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Abstract

Ribonucleic acids (RNAs) are critical players in cellular activities. They are, e.g., involved

in coding, decoding, regulation, and expression of genes. Their function is related to their

three-dimensional (3D) structure. Consequently, understanding their structure is critical for

understanding their function. Technological advances in high-throughput sequencing meth-

ods have made it possible to sequence many RNAs. The sequenced RNAs are stored in

public databases, and the number of sequenced RNAs keeps growing. Nevertheless, the vast

majority of them lack the corresponding three-dimensional structure—since RNA molecules

are incredibly flexible, experimental RNA structure determination is challenging. A comple-

mentary approach is to use computer simulations to model RNA 3D structure starting from

the sequence.

Such computer simulations to predict bio-molecular 3D structure can be highly challeng-

ing as the energy landscape is enormous and complex. Including a priori information in

molecular modeling tools can help guide structure prediction more accurately by reducing

the search space to the energy landscape. A particular example is providing pairs of nucle-

obases known to be spatially proximal as restraints. While several experimental approaches

exist, a theoretical approach uses sophisticated statistical and machine learning algorithms

to mine information about nucleobase pairs from sequences.

During the course of evolution, RNAs undergo mutations. Mutations that do not ad-

versely affect survival take place randomly. However, others must occur in tandem–a change

in nucleobase of an RNA in one place can trigger a complementary change in sequentially

far region in the RNA sequence but in proximity within the 3D structure—to preserve the

structure and function of RNA and ensure the survival of organisms.

Coordinated mutations leave imprints of nucleotide pair co-evolution, and this co-evolutionary

information may be extracted from multiple sequence alignment (MSA) of homologous RNAs

using sophisticated algorithms. In the last decade, inverse statistical methods based on gen-

erative models known as direct-coupling analysis (DCA) have shown tremendous success in

predicting spatially adjacent residue pairs of proteins from MSA data. These pairs are incor-

porated with molecular modeling tools resulting in accurate protein 3D structure prediction

at the level of experimental resolution. Inverse statistical methods are also recently started

to be used in RNA 3D structure prediction, but their success is somewhat limited compared

to protein structure prediction.

This thesis presents a new and improved RNA contact prediction method and its ap-

plication for RNA 3D structure prediction. In particular, the thesis (i) presents software
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implementation of state-of-the-art DCA algorithms that are contained in a light-weight,

stand-alone, and open-source software; (ii) makes available a curated RNA dataset to test

and compare the performance of contact prediction algorithms on the dataset; (iii) intro-

duces a new and improved RNA contact prediction algorithm based on a combination of

DCA and convolutional neural network that improves RNA contact prediction from MSA

and; (iv) finally, provides a workflow for the RNA 3D structure prediction using putative

contacts obtained from the new algorithm as restraints with a molecular modeling tool based

on coarse-grained replica-exchange Monte-Carlo method.

Keywords: Ribonucleic acid (RNA), co-evolution, generative models, direct-coupling

analysis (DCA), convolutional neural networks, multiple sequence alignment (MSA),

RNA 3D structure.



Zusammenfassung

Ribonukleinsäuren (RNAs) spielen eine entscheidende Rolle bei zellulären Aktivitäten. Sie

sind z.B. an der Kodierung, Dekodierung, Regulation und Expression von Genen beteiligt.

Ihre Funktion ist direkt mit ihrer dreidimensionalen (3D) Struktur verbunden. Folglich ist

das Verständnis ihrer Struktur entscheidend für das Verständnis ihrer Funktion. Technol-

ogische Fortschritte bei Hochdurchsatz-Sequenzierungsmethoden haben es ermöglicht, viele

RNAs zu sequenzieren. Die sequenzierten RNAs werden in öffentlichen Datenbanken gespe-

ichert, und die Anzahl der sequenzierten RNAs wächst weiter. Trotz der riesigen Daten-

menge meisten fehlt oft die entsprechende dreidimensionale Struktur - da RNA-Moleküle

unglaublich flexibel sind, ist die experimentelle Bestimmung der RNA-Struktur eine Heraus-

forderung. Ein komplementärer Ansatz besteht darin, Computersimulationen zu verwenden,

um die RNA-3D-Struktur ausgehend von der Sequenz zu modellieren.

Computersimulationen zur Vorhersage der biomolekularen 3D-Struktur ausgehend von

der Sequenz können eine große Herausforderung darstellen, da die Energielandschaft groß und

komplex ist. Das Einbeziehen von A-priori-Informationen in molekulare Modellierungswerkzeuge

kann dabei helfen, die Strukturvorhersage besser zu steuern durch Reduzieren des Suchraums

der Energielandschaft. Ein besonderes Beispiel ist die Bereitstellung von Paaren von Nuk-

leobasen, von denen bekannt ist, dass sie in räumlicher Näher befinden. Während es dazu

mehrere experimentelle Ansätze gibt, verwendet ein theoretischer Ansatz ausgefeilte statis-

tische und maschinelle Lernalgorithmen, um Informationen über Nukleobasenpaare aus Se-

quenzen zu gewinnen.

Im Verlauf der Evolution unterliegen RNAs Mutationen. Mutationen, die das Überleben

nicht beeinträchtigen, finden zufällig statt. Andere müssen jedoch gleichzeitig auftreten -

eine Änderung der Nukleobase einer RNA an einer Stelle löst eine komplementäre Änderung

in großer Entfernung in der RNA-Sequenz, jedoch proximal innerhalb der 3D-Struktur aus,

um Struktur und Funktion der RNA zu erhalten und damit das Überleben von Organismen

zu ermöglichen. Koordinierte Mutationen hinterlassen daher Abdrücke der Koevolution von

Nukleotidpaaren, und diese koevolutionäre Information kann unter Verwendung ausgefeil-

ter Algorithmen aus dem Multiple Sequence Alignment (MSA) homologer RNAs extrahiert

werden. In den letzten zehn Jahren haben inverse statistische Methoden, die auf generativen

Modellen basieren, die als Direct Coupling Analysis (DCA) bekannt sind, enorme Erfolge

bei der Vorhersage räumlich benachbarter Proteinrestpaare aus MSA-Daten gezeigt. Diese

Paare können von molekularen Modellierungswerkzeugen genutzt werden und führen zu einer

genaueren Vorhersage der Protein-3D-Struktur. Inverse statistische Methoden werden seit
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kurzem auch für die Vorhersage der RNA-3D-Struktur eingesetzt, ihr Erfolg ist jedoch im

Vergleich zur Vorhersage der Proteinstruktur bisher begrenzt.

In dieser Arbeit wird eine neue und verbesserte Methode zur Vorhersage von RNA-

Kontakten und ihre Anwendung zur Vorhersage der RNA-3D-Struktur vorgestellt. In der Ar-

beit (i) wird insbesondere die Open Source Software-Implementierung von DCA-Algorithmen

auf dem neuesten Stand der Technik vorgestellt; (ii) ein kurierten RNA-Datensatz zur

Verfügung gestellt, um die Leistung von Kontaktvorhersagealgorithmen für den Daten-

satz zu testen und zu vergleichen; (iii) wird ein neuer und verbesserter Algorithmus zur

Vorhersage von RNA-Kontakten basierend auf einer Kombination von DCA und Faltungs-

Neuronales Netzwerk vorgestellt, der die Vorhersage von RNA-Kontakten verbessert; (iv)

stellt schließlich einen Workflow für die Vorhersage der RNA-3D-Struktur unter Verwen-

dung vorhergesagter Kontakte vor.

Schlüsselwörter: Ribonukleinsäure (RNA), Koevolution, generative Modelle, Di-

rektkopplungsanalyse (DCA), Faltungs-Neuronale Netze, Mehrfachsequenz-Alignment

(MSA), RNA 3D Struktur.
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1. Introduction to Ribonucleic Acids

Ribonucleic acid (RNA) plays key roles within cells. It is involved in coding, decoding, ex-

pression and regulation of genes[91, 93, 59, 58, 63]. For example, messenger RNA (mRNA)

carries genetic information coded from DNA; transfer RNA (tRNA) is involved in transfer-

ring residues during translation, and ribosomal RNA (rRNA) is involved in gene expression

involving protein synthesis. Most eukaryotic genes although are not translated to proteins,

the resulting non-coding RNAs are attributed to crutial functions[14, 68, 73, 7, 31]. There

exist many non-coding RNAs whose functions are still to be understood[81, 25]. In the recent

Covid-19 crisis, RNA is used in vaccine development[39, 69]

The function of RNA is usually related to its structure[3, 70]. It exhibits hierarchies of

structures varying complexity. In this chapter, a brief introduction of RNA structures is

presented. The chapter is organized as follows. First various levels of RNA structure are

briefly highlighted. Then experimental and theoretical methods of RNA structure prediction

are presented before summarizing the chapter.

1.1. RNA structure

There are various hierarchical levels of the structure of RNA molecules. The simplest of all

the structures is the RNA sequence, a string of basic RNA units called nucleotides com-

posed of a pentose ribose sugar, phosphate group, and nucleobases. There are five stan-

dard nucleobases—adenine(A), cytosine(C), guanine(G), uracil(U) and thymine(T). Uracil

is found in RNAs, and thymine is a DNA nucleobase. The nucleobases are categorized into

two as purines and pyrimidines (see Fig. 1-1). Adenine and guanine are purines, whereas

cytosine, uracil, and thymine are pyrimidines.

Nucleotides are formed from when a nucleobase forms a glycosidic bond with the ribose

sugar forming a nucleoside. When a phosphate group is attached with the ribose sugar

through a condensation reaction, a nucleotide is created(see Fig. 1-2). The ribose sugar’s

carbons are numbered from 1’ to 5’ to distinguish them from those in the nucleobases. In

pyrimidines nucleosides, the glycosidic bonding occurs between the C1’ carbon of the ribose

sugar and the N1 of the nucleobases. The glycosidic bonding in the case of purines is between

the C1’ atom and the N9 atom. The phosphate group attaches to the ribose sugar at the C5’

atom. The phosphate group and the ribose sugar together form the backbone of an RNA

chain.



2 1 Introduction to Ribonucleic Acids

Figure 1-1.: Chemical structure of the five nucleobases. Adenine(A) and guanine(G) are

purine bases. Uracil(U), thymine(T), and cytosine(C) are pyrimidine bases[92].

An RNA sequence is a polymeric chain of nucleotides. The directionality of the sequence

from the C5’ to the C3’ of the ribose sugar, written as ”5’-to-3’”. Although RNA is naturally

a single-stranded chain of nucleotides, it can fold onto itself and form a two-dimensional

structure as in Fig.1-3A. The two-dimensional structure, often known as the secondary

structure, can have stems and loops. An RNA secondary structure stem is typically formed

from a base-pairing of pyrimidine with a purine. For instance, an adenine can be paired

with uracil and guanine with cytosine. These are called canonical base-pairs. However, a

non-canonical base-pairing can be formed, e.g., between guanine and uracil[54].

The three-dimensional structure of an RNA, also known as the tertiary structure, is rep-

resented by the atom’s position in the molecule. Fig.1-3B shows a cartoon visualization of

the adenine riboswitch RNA whose tertiary structure is experimentally solved and deposited

in the PDB database with PDB id 4TZX. Although being non-coding, this RNA is known

to play roles in the translational machine during gene expression. The backbone of the ri-

boswitch is represented by loops and the side chains by sticks. While the adenine riboswitch’s

secondary structure looks like a simple Y-shape, the tertiary structure is folded in a complex
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(A) Chemical structure of cytidine nucleotide

(B) Chemical structure of guanosine nucleotide

Figure 1-2.: Chemical structures of cytidine, and guasonine nucleotides[92]. The nucleotides

are formed chemical bond between the C1’ atom of the ribose sugar with N1

atom of pyrimidines or the N9 atom of purines. The ribose sugar is also con-

nected to the phosphate group by gylcosidic covalent bonding.

way. Indeed, the tertiary structure of RNAs is massively challenging to resolve[55]. The

backbone formed from the ribose sugar and phosphate group is highly flexible, allowing a

myriad of possible three-dimensional structures for an RNA to assume.
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(A) secondary structure[44]

(B) tertiary structure

Figure 1-3.: Figure showing the secondary and tertiary structures of the adenine riboswitch

RNA (PDB id 4tzx). The secondary structure contains three stems, two loops,

and two junctions. A cartoon representation of the tertiary structure shows the

backbone in thick loop paths, whereas sticks represent the side chains.

1.2. RNA structure determination methods

There are experimental and theoretical ways of determining the structure of RNAs. Ex-

perimental methods of RNA structure determination include X-ray crystallography, nuclear

magnetic resonance (NMR) spectroscopy, small-angle scattering (SAS), and fluorescence res-

onance energy transfer (FRET)[15, 13, 56, 98]. These methods provide structures of varying

resolution. For instance, X-ray methods can provide atomic resolution of RNA structures,

but they are often very challenging techniques where are SAS can be an easier method, but

at the expense of resolution as it provides structure at nanometer-level resolution.

Complementary approaches of RNA structure determination involves molecular modeling

technique such as Monte-Carlo methods and molecular dynamics methods. Often, these

theoretical methods incorporate restraints obtained from chemical mapping experiments or

theoretical methods such as statistical and machine learning methods[23, 104]. Methods

such as direct-coupling analysis (DCA) aim to predict pairs of nucleotides spatially proximal

within the tertiary structure of RNA from multiple sequence alignment (MSA) of homologous

sequences.

Experimental RNA tertiary structure is arduous. For instance, looking at the Rfam ver-
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sion 14.5 database, 3,825 families have no annotated tertiary structure, whereas only 115

do have [42]. Theoretical methods using computer simulations have shed light on improving

RNA structure prediction, mainly when done in tandem with restraints obtained from chemi-

cal probing experiments or coevolutionary approaches. However, RNA structure prediction’s

success using these methods lags compared to the field of protein structure prediction. This

thesis aims to improve RNA contact prediction from MSA data and provide a workflow

of tertiary structure modeling guided by information about spatial proximity of nucleotide

pairs.

1.3. Summary

Ribonucleic acids (RNA) are polymeric biomolecules composed of basic units called nu-

cleotides. Nucleotides have three main components—a nitrogenous nucleobase, a ribose

sugar, and a phosphate group. There are five nucleobases, adenine, cytosine, guanine uracil,

and thymine. Thymine is found in DNA, whereas uracil is found in RNA. Nucleobases

are categorized into two—purines and pyrimidines. Adenine and guanine are purines, and

cytosine, uracil, and thymine are pyrimidines.

The sequence of nucleotides represents the simplest structure of RNA. The nucleotides

are attached through the phosphate group and the ribose sugar. The carbon atoms in the

ribose sugar are numbered from 1’ to 5’ to distinguish them from other carbon atoms. An

RNA sequence is read from the 5’ to the 3’ end. RNA can also fold onto itself to form

a secondary structure. The secondary structure is typically composed of loops, stems, and

junctions. The three-dimension (3D) structure of an RNA is represented by the coordination

of all atoms in the molecule. RNA can form a myriad of complex 3D structures.

There are experimental and theoretical methods of RNA structure determination. Ex-

perimental methods include X-ray crystallography, nuclear magnetic resonance(NMR), fluo-

rescence resonance energy transfer(FRET), and small-angle scattering(SAS). These methods

provide information about RNA structure of varying resolution. Theoretical methods include

molecular dynamics and Monte-Carlos simulations. These methods benefit from information

about spatial proximity between nucleotide pairs as constraints.



2. Probabilistic Models of Contact

Prediction

2.1. Introduction

Biomolecules such as proteins and RNA change their sequence while preserving their three-

dimensional structure. During the course of evolution, residues/nucleotides of protein/RNA

can mutate and result in a new sequence of a protein or an RNA. However, to preserve the

biomolecule structure and function, mutations may occur in tandem instead of separately.

Mutation occurring at one place in the sequence may trigger another to ensure the correct

functioning of a biomolecule[5, 4].

Statistical models of contact prediction presume that homologous sequences collected in

protein or RNA families contain information about coevolved residue/nucleotide pairs (see

Fig. 2-1). However, a correlation between pairs may occur as a result of direct or indirect

effects. For instance, consider three residues/nucleotide A, B and C. Suppose that B is in

direct contact with both A and C in the three-dimensional structure, whereas A and C are

not. While the correlation B with A or C is a result of direct effect, A and C may also show

a strong correlation albeit as a result of indirect contact propagated through B.

Contact prediction using methods like mutual information (MI) relies on the correlation

between pairs of residues/nucleotides without considering the cause, i.e., whether it is as a

result of direct or indirect effect. To see this, consider two sites i and j in a protein/RNA

sequence. The mutual information between these two sites is defined as[20]

MIij =
∑
a

∑
b

fij(a, b) log
fij(a, b)

fi(a)fj(b)
(2-1)

where a and b are residues/nucleotide at sites i and j, respectively; fij and fi are pair- and

single-site frequency counts. Eq.2-1 quantified mutual information between the two sites i

and j without considering the effect of other sites in a sequence—it is a local measure, not

a global one.

In recent years, contact prediction algorithms that take into account not only quantify-

ing correlation between pairs of residues/nucleotide but also identify its source—direct or

indirect—are introduced. These algorithms collectively known as direct coupling analysis

(DCA) methods are shown to be more accurate than local measures such as MI and have

showed tremendous success in the field or protein structure prediction[101, 61, 62, 37, 97,
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Figure 2-1.: Mutations in protein/RNA sequences through evolution leave traces of corre-

lated mutations between residues/nucleotides. These coordinated mutations

are necessary to preserve a protein/RNA molecule structure while functionally

important sites remain conserved. Statistical methods are used to infer coevolv-

ing site-pairs such as i and j that are in proximity within the three-dimensional

structure of proteins/RNAs. Functionally essential sites may stay conserved

during coevolution.

35, 32, 88, 22, 29, 99, 94, 65, 67, 17, 85, 8, 16, 76], and recently started being utilized in the

corresponding field of RNA structure prediction[23, 104].

In this chapter, popular DCA algorithms are reviewed. The chapter is organized as

follows: In Section 2.2 I highlight the global probability model’s derivation by maximizing

entropy subject to some constraints. Next, review approximate algorithms for solving the

global probability distribution. In particular, mean-field DCA[66]—obtained by using a

mean-field approximation in Section2.3; pseudo-likelihood DCA[27]—obtained by using a

pseudo-likelihood instead of the full-likelihood in Section 2.4; Boltzmann learning[21]—that

uses the full-likelihood of the global probability method in Section 2.6. I also review the

DCA algorithm that is derived from multi-variable Gaussian distribution[10] in Section 2.5.
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2.2. Global probability model

Maximizing entropy subject to constraints

Here, an expression for a probability function is obtained using the principle of maximum

entropy. In the absence of constraints, one expects that each state is equally likely, and

the result of maximizing entropy would be a uniform probability for each state. However,

the introduction of constraints skews the uniform probability, and some states will be more

likely than others.

In the context of contact prediction from biological sequences, two constraints, in par-

ticular, are introduced. The first constraint considers the effect of local-states (residues/nu-

cleotide) at a site in the sequence. Second, each residue/nucleotide at a site can interact with

every other residue/nucleotide. In other words, the global probability function should be

able to reproduce single-site and pair-site marginal probabilities. Besides, each probability

must be normalized to unity when summed over all possible outcomes.

Consider a sequence σ = a1a2...aL of length L in multiple sequence alignment data of

homologous sequences where ai is a residue or gap at site i. Let p(σ) denote the probability

that this sequence to be sampled during the course of evolution. The entropy as a functional

of p is given by[60]

s[p] = −
∑
{ak}

p(a1, a2, ..., aL) ln p(a1, a2, ..., aL). (2-2)

Single- and pair-site marginals, respectively, are obtained as∑
{ak|k 6=i}

p(a1, a2, ..., aL) = pi(ai), (2-3)

and ∑
{ak|k 6=i,j}

p(a1, a2, ..., aL) = pij(ai, aj). (2-4)

In addition, normalization condition is given by∑
{ak}

p(a1, a2, ..., aL) = 1. (2-5)

Note that Eq.2-3 represents Lq equations—q is the number of residues plus gap state—since

i runs from one to L and ai runs from one to q. Likewise, Eq.2-4 is a short-hand notation of
1
2
L(L − 1)q2 equations since there are 1

2
L(L − 1) non-redundant site-pairs and there are q2

ways of choosing residue/nucleotide pairs at site-pairs.

Eqn.2-2 is maximized subject to the constraints in Equations 2-3, 2-4 and 2-5. Introducing

Lagrange’s multipliers and combining similar constraints together results in

L∑
i=1

∑
ai

 ∑
{ak|k 6=i}

hi(ai)p(a1, a2, ..., aL)− c1

 = 0, (2-6)
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L−1∑
i=1

L∑
j=i+1

∑
ai

∑
aj

 ∑
{ak|k 6=i,j}

Jij(ai, aj)p(a1, a2, ..., aL)− c2

 = 0, (2-7)

λ

∑
{ak}

p(a1, a2, ..., aL)− 1

 = 0, (2-8)

where hi(ai) and Jij(ai, aj) are Lagrange’s multipliers and c1 and c2 are constants.

The Lagrangian is obtained by adding Equations 2-6, 2-7 and 2-8 to Equation 2-2.

L[p] = −
∑
{ak}

p(a1, a2, ..., aL) ln p(a1, a2, ..., aL)+

L∑
i=1

∑
ai

 ∑
{ak|k 6=i}

hi(ai)p(a1, a2, ..., aL)− c1

+

L−1∑
i=1

L∑
j=i+1

∑
ai

∑
aj

 ∑
{ak|k 6=i,j}

Jij(ai, aj)p(a1, a2, ..., aL)− c2

+

λ

∑
{ak}

p(a1, a2, ..., aL)− 1

 (2-9)

The variation of L with respect to p is

δL
δp

= − ln p(a1, a2, ..., aL)− 1− λ+
L∑
i=1

hi(ai) +
L−1∑
i=1

L∑
j=i+1

Jij(ai, aj). (2-10)

The entropy is maximized for values of probabilities such that the variation in Eq. 2-10

is zero. This results in the expression for the probability given by

p(a1, a2, ..., aL) =
1

Z
exp

(
L−1∑
i=1

L∑
j=i+1

Jij(ai, aj) +
L∑
i=1

hi(ai)

)
, (2-11)

where Z = (exp(λ− 1))−1 is the normalization constant, also known as partition function

in statistical physics. The Lagrange multipliers, hi(ai) and Jij(ai, aj), are known as fields

and couplings, respectively. Comparing with Boltzmann distribution, i.e., p(a1, a2, ..., aL) ∝
exp(−βH(a1, a2, ..., aL))—where β is the inverse temperature—the energy function corre-

sponding to Eq. 2-11 is given by

βH = −
L−1∑
i=1

L∑
j=i+1

Jij(ai, aj)−
L∑
i=1

hi(ai). (2-12)

Eq.2-11 is also called the global probability function because, unlike mutual information given

in Eq.2-1, it relates each site in a sequence with every other through the energy function.
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Over-parametrization and gauge fixing

In Eq.2-11 the fields and couplings are functions of residue or gap states of an RNA or

protein sequence. The total number of residues plus a gap is denoted by q. There are four

standard nucleotides in RNAs (q = 5) and 20 standard residues for proteins (q = 21). For a

sequence of length L, there are Lq fields and 1
2
L(L − 1)q2 couplings. As a result, the total

number of parameters is Lq+ 1
2
L(L− 1)q2. However, the model has fewer equations relating

to these parameters and is over-parameterized. That is, there is no unique set of parameters

that define equation 2-11.

