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DCA to predict 
polymorphic 
positions



From the genotype (the protein sequence) to the phenotype 

-LNQFADDLAHELRTPVNILKGKNQVMHLSAQERSAEEYQQALVADNIEELEGLSRLTENILFLAR

Sequence
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● protein structure 

● mutational effects
   M     
ALG MLDHIMHQW
   I     

● And many more.. 

● protein function 

Direct Coupling Analysis (DCA)



-LNQFADDLAHELRTPVNILKGKNQVMHLSAQERSAEEYQQALVADNIEELEGLSRLTENILFLAR
ALGELTAGIAHEIN
SQRQFVTNASHELKTPIAIIKANTEVLHEI----TMGK-NQWTEKDILKQVKRLSGLVNDMVALAK

-VGQLTGGIAHDFNNMLTGVWGSLDLIHKLS----GRLVERFMDAYALISAQRLASLTDRLLAFSR

ALGEMLDHIAHQWKQPINSIKLIAQDMHADYGELTDGDVQTTIDKDMSLLEHLSQTLVDVFRGFYR

SLGELAAGVAHEINNPNAVIWLNVDLVHKKWSEMSEEL-PLLLTEYEEGAGRLKRILVDDLKDFAR

--GQLAGGIAHDFNNILQIIWGNTQILHQYQTNPDPP----QLLEYLKAVERLTALLTRSMLAFSR

AKTDFLSNMSHEIRTPLNAIKGFIQVLHKD-AEMKPKD-REYLELDDESSKNLLSLLVNDIIEIDL

-RARLLADVAHELRTPVATLKGYLEAVHEDVRPLDAST----IAVDRDQAVRLTRLLAQDLADVTH

Multiple sequence alignment (MSA) of homologous proteins 
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● protein structure 

● mutational effects
   M     
ALG MLDHIMHQW
   I     

● And many more.. 

● protein function 

Direct Coupling Analysis (DCA)

Sequence identity ~20,30%



-LNQFADDLAHELRTPVNILKGKNQVMHLSAQERSAEEYQQALVADNIEELEGLSRLTENILFLAR
ALGELTAGIAHEIN

SQRQFVTNASHELKTPIAIIKANTEVLHEI----TMGK-NQWTEKDILKQVKRLSGLVNDMVALAK

-VGQLTGGIAHDFNNMLTGVWGSLDLIHKLS----GRLVERFMDAYALISAQRLASLTDRLLAFSR

ALGEMLDHIAHQWKQPINSIKLIAQDMHADYGELTDGDVQTTIDKDMSLLEHLSQTLVDVFRGFYR

SLGELAAGVAHEINNPNAVIWLNVDLVHKKWSEMSEEL-PLLLTEYEEGAGRLKRILVDDLKDFAR

--GQLAGGIAHDFNNILQIIWGNTQILHQYQTNPDPP----QLLEYLKAVERLTALLTRSMLAFSR

AKTDFLSNMSHEIRTPLNAIKGFIQVLHKD-AEMKPKD-REYLELDDESSKNLLSLLVNDIIEIDL

-RARLLADVAHELRTPVATLKGYLEAVHEDVRPLDAST----IAVDRDQAVRLTRLLAQDLADVTH
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Conservation patterns

● protein structure 

● mutational effects
   M     
ALG MLDHIMHQW
   I     

● And many more.. 

● protein function 

Direct Coupling Analysis (DCA)

