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Statistical modeling of protein sequences

Protein family Multiple Sequence Alignment
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Sequence functionality landscape

“Functionality” of sequence
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Sequence functionality landscape

“Functionality” of sequence
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Families of homologous sequences
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* Conserved structure and function
— \ , * Low sequence ID (20-30%)
~ \ /
<C ‘\ /// i
o ! , ——» Global sampling of sequence
- \ landscape
— \ PN / \ - /
<C \\ // \\\ ,/ \\ ‘/ \\\ //
el ‘\ / N % \Q \Q /‘
ol I Y o0 %o
Amino-acid sequences

(A1,...,AL)

How can we model this ?




Profile models

Conservation

e Functionally important positions
e Homology detection (HMM)
e Unable to capture relations between columns
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Global statistical model

o000 0eo000eo

Evolutionary R I BE D L R H T N D K
constraints F L H N L R G T D D R
> HE HRTEUOQTULE K G

K YHLLRTTULUDTDT

R RHAVEMTLN K G

T Q HK L EEAN KA

K Q HQ TE S L D K E

R L HNA ARG QA AEDD

l — 1

Conservation Correlation
Couplings Fields

Direct Couplin
P(ai,...,an) = —exp (Z- Ga)) pling

A Analysis (DCA)
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Maximum entropy formalism

P(ay,...,a :—exp(
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Conservation Correlation

fi(a) fij(a,b)
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Maximum entropy modeling

Find distribution P(aj ...an)
* With maximal entropy

— Z P(a)log P(a
{a}

* While reproducing pairwise
statistics of data

Pi(a) = fi(a)
P;;(a,b) = fi;(a,b)

— Max

— Only information used is f;;(a,b) and f;(a)



DCA: Successful model Review: Cocco et al., 2018

® Predicting 3D structure

Morcos et al., PNAS, 2011
Ovchinnikov et al., Science, 2017
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® Predicting effect of mutations

Statistical scor

Figliuzzi et al., MBE, 2015
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How good are DCA models at describing

functionality of a protein ?



Is the DCA model generative?

Fitted quantities
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Is the DCA model generative?
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Is the DCA model generative?

O Fitted quantities
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DCA and natural sequences are
statistically indistinguishable

Figliuzzi et al., MBE, 2018

— > Are DCA sequences functional ?

Non-fitted quantities
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Protein design

Chorismate mutase
enzyme in the synthesis pathway of phenylalanine and tyrosine

with Rama Ranganathan’s group
1130 natural homologs

E. coli

growth

DCA sequences
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time O time ¢

experiments by Bill Russ

P(A) x e~ H(A)

fs fut  enrichment of designed sequence
. re. = log Z2°9 _og 2wt gnea seq
Phenotype:  r.e. = log 08 0. relative to wildtype (E. coli)
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Protein design: Chorismate mutase

Natural sequences
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Protein design: Chorismate mutase

Natural sequences Desighed sequences
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—» Low energy DCA sequences are variable and functional



Protein design

Chorismate mutase
enzyme in the synthesis pathway of phenylalanine and tyrosine

with Rama Ranganathan’s group
1130 natural homologs

E. coli
growth
DCA sequences
time 0 time ¢
experiments by Bill Russ
, v Feedback!
P(A) x e HA) -
feeq fuwt  enrichment of designed sequence

Phenotype; r.e. = log 5 _10gT
wt

seq

relative to wildtype (E. coli)



Additional node Not all natural seqgs. are functional!

1130 natural homologs . = Notural seas |
Sequence X
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relative enrichment

H(A,z) = HPOA(A Zﬁz ai,z) — P(z=1/4) ?
=1
Supervised learning problem:
Infer parameters from natural sequencesand | Test on designed
phenotypes sequences !



Designed sequences, all T
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Conclusion

* Alignments of homologous proteins contain sufficient
information for generating non-natural functional
seguences

* This is done by modeling homologous sequences with a
pairwise exponential model

Direct Coupling Analysis

> Fitted on conservation and correlation in the alignment
> Reproduces non-fitted quantities

> Can be improved using experimental feedback
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