To find out the total number of unique parameters, One needs to look at the constraints

(equations 2-3 and 2-4) a bit closely. The single-site probabilities pi(ai) can be normalized

by summing over ai fore every site i, i.e.,
∑

ai
pi(ai) = 1. As a results there are Lq − L =

L(q − 1) unique parameters. Similarly, considering Eq. 2-4, single-site marginals can be

obtained by summing over either ai or aj. Furthermore, the single-site marginals can be

normalized. Summing over either ai or aj results in 1
2
L(L − 1)q equations relating the

parameters. Therefore, there are L(L − 1)q equations relating the parameters; however,

again each single-site probability can be normalized. It implies that, L(L − 1) equations

are actually redundant. As a consequence, the total number of unique parameters that can

be obtained from Eq.2-4 is 1
2
L(L − 1)q2 − [L(L − 1)q − L(L − 1)] which can be written as

1
2
L(L− 1)(q − 1)2.

Over-parametrization of the model is circumvented using the so called gauge fixing. DCA

algorithms that estimate the fields and couplings for biological sequences do the gauge fixa-

tion by setting the fields and coupling involving gap states to be zero. Numbering standard

residues/nucleotides 1, 2, ..., q−1 and the gap state by q the fields and couplings involving q

become hi(q) = Jij(ai, q) = Ji,j(q, aj) = 0. This is also known as the lattice-gas gauge. An-

other approch is to use the zero-sum gauge as
∑

ai
hi(ai) =

∑
ai
Jij(ai, q) =

∑
aj
Jij(q, aj) =

0[103, 66].

In the context of biomolecular coevolution, the model is utilized to predict pairs of co-

evolving residues/nucleotides. The fields and couplings are estimated from input sequence

data as sampled by nature through evolution. However, fitting the global probability model

as it stands is computationally costly. Computing the partition function scales as O(qL).

For instance, for a protein of length L = 100, the algorithmic complexity is O(10100) which

is a formidable task for the computing capability of current computes. Consequently, in-

verse statistical approaches in the context of protein/RNA sequence data use approximation

methods to estimate the fields and couplings.

A few algorithms that approximately estimate the fields and couplings have been pro-

posed and utilized. The message passing algorithm was successfully used for predicting

protein-protein interactions[103]. Latter, an efficient algorithm based on the mean-field ap-

proximation was introduced[66]. This algorithm, called mean-field direct coupling analysis

(mfDCA), is widely used because of its efficiency. Simultaneously, a method based on a mul-
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tivariate Gaussian model was introduced[40]. Then, another algorithm based on maximum

likelihood is shown to improve residue-residue contact prediction capability for proteins[27].

The derivation of these algorithms is reviewed in the following sections. The mathematical

details are found in Appendix B.

2.3. Mean-field approximation

The mean-field approximation DCA algorithm estimates couplings by inverting the co-

variance matrix computed from MSA data. Here, expressions for the mean-field DCA

parameters—fileds and couplings—are derived. The derivations are based on[66]. The fields

are calculated using a self-consistent equation. The starting point is to express the energy

function of the global probability model as function of a parameter that can be varied. Then,

this parameter is chosen to be such that the interactions via the couplings are small. The

expression for this new energy function becomes

Hα({Jij(ai, aj)}, {hi(ai)};α) = α
L∑
i=1

L∑
j=i+1

Jij(ai, aj) +
L∑
i=1

hi(ai). (2-13)

And the corresponding partition function

Zα =
∑
{ai}

exp(Hα), (2-14)

whereas the Helmholtz free energy is

Fα = − lnZα. (2-15)

The next step is to obtain Gibbs free energy from Helmholtz free energy. This task

is achieved by performing Legendre transformation of the Helmholtz free energy. The

Helmholtz free energy depends on fields and couplings in addition to the parameter α. That

is Fα = Fα({Jij(ai, aj)}, {hi(ai)};α) The Legendre transformation is performed for the fields

as.

Gα = Fα −
L∑
i=1

q−1∑
ai=1

hi(ai)
∂Fα
∂hi(ai)

. (2-16)

In equation 2-16, the inner summation is up to q − 1 to indicate that gap states are not

included due to gauge fixation. Not also that Gα depends on the couplings, { ∂Fα
∂hi(ai)

} and

α. That is Gα = Gα({Jij(ai, aj)}, { ∂Fα
∂hi(ai)

};α). Using the results of Appendix B, One has
∂Fα
∂hi(ai)

= −pi(ai). The Gibbs free energy then takes the form

Gα({Jij(ai, aj)}, {pi(ai)};α) = Fα +
L∑
i=1

q−1∑
ai=1

hi(ai)pi(ai). (2-17)
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Performing Taylor expansion of Gα and approximating it up to the linear order in α for small

couplings the Gibbs free energy becomes,

Gα = G(0) +
∂Gα
∂α

∣∣∣
α=0

α +O(α2). (2-18)

At α = 0, the Hamiltonian Hα has terms only involving singe-site fields. In addition the

Legendre transformation has removed the contribution of internal energy via fields—the

Gibbs free energy is a functional of couplings and single-site probabilities. This implies that

the first term in equation 2-18 is equivalent to the contribution from the (negative) entropy.

For independent sites the entropy S0 can be written as

S0 = −
L∑
i=1

q∑
ai=1

pi(ai) ln pi(ai). (2-19)

The second term in equation 2-18 has contribution from the Helmholtz free energy which is

given by

∂Fα
∂α

∣∣∣
α=0

= −
L−1∑
i=1

L∑
j=i+1

q−1∑
ai=1

q−1∑
aj=1

Jij(ai, aj)pi(ai)pj(aj). (2-20)

The Gibbs free energy for small couplings up to linear order can be expressed as

G({Jij(ai, aj)}, {pi(ai)}) =
L∑
i=1

q∑
ai=1

pi(ai) ln pi(ai)

−
L−1∑
i=1

L∑
j=i+1

q−1∑
ai=1

q−1∑
aj=1

Jij(ai, aj)pi(ai)pj(aj). (2-21)

Note that in Eq. 2-21 α is absorbed into the couplings, i.e., it is re-written αJij(ai, aj) simply

as Jij(ai, aj). Performing the derivative of Gibbs free energy in equation 2-21 with respect

to single-site probabilities one obtains a self-consistent equation for the fields

pi(ai)

pi(q)
= exp

hi(ai) +
L∑

(j=1|j 6=i)

q−1∑
aj=1

Jij(ai, aj)pj(aj)

 . (2-22)

The second derivative G with respect to single-site probabilities, i.e., ∂2G
∂pi(ai)∂pj(aj)

is related

to the inverse of the correlations as

∂2G
∂pi(ai)∂pj(aj)

= C−1ij (ai, aj). (2-23)

Computing the second derivatives from equation 2-21 the couplings are related to the cor-

relations as

C−1ij (ai, aj) =

{
Jij(ai, aj), j 6= i
δai,bi
pi(ai)

− 1
pi(q)

, i = j.
(2-24)
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To sum up, Equations 2-22 and 2-24 form the basic algorithms to estimate fields and

couplings, respectively, using mfDCA. Estimation of the fields requires information about

single site probabilities, pi(ai). In practice, these probabilities are substituted by single-site

frequencies obtained from MSA data. Similarly, estimating the couplings requires finding the

inverse of the correlation matrix whose elements are Cij(ai, aj) = pij(ai, aj) − pi(ai)pj(aj).
Like in the estimation of fields, the single site-probabilities are substituted by single-site

frequencies of MSA data. However, pair-site probabilities are also required for computing

the correlation matrix elements. Again, the pair-site probabilities are substituted by MSA

data frequency counts.

2.4. Pseudo-likelihood maximization

In this section, another popular DCA algorithm based on likelihood maximization is re-

viewed. The derivations are based on[27]. The pseudo-likelihood direct coupling analysis

(plmDCA) estimates fields and couplings by introducing a new energy function—instead of

using the full energy function of the global probability—hence, the name pseudo-likelihood.

Each site i in a sequence m is assigned a probability independently such that the effect of

other sites on i is taken into account through the couplings. The probability that site i to

be occupied by a residue/gap a is given by

pmi (am) =
1

Zmi
exp

hi(am) +
L∑

i=1|i 6=j

Jij(a
m, amj )

 , (2-25)

where Zmi is the normalization constant given by

Zmi =

q∑
am=1

exp

hi(am) +
L∑

i=1|i 6=j

Jij(a
m, amj )

 (2-26)

The new energy function

Hi(hi(a
m), {Jij(am, amj )}) = hi(a

m) +
L∑

i=1|i 6=j

Jij(a
m, amj ) (2-27)

contains only a single summation over the couplings which makes it simpler compared to the

full Hamiltonian in equation 2-12. In addition, the partition function as given by equation

2-26 contains only a single sum and the computational complexity is significantly reduced

compared to the partition function of the global probability model (see Eq. 2-11).

The likelihood is defined over a multiple sequence alignment data of homologous protein-

s/RNA. If there are M sequences in the alignment the pseudo-likelihood is

l({hi(a)}, {Jij(a, aj)}) =
M∏
m=1

L∏
i=1

pmi (am). (2-28)
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The fields and couplings are obtained by maximizing the logarithm of the pseudo-likelihood

in equation 2-28. The log pseudo-likelihood is

log l({hi(a)}, {Jij(a, aj)}) =
M∑
m=1

L∑
i=1

hi(am) +
L∑

i=1|i 6=j

Jij(a
m, amj )− lnZmi

 . (2-29)

The fields and couplings are estimated using gradient decent algorithms. The gradients are

obtained as
∂ log l({hi(a)}, {Jij(a, aj)}))

∂hi(a)
=

M∑
m=1

(δam,a − pmi (a)), (2-30)

∂ log l({hi(a)}, {Jij(a, aj)})
∂Jij(a, b)

=
M∑
m=1

(δam,a − pmi (a))δamj ,b. (2-31)

In the pseudo-likelihood approximation algorithm, the overparameterization problem is cir-

cumvented by adding a regularizer to it’s objective function.

2.5. Gaussian approximation

The mean-field approximation method in Section 2.3 obtains the couplings using matrix

inversion. The relationship between inverse correlation matrix and couplings is established

using physical arguments to approximate the global probability model parameters. This

approach also helped to derive self-consistent equations for computing fields. Another way

of estimating couplings from the inverse correlation matrix is using multivariate Gaussian

probability distribution to describe residue/nucleotide co-evolution.

The Gaussian approximation method of contact prediction uses multivariate probability

distribution. Each sequence m in MSA is represented by a vector xm of dimension Lq × 1

where L is the length of sequences in MSA and q is the number of residues/nucleotides plus

gap. Denoting the mean by µ and the Lq × Lq covariance matrix by Σ the multivariate

Guassian probability is written as

p(xm;µ,Σ−1) =
1

(
√

2π)L2q2
√

detΣ
exp

(
−1

2
(xm − µ)TΣ−1(xm − µ)

)
(2-32)

where detΣ denotes determinant. Due to sampling effect the covariance matrix may be sin-

gular. In addition Gauge fixing should be taken into account to while computing the inverse.

One way of circumventing these issues is to use maximum likelihood with regularization as

in[40] or using a conjugate prior so as to find a closed form solution as in[10]. The strategy

used in PSICOV, for example, is to compute the inverse covariance matrix using sparse reg-

ularizer also known as graphical LASSO—acronym for least absolute shrinkage and selection

operator. The likelihood function given M sequences in MSA data is written as
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l(µ,Σ−1) =
M∏
m=1

1

(
√

2π)L2(q−1)2
√

detΣ
exp

(
−1

2
(xm − µ)TΣ−1(xm − µ)

)
. (2-33)

The log-likelihood is

log l(µ,Σ−1) = −M
2

(
L2(q − 1)2 log 2π + detΣ

)
−

M∑
m=1

1

2
(xm − µ)TΣ−1(xm − µ). (2-34)

Dropping the constant term one can write the log-likelihood as

log l(µ,Σ−1) = −M
2

detΣ−
M∑
m=1

1

2
(xm − µ)TΣ−1(xm − µ). (2-35)

The gradients of the log likelihood are given by

∂ log l(µ,Σ−1)

∂µ
=

M∑
m=1

Σ−1(µ− xm) (2-36)

and
∂ log l(µ,Σ−1)

∂Σ−1
=
M

2
ΣT − 1

2

M∑
m=1

(xm − µ)(xm − µ)T . (2-37)

2.6. Boltzmann learning

The previous sections highlight DCA algorithms are obtained by approximating the global

probability in Eq. 2-11 since the direct numerical solution is computationally expensive.

This challenge is particularly true for protein sequences as the complexity is in the order of

20L. However, recently Cuturello et al. used the global probability model to infer parameters

for RNA sequences[21]. This algorithm—known as Boltzmann learning—uses log-likelihood

of the global probability and estimates parameters using Monte Carlo sampling.

The global probability function is given by Eq. 2-11. The likelihood is given by

l({Jij(ai, aj)}, {hi(ai)}) =
M∏
m=1

1

Z
exp

(∑
i<j

Jij(a
m
i , a

m
j ) +

∑
i

hi(a
m
i )

)
. (2-38)

The log-likelihood is

log l({Jij(ai, aj)}, {hi(ai)}) = −M logZ +
M∑
m=1

(∑
i<j

Jij(a
m
i , a

m
j ) +

∑
i

hi(a
m
i )

)
. (2-39)

The gradients of the log-likelihood are given by

∂ log l({Jij(ai, aj)}, {hi(ai)})
∂hi(ai)

= M (fi(ai)− p(ai)) (2-40)
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and
∂ log l({Jij(ai, aj)}, {hi(ai)})

∂Jij(ai, aj)
= M (fij(ai, aj)− p(ai, aj)) . (2-41)

Eq.2-40 and Eq. 2-41 show that when the log-likelihood of the global probability is max-

imized, the empirical frequencies obtained data exactly match the corresponding marginal

probabilities of the global probability model.

2.7. Estimating interaction scores

In the previous sections, various algorithms have been seen to compute DCA parameters,

i.e., couplings and fields. The couplings and fields are not directly used to measure coevolu-

tionary signal strength from families of homologous proteins/RNAs. Instead, a quantity that

summarizes these parameters is introduced. Throughout DCA algorithm development, two

popular quantities have been utilized. one is called direct information–similar in structure

with that of mutual information. The other is taking the Frobenius norm of the couplings.

The direct information approach of computing DCA coevolutionary scores was introduced

in mean-field approximation[66]. The direct information between two sites is computed from

direct probability defined as

pdirij (a, b) =
1

Zij
exp

(
Jij(a, b) + h̃i(a) + h̃j(b)

)
(2-42)

where Zij is normalization constant, and h̃i(a) and h̃j(b) are new fields are sites i and j

respectively. The new fields are obtained from the requirement that marginal probabilities

of pdirij correspond to single-site frequencies of MSA data, i.e.,
∑

a p
dir
ij (a, b) = fj(b) and∑

b p
dir
ij (a, b) = fi(a). The direct information score between sites i and j is denoted by Ddir

ij

and obtained from

Ddir
ij =

q−1∑
a=1

q−1∑
b=1

pdirij (a, b) log
pdirij (a, b)

fi(a)fj(b)
. (2-43)

The advantage of direct information is that its values are gauge independent—shifting the

couplings and fields by constant values will not alter the direct probability used to compute

the direct information.

Another way of quantifying interaction scores is using the Frobenius norm of couplings

written as

Fij =

√√√√ q−1∑
a

q−1∑
b=1

|Jij(a, b)|2. (2-44)

However, the Frobenius norm is gauge dependent—shifting the couplings by constant values

changes the value of Frobenius norm. In addition, to minimize the effect of biased data, e.g.,

due to entropic or phylogenetics bias, the couplings are transformed to[27]

Jnewij (a, b) = Jij(a, b)− Jij(a, ·)− Jij(·, b) + Jij(·, ·) (2-45)
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where the · denotes average over that argument. Furthermore, the score computed from

Frobenius norm is transformed to a new score by using

F new
ij = Fij − Fi· − F·j + F·· (2-46)

which is also known as average product corrected (APC) score. In addition to direct informa-

tion, introduced[66] and Frobenius norm with an average product correction that commonly

used in plmDCA[27] to compute interaction scores, the other way of quantifying coevo-

lutionary signal from couplings obtained from DCA algorithms is to use l1-norm of the

couplings. This method has been used in PSICOV[40] which uses Gaussian approximation

for the probability model. The l1-norm is mathematically written as
∑

a,b |Jij(a, b)| where

the summations run over the residues/nucleotide.

2.8. Summary

During evolution, protein/RNA sequences experience mutations. To keep the three-dimensional

structures maintained, the mutations should not occur randomly; instead, they coevolve, i.e.,

the mutations happen in a coordinated manner. Statistical methods such as mutual infor-

mation (MI) has been used to infer traces of residue/nucleotide pairs from multiple sequence

alignments of homologous sequences. While MI can measure correlations between pairs of

residues/nucleotides, it cannot identify whether the correlations are a result of direct inter-

action or due to indirect interactions propagated through other residues/nucleotides.

A decade ago, a class of contact prediction algorithms based on a global probability

model was developed and applied particularly for proteins. These algorithms, collectively

known as direct coupling analysis (DCA), can predict spatially adjacent residue/nucleotide

pairs from MSA data. One of the algorithms is based on mean-field approximation—an idea

borrowed from statistical physics—computes the global probability model’s parameters by

matrix inversion and self-consistent equation results from an approximation of the model’s

energy function[66]. A similar approach that uses matrix inversion is based on multivariate

Gaussian approximation for the probability model[40]. Latter, a DCA algorithm based on

pseudo-likelihood approximation is developed[27]. This algorithm is shown to be more accu-

rate than the mean-field one, particularly for proteins, although mean-field approximation

is computationally more efficient. Recently, the global probability model is used directly

without approximation for RNA sequences[21]. It estimates the parameters using Monte

Carlo sampling.

The global probability model that DCA algorithms are based on contains more parameters

than the number of equations. The DCA algorithms circumvent this problem using two ways.

One is using Gauge fixing. This task involves setting DCA parameters or their combination

involving gap states to zero[103, 66]. Another way is using a regularizer that takes care of

the overparameterization[27, 40]. Finally, it has been seen that the coevolution interaction
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score is a summary of parameters of the global probability. It is usually done by computing

the norm of couplings such as l1-norm[40] or the Frobenius norm[27]. Also, a procedure

called average product correction (APC) is carried out in order to reduce effect entropic and

phylogenetic effects[40].



3. Convolutional Neural Networks

3.1. Introduction

n machine learning and artificial intelligence, convolutional neural networks (CNN) are

among the most popular deep learning algorithms. Their success for tasks such as image and

video recognition has made them to be widely used in many disciplines[90, 48, 47, 108, 51].

Unlike conventional neural networks, convolutional neural networks are shift/space invariant

algorithms since they use shared parameters/weights to be learned from data. CNNs are

supervised machine learning algorithm as they learn features guided by labeled data.

This chapter provides a brief introduction to CNN. It describes their architecture, such as

layers, presents how these algorithms work using convolution operation, and provides some

examples of non-linear functions that are recently becoming very popular. For a rigorous

theoretical explanation of these powerful algorithms can be found in[49, 50, 45, 52, 24, 105]

. Software implementation of CNNs includes the open-source TensorFlow software written

in the Python programming language using C++ as its backend and is optimized to run on

several platforms[1]

3.2. Architecture of Convolutional Neural Networks

Traditional artificial convolutional neural networks can be diagrammatically represented in

several ways. A diagram that shows how these algorithms are represented is shown in Fig.3-

1. In this representation, there are several layers, such as the pooling, convolution, and

dense layers. At each layer, mathematical operations are carried out accordingly.

At the pooling layer, a down-sampling of input data is carried out. This operation can

be done in a variety of ways[12]. Typical down-sampling techniques are max-pooling and

average-pooling. In max-pooling, the data size is reduced by taking the maximum pixel

element in a section of the input data. In contrast, in average-pooling, the average of the

pixel elements in that section is taken. The convolution layer is the layer where convolution

operation is performed. In the context of CNNs, convolution operation involves multiplicat-

ing a section of input data pixels with a weight matrix—the kernel. The multiplication is

carried out element-by-element of the data section and the kernel. The final result is the

sum of all these multiplications (see Fig.3-2).

In addition to the pooling and convolution layers, CNNs can contain dense layers and an
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Figure 3-1.: Architecture of convolutional neural networks[49]. The diagram shows pooling,

convolution, and dense layers. The pooling layer involves the downsampling

of input data using methods such as max-pooling or average-pooling. The

convolution layer is a layer where convolution operations are performed using

kernel matrices. The dense layer consists of fully connected layers. In this

diagram, the final 1×10 layer is the output layer that classifies a given image,

e.g., handwritten digits.

Figure 3-2.: Illustration of convolution operation (Figure adopted from[75]). In the context

of CNNs, convolution involves sliding a kernel (matrix of weights) on input data

and multiplying the corresponding elements of the section of the data that the

kernel overlaps. The final result is the sum of all those multiplied numbers.

output layer. The dense layers are fully connected to conventional neural networks. The

output layer contains a vector of final output results; for instance, in the case of hand-written

digit classification, it is a 1×10 vector containing the corresponding probabilities of digits

from zero to nine.

CNNs have several hyper-parameter—for instance, width and depth of the network, num-

ber, and size of kernel matrices. The width refers to the size of input data, whereas the depth

refers to the number of layers involved. Also, a particular layer may contain several input

data matrices, e.g., the three color channels of a colored image. Since the kernel matrices are
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shared across a particular input data, the width does not increase the number of trainable

parameters. The number of free parameters is mainly affected by the number and size of

kernel matrices used in a particular layer and the network’s depth.

3.3. Activation Functions

Activation functions allow the introduction of nonlinearities in neural networks and help learn

complex features. There is a wide range of activation functions used in neural networks, each

having its advantages and disadvantages. Recently, rectified linear unit (ReLU) activation

function is widely used[71]. The ReLU activation is also used in a slightly modified manner,

such as the Leaky ReLU and the exponential leaner unit (ELU) (see Fig.3-3).

The ReLU functions filter out negative values. This characteristic makes ReLU activation

functions biologically inheritable[33]. This function is scale-invariant, meaning multiplying

the values ReLU functions take by a constant results in scaling of the entire function, i.e.,

g(az) = ag(z) where g(z) = max(0, z). Unlike traditionally used tangent hyperbolic and

sigmoid functions, the ReLU function is also computationally efficient. However, the ReLU

function is not differentiable at zero. Also, because negative values are not activated, it can

result in a problem called dying ReLU, meaning ReLU functions may be completely inactive,

causing a problem while training the network as a consequence.

A variant of the ReLU function is the Leaky ReLU defined as g(z) = max(εz, z) where ε

is a small number much greater than one. The leaky ReLU function has an advantage over

the ReLU function as the leaky ReLU allows small positive gradients when the unit is not

active, i.e., when the value of z is less than zero. However, like the ReLU function, the leaky

ReLU function is not differentiable at zero.

The ELU function is given by the expression g(z) = max(α(ez − 1), z). The ELU ac-

tivation function addresses ReLU and leaky ReLU activation functions’ weaknesses– it is

differentiable at zero (ReLU and leaky ReLU are not). Also, ELU allows small positive

gradients when the input is less than zero (ReLU does not allow it).

3.4. Traning convolutional neural networks

There are two main stages while feedforward convolutional neural networks; forward pass

and backpropagation[49]. These operations involve a series of numerical operations across

the network layers.

During the forward pass, data is passed through the input layer and proceeds to the sub-

sequent layers. Filter matrices are initialized, and convolution operations are performed on

the convolutional layers. Furthermore, non-linearities are applied to the results of convolu-

tional operations. Finally, the output results are compared with the anticipated values. The

cost function is computed from the output values suggested by the network and the labeled
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Figure 3-3.: Linear unit activation functions (the Figure adopted is from[6]). The ReLU

function is biologically interpretable. However, it filters out negative input

values and is not differentiable at zero. The leaky ReLU function allows small

positive gradients when the input is negative; however, it is not differentiable

at zero. The ELU function allows small positive gradients when the input is

negative; also, it is differentiable at zero.

data.

