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Protein Motif Recognition |

Intro duction

One of the most important problemsin molecular biology is the protein structure

prediction problem: given the one-dimensionalamino acid sequencehat speci es a

protein, what is the protein's fold in three dimensions?This problemis critical, since
the structure or fold of a protein provides the key to understandingits biological

function, and proteins play a variety of important rolesin the body (e.g, asenzymes,
antib odies, etc.). Proteins may also be assaiated with particular human diseases,
and thus, understanding protein structure may be usedto better understand these
diseasesnd to do rational drug design.

Unfortunately, determining the three-dimensionalfold of a protein is very di cult.
Experimertal approahessud asnuclearmagneticresonancd NMR) and X-ray crys-
tallography are expensiwe and can take a long time (sometimeslongerthan a year).
As aresult, there is a large gap betweenthe number of known protein sequenceand
the number of known three-dimensionalprotein structures. This gap hasgrown over
the pastdecade(and is expectedto keepgrowing) asa result of the variousworldwide
genomeprojects. Thus, computational methods which may give someindication of
structure and/or function are becomingincreasinglyimportant.

Levels of Protein Structure

The structure of a protein is characterizednot only by its amino acid sequenceand its
full three-dimensionalstructure, but alsoby someintermediate levels. The following
structures are in increasingorder of complexity.

Primary structure: the linear amino acid sequencef a protein.

IThis lecture is adapted from earlier lectures given by Bonnie Berger and myself. Scribe notes
are adapted from notestaken by Casim Sarkar when | lectured at MIT.



Seondary secondary: the local regular structures commonly found within pro-
teins. Theseinclude -helicesand -sheets. (SeeFigures0.1and 0.2.) Often
amino acid residuesin a particular protein structure that are not part of either
an -helix or a -sheetare put into a catch-all \other" category

Super-secondary structure (or motif): local folding patterns built up from par-
ticular secondarystructures (e.g, the EF-hand motif consistsof an -helix,
followed by a turn, followed by another -helix).

Tertiary structure: the full three-dimensionalstructure of a protein.

Quaternary structure: the arrangemenm of se\eral protein subunitsin space.

Figure 0.1: An -Helix; takenfrom Intr oduction to Protein Structure by Brandenand
Tooze(1991)

Figure 0.2: A -Strand and antiparallel strandsin a -sheet;takenfrom Intr oduction
to Protein Structure by Branden and Tooze(1991)
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Types of Computational Problems

1. How canonetry to predict the three-dimensionalfold of a protein (either the
exact or overall fold)? There are many approadesto this problem. Here we
give just a few:

Model all the energeticsinvolved in protein folding, and try to nd the
structure with lowest free energy This is a very di cult problem, both in
terms of the modeling aswell with the searding of the vast conformational
space.

Exploit high sequencesimilarity and usealignmerts. Two sequenceshat
have just 25% sequencddertity usually have the samethe overall fold.
Alignments are probably the most widely usedtool for getting an idea
of a protein's 3D structure; however, they are useful only when there are
similar protein sequence$or which structural information is known.

Use the threading approad. This approat starts with the obsenation

that many protein structures have similar folds, and assumeshat there

are just a limited number of distinct folds. Then, for a protein sequence,
the goalisto nd the known protein structure which \b est ts" it according
to somestatistics-basedpotential function.

2. Sincepredicting the three-dimensionalstructure of a protein is di cult, many
researbers have focusedon trying to predict the secondarystructure of a pro-
tein. That is, for eat amino acid in a protein, can you predict whether the
amino acid is in an -helix, -sheet,or neither? Unfortunately, predicting the
secondarystructure of a protein is alsoa very di cult problem, perhapsbecause
the secondarystructure dependson the overall three-dimensionalstructure of
the fold. For example,there are 5-longamino acid subsequencethat are known
to occur in helicesin one protein, and in sheetsin another. Most methods for
secondarystructure prediction are statistical in nature, and the overall three-
state prediction accuracyis about 70%.

