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John von Neumann Institute for Computing (NIC),
Schriften des Forschungszentrums Jülich, NIC Series, Vol. 49,
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Institute for Advanced Simulation, Forschungszentrum Jülich, 52425 Jülich, Germany
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On the molecular level, life is orchestrated through an interplay of many biomolecules. To

gain any detailed understanding of biomolecular function, one needs to know their structure.

Yet despite incredible progress in experimental structure determination techniques, many im-

portant biomolecules are still not structurally resolved. An orthogonal theoretical approach

are structure prediction techniques which take advantage of constantly growing computational

resources. Mostly untapped information of evolutionarily closely related sequences in the expo-

nentially growing genomic databases can be statistically analysed to: (i) accurately infer pairs

of residues in spatial contact within biomolecules and (ii) guide the prediction of biomolecu-

lar structures when used in combination with molecular modelling techniques. By now, this

approach has revolutionised the field of protein structure prediction by providing highly accu-

rate models. The same mathematical framework can also go beyond structure prediction by

analysing evolutionary fitness landscapes and inferring biomolecular interactions or epistasis.

1 Introduction

The exponentially growing genomic databases, the “Biomolecular Big Data”, provide a

constantly growing wealth of data. Hidden within this treasure is nothing less than the en-

coding of all aspects of life ranging from the molecular level to entire organisms. An

successful exploitation of this resource requires bringing together powerful algorithms

and fully harnessing the capabilities of the, also exponentially growing, high-performance

computing resources. An outstanding success can be found in the field of protein struc-

ture prediction, where the combination of innovative statistical analysis of large sequential

databases and raw computing power has been successfully leveraged.

This breakthrough is crucial, as biomolecular interactions influence all facets of life in-

cluding a wide variety of tasks such as oxygen transport, enzymatic function, genetic reg-

ulation, signal transduction, and muscle function. Yet to gain any detailed understanding

of the function of a specific biomolecular systems, one needs to know its structure. Many

biologically important systems, however, are stabilised by weak or transient interactions,

which makes their experimental characterisation challenging and frequently of uncertain

outcome. So how can one still elucidate these experimentally poorly accessible structures?

The core idea is that biomolecules are not random heteropolymers but sequences that

have evolved over long timescales. The evolutionary process of mutation and selection

tends to conserve properties such as function, stability and foldability. The biomolecular

sequences found in databases therefore do not have random changes in sequences, but will

express mutational patterns that maintain these properties to ensure survival of the entire
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Figure 1. Relationship coevolution and statistical inference of 3d contacts. A three-dimensional contact (red)

stabilising a biomolecule leads to correlated coevolving mutations in sequences (each line is the same protein in

different organisms; letters on top of each other represent residues at the same position). Given such a sequence

alignment, one can infer from correlations found between two positions that these sequence positions are spatially

adjacent – they are contacts. Some sequence positions are functionally constrained and do not mutate (purple).

Accordingly, these highly conserved residues do not express coevolutionary patterns.

organism (see Fig. 1). For a evolutionary related family of biomolecules, such sequences

are gathered in databases such as RFAM or PFAM. The statistical analysis of these se-

quence families reveals coevolving residue pairs. What is the reason of this coevolution?

A straightforward interpretation is that of spatial adjacency of the involved residues.

It turns out, however, that mere correlation measured by, e.g., Mutual Information (MI)

does not always mean that the involved residues are in direct (spatial) contact. Instead,

such correlations can result both from direct or indirect effects. Direct means that the two

residues are proximal to each another, often as a result from physical interactions such as

electrostatics. Indirect effects result from transitivity, where spatially distant residues show

coevolution resulting from a network of intermediate residues. Direct interactions (DI) are

highly useful spatial constraints for biomolecular structure prediction (see Fig. 2). In the

context of structure prediction, the quality of the statistical analysis method of residue

coevolution therefore lies in its ability to distinguish these two cases. Although these ideas

have already been pursued in 1990’s1–3 the first method to reliably identify DI or contacts,

Direct coupling analysis (DCA)4–6, was only recently developed.

Since then, the integration of coevolutionary contact information into molecular mod-

elling has revolutionised the field of protein structure prediction with its long history7–11

by providing highly accurate models with resolutions comparable to experiments5, 12 in

the prediction of tertiary protein structure13–16, protein complexes5, 17–19, membrane pro-

teins20, 21, conformational transitions22–25, and, most recently, first RNA structures26, 27.

