performances.
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Meanwhile, computational methods, especially those based on machine learning and

artificial intelligence, can explore and screen a vast number of possibilities, providing the

experimentalists with the most promising cases. As early as 2005, the first machine learning

approach, based on Bayesian classifiers, was proposed by Jansen et al. . [19]. Since then,

machine learning techniques have been applied for the prediction of PPI utilizing support

vector machine (SVM) [10,20–25], random forest (RF) [26,27], and boosting [28,29].

Shortly after its introduction, deep learning superseded traditional machine learning

techniques in many fields such as computer vision and natural language processing (NLP)

[30, 31]. This is particularly true when large amounts of data are available; in such cases,

deep learning generally outperforms traditional machine learning techniques [32,33]. This

statement is also true for PPI. For instance, Sun et al. employed a stacked autoencoder

(SAE) for protein classification [34]. Proteins were encoded either with the autocovariance

method, as proposed earlier by Guo et al. , or with the triad method, as introduced by

Shen et al. ; the former performs better than the latter. Guo’s approach outperformed the

state-of-the-art conventional machine learning approaches [21,23,35] on Pan’s benchmark

data set [35]. Hashemifar et al. [36] combined a Siamese Neural Network with a position-

specific iterative basic local alignment search tool (PSIBLAST) [37] and outperformed

several SVM-based methods, including [10, 24, 25]. In another work, Li et al. [38] created

an architecture consisting of an embedding layer, convolutional layers, and long short-term

memory (LSTM) layer in order to aid PPI classification.

With the powerful expression ability of deep learning approaches, it is possible to rapidly

screen many binders with a PPI predictor. However the screening process is limited to

known proteins and may not necessarily be suitable for all applications, e.g., the design

of a therapeutic antibody for a new or orphan disease [39]. As a result, it is not possible

to directly generate new proteins with a screening method. Therefore, there is a great

need for solutions, especially those based on deep learning, that can predict non-existent

binders in addition to known ones. More specifically, it is proposed, given the amino acid

sequence of a target protein, to determine the amino acid sequence of the corresponding

binder without recourse to domain knowledge such as structural information. The above

requirements may be realised by utilizing the seq2seq family of algorithms which usually

employ deep learning to convert one sequence into another [40], as will be discussed in this
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work.

The research contributions presented in this thesis center around two main themes,

namely PPI predictions and PPI binder designs, as will be detailed in the next section.

1.1 Research Problems

Five research problems are addressed in this study:

I Predicting PPI with DL from amino acid sequences while considering self-binding and

folding.

II Addressing the scarcity of data about non-interacting proteins with a graph of inter-

acting proteins.

III Automatically learning the deep neural network complexity and depth in order to

obtain high prediction accuracy for both very large and very small (e.g. rare and new

diseases) PPI data sets.

IV Automatically designing a therapeutic protein (binder) that binds to the receptor,

given the amino acid sequence of a pathogen.

In the following, a description, motivation and methodology are provided for each

research problem.

1.1.1 Research Problem I: Protein-Protein Interactions with Fold-

ing and Self-Binding Primary Sequences

PPIs play a fundamental role in drug design, gene therapy and vaccine development. The

study of PPIs relies heavily on complex and time-consuming experiments, which severely

impacts research throughputs. Thus, it is important to provide the researcher with the

most promising cases by screening rapidly through many potential candidates. We in-

troduce a novel deep neural network architecture that allows the binding probability for

3



two proteins to be predicted instantly based solely on their amino acid sequences. Subse-

quently, screenings are performed based on the binding probabilities. The novelty of our

approach lies in the fact that we consider self-binding and folding amino acid sequences (as

illustrated in Fig. 1.1) rather than just looking at these sequences per se. The structure of

the recently identified 2019-nCov (Covid-19) spike [1] exhibits the complexity associated

with folding and self-binding amino acid sequences. These aspects are important because

they determine a protein’s conformation (shape), which, in turn, strongly constrains its

function. Chapter 3 presents our novel Siamese pyramid network (SPNet) architecture

inspired by feature pyramid networks and consists of a multilevel Siamese neural network

with an attention mechanism and a multilevel, trainable binding probability prediction

network. We detail our experimental evaluation performed on a strict data set (no data

leakage), and it is shown that SPNet outperforms the state-of-the-art architectures.

Figure 1.1: Structure of the 2019-nCov spike in the prefusion conformation: a key target

for therapeutic antibodies [1]; each colour corresponds to an amino acid sequence.

The architecture, the contributions, and the experimental results are fully reported in

Chapter 3.
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1.1.2 Research Problem II and III: Adapting to Complexity:

Data Generation and Deep Learnable Architecture for Protein-

protein Interaction Predictions

As stated above, PPIs play an important role in developing new therapeutic treatments

and, specifically, prophylactic vaccines. For instance, the efficacy of a vaccine strongly

depends on the extent to which an antibody may form a stable bond with an antigen. In-

laboratory (in vitro) experiments are both time-consuming and expensive, limiting their

scope to only the most relevant interactions. As already noted, computational experiments

(in silico) have the potential to explore and screen a considerable number of possibilities,

thus vastly speeding up the process of identifying candidates for future experimentation.

PPIs may be learned by deep learning networks, such as our SPNet architecture introduced

above. However, the training of these networks typically requires many instances that may

not be readily available, as in the case of rare or new diseases. Furthermore, the learning

process is made more complex by the scarcity of data about non-interacting proteins,

making networks prone to overfitting.

These two shortcomings are addressed in Chapter 4 of this thesis. A new method, based

on graphs and geodesic distances, extracts non-interacting proteins from the interaction

graph associated with interacting proteins: the most distant pairs, in terms of binding

strength, corresponding to the non-interacting ones. A new balanced data set is created

from STRING: B-STRING, which consists of 17,591,832 protein pairs. In addition, a new

learnable pyramid network architecture is proposed in which the depth and the complexity

of the network are directly learned from the data; such adaptability makes the network

suitable for both small and large data sets. As will be shown in Chapter 4, our resultant

architecture outperforms state-of-the-art neural networks for PPI predictions. It can adapt

its architecture to data sets whose size varies from a few thousand to seventeen million.

Notably, a classification accuracy of over 96% is achieved for all benchmark data sets. The

approach, the contributions, and the experimental results are detailed in Chapter 4.
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1.1.3 Research Problem IV: Therapeutic and Prophylactic Pro-

tein Design with Deep Learning

PPI prediction allows exploring and screening a vast number of possibilities providing the

researchers with the most promising cases. Although systems may be trained once and can

screen millions of proteins in a fraction of a second, the solution is still restricted to known

proteins. Ligands may be optimized, for instance, by performing amino acid substitutions

and macromolecular docking, but these transformations are limited to refinements and

fine-tuning [41]. In addition, new diseases are more likely to be cured by new proteins

than by existing ones [42–44]. Therefore, a new protein must be designed from scratch

considering the interaction with the pathogen, a problem known as de novo design [45–50].

The design of binder proteins for specific target proteins using deep learning is a chal-

lenging task that has a wide range of applications in both designing therapeutic antibodies

and creating new drugs. Machine learning-based solutions, as opposed to laboratory de-

sign, streamline the design process and enable the design of new proteins that may be

required to address new and orphan diseases. Most techniques proposed in the literature

necessitate either domain knowledge or some appraisal of the target protein’s 3-D struc-

ture. We introduce an approach for designing binder proteins based solely on the amino

acid sequence of the target protein and without recourse to domain knowledge or structural

information. Another problem specific to proteins is that there is usually more than one

possible binder for a given target protein [51], which implies that training involves learning

a multivalued function which associates more than one value to each input. Details of the

research are presented in Chapter 5.

1.2 Research Scope

Thesis Concentration - The concentration of this work is on deep learning architectures (i)

to predict protein-protein interactions and (ii) to facilitate protein design.

Experimental evaluations – We employ the following data sets in our experiments:
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• Richoux et al. data set [52]: This data set consists of 16,210 unique proteins with

a maximum length of 1166 amino acids composing of 104,262 pairs in total, among

which 39,412 are binding proteins, that is, proteins with the ability to form either

transient or long-lived complexes. This data set is a strict data set in the sense that

there is no data leakage [53] in between the training set, the validation set and the

test set.

• Guo’s benchmark data set [23]: This data set was employed by Guo et al. It consists

of 20,971 interactive protein pairs (positive examples) and 31,496 non-interacting

pairs (negative examples), in which each protein consists of, at most, 1,200 amino

acids.

• Database of Interacting Proteins (DIP) data set [54]: This data set was first intro-

duced by Xenerios et al. in 2002 and is also a benchmark data set. Multiple releases

have followed since. Version 20160430 is employed for this study. It consists of a

strict data set of 3,242 protein pairs.

• Human Integrated Protein-Protein Interaction Reference (HIPPIE) [55]: This dataset,

which is a benchmark data set, consists of 52,467 proteins pairs. A confidence score

is associated to each pair.

• INWEB dataset [56]: The INWEB dataset was employed in Li’s study, and it is one

of the largest PPI data sets available. As with the HIPPIE dataset, the pairs are

divided between low quality and high quality; the quality threshold was fixed at one.

The high-quality dataset consisted of 8,672 distinct proteins, whereas the low-quality

dataset contained 15,288 proteins, resulting in 141,354 protein-protein interactions

for the former and 380,318 interactions for the latter.

• STRING dataset [57]: The STRING database is a large-scale repository used for

studying protein interactions. It only consists of positive examples, meaning that

non-interacting proteins are absent. It contains a subset of 19,356 Homo sapiens

proteins involved in 5,879,727 PPIs.

• B-STRING dataset: The B-STRING database is constructed based on the known

PPIs in the STRING dataset together with 5,879,727 negative examples (non-interacting
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proteins) in order to create a balanced dataset. The detailed procedure for producing

the B-STRING dataset is presented in 4.

Evaluations - Experimental results related to PPIs are evaluated with the following metrics:

accuracy, F1 score, ROC curves, and precision and recall curves, as is standard in the lit-

erature. For our future work in protein design, the correctness of the predicted amino acid

sequence will be evaluated with the sequence accuracy, the BLEU score (a metric from

NLP) and metrics such as the Smith–Waterman and the Needleman–Wunsch similarity

measures. These bioinformatics measures will enable us to find the optimal global align-

ment between the ground-truth sequence and the predicted sequence and find an optimal

local alignment.

1.3 Research Methodology

Because we attempt to achieve better performance than existing methods, we follow a

quantitative methodology that is commonplace in machine learning. We initiated our work

with a literature review and data collection. We have designed a first deep neural network

for PPI predictions that takes folding and self-binding into account. Considering that

parameter selection is often challenging and that the size and the complexity of PPI data

sets may vary considerably, we next designed a second deep network that automatically

adapts its depth and complexity to the size and complexity of the dataset employed for

training. In addition, we have developed an approach based on transformer architectures

for protein design, utilizing binding scores and priors during learning.

1.4 Thesis Organization

The remainder of this thesis is organized as follows. Chapter 2 introduce essential back-

ground concepts regarding proteins and their interactions, as well as the use of conventional

machine learning techniques and deep learning approaches in this domain. Chapter 3 is

devoted to protein-protein interactions with folding and self-binding primary sequences.
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Chapter 4 discussed the adaptation to complexity; particularly data generation and deep

learnable architecture for PPI predictions. Chapter 5 described our solutions for the mul-

tivalued protein binder design problem. Chapter 6 concludes this thesis and highlights our

future work.
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Chapter 2

Background and Related Work

Recall that this thesis focuses on PPI prediction and PPI design, through the development

of novel deep learning solutions. Predicting PPI concentrates on obtaining the binary

binding result given by a pair of proteins. The main motivation for predicting PPI is that

PPI can be used for predicting protein function [58–60] and developing drug targets [61,62].

In contrast, the design of PPI has the purpose of generating a protein which binds to a

target protein. As for PPI design, it may be utilized to design novel binders and optimize

existing binding interactions [63]. This chapter introduces essential background concepts

to address these two research challenges.

We begin the chapter with a discussion on proteins, PPI prediction and PPI design in

Section 2.1. Following that, we introduce conventional computational studies associated

with the prediction of PPI and the design of PPI. Specifically, in Section 2.2, we introduce

state-of-the-art computational methods used in both types of tasks.

Although remarkable success has been achieved by conventional computational meth-

ods, they have several shortcomings. Indeed, conventional computational methods often

lack precision [63] requiring intensive experiments to optimize the result. In contrast, deep

learning methods have outperformed traditional algorithms in many domains. To this end,

we review the most relevant deep learning studies in Section 2.3.
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2.1 Biological Background of Proteins

2.1.1 Protein: A chain of amino acids

To illustrate proteins, we need to explain the basic elements composing the proteins which

are amino acids. Amino acids are organic compounds that comprise a carboxylate, an

amino, and a side chain [64]. The side chain determines each amino acid. To date, more

than 500 naturally existing amino acids have been identified [65] which seems to be a small

fraction of the total. According to Kitano et al. , in homo sapiens alone, the total number

of amino acids is estimated to be about 80,000 [66]. So far, 20 amino acids have been

identified as standard amino acids which are repeatedly found in human protein struc-

tures. These 20 amino acids can be classified into two major categories: essential and

non-essential amino acids. The former category includes valine, leucine, isoleucine, lysine,

threonine, phenylalanine, methionine, histidine, and tryptophan. The latter group com-

prises glutamine, asparagine, glutamic acid, arginine, alanine, proline, cysteine, aspartic

acid, serine, glycine, and tyrosine. Beyond the standard amino acids, selenocysteine has

been found to be the 21st amino acid in homo sapiens [67]. Each amino acid mentioned

above possesses a unique one-letter abbreviation used to represent it in sequence format.

There are also several special letter codes in use. In some cases, it is not possible to differ-

entiate aspartic acid and asparagine, or glutamic acid and glutamine. Therefore, code B is

used for the amino acid that cannot be determined between aspartic acid and asparagine,

and code Z is used for the amino acid that cannot be determined between glutamic acid

and glutamine. One more special code, X, can refer to any amino acid and is only used

when the exact amino acid cannot be determined. The amino acid code charts are shown

in Table 2.1.

Amino acids can be linked through chemical bonds. Two major reactions in which

this happens are the condensation reaction and cysteine oxidation. In the condensation

reaction, the first amino acid loses its hydroxide (-OH) and the second loses its hydrogen (-

H) to form a molecule of water and connect the two amino acids. This connection is known

as an amide or peptide bond. Besides the peptide bond, another major bond that links

amino acids is the disulfide bond that forms during cysteine oxidation. In this reaction,
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Amino Acid Code Abbreviation

Alanine A Ala

Cysteine C Cys

Aspartic acid D Asp

Glutamic acid E Glu

Phenylalanine F Phe

Glycine G Gly

Histidine H His

Isoleucine I Ile

Lysine K Lys

Leucine L Leu

Methionine M Met

Asparagine N Asn

Proline P Pro

Glutamine Q Gln

Arginine R Arg

Serine S Ser

Threonine T Thr

Selenocysteine U Sec

Valine V Val

Tryptophan W Trp

Tyrosine Y Tyr

Aspartic acid or Asparagine B Asx

Glutamic acid or Glutamine Z Glx

Any amino acid X Xaa

Table 2.1: Code and abbreviation for homo sapiens amino acids
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two molecules of cysteine lose their hydrogens and become linked by the disulfide bond.

This reaction leaves a connected single molecule, called a cystine.

Through the two reactions described above, amino acids can be linked into a long

chain, which is a protein sequence. Since the amino acids in this sequence have lost their

hydroxide and hydrogen, they are now referred to as amino acid residues. Therefore, the

amino acid sequence for each type of protein is unique. This sequence determines the

shape, biochemical properties, and cellular function of the stand-alone protein [68]. This

characteristic of protein is of primary importance and justifies the foundation of our work,

which is to use the amino acid sequence as our only information source.

Figure 2.1: 3D Structure of the protein multiprotein-bridging factor 1 acquired from iCn3D.

[2].

Protein is present in all life forms on earth. It provides nutrition and structural sup-

port, and it catalyzes most of the biochemical processes in the cell [69]. To perform these
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functions, proteins must fold into unique three-dimensional shapes known as their native

states [70]. For instance, in Fig. 2.1, the protein multiprotein-bridging factor 1 folds into a

three-dimensional structure from a linear amino acid sequence. The structure of a protein

can be categorized into four levels: primary structure, secondary structure, tertiary struc-

ture, and quaternary structure. The primary structure, also known as primary sequence,

refers to the amino acid sequence of a protein which determines the shape and function of

the protein [68]. The secondary structure of a protein is formed by stable folding patterns

that happen only in neighbouring regions. These folding patterns are caused by hydrogen

bonding between amino groups and carboxyl groups, known as α − helix, β − sheet, and

turns. The main characteristic of the secondary structures is that they can repeatedly

occur in the same protein since secondary structures are local structures. The tertiary

structure is obtained from a higher perspective and refers to the general shape of a single

protein molecule. The tertiary structure controls the basic function of the protein. The

next level of protein structure is the quaternary structure, which is made up of several

protein chains that function as a single protein complex.

Another critical condition for protein functions is that most of them require cooperation

between two or more proteins. This cooperation is steered by protein-protein interactions.

2.1.2 Protein-Protein Interaction

Protein-protein interactions (PPI) refer to physical contacts between two or more proteins

and are responsible for most cellular processes [71–74]. According to Phizicky et al. [75], the

properties of PPIs include modifying the structural features of enzymes, enabling substrate

channelling, creating novel binding sites for small ligands, and suppressing proteins.

Understanding PPIs is a phenomenon in inferring the functions of a protein because

the functionality of a protein can be analyzed using evidence of its interactions with other

proteins. The study of PPIs also improves the comprehension of cellular biochemistry [76].

To categorize the PPIs, there are various standards regarding distinct aspects. The first

rule is to differentiate interactions by whether they are constituted by identical proteins.

For this, the quaternary structures of protein complexes provide the best perspective.
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Here, we can determine the type of a given PPI from the complex formed by the protein

subunits. If the protein subunits are from one single type, we recognize the complexes as

homo-oligomers. Conversely, protein complexes that are constructed of various types of

subunits are classified as hetero-oligomers [77].

The other classification method is the duration time of a complex formed by protein

subunits. If the complex lasts for only a short period, this indicates that the proteins

only interact briefly. These brief interactions are usually reversible and are recognized as

transient interactions. For instance, chemokines are small proteins which act as chemoat-

tractants. They guide the direction of cell movement. The cell migrates to the source

of chemokines by the ascension of its concentration. This signal can only be identified

by chemokine receptors located on the surface of cellscitemurphy2000international, mur-

phy2002international. Therefore, cell migration is directed by the interactions between

chemokines and their receptors, known as transient interactions [78]. In comparison, the

interactions among protein subunits are referred to as stable interactions, since these per-

manent protein complexes, such as cytochrome c [79] and ATPase [80], last a long time.

Many in-lab methods for PPI detection have been developed. These can be divided

into two categories: in vivo method and in vitro method. The best-known study using in

vivo methods might be the Yeast two-hybrid (Y2H) technique, which was first proposed by

Field et al. in 1989 [81]. The Y2H approach utilizes the biological characteristic of yeast

that if a protein A in its Gal4 DNA-binding domain interacts with a protein B in its Gal4

activation domain, a transcription of the reporter gene will appear. With the presence of

this gene, we can imply whether the protein pair is interactive or not. The development

of this method has undoubtedly accelerated the progress of screening protein interaction.

However, since the Y2H technique employs yeast as the host system, it encounters the

problem of a high false negative rate when applicated to mammalian proteins [82].