3. Can you recognizeprotein structural motifs? The structural motif recognition
problem is: given a particular structural motif, determine if it occursin a
given amino acid sequenceand if so, in what positions. Protein structural
motifs are made up of particular secondarystructure units, often in particular
conformations. Thus, they canoften have a regular structure which makesthem
amenableto computer-basedmethods.



Recognizing the Coiled Coil Structure

The rest of this lecture will be dewted to the third question and will speci cally
addresscoiled coils, although the techniques can be extendedto recognizingother
motifs. Our focuswill be on the following question: given a subsequenc®f amino
acid residues,doesit fold into a coiled coil? Determining experimertally whether
a subsequencdolds into a coiled coil can be quite time-consuming. Thus, ideally,
we would like a reliable computational method to predict whether a subsequencef
amino acid residuesfolds into a coiled coil. Thesepredictions canthen be veri ed in
the laboratory.

A coiledcoil is a structural motif that is foundin brous proteinssud asthosemaking
up hair and skin, in seeral DNA-binding proteins,andin many viral menbranefusion
proteins. It consistsof two or more -heliceswrapped around ead other with a slight
left-handed superhelical twist. The amino acid sequencesnaking up ead helix can
either be idertical (homo-oligomers)or distinct (hetero-oligomers).Coiled coils have
a characteristic heptadrepeat unit (seeFigure 0.3). Two turns of the helix correspnd
to the sewen positions of the coiled coil: a, b, ¢, d, e f, and g. Residuesin the a
and d positions are buried in the core of the coiled coil (betweenthe helicesmaking
up the coiled coil); theseare typically hydrophobic residues.Predominartly charged
residuesare found in the e and g positions.

Methods for recognizingcoiled coils fall into the following framework:

1. Collect a databaseof known coiled coils and available amino acid subsequences.

2. Devisea method to determine whether the unknown sequencesharesenough
distinguishing sequencdeatureswith the known coiled coilsto be considereda
coiled coil.

Single frequency approach

The rst methods for recognizingcoiled coils looked at the single frequenciesof eat
amino acid residue[5, 3]. This exploits the fact that in someof the positionsin a
coiled coil, certain residuesare more likely to occur than others.

This approat examineshe frequencyof ead residuein eat position in a coiledcoil.
We canbuild a table from the protein databasethat represets the relative frequency
of eadr amino acid in eat position. That is, we have a table entry for ead amino
acid/coiled coil position pair. For example,for leucine and position a, the ertry in
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Figure 0.3: Top view of a single strand of a coiled coil. Each of the seen positions
fa;b;c;d;e;f;gg correspndsto the location of an amino acid residuewhich makesup
the coiledcoil. The arrows betweenthe sewen positionsindicate the relative locations
of adjacen residuesin an amino acid subsequence.The solid arrows are between
positionsin the top turn of the helix, and the dashedarrows are between positions
in the next turn of the helix.

the table is the percenage of position a's in the coiledcoil databasewhich areleucine,
divided by the percenage of residuesin Gerbank (a large protein sequencealatabase)
which are leucine. For example,if the percenage of position a's in the coiled coll
databasewhich are leucineis 27%, and the percenage of residuesin Gerbank which
are leucineis 9%, then the table ertry value for the pair leucineand position a is 3.
Intuitiv ely, this table ertry represets the \prop ensity" that a leucineresidueis in
position a in a coiled coil.

This approad actually looksat 28-longwindows, sincestable coiled coils are believed
to be at least 28 residueslong. Thus for eat residue, it looks at ead possible
position (a through g), and at all 28-longwindows that cortain it. It then calculates
the relative frequenciedor ead residuein the window. If the product of the relative
frequenciedor eat residuein the window is greaterthan somethreshold, we conclude
that the residueis part of a coiled coil. Overall, the single-frequencymethod does
rather well. It hasbeenimplemened asthe COILS program [3] and is widely used.
One weaknessof the method is that it tends to over-predict the number of coiled
coils; that is, it hasa signi cant falsepositive rate.
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Probabilistic Framew ork

It is possibleto state the coiled coil recognition problemwithin a probabilistic frame-
work, and to usethis in methods exploiting higher order dependencieswithin coiled
coil structures; this hasled to coiledcoil recognitionmethods with lower falsepositive
rates[1, 2]. Beforewe give the algorithm, we give the probabilistic framework.

