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Abstract— Part of the challenge of modeling protein sequences A general challenge in analyzing protein sequences is
is their discrete nature. Many of the most powerful statistcal that they are by nature discrete sequences. Although there
and learning techniques are applicable to points in a Euclidan exist many powerful techniques for the analysis of discrete

space but not directly applicable to discrete sequences. @nway . .
to apply these techniques to protein sequences is to embedeth sequences such as hidden Markov models (HMMs) which

sequences into a Euclidean space and then apply these teaumes have been successfully applied to biological sequence$[p]
to the embedded points. In this paper, we introduce a biologially many of the most powerful techniques in statistics and iegrn

motivated sequence embedding, theomology kernelwhich takes  are de ned over points in a Euclidean space, and it is non-
into account intuitions from local alignment, sequence horalogy, trivial to adapt them to discrete sequences. Recently,raeve

and predicted secondary structure. We apply the homology kel .
in several ways. We demonstrate how the homology kernel can methods have been proposed to analyze the space of proteins

be used for protein family classi cation and outperforms state-of- as @ nite metric space[7], or implicitly represent sequesic
the-art methods for remote homology detection. We show thathe in a Euclidean space in recent works on string kernels such as
homology kernel can be used for secondary structure predi®n the spectrum or mismatch kernels[8], [9], or through imiplic
and is competitive with popular secondary structure predidion embeddings using “bio-basis” functions[10], [11].

methods. Finally, we show how the homology kernel can be used In this paper we present theomology kernela sequence
to incorporate information from homologous sequences in lcal ] : ; ) e
sequence alignment. embedding that incorporates the biological intuitions of |
cal alignment, information from homologous sequences, and
. INTRODUCTION information from secondary structure. The idea behind gur a
The analysis of protein sequences is one of the maqgsiach is to embed a sequence as a point in a Euclidean space
successful areas in bioinformatics. Three major ideasmtod i referred to as théeature spaceThe position of the image of
itions are used over and over again in many of the succesdfig sequence in the embedded space depends on the sequence
techniques. These include the use of local alignments, gke @&s well as its homologues and secondary structure. Disgance
of homologous sequences and the use of secondary struche®veen points in the feature space capture intuitions ®f th
information. local alignment. A pair of sequences with homologues which
Local alignments provide insight into the evolutionary rehave close local alignments to each other will be closer én th
lationship between two sequences. This evolutionary mésr feature space than a pair of sequences with homologuesatista
tion can be used to infer a functional or structural relatiofirom each other. Since the dimension of the Euclidean sgace i
ship from the strength of the local alignment. The Smithsery large and the sequence embeddings are sparse, pnacessi
Waterman[1] and BLASTI[2] algorithms for local sequencéhe points in the feature space directly is very computatign
alignment are some of the most useful methods for protegmpensive. We instead process the embeddings using a kernel
analysis. Information from homologous protein sequeness hwhich allows us to efciently compute inner products of
also been applied to many different problems. Some of tiraages in the feature space directly from the sequences.
most popular applications of this technique are the PSI-The homology kernel builds upon a general framework
BLAST[3] and PHD[4] algorithms. PSI-BLAST uses homofor constructing string kernels based on substrings. Is thi
logues to generate a pro le for a protein query sequence paper we introduce this framework in the construction of the
re ne database homology search. PHD uses homologueshtmmology kernel. Many previously presented string kernels
generate pro les for the prediction of secondary structureuch as the spectrum kernel, mismatch kernels, or wildcard
In many cases function and structure are shared among kernels can be approximated by specic instances of our
mologous sequences and intuitively, common amino acideneral framework in which they are often more ef ciently
among the homologues are likely to be either functionallgomputed. This generalization is much more exible than the
or structurally important. Using secondary structure Hae a previous kernels and we show that it signi cantly outpenfisr
become popular due to the existence of relatively accurdteth the mismatch and spectrum kernels as well as state of the
secondary structure prediction techniques. Secondargtate art methods applied to protein family classi cation. Fiyal
is often used to improve sequence alignments and to help iné@mputation of the sparse and normalized kernels is eftcien
functional information. through the use of specialized data structures. By apphlyiisg



. . LPQSFLLKCLEQVRKVQADGTAHKLCHPEELVLLG
framework, we are able to embed sequences, their predicted LRLLQALAGISPVRKVQADGTINIWQQMEDLGMAP
secondary structure, and their homologues, in a Euclidean VRKV
space. @ Rvon

The homology kernel has several major advantages. Dis- VQAD
tances induced by the homology kernel capture the intigtion Qﬁgg
of local alignment much better than previous kernels such as
the spectrum or mismatch kernel. Since the method de nes tE?fgktﬁg,LgpQQ/RRK@gAAggTT@még&PEEDEL%ﬁ'A(FB,
an explicit mapping to a Euclidean space, we can apply VRKV
statistical and learning techniques directly in the feaspace. (b)
As compared to the traditional prole based measures of
similarity, the homology kernel does not lose informaticon ADGT

the Se?uenceijg’.hmh IShIOS;Whe? Co”ipsm? t.he. Se?ue S(Eg. 1. (a) Two sequences which share a region of leSgt¥e show thes
a pro €. !n addition, the homology kernel Is implemente ubstrings of lengtld which are shared by the sequences from the region. (b)
using ef cient data structures. The same sequences with the fth amino acid of the region gbdnNotice