For in vitro approaches, one of the earliest attempts is Tandem affinity purification–mass

spectroscopy (TAP-MS), first carried out in 1999 [83], which is mostly used in detecting

stable interactions. The advantage of this approach is that besides identifying protein in-

teractions, it can be used to test the activeness of the protein complexes formed by the

interactions [22]. However, since TAP-MS contains a purification process, interactions may

be washed out and missed. Also, TAP-MS is unable to detect transient interactions [84].
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Another widely used in vitro approach is DNA microarray [85]. The primary idea un-

derlying DNA microarray is that the subunits in a protein complex are highly related to

the gene expression of these subunits. Therefore, we can compare the gene expressions of

target protein pairs with those of random noninteracting protein pairs. As shown in the

study [86], with this approach, we can use the most obvious coexpression to identify per-

manent protein complexes. The DNA microarray method does have the drawback that,

like TAP-MS, it lacks the ability to detect transient interactions. In contrast with the

above methods, which target stable and permanent interactions, the affinity chromatog-

raphy approach has the advantage of high sensitivity and can be used to detect even the

weakest interactions, according to Rao et al. [22]. However, this advantage is associated

with its drawback, that this high specificity among proteins causes a high false positive

rate.

2.2 Conventional Computational Approaches

As illustrated above, the research into detecting PPI has been very successful. However,

the experimental studies remain prone to errors [87, 88]. Moreover, although these ap-

proaches have improved efficiency and obtained high-throughput performance, we are still

unable to go through all possible PPIs in even a single species using only experimental

approaches. According to Hosur [89], a species with 10,000 genes can form a set of possible

PPI containing more than 50 million interactions. Therefore, the study of a computational

approach to PPI is not only for the purpose of improving efficiency but also because the

enormous number of possible interactions makes it an impossible problem for experimental

methods.

In this section, we will review the computational studies of PPI from two perspectives:

the prediction of PPI and the design of PPI. The prediction of PPI is to determine whether

a protein pair is interactive. The design of PPI is to create a protein de novo or modify an

existing protein to enable it to interact with a target protein. PPI prediction allows large-

scale screening of PPI in a short time and can help with identifying whether two arbitrary

proteins can interact. PPI design is mainly used for creating novel proteins to interact
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with a target protein, which has significant application in drug target development.

Before our review of computational approaches, we will review some conventional ma-

chine learning techniques, since they are widely used in these computational methods.

Moreover, these machine learning techniques usually act as the core classifier in the com-

putational approaches, so knowledge of them is required to fully understand these compu-

tational methods. Background information about machine learning will be provided in the

first subsection, followed by the computational approaches.

2.2.1 Conventional Machine Learning Techniques

2.2.1.1 Decision Trees and Random Forests

Many computational PPI prediction studies have employed random forest approaches as

their backbone machine learning models [90–92]. There are a few possible reasons for

this. First, the performance of random forest is generally good and stable. Second, unlike

other black-box machine learning methods, random forest brings interpretability to the

machine learning models obtained. Also, as a bootstrap aggregation approach, random

forest increases the stability of the model and reduces the variance. Therefore, a random

forest model is less likely to overfit.

To better demonstrate how the random forest achieves these advantages, we should

explain the decision tree, which is a basic unit of the random forest. As described by Bishop

[4], a decision tree can be viewed as ”a sequential decision-making process corresponding

to the traversal of a binary tree”. A binary tree is composed of its root node, intermediate

nodes, leaf nodes, and decision rules. The root represents the initial state of the tree. By

adding new decision rules, we obtain leaf nodes and intermediate nodes. Leaf nodes are

the nodes where the tree stops growing and makes the final predictions. The intermediate

node, on the other hand, can be further divided and grow other nodes. Optimizing a tree

is usually done using a greedy strategy, which is to make one split at a time. At every step,

the optimal split can be found with an exhaustive search. However, a problem remains:

which criteria to use to determine an optimal split. For one of the most popular decision

tree algorithms classification and regression trees (CART) [3], the metric utilized is the
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Figure 2.2: Illustration of a decision tree and its corresponding growing process [3].

Gini index, which is calculated in Eq. 2.1. In this, pτk is the proportion of data points

classified as category k given by region Rτ .

Qt(T ) =
K∑
k=1

pτk(1− pτk) (2.1)

Random forest, as suggested by its name, comprises a set of decision trees. It was

created by Ho et al. in 1995 [93]. During the training time, the training data are sampled

with replacement into a set of datasets by bootstrapping. Since each dataset obtained

is slightly different from the rest, each trained decision tree is also distinct. In addition,

the trees utilize a subset of features and are not pruned [94]. In this way, the over-fitting

phenomenon occurring in decision trees is mitigated. The training process is shown in Fig.
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Figure 2.3: Illustration of the training process of a random forest [4].

2.3. In the prediction stage, the decision trees in the random forest work individually first.

Then, the prediction of each tree is collected, and the final result is obtained by majority

vote, as shown in Fig. 2.4.

2.2.1.2 Naive Bayes

In Liu et al. ’s computational PPI prediction study [95], the likelihood of both interactive

pairs and non-interactive pairs was calculated based on their co-evolutionary divergence

information. Subsequently, the likelihood was used to train a Bayesian classifier. The major

advantage of a Bayesian classifier is that it does not rely on large amounts of training data,

which is particularly useful during the early development of computational PPI prediction

because few large datasets are available.

The Bayesian classifier is constructed from the Bayes theorem, named after Thomas

Bayes, which describes the probability of an event given the probability of a related condi-

tion, as shown in Eq. 2.2. Here, P (B) is the evidence, while P (A) is the prior knowledge.

The term P (B|A) is the likelihood, which indicates the probability of observing B given
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Figure 2.4: Illustration of the prediction of a random forest [4].

the condition of A.

P (A|B) =
P (B|A)P (A)

P (B)
(2.2)

This theorem is utilized in the classification problem. Given x as an instance to be

classified, which is also the evidence, an instance x as a vector holds n attributes. This

can be represented as: x = {x1, x2, ..., xn}. We would like to obtain the probability of this

instance belonging to a certain class cj in all possible K categories, which is represented

as P (cj|x). Then, we can express the problem by the Bayes theorem as Eq. 2.3.
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P (cj|x) =
P (x|cj)P (cj)

P (x)
(2.3)

By statistically analyzing the dataset, we can obtain the probability of each class cj,

referred to as prior knowledge. Another component in the equation that needs to be solved

is P (x). Since P (x) is independent from any class and from the values of its attributes,

the term P (x) is constant, and in practice, it is ignored. The last component to be solved

is the likelihood function P (x|cj). First, we combine the two components in the numerator

as Eq. 2.4.

P (x|cj)P (cj) = P (xcj) = P (cj, x1, x2, ..., xn) (2.4)

Eq. 2.4 can be extended into Eq. 2.5 by repeatedly applying the conditional probability.

P (cj, x1, x2, ..., xn) = P (x1|x2, ..., xn, cj)P (x2, ..., xn, cj)

= P (x1|x2, ..., xn, cj)P (x2|x3, ..., xn, cj)P (x3, ..., xn, cj)

= · · ·
= P (x1|x2, ..., xn, cj) · · ·P (xn−1|xn, cj)P (xn|cj)P (cj)

(2.5)

Due to the assumption that all attributes in the vector x are mutually independent and

only conditional on category cj, each term in Eq. 2.5 can be simplified as Eq. 2.6.

P (xi|xi+1, ..., xn, cj) = p(xi|cj) (2.6)

If we apply this process to every term in Eq.2.5, we can obtain Eq.2.7.

P (cj, x1, x2, ..., xn) = P (cj)
n∏

i=1

P (xi|cj) (2.7)

Bring Eq.2.3 to Eq.2.7 together we can have the proportional substitution of Bayes

equation as Eq.2.8.
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P (cj|x1, x2, ..., xn) ∝ P (cj)
n∏

i=1

P (xi|cj) (2.8)

To predict the category that an instance belongs to, we select the category cj, with

which we obtain the largest P (cj)
∏n

i=1 P (xi|cj) which can be expressed as Eq. 2.9.

ŷ = argmax
j∈{1,2,...,K}

P (cj)
n∏

i=1

P (xi|cj) (2.9)

2.2.1.3 Support Vector Machines

PPI prediction is equivalent to binary classification in that the given pairs are divided into

interactive pairs and non-interactive pairs. For binary classification tasks, a support vector

machine (SVM) [96] is one of the most dominant supervised machine learning algorithms,

which explains its many applications of it in PPI prediction [10,20,97]. The major idea of

an SVM is that it regards the training data as points in a space, then learns a hyperplane

to separate the two categories. Generally, our target is a model which can be generalized

outside the training data. For an enhanced generalization ability, the final optimizing goal

for an SVM is to obtain a hyperplane that maximizes its distance from the nearest data

point. The obtained hyperplane is also known as a maximum-margin hyperplane. With

this, we would expect that given an arbitrary new data point, it can be classified with

more confidence.

The above concepts can be used to describe the optimization of an SVM. First, if the

labels for a binary classification problem are specified as +1 and −1, and b as a bias term,

the constraint of the optimization is presented as Eq. 2.10.

wTx− b ≥ 1, if yi = 1

wTx− b ≥ 1, if yi = −1
(2.10)

Then the distance D between two hyperplanes is calculated as Eq.2.11.

D =
2

∥w∥
(2.11)
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To maximize D, the optimization goal is then to minimize w subject to Eq.2.10.

As a linear classifier, the SVM encounters certain problems. The first one is that for

some of the data, there exist outliers or errors in labelling. Therefore, in reality, an SVM

sometimes cannot perfectly separate the given data points. Because of this, a hard margin

is not appropriate, so a soft margin is introduced. Instead of optimizing the problem with

a constraint, the constraint is replaced by a hinge loss, as shown in Eq. 2.12.

lhinge = max(0, 1− yi(w
Txi − b)) (2.12)

The hinge loss for the entry, classified correctly, equals 0. In the optimization of an SVM

with soft margins, the goal becomes a combination of two tasks: maximize the margin and

misclassify as few samples as possible. A parameter λ is introduced to control the balance.

Finally, the optimization goal is described as Eq. 2.13.

λ ∥w∥2 +

[
1

n

n∑
i=1

max(0, yi(w
Txi − b))

]
(2.13)

The other problem for a linear classifier is that some of the classes may not be linearly

separable. To solve this problem, in 1992 Boser et al. [98] suggested introducing the kernel

trick to leverage the SVM into a nonlinear classifier. The procedure is to project every

data point to a higher dimensional space using a nonlinear kernel function. One of the

most powerful and commonly used kernels is the Gaussian radial basis function, Eq.2.14,

while σ is a free parameter.

K(x1, x2) = exp(−|x1 − x2|2

2σ2
) (2.14)

2.2.1.4 Gradient Boosting

The other conventional machine learning technique that has been widely used in compu-

tational PPI prediction is gradient boosting [99]. Similar to a random forest, gradient
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boosting is an ensemble learning method. What differentiates the gradient boosting ap-

proach from the random forest is that it is a boosting method rather than a bagging

method. Random forest, as a bagging method, trains multiple decision trees or regression

trees simultaneously and obtains the final results by majority voting. In contrast, the

boosting method trains sequentially to learn the residual errors of the previous predictor.

This process can be expressed by Eq. 2.15, in which fm represents the ensembled model

at iteration m and tm indicates the last-trained learner, while η is the learning rate.

fm = fm−1 + ηtm (2.15)

We aim to fit the latest added learner into the fastest direction to lower the loss, which

is given by the negative derivative of the loss calculated in the previous iteration. The

computation of tm is presented by Eq. 2.16.

tm = − ∂loss

∂f(m− 1))
(2.16)

Empirically, the boosting approaches tend to surpass bagging methods by their predic-

tion power. Boosting methods also have the advantage of being easy to interpret by their

sequential alignment with learners. However, gradient boosting has the flaw of being sensi-

tive to outliers because of its sequential optimization process, in which each learner added

is dedicated to compensating for the errors left by its predecessors. Therefore, gradient

boosting models might end with fitting the outliers.

2.2.2 Computational Prediction of PPI

2.2.2.1 Three Dimension Structure Based Approaches

This category of PPI prediction approaches follows an intuitive idea that the interactions

between pairwise proteins are caused by the three-dimensional structure of a pair of sub-

units that interact with each other (also known as interface residues) [100]. Therefore,

different pairs of proteins with a similar binding site containing the same or similar inter-

face residues should also interact [22]. A compelling study using this approach was carried

24



out by Lu et al. in 2002 [101], taking protein-protein interfacial energy into account. The

interfacial pairwise potentials derived were used to construct a dataset containing multi-

meric protein structures. This benchmark set included 40 homodimers, 15 heterodimers

and 69 monomers. The interfacial knowledge obtained from this set was utilized, along with

the novel threading algorithm, to scan through all possible pairs of yeast proteins. They

obtained 2865 PPIs in total and were able to confirm 1215 of them in the DIP dataset [54].

Lu et al. ’s approach is a promising attempt at using existing protein structure templates

for screening possible candidates. However, since the screening can only be done with

the knowledge of binding sites, it can only search PPIs with this information and cannot

identify PPIs with novel binding interfaces.

Another critical research study utilizing a three-dimensional structure was proposed

by Joan et al. in 2013 [90]. The novelty of this study is that, as a three-dimensional

computational method in PPI, it also takes the non-interacting region into consideration.

Joan et al. first constructed a balanced dataset with interactive pairs and non-interactive

pairs. The interactive pairs were retrieved by Biological Interactions and Network Anal-

ysis [102], which integrates multiple sources of PPIs including HPRD [103], MINT [104],

BioGrid [105], IntAct [106], and MIPS [107]. The negative pairs were collected from the

Negatome database. Next, three different structures were utilized to obtain protein signa-

tures: domains, loops, and loops belonging to the same domain. A combination of protein

signatures, one from each partner, was used to construct each interaction signature. If an

interaction signature was observed in the positive reference set, it was noted as positive.

Based on this, a set of statistical features were calculated and employed as classifiers for

interactive or non-interactive.

To evaluate each type of interaction signature, Joan et al. also trained a set of random

forest classifiers equipped with different interaction signatures. The best performance was

obtained by joining all interaction signatures. Joan et al. ’s study provides a unique per-

spective for PPI prediction using a set of well-designed statistical features which separates

interactive and non-interactive pairs. This study also reveals significant domain knowl-

edge for PPI. As claimed, the interacting region is not the only factor that determines an

interaction; the rest of the protein is also important [90]. This finding supports the com-

putational approaches which utilize entire protein information. For instance, the primary
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sequence–based approaches, which will be reviewed in the next subsection, use the entire

primary sequence of proteins as input.

2.2.2.2 Primary Sequence Based Approaches

According to Anfinsen et al. , the protein sequence also known as the primary structure

provides sufficient information for determining the likelihood of interaction between a pair

of proteins [108]. Anfinsen et al. ’s study provides a theoretical foundation for computa-

tional methods that utilize only primary sequence information. An early attempt at using

primary sequence to predict PPI was conducted by Bock et al. [109] in 2000. This study

addressed the research question of whether the PPI prediction problem can be directly

solved using the primary sequence and associated data such as physicochemical proper-

ties. The solution provided by Bock was to construct a feature representation for each

protein sequence in a pair by encoding every residue in the sequence into a physicochemi-

cal property vector, including charge, hydrophobicity, and surface tension. Since proteins

have widely varying native lengths, the study also normalized the length of the obtained

representations by mapping them onto a fixed-length interval. Next, for each protein pair,

the representation was assembled by concatenating the representation for every partner of

the pair. A support vector machine was trained on the obtained representations of the

protein pairs.

Bock et al. ’s method showed promise, performing with 80.96% accuracy. This approach

is a remarkable milestone in computational PPI prediction which provides a novel and

elegant solution. However, it may have a drawback in that the amino acid sequences in

the negative dataset are generated randomly. These artificial proteins possess an inherent

bias, and exactly based on which, the non-interactive pairs were designed. This bias may

not be the authentic reason for the non-interacting phenomenon. Worse, this inherent bias

could be learned by an SVM and used as the hyperplane to separate the interactive and

non-interactive pairs.

In 2012, Liu et al. [95] carried out a novel sequence-based co-evolution algorithm to

predict human PPI. This algorithm, known as co-evolutionary divergence (CD), is built on

the assumption that protein pairs with similar substitution rates have higher probabilities
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for interaction. Liu et al. first retrieved 16,299 proteins from Homo sapiens and their

orthologous proteins from other 13 vertebrates, for a total of 172,338 protein sequences.

Next, the software ClustalWe was employed to conduct pairwise alignment among these

protein sequences. Using these alignments, the number of amino acid substitutions per site

was calculated and used as the substitution rate. The absolute value of the substitution

rate difference between protein pairs was used to measure the CD of the interactive pairs

and non-interactive pairs. Then, the CD values were used to calculate the likelihood of

protein interaction given by a CD value, which was done by dividing the proportion of

interactive protein pairs within a bin of CD values by the proportion of non-interactive

pairs within the same bin of CD values. Finally, the likelihood was used to obtain a naive

Bayes classifier. Liu et al. ’s approach successfully utilized the protein sequence to achieve

a CD-based Bayesian classifier and outperformed its predecessor. However, its performance

was not precise enough; the highest AUC score obtained was 0.783. Also, this approach

cannot be applied to an arbitrary protein if there is no orthologous protein. Although they

tried to solve this problem by setting the likelihood of a missing orthologous protein at

1.0, this remedy does not provide a meaningful approximation.

2.2.2.3 Gene Neighboring Based Approaches

The history of the study of a gene neighbouring approach for PPI can be traced back to

1998 [110] and one of the earliest genomic context–based PPI prediction attempts. The

general concept of this approach is that when the genes responsible for certain proteins are

located close to each other in the genome, this implies that the corresponding proteins are

highly related and likely to interact. For instance, Yamada [111] pointed out that the adja-

cent bidirectional genes have a functional link. The inference of PPI using gene neighbour-

ing can be strengthened when the neighbourhood relationship appears repeatedly across

various genomes. Therefore, the quality of prediction using the gene neighbouring method

depends on the number of genomes provided [112], and this approach is not applicable

without knowledge of the related genomes. Another limitation is that the gene neighbour-

ing in eukaryotes genomes is evident for PPI prediction, which prohibits its application

in eukaryotes. In addition, although the simplicity of gene neighbouring is preferred, this

characteristic causes a false negative rate because it frequently fails to recognize distantly
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located genes [113]. Recently, Muley et al. found another drawback [114], that the choice

of reference of genomes has a strong effect on the prediction result of gene neighbouring

methods.

2.2.2.4 Phylogenetic Similarity Based Approaches

The phylogenetic similarity approach, also known as phylogenetic profile, can be regarded

as an extension of gene neighbouring. The phylogenetic profile approach constructs a

profile for each protein containing information about its presence across multiple organisms.

The profiles are compared with each other to compute similarity scores. The higher the

similarity score associated with a protein pair, the more likely it is that this pair would

interact [115, 116]. The theoretical support for this approach is that proteins that are

linked together by their functions tend to coexist during evolution [117]. Therefore, if the

phylogenetic profiles of proteins are similar, it implies that the two proteins are likely to be

linked in functions. The phylogenetic similarity approach can be used to detect the distant

interactions that gene neighbouring fails to detect. It also has an additional ability, which

is to discover the function of a protein.