The backpropagation process starts from the output layer. This task involves adjusting

the weights based on the gradients of the output layer and the preceding layers[53, 84, 50].

Instead of computing the gradient of the resulting composition function, backpropagation

uses the chain rule to update the parameters layer by layer. The values of these parameters

is updated using gradient descent method[83].

3.5. Summary

Convolutional neural networks (CNN) are powerful algorithms used in machine learning and

artificial intelligence. CNNs are supervised machine learning methods that are popular in

the field of computer vision. They can extract complex features of images and videos using

kernels—matrices of weight parameters learned using gradient descent and back-propagation.

A typical CNN contains several layers, including pooling, convolution, and dense layers.

The pooling layer involves down-sampling of input data, e.g., using max-pooling and average

pooling. In max-pooling, the largest pixel element in a section of data is taken among all

elements in that section, whereas average pooling involves the average of those elements. The

convolution layer involves performing convolution operations using kernels—matrices whose
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elements are the weights that will be learned. The dense layer contains fully connected

neural networks.

In order to learn various features of input data such as images, CNNs use activation func-

tions. These functions introduce non-linearity and help to learn complex features from data.

Typical examples of non-linear activation functions include rectified linear unit (ReLU),

leaky ReLU, and exponential linear unit (ELU). Each of these activations has advantages

and disadvantages. For instance, while the ReLU function is biologically interpretable, it

can cause an algorithmic problem during training as it filters out input values less than zero.



4. Implementing DCA Algorithms into

Computer Software

4.1. Introduction

In the previous chapter, I have revised a class of algorithms called direct coupling analy-

sis (DCA) based on a global probability function derived using the entropy maximization

principle with a minimal set of constraints. Using single-site and pair-site probabilities—in

addition to the principle of normalization of probabilities—as constraints, an expression for

the probability that a protein/RNA sequence to be sampled during evolution was obtained.

This global probability model relates every site in a sequence to another through its cou-

plings and considers the local effect of a residue/nucleotide through fields. Due to the global

probability model’s complexity, estimating the fields and couplings is mainly carried out

using approximate algorithms, e.g., the mean-field and pseudo-likelihood approximations.

There exist some software implementations for DCA algorithms in the scientific community[36,

40, 9, 89]. However, most of this DCA software either focuses on one algorithm or mainly fo-

cuses on proteins. Also, although some of them provide a high-level application programming

interface (API), e.g., the EVCouplings Python framework[36], the main parameter-inference

algorithms are implemented in low-level programming languages that need to be manually

compiled and integrated into the high-level API. Furthermore, coevolutionary information

obtained from DCA algorithms may be used as a crucial input to machine-learning algo-

rithms in order to improve protein/RNA contact prediction[2]. Consequently, building DCA

algorithms software API that can seamlessly be integrated with other statistical/machine-

learning algorithms is useful.

Here I present a software implementation of mean-field and pseudo-likelihood DCA algo-

rithms. The DCA software implemented using the multipurpose open-source Python pro-

gramming language provides DCA computations to RNA sequences and proteins. It uses

low-level languages such as C and C++ to carry out computationally costly parameter infer-

ence part of the pseudo-likelihood DCA algorithm. Even though the several programming

languages to build the software are used, it is light-weight and stand-alone; installing is

as easy as installing any other stand-alone Python-based software. Currently, the software

provides the following main functionalities:

� Computation of mean-field DCA scores summarized by Frobenius norm or direct-
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information as well as their average product corrected forms.

� Computation of pseudo-likelihood maximization DCA scores summarized by Frobenius

norm direct-information as well as their average product corrected forms.

� Computation of the parameters of the energy function, i.e., the fields and couplings.

� Trimming MSA data by gap percentage or reference sequence.

� Mapping DCA scores of a reference sequence to the corresponding site-pair scores in

the MSA.

� Visualization of contact map and true positive rate of DCA ranked site-pairs.

The material in this chapter is organized as follows. First, the architecture of pydca is

presented. Then, sequence reweighting is explained before explaining the implementation

of two popular DCA algorithms. The following sections are dedicated to how each module

component of the software works. After that, a discussion about algorithmic complexities.

Finally, the software’s usage examples are presented before concluding the chapter.

4.2. Architecture of pydca

The implementation of pydca follows modular architecture. It is composed of subpack-

ages each responsible for a specific task (see Fig.4-1). In current version—pydca v1.x—

the main subpackages are msa trimmer for trimming MSA data before DCA computation;

sequence backmapper for mapping a reference sequence sites to the corresponding sites in

the MSA; contact visualizer for visually comparing contact maps and true positive rates;

meanfied dca for mean-field algorithm based DCA computation and plmdca for pseudo-

likelihood approximation based DCA computation.

The msa trimmer subpackage implements MSA data trimming functionalities so that

trimming is performed in either of two ways. The first is trimming by gap percentage in

MSA data columns. It allows removing all columns in MSA if they contain gaps more

than a specified percentage of gaps. The second is trimming by reference sequence. This

trimming method uses a supplied reference sequence to perform trimming. A sequence in

MSA that best matches the reference sequence is searched using pair-wise sequence alignment

to accomplish this task. Then sequence gaps in MSA corresponding to the best matching

sequence are removed. This removal can be done in two ways: by removing all the gaps or

removing by gap percentage of the gaps in the best matching sequence.

The main goal of DCA in the context of contact prediction is to find out which pairs of

residues of a particular protein/RNA sequence are likely to be in spatial proximity. Some-

times, a sequence of interest (reference/target sequence) may be shorter/longer than the
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Figure 4-1.: pydca modular architecture. The software is composed of sub-packages, each

encapsulating a specific task. The current version of pydca has sub-packages for

pseudo-likelihood and mean-field approximation DCA computation algorithms

and sequence back-mapping, MSA trimming, and visualization sub-packages.

number of columns in the MSA data. The sequence backmapper subpackage provides func-

tionality for mapping the target sequence sites to the MSA’s corresponding sites. pydca

performs this task first by finding the best matching sequence among all MSA sequences to

the target sequence.

Sometimes, one might be interested in quickly evaluating the mean-field and pseudo-

likelihood algorithms’ contact prediction capabilities within pydca. This utility is imple-

mented in contact visualizer sub-package. The subpackage is mainly intended for com-

paring contact maps of DCA predicted residue-pairs with that of a known PDB structure

and evaluating the true positive rates of residue pairs ranked by their DCA score.

The mean-field and pseudo-likelihood maximization algorithms are implemented within

meanfield dca and plmdca sub-packages, respectively. These two comprise the core of pydca

software contact prediction sub-packages. They also involve the numerically intensive parts

of the software in its current version. The mean-field DCA algorithms are implemented

entirely in the Python programming language. Since Python is a high-level interpreted

language, DCA computation can be slower than implementations using low-level compiled
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programming languages like C and C++. In pydca we have taken advantage of just in time

(JIT) compiler known as Numba[46]. In addition to compiling the Python code, we have used

Numba to compute weights of sequences and frequency counts using multiple threads. Un-

like the mean-field DCA algorithm, the pseudo-likelihood maximization algorithm parameter

inference in pydca is entirely implemented using the C++ backend. Its implementation al-

lows multi-threading using OpenMP (https://www.openmp.org/). Once the parameters are

computed in the C++ backend, they are copied back to the Python interface for computing

DCA scores.

To sum up, pydca follows modular architecture implementation. This feature has resulted

in less coupling among the various sub-packages, thereby enabling smooth future extension of

the software. Furthermore, it takes advantage of modern computers’ multi-processor nature

by implementing computationally time-consuming parts of DCA using the mean-field and

pseudo-likelihood maximization algorithms in a multi-threaded fashion.

4.3. Sequence reweighting

Biological sequences are usually classified into families and stored in databases such as Pfam

[28], and Rfam [41]. The sequence families contain homologous sequences—sequences that

have similar structure and function. The sampling process may be biased, e.g., due to the se-

quencing of some organisms more often than others. It may result in the over-representation

of some sequences in databases which can negatively affect statistical analysis based on MSA

of protein/RNA sequences.

A common procedure that is used in DCA-based algorithms is to reweight the sequences.

Reweighting is usually done by assigning a cut-off value for sequence similarity. In this

procedure, sequences whose similarity is beyond the cut-off value are considered redundant,

i.e., they represent very similar sequences but are counted several times as though they were

distinct. A weight is assigned to each of the sequences in an MSA to avoid over-counting

of the sequences. The values of the weight are less than or equal to one. It can be seen

as follows. Suppose that there are m sequences that are similar for a given similarity cut-

off value. Then each of these sequences are assigned a weight ω = 1
m

. The value of ω is

maximum (which equals one) when a sequence is unique in MSA data.

Without sequence reweighting, each sequence in MSA is equally important, i.e., it receives

a weight equal to one regardless of the number of similar sequences that may present in the

MSA. However, due to reweighting, each sequence receives a new weight based on the number

of similar sequences. It also changes the way sequences are counted. The total number of

sequences when reweighting is carried out is counted by summing the weights. The resulting

value—also known as the number of effective sequences—is given by Meff =
∑M

i=1 ωi where

M is the total number of sequences and ωi is the weight of the ith sequence. pydca uses this

procedure to assign weights to each sequence in the MSA.

https://www.openmp.org/
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4.4. Mean-field DCA implementation

In the previous chapter, I have reviewed that the mean-field DCA algorithm computes the

coupling by matrix inversion. More precisely, the inverse of the correlation matrix obtained

from MSA data is related to the negative of the couplings. However, the correlation matrix

constructed from raw MSA data may be singular. This problem in mean-field DCA is

circumvented by addition pseudo-counts to the MSA data [66].

When pseudo-counts are included and sequences are reweighted single-site and pair-site

frequencies are given by

fi(ai;λ) =
1

Meff + λ

(
λ

q
+

M∑
m=1

ωmδami ,ai

)
, (4-1)

and

fij(ai, aj;λ) =
1

Meff + λ

(
λ

q2
+

M∑
m=1

ωmδami ,aiδamj ,aj

)
. (4-2)

where λ is a parameter that controls the pseudo-count; δx,y is an indicator function that

takes a value of one when x is equal to y and zero otherwise; ωm is the weight of the mth

sequence in MSA; and q is the number of standard residues/nucleotides plus gap state. For

convenience, Equations 4-1 and 4-2 can be rewritten as

fi(ai; θ) =
θ

q
+ (1− θ)fi(ai;λ = 0) (4-3)

and

fij(ai, aj; θ) =
θ

q2
+ (1− θ)fij(ai, aj;λ = 0) (4-4)

where θ = λ
Meff+λ

is the parameter that controls the pseudo-count. My implementation

of mean-field DCA in pydca uses a default pseudo-count—as suggested in [66]—λ = Meff

which amounts to setting θ = 0.5. This ensures the invertibility of the correlation matrix.

The mean-field DCA algorithm in pydca is entirely implemented using the Python pro-

gramming language. To speed up execution and carry out matrix operations, it uses the

Scipy[100] and Numpy[34] libraries. Also, execution speed is enhanced by utilizing the

Numba just in time (JIT) compiler[46].

In mean-field DCA the couplings are related to inverse of the correlation matrix (see

Chapter 2 Eq. 2-24). In pydca the correlation matrix is constructed from regularized fre-

quencies in Equations 4-3 and 4-4. From the correlation matrix inverse the couplings are

obtained. Typically, in mean-field DCA the final interaction scores are computed using the

direct information given by Eq. 2-43. However, pydca also provides methods for comput-

ing the interaction scores using the Frobenius norm of couplings (Eq. 2-44) with average

product correction (APC). In addition to computing DCA interaction scores, the mean-field

algorithm implemented in pydca provides Python API to compute fields and couplings. This
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task is carried out by using Eq. 2-22 which relates the single-site frequencies with fields and

couplings.

4.5. Pseudo-likelihood maximization DCA implementation

The pseudo-likelihood maximization DCA algorithm in pydca computes the fields and cou-

plings using gradient descent. The objective function is computed from the pseudo-likelihood’s

negative logarithm plus l2 regularization for fields and couplings. This procedure of using

gradient descent with l2 regularization is also known as ridge regression. The objective

function and its gradients are presented in Chapter 2 Section 2.4.

Adding l2 regularization terms and taking into account sequence reweighting the gradient

of the negative log-likelihood are given by

∂ log l({hi(a)}, {Jij(a, aj)});λh)
∂hi(a)

= −
M∑
m=1

ωm(δam,a − pmi (a)) + 2λh

L∑
i=1

q∑
ai=1

hi(ai), (4-5)

∂ log l({hi(a)}, {Jij(a, aj)};λJ)

∂Jij(a, b)
= −

M∑
m=1

ωm(δam,a−pmi (a))δamj ,b+2λJ

L−1∑
i=1

L∑
j=i+1

q∑
ai=1

q∑
aj=1

Jij(ai, aj).

(4-6)

where λh and λJ are parameters that determine the magnitude of regularizing terms for

fields and coupling, respectively. In pydca the gradient decent is performed by using limited-

memory BFGS algorithm [74, 57].

The gradient descent method is an iterative algorithm that minimizes the negative log-

pseudo-likelihood cost function with l2 regularization for fields and couplings. This iterative

procedure can be computationally costly, particularly for large proteins in length and depth

(raw number of sequences) in MSA data. Consequently, pydca uses a C/C++ backend to

carry out the iterative optimization task of inferring fields and couplings.

Coevolutionary interaction scores in pseudo-likelihood maximization DCA are typically

computed using the Frobenius norm of couplings, i.e., Eq. 2-44. For proteins, it has been

shown that this interaction score, together with average product correction, can improve con-

tact prediction [27]. Nevertheless, pydca software provides methods to compute interaction

scores using direct information, i.e., Eq. 2-43 with or without average product correction.

4.6. Mapping reference sequences to its family

The primary input data for DCA-based algorithms is multiple sequence alignment data of

homologous proteins/RNAs. Typically, MSA data is obtained as follows. First, a reference/-

target protein/RNA sequence of particular interest is chosen. A query to databases such as
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Pfam[28] or Rfam[41] is searched against the target sequence. This process can result in the

matching of a particular protein/RNA. Protein/RNA families contain a set of protein/RNA

sequences that are related. These protein/RNA can have varying sequence lengths.

Aligned sequences have an equal length in MSA. It is done by alignment algorithms

introducing gaps at various columns. Also, some of the gap columns may be removed from

the MSA data to increase the input MSA quality by reducing noise that negatively affects

contact prediction accuracy. Consequently, a reference/target sequence can be shorter or

longer than the length of sequences in the MSA.

DCA algorithms compute interaction scores of each site in the MSA column with every

other. If the target sequence is shorter than the MSA columns, only those columns corre-

sponding to the target sequence are relevant to predicting the target sequences’ contacts.

On the other hand, if the target sequence is more extended than MSA columns, not all sites

in the target sequence can be included for contact prediction, i.e., the excess sites in the

target sequence will not be part of predicted contacts.

To map the target sequence sites to the corresponding columns in the MSA, pydca provides

a sequence back-mapper method. The sequence back-mapper works as follows. First, the

best matching sequence among the MSA sequences is chosen by pairwise alignment with the

target sequence. The best matching sequence is the MSA sequence that results in the highest

score aligned with the target sequence. Then the residues/nucleotides of the best matching

sequence interaction scores are mapped to the corresponding residues/nucleotides of the

target sequence. These interaction scores are sorted in descending order, and top-ranked

pairs represent putative contact pairs of the target sequence.

A particular case is when the target sequence itself present in the MSA. In this case,

there is a one-to-one correspondence between the target sequence residues/nucleotides and

that of the sequence itself in the MSA. Another possibility is the existence of more than one

matching sequence in the MSA. In this case, the first matching sequence (according to the

order of the MSA sequences) is taken.

4.7. Trimming multiple sequence alignment data

Curating input data for statistical models can enhance prediction accuracy. It is also true

for DCA algorithms of protein/RNA contact prediction. When sequences are aligned, gaps

are introduced or extended for shorter sequences. Too many gaps may contribute to noise

that can negatively influence contact prediction accuracy. One way of curating MSA data

before DCA computation is to trim columns in the MSA that contain too many gaps. pydca

provides two ways of MSA trimming: by gap percentage or reference/target sequence.

MSA trimming by gap percentage is a simple task. It just removes all columns in MSA

that contain a gap percentage more than particular cut-off values. For instance, setting the

gap cut-off value to 0.9 removes columns that contain more than 90% gaps. On the other

hand, trimming by reference sequence is a bit involved as it requires searching for the best
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matching sequence from the MSA to that of the reference sequence. Besides, trimming by

reference sequence can be done in two ways. One is by gap percentage, and the other is by

removing all gaps in the MSA that do not involve columns in the MSA whereby the best

matching sequence sites are residue/nucleotides.

Trimming by gap percentage guided by reference sequences works as follows. First, the

best matching sequence to the reference is searched from the MSA. Then columns that

contain gaps beyond gap cut-off values are removed from the MSA. However, if those columns

do involve residues/nucleotides of the target sequence (instead of gaps), they will not be

removed. On the other hand, trimming by reference sequence can also be used to remove

all MSA gaps– regardless of the percentage of gaps in the columns–that are also gaps within

the best-matching sequence to the reference/target sequence.

Finally, it should be noted that pydca does not perform trimming during DCA compu-

tation. Instead, it uses whatever MSA data is given to it and carries out computations. It

is at the disposal of the user whether to trim the MSA or not. Based on this notion, the

trimming utilities in pydca are supplied as stand-alone API that can be used before DCA

computation is performed. Users of pydca can trim their MSA data, save it into a new file

and then carry out DCA computation using this trimmed MSA.

4.8. Contact map and positive predictive value

visualization

Other utilities that pydca provides include contact map and positive predictive value (PPV)

visualization. These visualizations help to evaluate the accuracy of DCA-based contact

prediction quickly. Given a known three-dimensional (PDB) structure of a protein/RNA,

the contact map of DCA predicted site-pair could be compared with the PDB contact map.

Likewise, positive predictive values can be computed and visualized to assess their deviation

from theoretical values.

To visualize contact maps of DCA predicted site-pairs and compare them with the PDB

structure contact map, pydca requires the PDB file or PDB id, the target/reference sequence,

and the type of biomolecule (protein or RNA). The DCA interaction scores file–the output

file containing sorted DCA interaction scores–is used to read DCA predicted site-pairs. The

target/reference sequence helps determine the segment of protein/RNA sequence in the PDB

structure that matches the target/reference. This task is done by the sequence back-mapper

API of pydca. Specifying the type of biomolecule as protein or RNA allows pydca to select

the correct scoring matrix while mapping the reference/target sequence with that of the

PDB. Furthermore, the user is required to supply the contact distance cut-off values—the

maximum distance that two residues/nucleotides to be considered as contacts—and the

number of DCA predicted site-pairs to be considered as putative contacts. Alternately,

for RNAs, a file containing non-nested secondary structure in dot-bracket notation may be
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supplied to highlight the secondary structure in the contact map.

Visualization of positive predictive values also requires similar input data to that of

contact map visualization. However, the number of putative contacts is not required as the

positive predictive values are computed for all pairs of predicted contacts. Typically the

positive predictive value at rank L—where L is the reference sequence length—is used as

a benchmark rank to assess contact predictive accuracy. Nevertheless, the pydca’s positive

predictive value visualization API provides information for the entire rank of predicted site-

pairs.

4.9. Algorithmic complexities in pydca

The implementation of pydca software significantly takes into account performance speed.

Computationally time-consuming parts of the DCA algorithms are optimized for perfor-

mance. It is done in pydca by using just in time (JIT) compilers for python source codes or

using compiled programming languages C and C++. Nevertheless, here we summarized the

significant algorithmic complexities of the software.

The space complexity is O(L2q2) for both mean-field and pseudo-likelihood maximization

algorithms which amount to the storage of fields and couplings, as well as single- and pair-

site frequency counts. In the mean-field algorithm, the frequency counts need to be stored

to construct the correlation matrix, which is used to obtain the couplings. In the pseudo-

likelihood maximization, both fields and couplings and their gradients need to be stored for

the subsequent iteration.

The time complexities scale as O(M2L2) for sequences weight computation; O(L3q3)

for matrix inversion in the mean-field algorithm; O(MLrefLmin)—where Lref is the length

of the reference sequence and Lmin is the length of the shortest sequence after gaps are

removed in the MSA—for sequence back-mapping if a reference sequence is supplied. In the

plmDCA implementation of pydca the gradient descent algorithm has a time complexity of

O(L4q3MN) where N is the number of gradient descent steps.

4.10. Usage examples of pydca

pydca is implemented so that it can be used as a Python library or from the command line.

As a Python library, pydca or its sub-packages can be imported into other Python source

codes. This feature is useful as the Python programming language is becoming more and

more popular in the scientific computing community in general. The command-line interface

of pydca allows the execution of commands flexibly as it allows the setting of the values of

parameters right from the command line. In this section, I show examples of pydca usage as

a Python library and from the command line.
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Using pydca as a Python library

To use pydca from other Python source codes it needs to be imported into the source

code. For example in Listings 1 the plmdca, meanfield_dca, sequence_backmapper and

from pydca.plmdca import plmdca

from pydca.meanfield_dca import meanfield_dca

from pydca.sequence_backmapper import sequence_backmapper

from pydca.msa_trimmer import msa_trimmer

Listing 1: Example importing pydca into Python source code.

msa_trimmer modules are imported. This makes the packages and their modules accessible

within the source code.

Next I show how to compute DCA scores using the pseudo-likelihood maximization

algorithm in Listing 2 where an instance of PlmDCA class named plmdca_inst is cre-

from pydca.plmdca import plmdca

# creat PlmDCA instance

plmdca_inst = plmdca.PlmDCA(

'alignment.fa',

'rna',

seqid = 0.8,

lambda_h = 1.0,

lambda_J = 20.0,

num_threads = 10,

max_iterations = 500

)

# compute DCA scores summarized by direct information

di_scores = plmdca_inst.compute_sorted_DI_APC()

Listing 2: Example of using pydca’s pseudo-likelihood maximization algorithm into Python

source code.

ated. The constructor of PlmDCA class takes some positional and keyword arguments. The

positional arguments 'alignment.fa' and 'rna' refer to the path to a FASTA format-

ted input file containing MSA data and the type of biomolecule the sequences represent,
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respectively. The keyword arguments are: seqid – the sequence identity cut-off value;

lambda_h – value of regularization parameter for the fields; lambda_J – value of regulariza-

tion parameter for the couplings; num_threads – number of threads for parallel execution

and max_iterations – the maximum number of gradient descent steps. Finally we used

compute_sorted_DI_APC() method on the plmdca_inst instance. This action computes

and returns a sorted list of tuples of site-pairs and DCA scores. The DCA scores represent

direct-information scores. Besides, they are average product corrected (APC) results. The

corresponding method for computing DCA scores summarized by Frobenius norm of the

couplings is compute_sorted_FN_APC().

The keyword arguments take a range of valid values. The sequence identity (seqid)

takes values greater than zero and less than or equal to one. The regularization parameters

(lambda_h and lambda_J) can take any non-negative values. The number of threads for par-

allel execution (num_threads) takes a non-negative integer. Setting multiple threads works

if OpenMP is supported in the machine where pydca is installed. The number of gradient

descent iterations (max_iterations) takes a non-negative integer. This value determines

the maximum number of gradient decent iterations. It is possible that the number of gra-

dient descent iterations taken during computation can be less than the required number if

convergence is reached in advance. Setting the value max_iterations very large helps to

allow gradient descent to be performed until convergence.