Multiple sequence alignment (MSA) of homologous proteins 



-LNQFADDLAHELRTPVNILKGKNQVMHLSAQERSAEEYQQALVADNIEELEGLSRLTENILFLAR
ALGELTAGIAHEIN

SQRQFVTNASHELKTPIAIIKANTEVLHEI----TMGK-NQWTEKDILKQVKRLSGLVNDMVALAK

-VGQLTGGIAHDFNNMLTGVWGSLDLIHKLS----GRLVERFMDAYALISAQRLASLTDRLLAFSR

ALGEMLDHIAHQWKQPINSIKLIAQDMHADYGELTDGDVQTTIDKDMSLLEHLSQTLVDVFRGFYR

SLGELAAGVAHEINNPNAVIWLNVDLVHKKWSEMSEEL-PLLLTEYEEGAGRLKRILVDDLKDFAR

--GQLAGGIAHDFNNILQIIWGNTQILHQYQTNPDPP----QLLEYLKAVERLTALLTRSMLAFSR

AKTDFLSNMSHEIRTPLNAIKGFIQVLHKD-AEMKPKD-REYLELDDESSKNLLSLLVNDIIEIDL

-RARLLADVAHELRTPVATLKGYLEAVHEDVRPLDAST----IAVDRDQAVRLTRLLAQDLADVTH
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Correlation patterns

● protein structure 

● mutational effects
   M     
ALG MLDHIMHQW
   I     

● And many more.. 

● protein function 

Direct Coupling Analysis (DCA)

Multiple sequence alignment (MSA) of homologous proteins 
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● Functionally or structurally important residues -> conservation in the MSA
● Epistatic interactions between residues ->  correlation in the MSA

conservation of structure
 and function 

imposes constraints on the 
sequence variability

Direct Coupling Analysis (DCA)
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?
Statistical
analysis

DCA: exploiting the statistical patterns of the MSA to 
computationally characterize the protein

Direct Coupling Analysis (DCA)



Direct Coupling Analysis (DCA)
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[Weigt et al., PNAS 2009]

● Sequence of the MSA: results of a sampling of an 
unknown probability distribution 

● Use it to infer the phenotype

● Inference:    fit     and     such that  

from the 
MSA

from the 
model

couplings fields
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Contact predictions

   M     
ALG MLDHIMHQW
   I     

Generate new functional proteinsPredict Mutational effect 

Predicting Protein-protein interaction network

and many others… 

Direct Coupling Analysis (DCA): some applications
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Can we use Direct Coupling Analysis (DCA) to 
model and predict protein evolution? 

DCA to predict 
polymorphic 
positions



DCA to model and predict protein evolution: SARS-CoV-2 

Genome of the first SARS-CoV-2 strain - Wuhan-Hu-1
Released on Dec 30, 2019
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Nextstrain: Showing 2810 genomes sampled 
between Dec 2019 and Apr 2023

DCA to model and predict protein evolution: SARS-CoV-2 
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Nextstrain: Showing 2810 genomes sampled 
between Dec 2019 and Apr 2023

DCA to model and predict protein evolution: SARS-CoV-2 

Spike protein
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~ 3 years of evolution

DCA to model and predict protein evolution: SARS-CoV-2 

Receptor binding domain (RBD)
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~ 3 years of evolution

Monoclonal Antibody

DCA to model and predict protein evolution: SARS-CoV-2 

Can we anticipate which positions are more likely to be polymorphic? 
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Wang, Pengfei, et al. "Antibody 
resistance of SARS-CoV-2 variants B. 
1.351 and B. 1.1. 7." Nature, 2021



[Hie, Brian, et al. "Learning the language of viral evolution and escape. Science (2021)]
[Maher, M. Cyrus, et al. "Predicting the mutational drivers of future SARS-CoV-2 variants of 
concern." Science Translational Medicine (2022]

[Telenti, Amalio, Emma B. Hodcroft, and David L. Robertson. "The evolution and biology of SARS-CoV-2 
variants." Cold Spring Harbor perspectives in medicine 12.5 (2022)]

~ 3 years of evolution

Monoclonal Antibody

DCA to model and predict protein evolution: SARS-CoV-2 

Can we anticipate which positions are more likely to be polymorphic? 

train test

20



~ 3 years of evolutionLearning from pre-pandemic data 
to anticipate polymorphic residues

Pros: predictions rely exclusively on data available at the day 0 of the outbreak, and predictions can be 
tested while more data accumulate

Cons: We cannot capture effect specific for the SARS-CoV-2 - human interaction (ACE2 human receptor)

Wuhan-Hu-1

DCA to model and predict protein evolution: SARS-CoV-2 

Can we anticipate which positions are more likely to be polymorphic? 