However, this approach also possesses shortcomings. First, in contrast to gene neigh-

bouring, a phylogenetic similarity approach requires full genome sequences, which are more

difficult to access. Second, its performance depends strongly on the number of genomes

provided [114]. Moreover, some of the essential proteins appear in most of the organisms

with no detectible difference in their phylogenetic profiles, in which case this approach

cannot be applied.

2.2.3 Computational Design of PPI

Although various computational methods have been developed for predicting PPI, they

lack the ability to generate novel proteins and are thus limited to known proteins. Given

a protein without such information, it is impossible for any PPI prediction approach to

obtain a binder. Therefore, the computational PPI design comes into application. The

existing approaches for computational PPI design can be roughly categorized into two
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kinds: 1) PPI redesign, and 2) de novo PPI design. The first refers to the approaches that

create variants based on known protein structures, including primary structures, while the

second means designing a protein from scratch.

2.2.3.1 PPI Redesign

PPI redesign approaches can be further classified into three categories. The first optimizes

the existing binding sites. One study attempting to modify the PPI was carried out by

Chen et al. [118]. In this study, Chen et al. developed a computational approach which re-

engineers a specific protein Bcl−XL to reduce its interactions and turn it into a high-affinity

and selective binder of the BH3 region of proapoptotic protein Bad. First, manual structure

inspection and modelling software Rosetta [119] are used to predict desired sequences

features, which include the residues responsible for 1) maintaining the binding relationship

with the target, which in this case is the BH3 region of protein Bad, and 2) imparting

the specificity over an alternative, which is the BH3 region of protein Bim. The selected

proteins are optimized as an integer linear program (ILP) [120] and generate a focused

combinatorial library. The limitation that excludes this method from a general application

is that it is designed with prior knowledge that is highly specific to the single protein region

BH3.

The second category of approach in PPI redesign is to graft one side of a natural

binding site to increase the affinity. One such study was conducted by Azoitei et al. [121],

whose approach integrates the computational techniques with experimental selection to

graft the epitope of HIV gp120, enabling it to bind the antibody b12 onto an unrelated

scaffold protein. This method first searches the suitable scaffolds in the Protein Data Bank

(PDB) [122]. Then, the scaffolds are modified and optimized by replacing native scaffold

backbones with motif backbone segments. Next, in the stage of computational-guided

library design, small libraries are devised based on the sampling of low-energy structures.

The best models selected by Rosetta are screened. Similar to the approaches that optimize

existing binding sites, this category of PPI redesign requires sufficient prior knowledge and

relies on experimental selection procedures.

The third approach in PPI redesign is to graft both sides of an existing natural binding
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site [121]. Potapov et al. carried out a study in 2008 based on the interaction between

TEM1β − lactamase and its inhibitor protein. This study replaces a complete module of

the interface between the two proteins with structural fragments from non-related proteins,

achieving both high affinity and specificity. A possible drawback of this approach is that

the replacing interfaces are ready-made templates retrieved from PDB, which limits it to

existing PPI interfaces.

For our research, we intend to design a computational approach in which the designs

generated are free from such restrictions, including protein structures and interface tem-

plates. Therefore, these approaches are not suitable for our research topic.

2.2.3.2 De Novo PPI Design

De novo PPI design has three categories. The first category is to design a cluster of residue

interactions and search for the protein based on it. One general computational method

based on residue cluster design was proposed by Fleishman [123] in 2011. This approach

was used to produce the influenza hemagglutinin with high affinities. The core strategy

behind this approach is to form high-affinity interactions at the interface between the pro-

teins. The first step is to construct an interaction hotspot region with the single-residue

docking function provided by RosettaDock software [124]. By doing this, the interactions

of a larger number of surfaces on the target protein can be computed beforehand. This

information allows all compatible rotamers for each residue in the hotspot region to be

retrieved. At the same time, the high-shape-complementary configurations of the designed

protein according to the target protein surface are computed by the coarse-grained docking

technique. The two results obtained, the rotamers and the configurations, are combined.

The rotamers are incorporated into the scaffold protein and then examined by both struc-

tural and energetic filters. The remainder of the residues in the scaffold at the interaction

surface is designed and refined.

The other category of de novo PPI design is to search the binder with high affinity and,

based on this, to obtain novel ones by optimization. Jha et al. carried out research within

this category in 2010 [125], designing a computational protocol known as Dock, Design,

and Minimize Interface (DDMI). In this approach, given a docked conformation for the
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scaffold and the target backbones, a low-energy sequence for the docked conformation is

generated by searching the side chain sequences and conformations. The whole process is

accomplished iteratively. At the beginning stage of DDMI, the docking of the two proteins

is enacted using randomization, including the position, orientation, and docking of the

scaffold protein. During the iteration, the designs are optimized using a gradient-based

approach and eventually settle in a low-energy state.

The study by Der et al. [126] belongs to the third category of de novo PPI design, which

is to utilize the metal-binding sites and optimize the affinity around these sites. First, the

two-residue cysteine/histidine zinc-binding sites are searched through the monomer scaffold

surfaces. Then, the scaffold surfaces on the monomers are grafted with the obtained

residues. Next, the two proteins are rotated to make a symmetric complex. A grid search

is carried out for the second chain to obtain a proper zinc coordination geometry. The

design is utilized by Monte Carlo simulated annealing. Similar to other computational

methods, the obtained results are filtered by binding energy to obtain high-quality results.

The above methods all require sufficient prior knowledge of the backbone structure of

the target proteins and the scaffolds. For instance, Fleishman et al. ’s approach depends

on searching the library of scaffolds and retrieving the complements of the target proteins.

In addition, some of the approaches are highly specific to a certain type of PPI. The

metal-binding method, even as a more general approach, is still restricted to nonpolar

proteins [126].

2.2.4 Discussion

In subsection 2.2, we illustrated the widely used conventional computational approaches

in PPI prediction and design. We first talked about the conventional machine learning

techniques that have been employed in these approaches. Their advantages and limitations

are summarized in Table 2.2. Then, we introduced the conventional computational PPI

prediction methods, which are summarized in Table 2.3. Finally, we discuss the PPI designs

with computational approaches which are summarized in Table 2.4.
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2.3 Deep Learning Approaches

In recent years, both the computer vision and natural language processing industries,

amongst others, have witnessed a tremendous surge of deep learning-based solutions [30,

31,127]. Indeed, deep learning architectures have been successfully employed in numerous

domains. For instance, Mesbaha et al. developed a novel approach for lip reading [128] in

which the discrete Hahn polynomial [129] is adopted and combined with a convolutional

neural network. Also, in the domain of the Internet of Things (IOT), Zhang et al. proposed

an approach utilizing deep reinforcement learning to achieve lower energy consumption,

while witnessing less delays and leading to lower monetary costs, when making optimal

offloading decisions [130]. Deep learning architectures are also adopted in health care,

including a solution where several hidden convolution layers is proposed for solving the

seizure detection problem and successfully detected 94.6 percent of the 198 tested seizure

records [131].

Given enough high quality data, deep learning approaches are often able to surpass

conventional algorithms and machine learning approaches [32, 33]. As a result, attempts

in the applications of PPI prediction and design have been carried out to benefit from the

advantages of deep learning approaches [34, 36, 38, 47–49, 132–136]. With this motivation,

we focused on applying deep learning algorithms to PPI prediction and design problems.

Next, we review advanced deep learning techniques relevant for our research.

2.3.1 Advanced Deep Learning Techniques

2.3.1.1 Siamese Neural Network

The Siamese neural network is a specific category of deep learning neural network that

contains two individual branches to process two different input vectors by shared weights.

The results are computed based on the comparison or combination of the inputs. Fig.

2.5 shows the general structure of a Siamese neural network. This type of network was

first proposed by Bromley et al. [5] in 1993 and was originally designed for recognizing

handwritten checks.
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Figure 2.5: General structure of Siamese neural network [5].

For a Siamese neural network denoted as S, S contains twin networks Sr, Sl. During

both training and inference, the weights are shared by the twin networks as w(Sr) = w(Sl).

Therefore, the computations in the two information flows are identical, which can be further

denoted as f1(xl) and f1(xr), while the entire Siamese network can be aggregated as Eq.

2.17, which can be written into Eq. 2.18.

S(xl, xr) = f2(Sl(xl), Sr(xr)) (2.17)

S(xl, xr) = f2(f1(xl), f1(xr)) (2.18)

From Eq. 2.18, it is obvious that if a symmetric procedure is used as the final process func-

tion f2 such as distance metrics, a Siamese neural network will also possess the symmetry.

Therefore, it has been widely applied to applications related to comparisons, including

handwriting recognition, face recognition, and fingerprint recognition.

When the final process function is replaced, a Siamese neural network can be used to
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solve the PPI prediction problem [36, 38, 52]. There are two major advantages. First, the

Siamese neural network provides an end-to-end structure for the task, with two parallel

inputs associated with a single output, which suits the PPI prediction problem. Second,

constructing a dataset for PPI prediction is more expensive than a regular dataset because

of the requirements for highly specific knowledge and intense experiments, so deep learning

applications in PPI prediction are sometimes limited to only small datasets. The Siamese

neural network structure shares the weight in its branches, greatly reducing the number of

parameters and alleviating the risk of overfitting.

2.3.1.2 Convolutional Neural Network

One of the most essential neural network structures employed in this thesis, especially for

PPI predictions, is the convolutional neural network, which has drastically shaped modern

techniques in computer vision. A variant, AlexNet [137], is one of the most influential

studies and started the widespread trend of deep learning. By dividing the calculation

into two and assigning them to different GPUs, Krizhevsky et al. made computation of a

large-scale neural network feasible and achieved the best performance in the 2012 ISLVR

challenge [138]. Since then, many other papers have been published based on convolutional

neural networks including VGGNet [139], GoogLeNet [140], ResNet [141], DenseNet [142],

and ConvNeXt [143]. The convolutional-based neural networks have been applied to vari-

ous fields such as lesion detection [144], image segmentation [145, 146], and protein struc-

ture prediction [47]. A convolutional neural network is usually composed of two layers:

convolutional layers and pooling layers.

In this thesis, the study target is the primary structure of protein only, which is a

one-dimensional amino acid sequence. Therefore, the convolution layers employed in our

studies are primarily one-dimensional convolution, which is explained below. The operation

involved in the convolution layer is kernel convolution, which applies a sliding window to

the input and conducts element-wise production with a summation. Denoting the input

as s and the kernel as k, for an arbitrary position t in the input sequence, the convolution

results can be calculated as Eq. 2.19.
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Figure 2.6: An example of one-dimensional convolution.

R[t] =
L∑
i

k[i]s[t + i] (2.19)

With this operation, the convolution layer is able to extract features and provide trans-

lation invariance [147].

Figure 2.7: An example of the one-dimensional max pooling operation.

The other major component employed in a convolutional neural network is the pooling

layer. A pooling layer functions similarly to a convolution operation by applying a sliding

window. In contrast with a convolution layer, it usually applies a function to the submatrix

rather than utilizing a kernel. There are two major types of pooling layers: the max pooling

layer and the average pooling layer. The functions applied to the submatrix for the two

categories are the max function and the average function, respectively.
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2.3.1.3 Residual Neural Network

The design of a residual neural network was first proposed as ResNet by He et al. in

2016 [141]. This is an artificial neural network structure with skip connections. Its general

structure is presented in Fig. 3.2. An improved version of ResNet is DenseNet, which

contains multiple parallel skip connections [142]. Neural networks with skip connections

are able to learn the residual between the output and the ground truth label which stabilizes

the gradient during propagation through multiple layers. Denoting the input of layer i as

xi and the layer i as fi(x), we can calculate the input xi+1 for layer i + 1 as Eq. 2.20.

xi+1 = xi + fi(xi) (2.20)

Similarly, the input xi+2 for layer i + 1 is calculated as Eq.2.21.

xi+2 = xi+1 + fi+1(xi+1) (2.21)

Utilizing Eq.2.21 to further expand Eq.2.20, we can have Eq.2.22.

xi+2 = xi + fi(xi) + fi+1(xi+1) (2.22)

Following this, we are able to generalize it to arbitrary layers j, k in the residual neural

network as Eq. 2.23.

xk = xj +
k−1∑
i=j

Fi(xi) (2.23)

Then, we calculate the backward propagation of Eq. 2.23 as shown by Eq. 2.24.

∂E

∂xj

=
∂E

∂xk

(1 +
∂

∂xj

k−1∑
i=j

Fi(xi)) (2.24)

From the final Eq. 2.24, we can see that because of the existence of constant number 1, the

loss is directly propagated from layer k to layer i without any intervention, which prevents

the gradients from vanishing. On the other hand, the calculation of Eq. 2.24 is additive,

which is smoother than the multiplicative calculation in other neural networks.
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2.3.1.4 Recurrent Neural Network

The recurrent neural network (RNN) was designed by Rumelhart et al. in 1986 to process

temporal sequences [6]. It augments conventional neural networks by introducing con-

nections between adjacent time steps, which are implemented by maintaining an internal

state. The internal state of RNN also called its memory, provides the neural network with

a concept of time and enables it to anticipate future time steps [148]. A paradigm for the

structure of RNN is presented in Fig. 2.8.

Figure 2.8: General structure of a recurrent neural network [6].

The calculation of an RNN can be described using the following steps. Denote input

as x, output as y, internal state as s, and three learnable weights associated with them

respectively as wx, wy, ws. For an arbitrary time step t, the activation function a, and the

bias as b, the internal state st is first expressed as Eq. 2.25.

st = a1(wss
t−1 + wxx

t + b1) (2.25)

And the output at the current time step is calculated as Eq.2.26.

yt = a2(wys
t + b2) (2.26)

In RNN, the calculation in each time step is based on the previous time step. This is

shown by Eq. 2.27, which is obtained by introducing Eq. 2.25 to Eq. 2.26.
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yt = a2(wya1(wss
t−1 + wxx

t + b1) + b2) (2.27)

As proposed by Pascanu et al. in 2013 [149], the multiplicative process could cause the

exploding and vanishing gradient problem in the backpropagation through time (BPTT)

algorithm when optimizing RNN. To address this problem, Hochreiter et al. [7] carried

out a variant of the RNN, which is the long short-term memory (LSTM). The LSTM

primarily differs from a conventional RNN with its additional gates, which are responsible

for controlling the flow of information. It also includes two internal states, the cell state

and the history state. The general workflow of an LSTM cell is presented in Fig. 2.9.

Figure 2.9: A long short-term memory cell [7].

The first gate that comes in the workflow is the forget gate, which decides what content

in the previous history state ht−1 to add to its long-term memory, which is known as the

cell state c based on its previous history state ht−1 and the current input xt.
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ft = sigmoid(wf [ht−1, xt] + bf ) (2.28)

The forget gate ft is expressed as Eq. 2.28, in which wf is the learnable weights for the

layer, bf stands for the bias, and sigmoid is the sigmoid activation function. The output

of Eq. 2.28 is bounded in (0, 1), which is the proportion of the content to be preserved.

Then another gate is calculated as Eq. 2.29 in a similar manner. This is the input gate

responsible for controlling the information flow from the input to its long-term memory.

it = sigmoid(wi[ht−1, xt] + bi) (2.29)

The updated long-term memory is composed of two parts, the reserved parts of the previous

memory and the current input. The mathematical expression is Eq. 2.30. The tanh

activation utilized in this equation is because its second derivative can be sustained for a

larger range of input.

ct = ft ∗ ct−1 + it ∗ tanh(wc[ht−1, xt] + bc) (2.30)

After this, the output gate for regulating the information flow from its cell state to output

is calculated as Eq. 2.31.

ot = sigmoid(wo[ht−1, xt] + bi) (2.31)

Finally, the history state h, which is also used as output, is updated from the long-term

memory cell state ct as Eq. 2.32.

ht = ot ∗ tanh(ct) (2.32)

2.3.1.5 Attention

The attention mechanism is a remarkable breakthrough invention in deep learning from the

last decade. It is inspired by the biological nature of humans, based on the ability to top-

down consciously concentrate on a part of useful information [150]. This enables humans to

efficiently select high-value key points from massive resources. Many attention mechanisms

in deep learning are designed based on this concept. One of the most influential studies of
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the attention mechanism was carried out by Bahdanau et al. [8], who originally applied it to

neural machine translation. It was soon introduced to other fields, including image caption

generation [151,152], recommendations [153,154], and graph neural networks [155,156].

The attention mechanism from Bahdanau et al. is shown in Fig. 2.10. The basic context

is that the input for the attention layer is from a bidirectional RNN which is a sequence of

hidden states h1, h2, · · · , hT . The goal of the attention layer is to generate the probability

of the next word yi, which can be described by Eq. 2.33.

Figure 2.10: The graphical illustration of the attention used to generate the t-th target

word yt given by a source sentence (x1, x2, · · · , xT ) [8].

p(yi|y1, y2, · · · , yi−1,x) = RNN(ct) (2.33)

The calculation of the context vector ct is done by summing all the weighted hidden states
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by associated attention weights αj as Eq. 2.34.

ct =
T∑

j=1

αjhj (2.34)

The attention weights are obtained by a trainable feed-forward neural network ffn and a

softmax activation function shown as Eq.2.35 and Eq.2.36.

ej = ffn(st−1, hj) (2.35)

αj =
exp(ej)∑T
k=1 exp(ek)

(2.36)

With this attention design, the model is able to focus on a hidden state at an arbitrary

time step without memorizing the entire input sequence.

2.3.2 Deep Learning Based PPI Prediction

During the past decade, a number of studies have been carried out to apply deep learn-

ing algorithms to the prediction of PPI. Based on the network structure backbone, these

approaches may be roughly classified into two categories: singular networks and Siamese

networks. Sun et al. ’s study is one of the earliest attempts to introduce the deep learning

algorithm to PPI prediction [34], which belongs to the first category. In this, a stacked

autoencoder (SAE) [157] is employed as the backbone model. The SAE is a stack of autoen-

coders trained layer by layer. Each autoencoder layer learns to reconstruct the input from

the previous layer. The entire stacked autoencoder is finely tuned based on the specific

task. In this approach, the protein pairs are first encoded by encoders and then concate-

nated as a single vector. Two methods for encoding the protein sequence are employed

and tested separately: the autocovariance method [158] and the conjoint triad method [21].

The concatenated vector is then used to train the SAE in an unsupervised manner. A soft-

max activation is attached to the trained model, and the parameters in it are finetuned

by backpropagation. A possible drawback of this method is that the SAE training process

might cause the loss of important information. Because the pretraining stage of an SAE

is based on the goal of reconstruction rather than the specific task, the autoencoder learns
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that a representation should carry as much information as possible rather than carry the

most relevant information associated with the task. The above discussion is one possible

reason that the most powerful algorithm is the convolutional neural network rather than

SAE.

A representative study in the Siamese network category was proposed by Li et al. in

2018 [38]. The study employs a more modern design of deep learning models, including

convolutional layers, pooling layers, and LSTM layers. The general structure of the model

follows the Siamese network model: each protein in its pair, it is processed individually by a

subnetwork in the Siamese network. For both subnetworks, the parameters are shared and

synchronized during training and inference, which reduces the number of parameters by

half. The protein is first encoded by the embedding layer. Next, a sequence of convolutional

layers and pooling layers is utilized to extract the features. The automatically extracted

feature is then fed into an LSTM layer to capture the pseudo-time dependencies. The

outputs from the LSTM layers in the two subnetworks for the protein pair are concatenated

into one single vector as the input of a fully connected network. The binary classification

result is obtained by the network using a sigmoid activation function.