The mean-field DCA algorithm of pydca offers a similar usage into Python source codes

(see Listing 3). An instance of MeanFieldDCA class can be constructed, and DCA scores

computed using the appropriate method. The constructor of MeanFieldDCA class takes

from pydca.meanfield_dca import meanfield_dca

# create an instance of MeanFieldDCA class

mfdca_inst = meanfield_dca.MeanFieldDCA(

'alignment.fa',

'rna',

seqid=0.8,

pseudocount=0.5,

)

# compute DCA scores quantified by the Frobenius

# norm of the couplings

FN_scores = mfdca_inst.compute_sorted_FN_APC()

Listing 3: Example of using pydca’s mean-filed algorithm within Python source code.
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two position and two keyword arguments. Like the constructor of PlmDCA class, the first

positional arguments refer to the path to the MSA file and the biomolecule type the sequence

represent. The new keyword argument pseudocount refers to the relative value of the

pseudocount to regularize frequency counts. That is pseudocount refers to the value θ in

Eq. 4-3 and Eq. 4-4. Setting the value of θ to 0.5 is equivalent to using λ = Meff . Finally

the DCA scores quantified by the Frobenius norm of the couplings is computed by the action

of compute_sorted_FN_APC() on the mfdca_inst object. These scores are average product

corrected. One can also use the compute_sorted_DI_APC() method in order to compute

DCA scores summarized by direct-information.

Before DCA computation its possible to trim the MSA to reduce the noise that can

adversely affect contact prediction accuracy. An example of MSA trimming by reference se-

quence is shown in Listing 4 where an instance of MSATrimmer class is created. MSATrimmer

from pydca.msa_trimmer import msa_trimmer

# create a trimmer instance

trimmer = msa_trimmer.MSATrimmer(

'alignment.fa',

biomolecule='rna',

refseq_file='refseq.fa'

)

# remove all gaps that are in the best matching sequence

# with the reference sequence.

trimmed_data = trimmer.get_msa_trimmed_by_refseq(

remove_all_gaps=True

)

Listing 4: Example of using pydca’s MSATrimmer to trim by reference sequence.

constructor takes one positional and two keyword arguments. The positional argument refers

to FASTA formatted file containing the MSA data. The keyword argument biomolecule

takes values 'rna' or 'protein' in case insensitive form. The keyword argument refseq_file

takes a path to FASTA formatted file containing a reference sequence. The MSA data is

trimmed by removing all gaps that correspond to the best matching sequence with the refer-

ence. This is accomplished by the action of get_msa_trimmed_by_refseq(remove_all_gaps

=True) method on the MSATrimmer instance.
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Using pydca from the command line

The usage of pydca is not limited to within Python source codes. It can separately be

used from the command line. It provides some commands and sub-commands to execute

a variety of independent tasks at a time. In the current version, there are three main

commands: mfdca – for the mean-field DCA algorithm; plmdca – for the pseudo-likelihood

maximization algorithm and pydca – for contact map and true positive rate visualization,

as well as MSA, trimming algorithms. For instance, one can compute DCA scores using the

mean-field DCA algorithm from the command line as:

mfdca compute_di <biomolecule> <msa_file> --verbose

where compute_di is the sub-command to compute DCA scores summarized by Frobenius

norm of the couplings. This command takes two positional arguments: (1) < biomolecule>

which refers to the type of biomolecule the sequences in MSA data represent. This argument

can be either rna or protein and is case insensitive. While providing wrong information

about the biomolecule is not algorithmically a problem for the pydca software, doing so

results in a wrong DCA computation outcome. Thus the correct biomolecule type should

be provided. (2) The positional argument < msa_file> takes a FASTA formatted MSA

file containing the input data. Also, we have an optional parameter - - verbose. This

parameter triggers logging messages to be displayed on the screen as DCA computation

progresses.

Figure 4-2.: Figure showing a snapshot of logging messages while executing pydca from the

command line. Each logging message begins with a logging level (e.g., INFO).

Then follows the date and time that message was displayed, the name of the

module where the logging message originated, and the function (method) that

emitted the logging message. Beneath this line is the logging message, e.g., the

message ”computing single site frequencies.”

pydca provides three types of logging messages: (1) INFO – that indicates information

about the computation steps being carried out. (2) WARNING – that displays warning message

when pydca encounters ambiguities and (3) ERROR – that signals when an error occurs. When
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an error occurs, e.g., due to a wrong parameter input chosen by the user, pydca displays the

error message and halts the computation. The logging feature of pydca helps keep track of

DCA computation and easily locate stack traces when errors occurred.

4.11. Summary and conclusion

This chapter presents an open-source software called pydca I developed for direct coupling

analysis of RNA and protein sequences. The software is implemented using Python, C++,

and C programming languages and provides high-level application programming interfaces

(APIs) using Python. It implements two popular unsupervised machine learning contact

prediction algorithms—namely mean-field and pseudo-likelihood maximization—based on

a global probability function derived from the principle of entropy maximization with a

minimal set of constraints. Besides, the software provides utilities for data preprocessing

and prediction accuracy visualization.

The mean-field algorithm is very efficient and entirely implemented using Python and its

numerical packages such as Scipy and Numpy. To speed it up further pydca uses a just in

time (JIT) compiler called Numba. However, the pseudo-likely maximization algorithm can

be computationally costly, particularly for large proteins. As a consequence, this algorithm

is implemented using a C and C++ backend. Furthermore, if OpenMP is supported, it can

be executed using multiple threads.

In addition to the two statistical algorithms, pydca provides utilities for preprocessing mul-

tiple sequence alignment data and for visualization of contact maps and positive predictive

values. Data preprocessing is done by trimming aligned sequence columns that correspond to

a significant number of gaps or trimming sites that do not correspond to a target’s sequence

residues/nucleotide. Contact map and positive predictive value visualization APIs allow to

quickly evaluate the accuracy of predicted contacts for protein/RNA sequences whose PDB

structures exist.

With the rapid growth of protein and RNA sequences, this software will provide stand-

alone and easy-to-use computational utilities using direct coupling analysis for scientists

from a wide range of backgrounds. The software is freely available under the MIT license

and can be extended to add other functionalities in a modular manner.



5. Comparing DCA Algorithms for RNA

Contact Prediction

5.1. Introduction

The ability of direct coupling analysis (DCA) to disentangle correlations that arise as a

result of direct and indirect effects has revolutionized protein contact prediction from multi-

ple sequence alignments of homologous proteins. Although direct sampling of the partition

function from entropy maximization with a minimal set of constraints, e.g., consistency con-

dition on single and pair-site frequency counts obtained from multiple sequence alignment,

is a computationally prohibitive task, some approximate algorithms have been developed

and employed since the inception of DCA. In the context of protein contact prediction, the

approximate DCA algorithm accuracy has been systematically improved.

The first approximate DCA algorithm employed for protein contact prediction is based

on a message-passing algorithm[103]. This method has been applied to infer contact of

protein-protein interactions and predict residue-residue contacts more accurately compared

to methods based on covariance-based methods such as mutual information. Nevertheless,

this algorithm is still computationally costly, particularly for proteins that have considerable

sequence length. Later, a more efficient DCA algorithm was introduced[66]. It is based on

an inversion of covariance matrix obtained from protein multiple sequence alignments and

computationally as efficient as matrix inversion. Soon after, a method based on the least

absolute shrinkage and selection operator (LASSO) was introduced and shown to improve

protein contact prediction compared to mutual information. Next, a more accurate DCA

algorithm based on pseudo-likelihood maximization is introduced[27]. It approximates the

likelihood function obtained from MSA data by a pseudo-likelihood function and improves

protein contact prediction.

However, DCA was not applied to contact prediction from RNA sequences at the same

time it was done for proteins. The first applications of DCA to RNA multiple sequence

alignments are tested in[23, 104]. In these two seminal works of applying DCA to RNA,

the objective was mainly to use one of the DCA algorithms—so far applied to proteins—for

RNA contact prediction and integrate predicted nucleotide pairs as constraints/restraints

in three-dimensional molecular modeling software. These works have shown that DCA-

predicted contacts improve RNA three-dimensional structure prediction more accurately

than contacts obtained from mutual information.
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Recently assessment of DCA-based methods on RNA contact prediction is carried out

in [21]. In this work, direct sampling of the global probability distribution without ap-

proximation is applied for RNA contact prediction. This algorithm —also known as Boltz-

mann learning—is compared with mean-field and pseudo-likelihood approximation DCA al-

gorithms. A total of 17 RNAs have been included in this study. In addition to proposing the

new Boltzmann learning algorithm for RNA contact prediction, the study evaluates mutual

information performances, R-scape [82], mean-field and pseudo-likelihood DCA methods on

the 17 RNAs.

The objective here is to expand RNA families’ dataset by a significant number and evalu-

ate DCA-based algorithms for RNA contact prediction. To this end, we have collected about

60 RNAs that have a variety of an effective number of sequences (see Table A-1). There

is various software that implements DCA algorithms for proteins, and most of them use

pseudo-likelihood DCA algorithm[89, 36, 9, 106]. However, we pick one software per DCA

algorithms to focus on the algorithm’s performances instead of various implementations.

As a consequence, I choose EVCouplings for plmDCA[36], pydca for mean-field DCA[106],

Boltzmann learning implemented in[21] and the graphical LASSO algorithm in PSICOV[?].

The chapter is organized as follows. First I introduce the RNA dataset going to be used

in Section 5.2. Then, I evaluate the effect of input data—in the form of multiple sequence

alignments—on contact prediction in Section5.3. Next, I evaluate contact prediction accu-

racy by nucleotide-nucleotide pair in Section 5.4. This is followed by comparison of various

DCA algorithms on contact prediction accuracy including tertiary contact prediction accu-

racy in Sections 5.5 and 5.6. Finally, I summarize and provide outlook in Section 5.7

5.2. Dataset formation

In this section, we introduce the RNA dataset we used for comparing DCA algorithms of

contact prediction. First, the criteria used to chose the RNAs in the dataset are presented.

Then, an overview of the dataset composition by nucleotide pair is summarized. Finally, we

define nucleotide pair contact in RNA three-dimensional structure and analyze the average

number of contacts—all contact types and tertiary ones—in the dataset as a function of

distance in RNA structures.

RNA data collection

The first step in our study involved the collection of RNA that have known PDB structures.

We collected about 60 RNAs (see Table A-1 for complete description of the dataset). The

RNA dataset—we also call it dataset D—is formed by surveying the PDB database and

selecting RNAs that satisfy the following criteria:

� RNA structures were not in complex with protein or DNA.
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� Only monomeric RNA structures are considered.

� The length of the RNA sequence has to be more than 40 nucleic bases.

� If multiple RNAs of sequence similarity beyond 50% exist, the one with the highest

PDB structure resolution is selected.

� Only structures resolved via X-ray crystallography were taken into account with reso-

lution below 3.6 Å.

The entire dataset is divided into two groups based on the number of effective sequences

(Meff ) the RNA has in its family. One group contains RNAs with Meff > 70.0—dataset

DH —while the other group contains the remaining RNAs, i.e., RNAs with Meff ≤ 70.0—

dataset DL. This grouping is carried out in order to evaluate the effect of effective number

of sequences on contact prediction accuracy.

Overview of dataset composition

The composition by nucleotide base pair percentage of the dataset is displayed in Fig.5-1.

C-G and A-G are the most abundant among the base pairs, each constituting 15% of the

dataset. G-U and A-C pairs are the second most abundant, each taking 12% of the entire

dataset base pairs. The third most abundant pairs—A-U and G-G base pairs—each make

up a tenth of the dataset base pairs. The C-U pair takes a slightly less portion of the dataset

compared to the A-U and G-G pairs. Nucleotide pairs A-A and C-C together account for the

same proportion as for pairs A-C or G-U. The least abundant nucleotide pair in the dataset

is U-U making up the only 4%.

Nucleotide pair contact definition

Two nucleotides in the dataset RNAs are classified as contacts or non-contacts based on the

distance between their heavy atoms, i.e., atoms other than the hydrogen atom. In particular,

two nucleotides are considered as contacts if they have heavy atoms that are less than 10Å in

the three-dimensional structure of the RNA. Also, contacts are classified as tertiary contacts

or not based on their proximity to RNA secondary structure pairs. If a pair (i, j) forms

secondary structure pair then all pairs in {(i±0, 1, 2, 3, ..., k; j±0, 1, 2, 3, ..., k)} are removed

and not considered to be tertiary contacts. Typically, we chose the value k = 2. It excludes

25—including the secondary structure pair itself—nucleotide pairs in the vicinity of a pair.

The average number of contacts NCPDB in dataset D as a function of contact distance

cut-off rc measured in Ångstrom is displayed in Fig. 5-2. As expected, the number of

contacts increases as the cut-off distance is enlarged. At rc = 10Å there are about 500

contacts per RNA on on average when no distinction is made whether a contact is tertiary

or not (top figure in Fig. 5-2). However, when tertiary only contacts are considered by
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Figure 5-1.: Figure showing the percentage of nucleotide pairs in the dataset. C-G and A-G

pairs are the most prevalent pairs, each representing 15% of the entire nucleotide

pairs. The least abundant pair is U-U representing only 4% of the nucleotide

pairs in the dataset.

excluding 25 pairs that include the secondary structure pairs and their neighbors, about

half the average number of contacts exists than before. That is there are about 250 tertiary

contacts per RNA on average (bottom figure in Fig. 5-2). In the next section, we evaluate

DCA algorithms’ performance using the RNA dataset described in this section. Specifically,

we evaluate the effect of MSA data on contact prediction accuracy, compare the various

DCA-based algorithm, and finally, provide a summary and outlook regarding RNA contact

prediction using these algorithms.

5.3. Effect of multiple sequence alignment data

The contact prediction capability of DCA-based methods, just like any other statistical/ma-

chine learning algorithms, can be affected by the quality of input data they operate. The

primary input data for DCA algorithms is multiple sequence alignment (MSA) of homolo-

gous protein/RNA sequences. The extent to which a set of sequences are properly aligned

can be affected by a few factors, such as the MSA algorithm used to align these sequences

and the similarity of sequences in the protein/RNA families. It, in turn, can significantly

affect the performance of contact prediction algorithms. In this section we evaluate contact

prediction accuracy using mean-field DCA when multiple sequence alignment is carried out

using four alignment methods, namely, Infernal [72], CLUSTAL [95], MUSCLE [26], and
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Figure 5-2.: Figure showing the average number of contacts in the RNA dataset PDB struc-

ture as a function of contacts’ distance. The top represents all contact types,

i.e., tertiary contacts or otherwise, and the bottom represents only tertiary con-

tacts. At rc = 10 Å there are on average about half tertiary contacts compared

to the entire contacts in the dataset.
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MAFFT [43].

Figure 5-3.: Figure comparing MSA methods performance on mean-field DCA. The vertical

axes represent average PPV values, and the horizontal axes represent ranks at

which the PPVs are taken. In the topmost, middle and bottommost figures

the averages are performed over datasets D—all RNA; DH—RNA with Meff >

70.0; and DL—RNA with Meff ≤ 70.0, respectively. In all dataset categories,

MSA obtained using Infernal results in best PPV across all ranks.
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Fig.5-3 shows the average positive predictive values 〈PPV 〉 obtained using mean-field

DCA operating on MSA input data generated by using the four sequence alignment methods.

The averages are performed over three dataset categories, i.e., all the 57 RNAs (D); RNAs

whose families contain effective number sequences are more than 70.0 (DH); and RNAs

whose effective number of sequences are less than or equal to 70.0 (DL). In all three dataset

categories, the average PPV obtained from Infernal alignments results in the highest PPV

values than alignments obtained using the other three methods. It may not be surprising—

Infernal uses structural information in its seed alignments where parameters of covariance

models are computed. Two of the alignment methods—MAFFT and MUSCLE— provide

comparable average PPV when the effective number of sequences is high—Meff > 70.0.

Three of the alignment methods—CLUSTAL, MUSCLE, and MAFFT—result in low and

comparable average PPV when there are no sufficient homologous sequences in an RNA

family (see bottommost subfigure of Fig. 5-3). Likewise, Infernal alignments result in low

but better PPV than the other three alignment methods.

The average PPV depends on the rank it is taken and generally decreases as the rank

gets lower and lower, indicating that high-ranked nucleotide pairs are more likely to be in

proximity within RNA 3D structure than low-ranked nucleotide pairs. Taking rank L—

length of RNA sequences—the average PPVs in dataset D are: 45.8% for Infernal; 31.9% for

MUSCLE; 31.0% for MAFFT; and 25.8% for CLUSTAL. In dataset DH the respective av-

erage PPVs at the same rank are: 57.1%, 39.3%, 36.9%, and 26.4% for Infernal, MUSCLE,

MAFFT, and CLUSTAL. Interestingly, the average PPV obtained from alignments per-

formed by MUSCLE, MAFFT, and CLUSTAL are nearly the same across all ranks, down

to 2L. However, Infernal provides much better predictions than the other three alignment

methods even in the absence of a sufficient number of sequences—e.g., when Meff ≤ 70.0 in

the Fig.5-3.

Generally, many effective sequences in an RNA family can result in more accurate pre-

dictions than a smaller number of effective sequences. However, this may not be necessarily

always true—in addition to the effective number of sequences, the quality of the alignment

can significantly affect contact prediction from MSA data. To evaluate the effect of MSA

quality on average PPV, we plotted the average PPV versus Meff , and BIT score of each

RNA in the dataset (see Fig. 5-4). In the Figure, we see that some RNA families have high

Meff but low average PPV than those with low Meff ; some RNAs have low Meff but high

average PPV (Fig. 5-4 A). The BIT score may provide additional information about such

controversy. In Fig. 5-4 B, we see that there are RNAs with low Meff (colored in red) that

have high average PPV when the BIT score is also high—greater than 50 in this case.

To sum up, a high number of effective sequences in RNA generally result in good contact

prediction. On the contrary, properly aligned sequences can result in good contact prediction

even when the effective number of sequences is not large enough. Theoretically, one expects

the number of effective sequences to be significantly larger than O(52) to observe sufficient

information in nucleotide pair coevolution from RNA multiple sequence alignments. Never-
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Figure 5-4.: Dependence of nucleotide contact positive predictive value 〈PPV 〉 on effective

number of sequences (Meff ) and BIT score. The averages are taken through

the four DCA-based algorithms implemented in pydca, mfDCA; EVCouplings,

plmDCA; Boltzmann learning; and PSICOV, graphical LASSO. A) 〈PPV 〉algos
vs Meff :green RNAs whose BIT score is– greater than 50.0, and red less than or

equal to 50.0. B) 〈PPV 〉algos vs BIT score:green RNAs whose Meff is– greater

than 70.0, and red less than or equal to 70.0.
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theless, a small number of sequences in the RNA family can be sufficient to carry out contact

prediction if an RNA is evolutionary closely related to the sequences in the family. That

is, the BIT score resulting from matching an RNA family for a reference/target sequence is

large enough. In the next section, we compare the four DCA algorithms’ ability to predict

specific RNA nucleotide pairs.

5.4. Contact prediction by nucleotide pair

Here we analyze RNA contact prediction accuracy by nucleotide pair. It provides insight

into pairs of RNA nucleotides that show a great deal of coevolution due to evolutionary

pressure applied to them during evolution. First, we compare the percentages of nucleotide

pairs correctly predicted by the four DCA algorithms, namely, mfDCA of pydca; graphical

LASSO of PSICOV; plmDCA EVCouplings; and Boltzmann learning. Then we look at the

average PPV—by nucleotide pair—of each algorithm at fixed ranks.

Percentage of correct predictions

I evaluate which nucleotide pairs are more likely to coevolve by computing the relative

percentage of correctly predicted nucleotide pairs using the four DCA algorithms (see Fig.5-

5). Results in the Figure are obtained by taking top L nucleotide pairs from each RNA family

DCA prediction in the dataset. Secondary structure base pairs dominate the percentage of

correctly predicted nucleotide pairs—in all of the four DCA algorithms, canonical secondary

structure base pairs account for about half of the total correctly predicted base pairs.

Looking at each DCA algorithm, the canonical secondary structure base pairs C-G ac-

count for 34% in mean-field pydca and Boltzmann learning, 37% in PSICOV, 33% in EV-

Couplings of the total correctly predicted top L ranked pairs in our dataset. The other

canonical base pairs, A-U, represent the second-highest correctly predicted base pairs—

accounting 19% for mean-field pydca, EVCouplings, and Boltzmann learning, and 20% for

PSICOV. The non-canonical secondary base pairs G-U are the third most base pairs of top

L ranked correctly predicted base pairs—it accounts for 11% of the total correctly predicted

base pairs. Both canonical and non-canonical secondary structure base pairs make up about

two-thirds of the total correct predictions at rank L in the dataset:64% for mean-field pydca,

and Boltzmann learning; 67% for PSICOV; and 63% for EVCouplings.

Nucleotide pairs that are not commonly involved in RNA secondary structure formation

makeup only a third of correctly predicted pairs at rank L in the RNA dataset. A-G

pair makes up the most significant portion of correctly predicted pairs in this category,

representing 9% in mean-field pydca, EVCouplings, Boltzmann learning, and 8% in PSICOV.

Nucleotide pairs A-C and G-G are the second most prevalent correctly predicted pairs. A-C

pair makes up 6% in both mean-field pydca and PSICOV; 8% and 7% in EVCouplings, and

Boltzmann learning, respectively. G-G pair comprises of 6% top L correct predictions in
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Figure 5-5.: The relative percentage of correctly predicted nucleotide pairs computed at rank

L of each RNA family. In all of the four DCA algorithms, secondary structure

base pairs dominate the fraction of correctly predicted base pairs–canonical base

pairs accounting for about half of the dataset’s total predictions.
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mean-field pydca, PSICOV, and EVCouplings, whereas Boltzmann learning constitutes 5%

the same nucleotide pair. C-U pairs account for 5% of the total correct predictions in all but

PSICOV, where the nucleotide pair makes up 4%. Similarly, the A-A pair makes up 4% of

the nucleotide pairs in all of the four DCA algorithms except EVCouplings, which comprises

3% top L ranked correct predictions. Finally, the C-C pair represents 3% in all of the first

L ranked correct predictions in all of the four DCA algorithms.

Comparing percentage of nucleotide pairs in the dataset (Fig. 5-1) and those of correct

predictions at rank L (Fig. 5-5) abundance of a nucleotide pair in the dataset does not

necessarily mean high rate of prediction. For instance, the A-G pair makes up 15% in the

dataset—in equal proportion with C-G pairs and more than A-U pairs. Nevertheless, the

A-G pair makes up only 9% or 8% of top L ranked correct predictions, whereas C-G and A-U

pairs have way higher rates of predictions in all of the four DCA algorithms. It indicates

that nucleotide pairs with high DCA scores result from coevolution as opposed to occurring

randomly.

In summary, the coevolution signal of nucleotide pairs in our RNA dataset shows that sec-

ondary structure base pairs of standard nucleotide—both canonical and wobble pairs—show

a strong trace of coevolution during evolution. The application of DCA-based algorithms for

RNA contact prediction from multiple sequence alignments of RNA families indicates this

RNA secondary structure base-pair coevolution pattern dominating other nucleotide pairs.

Although the DCA-based methods have various algorithmic implementations, all of them

show similar performance patterns to detect coevolution based on nucleotide pair type. In

all of the four DCA algorithms used in this dataset, about two-third of correctly predicted

nucleotide pairs down to rank L are composed of secondary structure nucleotide pairs. In

the next section, I evaluate each of the four DCA algorithms’ performance across several

ranks for both overall and tertiary contact prediction.

Positive predictive values

In the above subsection, we have looked at the percentages of nucleotide pair types correctly

predicted by DCA algorithms. The analysis provides quantified information about which

nucleotide pair types are more likely to be true positives instead of incorrect predictions.

Here we analyze the average positive predictive value of each nucleotide pair type using

the four DCA algorithms. The averages are done on RNA families that a particular DCA

algorithm provides at least a pair of nucleotide within a given rank— it is possible that a

pair x-y where x and y are elements of {A, C, G, U} may not exist above a certain rank

of an RNA nucleotide pair prediction. In this instance, that RNA is not included in the

averaging.