test

train
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Train a Direct Coupling 
Analysis (DCA) model

Define a score to predict which 
positions are more likely to mutate

Wuhan-Hu-1

the effect of a single mutation ai→b can be computed as the difference 

between a wild-type sequence and single-mutant sequence:

We do not predict which amino acid is going to appear (E484K) 
next, but which positions are more likely to accumulate 
mutations (484 -> polymorphic)

DCA to model and predict protein evolution: SARS-CoV-2 

Position i - > high score -> 
likely to be polymorphic 22

Mutability score



Independent model (IND):
Baseline model (using only 1-point statistics - frequencies)

DCA to model and predict protein evolution: SARS-CoV-2 
Receptor binding domain (RBD)
bCoV_S1_RBD (PF09408)

Direct Coupling Analysis (DCA):
1- and 2-point statistics (epistatic interactions)
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DMS for 
protein 
expression 
data from 
Bloom’s lab

DCA to model and predict protein evolution: SARS-CoV-2 
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From GISAID data, for each position i in the RBD
0 - constrained (no mutations)
1 - mutable (x mutational events) 

May 2021, 3,883 genomes: no mutational event has occurred for 58% of the entire proteome, while 
only 14% has experienced more than two events

DCA to model and predict protein evolution: SARS-CoV-2 

We removed 
duplicated genomes

Can we anticipate which positions are 
more likely to be polymorphic? 

Strain1: MAELAKLAWKAAKLARGLRKL
Strain2: MAELAKLAWEAAKKARGLRKL
Strain3: MAEAAKLAWEAAKLARGLRKL
Strain4: MAEAAKLAWKAAKLARGLRKL
Strain5: MAELAKLAWKAAKLARGLRKL
Pos:     (1,2,3,4,5,6,7,8,9,10,..)  
test_set:(0,0,0,1,0,0,0,0,0,..)
dca_pred:(0.2,0.6,0.1,0.9,0.2,0.1,..)

GISAID data
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(Bloom’s lab, Deep 
mutational scans)

DCA to model and predict protein evolution: SARS-CoV-2 

Can we anticipate which positions are 
more likely to be polymorphic? 

Strain1: MAELAKLAWKAAKLARGLRKL
Strain2: MAELAKLAWEAAKKARGLRKL
Strain3: MAEAAKLAWEAAKLARGLRKL
Strain4: MAEAAKLAWKAAKLARGLRKL
Strain5: MAELAKLAWKAAKLARGLRKL
Pos:     (1,2,3,4,5,6,7,8,9,10,..)  
test_set:(0,0,0,1,0,0,0,0,0,1,..)
dca_pred:(0.2,0.6,0.1,0.9,0.2,0.1,..)

From GISAID data, for each position i in the RBD
0 - constrained (no mutations)
1 - mutable (x mutational events) 

26

We removed 
duplicated genomes

GISAID data



More data -> more polymorphic positions in the test set 

AUC increases over time (virus has explored more variants = better test set)

DCA can anticipate which positions will mutate in the future

DCA to model and predict protein evolution: SARS-CoV-2 

Can we anticipate which positions are 
more likely to be polymorphic? 

From GISAID data, for each position i in the RBD
0 - constrained (no mutations)
1 - mutable (x mutational events) 

Strain1:  MAELAKLAWKAAKLARGLRKL
Strain2:  MAELAKLAWEAAKKARGLRKL
Strain3:  MAEAAKLAWEAAKLERGLAEL
Strain4:  MAEAAKLAWKAAKLKRGLRKL
Strain5:  MAELAKLAWKAAKLARGLRKL
Strain6:  MAEKAKLAWKAAKLARGLRKL
Strain7:  MAELAKLAWKAAKLARELRKL
Strain8:  MAEAAKLAWKAAKLARGLRKL
Strain9:  MAEEAKLAWKAAKLARGKRKE
Strain10: MAEAAKLAWKAAKLARGLRKL
Strain11: MAELAKLAWKAAKLARKLRKL
Strain12: MAELAKLAWKAAKLELGLRKL

27

We removed 
duplicated genomes

GISAID data



Database of experimentally validated B and T cells epitopes (IEDB)

Not all positions are equally important.