We will estimatePr[z 2 C], whereC is the classof coiled coils. Note that this is not
a probability per se sinceeither z is a coiled coil or not. Howe\er, for corvenience,
we will look at this asa probability. If the estimateis large, then we we will conclude
that z is a coiled coil; otherwise,we will concludethat z is not a coiled coil.

Pr[z 2 C] Pr[X 2 CjX = z]
PriX 2 Cj(Ry=r1) " (R2=r2) " 111" (Rag = rag)]
Pri(X 2 C)" (Ry=r) M 127 (Rag = rag)]

Pri(Ry=ry) " 111" (Rag = Ias)]

Usingrepeatedapplicationsof the de nition of conditional probability, we canexpand
the numerator of this expression(i.e., Pr[(Ry = ry) "~ ::: M (Ryg = rg) M (X 2 C))):
PriRi=rqj(Ra=1r2) " 111" (Rag = r28) " (X 2 C)]

Pri(R2 = r2j(R3 = rg) ™ 111" (Rog = rzg) * (X 2 C)]

Pr[Rzg = rzng 2 C] Pr[X 2 C]
7

PriRi = rij(Rix1 = riz1) M 11N (Rag = 1) * (X 2 C)]
i=1
Pr[Rzg = rzng 2 C] Pr[X 2 C]
The denominator can be expandedin a similar manner.

To estimatetheseprobabilities, we start making assumptions.We cannaively assume
that the residuesare independen of eat other:

Pr[Ri = rij(Ris1 = ris1) " :1:" (Rag = 1) (X 2 C)] = Pr[R; = 1;jX 2 C]

and
PriRi = rij(Rj+1 = ri+1) ™ ::: ™ (Rog = rag)] = Pr[R; = ril:
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If we simplify the previousequationswith this assumption,then the resulting formula
gives the product of the single frequencies. That is, we get the single frequency-
approad.

Of course,in reality, we do not expect the residueprobabilities to be completelyinde-
penden. For example,wewould expectthat aresidueis in uenced by its neighboring
residues.So a better assumptionis that only adjacent positionsin the sequencere
dependert:

Pr[R; = rij(RH% = ris) NN (Rog=18) M (X 2 Q)
= Pr[R; = rij(Ri+1 = rix1) * (X 2 C)]
Here we are assumingthat dependenciesare captured by adjacencyin the sequence.
There can be other dependenciesfurther on in the sequenceput we are assuming
that whatever dependencie®xist canbe capturedby neighooring residues.Using this

assumption(and the analogousassumptionfor the probabilities in the denominator),
and somesimpli cation, we get:

Prz2 C] = Pr[X 2 C]
21 Pri(R = 1) » (Rivs = 11a)i(X 2 O)]
<2, Pr[R; = r;jX 2 C]
R 20 PriR; = ri]
PR = 1)~ (Riet = Tie1)]

This is better than the naive assumption of complete independencebetween the
residues. Howewer, we can make even better assumptions. Namely, we assumethat
the probability of a residuedependsupon seveal neighboring residues and the nature
of this dependenceis determinedby the motif structure. For example,for the coiled
coil motif, a residuein position i is nearthe next residuein the sequencéut is also
near residuesin positionsi + 3 and i + 4, becausethese positions comebad in the
three-dimensionalstructure and are near position i. For example,position a is near
positions b, d, and e (seeFigure 0.3). Thus the following is a better assumptionfor
coiled coils:

PrIRi = rij(Risa = Fisa) ™ 1227 (Rag = T2g) * (X 2 C)]
= Pr[Ri = rij(Rixz = ri+1) ™ (Rixa = ri+3) ® (Riva = risg) N (X 2 C)]
We canagainplug this in, but now the equationis much more complicated. Although
this is a better assumptionthan the others, we still have a problem: there are terms

with 4-tuples, and the table getsbig ((7 20)* ertries). Moreover, we do not have
enoughdata for this assumption,somany of the erntries are 0. As a result, we try to
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capture this by assumingfunctions over pairwise dependencies.Namely, we assume
that:

PriRi = rij(Ri+1 = rix1) " 121" (Rog = rag) N (x 2 C)]

f (Pr[Ri = rij(Riss = risa) * (X 2 C)J;
Pr[Ri = rij(Ri+s = ris3) * (X 2 C)];
Pr[R; = rij(Ri+4 = rixa) * (X 2 C)])

where the function f can be a weighted average,a minimum, a maximum, or a
product.