The average positive predictive values of each specific nucleotide pair are displayed in Fig.

5-6 at ranks L (top) and 2L (bottom). As expected, the average PPVs are lower at rank 2L

than L for each nucleotide pair and every DCA algorithm used here. Roughly speaking, the
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PPVs range is 40–70% at rank L and 30–45% at rank 2L. Also, secondary structure base

pairs A-U and C-G show superior average PPV than the rest of the base pairs. Nevertheless,

each particular DCA algorithm performs slightly differently in many nucleotide base pairs

at both ranks.

Considering rank L (top Figure in Fig. 5-6), EVCouplings performs better than other

algorithms for pairs A-C, A-U, and U-U, whereas mean-field pydca shows better predictions

for pairs C-U and G-U. Boltzmann learning and mean-field pydca show comparable perfor-

mance for pairs A-C, A-U, C-G, and U-U. Except for PSICOV, all other three algorithms

show no significant difference for nucleotide pair C-G. PSICOV shows the least accuracy for

all pairs except C-C—where it performs in a tie with EVCouplings—and the two pairs C-U

and A-A—where PSICOV and Boltzmann learning perform closely the same.

Figure 5-6.: Average positive predictive values by nucleotide pair type computed using the

four DCA algorithms. Top—the PPV is computed at rank L, and bottom—the

PPV is computed at 2L. In both cases, secondary structure pairs A-U and G-C

are more accurately predicted by the algorithms than other nucleotide pairs.
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At rank 2L (bottom Figure in Fig. 5-6), the performance differences of EVCouplings,

Boltzmann learning, and mean-field pydca are not significant for most nucleotide pairs.

However, EVcouplings still show a slightly more accurate prediction for pairs A-C and A-G.

Boltzmann learning is more accurate for pair U-U than the rest. Interestingly, mean-field

pydca is slightly more accurate for a few nucleotide pairs, namely, C-G, C-U, G-U, and

A-A. PSICOV is the least performing algorithm for all nucleotide pairs except A-A, which

performs slightly better than EVCouplings and in a tie with Boltzmann learning.

In conclusion, nucleotide pairs A-U and G-C are more accurately predicted—as measured

by average positive predictive values—than others by all four DCA algorithms. Although

performance differences may exist at higher ranks, the three DCA algorithms, namely, mean-

field pydca, EVCouplings, and Boltzmann learning, show comparable accuracy. However,

PSICOV is the least accurate of the four DCA algorithms in our test.

5.5. Overall contact prediction accuracy

Here, I compare the performance of four DCA algorithms on the RNA dataset described in

Section 5.2 using average positive predictive value as a metric. The comparison is made at

various ranks of nucleotide base pairs sorted by DCA score in descending order, i.e., pairs

with significant scores appear at the top. Each algorithm’s prediction capability will be done

on overall contact prediction accuracy—no distinction based on nucleotide pair or type of

contact such as secondary structure base pair or otherwise. Like in the previous section,

we will keep the dataset classification into three categories based on the number of effective

sequences an RNA has in its family: all RNA data, dataset D; RNAs whose Meff is greater

than 70.0, dataset DH ; and RNAs whose Meff is less than or equal to 70.0, dataset DL. I

also compare the mean-field pydca algorithm with the other DCA algorithms’ performance

for each of the RNA families in the dataset D. Finally, I study how each DCA algorithm’s

contact prediction accuracy is influenced by the value of nucleotide contact cut-off distance.

Average positive predictive value

Average positive predictive values, 〈PPV 〉, as a function of rank expressed in terms of RNA

sequence length L is plotted in Fig. 5-7 for the three dataset categories. The 〈PPV 〉 mono-

tonically decreases for the four DCA algorithms. Nevertheless, there are slight differences

between each algorithm’s performance (see Table 5-1). For instance, the 〈PPV 〉 at rank

L/10 in dataset D are: 83.9%, mean-field pydca; 83.1%, EVCouplings; 81.6%, PSICOV;

and 80.9%, Boltzmann learning. Interestingly, mean-field DCA shows slightly better perfor-

mance at this rank than the rest of DCA algorithms. At rank, L/5 EVCouplings performs

better than the rest of the algorithms with an average PPV of 78.3% while its closest com-

petitor at the same rank is mean-field pydca with a PPV of 77.4%. In contrast, PSICOV

and Boltzmann learning, respectively, indicate average PPVs 76.3% and 75.3%. At ranks,
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Figure 5-7.: Average PPV computed using the four DCA algorithms as a function of RNA

sequence length L. In the topmost Figure, PPVs are averaged over all RNAs

considered in this study; the middle Figure is only for RNAs whose effective

number of sequences greater than 70.0; and in the bottom Figure are RNAs

whose effective number of sequences less than or equal to 70.0. There is a

negligible difference between mean-field pydca, EVCouplings, and Boltzmann

learning DCA algorithms, while PSICOV performs slightly less accurate than

the other three.
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L/2, L, and 2L EVCouplings perform slightly better than other algorithms. Indeed at rank

2L, all of the DCA algorithms show similar average PPV except that of PSICOV, where it

is about 5% less accurate than others.

Considering the dataset DH , which contains RNAs whose effective number of sequences

is greater than 70.0, we see a significant improvement of average PPVs across all ranks.

For instance, at rank, L/10, all of DCA algorithms show an average PPV of about 98%—

more than by about 14% compared to the best performing algorithm in dataset D at the

same rank. It shows the importance of an RNA family to have a large number of effective

homologous sequences. At rank L the average PPVs are:57.1%, mean-field pydca; 61.3%,

EVCouplings; 58.7%, Boltzmann learning; and 50.9%, PSICOV. Among the DCA algorithm,

PSICOV is the least accurate method performing about 10% less than EVCouplings.

Table 5-1.: Table showing the numerical value of average positive predictive values 〈PPV 〉
as a function of rank expressed in terms of RNA sequence length L. The averages

are done over the three categories of datasets—D, DH , andDL—that are grouped

based on the number of effective sequences Meff . Across all ranks, all of the four

DCA algorithms perform better in dataset DH . At rank, L mean-field pydca,

EVCouplings, and Boltzmann learning show comparable performance. PSICOV

is the least accurate method by up to about 5% than the other three.

All RNA—Dataset D
Algorithm L/10 L/5 L/2 L 2L

mean-field pydca 83.9 77.4 58.6 45.0 35.7

EVCouplings 83.1 78.3 61.3 46.6 35.9

Boltzmann learning 80.9 75.3 60.1 45.7 35.8

PSICOV 81.6 76.3 55.4 39.9 30.5

RNA with Meff > 70.0—Dataset DH

mean-field pydca 98.3 95.4 75.5 57.1 43.5

EVCouplings 98.5 96.7 79.3 61.3 44.9

Boltzmann learning 98.0 97.0 79.3 58.7 43.8

PSICOV 98.0 97.5 73.7 50.9 36.1

RNA with Meff ≤ 70.0—Dataset DL

mean-field pydca 70.0 60.1 42.3 33.3 28.3

EVCouplings 68.2 60.5 43.9 32.5 27.1

Boltzmann learning 64.4 54.4 41.6 33.1 28.1

PSICOV 65.8 55.8 37.6 29.1 25.1

When there is a lack of sequences in RNA families as in dataset DL the prediction capa-

bility of DCA algorithms is negatively affected, i.e., the average PPVs are smaller across all
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ranks. For instance, at rank L/10, the average PPVs are about 98% in dataset D computed

using the four DCA algorithms. The best average PPV at the same rank in dataset DL is

the only 70%. At rank L the average PPVs in dataset DL are: 33.3%, mean-field pydca;

32.5%, EVcouplings; 33.1%, Boltzmann learning; and 29.3%, PSICOV— less than 10–12%

compared to the corresponding average PPVs in dataset DH .

The cut-off distance between two nucleotides to be considered contacts is taken to be 10Å

for a pair of heavy atoms (see Section 5.2) in PDB structures. Nevertheless, we investigated

how average positive predictive values are influenced by this distance (see Fig. 5-8). The

figure shows APPV at rank L of the four DCA algorithms—the averages are taken over the

total RNAs in the dataset—as a function of contact distance rc. For rc = 4, 6, 8,, and 10Å

EVCouplings is slightly more accurate than mean-field pydca and Boltzmann learning (see

Table 5-1 for the exact PPV for rc = 10Å). In all cases, PSICOV is the least accurate of all.

Above 10Å mean-field pydca and EVCouplings perform close to each other while Boltzmann

learning is slightly lesser than the two. However, in practice, these distances are too large

to be taken as contact distance cut-off values.

Figure 5-8.: Average positive predictive values 〈PPV 〉 at rank L of the DCA algorithms as a

function of contact distance rc measured in Angstrom. The averages are taken

over all RNAs in the dataset D. All four algorithms show they improve 〈PPV 〉
as rc is increased. Below 10Å the algorithms except PSICOV show comparable

performances, although EVCouplings is slightly more accurate than mean-field

pydca and Boltzmann learning.
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Individual RNAs positive predictive values

Here I look at the performance of DCA algorithms on individual RNAs. Instead of computing

the average positive predictive values over the RNA families, we compare each RNA’s positive

predictive value. I also analyze how each RNA computed PPV using mean-field pydca

deviates when compared with PPVs obtained using other DCA-based algorithms.

The PPV at rank L—where L is RNA sequence length—of each RNA in dataset D is com-

pared in Fig. 5-9. The horizontal lines show PPV of RNAs when computed using mean-field

DCA. The vertical lines are obtained using EVCouplings, Fig.5-9 (A); Boltzmann learning

Fig. 5-9(B); PSICOV, Fig. 5-9(C); and pseudo-likelihood maximization DCA implemented

in pydca Fig. 5-9(D). The diagonal lines show values whereby the vertical and horizon-

tal axes are equal. The blue dots are PPVs of RNAs. If PPVs of RNAs computed using

mean-field pydca and other algorithms are equal, they must lie diagonally. Deviations from

the diagonal lines indicate that an algorithm is more accurate than the other. Specifically,

PPVs that lie below diagonal lines imply that mean-field pydca is more accurate than the

algorithms.

The DCA algorithms are compared with each other by truncating the PPVs to three

significant digits. If the difference between PPVs is more than 0.001, they are considered

different, otherwise the same. Mean-field pydca and EVCouplings algorithms estimate the

same PPV for three RNAs, whereas PPVs computed using EVCouplings are superior to

mean-field DCA for 36 RNAs. Similarly, the PPV of 18 RNAs is larger for mean-field py-

dca than that of EVCouplings. Comparing mean-filed pydca with Boltzmann learning, the

PPV of three RNAs is identical, while 24 RNAs PPVs are better predicted by mean-field

pydca and that of 30 RNAs by Boltzmann learning. Like mean-field pydca and EVCou-

plings or Boltzmann learning, PSICOV and mean-field pydca provide equivalent PPVs for

three RNAs. Mean-field pydca provides better PPVs for 38 RNAs, whereas PSICOV more

accurately predicts 16 RNA’s PPV than mean-field pydca.

In addition, we compared (see Fig. 5-9(D)) the PPVs computed using pseudo-likelihood

maximization and mean-field algorithms implemented in pydca. This comparison shows

that the two DCA algorithms provide similar PPVs for 5 RNAs. However, mean-field pydca

provides better PPVs for 29 RNAs, whereas pseudo-likelihood maximization results in more

PPVs for 23 RNAs than mean-field.
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Figure 5-9.: Contact prediction accuracy comparison of mean-field DCA with other algo-

rithms. The PPVs are computed at rank L, where L is the RNA sequence

length of each RNA in dataset D. The horizontal axes are values of mean-field

pydca PPV, whereas the vertical axes those of EVCouplings (A); Boltzmann

learning (B); PSICOV (C); and pseudo-likelihood DCA of pydca (D). The di-

agonal lines indicate the values that the horizontal and vertical axes are equal.

When there is no difference in PPV between mean-field pydca and other DCA

algorithms, the PPVs lie on the diagonals. Note that, in this comparison,

contacts are taken without making a distinction between tertiary contacts or

otherwise.
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5.6. Tertiary contact prediction accuracy

In this section, I evaluate the performances of DCA algorithms based on tertiary contact

prediction. Recall that in Section 5.5 we evaluated DCA algorithms’ performances without

making a distinction between the nature of nucleotide pair contacts. As we described in

Section 5.2, tertiary contacts are nucleotide pairs that are not in proximity in the sequence

(primary structure) of an RNA. Also, tertiary contacts do not involve pairs that form sec-

ondary structures and are not in the vicinity of secondary structure pairs. Like in Section

5.5, first, I look at average positive predictive values of the DCA algorithms. Then, I com-

pare mean-field pydca with other DCA algorithms based on their ability to detect individual

RNAs’ tertiary contacts. Finally, we look at how the average PPVs behave when the contact

cut-off distance is changed.

Average positive predictive values

The average positive predictive values for tertiary contacts as a function of rank measured

in terms of sequence length are compared in Fig. 5-10 and the corresponding numerical

values are displayed in Table 5-2. Considering all RNAs, i.e., dataset D, Boltzmann learning

results in best accuracy at high ranks, e.g., 39.8% at rank L/10. EVCouplings is the closest to

Boltzmann learning at that rank with an average PPV of 36.2%. When the ranks are lowered,

the performance difference among the algorithms diminishes. For instance, at rank, L1

mean-field pydca, EVCouplings and Boltzmann learning perform almost the same, whereas

PSICOV is slightly less accurate but very close to the other three.

Tertiary contact prediction accuracy of DCA algorithms is improved when the number

of effective sequences in the alignment is large. For example, the average positive predictive

values at rank L/10 are up by between about 11% to 15% when the averages are performed

over dataset DH compared to dataset D. Among the four DCA algorithms, Boltzmann

learning and EVCouplings perform better than others at high ranks. Nevertheless, except

for PSICOV, all the DCA algorithm’s performances are indistinguishable from one another

at rank L, each scoring an average PPV of about 22%.

For datasetDL, i.e., Meff ≤ 70.0, Boltzmann learning performs slightly better than mean-

field pydca and EVCouplings (20% vs 23%) at rank L/10. PSICOV is slightly less than the

rest of the algorithms at that rank (about 17%). Like in dataset DH , the performance

differences among mean-field pydca, EVCouplings, and Boltzmann learning diminishes at

rank L. Although very close to other algorithms, PSICOV results in less average PPV.

The variation of tertiary contacts average positive predictive values—the averages being

performed over dataset D—at rank L of the DCA algorithms as a function of contact distance

(rc) is shown in Fig. 5-11. We see that the average PPV measured by mean-field pydca,

EVCouplings, and Boltzmann learning are comparable for rc = 4, 6, 8, and 10Å. For rc

1At this rank, some RNAs have less number of tertiary contacts in their PDB structures, see Table A-2.
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Figure 5-10.: Tertiary contacts average positive predictive values 〈PPV 〉 as a function of

rank measured in terms of sequence’s length L. Topmost, middle and bottom

plots are for datasets D, DH , and DL, respectively. At higher ranks, EV-

Couplings and Boltzmann learning perform better than mean-field pydca and

PSICOV, particularly for dataset DH .
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beyond 10Å mean-field pydca has the highest average PPVs; however, these distances are

too large for nucleotide pairs to be considered contacts.

Table 5-2.: Table showing the average positive predictive values 〈PPV 〉 as a function of

rank expressed in terms of RNA sequence length L. The averages are done

over the three categories of datasets—D, DH , and DL—that are grouped based

on the number of effective sequences Meff . Across all ranks, all of the four

DCA algorithms perform better in dataset DH . At rank, L mean-field pydca,

EVCouplings, and Boltzmann learning show comparable performance. PSICOV

is the least accurate method by up to about 5% than the other three.

All RNA—Dataset D
Algorithm L/10 L/5 L/2 L 2L

mean-field pydca 31.7 26.1 19.6 17.7 15.3

EVCouplings 36.6 28.0 20.9 16.8 14.5

Boltzmann learning 39.2 29.1 20.6 17.3 15.9

PSICOV 33.2 26.0 17.2 15.0 13.1

RNA with Meff > 70.0—Dataset DH

mean-field pydca 43.6 36.1 26.4 22.0 18.4

EVCouplings 53.8 41.4 29.4 22.0 16.8

Boltzmann learning 55.7 42.8 28.5 22.2 18.1

PSICOV 49.5 37.8 24.2 18.6 14.4

RNA with Meff ≤ 70.0—Dataset DL

mean-field pydca 20.2 16.4 13.1 13.6 12.2

EVCouplings 20.0 15.1 12.6 11.9 12.3

Boltzmann learning 23.2 15.9 12.9 12.5 13.8

PSICOV 17.5 14.5 10.5 11.5 11.7

Individual RNA positive predictive values

Now I look at how each DCA algorithm performs on tertiary contact prediction for individual

RNAs in dataset D. Specifically, we look at how each RNA’s PPV at rank L deviates with

respect to mean-field pydca. The comparisons are shown in Fig.5-12 where the horizontal

lines are PPVs as computed by mean-field pydca and the vertical lines are by: EVCouplings,

Fig.5-12(A); Boltzmann learning, Fig.5-12(B); PSICOV, Fig.5-12(C); and plmDCA pydca,

Fig.5-12(D). The diagonal lines are points where mean-field pydca’s PPV are equal to the

corresponding DCA algorithm’s PPV.
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Figure 5-11.: Tertiary contacts average positive predictive values at rank L as a function of

contact distance cut-off value rc. At rc = 4, 6, 8 and 10Å, mean-field pydca,

EVCouplings, and Boltzmann learning perform very closely, whereas PSICOV

Is slightly less accurate. Above 10Å there are significant differences between

the algorithm’s performance; however, these values are too large to be consid-

ered contact distances.
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Figure 5-12.: Contact prediction accuracy comparison of mean-field DCA with other algo-

rithms for tertiary contacts. The PPVs are computed at rank L, where L is

the RNA sequence length of the RNAs. The results show that the algorithms

can have significant PPV variation for individual RNAs.
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The RNAs whose PPVs are above/below the diagonal are counted and compared. PPVs

are considered to be on the diagonal line, i.e., the mean-field pydca and other DCA algorithms

perform the same if the difference between the PPVs is not more than 0.001. Mean-field

pydca and EVCouplings predict equal PPVs for seven RNAs while EVCouplings than mean-

field better predicts 26 RNA’s PPVs, and other 24 RNAs PPVs are better predicted by mean-

field pydca rather than EVCouplings. Likewise, comparing mean-field pydca and Boltzmann

learning, three RNA’s PPVs are the same for both algorithms, whereas Boltzmann learning

predicted PPVs are better than mean-field pydca’s for 26 RNA. However, the remaining 22

RNAs mean-field pydca’s PPVs are better than Boltzmann learning’s. Between PSICOV

and mean-field pydca, both algorithms results in the same PPVs for nine RNAs while 26

RNA’s PPVs predicted by mean-field pydca are better than that of PSICOV’s, but PSICOV

results in better PPVs for 22 RNAs compared to mean-field pydca.

Besides, I compared individual RNA’s PPVs computed by pseudo-likelihood DCA of py-

dca and mean-field pydca. Although plmDCA in pydca and EVCouplings are the same

algorithms, there are implementation differences. For instance, pydca’s plmDCA is imple-

mented using single precision while EVCouplings were compiled using a double-precision

option. For individual RNA’s tertiary contact prediction, 9 RNA’s PPVs are the same when

computed using mean-field pydca or plmDCA pydca, whereas 26 RNA’s PPVs are better

when using mean-field pydca than plmDCA pydca. However, plmDCA pydca results in more

PPVs for 22 RNAs than mean-field pydca.

5.7. Summary and conclusion

This chapter has compared the performance of various DCA-based contact prediction algo-

rithms/software for RNA sequences. The algorithms include mean-field DCA implemented

in pydca[106], pseudo-likelihood maximization DCA implemented in EVCouplings[?], Boltz-

mann learning implemented [21] and graphical LASSO algorithm of PSICOV[40]. To this

end, we collected about 60 RNAs that belong to unique families in Rfam (see Section 5.2).

Then, in Section 5.3 we evaluated how the input data —in the form of multiple sequence

alignments—influences contact prediction algorithms. In the remaining sections, we assessed

how DCA-based algorithm’s performances compare with each other using positive predictive

value as a metric. Specifically, in Section 5.4 we investigated contact prediction accuracy by

nucleotide pair. Next, overall contact prediction ability of DCA algorithms was studied in

Section 5.5 and then we did similar analysis for tertiary contacts only in Section 5.6.

The analysis shows that multiple sequence alignments obtained using Infernal [72] result

in the four DCA-based algorithms’ best positive predictive values. This might be because

Infernal uses seed alignments that covariance models are built on have structural information

about related RNAs in a family. Indeed top L ranked DCA predictions indicate that sec-

ondary structure pairs A-U and G-C make up about half of the correctly predicted nucleotide

pairs. C-G makes up 33–37% of correct prediction, whereas A-U makes up 19–20%. Also,
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these nucleotide pairs result in higher positive predictive values than others. In addition to

the alignment method/algorithm used, DCA analysis of nucleotide contacts can significantly

affect the quality and quantity of alignment data. RNAs that have a large effective number

of sequences have mostly high positive predictive values. However, the extent to which the

sequences are properly aligned also matters. In particular, we saw that RNAs with high BIT

scores tend to results in more accurate contact predictions.

Looking at overall contact prediction—without classifying contacts as tertiary or otherwise—

EVCouplings is slightly more accurate than mean-field pydca, and Boltzmann learning is at

rank L. However, the difference in the performance of these three algorithms vanishes at

lower ranks. For instance, at rank 2L, they perform comparably, but PSICOV remains

slightly less accurate than the other three. Also, the three algorithms’ performances are sim-

ilar at rank L for contact distance thresholds 4, 6, 8Å as they are at 10Å. Furthermore, the

algorithms perform differently for each RNA family. Taking mean-field pydca as a reference

algorithm and comparing its performance with the other DCA-based algorithms, the vast

majority of the RNA’s PPV is higher/lower instead of being close to each other. Only three

to five RNAs result in the same PPV computed from mean-field pydca and other algorithms.

For RNA three-dimensional structure prediction, contacts that are far apart in the se-

quence often play a crucial role when used as constraints/restraints. Therefore, the im-

portance of correctly predicting these tertiary contacts cannot be overstated. Among the

algorithms, Boltzmann learning and EVCouplings result in high average positive predictive

values at high ranks, particularly when the effective number of sequences is high. Neverthe-

less, the three algorithms–mean-field pydca, EVCouplings, and Boltzmann learning perform

almost the same at rank L for contact cut-off values 4, 6, 8, and 10Å. In addition, there the

algorithms perform differently to predict three-dimensional contacts for each RNA. Compar-

ing the average PPVs at rank L of mean-field pydca and others shows that the same result

can be obtained for a maximum of about a sixth of the RNAs.

To sum up, the performance of DCA-based algorithms contact predictions from homolo-

gous RNA sequences depends on multiple sequence alignment tools used and the quality and

number of sequences in RNA families. Overall performance of three algorithms—mean-field,

pseudo-likelihood maximization, and Boltzmann learning—is, on average, very comparable

at rank L. However, pseudo-likelihood and Boltzmann learning tend to be more accurate

at higher ranks than mean-field DCA, especially when the number of effective sequences is

sufficiently large.



6. Enhancing RNA Contact Prediction

by Convolutional Neural Networks

6.1. Introduction

In Chapter 5, I have compared various flavors of direct couplings analysis (DCA) algorithms

for RNA contact prediction. In particular, four DCA-based algorithms have been applied

on an RNA dataset that contains approximately 60 RNAs where nearly half of them have a

relatively sufficient number of effective sequences and the other half do not.