With the sophisticated design of the deep learning model, Li et al. achieved state-of-

the-art results. However, there is room for improvement in that the interaction between

the two proteins in a pair is only computed once during the entire information flow of

the neural network. During feature extraction, it is inevitable for some information to be

permanently lost, even if it might be crucial for the following fully concatenated network

to accomplish the classification result. Therefore, based on this assumption, we carried out

our studies.

2.3.3 Deep Learning Based Protein Design

One of our goals in this thesis is to deliver a deep learning algorithm that, given the amino

acid sequence of a target protein, is able to generate the sequence of its protein binder.

Our background research found two studies with the highest relevance. The first is by Saka

et al. [133] from 2021. It proposes a workflow for generating de novo antibodies for a given

antigen utilizing deep learning. The first step in the workflow is to construct a dataset.
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Phage display panning is performed against an antigen, and then the next-generation

sequencing technique [159] is employed to generate a large set of antibody codons. The

codons are translated into amino acid sequences. A beginning of sequence (BOS) token is

added to every sequence in the dataset, then encoded into a vector using one-hot encoding.

The result is then used to train an LSTM model to predict the probability of the next amino

acid based on the past sequence. The trained model is then used to generate protein

sequences based on only BOS tokens. Theoretically, if the sampling strategy is to select

the amino acid with the highest probability, this model is only able to generate a single

antibody. To solve this problem, a temperature factor–controlled softmax is introduced to

the model to increase the diversity. The limitation that prevents us from employing this

workflow is its high cost in both time and computation power. Applying this workflow to

PPI design requires a unique dataset to be constructed and a new model to be trained from

scratch in order to generate the binder of any arbitrary protein, which leaves the solution

impractical.

The other relevant study is by Wu et al. [132] that utilizes the previously introduced

seq2seq algorithm. This design choice is able to address the high-cost issue in Saka et al.

’s method, since the model learns the mapping from the input sequence to the desired

sequence instead. Wu et al. ’s approach uses the signal peptide (SP) design, which is to

generate a short chain of amino acids located at the termini of a given expressed protein.

Similar to other methods based on machine learning techniques, a dataset from Swiss-

Prot [160] is first collected for training the model. Next, the amino acid sequences are

encoded with one-hot encoding. The backbone model for Wu et al. ’s approach is one

of the latest deep learning models, Transformer [161]. This approach achieved promising

results and inspired our study into PPI design. However, there is one drawback remaining

to be solved, which is that, unlike the unique SP-protein mappings, the interaction between

proteins belongs to multivalued problems, which require extra constraints and cannot be

solved by a conventional Seq2seq algorithm. Our work addresses this shortcoming.
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2.3.4 Discussion

In section 2.3, we explained the most relevant deep learning techniques for PPI predic-

tion and design. Then, we illustrated the most recent deep learning applications in both

fields. For deep learning techniques, they are compatible components that are usually

combined to form a model rather than competing with one another. For instance, the

Siamese network is a higher-level structure that can be used with any deep learning layers

including convolutional layers, recurrent layers, attention layers, and fully connected layers.

Similarly, a residual neural network refers to a group of deep learning models with skip

connections that enable the propagation of gradient to pass by certain layers in the model.

The type of layers employed in the model will not conflict with the definition of residual

neural network. Therefore, rather than simply comparing them, we should discuss the

most suitable application scenario for each type. The convolutional layer and the pooling

layer possess the ability to automatically extract features and compress the size of vectors,

which suggests that they should be employed at the early stage of a model. The recursive

layers, including LSTM layers loop as many times as the length of an input vector. To

reduce the computation and the risk of accumulating errors, a recursive layer should be

placed at the late stage of a model, with a feature map compressed by the convolutional

neural network as input. As for attention layers, according to Cordonnier et al. [162],

a self-attention layer can express any convolutional filters given enough heads and using

relative positional encoding. Therefore, in a model containing self-attention layers, such as

the transformer model, there are usually neither convolutional layers nor recursive layers,

since their functions can be fulfilled by attention layers.

For applications in both PPI prediction and design, we summarize their advantages

and limitations in Table 2.5 and Table 2.6.

2.4 Summary

In this chapter, we first introduced background knowledge about protein and protein in-

teraction. Proteins are the foundation of all kinds of life on earth. They provide nutrition,

support the structure of cells, and catalyse biochemical processes. Proteins are sequentially

47



T
ab

le
2.5:

C
om

p
arison

of
d

eep
learn

in
g–b

ased
P

P
I

p
red

iction
ap

p
roach

es

S
tu

d
y

M
eth

o
d

ology
A

d
van

tages
L

im
itation

s

S
u

n
et

al.
-

S
tack

au
to

en
co

d
er

-
G

iven
en

ou
gh

d
ata,

p
red

iction
p

erform
an

ce

of
th

e
m

o
d

el
can

b
e

im
p

roved

b
y

in
creasin

g
cap

acity

of
p

retrain
in

g

-
R

eq
u

ire
large-scale

d
atasets

-
F

u
lly

con
n

ected
n

etw
ork

p
ron

e
to

overfi
ttin

g

-
P

erform
an

ce
less

com
p

ellin
g

th
an

com
p

etitors

L
i
et

al.

-
S

iam
ese

n
etw

ork

-
C

on
volu

tion
al

n
eu

ral
n

etw
ork

-
L

S
T

M

-
E

ffi
cien

cy
in

com
p

u
tation

-
L

ess
p

ron
e

to
overfi

ttin
g

-
P

aram
eters

of
m

o
d

el

m
u

st
b

e
m

o
d

ifi
ed

accord
in

g
to

size
of

train
in

g
d

ataset

-
Ign

ores
low

er-

level
in

form
ation

48



T
ab

le
2.6:

C
om

p
arison

of
d

eep
learn

in
g–b

ased
P

P
I

d
esign

ap
p

roach
es

S
tu

d
y

M
eth

o
d

ology
A

d
van

tages
L

im
itation

s

S
aka

et
al.

-
L

S
T

M

-
A

tem
p

eratu
re

factor–con
trolled

softm
ax

is
in

tro
d

u
ced

to
th

e

m
o
d

el
to

in
crease

th
e

d
iversity

-
T

h
e

m
o
d

el
m

u
st

b
e

retrain
ed

w
h

en
b

ein
g

ap
p

lied

to
every

oth
er

p
rotein

W
u
et

al.

-
self-atten

tion

-
tran

sform
er

-
L

atest
ad

van
ced

d
eep

learn
in

g
m

o
d

el

-
E

m
p

loy
S

eq
2seq

to

p
red

ict
a

b
in

d
er

b
ased

on
th

e
target

p
rotein

-
F

ree
from

retrain
in

g

-
N

ot
ap

p
licab

le
for

m
u

ltivalu
ed

p
rob

lem
s

49



formed by a specific type of organic compound, amino acids. In homo sapiens, there are 20

standard amino acids. Proteins as chains of amino acids need to fold into three-dimensional

shapes to exert their functions. The process of folding and the resulting three-dimensional

structure are determined by the primary structure of the protein, which is the sequence of

amino acids.

The majority of protein functions are related to the physical contacts between proteins,

which are referred to as protein-protein interactions (PPIs). The study of PPIs is essential

for the comprehension of cellular biochemistry. To explore PPIs, many in-lab methods have

been developed and have obtained high-throughput performance. However, they are still

prone to errors. Compared to silico approaches, in-lab approaches are expensive, labour-

intense, and time-consuming. Moreover, there exist 50 million possible PPIs for a single

species, which is impossible to solve using in-lab experiments. The above reasons motivate

the studies of computational PPI approaches.

Next, we introduced the computational approaches. We have two different standards

to classify the studies. First, using the methodology, we separate these approaches into

two kinds: conventional computational approaches and deep learning-based approaches.

Second, we can also select the studies for the two kinds of applications which interest us

most: PPI prediction and PPI design. PPI prediction refers to determining whether a pair

of proteins is interactive with each other, and PPI design refers to attempting to design a

protein which binds to a target given protein.

Since it is common to involve conventional machine learning approaches in conven-

tional computational studies, we explained the most frequently used conventional machine

learning techniques: decision tree, random forest, naive Bayes, a support vector machine,

and gradient boosting. These conventional approaches tend to share the drawbacks of ex-

pensive computation, strong dependency on prior knowledge, dependency on the existing

binder library, and the limiting of applications to a specific protein.

Next, we introduced the approaches based on deep learning solutions. Their advantages

compared to conventional machine learning approaches are that they require less expert

knowledge of the problem and generally have better prediction performance. However, they

also have their limitations and flaws. PPI prediction applications usually require a larger
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scale of dataset than conventional machine learning–based approaches. Because most of

them employ the Siamese network structure to abstract the feature from the protein pairs

separately, the detailed information crucial to PPI might be discarded. As for PPI design,

it is not applicable to multivalued problems. We would like to utilize the advantages

of deep learning–based approaches and also overcome the current drawbacks. With this

motivation, we focus our work in this thesis on the topic of applying deep learning to PPI

prediction and design.
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Chapter 3

Paying Attention: Siamese Pyramid

Network Architecture

The work presented in this chapter is based on our published paper: Paying Attention:

Using a Siamese Pyramid Network for the Prediction of Protein-Protein Interactions with

Folding and Self-Binding Primary Sequences [163].

Recall from Chapter 1 that one of our main aims in this thesis is to design deep learning

solutions to predict the binding probabilities of interacting protein pairs, by considering

self-binding and folding amino acid sequences rather than only relying on the sequences.

In this chapter, we introduce our SPNet architecture that was designed and implemented

to accomplish this task.

This chapter is organized as follows. Section 3.1 highlights related work in PPI predic-

tion, while Section 3.2 details the SPNet architecture. This is followed in Section 3.3 with

an experimental evaluation, while Section 3.4 concludes the chapter.

3.1 Related Work

Recently, significant efforts have been undertaken to design efficient and high-throughput

methods for the experimental study of PPIs [18]. Nonetheless, a drawback of current
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approaches is their inability to screen millions of cases in a reasonable amount of time

and at a realistic cost. As mentioned above, machine learning has the potential to address

these two limitations [97,164]. For example, a support vector machine (SVM) approach was

proposed by [10] in which proteins with different amino acid lengths were transformed into

common matrix representations that allowed neighbouring effects to be considered. This

method was further improved by [20], who encoded such sequences with binary descriptors

related to the distances between the amino acid pairs. However, SVM methods cannot

predict the binding probabilities required to characterize PPIs properly. Ensemble-based

methods have also been applied to PPI prediction. To this end, a random forest algorithm

based on Minimum Redundancy Maximal Relevance and incremental feature selection

was introduced in [92] and was shown to be superior to SVMs. However, when considering

large data sets, deep learning networks often outperform their traditional machine learning

counterparts [32, 33] due to their complex hierarchical architecture and the expressing

abilities associated with their large latent spaces. Deep learning methods also have the

capability to extract features automatically without human intervention.

In a key study, Hashemifar developed a deep learning framework based on amino acid

sequences [36] that employs a Siamese network, where the sequences are encoded with

PSI-BLAST [37], thus allowing for apparently dissimilar, but nonetheless homologous,

proteins [165] to be characterized by similar representations. Here, the outputs generated

by the two subnetworks are projected into a common subspace with a non-trainable reverse

random projection, making the network robust against feature ordering. Competitive

results were obtained by adding an embedding layer inspired by word2vec [166] to evaluate

the semantic quality of individual sequences [38].

Several recent PPI deep learning architectures have utilized Siamese neural networks

[36,38,52]. This choice can be justified as follows: 1) the twin subnetworks share common

parameters (weights, biases, and so forth) and hyperparameters; indeed, the same network

is applied twice in tandem, thus reducing the number of parameters to be learned while

reducing the risk of overfitting; 2) the input features for both subnetworks are the same,

although each subnetwork is associated with a distinct member of the protein pair; 3)

The architecture is suitable for end-to-end learning, meaning that the system, as a whole,

can be trained with gradient-based techniques [167]. In current Siamese networks, the
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two subnetworks interact only once and usually via some projection mechanism, implying

implicitly that the amino acid sequences are analysed on a single level. As stated above,

both local and non-local interactions at the sequence level play a critical role in PPIs

[168], and such behaviours are difficult to capture if the subnetworks only interact once.

Therefore, we propose a novel architecture in which the subnetworks interact repeatedly at

various levels to capture the numerous interaction mechanisms between the amino acids.

An interaction probability is calculated at each level. The probabilities from all levels,

along with the probability generated by the attention layer, are then combined into a

single score via a trainable linear layer. This architecture is illustrated in Fig. 3.1. Our

most important contributions are as follows: a self-attention mechanism that addresses

protein folding and self-interaction; multilevel interactions between substructures in the

Siamese network that capture the various interaction levels; and preventing information

leaks with a strict dataset.

3.2 Architecture of SPNet Network

Fig. 3.1. Illustrates the general architecture of our SPNet network. Recall that a Siamese

network consists of two identical subnetworks {S1, S2} with the same parameters. Given

a pair of proteins {Pi, Pj}, each subnetwork takes, as an input, the amino acid sequence

associated with one member of the pair. The network consists of various convolutional

neural networks (CNN) and long short-term memory (LSTM) layers. The LSTM allows

the time series nature of the sequences to be exploited by capturing local (short-term) and

non-local (long-term) interactions. The CNN reduces the number of parameters required

considerably due to the relatively small size of the kernel involved in the calculation of the

convolution (as opposed to a dense layer). This reduction is a highly desirable characteristic

when aiming to avoid overfitting. Further, the CNN component allows us to achieve

translation invariance, an important property for PPIs, as the position of an amino acid

may shift due to mutation and evolution [165]. In addition, convolution neural networks

tend to reduce the spectral bandwidth (low-pass filter) associated with their input tensor,

which means that, when feeding a LSTM, they provide the latter with smoother (less noisy)

time series, which are more suitable for learning.
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Our architecture consists of four components: the convolution block, identity block,

attention block, and random projection [36]. Pyramid Feature modules are built from these

four elements. These blocks will be described in detail in the next two subsections. The

Pyramid Feature module is inspired by the Feature Pyramid Network [169], which consists

of twin branches, each containing a convolution block followed by two identity blocks, as

first proposed in ResNet [141]. The corresponding blocks in the two branches have the same

parameters, and the outputs of both branches are combined with a non-trainable random

projection. The network consists of n Pyramid Feature modules, where n was set to five via

inspection. Each Pyramid Feature module generates a binding probability. These binding

probabilities, as well as the one resulting from the attention block, are combined into a

single score by a trainable linear layer, a feature that distinguishes the Pyramid Feature

module from its Feature Pyramid Network counterpart. This is, as far as the authors are

aware, the first time that this novel structure has been employed in a PPI context.

The network input consists of a pair of one-hot encoded tensors that represent the amino

acid sequences. These tensors are followed by a convolutional layer, a batch normalization

layer, an ReLU activation function, a maximum pooling layer and the five Pyramid Feature

modules. The ReLU function was selected because it was less computationally expensive

than other activation functions, while yielding, in our case, better results. The network

can be fine-tuned for specific applications by varying the size of the kernels (currently at 16

with 32 filters, as determined by inspection) and by adding more Pyramid Feature modules,

if necessary. The outcomes of all the Pyramid Feature modules and the Attention Pyramid

Feature module are combined with a trainable linear layer, thus generating a unique binding

probability. Recall that the networks have two inputs, one for each member of the protein

pair {Pi, Pj}. For each input, the amino acid sequence is represented by means of one-

hot encoding, since amino acids are categorical. Each one-hot vector has twenty-four

elements corresponding to the twenty-two standard amino acids plus two codes marking

an ambiguous amino acid, that is, one that cannot be entirely determined experimentally

due to, for instance, the limitations associated with X-ray crystallography techniques.

Therefore, no specific features are calculated from the amino acid sequence, leaving the

deep neural network completely free to decide which features to extract. Each one-hot

tensor is connected to a convolutional layer, followed by a batch normalization layer, an
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ReLU activation function, and a maximum pooling layer. The two branches are then

connected to a sequence of five Pyramid Feature blocks, as determined by inspection. Each

Pyramid Feature network consists of a Siamese network formed by a convolutional block

and two identity blocks. The outputs of the Siamese network are combined with a non-

trainable random projection, which is followed by a feature map layer (Hadamard product),

a dropout layer and a sigmoid function employed to generate a binding probability. As

a result, a binding probability is associated with each one of the five Pyramid Feature

networks. These binding probabilities, as well as the one generated by the Attention

Pyramid Feature network, are combined by a learnable linear layer to calculate a unique

score.

The Attention Pyramid Feature network is also a Siamese network. It is formed by a

convolutional block, two identity blocks and an attention block; the outputs are combined

with a non-trainable random projection. The convolution and identity blocks are described

next.

Figure 3.2: Structure of a residual network. The red line indicates the skip connection.

Convolution and Identity Blocks. Residual networks were first proposed by He in

2016 [141]. The structure of a residual block is shown in Fig. 3.2. A residual block is

designed to ensure that a model learns the residual rather than the real output [141]. The
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loss function of a residual block, such as the one illustrated in Fig. 3.2, is given by

L =̂ T (x)− F (x) = T (x)− f(x)− x (3.1)

where x is the input, f(x) is the output, T (x) is the true output and F (x) is the

difference between the output and the input. The residual is defined as

R(x) =̂ T (x)− x (3.2)

It follows immediately that

L = R(x)− f(x) (3.3)

which shows that the loss associated with a residual network is the difference between the

residual and the output. Residual blocks alleviate the problems associated with either the

disappearance or the explosion of the gradient during training and improve the convergence

rate [141]. The reason for this behaviour is rooted in the concept of a skip connection.

Skip connections are extra connections between nodes in different layers of a neural network

that skip one of more layers of nonlinear processing [170]. Without skip connections, while

propagating, the error can accumulate or dissipate, thus leading to a gradient explosion

or disappearance, respectively. Nevertheless, by skipping a few nonlinear layers, these

problems can be avoided while improving the convergence rate [141].

Our convolutional and identity blocks are shown in Fig. 3.3. The convolutional block

is a residual network consisting of three batch normalization layers, three convolutional

layers and three ReLu activation function layers for the hierarchical decomposition of the

input. The skip connection consists of a batch normalization layer and a convolutional

layer. The identity block is a residual block formed by three batch normalization layers,

three convolutional layers and three ReLu activation function layers. The skip connection

in this case is the identity function.

Attention Mechanism. Our attention block is shown in Fig. 3.3. The concept of

an attention mechanism was first proposed by Vinyals in 2015 [171]. Since then, it has

been used extensively in numerous fields. Let us consider an amino acid sequence. First,

recall that the amino acids in the sequence are not only in contact with their immediate
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neighbours but also with more distant amino acids due to folding [168]. Folding is of

paramount importance, as it determines the protein’s shape (also known as its conformation

or molecular surface) ,which, in turn, determines its interactions with other proteins. As

stated above, this important fact has been overlooked in previous works on PPIs, making it

a novel aspect of our contribution, which is then implemented as follows. In our network,

the folding process is represented abstractly by a self-attention mechanism that allows

the various amino acids to interact and fold. In our implementation, we employ a self-

attention mechanism consisting of a bidirectional LSTM followed by a transpose layer,

a dense layer, a softmax layer and another transpose layer. Amino acid sequences are

highly suitable for LSTM. Indeed, they have a beginning that is determined by an amino

terminus [168]. Therefore, they can be assimilated into time series, where discrete pseudo-

times mark the positions of specific amino acids within the sequence. As a result, local and

distant interactions can be captured by the short- and long-term memories associated with

the LSTM. The transpose layer that follows permutes the order of the dimensions in the

output of the LSTM layer. To be more specific, it switches the time-step dimension and the

feature dimension in order for the attached dense layer and softmax layer to generate the

probability distribution on the last dimension of the permuted output, i.e., the time-step

dimension. Then the order of this probability distribution is recovered and an element-

wise multiplication is conducted between the time dimension probability distribution and

the original LSTM output. The network is completed by a dense expansion layer (by a

factor α), a dense shrinking layer (by a factor β) and a global maximum pooling layer.