Theseassumptionscan now be usedto estimate Pr[z 2 C]. We can estimate these
probabilities becausethere is enoughdata to make a pairwise table. Experimertally,
it was determinedthat the taking the averageover pairwise probabilities worked the
best.

This method works very well. In fact, if it is run onthe PDB, the protein databaseof
solved structures, it removesall falsepositive results. PairCoil was later extendedto

the domainof three-strandedcoiledcoilsusingmultidimensional clusteringin the Mul-

tiCoil program[8]. This programis alsoable to distinguish 2- and 3-strandedcoiled
coils. The LearnCoil-Histidine Kinase program [7] was written to predict coiled-coils
in histidine kinaselinker domains. LearnCoil-VMF [6] wasdewlopedto predict coiled
coilsin viral menbrane-fusionproteins. This programwasusedto idertify coiledcoils
in many diverseviral menbrane fusion proteins, including those of many retroviruses
(e.g., human T-cell leukemiavirus, HIV, Visna), paramyxovirues (e.g., parain uenza
viruses,mumps) and lo viruses(e.g., Ebola). Seeral of thesepredictions have since
veri ed. For example,the predictedregionsof Visna virus were syrnthesizedand used
to setcrystal trays, and X-ray crystallograply revealedthe predicted structure [4].

Windo w based algorithm

We have talked about the probabilistic approad for deciding whether a 28-residue
subsequences a coiled coil. Now we will considera longersequencef somearbitrary
length n, and determinewhere,if at all, coiled coils occur in the sequence One way
of doing this is to look at ewery cortiguous subsequencef length w = 28 and to run
the test we just descriked to determine which subsequenceare likely to be coiled
coils. The running time of sud an algorithm would naively be O(pwn) wherep is
the period of the motif (p = 7 for the coiled coil motif). That is, the most naive
way is to look at all cortinuous subsequencesf length w and run the test we just
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descriked to seewhich subsequenceare likely to be coiled coils. The running time
of this method is O(pwn), becauset needsO(w) stepsper period per window, and
there are p periods per window and O(n) windows total.

Actually, we want to computea scorefor eat position in the sequenceWe cande ne
the scoreof ead position j asthe maximum, over all windows W of sizew which
cortain residuej and over all possibleperiods p, of the probability that window W
with period p is a coiled coil.

Now, we shav how to compute the scoreof eat position in O(pn) time.

We de ne score(j ) asthe scoreof the w-long window ending at position j. After we
have computedthe scoreat positionj 1 (i.e., score(j 1)), the scoreof position
j can be computedfrom score(j 1) by adding the cortribution of position j and
subtracting the cortribution of positionj w. For ead position, the scoreis computed
for all periods p, soit takesO(pn) stepstotal to compute all the window scores.

To computethe maximumwindow scoreM (j) for ead residuej (i.e., the maximum
scoreof any window that cortains residuej ), we candivide the sequencento dn=we
cortiguous blocks of sizew (exceptthe last block, which will beof size  w). Thenwe
de ne two scores:N| (j ) is the maximum score(k), wherek rangesfrom the beginning
of j 's partition block to positionj andNg(j) is the maximum score(k) wherek ranges
from the endof j 's partition block to positionj. N (j) (and Ng(j)) canbe computed
by a singleleft-to-right (right-to-left) segmeted pre x over the sequencestarting a
new maximum ead time a barrier of a partition block is crossed.lt takesO(n) time
to computethesevaluesfor eat residue. It canbe shovn that

M(j) = maxfNg(j);NL(j + w 1)g;

and thesevaluescanalsobe computedin O(n) time. Thus, the total time to compute
scoresfor eat residueis O(pn).
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