A rigorous comparison of these unsupervised algorithms indicates that the performances

measured by positive predictive values (PPV) have no significant differences for RNA contact

prediction. However, there are slight variations in performance at higher ranks of predicted

nucleotide pairs. The pseudo-likelihood maximization and Boltzmann learning show slightly

better accuracy at higher ranks than mean-field and graphical LASSO—acronym for least

absolute square and shrinkage operator—algorithms. While these two DCA algorithms show

slightly better accuracy for about ten highest-ranking pairs for RNAs with a relatively suffi-

cient number of effective sequences, the accuracy difference among all the four but graphical

LASSO algorithms is invisible when assessed for the RNAs in the entire dataset.

This chapter combines an unsupervised machine learning algorithm based on mean-field

DCA with supervised machine learning techniques based on convolutional neural networks to

enhance RNA contact prediction from multiple sequence alignments. The new RNA contact

prediction algorithm dubbed as CoCoNet is shown to significantly enhance RNA contact

prediction as evaluated by various classification metrics.

The chapter is organized as follows. In Section 6.2 coevolutional structural patterns ob-

tained from the dataset are analyzed. Next, in Section 6.3 I present the network architecture

of the model before explaining how the model parameters are trained in Section 6.4. Then,

the new algorithm results are presented and compared with state-of-the-art DCA algorithms

in Section 6.5. Finally, I provide summary and conclusions in Section 6.6.

6.2. Coevolutional structural features

Contact prediction algorithms from multiple sequence alignments presume that mutations

in sequences through the course of evolution occur in tandem to preserve the structure and
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function of an RNA or protein. Algorithms such as DCA are more accurate in disentangling

direct contacts from indirect contacts. Here, the DCA contact maps of the RNAs in the

dataset are analyzed to study the relation between DCA scores and structural features in

the experimental (PDB) structures of the RNAs.

The average mean-field DCA scores computed using a 7 × 7 window for various heavy

atom distances between nucleotide pairs in PDB are shown in Fig. 6-1. The strength of

the average coevolutionary scores varies based on the distance between nucleotide pairs.

Nucleotide pairs that are very close to each other in the PDB structure result in strong

coevolutionary signals. On the other hand, distant nucleotide pairs in the three-dimensional

structure show no specific patterns on their average DCA scores.

Figure 6-1.: Patterns of average DCA scores in a 7 × 7 window for a range of distances, r.

(A) r ≤ 4.0 Å; (B) 4.0 < r ≤ 10.0 Å; (C) r > 10.0 Å. Brighter patterns show

strong DCA scores and darker ones show weak DCA scores.

For small distances (r ≤ 4.0 Å), the average DCA scores are strong across the diagonal

and weaker outside. It indicates that RNA secondary structure nucleotide pairs are strongly

coevolving as RNA sequences mutate during evolution. For intermediate distances (4.0 <

r ≤ 10.0 Å, Fig. 6-1 B), the average DCA scores are relatively strong surrounding the

diagonal. However, for large distances (r > 10.0 Å, Fig. 6-1 C), there is no relative strength

of DCA scores.

This analysis shows that DCA can detect coevolutionary signals that occur due to mu-

tations arising on spatially adjacent nucleotide-nucleotide pairs. Based on this observation

of coevolutionary signal patterns in the two-dimensional map of nucleotide-nucleotide pairs,

adding a convolution layer to the network can enhance contact prediction accuracy. In the

next section, I describe the new model that enhances contact prediction.
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6.3. Network architecture

Deep convolutional neural networks are becoming very popular for learning patterns in im-

ages. However, two main drawbacks can limit their utilization. First, as convolutional neural

networks get deeper and deeper, the training time also grows larger and larger and requires

costly computational resources. Second, the number of parameters to be learned also grows

fast. Learning a massive number of parameters requires a great deal of data to overcome

overfitting.

In this study, deep neural networks are ruled out since the RNA dataset available for

training them is very limited. Consequently, the convolutional layer is kept shallow and

contains only a single layer (see Fig. 6-2). The entire network contains the following layers:

� Input layer: This layer consists of an RNA sequence multiply aligned with its homolog

RNA sequences from the RFAM database. The MSA data should be in FASTA format.

� Coevolution layer: The second layer is the coevolution layer. It involves the con-

struction of a two-dimensional contact map from nucleotide-nucleotide pair interaction

scores obtained from mean-field DCA.

� Convolution layer: The third layer is the convolution layer. Here, the convolution

operation is performed on the coevolution layer using a d × d filter matrix. The

coevolutional layer is padded to preserve the dimension of the output layer resulting

from convolution operation.

� Output layer: The output layer is a two-dimensional contact map of nucleotide-

nucleotide contacts annotated with interaction scores. The interaction scores are the

result of doing convolution on the coevolution layer using filter matrices.

AUAGUCCACGAAAGUAGCUU%
AGAGCCCGCGAGCGGGCAGC%
GAAGCCCGCGAGUCUAGGCA%
AAAGCCCACGCGUUGGAAAC%
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Figure 6-2.: Network architecture of CoCoNet. There are four main layers of the network:

i) the input layer containing input MSA data; ii) the coevolution layer involving

DCA contact maps; iii) the convolution layer that results from doing convolution

on the coevolution layer; iv) the output layer that contains contact maps of

nucleotide pairs with high scores.
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6.4. Learning parameters of filter matrices

The convolution layer parameters, i.e., filter matrices elements, are learned using a standard

optimization procedure. First, nucleotide-nucleotide interaction scores are computed from

MSA data of an RNA using the mean-field DCA algorithm implemented in the pydca software

package [106]. From these interaction scores, a two-dimensional map of nucleotide-nucleotide

contacts is formed. Then convolution operations are performed on this map by sliding the

filter matrices over it. The resulting map is compared with the PDB contact map of the

RNA, which is constructed by assigning a value of one for contacting nucleotide pairs and

zero otherwise. Two nucleotides are considered contacts if they have at least a pair of heavy

atoms less than 10.0 Å apart in the PDB structure.

The cost (objective) function associated with a particular RNA denoted by R in the

training dataset is computed using

FRij =
(
WDRij − δ(CRij)

)2
. (6-1)

The indices i and j represent nucleotide pairs’ positions in the target RNA and δ(Cij) is one

when the pairs are contacts, otherwise zero. The total cost function for a set of RNA data

in the training set is obtained by summing the contributions in equation 6-1 over all pairs

and RNA in the set, i.e.,

F =
∑
R

∑
j>i+4

FRij . (6-2)

The summation over nucleotide pairs is performed only for those that are farther than four

nucleotides apart in the RNA sequence since we are interested in long-range contacts. The

optimization is performed using limited-memory BFGS algorithm [57, 74] implemented in

the standard SciPy library [100]. Next, the results of contact prediction using the CoCoNet

algorithm are presented. In addition, the performance of CoCoNet is compared with state-

of-the-art DCA-based algorithms.

6.5. Results

In this section, the performance of CoCoNet is evaluated using two metrics: positive pre-

dictive value and Mathews correlation coefficient (MCC). Besides, CoCoNet’s performance

is compared with DCA-based algorithms, including mean-field, pseudo-likelihood, graphical

LASSO, and Boltzmann learning DCA algorithms.

Contact prediction evaluated by positive predictive value

Here, I show that the network improves RNA contact prediction significantly. Fig. 6-3 shows

the average positive predictive value (〈PPV 〉) as a function of the number of contacts of
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ranked nucleotide pairs. The Figure compares the 〈PPV 〉 of mean-field DCA and CoCoNet

with the theoretical value for all contact types, i.e, tertiary or otherwise.

Figure 6-3.: Average positive predictive values, 〈PPV 〉, as a function of the number of

contacts for (A) all the 57 RNAs; (B) RNAs with Meff > 70.0; and (C) RNAs

with Meff ≤ 70.0. In all of the three dataset categories, CoCoNet significantly

outperforms mean-field DCA as the average PPV curves of CoCoNet are closer

to the theoretical curve than mean-field DCA’s cures are.

For dataset D, which contains all RNA regardless of the effective number of sequences

(Fig. 6-3 (A)), both mean-field DCA and CoCoNet perform comparably down to rank

ten, i.e., both algorithms show comparable average PPV for top ten ranked pairs. Below

rank ten performance variations are significant, with CoCoNet showing superiority. For

instance, for 100 top-ranked nucleotide pairs, mean-field DCA’s average PPV is slightly

greater than 40%, whereas CoCoNet’s is about 70%. Not surprisingly, the average PPVs

of both mean-field DCA and CoCoNet significantly vary based on the number of effective

sequences (Meff ). It is evident from Fig. 6-3 (B) and (C), where Meff is greater than
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70 and less than 70, respectively. For Meff > 70, mean-field DCA’s average PPV for 100

top-ranked pairs is about 60% and, that of CoCoNet’s is about 90%. For Meff < 70,

mean-field DCA’s average PPV is about 30%, whereas CoCoNet’s is more than 50% for

100 top-ranked nucleotide-pairs.

Figure 6-4.: Tertiary contacts average positive predictive values, 〈PPV 〉, as a function of the

number of contacts (rank) for (A) all the 57 RNAs; (B) RNAs with Meff > 70.0;

and (C) RNAs with Meff ≤ 70.0. For the highest-ranked nucleotide pairs,

mean-field DCA shows slightly better performance than CoCoNet; however,

CoCoNet overtakes mean-field DCA below rank 10.

For three-dimensional structure prediction, tertiary constraints are crucial[23]. Interest-

ingly, despite the simplicity of the model, CoCoNet enhances the average PPV for tertiary

contacts. Here, tertiary contacts are pairs of nucleotides that are not in the secondary struc-

ture (without pseudoknots) and not within a 5 × 5 window around a secondary structure

pair in the contact map. Also, these pairs must have at least a pair of heavy atoms less than

10Å apart. Fig. 6-4 compares mean-field DCA’s and CoCoNet’s average PPV for tertiary
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contact at full rank. At the highest ranks, mean-field DCA shows slightly better perfor-

mance than CoCoNet. For 100 top-ranked nucleotide pairs, CoCoNet shows superiority

in predicting correct tertiary contacts. The 7× 7 matrix performs better than the 3× 3 and

5 × 5 matrices at the same rank, i.e., 100 top-ranked nucleotide pairs. Like in all contact

prediction (Fig. 6-3), average PPV prediction for tertiary contacts is also dependent on the

number of effective sequences (Meff ). Like before, for RNAs whose Meff is greater than

70, both mean-field DCA and CoCoNet show better contact prediction than when Meff is

lower or equal to 70.

The number of putative contacts an RNA molecule has depends on its sequence length,

i.e., the number of nucleotides. Instead of measuring average PPV at a fixed rank, say 100,

a rank that scales with the number of putative contacts is chosen. On this ground, the rank

is set to be at L for each RNA, and the average positive predictive values at that rank are

computed and displayed in Table 6-1 and Table 6-2.

Table 6-1 shows the average positive predictive values, 〈PPV 〉, at rank L for all of

the RNA in the dataset D, i.e., the dataset containing all of the 57 RNAs. Looking at

the Table, CoCoNet significantly boosts contact prediction, not only for all contact types

but also tertiary contacts. Indeed, the new algorithm outperforms state-of-the-art DCA

algorithms implemented in various software suites such as EVcouplings plmDCA, pydca’s

mfDCA, and plmDCA, Boltzmann learning, and PSICOV’s graphical LASSO algorithms.

The best performing DCA algorithm for all contact types is the pseudo-likelihood maxi-

mization of EVCouplings (plmDCA-EVC), showing an average PPV of 46.6%. At the same

rank, CoCoNet’s average PPV is about 77% when using two 5 × 5 or two 7 × 7 matrices

that contain 50 and 98 free parameters, respectively. Interestingly, the improvement in av-

erage PPV is observed for tertiary contacts as well. While the DCA algorithms can produce

average PPV between 15% to 18%, CoCoNet yields between 26% to 35%, indicating that

CoCoNet predicts almost twice true contacts compared to state-of-the-art DCA algorithms.

To study the impact of effective number of sequences on PPV, the average PPVs at rank

L are computed and displayed in Table 6-2 for the two dataset subsets DH and DL. As

expected, all of the DCA algorithms show improved PPVs in dataset DH . This improvement

is manifested in CoCoNet’s PPVs performing as high as 90% for all contact types when a

single 3× 3 matrix is used (see Table 6-2 column three). It is an outstanding performance

given that the number of free parameters to be learned is minimal. The corresponding best

DCA result stands at about 61% when plmDCA in EVCouplings is used. For the dataset,

DL, the overall average PPVs of DCA are lower than dataset DH . The best DCA average

PPV for DL is about 33%, whereas that of CoCoNet is 67% resulted when two 7× 7 filter

matrices are used. Again CoCoNet significantly improves true contacts. In addition, the

dependence of CoCoNet’s performance on the number of effective sequences is clear—just

like DCA algorithms, a large number of effective sequences are likely to result in better true

contact predictions.

Enhancement of PPVs by CoCoNet are also reflected in tertiary (3D) contacts. The
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Table 6-1.: Average positive predicted value, 〈PPV 〉, at rank L for all RNAs in the dataset

D. The first two columns indicate the number and size of filter matrices used,

respectively. The third column corresponds to the number of free parameters to

learn. The fourth and last columns show 〈PPV 〉 at rank L for all and tertiary

contacts, respectively. The bottom five rows represent the 〈PPV 〉 of DCA algo-

rithms including, (i) mean-field DCA implemented in pydca, mfDCA-pydca; (ii)

pseudo-likelihood maximization of EVCouplings, plmDCA-EVC; (iii) pseudo-

likelihood maximization of pydca, plmDCA-pydca; (iv) Boltzmann learning and

(v) the graphical LASSO algorithm implemented in PSICOV. Columns four and

five represent 〈PPV 〉s for all contacts and tertiary only contacts, respectively.

The 〈PPV 〉s show that CoCoNet significantly outperforms state-of-the-art DCA

algorithms.

CoCoNet

#Filters Filter Size #Free 〈PPV〉ALL 〈PPV〉3D
Parameters (top L) (top L)

1 3x3 9 74.6 27.1

1 5x5 25 74.6 29.2

1 7x7 49 74.4 33.6

2 3x3 18 76.5 26.6

2 5x5 50 77.7 27.1

2 7x7 98 77.3 35.0

mfDCA-pydca 45.0 17.7

plmDCA-EVC 46.6 16.8

plmDCA-pydca 45.0 16.2

Boltzmann learning 45.7 17.3

PSICOV 39.9 15.0

best PPV delivered by DCA is about 22% for dataset DH . The corresponding best result by

CoCoNet is about 40%—almost doubling the PPV obtained by DCA. The improvement

on PPV is also seen on dataset DL where DCA shows about 13% whereas CoCoNet’s

is about 30% when two 7 × 7 filter matrices are used. Positive predictive value is one of

several metrics to evaluate the performance of classification algorithms. Although PPV is an

excellent metric to evaluate contact prediction, I also study the new algorithm’s performance

by another metric, namely, the Mathews correlation coefficient, in the next section.
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Table 6-2.: Average positive predictive value, 〈PPV 〉, at rank L when the dataset is split

into two categories—DH and DL based on the effective number of sequences.

The first two columns indicate the number and size of filter matrices used, re-

spectively. The third and fifth columns represent 〈PPV 〉s for all contact types,

whereas the fourth and sixth columns represent tertiary only contacts 〈PPV 〉s.
The bottom five rows represent the 〈PPV 〉 of DCA algorithms including, (i)

mean-field DCA implemented in pydca, mfDCA-pydca; (ii) pseudo-likelihood

maximization of EVCouplings, plmDCA-EVC; (iii) pseudo-likelihood maximiza-

tion of pydca, plmDCA-pydca; (iv) Boltzmann learning and (v) the graphical

LASSO algorithm implemented in PSICOV. The 〈PPV 〉s show that CoCoNet

significantly outperforms state-of-the-art DCA algorithms.

CoCoNet

#Filters Filter Size 〈PPV〉ALL 〈PPV〉3D 〈PPV〉ALL 〈PPV〉3D
DH DH DL DL

1 3x3 90.3 35.0 59.4 19.5

1 5x5 87.4 35.0 62.3 23.8

1 7x7 86.3 40.3 62.8 27.1

2 3x3 91.7 34.7 61.8 18.8

2 5x5 89.6 32.0 66.1 22.4

2 7x7 87.7 40.3 67.2 29.8

mfDCA-pydca 57.1 22.0 33.3 13.6

plmDCA-EVC 61.3 22.0 32.5 11.9

plmDCA-pydca 57.6 22.0 33.0 10.6

Boltzmann learning 58.7 22.2 33.1 12.5

PSICOV 50.9 18.6 29.1 11.5

Contact prediction evaluated by Mathews correlation coefficient

In this section, the new RNA contact prediction algorithm’s performance is evaluated by

using the Mathews correlation coefficient (MCC). For binary classification, the positive pre-

dictive value, PPV, considers the numbers of true and false positives. For data that has a

class imbalance, PPV may not be an accurate metric. However, for contact prediction, the

number of contacts is a fraction of the total number of nucleotide pairs, making PPV an

excellent measure to evaluate contact prediction algorithms.

MCC is also an excellent measure to evaluate classification algorithms’ performance. It

incorporates the numbers of true and false positives of the confusion matrix together with
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true and false negatives[18]. Mathematically, MCC is written given by

MCC =
(TP )(TN)− (FP )(FN)√

((TP + FP )(TP + FN)(TN + FP )(TN + FN)
, (6-3)

where TP and TN represent the numbers of true positive and negatives, respectively, whereas

FP and FN represent the numbers of false positives and negatives, respectively.

For quantifying the MCC, the true/false positives/negatives are defined as follows. A

fixed rank L is taken, and nucleotide pairs up to this rank from above are considered posi-

tive contacts. Thus if nucleotide pairs are present in PDB contacts, they are counted as true

positive, if not false positives. All those nucleotide pairs below rank L are true/false nega-

tives. If a pair is not a contact in PDB structure, it is counted as a true negative and false

negative, otherwise. The MCC values of CoCoNet are compared with those of state-of-the-

art DCA algorithms for all contact types in Fig. 6-5, and tertiary only contacts in Fig. 6-6.

In both scenarios, CoCoNet significantly performs all of state-of-the-art DCA algorithms.

Indeed, CoCoNet’s MCC can be up to twice the MCC of DCA-based algorithms.

For all contact types, PSICOV results in the least MCC among DCA-based algorithms

while the rest of the algorithms show more or less similar MCC. For the dataset, DH the

plmDCA in EVCouplings has a slight edge on MCC compared to the other DCA-based

algorithms. However, still the CoCoNet MCC are significantly higher than all of the state-

of-the-art DCA algorithms’ MCC. Among the various flavors of CoCoNet, the 3×3 matrix

has a slightly better MCC. However, for dataset DL, the 5×5 and 7×7 filter matrices result

in a slightly better MCC than the 3 × 3 filter matrix, indicating that larger filter matrices

have a better capability of averaging noisy coevolutionary signal resulting from insufficient

MSA data.

The trend that CoCoNet outperforms state-of-the-art DCA algorithms as evaluated by

MCC is also observed when considering tertiary contacts only. Recall that tertiary contacts

are defined as nucleotide pairs that are not secondary structure pairs and not in the vicinity

of a 5×5 window around these secondary pairs in the contact map. Like for all contact types,

all DCA algorithms show similar MCC except PSICOV that results in the lowest MCC for

dataset DH . For dataset DL, the plmDCA of pydca results in the lowest MCC. This is not

surprising as pydca’s plmDCA uses large values for penalizing fields and couplings. Among

the CoCoNet flavors, the 7 × 7 filter matrix results in best MCC than the other. This is

due to the fact that in RNA contact prediction, the coevolutionary signal is dominated by

secondary structure pars, mainly when the alignment is performed by Infernal [72]. Tertiary

pairs are noisy, and the larger filter matrices do better averaging than, the smaller ones.

This averaging effect is more pronounced when there are insufficient MSA data where the

7× 7 filter matrix outperforms the others significantly.

To summarize, while state-of-the-art DCA algorithms result in similar MCC values at

rank L for the RNA dataset studied in this thesis, CoCoNet results in way better MCC

than the DCA algorithms. In addition to PPV as a performance metric, the MCC shows



6.5 Results 73

Figure 6-5.: Average MCC at rank L for all contacts types. The averages are performed

over datasets (i) all RNAs, D, top Figure (ii) RNAs whose Meff > 70.0, DH ,

middle Figure and (iii) RNAs whose Meff ≤ 70.0, DL, bottom Figure. The

MCC values of CoCoNet are significantly higher than those of state-of-the-art

DCA algorithms, showing twice as much MCC as DCA for dataset D.

CoCoNet’s ability to enhance RNA contact prediction even though it has only a few free

parameters to be learned from the limited available data.
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Figure 6-6.: Average MCC at rank L for tertiary only contacts. The averages are performed

over datasets (i) all RNAs, D, top Figure (ii)RNAs whose Meff > 70.0,DH ,

middle Figure and (iii) RNAs whose Meff ≤ 70.0, DL, bottom Figure. The

MCC values of CoCoNet are significantly higher than those of state-of-the-art

DCA algorithms, showing twice as much MCC as DCA for dataset D.

6.6. Summary and conclusion

This chapter presents a new RNA contact prediction algorithm that can significantly outper-

form state-of-the-art DCA-based algorithms known to predict contacts accurately. Due to

their ability to identify correlations resulting from direct and indirect contacts in the three-
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dimensional protein and RNA structures, DCA-based algorithms have been the standard to

predict contacts from MSA. The new algorithm dubbed as CoCoNet is based on a shallow

convolutional neural network as the RNA data available to train the model is significantly

limited.

The model is based on a single convolutional layer added on top of the coevolution

layer obtained using the classical mean-field DCA algorithm. The convolutional layer has a

minimal number of free parameters that are learned from labeled data. Indeed the number

of parameters is only nine when a single 3 × 3 filter matrix is used and 98 when two 7 × 7

filter matrices are used. The small number of parameters makes sure that the parameters

are not over-fitted during training which ensures generality.

The evaluation of the model is carried out using positive predictive value (PPV)—a metric

regularly used in protein and RNA contact prediction—and the Mathews correlation coef-

ficient (MCC). By both metrics, CoCoNet significantly improves RNA contact prediction

when compared to state-of-the-art DCA algorithms that are known to accurately predict

contacts from multiple sequence alignments of protein or RNA.

The CoCoNet algorithm is written using the popular open-source Python programming

language and requires pydca[106] as a dependency. Both of CoCoNet and pydca soft-

ware implementation are freely available under the MIT license at https://github.com/KIT-

MBS/coconet and https://github.com/KIT-MBS/pydca, respectively.

https://github.com/KIT-MBS/coconet
https://github.com/KIT-MBS/coconet
https://github.com/KIT-MBS/pydca


7. RNA 3D Structure Prediction

7.1. Introduction

Computer simulation methods such as Monte-Carlo and molecular dynamics can complement

biomolecular structure prediction in general and RNA structure prediction in particular.

However, predicting biomolecular structures starting from sequences can be challenging[30,

87]. In protein simulations, supplying data obtained from experiments and statistical analysis

can aid the simulation process[78, 102]. Furthermore, using co-evolutionary information in

the form of pairs of putative contacts for RNA structure prediction has shown promising

results[23, 104].

In this chapter, co-evolutionary information extracted using the CoCoNet algorithm is as-

sessed using six selected RNAs from the dataset in Chapter 5]. In particular, RNA structure

prediction done using mfDCA and CoCoNet putaive tertiary contacts are compared to see if

the improvements seen contact prediction could translate to RNA 3D structure prediction.

