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Perhaps the most studied problem in computational
biology Issequencalignment

Given

¥ stringsA and , and

¥ scoresfor substituting, inserting, and deleting letters,
Pnd

¥ a series of edits that transformrs  inB , and
¥ minimizes thesumof its scores.

For strings of lengtm this can B@lvedin O(n?) time.
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Biologistsscorean alignment using

¥ Substitution score! 4, for replacinga by
¥ Afbne gap penalty + "# for a gap of length
I Gap-open penalty per gap

| Gap-extension penalty per insertion or deletion

Together o ,v ! specify thecoring functioffiy » 4(A).
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In practice the question inevitably arises,

What are the right values
of + ,+ ,1 touse?

¥ Biologists conventionally ugaM or BLOSUM matrices for
substitutionscores o

¥ No standard for choosingappenalties: !
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Motivation

Inverse parametric alignmeistan objective way to
resolve this question. Informally,

Given
¥ exampleof correct alignments,

pPnd

¥ valuedor the parameters such that
¥ each example is amptimal scorincalignment of its strings.

Thislearnsthe right values from examples.
Examples could be alignmentspobtein structures
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Related work

Inverse parametric alignment farbitrarily manyparameters
and examples was Prst solvedKscecioglu, Kim (2006)

¥ Debned threevariations(optimal, near-optimal, unigue-
optimal)

¥ Solved all three impolynomial-timefor linear scoring function

¥ Ranfast(200 parameters, 200 examples, 4 minutes)

Similar approach for parametric spanning trees was
Independently discovered iyppstein (2003)
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Alternate machine learningpproaches include

¥ Discriminativetrainingon conditional random belds by
Do, Gross, Batzoglou (2006)
requires solving aonlinearoptimization problem

¥ Supportvector machindncorporating alignment recovery b
Yu, Joachims, Elber, Pillardy (2007)
requires solving guadraticoptimization problem

Our approach use8nearprogramming, and for the prst time
rigorously addressesiissing data
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For inversealignmentour approach

¥ Rigorously treatgartial examples
¥ Improves the model to minimizeverage error
¥ Boosts therecoveryrate for multiple alignment by up to 25¢

¥ Runsfast(200 parameters, 200 examples, 4 hours)
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Inverse alignment

The basiclnverse Alignment Problem is:

Given
¥ examplealignmentsA; Ay of strings, and
¥ a scoringfunction f o Withparametersp = (pg,...,P:),

Pnd
¥ valuesx = (Xq,...,X;) for the parameters such that

¥ eachA; is amptimalalignment of its strings undé

This may haveo solution
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Generalizations

We generalizanverse alignment in two directions.

¥ (Error mode) When the examples cannot be made optim
they can be madeear-optimaby minimizingscore error.

¥ (Missingdatd For alignments that have missubata, we
considerpartialexamples
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In practice not all columns in an example azéable

¥ In unreliable columns, the alignmenhis specibed

reliable

aahEFCAV-AWETTHgqgvmik
h--WGCPgVAWLTTIvmh--—

unreliable

¥ Such alignments are callpdrtialexamples

¥ Alignments withall reliable columns areompleteexamples
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Partial examples

Our approach to partial examples usesmpletions

aahEFCAvV-AWETTHggvmik

partlal exampIeA h--WGCPgvAWLTTIvmh---

aahEFCA-vAWETTHgqvmik

CompletlonA —-hWGCPgvVAWLTTI--vimh-

We compute anoptimalcompletionA using &xed
parameter choicex .
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Inverse Alignment fronpartialexamples witrerror
modelE Is

Given

¥ partialexamplesA, ..., A, and

¥ a scoringfunction f » With parametersp = (p, ...
Pnd

¥ a parametewector

X' = argmin min FE(x),
x"D Ay A

where E iIs eitherE s Or B .

This minimizes oveall completionsof the examples.
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Our approach

For relativeerror on completeexamples, inverse alignment
was solved in polynomial time yececioglu, Kim (2006)

For absoluteerror on partialexamples, our approach is to

¥ Addresspartial examples using completions
¥ Reducethis transformed instance to a linear program
¥ Eliminatedegenerate solutions to the linear program

¥ Solvethe linear program by a cutting plane algorithm
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Reduction

We reducelnverse Alignment to Linear Programming
as follows.

¥ For eachA; anaveryalignmentB of the example strings,
the system has amequality

Fx(Ai) ! Tx(B) " 1

¥ The objectiveis to minimize the average absolute error

We can solve this system polynomialime, even though it
has arexponentianumber of inequalities!
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The separation problenfor a linear prograniL Is

Givena candidatesolution x , either
¥ report that x satispes , or
¥ bndaninequalityof L violated byx .