Apart from the structural insight, the model Hamiltonian can also be interpreted in terms

of fitness landscapes which allows to make, e.g., predictions on antibiotics resistance28,

drug design29, biological signalling30, 31 or epistatic effects32. An overview of DCA appli-

cations can be found in Ref. 33. We will here explain the basic concepts of the statistical

analysis.
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Figure 2. Structure Prediction Workflow on the Examples of RNA. (top) Correlated mutations are identified by

aligning the sequences of a biomolecular family and building a global statistical model. The top-scoring contacts

indicate spatial proximity of the respective residue pairs. This information is used as constraints to build a 3D

model of a biomolecule. (bottom) The detailed structure prediction workflow for a particular target sequence.

First, one identifies appropriate sequence homologs in RFAM. The corresponding multiple sequence alignment is

analysed by DCA and secondary structure as well as tertiary contacts are predicted. Fragments of the secondary

structure elements and tertiary constraints are used to construct an initial prediction model, which then scored.

2 Mathematical Framework of Direct Coupling Analysis (DCA)

Global Probability from Maximum Entropy

The mathematical framework of DCA is based on entropy maximisation subject to con-

straints34. It describes the probability P of sampling a sequence σ = (a1a2a3...aL) of

length L containing a residue or gap ai at site i. Formally, it is given by

P (σ) =
1

Z
exp {H(σ)} ,

H(σ) =

L−1
∑

i=1

L
∑

j=i+1

Jij(ai, aj) +

L
∑

i=1

hi(ai),
(1)
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where H is the sequence dependent dimensionless Hamiltonian, Jij is the coupling be-

tween sites i and j, hi is the local field or bias at site i, and Z is the normalisation constant

(i.e. partition function)4, 6. A site in a sequence can assume any of q possibilities where q is

the number of residue types plus a gap. For instance, q is 21 for proteins, and 5 for RNAs.

The model has a total number of 1

2
L(L − 1)q2 parameters for the couplings

and Lq for the fields. Not all of them are independent. The requirement that

the model to be consistent with single-site marginals,
∑

{ak,k 6=i} P (σ) = Pi(ai),

and pair-site marginals
∑

{ak,k 6=i,j} P (σ) = Pij(ai, aj) together with the normalisa-

tion condition
∑

{ak}
P (σ) = 1 reveals the total number of unique parameters to be

1

2
L(L− 1)(q − 1)2 + L(q − 1). To overcome over-parametrisation, one can use a gauge

fixation in either of two forms. One is to use lattice-gas gauge which is achieved by set-

ting all the coupling and fields to zero when the last residue q (assuming that the residue

types plus gap are numbered in sequence as 1, 2, 3, ..., q) is involved; Jij(a, q) =
Jij(q, b) = hi(q) = 0. The other is to use the zero-sum gauge which is done by set-

ting the sum of the couplings and fields over all possible states of a site in a sequence to

zero;
∑q

a=1
Jij(a, b) =

∑q

b=1
Jij(a, b) =

∑q

a=1
hi(a) = 0.

Inverse Inference and Parameter Estimation

The parameters of Eq. 1 can be inferred from the given input data. Typically, the input

data is a multiple sequence alignment (MSA) of N sequences for a protein or RNA family.

From the aligned sequences, single-site and pair-site frequency counts are computed as,

fi(a) =
1

N

N
∑

n=1

δan
i
,a,

fij(a, b) =
1

N

N
∑

n=1

(δan
i
,a)(δbn

j
,b)

(2)

with δx,y = 1 when x = y and 0 otherwise. Then, the marginal probabilities, Pi(a)
and Pij(a, b) are forced to be consistent with the respective empirical frequency counts in

Eq. 2. However, the computational complexity to estimate the partition function Z scales

as O(qL) which is too complex even for a sequence of average length.

Weigt et al.4 infer the parameters by approximating the marginal probabilities and

computing the parameters using an iterative numerical scheme until a desired convergence

is achieved. The iterative procedure is consistent with zero-sum gauge. This method called

message passing Direct-Coupling Analysis (mpDCA) is computationally very costly4.

Later, a more efficient parameter inference was achieved based on mean-field approx-

imation6. This method called mean-field Direct-Coupling Analysis (mfDCA) computes

the couplings by inverting a matrix C whose elements are constructed from the empirical

connected correlations Cij(a, b) = fij(a, b)− fi(a)fj(b). In mfDCA, lattice-gas gauge is

used when a gap is involved. This results in C to become a L(q − 1) by L(q − 1) matrix

in dimension. The couplings are obtained from C; Jij(a, b) = −(C−1)ij(a, b). The fields

are computed in a self-consistent manner6.