The selected RNAs are (i)the thymine phyrophosphate (TPP) sensing riboswitch; PDB ID

3d2g[96]; (i) the S-adenosylmethionine (SAM-1) riboswitch, PDB ID 3gx5[64]; (iii) the vib-

rio vulnificus adenine riboswitch, PDB ID 4tzx[107]; (iv) the glycine riboswitch, PDB ID

3ox0[38]; (v) the 3’,3’-cGAMP Sensing Riboswitch, PDB ID 4yaz[80]; and (vi) the fluoride

riboswitch, PDB ID 4enc[79]. A detailed information such as about sequence length, number

of effective sequences in Rfam, etc is found in TableA-1 and TableA-2.

The chapter is organized as follows. First, the material and methods used for the RNA 3D

structure prediction are described. Then, the results are analyzed and compared. Finally, a

summary and conclusion are provided.

7.2. Materials and methods

The RNA 3D structure prediction is carried out using co-evolutionary information guided

replica-exchange Monte-Carlo simulation using the SimRNA simulation software[11]. Co-

evolutionary information is extracted using the CoCoNet algorithm. The 3D structure sim-

ulation general workflow is outlined in Fig.7-1.
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Input parameters

For the 3D structure prediction simulation, the sequence, consensus secondary structure,

and tertiary restraints are required. The consensus secondary structures are obtained from

the Rfam database[42, 41]. Tertiary constraints are obtained—as is done throughout this

thesis–by removing all secondary structure pairs and their neighbors in a 5×5 window in the

contact map from all pairs ranked by the CoCoNet algorithm. For each of the RNAs top L,

where L is the length of the sequence, contacts are taken.

The simulations are set up and performed in the SimRNA replica-exchange algorithm

protocol. The parameters are set to take the values recommended in the SimRNA software

manual. Doing so the simulation is configuration takes the values as follows: (i) initial

temperature 1.35; (ii) final temperature 0.90; (iii) bond weight 1.0; (iv) angles weight 1.0;

(v) torsional angles weight 0.0; (vi) η − θ weight 0.40. All other parameters are used with

their default value. The details about these parameters is found in[11].

The tertiary restraints are used in the form of a linear potential with a weight value

0.25[11]. The distance between nucleotide pairs is set to be using a pseudo middle-atom rep-

resenting the centers of the nucleotides of the pairs. The minimum and maximum distances

between the centers are set to be 5.5 and 10.0, respectively. When the distance between

the pseudo atoms is not in between the minimum and maximum distance, a linear potential

penalty is applied. The penalty value is the product of the constraint weight (0.25) and

the amount of violated distance. Ten replicas are used for each simulation, each simulation

running for a total number of 1.6× 107 Monte-Carlo steps. The trajectories are recorded at

every 1.6×104 steps. For each case, a total of 4000 decoys are generated. The simulations are

performed on an Intel Core-i7 8700 CPU with a clock speed of 3.20GHz and ten processors

desktop computer.

Structure ranking and selection

For each case, the 4000 decoys are ranked by energy, with the lowest energy structure taking

the highest position. Then, the top 10% are taken from all structures. The structures

are clustered using a root-mean-square deviation (RMSD) of 3.0Å. The first 20 clusters are

considered, and each cluster’s first structure is taken as a predicted structure.

Each of the 20 structures is aligned with the corresponding PDB structures. The RMSD

is computed using the Biopython software[19]. While aligning the structure, no atom is

rejected. The average RMSD of the twenty clusters and the minimum RMSD among them

are tabulated in Table7-1.
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Figure 7-1.: Figure showing the workflow diagram for RNA 3D structure prediction using

co-evolutionary information obtained by the CoCoNet algorithm and the 3D

modeling done using the SimRNA RNA modeling software. In this workflow,

nucleotide pair ranking is done by computing the co-evolutionary interaction

scores using the CoCoNet algorithm that uses multiple sequence alignment of a

target sequence with homologous sequences in the Rfam database. Then, top L

tertiary putative contacts computed relative to a secondary structure are used

as restraints in the SimRNA software.
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7.3. Results

In this section, simulation results of RNA 3D structure prediction are presented and dis-

cussed. First, the effect of constraints on RNA structure prediction using the SimRNA

software is analyzed. Then, tertiary contacts’ influence on the predicted structure accuracy

measured by RMSD is compared with respect to mean-field DCA and CoCoNet putative

tertiary contacts.

Effect of constraints on 3D structure prediction

Here I discuss the difference between simulating RNA structure using only the sequence

and when information from constraints/restraints are used on top of the sequence. Con-

straints/restraints in this context are pairs of nucleotides that are putative contacts—they

are assumed to be spatially adjacent within an RNA’s 3D structure.

Putative contacts are classified into secondary structure pairs or tertiary structure con-

tacts. In this work, secondary structure putative contacts are obtained from the consensus

secondary structure of an RNA from its family in the Rfam database[41, 42]. Tertiary pu-

tative contacts are taken from nucleotide pairs that are not secondary structure putative

contacts and not in the vicinity of a 5×5 window around a putative secondary structure

contact in the contact map.

Table 7-1 displays the average/best RMSD values obtained for the six RNA structures.

The first and second columns represent the PDB ID in the PDB database and the family

name in the Rfam database of the RNAs, respectively. The other columns (from the third

column to last) display the average and lowest RMSD values obtained from 20 clusters.

When the structures are simulated without secondary or tertiary structure putative contacts,

the RMSD of each RNA is larger than when secondary or tertiary structure information is

included. The only exception is the RNA with PDB code 4enc (belonging to RF01734). For

this RNA, the RMSD obtained using the sequence alone is comparable to when secondary or

tertiary information is supplied to SimRNA. Although the 3oX0 (RF00504) has the minimum

RMSD (10.7Å) comparable when secondary or tertiary information is supplied, the average

RMSD is still higher. These results indicate that including secondary or tertiary structure

information mainly results in better structures evaluated by RMSD.

Mean-field DCA versus CoCoNet

The last two columns in Table7-1 contain average/minimum RMSD values obtained from

20 structures when putative tertiary contacts are used from mean-field DCA, and CoCoNet

respectively. Both columns indicate that using putative tertiary contacts in general results

in improved structure prediction.

The average RMSD obtained using CoCoNet’s putative tertiary contacts is lower than

that of mfDCA’s for three of the RNAs —namely 3d2g, 3gx5, and 4yaz. The RMSD im-
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Table 7-1.: The root-mean-squared deviation (RMSD) of simulated RNA 3D structures

obtaining by aligning the simulated structures with their experimental structures

taken from the PDB database. The first and second columns label PDB IDs and

family names of the RNAs, respectively. The third, fourth, fifth, and sixth

columns contain the average/minimum RMSD values when simulations are done

using the SimRNA modeling software using (i) the sequence (ii) sequence plus

secondary structure (labeled on the table as Secondary struc.) (iii) sequence

plus secondary structure plus mfDCA tertiary contacts and (iv) sequence plus

secondary structure plus CoCoNet 3×3 tertiary contacts. The number of tertiary

contacts used is L, where L is the RNA length.

PDB ID Family Name Sequence Secondary Struc. mfDCA CoCoNet 3x3

3d2g RF00059 22.4/17.3 19.6/13.8 14.4/12.3 10.4/7.3

3gx5 RF00162 24.5/15.0 18.1/13.8 17.2/15.5 11.6/9.8

4tzx RF00167 24.9/23.4 9.1/7.3 8.3/6.8 8.7/6.8

3ox0 RF00504 20.1/10.7 16.5/12.0 12.7/11.3 13.5/9.2

4yaz RF01051 22.4/19.2 21.2/18.7 19.0/16.9 15.0/13.2

4enc RF01734 11.8/9.1 14.1/9.6 10.3/8.9 9.6/8.2

provements with respect to mfDCA are up to about 5Å. In the other three RNAs, the

average RMSD of mfDCA and CoCoNet are comparable. For instance, for the 4enc RNA,

mfDCA’s average RMSD is 10.3Å, and that of CoCoNet’s is 9.6Å. However, a comparable

result, 11.8Å, can be obtained without using secondary structure or putative tertiary con-

tacts for the same RNA. Also, for the 4tzx RNA, both algorithm’s putative contacts perform

almost the same(8.3Å vs.8.7Å). However, a comparable result of 9.1Å is obtained from the

consensus secondary structure information alone.

Among the minimum RMSD values, like the average RMSD values, CoCoNet performs

better for the three RNAs. For the 3d2g RNA, the minimum RMSD for CoCoNet and

mfDCA is 7.3Å and 12.3Å, showing an improvement by 5Å when CoCoNet putative tertiary

contacts are used. CoCoCoNet also shows an improvement close to 6Å for the 3gx5 RNA

and about 3.5Å for the 4yaz RNA. For the 4enc RNA, the minimum RMSDs are comparable

with or without secondary structure information or putative tertiary contacts.

7.4. Summary and conclusion

This chapter presented a workflow to guide RNA 3D structure prediction using co-evolutionary

information. In particular, six RNAs were selected to test the new RNA contact prediction
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(A) 3d2g, chain A

(B) 3gx5, chain A

(C) 4enc, chain A

(D) 3oX0, chain A

(E) 4tzx, chain X

(F) 4yaz, chain A

Figure 7-2.: Figure showing the alignment of predicted structures(in red) with the corre-

sponding structures obtained from the PDB database(in green). The predicted

structures are obtained using top L tertiary restraints of CoCoNet 3×3 algo-

rithm plus consensus secondary structure from the Rfam database. The struc-

tures are rendered using the open-source version of PyMol[86]. No atom is

rejected while aligning the structures.

algorithm CoCoCoNet. To this end, 4000 decoys of RNAs were generated using the SimRNA

software[11], which is a coarse-grained replica-exchange Monte-Carlo molecular modeling

software. The simulations were performed using (i) the RNA sequence alone (ii) the RNA

sequence and the consensus secondary structure from Rfam[42] (iii) the RNA sequence, con-

sensus secondary structure, and top L putative tertiary contacts obtained using mean-field

DCA and (iv) the RNA sequence, consensus secondary structure, and top L putative tertiary
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contacts obtained using CoCoNet.

Among the 4000 decoys, 10% of the lowest energy structures were taken for further

analysis. These decoys were clustered using a root-mean-square deviation (RMSD) cut-off

value 3Å. The lowest energy structure from twenty clusters is taken, and the RMSD with

respect to the RNA structures from the PDB database is computed.

On average, CoCoNet 3×3 putative tertiary contacts result in lower RMSD than mean-

field DCA’s for three of the six RNAs. For the other three RNAs, both of these algorithms’

putative tertiary contacts result in comparable RMSD. However, in these cases, comparable

RMSD is also obtained using either the sequence alone or sequence plus consensus secondary

structure.

The average RMSD is still high, particularly compared to in the corresponding field of

protein structure prediction. Co-evolutionary information in the form of putative contacts

has been successful, resulting in protein structure predictions at experimental resolution. For

the workflow presented in this thesis, several parameters can be tuned and optimized, such as

tuning restraints potential parameters or combining different potentials within the SimRNA

software. Also, using an accurately predicted secondary instead of taking the consensus

secondary structure could result in lower RMSD.



8. Summary and Outlook

One of the primary goals of molecular biology is to understand the structure and function of

biomolecules. Ribonucleic acids (RNA) are one of the key players for cellar activities. Often,

their structure is related to their function. However, resolving RNAs’ structure is an arduous

task—the RNA molecule is exceptionally flexible. Although many RNAs are sequenced, the

vast majority lack the corresponding three-dimensional (3D) structure.

In the last decade, statistical models based on global probability models, collectively

known as direct coupling analysis (DCA), helped to accurately predict protein structure,

reaching experimental resolutions[62, 88]. Recently, DCA has been started to be applied for

RNA 3D structure prediction[23, 104]. However, the success of DCA for predicting spatially

adjacent nucleotide pairs with the ultimate goal of using them for 3D structure predictions

remains limited compared to the corresponding field of protein 3D structure prediction[77].

This chapter highlights my contribution to RNA 3D structure prediction and provides an

outlook for future improvements.

8.1. Summary

One of my contributions in this work is to provide a light-weight, easy-to-use, and stand-alone

open-source software to the field of protein and RNA contact prediction. I have implemented

two popular DCA algorithms into computer software and made them freely accessible un-

der the MIT License. The software implements mean-field (mfDCA) and pseudo-likelihood

maximization (plmDCA) DCA algorithms. The mfDCA algorithm is very efficient and is

fast compared to the plmDCA algorithm. The plmDCA can result in relatively better ac-

curacy for protein contact prediction. The software is implemented mainly in the Python

programming language. However, the computationally costly algorithm in the plmDCA are

optimized and implemented using the C and C++ programming languages. Nevertheless,

the user interface is entirely accessible using Python programming. It allows the seam-

less integration of the software with other machine learning algorithms available as Python

libraries.

The second step in this work was to assess DCA-based algorithms’ performance for RNA

contact prediction. To this end, a set of about sixty RNAs that have a high-resolution

3D structure in the PDB database were gathered. The RNA contact prediction is carried

out using several DCA-based algorithms—mean-field DCA (mfDCA) and pseudo-likelihood
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maximization DCA (plmDCA), Boltzmann learning, and PSICOV which is a sparse penal-

ized maximum likelihood estimator. For overall contact prediction, all but PSICOV perform

on average, almost the same for any number of putative contact nucleotide pairs. Only

PSICOV’s positive predictive value (PPV) slightly less than the rest of the algorithms. For

tertiary contact prediction, plmDCA and Boltzmann learning algorithms tend to be more

accurate for the first ten putative contacts. However, the number of putative contacts in

RNAs depends on the size of the RNA molecule. Generally, when the length of the RNA

sequence is considerable, the number of contacts becomes significant. Consequently, long

RNAs tend to lead to a large PPV value for a fixed number of contacts than shorter ones.

The standard number of contacts is taken to scale with the length (L) of the RNA. It avoids

over-estimation in PPV for large RNAs when a fixed number of contacts are taken. Taking L

predicted contacts, the algorithms show no significant variation in PPV for both all contact

types and tertiary only contacts.

A new method based on a combination of DCA and convolutional neural networks (CNN)

is developed to predict RNA contacts more accurately. To avoid over-fitting due to limited

RNA training data and enable generality of the model, the convolution layer is restricted

to a single layer to keep the number of parameters low. Despite this restriction, the new

model dubbed as CoCoNet significantly improves the number of true positives leading to an

increment of PPV by up to 70% compared to the classic mfDCA algorithm. PPV is not a

biased measure for contacts prediction—the number of possible pairs of an RNA scales with

its length as L2, but the actual number of contacts is a fraction of this number. However,

the performance of CoCoNet is also compared with state-of-the-art DCA algorithms using

Mathews correlation coefficient (MCC) as a metric. CoCoNet significantly outperforms the

DCA algorithms when compared by MCC too.

The other task performed in this thesis is to evaluate CoCoNet’s performance for RNA

3D contact prediction, i.e., using CoCoNet predicted putative contacts as inputs to molec-

ular modeling software. To this end, the SimRNA[11] is based on a coarse-grained replica-

exchange Monte-Carlo algorithm, is used to predict the structure of six RNAs. Root mean-

square deviation (RMSD) is used as a metric to evaluate 3D RNA structure prediction accu-

racy. The simulations were carried out using consensus secondary structure obtained from

Rfam[42] plus top L tertiary putative contacts obtained either from CoCoNet or mfDCA.

For comparing the results, simulations using the sequence and sequence plus consensus sec-

ondary structure were also performed. In three of the six RNAs, CoCoNet predicted putative

tertiary contacts result in, on average least RMSD with respect to the RNAs’ experimental

PDB structure. On the other three RNAs, the performance of mfDCA and CoCoNet is com-

parable; nevertheless, a comparable performance for these three RNAs can also be obtained

using either the sequence alone or the sequence plus the consensus secondary structure.

The RMSD is still large, particularly when compared to the corresponding field of protein

structure prediction.
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8.2. Outlook

Here, I would like to point out future works that need focus to improve RNA contact predic-

tion with the ultimate goal of reaching high-resolution 3D RNA structure through molecular

modeling.

First, the application of state-of-the-art DCA algorithms indicates that while the algo-

rithms can accurately predict pairs of nucleotides from multiple sequence alignments (MSA),

pairs that show strong co-evolution tend to be secondary structure base-pairs. However,

RNA 3D structure is usually stabilized by long-range tertiary contacts. The tertiary con-

tacts, however, show weaker co-evolutionary signals compared to the secondary structure

pairs. The problem may be solved by developing MSA algorithms that enhance tertiary

structure nucleotide pairs.

The other area that can be explored to improve RNA contact prediction is applying

machine learning methods to enhance tertiary contact prediction. For instance, although

CoCoNet shows significant improvement in this area compared to state-of-the-art DCA al-

gorithms, parts of the model can further be improved to increase its ability to learn complex

contact patterns without increasing the number of free parameters. For instance, systematic

investigation adding non-linearities to the convolutional layer; using only 3×3 filter matrices,

but increasing the depth of the network; or using other machine learning methods to clas-

sify RNA contact maps of secondary structure and tertiary structure patterns; may further

improve contact prediction accuracy and approach the theoretical limit.

Some suggestions can be listed to improve the 3D structure prediction guided by co-

evolving nucleotide pairs. First, the parameters associated with molecular modeling tools

need to be tuned and rigorously investigated to understand the RNA folding further. Second,

a combination of putative contacts from both DCA and CoCoNet could be used instead

of only using either the algorithms’ putative contacts. DCA has its strengths, such as

predicting relatively uniformly distributed contacts across the contact map, but it is less

accurate than CoCoNet. On the other hand, CoCoNet predicted contacts tend to cluster

at a specific place on the contact map, which is less accurate when using only a fraction of

top L putative tertiary contacts. A systematic combination of putative contacts from both

DCA and CoCoNet that includes both algorithms’ strengths might help improve RNA 3D

structure folding.

With the rapid growth of sequence data, the advent of sophisticated machine learning

algorithms, and the power of high-performance computing, the field of RNA structure pre-

diction has a promising future. It can lead to practical applications beyond basic research,

such as to design drugs. A case in point, some of the most successful Covid-19 virus vaccines

are RNA-based.



A. RNA Dataset Description

Table A-1.: Table showing the dataset of RNA used in our analysis. The second column is

the RNA type. The third column contains the family in Rfam the RNA belongs.

The fourth column refers to the PDB code in the PDB database. The fifth is

the resolution (in Å) of the PDB structure. The sixth is column contains the

sequence length of the RNA. The seventh is the BIT score for multiple sequence

alignment, and the last column is the number of effective sequences in the family.

No. RNA Type Family PDB

Code

Resolu-

tion

(Å)

Length BIT

Score

Meff

1 7SK RNA RF00100 5lys 2.32 57 47.300 1679.745

2 Lysine riboswitch RF00168 3dil 1.9 174 103.100 1455.511

3 Ribonuclease P RF00010 1u9s 2.9 155 114.400 1285.282

4 TPP riboswitch RF00059 3d2g 2.25 77 61.000 1241.931

5 ydao riboswitch RF00379 4qln 2.65 117 85.500 998.938

6 Domain II of

glycine riboswitch

RF00504 3ox0 3.05 87 64.600 847.594

7 P4-P6 RNA Ri-

bozyme domain

RF00028 1gid 2.5 158 40.800 799.302

8 GlmS ribozyme RF00234 2h0s 2.35 125 74.800 603.709

9 3’,3’-cGAMP

riboswitch

RF01051 4yaz 2 84 49.300 583.357

10 Phe-tRNA RF00005 1ehz 1.93 76 65.600 461.009

11 Adenine Ri-

boswitch

RF00167 4tzx 2 71 59.400 458.874

12 YkoY riboswitch RF00080 6cb3 1.89 101 39.000 409.471

13 c-di-GMP-II ri-

boswitch

RF01786 3q3z 2.51 75 63.300 372.130

14 SAM-I riboswitch RF00162 3gx5 2.4 94 85.300 322.101

15 7S.S SRP RF00169 1z43 2.6 101 42.300 281.462

16 Sec-tRNA RF01852 3rg5 2 86 80.500 268.101
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17 group II intron, do-

main 1

RF02001 4y1o 2.95 258 114.400 248.274

18 Fluoride riboswitch RF01734 4enc 2.27 52 37.700 222.076

19 SAM-I/IV variant

riboswitch aptamer

RF01725 4l81 2.95 96 40.400 210.969

20 THF riboswitch RF01831 4lvv 2.1 89 67.500 187.739

21 SRP Alu domain RF01854 4wfl 2.49 107 90.400 176.994

22 Ribonuclease P RF00011 1nbs 3.15 120 94.000 157.580

23 ZMP riboswitch RF01750 4xwf 1.8 64 40.800 130.655

24 23S Ribosomal

RNA

RF02540 1ffz 3.2 497 518.800 120.116

25 M-box Riboswitch RF00380 3pdr 1.85 161 139.600 119.645

26 NiCo transition-

metal riboswitch

RF02683 4rum 2.65 93 60.200 117.035

27 FMN Riboswitch RF00050 3f2q 2.95 108 101.700 104.843

28 YrlA effector-

binding module

RF02553 6cu1 3 80 55.000 91.370

29 Cobalamin ri-

boswitch aptamer

domain

RF01689 4frg 2.95 84 53.200 62.800

30 Hammerhead

Ribozyme

RF00163 3zp8 1.5 43 27.600 59.045

31 ai5g group II Self-

splicing intron

RF00029 1kxk 3 70 44.900 50.960

32 HDV ribozyme RF02682 3nkb 1.9 64 22.300 40.976

33 ykkC riboswitch RF00442 5u3g 2.3 85 68.900 33.886

34 Native pistol

ribozyme

RF02679 5k7d 2.68 47 33.800 32.373

35 Myotonic Dystro-

phy Type 2

RF02695 4k27 2.35 55 7.100 32.000

36 mRNA for the coat

protein

RF00233 4p5j 1.99 86 94.200 16.221

37 preQ1 riboswitch RF01054 4jf2 2.28 77 35.000 14.558

38 Ribosomal Binding

Domain of the

IRES RNA

RF00458 2il9 3.1 135 72.700 14.000

39 SAM-III Ri-

boswitch

RF01767 3e5c 2.25 53 42.400 13.621
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40 Distal Stem I re-

gion of the glyQS T

box leader RNA

RF02447 4jrc 2.67 57 9.900 6.771

41 2’- Deoxyguanosine

riboswitch

RF01510 3slq 2.5 68 81.200 6.643

42 Guanidine III ri-

boswitch

RF01763 5nwq 1.91 41 50.900 5.059

43 Xrn1-resistant RF01415 4pqv 2.46 68 48.300 4.862

44 RES pseudoknot

domain

RF00061 3t4b 3.55 84 42.500 3.609

45 s2m RNA RF00164 1xjr 2.7 47 65.100 3.293

46 Lariat capping ri-

bozyme

RF01807 4p95 2.5 189 81.200 3.164

47 metY SAM-V ri-

boswitch

RF01826 6fz0 2.5 48 44.400 2.806

48 PreQ1-III Ri-

boswitch

RF02680 4rzd 2.75 99 106.800 2.602

49 Ligase Ribozyme RF03017 2oiu 2.6 71 9.700 2.004

50 Ribozyme RF02927 4r4v 3.07 186 11.300 2.000

51 ASH1 mRNA RF00606 5m0h 2.65 42 6.800 2.000

52 OMe substituted

twister ribozyme

RF00921 5dun 2.64 54 9.600 2.000

53 Prohead RNA RF00044 3r4f 3.5 66 34.100 2.000

54 Twister Ribozyme RF02681 5t5a 2 62 18.800 2.000

55 Core ENE hairpin

and A-rich tract

from MALAT1

RF02266 4plx 3.1 76 18.300 2.000

56 iSpinach aptamer RF01300 5ob3 2 69 8.800 2.000

57 5-

hydroxytryptophan

aptamer

RF01982 5kpy 2 71 8.000 2.000

Table A-2.: Table showing the RNA dataset with the number of PDB contacts annotated

for contact distance cut-off value 10Å.

