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Sequence Alignment

Input: 2 or more homologous
protein sequences
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Sequence Alignment

Input: 2 or more homologous
protein sequences

Output: protein sequence
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Hemoglobin
Myoglobin

VLSPADKTNVKAAWGKVGAHAGEYGAEALERMFLSFPTTKTYFPHF - ————— DLSHGSAQ
GLSDGEWQLVLNVWGKVEADIPGHGQEVLIRLFKGHPETLEKFDRFKHLKSEDEMKASED

VKGHGKKVADALTNAVAHVDDMPNALSALSDLHAHKLRVDPVNFKLLSHCLLVTLAAHLP
LKKHGATVLTALGGILKKKGHHEAETKPLAQSHATKHKIPVKYLEFISEATTIQVLQSKHP
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How should we compare proteins?

Sequence Alignment Structural Alignment

Input: 2 or more homologous Input: 2 or more homologous

protein sequences protein sequences & solved 3D
structures

Output: protein sequence Output: protein structural alignment

alignment

and sequence alignment
pdblash:A ——=ANKTRELCMKSLEHAKVDTSN-EARQDGIDLYKHMFENYPPLRKYFKSREEYTAEDV
pdblmba:A XSLSAAEADLAGKSWAPVE ——=—-— ANKNANGLDFLVALFEKFPDSANFFADFKGKSVADI

pdblash:A ONDPFFAKQGOKILLACHVLCATYDDRETFNAYTRELLDRHARDHVHMPPEVWTDFWKLF
pdblmba:A KASPKLRDVSSRIFTRLNEFVNNAANAGKMSAMLSQFAKEHVG--FGVGSAQFENVRSMF

pdblash:A EEYLGKKTTLDEPTKQAWHEIGREFAKEINKHGR---
pdblmba:A PGFVASVAAPPAGADAAWTKLFGLIIDALKA---AGA
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What makes a good alignment?

Superimpose similar parts, whether
sequence or structure

Structure is usually more conserved
than sequence

So this usually means we have put
similar letters in correspondence

A good structural alignment usually
provides a good sequence alignment



Most structural aligners ignore sequence

Structural alignment is usually so superior to sequence alignment
that most structural aligners use only a purely geometric
superposition of backbones, optimizing two criteria.

* More residues in alignment (longer aligned core)

e Residues in closer alignment (lower RMSD)

Aligned Core Length

RMSD




Many structural alignment programs

Including
*Mustang [Konagurtho 2006]
*Multiprot [shatsky 2002]

*Matt (ours) Menke 2008]
*POSA [Ye 2005]

All of which use purely geometric versions of goodness



Two questions

Can we do better by also “peeking” at the sequence?

What does beftter mean?

CVR-FQL-PMPGSRLC CVRFQLPMPGS—-RLC
LET ——TLV LET— TLV
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Combining sequence and
structure

T-Coffee (3DCoffee) [o'suliivan 2004]

iImproves what is still a sequence alignment by finding similar
sequences with known structure

SALIGN [Madhusudhan 2009]
Uses sequence and structural features to perform alignments

DeepAlign [wang 2013]
Uses sequence, tertiary and secondary structural features to
perform alignments



Matt [Menke et al. PLoS CB 2008]

Multiple Alignment with Translations and Twists

purely structural aligner

performs well, particularly at remote homology

finds optimal local alignments of short blocks; greedily extends
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Formautt swvc sioinformatics 2012]

Structural block Structural block

Sequence

Alignment ' Structural

Alignment

Consider window lengths of
5, 10, 15, or 20 residues



Formatt allows choice of sequence aligner and
seqguence vs. structure window

ClustalW (Thompson, Higgins, Gibson — 1994)
MUSCLE (edgar - 2004)

ProbCons (Do, Mahabhashyam, Brudno, Batzoglou — 2005)

Mafft (Katoh, Misawa, Kuma, Miyata, Toh — 2002-2010)

Formatt uses sequence alignment on window lengths
of 5, 10, 15, or 20 residues

Beyond this window, Formatt uses structural alignment



Formatt results

SABMark Twilight Zone

CONS Score
N

Formatt Matt SAlign Mustang



Formatt results

HOMSTRAD

CONS Score

Formatt Matt SAlign Mustang HOMSTRAD
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How to compare alignments