We demonstrate the use of the homology kernel for leartiat now only2 substrings of lengti# are shared.

ing from sequences, their homologues and their predictgfiuitions we wish to incorporate are a tolerance for inéxac
secondary structure. We apply the homology kernel to twgatching or mismatches and a notion of similarity between
learning problems: protein family classi cation and pretbn  certain amino acids such as that de ned by substitution imatr
of secondary structure. The homology kernel applied togimot ces. We also show how distances between the images of two

family classi cation, HK-PFC, outperforms state-of-thet empedded sequences are related to the their local alignment
methods on a widely used benchmark dataset. The homol-

ogy kernel applied to secondary structure prediction, HKd. Local Alignments and Substrings
SSP, performs comparably with popular secondary structureTo motivate our embedding, we consider as an example
classi cation methods. An advantage of the homology kernal small portion of a local alignment shown in Figure 1(a).
as compared to the popular neural network based approactmsitively the “quality” of the local alignment is the amou
is that we can inspect our trained model to get biologicaf similarity between the portions of the alignment. One
intuitions about how it makes predictions. way to quantify the amount of similarity is to consider the
Our third application, HK-ALIGN, demonstrates how thexumber of overlapping short substrings that the two locally
homology kernel can be used to locally align sequencesdigned regions share. Due to the overlapping nature of the
Instead of using a substitution matrix for local alignméi€-  short substrings, if two sequences share a region of lelngth
ALIGN uses the distance induced by the homology kernetiey will sharel k + 1 substrings of lengttk from this
over two aligned columns as the similarity score for locakgion. If they share a region of length then they will
sequence alignment. In this way, HK-ALIGN aligns twoonly share a single substring from this region. The number
protein sequences using dynamic programming taking intd short substrings that two sequences share can be viewed
account their homologues. This approach has some singhkaritas an estimate length of regions that they share, but only for
to the approach of Yona and Levitt [12], who compare pairegions longer thak.
of pro les and approaches that incorporate secondarytsirec  If we consider an example where two sequences share a
into alignments. Again, HK-ALIGN differs from pro le based region which contains one mismatch such as in Figure 1(b),
techniques in that it compares the sequences as opposeal tard notice that the number of shared substrings decreases
pro les. We evaluate HK-ALIGN by showing how it can alignsigni cantly. Although the two sequences are not identical
a pair of remote homologues from the MEROPS[13] databatkeey clearly are very similar to each other with respect talo
which according to BLASTP, have no signi cant sequencalignment. In particular, the specic substitution thatcacs
similarity. in the example (fromQ to R) is likely due to the similar
chemical properties of the amino acids. Therefore, in order
Il. EMBEDDING SEQUENCES IN AEUCLIDEAN SPACE for a substring based notion of similarity between sequence
The main idea behind the embedding de ned by the homdb be similar to local alignment, it must take into account
ogy kernel is that sequences are represented as collecionsome notion of partial matches of substrings, and to take int
xed length substrings (of lengtk) obtained by a sliding win- account the chemical properties of the amino acids as edcode
dow. The homology kernel has its roots in the spectrum kerriela substitution matrix.
[8] which rst applied this technique to biological sequesc  The main idea behind our embedding is that we embed
These sets of xed length substrings are mapped into a featsubstrings in a way that allows for partial matchings. Irsthi
space which consists of a dimension for each possible xegppace a substring is embedded close to other similar sodpstri
length substring. In the case of protein sequences, thérepec In addition, substrings that differ in amino acids that are
kernel maps the sequences int@@ dimensional space. similar are closer than substrings that differ in amino atidht
We generalize the implicit embedding of the spectrumre dissimilar. Below we describe a method for constructing
kernel to take advantage of intuitions of local alignmeriteT such an embedding.