The factors were determined by inspection and set to eight and four, respectively. This

last substructure is called a BOOM layer and was first proposed by Merity [172] to create

a bottleneck that regularizes the latent space, thus mitigating overfitting and improving

accuracy [172]. The proposed attention block is also a residual network since it possesses

an identity skip connection [141]. The random projection mechanism is described in the

next section.

Random Projection. The role of the random projection is to combine the information

flowing from each branch of the Siamese network; this concept was first introduced by

Hashemifar [36]. More specifically, a random projection consists of two constant and

non-trainable random matrices, w1 and w2, that are generated by a random Gaussian
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distribution. i1 and i2 represent the feature maps associated with each branch of the

Siamese network. The output of each branch of the Siamese network is projected as

follows:

p1 = W1i1

p2 = W2i2,
(3.4)

where the projection matrices are defined as

W1 = [w1|w2]

W2 = [w2|w1]
(3.5)

This definition ensures invariance against input ordering [36]. The combination of the two

outputs is achieved with a Hadamard or element-wise product:

O = p1 ⊙ p2 (3.6)

Our approach differs from that in [36] in several ways. In [36], the random projection is

followed by an ReLU activation function. But, as stressed by [173], in the framework for

MobileNet, when the ReLU collapses the channel, it inevitably loses information in that

channel; for that reason, the activation function was discarded. In addition, in [36], the

projection was performed only once, but, in our case, the projection is performed at every

stage: five times for the five Pyramid Feature networks and once for the Attention Pyramid

Feature network. Next, we describe our experimental evaluation of the SPNet architecture

with a strict dataset and detail our results with regards to the binding probabilities of the

proteins tested against the 2019-nCov spike.

3.3 Experimental Evaluation

Recall that overfitting may occur when amino acid sequences in a training set are also

present in the test set. A strict dataset avoids such information leaks by ensuring that no

proteins are present both in the training and test sets. In our work, we used the strict
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dataset created by Richoux et al. [52]. All the amino acid sequences in this dataset were

retrieved from the UniProt repository on 18 June 2019, and all proteins in the dataset

are from the homo sapiens (human) species [52]. The dataset consists of 16,210 unique

proteins with a maximum length of 1166 amino acids composing 104,262 pairs in total. Of

these pairs, 91,036 pairs constitute the training set, and 12,506 pairs form the validation

set. Inside these two sets, 33,318 pairs and 6,094 pairs, respectively, are binding proteins,

i.e., proteins with the ability to form either transient or long-lived complexes. Two test

sets are used. Test-460 is a balanced strict test set with 230 true positive and 230 true

negative instances. Test-720 is an extension of Test-460 and has 260 true positive and 460

true negative instances.

Each amino acid is represented by a 24-bin one-hot indicator. The first 22 bins cor-

respond to the 20 standard amino acids and the two stop codons, while the last two bins

indicate unknown or ambiguous amino acids. Therefore, the dimension of the one-hot ten-

sor corresponding to a protein is 1166 x 24. If a protein has less than 1166 amino acids,

the remaining one-hot indicator is set to zero.

As far as the authors are aware, Richoux et al [52]. conducted the only study on

PPIs utilizing a strict dataset. For this reason, we compare our approach to their work.

Two networks were considered in their research, namely, a fully-connected dense Siamese

network (FC) and a recurrent network (LCDS). The LCDS architecture was formed by

several convolutional blocks, followed by an LSTM and a fully connected layer. Each

convolutional block consisted of a convolutional layer, a maximum pooling layer and a

batch normalization layer. The FC corresponds to FC2 20 2Dense in Richoux’s original

paper, while the LCDS corresponds to LSTM32 3Conv3 2Dense S. More details about

this implementation can be found in [52]. All networks were optimized with the ADAM

algorithm with an initial learning rate of 0.001. A reducing factor of 0.9 was applied to

the learning rate each time the validation loss remained unchanged across five epochs until

it reached a minimum of 0.0008. The learning hyperparameters are reported in Table 3.1

,and our experimental results are presented in the next section.

An evaluation approach similar to that used in [52] was followed, where the dataset

was divided into training, validation, and test sets. Initially, the network was trained and

validated at the end of each epoch until convergence. The epoch with the lowest validation
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loss was recorded. A new training set was subsequently generated by combining the original

training set and the validation set. A network was trained once more against this combined

set until it reached the original lowest validation loss epoch. We subsequently report the

results for the two test sets Test-460 and Test-720.

3.3.1 Experimental Results

Table 3.1: Learning hyperparameters.

Model LCDS / FC SPNet

Batch Size 2048 256

Optimizer Adam Adam

Loss Binary Cross-entropy Binary Cross-entropy

Learning Rate 0.001 0.001

Learning Rate Decay True False

Reducing Factor 0.9 -

Patience 5 -

Minimum Learning Rate 0.0008 -

Table 3.2: Accuracy, F1-score and AUC.

Test-460 Test-720

Model SPNet LCDS FC SPNet LCDS FC

Accuracy 78.26% 70.00% 72.17% 79.58% 75.14% 76.81%

F1-score 0.7685 0.6368 0.6484 0.7168 0.6049 0.6178

AUC 0.8385 0.7615 0.8261 0.8370 0.7656 0.8076

Our SPNet network was compared to FC and LCDS using the strict dataset described

above. Four well-known metrics were employed for the comparison, namely, accuracy, the

F1-score (the harmonic mean of precision and recall), the receiver operating characteristic

curve (ROC) and the area under the ROC curve (AUC) [174]. Our results for the first
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Figure 3.4: ROC curves for SPNet, LCDS and FC for Test-460 (Upper) and Test-720

(Lower).

three metrics are reported in Table 3.2, whereas Fig. 3.4 displays the ROC curves. Our

SPNet network outperforms both FC and LCDS for all four metrics and for both strict

test sets. For instance, using the balanced test set (Test-460), the F1-score for our SPNet

is 0.77, while the scores for the LCDS and FC of 0.64 and 0.65, respectively. The results

are even more striking for the imbalanced dataset (Test-720), with our SPNet achieving an
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Table 3.3: Five proteins with the highest binding probabilities for the 2019-nCov spike.

UniProt Code Binding Probability

P60410 0.9589

P60409 0.9588

Q969F0 0.9587

Q7Z3S9 0.9586

Q99750 0.9577

F1-score of 0.72, while the scores for the LCDS and FC were 0.60 and 0.62, respectively.

With the balanced test set, our SPNet achieves an accuracy of 78.2%, as opposed to 70.0%

for LCDS and 72.17% for FC.

We next turn our attention to the Covid-19 pandemic. A recent study by Wrapp

et al. [1] has revealed the importance of the 2019-nCov spike in the prefusion conformation

as a key target for vaccines, therapeutic antibodies, and diagnostics. The sequence of the

spike was extracted, and the binding probabilities between the 2019-nCov spike and all the

proteins in our dataset were calculated to assess which proteins would be the most likely

to bind with this spike. Our intention was to find potential candidates for prophylactic

(preventative) and therapeutic vaccines. Some of our results are reported in Table 3.3, and

the best 500 results are available upon request, while information about the proteins on

the list can be found at www.uniprot.org. For instance, the reader may notice that the

P60409 and P60410 proteins are located on the roots of human hair shafts. Q969F0, on the

other hand, is expressed predominantly in testes and is highly expressed in certain types

of cancer tissues, such as hepatocellular carcinoma and colon and gastric cancer. We trust

that these results will aid experimentalists in exploring promising avenues, saving precious

time in our race towards a vaccine, while strengthening our goal of protecting vulnerable

individuals.
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3.4 Summary

The chapter begins in Section 3.1 with a discussion of related work, focusing on the

strengths and limitations of traditional machine learning techniques and deep learning

approaches. Next, in Section 3.2, we introduce the SPNet architecture for learning to pre-

dict interactions between protein pairs. The novelty of our approach lies in the fact that

we focus the learning on the self-binding and folding characteristics of proteins, through

the implementation of attention mechanisms. Our experimental results detailed in Section

3.3 illustrate the value of our technique, when compared to the state of the art, against

a strict dataset. We also discuss some preliminary findings when considering the 19-nCov

spike.

In the next chapter, we turn our attention to data generation and class imbalance. In

addition, we introduce our deep learnable architecture for adaptive learning from a variety

of dataset sizes.
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Chapter 4

Adapting to Complexity: Deep

Learnable Architecture and Data

Generation

The work presented in this chapter is based on our published paper Adapting to Com-

plexity: Data Generation and Deep Learnable Architecture for Protein-Protein Interaction

Predictions [175].

In Chapter 3, we introduced the SDPPI architecture to predict protein interaction when

considering strict data sets. In this chapter, we focus our attention on data realities when

considering protein data sets. First, it should be noted that deep learning algorithms often

require large data sets that are not always readily available when studying PPI. Second,

in this domain, information about non-interacting proteins is scarce. We introduce a

deep learnable architecture that can adapt the data set sizes and properties to address

these issues. In addition, we introduce a graph-based algorithm to extract non-interacting

proteins, resulting in a balanced data set of more than seventeen million pairs.

This chapter is organized as follows. Section 4.1 discusses related work, focusing on the

impact of data realities such as scarcity of non-interacting pairs and the risks of overfitting

on current solutions. In Section 4.2, we detail our graph-based algorithm for generating

non-interacting pairs. Section 4.3 provides a detailed discussion of our deep learnable
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architecture that dynamically adapts between deep and shallow learning. Section 4.4

contains our extensive experimental evaluation, while Section 4.5 concludes the paper.

4.1 Related Work

In the past few years, deep learning has mostly superseded traditional machine learning

approaches both in computer vision and natural language processing (NLP) [30,31]. This

is particularly true when a large amount of data is available; in which case deep learning

outperforms traditional machine learning techniques [32, 33]; including PPI. For example,

Sun et al. employed a stacked autoencoder (SAE) for protein classification [34]. Proteins

were encoded either with the autocovariance method, as proposed earlier by Guo et al. ,

or with the triad method, as introduced by Shen et al. ; the former performed better than

the latter. Guo’s approach outperformed other approaches [21, 23, 35] on Pan’s bench-

mark dataset [35]. Improved performance was achieved by Li et al. [38] by employing

Siamese neural networks in which the twin arms shared common parameters: each arm

corresponded to a particular member of a pair. An embedding layer was used to map the

sparse protein amino acid sequence into a dense structure. This was followed by multiple

convolutional layers intended to perform a hierarchical analysis. Trans-hierarchical features

were extracted using a long short-term memory (LSTM) network. A dense layer with a

sigmoid activation function provided a binary classification. This approach may be consid-

ered the state of the art, as it outperforms not only on Pan’s dataset [34], but also on the

Human Protein Reference Database (HRPD) [103], the Database of Interacting Proteins

(DIP) [54], the Human Integrated Protein-Protein Interaction Reference (HIPPIE) [55],

and InWeb InBioMap (INWEB) [56]. Siamese neural networks were also employed by

Hashemifar et al. [36] but, instead of using raw amino acid sequences, sequences were

rather encoded with the position-specific iterative basic local alignment search tool (PSI-

BLAST) [37]. Hashemifar’s et al. approach outperformed several SVM-based methods,

including [10,24,25].

The strength of Siamese neural networks is that they involve a limited number of

parameters, in contrast to the more complex architectures used in image classification and
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NLP applications [142, 176–178]. In addition, as shown by [179], small datasets strongly

constrain model complexity. As an example, and to introduce the idea, a dense network

with two layers involving 2n + d parameters has the ability to fit a dataset consisting of

n instances of size d. If this rule is applied to Guo’s dataset, the data may be modeled

with only 122,542 parameters. Beyond this number, there is a serious risk of overfitting.

Consequently, most networks proposed in the literature are not suitable for large datasets,

as overfitting may seriously impair their predictive capability [180].

Most deep learning techniques employed in PPI originate from other fields: convolu-

tional neural networks were introduced in computer vision, whereas LSTM neural networks

were initially intended for time series. In contrast to the datasets used in these fields, which

are large, PPI datasets are usually quite small. For instance, the ImageNet dataset [181]

consists of 1,281,167 images, whereas Guo’s dataset, which is the most commonly employed

dataset in PPI, consists of only 60,671 protein pairs. A small dataset imposes strong limi-

tations on deep learning algorithms, as there is a serious risk of overfitting when a complex

model is employed. As a result, models were intentionally kept simple and the number

of parameters was kept small to prevent overfitting. Depending on the dataset and the

application, the number of protein pairs may vary from small to large and, irrespectively

of the dataset size, the amino acidic complexity may range from low to high. This issue

must be addressed by selecting the right architecture and depth for the neural network.

This is usually done by inspection, which is a time-consuming and ad hoc approach. In

addition, most protein interaction datasets, especially large ones, lack negative examples,

i.e., non-interacting proteins. This is an important issue, as the algorithm must not only

learn if there is an interaction, but also be able to detect the nonexistence of such an

interaction. Indeed, for therapeutic or prophylactic vaccines, an antibody that interacts

with an antigen may constitute a good candidate for a vaccine whereas a non-interacting

antibody is not.
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4.2 Graph-based algorithm for generating negative ex-

amples

The STRING database is a large-scale repository used for studying protein interactions.

Unfortunately, one drawback of the STRING database is that it only consists of positive

examples, meaning that non-interacting proteins are absent. Negative examples are avail-

able from the Negatome database [182] but there are not enough: they number just a few

thousand. As such, this is an example of a highly skewed or so-called class-imbalanced

setting. Class imbalance has been the subject of numerous studies in the machine learn-

ing community. In essence, researchers treat such cases by employing either data-driven,

algorithmic, or hybrid approaches [183]. Typically, data-driven approaches modify the

proportion of classes by employing sampling techniques such as undersampling and/or

oversampling [182, 183]. Algorithmic approaches, however, adapt existing algorithms to

pay more attention to the minority class, i.e., in our case, negative interactions or non-

binding proteins. Hybrid methods proceed by combining both data-driven and algorithmic

methods.

A drawback of oversampling methods is that they typically introduce synthetic samples.

In our domain, such samples would not correspond to actual non-binding pairs and would

not be suitable for use. Oversampling using negative data derived by randomly selecting

proteins from different cellular locations may lead to biased results [182]. Undersampling,

on the other hand, may lead to important interacting pairs being discarded. Algorithmic

approaches, such as cost-sensitive algorithms, focus on difficult-to-learn examples, i.e.,

regions in the learning space with difficult-to-learn interactions. This may potentially

lead to overfitting. One-class learners are another example of algorithmic learner, which

concentrates only on a single set of objects. Focusing only on a subset of protein pairs may

lead to important knowledge being left undiscovered [183].

Therefore, we propose generating negative examples directly from the STRING database.

To demonstrate the scalability of our approach, 5,879,727 PPIs involving 19,356 Homo sapi-

ens proteins were extracted from the STRING database, as follows. For each interacting

protein pair, the STRING database provides a score, between 0 and 1,000, for the binding
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strength between the two proteins. This score is first converted into a distance using a

Cauchy M-estimator [184]:

s→ d (s) = α
1

1 +
(

s
α2

) , α = 1 (4.1)

This distance is equal to 1 if the score is 0, and 0.000999001 if the score is equal to 1000;

the stronger the interaction, the shorter the distance. An interaction graph is then created

in which each vertex represents a particular protein, and edges account for the interaction

between proteins. Given an interaction, the length of an edge is equal to the distance

associated with the binding score. Such a graph is called a weighted graph [185]. Edges

are attributed only to protein pairs for which there is a known interaction, otherwise, none

is attributed. We postulate that the non-interacting proteins correspond to the most

distant proteins in terms of their geodesic distance (graph distance). Recall that, in

our formulation, interacting proteins are close to each other in the graph. The geodesic

distance is defined as the length of the shortest path between two proteins, for a path

entirely embedded in the graph [186]. Thus, the greater the distance, the more distant the

proteins are in terms of their ability to bind. In our ProGraph algorithm, this distance

is evaluated using the Floyd–Warshall algorithm [120] for every protein pair, resulting in

187,278,981 geodesic distances. The pseudo-code for our ProGraph algorithm is reported

in Algorithm 1.

The 5,879,727 protein pairs with the largest geodesic distance were selected to generate a

dataset of 5,879,727 non-interacting protein pairs, which were then merged with STRING

to generate a balanced dataset of almost twelve million pairs, namely the B-STRING

Dataset.

It is impossible to visualize the entire graph because of the large number of proteins

involved. Therefore, as an illustration, we create a graph from the first 30 proteins. This

graph is shown in Fig.4.1. Because there are 30 proteins, there are 30 vertices in the

graph. The interactions are represented by edges; the stronger the interaction, the shorter

the edge. For instance, the interaction between proteins 14 and 15 is much stronger than

between proteins 3 and 29. Proteins 1 and 2 do not interact with the other ones, as they

are not linked (they have no edge) to any particular protein.
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Figure 4.1: Interaction graph for the first thirty proteins of STRING Homo sapiens.
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Algorithm 1: The ProGraph algorithm: D being the geodesic distance matrix,

vi a vertex, eij an edge, and |V | the number of vertices.

Initialization: D = [dij] ∈ R|v||v|
+ dij ≡ d (vi, vj) eij = vivj ∈ E for eij ∈ E do

dij ← ∥eij∥
end

for vi ∈ V do
dii ← 0

end

for k ← 1 to |V | do
for i← 1 to |V | do

for j ← 1 to |V | do
dij > dik + dkj ⇒ dij ← dik + dkj

end

end

end

As stated earlier, negative examples correspond to the most distant protein pairs, in

terms of their geodesic distance, on the graph. For instance, the geodesic path between

proteins 16 and 29 is reported in Fig.4.2, the geodesic path being displayed as a red line.

The geodesic distances between all protein pairs are reported in Fig.4.3. As self-

interactions are irrelevant for the purpose of generating negative examples, the latter are

ignored and appear as white squares in the distance matrix. This matrix is symmetrical:

indeed, if protein A interacts with protein B, protein B necessarily interacts with protein

A. Non-interacting pairs are assigned a beige square. All the interactions involving ei-

ther protein 1 or 2 are beige because these proteins do not interact at all. The geodesic

distances are encoded in purple: the larger the distance, the darker the color. The most

distant protein pairs correspond to non-interacting proteins. This is done to increase the

non-interaction likeliness, as not all interactions are known.

Naturally, the complexity of Fig.4.1, 4.2 and 4.3 are considerably higher when all

5,879,727 interactions are considered. Extremely large protein datasets are of paramount

importance for protein design. Indeed, after a large PPI dataset has been trained and
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Figure 4.2: Geodesic path between proteins 16 and 29.
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Figure 4.3: Geodesic distance between protein pairs.
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given a receptor, our network has the ability to screen millions of potential ligands in a

matter of seconds and to attribute to them a binding probability. The ligands with the

highest binding probabilities are the most likely candidates for the therapeutic. Next, we

discuss the architecture of our neural network.

4.3 Shallow-deep protein-protein interaction network

architecture

4.3.1 General architecture

The architecture of our SDPPI neural network is reported in Fig.4.4. Our network be-

longs to the Siamese network category, as both the top and the bottom branch share the

same parameters and the same architecture. However, it differs from traditional Siamese

networks in a number of ways.