Mutations in B/T cells epitopes can negatively affect the human immune response => more dangerous 

DCA to model and predict protein evolution: SARS-CoV-2 

Mutations in B and T cells epitopes 
-> not binding antibodies or T cells 

Immunologically relevant positions 

28

epitope



IEDB response frequency (IEDB-RF)

DCA to model and predict protein evolution: SARS-CoV-2 

IEDB-RF

0

1

A

Number of patients positively 
responding to one specific 
epitope

B
Number of epitopes that share a 
specific position in the 
SARS-CoV-2 proteome

IEDB Response Frequency (IEDB-RF) 
the number of positively responding 
subjects relative to the total number of 
those tested, averaged over all epitopes 
mapped to that position

and Confidence Interval (C.I.)

Highly immunogenic position -> if mutated it alters 
many positively responding B/T epitopes

Low immunogenic position -> not targeted by the  
human immune system

Not all positions are equally important.
Mutations in B/T cells epitopes can negatively affect the human immune response => more dangerous 

Strain1: MAELAKLAWKAAKLARGLRKL
Strain2: MAELAKLAWEAAKLARGLRKL
Strain3: MAEAAKLAWEAAKLARGLRKL
Strain4: MAEAAKLAWKAAKLARGLRKL
Strain5: MAELAKLAWKAAKLARGLRKL
Pos:     (1,2,3,4,5,6,7,8,9,10,..)  
dca_pred:(0.2,0.6,0.1,0.9,0.2,0.1,..)
IEDB_RF:(0.2土0.1,0.8土0.2,0.2土0.01, …)
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IEDB response frequency (IEDB-RF)

DCA to model and predict protein evolution: SARS-CoV-2 

A

Number of patients positively 
responding to one specific 
epitope

B
Number of epitopes that share a 
specific position in the 
SARS-CoV-2 proteome

Not all positions are equally important.
Mutations in B/T cells epitopes can negatively affect the human immune response => more dangerous 
Can we predict which immunologically relevant positions are more likely to be polymorphic?

Strain1: MAELAKLAWKAAKLARGLRKL
Strain2: MAELAKLAWEAAKLARGLRKL
Strain3: MAEAAKLAWEAAKLARGLRKL
Strain4: MAEAAKLAWKAAKLARGLRKL
Strain5: MAELAKLAWKAAKLARGLRKL
Pos:     (1,2,3,4,5,6,7,8,9,10,..)  
dca_pred:(0.2,0.6,0.1,0.9,0.2,0.1,..)
IEDB_RF:(0.2土0.1,0.8土0.2,0.2土0.01, …)

IEDB Response Frequency (IEDB-RF) 
the number of positively responding 
subjects relative to the total number of 
those tested, averaged over all epitopes 
mapped to that position

and Confidence Interval (C.I.)

IEDB-RF

0

1 Highly immunogenic position -> if mutated it alters 
many positively responding B/T epitopes

Low immunogenic position -> not targeted by the  
human immune system
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DCA to model and predict protein evolution: SARS-CoV-2 

(experimental results, 
May 2021)

Available from 30 Dec 2019

Not all positions are equally important.
Mutations in B/T cells epitopes can negatively affect the human immune response => more dangerous 
Can we predict which immunologically relevant positions are more likely to be polymorphic?
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DCA to model and predict protein evolution: SARS-CoV-2 
Not all positions are equally important.
Mutations in B/T cells epitopes can negatively affect the human immune response => more dangerous 
Can we predict which immunologically relevant positions are more likely to be polymorphic?
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DCA to model and predict protein evolution: SARS-CoV-2 

(experimental value, May 
2021)

Positions mutated in variants of concern after submission
(data from https://covariants.org/shared-mutations, 17 Apr 2023)

33

https://covariants.org/shared-mutations


Github page (and Google Colab) to reproduce 
the results

We collect updated data (novel mutations and 
most recent IEDB data) 