� Family Name PDB ID Meff Length �All Contacts �Tertiary Contacts

1 RF00100 5lys 1679.745 57 254 88

2 RF00168 3dil 1455.511 174 1036 556

3 RF00010 1u9s 1285.282 155 854 466
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4 RF00059 3d2g 1241.931 77 417 243

5 RF00379 4qln 998.938 117 549 300

6 RF00504 3ox0 847.594 87 442 209

7 RF00028 1gid 799.302 158 951 513

8 RF00234 2h0s 603.709 125 687 484

9 RF01051 4yaz 583.357 84 429 215

10 RF00005 1ehz 461.009 76 370 190

11 RF00167 4tzx 458.874 71 382 199

12 RF00080 6cb3 409.471 101 509 243

13 RF01786 3q3z 372.130 75 363 222

14 RF00162 3gx5 322.101 94 509 273

15 RF00169 1z43 281.462 101 512 248

16 RF01852 3rg5 268.101 86 398 176

17 RF02001 4y1o 248.274 258 1516 878

18 RF01734 4enc 222.076 52 209 128

19 RF01725 4l81 210.969 96 483 277

20 RF01831 4lvv 187.739 89 486 269

21 RF01854 4wfl 176.994 107 562 323

22 RF00011 1nbs 157.580 120 662 414

23 RF01750 4xwf 130.655 64 232 85

24 RF02540 1ffz 120.116 497 3139 1937

25 RF00380 3pdr 119.645 161 1088 663

26 RF02683 4rum 117.035 93 406 155

27 RF00050 3f2q 104.843 108 650 405

28 RF02553 6cu1 91.370 80 393 180

29 RF01689 4frg 62.800 84 438 246

30 RF00163 3zp8 59.045 43 131 88

31 RF00029 1kxk 50.960 70 252 66

32 RF02682 3nkb 40.976 64 295 159

33 RF00442 5u3g 33.886 85 429 225

34 RF02679 5k7d 32.373 47 203 150

35 RF02695 4k27 32.000 55 210 54

36 RF00233 4p5j 16.221 86 463 275

37 RF01054 4jf2 14.558 77 391 233

38 RF00458 2il9 14.000 135 521 315

39 RF01767 3e5c 13.621 53 212 84

40 RF02447 4jrc 6.771 57 283 143

41 RF01510 3slq 6.643 68 363 178
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42 RF01763 5nwq 5.059 41 212 146

43 RF01415 4pqv 4.862 68 296 142

44 RF00061 3t4b 3.609 84 341 139

45 RF00164 1xjr 3.293 47 221 75

46 RF01807 4p95 3.164 189 1145 702

47 RF01826 6fz0 2.806 48 218 156

48 RF02680 4rzd 2.602 99 415 210

49 RF03017 2oiu 2.004 71 224 64

50 RF02927 4r4v 2.000 186 825 326

51 RF00606 5m0h 2.000 42 140 29

52 RF00921 5dun 2.000 54 313 200

53 RF00044 3r4f 2.000 66 213 54

54 RF02681 5t5a 2.000 62 322 150

55 RF02266 4plx 2.000 76 412 287

56 RF01300 5ob3 2.000 69 319 138

57 RF01982 5kpy 2.000 71 346 211



B. Mathematical Details Related to

DCA

Recall that the marginal probability for single-site pairs is given by

pi(ai) =
∑
{ak|k 6=i}

p(a1, a2, ..., aL) (B-1)

where p(a1, a2, ..., aL) is given by

p(a1, ..., aL) =
1

Z
exp

(∑
i<j

Jij(ai, aj) +
∑
i

hi(ai)

)
. (B-2)

The partition function Z is written as

Z =
∑
{ak}

exp

(∑
i<j

Jij(ai, aj) +
∑
i

hi(ai)

)
. (B-3)

Computing ∂Z
∂hi(ai)

∂Z

∂hl(bl)
=
∑
{ak}

exp

(∑
i<j

Jij(ai, aj) +
∑
i

hi(ai)

)∑
i

∂hi(ai)

∂hl(bl)

=
∑
{ak}

exp

(∑
i<j

Jij(ai, aj) +
∑
i

hi(ai)

)∑
i

δl,iδbl,ai

=
∑
{ak}

∑
i

exp

(∑
i<j

Jij(ai, aj) +
∑
i

hi(ai)

)
δl,iδbl,ai

=
∑
{ak}

exp

(∑
l<j

Jlj(al, aj) +
∑
l

hl(al)

)
δbl,al

=
∑
{ak|k 6=l}

∑
al

exp

(∑
l<j

Jlj(al, aj) +
∑
l

hl(al)

)
δbl,al

=
∑
{ak|k 6=l}

exp

(∑
l<j

Jlj(bl, aj) +
∑
l

hl(bl)

)
= Zpl(bl).

(B-4)
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Computing ∂2Z
∂hi(ai)∂hj(aj)

Starting from the result of ∂Z
∂hi(ai)

∂2Z

∂hl(bl)∂hm(cm)
=

∂

∂hm(cm)

∑
{ak|k 6=l}

exp

(∑
l<j

Jlj(bl, aj) +
∑
l

hl(bl)

)

=
∑
{ak|k 6=l}

exp

(∑
l<j

Jlj(bl, aj) +
∑
l

hl(bl)

)∑
l

∂hl(bl)

∂hm(cm)

=
∑
{ak|k 6=l}

exp

(∑
l<j

Jlj(bl, aj) +
∑
l

hl(bl)

)∑
l

δl,mδcm,bl

=
∑
{ak|k 6=l}

∑
l

exp

(∑
l<j

Jlj(bl, aj) +
∑
l

hl(bl)

)
δl,mδcm,bl

=
∑
{ak|k 6=l}

exp

(∑
m<j

Jmj(bm, aj) +
∑
m

hm(bm)

)
δcm,bm

=
∑

{ak|k 6=l,m}

∑
cm

exp

(∑
m<j

Jmj(bm, aj) +
∑
m

hm(bm)

)
δcm,bm

=
∑

{ak|k 6=l,m}

exp

(∑
m<j

Jmj(cm, aj) +
∑
m

hm(cm)

)
= Zplm(bl, cm)

(B-5)

Computing ∂2 lnZ
∂hi(ai)∂hj(aj)

∂2 lnZ

∂hi(ai)∂hj(aj)
=

∂

∂hi(ai)

(
1

Z

∂Z

∂hj(aj)

)
= − 1

Z2

∂Z

∂hi(ai)

∂Z

∂hj(aj)
+

1

Z

∂2Z

∂hi(ai)∂hj(aj)

= pij(ai, aj)− pi(ai)pj(aj)

(B-6)

Legendre transformation

Now we rewrite the global probability model as

p(a1, ..., aL) =
1

Z
exp

(
α
∑
i<j

Ji,j(ai, aj) +
∑
i

hi(ai)

)
, (B-7)
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with a new hamiltonian that depends on the paramter α. The free energy for this hamiltonian

is

F = − lnZα, (B-8)

where

Zα =
∑
{ai}

exp

(
α
∑
i<j

Ji,j(ai, aj) +
∑
i

hi(ai)

)
. (B-9)

The free energy F depends on couplings and fields as well as the parameter α. We want to

eliminate the dependency on the fields. Using Legendre transformation, we write

G = F −
∑
i

q−1∑
ai=1

hi(ai)
∂F

∂hi(ai)
. (B-10)

The summation
∑q−1

ai=1 runs until q−1 to indicates that gap states are excluded. The partial

derivate of F with respect to fields is given by

∂F

∂hl(bl)
=
∂(− lnZ)

∂hl(bl)

= − 1

Z

∂Z

∂hl(bl)

= −pl(bl).

(B-11)

In the last step of equation B-11 we have used the result of equation B-4. Now the Gibbs

free energy takes the form

G = F +
∑
i

q−1∑
ai=1

hi(ai)pi(ai). (B-12)

As a result of Legendre transformation the Gibbs free energy depends on single-site prob-

abilities instead of fields in additon to the couplings and the parameter α. Considering

G = G({Jij(ai, aj), pi(ai)}), the total derivative of G is

dG =
∑
i<j

∑
ai,aj

∂G
∂Jij(ai, aj)

dJij(ai, aj) +
∑
i

∑
ai

∂G
∂pi(ai)

dpi(ai). (B-13)



94 B Mathematical Details Related to DCA

The corresponding expression from equation B-12 is

dG = dF +
∑
i

q−1∑
ai=1

[hi(ai)dpi(ai) + pi(ai)dhi(ai)]

=
∑
i<j

∑
ai,aj

∂F
∂Jij(ai, aj)

dJij(ai, aj) +
∑
i

∑
ai

∂F
∂hi(ai)

dhi(ai) +
∑
i

q−1∑
ai=1

[hi(ai)dpi(ai) + pi(ai)dhi(ai)]

=
∑
i<j

∑
ai,aj

∂F
∂Jij(ai, aj)

dJij(ai, aj)−
∑
i

∑
ai

pi(ai)dhi(ai) +
∑
i

q−1∑
ai=1

[hi(ai)dpi(ai) + pi(ai)dhi(ai)]

=
∑
i<j

∑
ai,aj

∂F
∂Jij(ai, aj)

dJij(ai, aj) +
∑
i

q−1∑
ai=1

hi(ai)dpi(ai).

(B-14)

Comparting equations B-13 and B-14 we see that

hi(ai) =
∂G

∂pi(ai)
(B-15)

Small coupling expansion and mean-field approximation

Expanding G in powers of α upto linear order we write,

G(α) = G(0) +
∂G
∂α

∣∣∣
α=0

α +O(α2). (B-16)

At α = 0 there is no site-pair interaction. In addition, the Legendre transformation has

removed the contribution of the fields. This implies that G(0) has contribution from the

(negative) entropy which can be expressed in terms of single-site probabilities as

G(0) =
∑
i

q∑
ai=1

pi(ai) ln pi(ai)

=
∑
i

q−1∑
ai=1

pi(ai) ln pi(ai) +
∑
i

pi(q) ln pi(q)

=
∑
i

q−1∑
ai=1

pi(ai) ln pi(ai) +
∑
i

[1−
q−1∑
ai=1

pi(ai)] ln[1−
q−1∑
ai=1

pi(ai)].

(B-17)

In the last line of equation B-17 we have used the normalization condition for single-site

probabilities
∑q

ai=1 pi(ai) = 1. The partial derivative of G with respect to α is

∂G
∂α

=
∂Fα
∂α

+
∑
i

∑
ai

pi(ai)
∂hi(ai)

∂α

= − 1

Zα

∂Zα
∂α

+
∑
i

∑
ai

pi(ai)
∂hi(ai)

∂α
.

(B-18)
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Let us compute ∂Zα
∂α

for equation B-18

∂Zα
∂α

=
∂

∂α

∑
{ai}

exp[α
∑
i<j

Jij(ai, aj) +
∑
i

hi(ai)]

=
∑
{ai}

(
exp[α

∑
i<j

Jij(ai, aj) +
∑
i

hi(ai)][
∑
i<j

Jij(ai, aj)]

) (B-19)

Substituting equation B-19 in to equation B-18 we get

∂G
∂α

= −

〈∑
i<j

Jij(ai, aj)

〉
α

, (B-20)

i.e., the partial derivative of G with respect to α is proportional to the average of the couplings

over the distribution whose partition function is Zα. When α = 0 the averaging can be done

using the independent two-site joint probabilities as

∂G

∂α

∣∣∣
α=0

= −
∑
i<j

q−1∑
ai=1

q−1∑
aj=1

Jij(ai, aj)pi(ai)pj(aj). (B-21)

Note that the summations in equation B-21 run up to q − 1 since the couplings involving q

are zero due to gauge fixation. Next we compute the partial derivatives of the Gibbs free

energy with respect to single site probabilities.

Computing ∂G
∂pi(ai)

Lets compute ∂G(0)
∂pi(ai)

first term by term.

First term

∂

∂pk(bk)

∑
i

q−1∑
ai=1

pi(ai) ln pi(ai) =
∑
i

q−1∑
ai=1

[ln pi(ai) + 1]δi,kδai,bk

=
∑
i

[ln pi(bk) + 1]δi,k

= ln pk(bk) + 1

(B-22)

Second term

∂

∂pk(bk)

∑
i

[1−
q−1∑
ai=1

pi(ai)] ln[1−
q−1∑
ai=1

pi(ai)] = −
∑
i

q−1∑
ai=1

[ln[1−
q−1∑
ai=1

pi(ai)] + 1]δi,kδai,bk

= −
∑
k

[ln[1−
q−1∑
bk=1

pi(bk)] + 1]δi,k

= − ln

(
1−

q−1∑
bk=1

pk(bk)

)
− 1 = − ln pk(q)− 1

(B-23)
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Next we compute the partial derivative of ∂G
∂α

∣∣∣
α=0

with respect to single-site probabilities.

∂

∂pk(bk)

(
∂G
∂α

∣∣∣
α=0

)
= − ∂

∂pk(bk)

∑
i<j

q−1∑
ai=1

q−1∑
aj=1

Jij(ai, aj)pi(ai)pj(aj)


= −

∑
i<j

q−1∑
ai=1

q−1∑
aj=1

Jij(ai, aj)[pj(aj)δi,kδai,bk + pi(ai)δj,kδaj ,bk ]

= −
∑
i<j

 q−1∑
aj=1

Jij(bk, aj)pj(aj)δi,k +

q−1∑
ai=1

Jij(ai, bk)pi(ai)δj,k


= −1

2

∑
i

∑
j 6=i

 q−1∑
aj=1

Jij(bk, aj)pj(aj)δi,k +

q−1∑
ai=1

Jij(ai, bk)pi(ai)δj,k


= −1

2

∑
j 6=k

q−1∑
aj=1

Jkj(bk, aj)pj(aj) +
∑
i 6=k

q−1∑
ai=1

Jik(ai, bk)pi(ai)


= −1

2

∑
j 6=k

q−1∑
aj=1

Jkj(bk, aj)pj(aj) +
∑
i 6=k

q−1∑
ai=1

Jki(bk, ai)pi(ai)


= −1

2

∑
j 6=k

q−1∑
aj=1

Jkj(bk, aj)pj(aj) +
∑
j 6=k

q−1∑
aj=1

Jkj(bk, aj)pi(aj)


= −

∑
j 6=k

q−1∑
aj=1

Jkj(bk, aj)pj(aj).

(B-24)

In equation B-24 we have used the fact that Jij(ai, aj) = Jji(aj, ai). Combining the results

of equations B-22, B-23 and B-24 we have

hk(bk) =
∂G

∂pk(bk)
= ln pk(bk)− ln pk(q)−

∑
j 6=k

q−1∑
aj=1

Jkj(bk, aj)pj(aj)

= ln
pk(bk)

pk(q)
−
∑
j 6=k

q−1∑
aj=1

Jkj(bk, aj)pj(aj).

(B-25)

Solving for single site-probabilities, a self-consistent equation is obtained as

pk(bk)

pk(q)
= exp

hk(bk) +
∑
j 6=k

q−1∑
aj=1

Jkj(bk, aj)pj(aj)

 (B-26)



97

Computing ∂2G
∂pi(ai)∂pj(aj)

Using the result of hai = ∂G
∂pi(ai)

,

∂2G
∂pk(bk)∂pl(cl)

=
∂

∂pl(cl)

ln pk(bk) + ln[1−
q−1∑
bk=1

pk(bk)]−
∑
j 6=k

q−1∑
aj=1

Jkj(bk, aj)pj(aj)


=
δk,lδbk,cl
pk(bk)

−
q−1∑
bk=1

δk,lδbk,cl
pk(q)

−
∑
j 6=k

q−1∑
aj=1

Jkj(bk, aj)δj,lδaj ,cl

=
δk,lδbk,cl
pk(bk)

− δk,l
pk(q)

−
∑
j 6=k

Jkj(bk, cl)δj,l

=
δk,lδbk,cl
pk(bk)

− δk,l
pk(q)

− Jkl(bk, cl)

(B-27)

The correlation is related to the Gibbs free energy as

∂hi(ai)

∂pi(ai)
=

∂2G
∂pi(ai)∂pj(aj)

= C−1ij (ai, aj) (B-28)

From which we get

C−1ij (ai, aj) =
δi,jδai,aj
pi(ai)

− δi,j
pi(q)

− Jij(ai, aj) (B-29)

For i = j the couplings are zero by definition (no self interaction). The correlation then

becomes

C−1ii (ai, bi) =
δai,bi
pi(ai)

− 1

pi(q)
(B-30)

For j 6= i the correlation is

C−1ij (ai, aj) = −Jij(ai, aj) (B-31)

Pseudo-likelihood maximization

Gradients of the objective function

Consider the objective function give by

log l({hi(am)}, {Jij(am, amj )}) =
M∑
m=1

L∑
i=1

hi(am) +
L∑

i=1|i 6=j

Jij(a
m, amj )− lnZmi

 . (B-32)



98 B Mathematical Details Related to DCA

∂ log l({hi(am)}, {Jij(am, amj )})
∂hk(bn)

=
M∑
m=1

L∑
i=1

(
δikδam,bn −

∂ lnZmi
∂hk(bn)

)

=
M∑
m=1

δam,b −
M∑
m=1

L∑
i=1

∂ lnZmi
∂hk(bn)

=
M∑
m=1

δam,b −
M∑
m=1

L∑
i=1

1

Zmi
∂Zmi
∂hk(bn)

(B-33)

Lets compute
∂Zmi
∂hk(b)

∂Zmi
∂hk(b)

=
∂

∂hk(b)

L∑
am=1

exp

hi(am) +
L∑

j=1|j 6=i

Jij(a
m, amj )


=

L∑
am=1

exp

hi(am) +
L∑

j=1|j 6=i

Jij(a
m, amj )

 δikδam,b

= exp

hi(b) +
L∑

j=1|j 6=i

Jij(b, a
m
j )

 δik

(B-34)

It follows that

∂ log l({hi(am)}, {Jij(am, amj )})
∂hk(b)

=
M∑
m=1

δam,b −
M∑
m=1

L∑
i=1

1

Zmi
exp

hi(b) +
L∑

j=1|j 6=i

Jij(b, a
m
j )

 δik

M∑
m=1

δam,b −
M∑
m=1

1

Zmk
exp

hk(b) +
L∑

j=1|j 6=k

Jkj(b, a
m
j )


=

M∑
m=1

(δam,b − pmk (b))

(B-35)

Now we compute the gradient of log l({hi(am)}, {Jij(am, amj )}) with respect to couplings.

∂ log l({hi(am)}, {Jij(am, amj )})
∂Jkl(a, b)

=
M∑
m=1

L∑
i=1

 L∑
j=1|j 6=i

δi,kδj,lδam,aδamj ,b −
∂ lnZmi
∂Jkl(a, b)


=

M∑
m=1

L∑
i=1|i 6=l

δi,kδam,aδaml ,b −
m∑
m=1

L∑
i=1

1

Zmi
∂Zmi

∂Jkl(a, b)

(B-36)
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Let us compute
∂Zmi

∂Jkl(a,b)
.

∂Zmi
∂Jkl(a, b)

=
∂

∂Jkl(a, b)

q∑
am=1

exp

hi(am) +
∑

j=1|j 6=i

Jij(a
m, amj )


=

q∑
am=1

exp

hi(am) +
∑

j=1|j 6=i

Jij(a
m, amj )

 ∑
j=1|j 6=i

δikδjlδam,aδamj ,b

= exp

hi(a) +
∑

j=1|j 6=i

Jij(a, a
m
j )

 δikδaml ,b

(B-37)

It follows that

∂ log l({hi(am)}, {Jij(am, amj )})
∂Jkl(a, b)

=
M∑
m=1

δam,aδaml ,b−

M∑
m=1

L∑
i=1

1

Zmi
exp

hi(a) +
∑

j=1|j 6=i

Jij(a, a
m
j )

 δikδaml ,b

=
M∑
m=1

δam,aδaml ,b −
M∑
m=1

1

Zmk
exp

hk(a) +
∑

j=1|j 6=k

Jkj(a, a
m
j )

 δaml ,b

=
M∑
m=1

(
δam,aδaml ,b − p

m
k (a)δaml ,b

)
=

M∑
m=1

(δam,a − pmk (a))δaml ,b

(B-38)
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José N.: Elucidating the druggable interface of protein-protein interactions using frag-

ment docking and coevolutionary analysis. In: Proceedings of the National Academy

of Sciences 113 (2016), Nr. 50, S. E8051–E8058. – ISSN 0027–8424

[9] Balakrishnan, Sivaraman ; Kamisetty, Hetunandan ; Carbonell, Jaime G. ;

Lee, Su-In ; Langmead, Christopher J.: Learning generative models for protein fold

families. In: Proteins: Structure, Function, and Bioinformatics 79 (2011), Nr. 4, S.

1061–1078

[10] Baldassi, Carlo ; Zamparo, Marco ; Feinauer, Christoph ; Procaccini, Andrea

; Zecchina, Riccardo ; Weigt, Martin ; Pagnani, Andrea: Fast and Accurate

Multivariate Gaussian Modeling of Protein Families: Predicting Residue Contacts and

Protein-Interaction Partners. In: PLOS ONE 9 (2014), 03, Nr. 3, S. 1–12

[11] Boniecki, Michal J. ; Lach, Grzegorz ; Dawson, Wayne K. ; Tomala, Konrad ;

Lukasz, Pawel ; Soltysinski, Tomasz ; Rother, Kristian M. ; Bujnicki, Janusz M.:

SimRNA: a coarse-grained method for RNA folding simulations and 3D structure pre-

diction. In: Nucleic Acids Research 44 (2015), 12, Nr. 7, S. e63–e63. – ISSN 0305–1048

[12] Boureau, Y. Lan ; Ponce, Jean ; Lecun, Yann: A theoretical analysis of fea-

ture pooling in visual recognition. In: ICML 2010 - Proceedings, 27th International

Conference on Machine Learning, 2010 (ICML 2010 - Proceedings, 27th Interna-

tional Conference on Machine Learning). – 27th International Conference on Machine

Learning, ICML 2010 ; Conference date: 21-06-2010 Through 25-06-2010. – ISBN

9781605589077, S. 111–118

[13] Byron, Olwyn ; Gilbert, Robert J.: Neutron scattering: good news for biotech-

nology. In: Current Opinion in Biotechnology 11 (2000), Nr. 1, S. 72–80. – ISSN

0958–1669

[14] Castel, Stephane E. ; Martienssen, Robert A.: RNA interference in the nucleus:

roles for small RNAs in transcription, epigenetics and beyond. In: Nature Reviews

Genetics 14 (2013), Feb, Nr. 2, S. 100–112. – ISSN 1471–0064

[15] Cate, Jamie H. ; Doudna, Jennifer A.: [12] Solving large RNA structures by X-ray

crystallography. In: RNA - Ligand Interactions, Part A Bd. 317. Academic Press,

2000. – ISSN 0076–6879, S. 169–180
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Virtanen, Pauli ; Cournapeau, David ; Wieser, Eric ; Taylor, Julian ; Berg, Se-

bastian ; Smith, Nathaniel J. ; Kern, Robert ; Picus, Matti ; Hoyer, Stephan ; van

Kerkwijk, Marten H. ; Brett, Matthew ; Haldane, Allan ; Fernández del Ŕıo,
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Andrew D. ; Ceres, Pablo ; Batey, Robert T.: Discrimination between Closely

Related Cellular Metabolites by the SAM-I Riboswitch. In: Journal of Molecular

Biology 396 (2010), Nr. 3, S. 761–772. – ISSN 0022–2836

[65] Morcos, Faruck ; Jana, Biman ; Hwa, Terence ; Onuchic, José N.: Coevolution-
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Matthew ; Wilson, Joshua ; Millman, K. J. ; Mayorov, Nikolay ; Nelson, An-

drew R. J. ; Jones, Eric ; Kern, Robert ; Larson, Eric ; Carey, C J. ; Polat, İlhan
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