That is, as opposed to Siamese networks, both branches interact periodically. Such a

network is called a pyramidal network. These couplings allow the network to analyze the

incoming information at various complexity levels. For each complexity level i, the feature

maps from both the top Li (ligand) and the bottom Ri (receptor) branches are combined

or concatenated into a single tensor Vi, as described by Eq.4.2.

Vi = Li ⊕Ri, i = 0, 1, . . . , n (4.2)

Given a complexity level i, the subnetwork associated with this particular level may

be assimilated to a nonlinear function fi, which acts recursively on the previous levels

Li = fi (Li−1). As a result, the resulting concatenated tensor at complexity level j is given

by Eq.4.3.

Vj =
j−1
⊕
i=0

Vi =
j−1
⊕
i=0

[Li ⊕Ri] , j = 1, 2, . . . , n (4.3)

Therefore, the feature map tensors are stacked together from shallow to deep levels.

Shallow neural networks process features directly, whereas deep networks extract features

76



F
igu

re
4.4:

A
rch

itectu
re

of
ou

r
sh

allow
d

eep
p

rotein
-p

rotein
in

teraction
(S

D
P

P
I)

n
eu

ral
n

etw
ork

.

77



automatically during the training [180]. The resulting concatenated feature maps are pro-

cessed by the classification head, which consists of a batch normalization layer, a dropout

layer, and dense layers. The normalization as well as the randomness introduced by the

dropout layer serve as a regularization mechanism that aims to minimize overfitting. These

layers do not affect the order in which the various complexity levels are concatenated.

The first dense layer, which is called the selecting dense layer, contains a layer of neurons

that is activated using a ReLU function to obtain positive weights for the weighting of the

various layers. If a shallow network is learned, the weights corresponding to the deeper

layers will be small, whereas if a deeper network is learned, most weights will be non-

negligible. The last layer consists of a single neuron having a sigmoid activation function

that predicts the binding probability. The sigmoid function is employed to generate a

probability between zero and one. The latter is converted to a binary classification: the

proteins are binding if the probability is greater than 0.5, and non-binding otherwise. The

selecting dense layer adaptively attributes weights to the concatenated layers according to

Eq.4.4.

Zj = ReLU (Wj · Vj + bj) (4.4)

In other words, the hierarchical and periodical interaction between the two branches

allows the selecting dense layer to discard certain layers, if deemed appropriate by the loss

function, thus resulting in a shallower network. Furthermore, the selecting dense layer

also constrains the gradient of the loss function. Indeed, when the weights associated

with a particular complexity level increase as a result of the action of the selecting dense

layer, their contribution to the back propagation gradient increases as well. Therefore, the

selecting dense layer attributes the most weight to the most accurate levels. For instance, if

the deepest level (V4)has the highest accuracy, the weights attributed to the shallower layers

are reduced by the selecting dense layer accordingly, along with their gradients (remember

that the deepest level includes all the previous results, as specified by Eq.4.3).

In general, if the number of instances is small, a shallower network should be chosen

by the selecting dense layer. Indeed, a shallower network performs better than a deep

network because the latter has a large number of parameters, which makes it prone to
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overfitting [180]. Comparatively, if the number of instances is large, a deeper network is

selected, which is more suitable for complex datasets due to its large latent space. As

pointed out by [179], a deep learning model with p parameters trained with instances

of dimension d is quite likely to be subject to overfitting if the number of instances is

greater than (p− d)/2 . Therefore, the complexity and the depth of the model is strongly

constrained by the size of the underlying dataset. This is why the model must adapt its

architecture accordingly.

Therefore, our SDPPI employs a shallower network when the dataset is too small to

train a deeper network properly. The selecting dense layer assigns greater importance to

the shallower networks by increasing their weights while reducing the weights associated

with the deeper networks. As a result, most of the gradient originates from the shallower

networks. On the other hand, a deeper network is employed by the selecting dense layer

if the number of instances is large. The selection is performed by attributing more weight

to the deeper networks and less to the shallower networks, as well as their respective

gradients. Therefore, SDPPI may simulate networks of various depth and determines the

network architectures that are the most suitable for a given dataset irrespective of its size

and without recourse to arbitrary rules or human intervention. According to the complexity

of the dataset, a superposition of shallow and deep networks may be generated.

The action of selecting the dense layer may be explained mathematically as follows.

Let us consider an SDPPI network with interaction levels. The input of the selecting dense

layer is given by Eq.4.3. Therefore, its input is the direct sum of each interaction level.

The direct sum may be expressed as Eq.4.5.

V = [V0, V1, . . . Vn] (4.5)

It follows that the weight matrix, associated with the dense selecting layer, may also

be partitioned into submatrices; one for each level:

W = [W0,W1, . . . ,Wn] (4.6)

As a result, the output of the selecting dense layer becomes:
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O = η (V ·W ) = ReLU

(
n∑

i=o

ViWi + bi

)
(4.7)

It follows that the depth of an SDPPI network is determined by the weight of its respec-

tive submatrices{Wi}ni=0: all their elements become extremely small when certain levels are

not required by the network. When backpropagation is performed, each submatrix Wi is

updated according to Eq.4.8:

Wi ← Wi − α
∂L
∂O

∂O

∂ (V ·W )

∂ (V ·W )

∂Wi

= Wi − α
∂L
∂O

∂O

∂ (V ·W )
Vi

(4.8)

where α is the learning rate and Lis the cost or loss function. Therefore, it is apparent

from Eq.4.8 , that the weights at a given level are determined by the input of the selecting

dense layer at the very same level Vi. The weights are updated in accordance with their

effect on the cost function: they are increased if they reduce the cost function and decreased

otherwise. This, in turn, determines which levels and depth are chosen by the selecting

dense layer, thereby allowing the best architecture for the training dataset to be learned.

As a result, the gradient assigned to each level becomes:

δVi =
∂L
∂O

∂O

∂ (V ·W )

∂ (V ·W )

∂Vi

(4.9)

where the last member of Eq.4.9 is given by Eq.4.10.

∂ (V ·W )

∂Vi

= Wi +
∂Vi+1

∂Vi

Wi+1 + . . . +
∂Vn

∂Vi

Wn (4.10)

Let us define:

Li
∧
= L (Vi)

Ri
∧
= R (Vi)

(4.11)

and the recursive function:
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Vi+1 = g (Vi) = fi (L (Vi))⊕ fi (R (Vi)) (4.12)

Then, Eq.4.10 may be written as Eq.4.13.

∂ (V ·W )

∂Vi

= Wi +
n∑

j=i+1

∂gj−1 (. . . gi (Vi))

∂Vi

Wj (4.13)

which means that greater gradient is attributed to Vi, implying that the network tends

toward learning an architecture of depth i.

The ability of SDPPI to prevent overfitting may be understood by taking inspiration

from ResNet [141]. Indeed, as stated earlier, each layer may be assimilated to a function.

As a result, the output of a given branch at level j is:{
Lj = fj−1 (. . . f1 (f0 (L0)) . . .)

Rj = fj−1 (. . . f1 (f0 (R0)) . . .)
(4.14)

Then, the concatenated tensor becomes:

Vj =
j−1
⊕
i=0

[Li ⊕Ri]

=
j−1
⊕
i=0

[fi (. . . f0 (L0) . . .)⊕ fi (. . . f0 (R0) . . .)]

(4.15)

This means that the network input(L0, R0) appears at each complexity level, which im-

plies that the gradient propagates through multiple paths, one for each complexity level.

The periodical connections between the two branches may be assimilated to skip connec-

tions, as Skip connections are extra connections between nodes in different layers of a neural

network that skip one of more layers of nonlinear processing [170].

These connections constitute additional paths for the gradient to propagate along. As

a result, error accumulation is alleviated, convergence is accelerated, and the number of

parameters is reduced, thus mitigating overfitting. The skip connections improve feature

reusability while facilitating the training process (parameter optimization). Indeed, op-

erations such as maximum pooling and convolutions discard information as a result of
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downsampling. As it is lost, the information cannot be propagated to subsequent layers.

The skip connections present in SDPPI allow re-inputting the discarded information into

the network at each resolution level. The space associated with the loss function has a very

large number of dimensions, which is equal to the number of parameters of the network.

These spaces tend to have multiple local minima that make optimization of the network

more difficult. Recently, Li demonstrated et al. [9] that skip connections contribute to the

elimination of these detrimental minima, which makes the search space smoother, thus

facilitating the optimization process. This is illustrated in Fig.4.5.

Figure 4.5: Loss function parameter space with and without skip connections (with per-

mission of the author [9])

4.3.2 Architecture of the various components

Our network is constructed of six components: the input and embedding layers, the convo-

lutional and maximum pooling layers, the LSTM layer, the global maximum pooling layer,

and the dense layers.
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Input and embedding layers: There are 23 standard amino acids, namely alanine,

arginine, asparagine, aspartic acid, cysteine, glutamine, glutamic acid, glycine, histidine,

isoleucine, leucine, lysine, methionine, phenylalanine, proline, serine, threonine, trypto-

phan, tyrosine, valine, selenocysteine, and pyrrolysine. Each categorical amino acid is

encoded with a number between 1 and 23, whereas ambiguous or unknown amino acids

are attributed a value of 24. As mentioned earlier, sequences are restricted to 1,200 amino

acids. Smaller amino acid sequences are padded with zeros. Therefore, the dimension of

the input vector is fixed at 1,200. Naturally, the names (categories) neither reflect the sim-

ilarity between amino acids nor their physicochemical properties. To solve this problem,

a trainable embedding layer is added, as first proposed by [187]. The categorical input is

first transformed to a set of one-hot vectors. Given a vocabulary of n amino acids and an

embedding size of m, the embedding layer learns a n × m projection matrix. This layer

learns, from the amino acids, a more informative and dense latent representation, which is

better suited for machine learning.

Convolutional and maximum pooling layers: Convolutional networks were ini-

tially introduced in computer vision [188]. They are known for their ability to extract local

features and for providing translation invariance [147]. As opposed to dense layers, they

involve far fewer parameters, and therefore are less subject to overfitting. They evaluate

the convolution between an input and a set of filters (also known as sliding windows or

kernels). For each position of the filter, the outcome of the convolution operation is sum-

marized or downsampled using a maximum pooling layer, which extracts the maximum

value from the convolutional window. As illustrated in Fig.4.4, each branch of SDPPI

consists of three convolutional networks. The number of filters as well as their sizes were

determined, for each layer, by inspection. The first convolutional network consists of 16

filters of size 10, the second one is formed of 32 filters of size 8, and the last one has 64

filters of size 5. The filters perform a multiresolution analysis from low to high resolution in

the forward direction. The first convolutional network performs a low-resolution analysis,

as its filters are larger and less numerous, whereas the last convolutional network performs

a high-resolution analysis, as the filters are smaller and more numerous. This approach is

reminiscent of the wavelet transform [189] in the sense that a multiresolution analysis is

performed, noise is reduced, and feature maps are compressed [190].
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Long short-term memory network: The LSTM is a recurrent neural network with

long and short-term memory that solves the gradient vanishing problem by adding control

gates [7]. The LSTM is located just after the last convolutional network. Its role is

essentially to introduce a long and short-term memory mechanism within the network

after the multiresolution analysis is performed by the three convolutional neural networks

and to reduce the number of output parameters.

Global maximum pooling layer: In addition to the local maximum pooling layers,

our SDPPI network employs multiple global maximum pooling layers, as illustrated in

Fig.4.4. These layers are involved in the periodical and hierarchical interaction between the

two branches. The global layer determines the maximum for the entire feature map at each

resolution level, each resolution level being determined by the corresponding convolutional

networks. Therefore, the strength of the interaction between the two branches is based on

the most salient feature—that is, the global maximum at a particular level. This interaction

is repeated three times, once for each resolution level.

Batch normalization and dropout layers: The batch normalization layer performs

a batch normalization, both in origin and scale, which improves the training convergence

while mitigating overfitting [191]. The dropout layer randomly sets to zero a certain number

of neurons. In addition to introducing some randomness into the network, the dropout layer

regularizes the loss function. Therefore, the occurrence of over-trusted neurons is less likely,

thus contributing to the overall network robustness [192].

Dense layer: Our network consists of two dense networks, both of which are located

in the classification head, as illustrated in Fig.4.4. The first network, which is called the

selecting dense layer, consists of a single layer that is activated by a ReLU function.

As explained earlier, the selecting dense layer role is essentially to determine the depth

of the network according to the size and the complexity of the training set. The last layer,

which is a decision layer, consists of a single neuron with a sigmoid activation function

that evaluates the binding probability.
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4.4 Experimental Evaluation

Our experimental evaluation consists of three sets of experiments. In the first set, our

results are compared against the state of the art for benchmark datasets, namely DIP,

HIPPIE, and INWEB, which are described below. In the second set, the performances

and the scalability of our system are evaluated against a very large dataset, namely B-

STRING, as introduced in Section II. The last set provides an empirical demonstration

of the ability of our network to adapt its architecture to the size and complexity of the

dataset. The calculations were performed with TensorFlow on a Compute Canada Beluga

supercomputer with two 2.4 GHz Intel Gold 6148 Skylake CPUs, 186 GB of RAM, and

four NVIDIA 16 GB V100 SXM2 GPUs.

Five datasets were employed in this study, namely Guo’s benchmark dataset, the DIP

dataset, the HIPPIE dataset, the INWEB dataset, and the B-STRING dataset. These

datasets are described in the following subsections, and their characteristics are reported

in Table 4.1. Our research focuses on Homo sapiens proteins, as they are the most suitable

for therapeutic treatments [193]. Indeed, non-human proteins must be submitted to a

humanization process intended to produce proteins that do not elicit an immune response

and are safe for human usage without compromising efficacy [194]: a complex trial-and-

error experimental process.

4.4.1 Guo’s benchmark dataset

This dataset was employed by Guo et al. in their study [23]. It consists of 20,971 interactive

protein pairs (positive examples) and 31,496 non-interacting pairs (negative examples), in

which each protein consists of, at most, 1,200 amino acids. A validation set, consisting

of 2943 interacting pairs and 3057 non-interacting pairs, was randomly selected, and the

remaining pairs, 26,128 positive examples and 28,439 negative examples, were employed in

five-fold cross-validation. Consequently, the dataset was essentially balanced.
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4.4.2 DIP dataset

The Database of Interacting Proteins (DIP) dataset was first introduced by Xenerios et al.

in 2002 [54]. Multiple releases have followed since. Version 20160430 was employed for this

study. In order for the results to be comparable between datasets, and to avoid information

leakage (a protein being in both the training and the testing set) [53], proteins with more

than 1,200 amino acids were excluded, as well as proteins already appearing in Guo’s

dataset. Indeed, the DIP dataset was employed for testing, whereas Guo’s dataset was

employed both for training and testing. This is the reason proteins appearing in Guo’s

dataset were not considered—to guarantee that the results achieved were the result of a

prediction and not of a regression. The filtering procedure resulted in 3,242 protein pairs.

4.4.3 HIPPIE dataset

The Human Integrated Protein-Protein Interaction Reference (HIPPIE) dataset [55] con-

sists of 52,467 protein pairs. A confidence score is associated with each one of them. The

dataset was divided into two subsets: a high-quality (HQ) dataset, for which the score was

greater than 0.73, and the remaining pairs were attributed to a low-quality (LQ) dataset.

To compare the results between datasets and to prevent information leakage [53], proteins

with more than 1,200 amino acids, as well as proteins appearing in Guo’s dataset were

excluded.

4.4.4 INWEB dataset

The INWEB dataset was employed in Li’s study [56], and it is one of the largest PPI

datasets available. As with the HIPPIE dataset, the pairs are divided between low quality

and high quality; the quality threshold was fixed at one. The high-quality dataset consisted

of 8,672 distinct proteins, whereas the low-quality dataset contained 15,288 proteins, re-

sulting in 141,354 PPI for the former and 380,318 interactions for the latter. The filtering

process was similar to the process employed for the DIP and HIPPIE datasets.
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Table 4.2: Five-fold cross-validation result for Guo’s benchmark dataset.

Fold 0 1 2 3 4 Average

Accuracy 98.95% 98.80% 98.95% 98.94% 98.94% 98.92%

4.4.5 Comparison against the state of the art for protein-protein

interactions

The performances of our SDPPI network were evaluated against Guo’s dataset and the DIP,

HIPPIE, and INWEB datasets. Recall that the accuracy of our network, against Guo’s

benchmark hold-out training set, was evaluating using five-fold cross-validation [195]. The

accuracy obtained for each fold, as well as the average five-fold accuracy are reported in

Table 4.2. Our results were compared against the state of the art for PPI, namely Li’s [38]

and Sun’s [34], using the best model obtained from five-fold cross-validation (fold 2). The

classification accuracy, precision, recall, and F1 scores [196] for SDPPI, Li, and Sun are

reported in Table 4.3. The results confirm that our system consistently outperformed the

others and yielded superior results. The receiver operating characteristic (ROC) curve, as

well as the area under the curve (AUC) [197] associated with our network are reported in

Fig.4.6: both indicators clearly demonstrate the quality of the results (a perfect classifier

has an AUC of one). In addition, our approach was compared to the approach of Li [38]

and Sun [34] against the following datasets: DIP, HIPPIE HQ, HIPPIE LQ, INWEB HQ,

INWEB LQ, and Guo’s hold-out testing sets. Their respective accuracies are reported in

Table 4.4. Our network outperformed the state-of-the-art networks on all datasets except

for HIPPIE HQ, for which it was ex aequo with Li [38]. To determine the significance of

the results, a paired t-test (Student’s t-test) [198] was performed for SDPPI against Li,

and SDPPI against Sun. In the first case, the p-value was 0.02949, and in the second case,

it was 0.00542, as reported in Table 4.5. Both p-values were lower than the significance

threshold, which was fixed at 0.05. Therefore, the null hypothesis that the results were

comparable was rejected, which implies that our approach surpasses the others.
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Table 4.3: Comparison of SDPPI to the state of the art for Guo’s hold-out testing set

Model Accuracy Precision Recall F1-score

SDPPI 98.82% 0.9881 0.9878 0.9879

Li et al. 98.78% 0.9891 0.9861 0.9876

Sun et al. 96.82% - - -

4.4.6 Large-scale experiment

The performances of SDPPI against the B-STRING dataset were evaluated again using

five-fold cross-validation. Recall that the dataset consisted of 19,356 Homo sapiens pro-

teins participating in 5,879,727 PPIs. All the interactions were obtained from the STRING

database [57]. In addition, 5,879,727 negative examples (non-interacting proteins) were

generated with the method described in Section II. Therefore, nearly twelve million in-

stances were employed to train and test the network. The results are reported in Ta-

ble.4.6. The results were consistent from fold to fold, and an average accuracy of 96.08

% was achieved despite the large number of instances. These results clearly demonstrate

the ability of our network to adapt to large datasets through the selecting dense layer, in

addition to demonstrating the scalability of our approach. Indeed, a deeper network was

automatically selected by the selecting dense layer to reflect the complexity and the size

of the dataset. The corresponding ROC curve and the AUC are reported in Fig.4.7. They

further illustrate the performance of our system.