DCA to model and predict protein evolution: SARS-CoV-2 
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IEDB-DCA Updated data of predictions polymorphic and immunologically relevant sites

DCA to model and predict protein evolution: SARS-CoV-2 

Available from 30 Dec 2020

May 2021 Jan 2022

Jan 2023 Apr 2023
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DCA to model and predict protein evolution: SARS-CoV-2 
From the RBD to the whole SARS-CoV-2 proteome

Inter-domain epistatic interactions 

Receptor binding domain (RBD)
bCoV_S1_RBD (PF09408)

[H.-L. Zeng, et al., Global analysis of more than 50,000 
SARS-CoV-2 genomes reveals epistasis between eight 
viral genes. PNAS, 2020).

Similar trends for 
other SARS-CoV-2 
domains
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DCA to model and predict protein evolution: SARS-CoV-2 

DCA to predict polymorphic positions. Accuracies increases as more GISAID data accumulates 

Not all positions are equally important. Mutations in B/T cells epitopes are more dangerous. We can predict which 
immunologically relevant positions that are more likely to mutate 

Summary
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DCA to model and predict protein evolution: E. coli

Experimental characterization is infeasible:
- high dimensional space: impossible to 
determine the fitness for each  genotype variant 
- epistasis: it may lead to a rugged landscape 
with many local optima.
- only extremely local characterization within 
Deep Mutational Scans experiments

Darwinian Evolution: sampling sequences and 
survival of the fittest

Genotype-phenotype mapping which associates a quantitative phenotype to each possible amino-acid sequence [Wright 1932]

sequences

fitness

Fitness landscape

Predicting evolution ~ inferring the fitness landscape

Genome scale analysis: 2053 
Pfam domains, 281,513 
residues, 2053 core gens



Fitness landscape

In DCA framework:                                  is it a good proxy for fitness? 

Energy (Hamiltonian)
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Fitness landscape

Homologous sequences (long term evolution)
Data in Uniprot/PFAM
● distinct species
● 20-30% sequence ID
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Fitness landscape

Homologous sequences (long term evolution)
Data in Uniprot/PFAM
● distinct species
● 20-30% sequence ID

Short term evolution
● distinct strains / same species

60.000 E.coli strains

Strain1: MAELKMAKLAAGLRKLAWYAA
Strain2: MAELKAAKLAAGLRKLAWYAA
Strain3: MAELKAAKLAAGLRKLAWKAA
Strain4: MAELKMAKLAAGLRKLAWYAA
Strain5: MAELKAAKLAAGLRKLAWYAA
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Fitness landscape

Homologous sequences (long term evolution)
Data in Uniprot/PFAM
● distinct species
● 20-30% sequence ID

Closely diverged species 
● Evolutionary close sequences

Short term evolution
● distinct strains / same species

60.000 E.coli strains

42



Can DCA models trained on homologous sequences (long term 
evolution) give information about sequences emerging from short 
term evolution (different strains or closely related species)?      

Linking the global and local fitness landscape

Fitness landscape
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DCA to model and predict protein evolution: E. coli

Genome scale analysis: 2053 Pfam domains, 281,513 residues, 2053 core gens
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● context-independent site entropy (= column entropy in diverged homologs MSA)

How to predict polymorphic positions? 

● context-dependent site entropy (with DCA model) 
(context of site    : reference strain)

DCA to model and predict protein evolution: E. coli

45



- Different distributions
- Context-independent higher than context-dependent
- When we include the specific E. coli context, sites tend to be become more constrained 

(30%-50% of positions)

DCA to model and predict protein evolution: E. coli
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DCA to model and predict protein evolution: E. coli

Can we predict polymorphic positions that have mutated in the 60.000 E. coli strains?
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DCA to model and predict protein evolution: E. coli
Epistatic interactions are weak and a collective effect 

Closely diverged species 
● Evolutionary close sequences

Epistasis start to matters

Short term evolution
● distinct strains / same species

60.000 E.coli strains
No clear signal of epistatic interactions

rplK protein: residues that 
differ between E. coli and Y. 
pestis in red. 
Collective effect -> strong 
epistatic signal 
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