Another method to learn the parameters of the global probability model is using maxi-

mum likelihood estimation. Instead of taking the global probability in Eq. 1, an approxima-
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tion is required to make the procedure computationally feasible. The approximate proba-

bility is obtained by considering a particular site in a sequence within the MSA in the pres-

ence of other sites35. This method named pseudo-likelihood maximisation Direct-Coupling

Analysis (plmDCA) was shown to outperform mfDCA if the dataset in the MSA is suffi-

ciently large35. Many competing methods have been developed since, such as Boltzmann-

machine learning36, Gaussian approximation37, 38, adaptive cluster expansion39, minimal

probability flow40 or Bayesian networks41 (for a recent review please cf. Ref. 42).

Still there are many challenges43. The number of inferred parameters is O(L2q2) but

many sequence families have insufficient sequence data to infer these parameters reliably.

A common strategy to alleviate this problem is regularisation via pseudo-counts in Eq. 2

or a penalised pseudo-likelihood approximation4, 6, 35. Another challenge stems from the

origin of sequences. Ideally, they are assumed to be drawn randomly from all possible

sequences for a given biomolecular family by Eq. 1. The sequences in genomic databases,

however, often overrepresent sequences from biologically important or experimentally eas-

ily accessible organisms. This requires reweighting sequences which are too similar4–6, 35.

Mapping Sequence Family Residue-Residue Contacts

The couplings Jij(a, b) quantify the coupling strength between two sites i and j in a se-

quence when they are occupied by residues a and b. Since there are q2 couplings associated

with any pair of sites in a sequence family, one maps these quantities into a single param-

eter that quantifies the sequence family’s residue-residue contact strength.

One way of mapping the parameters4 is to define direct-information, DIij between two

sites i and j from the direct-probability, P dir
ij as

DIij =

q
∑

a=1

q
∑

b=1

P dir
ij (a, b) log

{

P dir
ij (a, b)

fi(a)fj(b)

}

,

P dir
ij (a, b) =

1

Zij

exp
{

Jij(a, b) + h̃i(a) + h̃j(b)
}

.

(3)

In Eq. 3, the new fields h̃i and h̃j are computed by requiring consistency with the empirical

frequencies as
∑

b P
dir
ij (a, b) = fi(a) and

∑

a P
dir
ij (a, b) = fj(b) respectively. Zij is the

partition function for the direct-probability. Another way is to compute the Frobenius norm

from the q by q matrix formed from the couplings

Fij =

√

√

√

√

q
∑

a=1

q
∑

b=1

|Jij(a, b)|
2
. (4)

The advantage of DI over the Frobenius norm is that the former is independent of type of

gauge chosen.

Once the contact information between pairs of sites are computed, they are ranked ac-

cording to score, with high scoring pairs implying strong coevolutionary signal. Typically,

the accuracy of the predicted contacts is evaluated by comparing the proximity of pairs of

residues within a known protein data bank (PDB) structure. Similar methods that disen-

tangle direct contacts using sequence information alone are included in Refs. 37, 44–51.

Since all the methods are still in their infancy, we can expect new developments, based on

rigorous approaches as well as on heuristics, to be proposed soon.
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3 Summary and Outlook

Exploiting genomic data by large scale analysis on HPC resources has revolutionised

biomolecular structure prediction in the last decade. Invented to improve structure pre-

diction, the integration of coevolutionary contact information into molecular modelling is

now used wide-spread and provides accurate models. In addition, novel applications have

been found, such as predictions on antibiotics resistance, drug design, or epistatic effects.

Currently, major efforts go into complementing existing sequential data by metagenomic

data52 or pushing the frontier from a few “anecdotal” cases to 1000’s of systems53. Fur-

ther, biomolecular simulations5, 54 or other efficient techniques55 can also integrate experi-

mental measurements such as cryoEM56, sparse NMR data57 or SHAPE-data58 to suggest

structural models up to atomic resolution. Hybrid approaches using multiple techniques

including coevolutionary information could provide structural models not accessible to a

single technique. All these applications demand effective use of high performance com-

puting resources and hybrid data integration techniques. Given the current trajectory of

the field, both basic biomolecular research and more applied fields such as medicine or

pharmacology will benefit from this transdisciplinary research.
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