4.4.7 Selecting dense layer: an empirical analysis

As explained in Section III, the depth of the network is automatically determined according

to the size and complexity of the dataset. The outcome may be a shallower network, a

deeper network, or any combination thereof; the architecture of the resulting network is

determined by the selecting dense layer. In this section, we propose an empirical analysis

of this mechanism. Small and large datasets were selected, namely Guo’s dataset and

the B-STRING dataset. For each dataset, the element-wise gradient with respect to the
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Figure 4.6: ROC curve and AUC for Guo’s hold-out testing set [10]

selecting dense layer was evaluated. These gradients are represented as heat maps: a cold

color corresponds to a low gradient and a warm color corresponds to a higher one. Our

results are reported in Fig.4.8 and 4.9, for Guo’s dataset and B-STRING, respectively.

The left side of these figures corresponds to the shallower networks, while the right side

corresponds to deeper networks. In Fig.4.8, more weight and gradient is attributed to the

shallower layers (warmer colors) whereas in Fig.4.9, the deeper layers clearly dominate the

shallower layers. Therefore, a shallower network was automatically created for the small

Table 4.5: Validation of the results of Table 4.4 with a Student’s t-test.

Paired T-Test SDPPI - Li et al. SDPPI - Sun et al.

p-value 0.02949 0.00543
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Table 4.6: Five-fold cross-validation results for the B-STRING dataset.

Fold 0 1 2 3 5 Average

Testing Accuracy 95.88% 96.15% 96.11% 96.15% 96.12% 96.08%

Figure 4.7: ROC curve and AUC for the B-STRING dataset.
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Figure 4.8: Gradient associated with the selecting dense layer for Guo’s dataset.

Figure 4.9: Gradient associated with the selecting dense layer for the B-STRING dataset.

dataset, and a denser network was generated for the larger and more complex one.

4.5 Summary

In this chapter, we address the so-called data realities that deep learning architectures for

PPI face. We begin the chapter with a discussion on related work, notably focusing our

attention on overfitting and lack of non-interacting proteins. Section 4.2 details our graph-

based algorithm for generating a balanced version of the STRING data set. Section 4.3

details our deep learnable network architecture, while Section 4.4 presents our extensive

experimental evaluation, discuss our results, and offer reflections.

In the next Chapter, we introduce a novel primary sequence-based approach for protein

design.
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Chapter 5

Primary Sequence Based

Protein-protein Interaction Binder

Generation with Transformers

The work presented in this chapter is based on our paper: Primary Sequence Based Protein-

protein Interaction Binder Generation with Transformers [199] submitted for publication.

Amino acid sequences may be assimilated to pseudo-time series, i.e., the time corre-

sponding to the position of the amino acid in the chain [200]. As such, transformer-based

architectures that utilize the mechanism of self-attention may be utilized for protein de-

sign [161].

In this chapter, we introduced a primary sequence-based approach to design PPIs with

two different transformers namely the AppendFormer and MergeFormer. We also address

the multivalued problem in PPI design by using the binding score as well as a prior. A prior

consists of the first n amino acids of the binder to ensure the uniqueness of the solution.

The proposed system is evaluated against the B-STRING data set. During the training

phase, information about the binding probability is employed concurrently with amino acid

sequences to further constrain the problem. Given 10% of the binder as a prior, both of

the transformers are able to achieve a Needleman–Wunsch score of 0.86. which indicates

that our solutions significantly outperform a seq2seq baseline model.
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This chapter is organized as follows: related work is covered in Section 5.1, while

the new transformer-based deep learning architectures employed for binder prediction are

described in Section 5.2. To the best of our knowledge, this is the first work that employs

transformers for PPI design. The dataset and the preprocessing techniques are presented

in Section 5.3 and the transformer training procedure is described in Section 5.4. The

inference, the evaluation techniques, and the prior are addressed in Section 5.5, while the

experimental results are reported in Section 5.6. Section 5.7 summarizes this chapter.

5.1 Related Work

Protein design is the rational design of new protein molecules to design novel activity,

behaviour, or purpose and advance the basic understanding of protein function. Proteins

may be designed from scratch (de novo design) or by making calculated variants of a

known protein structure and its sequence (protein redesign). The most common methods

for redesign are residue interactions clustering followed by high-affinity binding protein

searching [123, 201], searching for an existing binding protein with the high affinity that

is subsequently optimized [125, 202, 203], and incorporating metal-binding sites while op-

timizing their periphery [126]. As for de novo design, the most common approaches are

optimizing existing binding sites [118, 204] and grafting either one [121, 205, 206] or two

sides [207] of an existing site. All these techniques rely on domain knowledge such as the

ternary structures (3-D shape) and information about residue interactions and complexes.

For instance, metal-binding sites are restricted to nonpolar proteins [126]. Frequently, in-

formation such as the ternary structure is unavailable, thereby considerably reducing the

effectiveness and generalizability of these methods.

There are relatively few studies about protein design based on deep learning. Based

on the criterion that if the study be related to sequence-based protein design, we select

a few studies. Among the most important are signal peptide generation by attention-

based neural networks [132], antibody design using a long short-term memory (LSTM)-

based deep generative model from a phage display library for affinity maturation [133],

sequence-based deep learning antibody design for in silico antibody affinity maturation
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[134,135], improving the accuracy of neural network-based computational protein sequence

design with DenseNet [47] using backbone structures, computational protein design with

deep learning neural networks [49], and the generation of functional protein variants with

variational autoencoders [136]. Wu et al. approach lacks the ability to solve mutivalued

problems, and all these methods require either knowledge of the 3-D structure [47] or

domain-specific knowledge [134,135].

An approach for solving the antibody-antigen binding problem is proposed in [134].

Given an antibody-antigen pair, a one-hot embedded matrix and an adjacent matrix are

first evaluated. Then, the two matrices are fed to a neighborhood aggregation layer and

a graph neural network (GNN) to obtain a binary classification. Being confined to binary

classification, the Kang et al. method is unsuitable for determining the sequences of binding

proteins.

A single-domain antibody (sdAb), also known as a nanobody, is an antibody fragment

consisting of a single monomeric variable antibody domain. Like a whole antibody, it can

bind selectively to a specific antigen. Shin et al. employ an autoregressive dilated convolu-

tional model for predicting nanobody sequences [135]. As the model is autoregressive, the

amino acids are predicted sequentially, with the prediction of a new amino acid being based

on the previous ones. Wang et al. propose a framework, consisting of three cooperating

deep learning models, that predicts the amino acid sequence of the binder based on the

backbone structure (3-D) of the target protein [49]. The applicability of this framework is

limited to target proteins for which the backbone structure is known.

In one study, a variational autoencoder is employed to generate new proteins [136].

In this work, by modulating the latent representation, it is possible to generate new pro-

teins. Unfortunately, the autoencoder does not account for the target protein, making it

unsuitable for interacting proteins.

The approach by [47] is based on DenseNet [142], which is a convolutional neural

network with several parallel skip connections that was originally introduced in computer

vision for diagnostics and identification [208, 209] and more recently was used to diagnose

Covid-19 infections from computed tomography scans [210]. In the proposed architecture,

DenseNet is extended to volumetric data [47]. The latter consists of regular volumetric grids
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in which each volume element is related to the atomic density, while each grid corresponds

to a particular atomic type, thus focusing on the 3-D structure. The amino acid sequence of

the target residues is predicted from the distribution of backbone atoms. Qi et al. achieved

an accuracy of 53.2% with a 5-fold cross-validation, which constitutes an improvement of

more than 10% compared to the state of the art. Unfortunately, because of the one-to-one

correspondence between each amino acid and the backbone, the target protein and the

binder must have the same number of amino acids, which strongly limits the applicability

of this approach. Indeed, most of the time, the binder and the target protein do not have

the same number of amino acids [211].

This limitation may be circumvented by employing an autoregressive model [212] in

which the new amino acid is predicted recursively from the previous one. The recursive

prediction process ends when an end-of-sequence (EOS) token is predicted. Therefore, the

model can predict sequences with variable lengths, thus allowing for binders and targets

not having the same number of amino acids, which is by far the most common scenario.

Such a strategy was followed by Sake et al. [133] for antibody design against kynurenine,

a metabolite used in the production of niacin. The autoregressive model consisted of an

LSTM [7]. An extended dataset was obtained with the phage display laboratory technique

[213] and an antigen-binding (Fab) library [214]. Sake et al. model can predict sequences

with arbitrary lengths. Nonetheless, the predictions are based on a specific probability

distribution, the one associated with the maturation of antibodies against kynurenine,

which means that the approach cannot be easily generalized. A similar problem occurs

in [135].

The study by Wu et al. is the one closest to our work [132]. The authors employ an

autoregressive model to predict binders of variable length. Their training dataset consist

of signal peptides (short amino acid sequences) and their corresponding target proteins,

and their architecture is based on a seq2seq transformer. Recall that a transformer is a

deep learning model that adopts the mechanism of self-attention [161]. As such, seq2seq

transforms the target protein amino acid sequence into the binder amino acid sequence.

The main components are the encoder and the decoder. The encoder converts each input

sequence into a more informative and compact latent (hidden) representation. The decoder

reverses this process, converting the latent representation into an output sequence using the
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previous output as the input context. The network includes two optimization mechanisms:

attention and beam search. The input to the decoder is a single vector that stores the

entire context. Attention allows the decoder to look at the input sequence selectively. As

for beam search, instead of picking a single output (amino acid) as the output, multiple

highly probable choices are retained while being represented as a data structure. For

testing, de novo signal peptides were generated with the trained model. It was determined

experimentally that 48% of the peptides bound effectively. These peptides shared on

average 73% of their sequence with the corresponding closest known signal peptides.

Yet, there are some limitations to the method of Wu et al. [132]. First, it is essentially

limited to small molecules, whereas our main concern is PPIs. Second, as opposed to

signal peptides, PPIs are less specific. As a result, a given target protein may interact

with multiple binders. Indeed, only 0.13% of proteins studied by Wu et al. interacted with

more than one binder. The situation is completely different for PPIs. For instance, in the

Search Tool for the Retrieval of Interacting Genes/Proteins (STRING) dataset [57], most

proteins interact with at least four binders. The distribution of the number of interactions

per protein for the STRING dataset is reported in Fig. 5.1. Therefore, protein design is

made more complex by the fact that there are multiple solutions for a given target protein

(multivalued problem). This is to be contrasted with signal peptides, for which the solution

is essentially unique, which means that the problem is more constrained.

As indicated earlier, all state-of-the-art methods either require knowledge of the 3-

D structure of the target protein or domain-specific knowledge. Therefore, they may

encounter difficulties when applied to new problems, meaning that their generalizability is

rather limited. In addition, very often, the 3-D structure is not readily available. On the

other hand, amino acid sequences may be easily obtained. For these reasons, we introduce a

solution for designing binder proteins that is based on amino acid sequences. Our approach

aims at designing target proteins solely from amino acid sequences while addressing the

multivalued problem inherent to PPIs. The architectures of our models are presented in

Section 5.2.
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Figure 5.1: Distribution of the number of interactions per protein in the STRING dataset.
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5.2 Transformer for Binding Protein Prediction Given

a Known Target Protein

Recall that a transformer is a deep learning architecture that transforms one sequence into

another and that it is based on seq2seq. It is an autoregressive model with an attention

mechanism that was first proposed for neural machine translation [161]. As opposed to

recurrent neural networks [215], no sequential treatment of the input vector is required.

In addition, the scaled dot product attention mechanism densely connects the input and

output. Therefore, the context vector is linked to the entire input, thus overcoming the

problem associated with long-term dependencies [216]. As stated earlier, PPI is a multival-

ued problem since more than one binder may be associated to a target protein, as reported

in Fig. 5.1. To obtain a particular solution, some prior knowledge must be introduced in

order to constrain the solution to a particular binder. To achieve a unique solution, it is

proposed to employ the binding scores between target proteins and binders in addition to

prior knowledge of the amino acid sequence of the binder. Here, the prior refers to the first

amino acids of the target protein that are known.

In our study, two transformer architectures are introduced: one is optimized for short

priors while the other is optimized for longer priors. The first AppendFormer architecture

extends the original transformer as introduced by Vaswani et al. [161] with the objective

of learning in the presence of short priors. The input AppendFormer transformer consists

of the amino acid sequence of the target protein and the discretized binding score that

is appended in between the padding and the EOS tokens. The EOS token is employed

to determine the localization of the discretized binding score within the input sequence.

The architecture of the AppendFormer is reported in Fig. 5.3. The transformer consists

of an encoder and a decoder, where the encoder transforms the target protein amino acid

sequence into a latent representation, while the decoder generates the amino acid sequence

of the corresponding binder protein from the latent representation. The decoder has a

recurrent architecture, which means that its output is reinjected into its input as illustrated

in Fig. 5.3. The output of the decoder is initialized with a beginning-of-sequence (BOS)

token as well as with a prior about the binder amino acid sequence that consists of its

first n amino acids. The Bayesian prior is employed to constrain the solution to a unique
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binder. Indeed, as stated earlier, because PPI is essentially a multivalued problem, it is

necessary to introduce some constraints to obtain a unique solution. For both the encoder

and the decoder, the amino acid sequences are processed with an embedding layer [161] that

ensures that both sequences have a continuous representation while mapping amino acids

with similar properties to the same region. As the attention mechanism does not account

for the order in which the amino acids appear in the sequences, a positional encoder [161]

is added after each embedding layer, thus allowing the transformer to account for the order

in which the amino acids appear without jeopardizing parallel processing. The positional

layer is followed by a multi-head self-attention layer. The aim of this layer is to capture

the interrelations among the various amino acids such as self-folding and self-interaction

either for the target protein or the binder, as demonstrated in [163]. Then, the latent

representation is generated by a multi-head attention layer. For this layer, the query keys

are associated with the decoder, while the memory and value keys are associated with the

encoder, thus allowing the capture of the interrelations between the amino acids of the

target protein and those of the target proteins. The multi-head attention layer is followed

by a classifier that consists of a feed-forward neural network, a linear, and a softmax

activation function. The classes correspond to the twenty standard amino acids as well

as to a potentially unknown amino acid (multi-class problem). During the training phase,

the classifier allows for determining if the amino acid generated by the decoder is the right

one. Various skip connections [141] are added along the way to reduce the complexity of

the loss function landscape, therefore facilitating its optimization [9].

We also introduce the MergeFormer architecture, designed for longer priors, i.e., a

scenario in which a larger portion of the target protein is known. In the second architecture,

a merge layer is introduced between the encoder and the decoder to inject the binding score

deeper into the encoder just after the feed-forward neural network. Therefore, the binding

score is decoupled from the amino acid sequence as opposed to the first architecture. The

MergeFormer architecture is described in Fig. 5.4. The input of the encoder consists of

the amino acid sequence of the target protein. The network is designed in such a way

that the effect of the binding score may be learned independently for each amino acid.

Therefore, a constant vector is created, the constant being the binding score, which has

the same dimension as the latent or hidden representation. This vector is concatenated to
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Figure 5.2: Example input for encoder and decoder in AppendFormer.

the latent representation, the resulting vector is transposed, and a linear transformation is

applied, thus allowing for the learning of the interrelations between the binding score and

the amino acids. Finally, the linearly transformed representation is transposed to restore

the original topology. The main advantages of MergeFormer are:

• No vocabulary is required for the binding affinity, thus reducing the number of tokens

that must be learned by the network.

• For AppendFormer, the discretized binding score is appended at the end of the protein

sequence. Since the amino acid sequence may have an arbitrary length, the position

of the binding score is unknown and therefore must be learned by the network. In

the case of MergeFormer, the binding score is injected directly into the latent space

while its relation to each amino acid is learned.

• The fact that the binding score is independent of the amino acid sequence allows

for initializing the encoder weights with techniques such as masked language mod-

eling (MLM), which has been shown to substantially improve performances in NLP

when employed in conjunction with the bidirectional encoder representations from

transformers (BERT) [217].

The hyperparameters employed for both transformers are reported in Table 5.1. The

table consists of four transformers, namely one MergeFormer architecture and three Ap-

pendFormer architectures, with the difference in the three AppendFormer architectures

being the number of neurons in the feed-forward neural network.

To further evaluate the proposed transformers, their performances are compared against

a seq2seq baseline with LSTM layers [40]. We employ this model as a baseline since
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Figure 5.3: Architecture of AppendFormer.The digitized binding score BS is inserted at

the end of the sequence. The number N of encoder layers was 3 in this study.

103



Figure 5.4: Architecture of MergeFormer. The input is the amino acid sequence of the

target protein, while the binding score is concatenated with the latent representation.

N = 3 in this study.
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Model MergeF AppenF-s AppenF-m AppenF-l

nencoder 3 3 3 3

ndecoder 3 3 3 3

Pdrop 0.1 0.2 0.2 0.2

dffn 1024 1024 1280 1792

dmodel 256 256 256 256

nhead 8 8 8 8

vinput 31 131 131 131

voutput 31 31 31 31

Table 5.1: Hyperparameters associated with the transformers: nencoder and ndecoder repre-

sent the number of layers in the encoder and the decoder, respectively, dmodel and dffn are

the dimensions of the embedding and feed-forward neural network, respectively, and Pdrop

is the dropout probability. The number of heads in the multi-head attention mechanism is

given by nhead, while the size of the input and output vocabulary is represented by vinput

and voutput, respectively. For MergeFormer, these are equal as they correspond to the sum

of the number of amino acids, the number of special amino acids, and the number of special

tokens. For AppendFormer, vinput is larger by the number of tokens.
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it famously surpassed the state of the art for machine translation in the Conference on

Machine Translation (WMT’14) English to French Challenge [218]. To date, it remains

one of the most widely used seq2seq models and has been successful in a wide range of

applications [219–221]. Specifically, it has also been successfully adopted in protein design

applications [222–224].

Its architecture is described in Fig. 5.5. As for AppendFormer and MergeFormer,

baseline model consists of an encoder and a decoder. The key difference is that the at-

tention layers are replaced by LSTM layers. The number of neurons in the LSTM layers

were set to 512 by inspection. The baseline model in AppendFormer and MergeFormer

possesses embedding layers that convert the amino acid sequences into hidden or latent

representations that are subsequently processed by the LSTM layers. The LSTM layer

associated with the decoder is initialized from the internal states of the encoder’s LSTM

layer. These internal states consist of the cell state and the hidden state. The decoder’s

LTSM autoregressively generates the amino acid sequence for the binder, given the target

protein. In AppendFormer and MergeFormer, the amino acids are predicted with a linear

layer employing a softmax activation function.

5.3 Dataset and Preprocessing

The dataset employed for training and testing is the STRING dataset that was originally

proposed by Szklarczyk et al. in 2019 [57]. For the species Homo sapiens, the dataset

consists of 11,759,455 interacting protein pairs, each of which is characterized by a binding

score. Amino acid sequences consisting of more than 256 amino acids are excluded because

the computational requirements for the self-attention mechanism grow quadratically with

the number of amino acids [225]. In addition, since we are interested in binding proteins

with high affinities, only proteins for which the binding score is between 0.9 and 1.0 are

retained [226–229].

Recall that a transformer architecture is asymmetric in the sense that the binder may

become the target protein and vice versa. Therefore, the dataset was extended by invert-

ing the binder and the target protein. As a results, 96,744 interacting pairs involving 2091
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Figure 5.5: Architecture of the seq2seq baseline model.
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distinct proteins were obtained in conjunction with their binding scores. Since a seq2seq

model is employed, the amino acids are assimilated to tokens, while the amino acid se-

quences are assimilated to sentences. As in NLP, each sequence starts with a BOS token

and ends with an EOS token. The BOS token is employed to initialize the recursive predic-

tion at the inference stage, while the EOS token marks the end of the sequence. Therefore,

a sequence of arbitrary length may be predicted. Sequences with fewer than 256 amino

acids are padded with padding tokens to be able to predict smaller amino acid sequences.