Aligned Core Length Aligned Core Length

™ VLSPADKTNVKAAWGKVGAHAGEYGAEALERMFLSFPTTKTYFPHF——-———— DLSHGSAQ
" GLSDGEWQLVLNVWGKVEADIPGHGQEVLIRLFKGHPETLEKFDRFKHLKSEDEMKASED
I Q VKGHGKKVADALTNAVAHVDDMPNALSALSDLHAHKLRVDPVNFKLLSHCLLVTLAAHLP

score LKKHGATVLTALGGILKKKGHHEAEIKPLAQSHATKHKIPVKYLEFISEAITIQVLQSKHP

RMSD

- AEFTPAVHASLDKFLASVSTVLTSKYR-=—=—=—-—
W GDFGADAQGAMNKALELFRKDMASNYKELGFQG

Staccato [shatsky 2006] provides an objective measure of the quality of
an alignment in terms of both sequence and structure
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Seq =9 x (1 — (Seq’ +4)/9.75)
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Staccato: a tradeoff between sequence and structure

Cons =w x Seq+ (1 —w) x Str

ZAD(Ci, Cj)
Str = &
A
9 if rmsd(c;, cj) > 22.62A |
Dfeis ;) = L otherwise

|
f " rmsd(c; ,cj)

f =0.07
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Staccato can balance sequence & structure

Staccato assumed an equal weighting of sequence and
structure

This weighting could be tuned for presumed remote vs.
close homology

How else might we balance sequence vs. structure?

What about incremental cost?
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How can we incorporate structure?

Build a structural alignment

Then align sequences whose structure we don’'t know

Much like T-Coffee

But what if we predict structure at the same time?
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How do we find the highest-
scoring a”gnment?[vnerbi, 1967)
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3-sheets

Amino acid

subunits




SMURF: Structural Motifs Using
Random Fields [Menke, et al. PNAS 2010]
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How to make the SMURF energy function tractable?
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What does this cost?

[] n—L—(xlnae) =020k x (Imaz))
1€(1..k)

~ O(nk/z)

for n residues, total 3-strand length L,
k [3-strands, and a maximum strand length /max

As many as 61047 possible placements!
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MRFy results

Median % alignment columns correct vs. Matt

% Columns Correct

MRFy SMURFLite HMMER



SMURFLite HMMER

MRFy
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Summary

iIncorporate sequence into structural
alignment

trade off sequence vs. structure
predict structure from sequence

and a possible approach for combining them



My Questions

Balance bi- (or tri-) optimization criteria

Incorporate structure data in sequence alignments

Suggestion: this consensus should at least be cross-validated
on predictions that have other biological evidence.
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PSIPred-based placement
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SMURFLite Placement
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MRFYy: stochastic search on MRFs

Ways to start Ways to search
Random placement Simulated Annealing
PSIPred Genetic Algorithm
Projected on model Local Search

SMURFLite



Local Search: Exploring a
Neighborhood
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MRFy: stochastic search on the
SMURF MRF

Ways to start Ways to search Ways to end

Random placement Simulated Annealing Time limit

PSIPred Genetic Algorithm Convergence

/Projected on model , ~ {_Local Search 3
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True Positive Rate

1.0

0.8

0.6
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Nucleic acid-binding Proteins

MRFy: 0.95
HMMER: 0.75
RAPTOR: 0.49
HHPred: 0.67
CNFPred: 0.66
SMURFLite: 0.92
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Results: AUC on B-barrel superfamilies

Superfamilies HMMER |HHPred |CNFPred/ |SMURFLite |MRFy |MRFy (SL)
RaptorX

Translation proteins - 0.66 0.68 0.93 0.91 0.95
Barwin-like endoglucanases - 0.75 0.79 0.77 0.92 0.94
Tudor/PWWP/MBT 0.78 0.67 0.83 0.83 0.86 0.86
Nucleic acid-binding proteins 0.75 0.67 0.66 0.89 0.95 0.95
Cyclophilin-like 0.67 0.7 0.68 0.85 0.8 0.85
Sm-like ribonucleoproteins 0.73 0.77 0.75 0.85 0.77 0.87
Prokaryotic SH3-related domain 0.81 _ _ 0.83 072 0.84
Translation proteins SH3-like 0.83 0.86 0.71 0.62 0.63 0.63
PDZ domain-like 0.96 0.99 1 0.97 0.95 0.96
FMN-binding split barrel 0.02 0.61 0.93 - - -
Electron transport accessory proteins | (.84 0.77 - 0.66 0.68 0.68