Theorem(Equivalence of Optimization and Separation)

Linear programi is i the separationproblemfor L
solvable in polynomial time is solvable in polynomial time

We cansolvethe separation problem fok examples on
strings of lengthi  iO(kn?) time.
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Solving the linear program

In practice, we solve the linear program using a
cutting planealgorithm.

. Start with asubsetP of the inequalities i

. Find anoptimalsolutionk to P (if nok existsL is infeasible)

. Call theseparatioralgorithm forL onk .
If X satisPe$s qutput kX (it is an optimal solution td- )

. Otherwise, add the violatechequalityto P,
and loopback to Step 2

Cutting plane algorithms are ofténstin practice.
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Solving the linear program

We initializeP to the domainD given by

¥ Bounding bovinequalities
(0,0,0) ' (oap,v,A) ' (1,1,1)

¥ Identity inequalities
0aa ! o0ap forall pairsat b

¥ and anondegeneracinequality ...
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Eliminating degenerate solutions

Degeneratesolutions achieveero error by giving all
alignments the same score.

¥ The followingtrivial solutionsare degenerate
", # ! (2c,0,c) :c" O

¥ We eliminatetrivial solutions by adding t®  the inequality

2papb! ab ! | pg ! aa !
a,b:akb a
where ' Is thedifferencebetween the expected score of a
random substitution and identity for a default scoring scheme.
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Approach for partial examples

We iterativelysolve problems on complete examples.

. Start withinitial completionsA using default parametess
. Computeoptimal solutionx' for the complete examples

. Compute theoptimal completions? using parameters’

. SetA := A and loop back to Step 2
until error for X' converges

Denote the \)/alues computed at the th iteration by
x(0) and A'
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Theorem(Error Convergence for Partial Examples)

For theiterative approacho partial examples, let error
g = E x0
where E iSE,,s OrE, for completionsKi(j! Y Then
e > e > aa> €,

where € is theoptimal error for partial examplesA; . |:|

Hence the approachonvergesbut not necessarily te@
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Experimental results

Our examplesare drawn from thePALIsuite.

¥ PALI (2003ontains 1700 benchmarkultiple alignmentof
all SCOP (1995protein families.

¥ Benchmarks were computed Isyructural alignmenusing
MUSTANG (2003)

¥ All PALI alignments with at least 7 sequences and nontrivial
gaps constitutd. 00 benchmarks

¥ Our partialexampleome from induced pairwise alignments
In these benchmarks.
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Error and recoveryimproveacross the iterations

1.0 . . . .
919 o —0— — ¢ 95%
recovery rate

As error decreases
recovery rateincreases

This also holds for
relativeerror.
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We studied the followingubsetf PALI.

Bench- Number Percent Core block
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U 100 14 29% 40%
50 15 30% 41%

P
Q 50 12 28% 40%
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Dataset

For cross validatiortests,U was partitioned® an@
For extensivetesting,U was reduced t&
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Recovery ratefor benchmarks front

Bench- Pairwisealignment Multiplealignment
marks absolute relative BrLosumMé absolute default

c.95.1.1 48% -13 -9 70% -25
e3.1.1 51% 17 -4 77% 11
c.95.1.2 69% -36 -23 83% -18
b.43.3.1 76% -19 -17 93% -11
d.81.1.1 86% -18 -16 98% -13
b.1.8.1 91% -5 -12 99% -9

mean 79% -14 -10 92% -9

AbsolutemodeloutperformsBLOSUM6 2 andOpal default.
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Trainingset Testset
Datasetexample!% identity U P Q
U 200 33 83 85 82
P 150 35 83 86 82
Q 150 32 83 84 81

Similar recovery suggests absolute magksieralizesvell.
Single iteration take$0 minuteswith 4,000 cutting planes

Each dataset takésiterations
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Conclusion

We have developed an improved approachrigerse
parametric alignment

¥ Rigorously treapartial examples

¥ Improve the model to minimizaverage error

¥ Boost therecoveryrate for multiple alignment by up to 25%
¥ Achieve goodharametergeneralizatiorto other families

¥ Runfast(200 parameters, 200 examplesdurs)
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Future research

We want to take this work in severalirections

¥ Learnhydrophobic gapenalties
¥ Incorporateexample recovergirectly into the formulation

¥ Usereqgularizatiorfor better generalization
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