For AppendFormer, the binding score is discretized into 100 bins ranging from 0.9 to

1.0, with each bin corresponding to a particular binding score. The number of bins was

determined through experimentation. As a result, the vocabulary needed to be increased

by 100 tokens in addition to those associated with the amino acids. For MergeFormer,

since the binding score is injected directly at the level of the latent space, no additional

tokens are required. Network training and the priors are addressed in Section 5.4.

5.4 Network Training

Teacher forcing, which is an essential part of many seq2seq architectures [230], is employed

at the training stage. Being an autoregressive model, a transformer predicts the next amino

acid from the latent representation of the input sequence (target protein) and the previous

predictions of the decoder. In teacher forcing, during training, the predicted value at

position t is replaced by the true value if the prediction is erroneous. As indicated earlier,

given a target protein, the solution in terms of binders is multivalued. Therefore, due to

the multiplicity of solutions, an error may be made when predicting an amino acid. The

model being autoregressive, this error may jeopardize subsequent predictions in addition to

causing error accumulation. Teacher forcing avoids the accumulation of errors by providing

the decoder with the true input, resulting in a faster convergence during the training phase.

With teacher forcing, the training may be drastically accelerated. Without teacher forc-

ing, the predictions have to be made recursively because the decoder’s output is reinjected

into the decoder’s input. This means that the prediction for the current position is always

based on the previous one. The recursive process eliminates any possibility for parallel
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training. However, with teacher forcing, the decoder is provided with ground truth la-

bels rather than the model’s previous predictions. Therefore, the sequence prediction may

be partitioned into multiple independent sub-tasks (parallelization). These sub-tasks can

be distributed to many nodes and calculated concurrently, thus accelerating the training

process. The loss function is optimized with the Adaptive Moment Estimation (ADAM)

stochastic optimizer technique [231].

For the loss function, with teacher forcing training, each amino acid prediction on

the chain may be performed independently, therefore resulting in independent multiclass

classification problems, with the classes corresponding to the amino acid types. It follows

that the loss function is a sparse categorical cross entropy [174] that is described by Eq.

5.1. w is the weights of the model. The output of the model and the ground-truth label are

noted as ŷ and y respectively. As in [161], the padding tokens are ignored during training.

J(w) = − 1

N

N∑
i=1

yilog(ŷi) (5.1)

As for the original transformer, a dynamic learning rate with warm-up and decay is

employed as it improves convergence during training. We use the same for our Append-

Former model since it is similar to the original transformer architecture as shown in Eq.

5.2. For our MergeFormer model, we design a dynamic learning rate with spiking followed

by a constant learning rate, as described by Eq. 5.3.

lappe = d−0.5
model ·min(n−0.5

s , ns · n−1.5
ws ) (5.2)

lmerg =

{
linit · ns

nws
ns ⩽ nws

max(linit · 1
1+α·(ns−nws)

, ϵ) ns > nws

(5.3)

where ns represents the number of training steps, nwsthe number of warming steps, ϵ

the lower boundary, α the learning rate decay speed, and linit the initial learning rate.

The learning rate for MergeFormer is slightly different. To avoid local minima, both

the lower boundary and the initial learning rate must be smaller [190]. The learning rates

for both AppendFormer and MergeFormer are reported in Fig. 5.6.
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Figure 5.6: Dynamic learning rates for AppendFormer and MergeFormer.
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5.5 Inference, Evaluation, and Prior

Recall that both AppendFormer and MergeFormer are autoregressive models, which means

that the prediction of a new amino acid is based on the previous one. The encoder generates

a latent representation from the target amino acid sequence and the binding score, the

latter being appended to the sequence in AppendFormer or injected into the latent space

in the case of MergeFormer. The latent representation acts as a key and a value for the

multi-head attention mechanism associated with the decoder.

Initially, when the amino acid sequence of the binder is completely unknown, the se-

quence is initialized with a BOS. Then, the decoder predicts the first amino acid. Being a

multiclass classifier, the decoder predicts an occurrence probability for each of the twenty

amino acid types or classes. The amino acid with the highest probability is selected with

a greedy search strategy [232]. The output sequence is updated with the outcome of the

greedy search, and the recursion is repeated until an EOS is generated by the discriminator,

allowing for the prediction of sequences of arbitrary length.

The greedy search algorithm only retains the amino acid with the highest classification

probability. Because there is more than one binder for a given target, many correct solu-

tions are possible, at least at the beginning of the prediction process. The real and unique

solution may only be inferred when more amino acids are predicted along the way. This

problem may be overcome with beam search [233]. Instead of considering only the first bw

predicted amino acid, beam search considers the first predicted amino acid, with the last

one being conditional on the first bw− 1. For instance, for bw = 2, the probabilities associ-

ated with both amino acids (bi-gram) are multiplied to obtain the conditional probability

of the bi-gram, with the probability of the second amino acid being conditional upon the

first one. Then, the bi-gram with the highest conditional probability is selected and the

process is repeated for each new prediction. As a result, the results are improved, and the

issues associated with the multivalued problem are mitigated.

To further constrain the multivalued problem, a prior is attributed to the binder. Such

priors are common in protein design, especially when mutation-based techniques are em-

ployed [118, 121, 204–207]. Their application is based on the observation that, without

the prior, the transformer would not have enough information, or constraints, to converge
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onto a particular solution [234]. In our work, a prior consists of the first n amino acids

forming the binder for both AppendFormer and MergeFormer. In the first case, the prior

is appended to the input of the AppendFormer, while, in the second case, the prior is

injected directly into the latent space between the encoder and the decoder. Depending on

its length, the prior may be assimilated to a peptide or a polypeptide. The prior may be

assimilated as a form of teacher forcing. Indeed, for the first n amino acids of the binder,

the amino acids generated by the decoder are replaced by the corresponding amino acids

of the prior. From the n+1 prediction, the amino acid is directly predicted via the decoder

with beam search. Additionally, during the predicting stage, teacher forcing is only applied

within the section of prior. During training, in contrast, teacher forcing is engaged in the

entire process.

Because the ground truth is known for the prior, it is not involved in the evalua-

tion. Therefore, all the evaluation metrics ignore the prior and only focus on the amino

acid directly generated by the decoder, thus avoiding the introduction of bias in the

evaluation procedure. Four metrics are employed for the evaluation, namely the token

matching rate (TMR), bilingual evaluation understudy (BLEU), Needleman–Wunsch, and

Smith–Waterman metrics.

• Token matching rate: The token matching rate is evaluated over the whole test set. It

corresponds to the ratio between the total number of tokens (amino acids) correctly

predicted to the total number of tokens. The metric ranges between 0 and 1.

TMR =
ntoken match

ntoken

(5.4)

• BLEU metric: The BLEU score [235] is a metric that was originally developed for

evaluating the quality of texts that have been machine-translated from one natural

language to another. In this study, the BLEU score is the logarithm of the geometric

mean of the modified n-gram precisions for the amino acid prediction, with an n-

gram corresponding to a contiguous sequence of amino acids of length n. Short

n-grams are penalized with a brevity penalty score [235]. Here, the value of n ranges

between 1 and 4, while the BLEU score lies between 0 and 1. The metric depends

only on the n-grams and not on their positions within the sequence. Therefore, the
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BLEU score determines the similarity between the true and predicted sequence in

terms of their n-grams. The BLEU score is also related to the protein structure

quality. Indeed, the number of amino acid substitutions is significantly correlated

with neighborhood preference among amino acids [236]. As reported by [237], the

neighborhood preference may be employed to assess structural quality.

• Needleman–Wunsch metric: The Needleman–Wunsch algorithm determines the best

global alignment and similarity measure between two protein sequences with dynamic

programming [238]. Given an amino acid sequence, each correctly predicted amino

acid is attributed a reward of 1, while a penalty of 0 is attributed otherwise. The

similarity measure is the ratio between the sum of the rewards and penalties and

the total number of amino acids. This is a number between 0 and 1 whose value is

independent of the number of amino acids forming the sequence.

• Smith–Waterman metric: The Smith–Waterman algorithm [239] is based on local

alignment, which compares amino acid segments of all possible lengths and optimizes

the similarity measure with dynamic programming. The measure itself is evaluated

in the same way as for the Needleman–Wunsch metric. It is a number between 0 and

1 whose value is independent of the number of amino acids forming the sequence.

To further ascertain the performances of the transformers, the classification accuracy

and the top-5 classification accuracy are evaluated. Absorbed from classification tasks,

Top-5 accuracy means that the predicted amino acid is among the five best results in

terms of prediction probability.

The hyperparameters of the transformers were determined by evaluating and comparing

the performances of the models for various values of the hyperparameters. As stated

earlier, the sequences are evaluated recursively, meaning that the training process cannot

be parallelized making the evaluation of the hyperparameters computationally prohibitive.

For this reason, as explained in Section 5.4, teacher forcing was employed to train each

model. Indeed, teacher forcing allows the prediction of each amino acid independently

of the others, thus allowing for parallelization of the calculations which reduces the time

required for training [240].
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Model Trainable Parameters

AppendFormer-s 5,579,039

AppendFormer-m 6,367,007

AppendFormer-l 7,942,942

Baseline 3,173,663

MergeFormer 5,620,519

Table 5.2: Number of trainable parameters for each transformer.

Model Accuracy Top-5 Accuracy

AppendFormer-s 93.07%± 0.20% 98.00%± 0.04%

AppendFormer-m 94.03%± 0.11% 98.51%± 0.01%

AppendFormer-l 95.81%± 0.42% 99.02%± 0.09%

Baseline 96.53%± 0.29% 98.41%± 0.16%

MergeFormer 96.41%± 0.48% 98.38%± 0.31%

Table 5.3: 5-fold cross-validation accuracy and top-5 accuracy with teacher forcing.

Our experimental results are presented in the next section.

5.6 Experimental Results

The best models and hyperparameters were determined from the accuracy and the top-5

accuracy as obtained by 5-fold cross-validation with teacher forcing. Recall that teacher

forcing was employed to parallelize amino acid predictions, thus allowing for faster conver-

gence. The best performances for AppendFormer (AppendFormer-l) were obtained with

a feed-forward neural network consisting of 1792 neurons. The accuracy and the top-5

accuracy for each model are reported in Table 5.3, while the corresponding number of

parameters associated with the best models appear in Table 5.2. While MergeFormer and

AppendFormer-l have comparable performances in terms of accuracy, MergeFormer has

much fewer parameters than AppendFormer-l, thus reducing the risk of overfitting while

facilitating convergence during the training phase. AppendFormer-l has slightly better per-
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Figure 5.7: Evaluation of the performances of AppendFormer, MergeFormer, and the

seq2seq baseline model according to the importance of the prior for four metrics, namely

the token matching rate, BLEU, Needleman–Wunsch and Smith–Waterman.

formance in terms of top-5 accuracy than MergeFormer, while the situation is the opposite
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for accuracy.

The models that obtain the best-three accuracy, Append-Former-l and MergeFormer,

as well as the baseline seq2seq model were evaluated with the token matching rate and

the BLEU, Needleman–Wunsch, and Smith–Waterman metrics. It should be noted that

teacher forcing was not employed during the testing phase as it would bias the results by

providing the network with the correct solution. These metrics were evaluated for different

priors on the binding proteins. The priors were obtained by providing the decoder with a

certain percentage of the first amino acids forming the binder. This number was restricted

in between 0% and 30% of the total length. As stated in Section 5.2, this prior is required

in order to constrain the multivalued problem as multiple binders may bind to a given

target protein. Therefore, the prior ensures that the right binder is found for a particular

interaction. The results for the four metrics are reported in Fig. 5.7. First, we turn our

attention to the Needleman–Wunsch and Smith–Waterman metrics since they are widely

used in bioinformatics. The best performances in terms of the Needleman–Wunsch and

Smith–Waterman metrics are obtained with AppendFormer-l when no prior is employed,

the metrics being equal to 0.58. This value increases to 0.61 for AppendFormer-l with a 5%

prior, 0.86 with a 10% prior (both for AppendFormer-l and MergeFormer) and up to 0.95

with a 30% prior with MergeFormer. AppendFormer-l slightly outperforms MergeFormer

when the prior is inferior to 10%, while MergeFormer strongly outperforms AppendFormer-

l otherwise, improving performances by up to 40% when a 30% prior is employed. In

comparison, as illustrated by Fig. 5.7, the seq2seq baseline model has relatively poor

performances with the Needleman–Wunsch and Smith–Waterman metrics, barely reaching

0.65 when a 30% prior is employed. These results show that AppendFormer is suited for

short priors (less than 10% of the entire sequence), while MergeFormer performs better

with longer priors (more than 10%), thus confirming the validity of our architectures.

Both transformers outperform the baseline seq2seq model. The performances in terms

of Needleman–Wunsch and Smith–Waterman metrics are quite similar, meaning that no

local alignment is required, and thus, that the sequence is properly predicted up to a global

alignment.

The same general behaviour is observed for the token matching rate and BLEU results.

Although these two metrics were reported for the sake of completeness, as stated above,
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the Needleman–Wunsch and Smith–Waterman metrics are the most relevant from a bioin-

formatics perspective; token matching and BLEU scores are utilized more by researchers

familiar with NLP evaluation metrics. Indeed, these results further highlight the successes

of AppendFormer and MergeFormer.

5.7 Summary

We introduced novel deep learning architectures for therapeutic antibody and drug design

based solely on amino acid sequences. A new primary sequence-based approach for pre-

dicting the amino acid sequence of the corresponding binder from a given target protein

amino acid sequence was introduced. As a target protein may interact with more than one

protein, the problem was constrained by employing the binding score and a prior on the

binder. The binder was predicted using the transformer deep learning approach. Two ar-

chitectures were created: a transformer in which the discretized binding score is appended

to the target amino acid sequence and a transformer for which the binding score is injected

directly into the latent space between the encoder and the decoder, resulting in fewer

parameters and a learnable relation between the binding score and the latent space. To

improve convergence and parallelize the calculations, training was performed with teacher

forcing. Our results are promising and shows that transformer architectures outperform

the state-of-the-art.

Next, in Chapter 6, we present our conclusions and details of our future work.
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Chapter 6

Conclusions and Future Work

The contributions of this thesis are as follows.

6.1 Contributions

We presented a novel architecture for PPI testing that focused on amino acid sequence

time series and incorporated an attention mechanism for learning from the folding and self-

binding properties inherent in proteins. Our SPNet networks are characterized by the use

of residual networks to mitigate gradient explosion and disappearance, a multilevel pyramid

feature structure encompassing various PPI mechanisms, Siamese networks connected via

a random projection and a self-attention mechanism that takes self-binding and folding

into account. The experimental results demonstrated the effectiveness of our approach,

which outperforms the state-of-the-art architectures when a strict data set is employed.

Large repositories of PPIs mostly contain interacting proteins. Consequently, they are

highly imbalanced, which needs to be addressed before learning. A new approach was

proposed for determining non-interacting pairs. A graph was constructed in which the

nodes refer to the proteins, and the edges correspond to their binding strength: the shorter

the length of an edge, the stronger the bond. Non-interacting proteins correspond to the

most distant nodes in terms of their geodesic distance in the graph. A large balanced
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data set was thus created from the STRING database, called B-STRING. A new deep

pyramidal network that learns both its architecture and depth from the data set was

proposed. This allows the network to adapt to the structural complexity and size of the

data set while preventing overfitting. This is of great importance as, for rare or new

diseases, the size of the corresponding PPI data sets may be small, whereas the size of

data sets for common and older diseases is much larger. The adaptive nature of our

architecture also considerably reduces the number of parameters that must be determined

by inspection, thereby streamlining the design of the network while removing arbitrariness

and biases that result from human intervention. Given the high classification accuracy

for both the benchmark data sets and the B-STRING, the network could be employed for

screening a large number of interactions to provide researchers with the most promising

candidates.

In addition to the above-mentioned approaches for PPI prediction, we also delivered

a protein binder design approach. This research was conducted to address the challenge

of discovering novel binders for target proteins, an essential task for therapeutic antibody

and drug design. We introduced two transformer-based architectures for designing the

corresponding binder from a given target protein. Since a target protein may interact with

more than one protein, these novel architectures are designed to involve the binding score

and a prior on the binder to obtain a constraint. Our work has wide applications in protein

design, such as in targeting viruses that are prone to mutations. In such scenarios, if the

unknown binder is a variant of the older one, the amino acid sequences of the two strains

overlap strongly. As such, the concept of a prior may be fruitfully used to design a new

therapeutic for emerging variants. Such an approach has obvious positive implications in

terms of development speed and reduced financial costs.

Next, we detail our future research directions in Section 6.2.
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6.2 Future Work

6.2.1 Protein-Protein Interaction Prediction with Multimodal

Learning

Recall from Chapter 1 that, although amino acid sequences are the most widely available

information about proteins, physicochemical properties, such as hydrophobicity, may fur-

ther be inferred directly from the amino acid sequences. Thus, complementary information

may be obtained by analyzing the various correlations between proteins. The utilization of

such properties and evolutionary information may thus potentially lead to more informa-

tive PPI predictions. In addition, 3-D information about the macromolecular structures,

available from the Protein Data Bank [241], has the potential to provide complementary

insights into the structures and conformations of proteins. As noted in Chapter 1, only

a limited number of curated 3-D protein structures may be obtained from the Protein

Data Bank [241], whereas the B-STRING data set contains more than seventeen million

protein pairs. This data mismatch hinders the wider applicability of this potential source

of information.

Recently, accurate 3-D protein structure prediction, solely from the amino acid se-

quence, has been achieved with deep learning systems such as AlphaFold [242]. As a

proposed future avenue of research, we will investigate the possibility of generating a large

3-D data set from B-STRING by employing AlphaFold. In addition, we may create a mul-

timodal deep neural network for PPI prediction that employs physicochemical properties,

evolutionary information, and 3-D structures.

6.2.2 GAN-based Protein Binder Design

Our protein design approach requires some prior knowledge about the ligand. With the

aim of overcoming this restriction, it is proposed to generate binders with a generative

adversarial network (GAN) [243] in which the generator would be a transformer and the

discriminator would be a pyramid neural network [163]. The discriminator would deter-

mine if the target and binder proteins interact or not. In this extended framework, the
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transformer would not require any prior information. Rather, all the binders would be

generated directly by the GAN, thus overcoming the problems associated with multivalued

solutions in addition to providing the most realistic solutions.

6.2.3 Large Amino Acid Chain Design

Most of our architectures involve attention mechanisms. These have quadratic complexity.

Because of GPU memory requirements, our approach is limited to sequences not longer than

105 amino acids. This constitutes a problem for Homo sapiens proteins since the median

length is 250 [135]. Therefore, we propose to replace our current attention mechanisms

with the new Linformer [244], which has linear complexity. That would allow us to handle

chains as long as 4096 with the same hardware.

6.2.4 Diffusion in Protein Design

Diffusion models were initially proposed by Sohl-Dickstein et al. [245] and further improved

by Ho et al. [246]. The diffusion model consists of a forward process in which noise is pro-

gressively added to the data and a denoising (reverse) process which generated data from

noise. The forward process has a closed-form solution while the reverse process must be

learned with a neural network such as an equivariant graph neural network [247]. Diffusion

models already outperform GAN for image generation [248]. Therefore, it is proposed to

employ diffusion models for protein generation. We propose to use guided diffusion pro-

cesses [248,249] in order to generate stable proteins with specific physicochemical properties

such as aromaticity [250] and instability index [251].
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[155] Petar Veličković, Guillem Cucurull, Arantxa Casanova, Adriana Romero, Pietro Liò,
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