B. Constructing embeddings based on substrings dimension is indexed by k-mera and an intege. i n

We introduce a novel exible framework for constructing The mapping is as follows:
embeddings of sequences ba_sed on substrings: In thi§ frame- ~ 1 if k-mer w appears at leasttimes inx
work we de ne several properties of the embedding which we wii (X) = 0 otherwise.
would like to achieve. The rst is the@ormalizationproperty, p
which relates the norm of an embedded sequence to litds easy to see that  (x); (y) >= wi (X)) wi (Y)
length and relates the cosine between two embedded segueffolements Equation 3. The contribution o (x); (y) >
to the number of substrings they share. The second is fl#¢ all terms in the sum indexed hy is the number of times
sparsity property, which allows for approximate matchingV occurs inboth sequences.
of the substrings. The third is grouping property which ~ The normalized spectrum kernel has some very intu-
allows for the approximate matching to take into accouffive properties. For sequences and X;, the maximum
chemical properties of the amino acids. We will show how t8f NSK«(xi;x;) is min(jxij;jx;j). Similarly the norm of
construct an embedding that satis es all of these properti@n image of a sequenoce in the feature spacejx;jj®> =
The embedding we present in this paper, the homology kern8ISK k(xi;xi) = jxij. The normalized spectrum kernel is
is constructed from a normalized sparse kernel with gragsin €quivalent to considering the number of commksmers
Since these embeddings are explicitly de ned, we can vebgtween two sequences. Consider two sequercesd X; .
easily apply learning algorithms to images of the sequende&! jixi \ X;jj denote the number of shared substrings. The
in the feature space such as SVM. cosine of the angle between the two sequencess =

The Spectrum Kernel and Normalized Spectrum Kernelsjfxfijj\jjx;j”jj which is very intuitive. We refer to this property as
Each sequence is denotad 2 where is the alphabet normalization

of amino acids. Ak-mer,a2 ¥ is a sequence of lengtk The normalized kernel can be implemented in linear time.
Sequence; containsk-mer a if x; = uav. In this case we The complexity of performing a kernel computation between
can writea = x” wherea is at thepth position ofx;. We two sequences; andx; is O(k(jxij + jx;j)) if implemented
de ne jx;j as the number df-mers inx;. LetN (a;x;) be the using a trie data structure[8].

number of timek-mera appears in sequence. The Sparse Kernel:As motivated in Figure 1, exactly
Using this notation, the spectrum kernel [8] can be de neahatching substrings fail to capture the intuitions behiocal
as alignment. We introduce the sparse kernel, a new method
X for incorporating partial matches between substrings. The
SKk(Xi;Xj) = N(m;x;) N(m;x;) (1) contribution of two substrings from different sequences is
m2 « de ned to be
Another equivalent way to de ne this kernel is through SpK(a;b = @0 (4)

comparing all pairwise subsequences in the two sequerfce
we denotex? andx;' to be thepth subsequence of sequen
xj and theqgth subsequence of sequence respectively and
M (a; b) is a match function de ned ok-mers which returns
1 if the k-mers match and otherwise, we can de ne the
spectrum Kernel as:

%leeredH (a;b) is the Hamming distance or number of mis-
Chatches between k-messandb, and s a parameter. We
note that since we can adjustto be any valuéd < < 1,
the sparse kernel is a very exible family of embeddings. For
a low value of , substrings with a few differences from each
X other are very far apart, while for a higher value afthey
SKi(Xi;Xj) = M (xP; qu (2) are closer together.

In order to implement the sparse kernel, we augmented the
alphabet with a new character - the “wildcard” character

The spectrum kernel is biased toward sequences that congiffoted by “”. Let °= [fg .“ " matches with every
mu|t|p|e instances ok-mers. Suppose two Strings_ and S5 characterc 2 0. A String with a wildcard at pOSItlom will
contain thek-mer a twice each. Then the term correspondingiatch to all strings that differ from it only at position*
to a in equation (1) will beN (a;s1) N(a;s;) = 4. The Fora2 X, the sparse kernel is de ned by the following

xP2x; ;quij

contributions of two different sharekkmers is only2. explicit rréap
i p —~ . /L . ~
We can de ne the n)grmallzed spectrum kernel as follows p @ Y& if w2 * matchesa2 K
NSK(xi;xj) = min(N (m;x;);N(m;x;)) (3 w(@=,
m2 K -0 otherwise.
(5)

The normalized kernel is an explicitly de ned mapping. FO&vhere‘ is the number of wildcards in the. Note that ifk = 1

all of our mappings we use the notatiorix) to de ne the then a substring is nba\pped to itself with weight(l )

function that does the mapping ang(x) to denote thg th and to  with weight ~ . In this case< (a); (a) >=

dimension of the feature space. For the normalized spectrum

kernel, let (X) map a Sequenc_e of r_nammum Iength 1 0js an auxiliary alphabet and serves only for the computatiothe dot
x 2 ", to a feature space of dimensiorfn where each product.




P—P—_ 1 and< (a); (b) >= a trie data structure over the augmented alphabet where we

p
) @ . Lwhe
= . map each substring from; andx; to all 2% substrings in
Claim 2.1: The mapping in Equation (5) satis es the propthe augmented alphabet that it matches. This is much faster
erty of Equation (4). ) ) ) than the mismatch kernel complexity whichQgjk j9(jx;j+
Proot: Leta andbbe twok-mers with Hamming dlstancejxjj)) [9] which contains a factor of j because eack-mer

g? ((a; ?)a):) gd(')\-g' regllt\?vesi(():}lptrr(\)z;ju?vam at((?r)]ie Se(lb; n>d LS tShlfcﬁlIi[n is mapped to a large neighborhood. Several recent variants t
w 3

mersw must contain wildcards on the mismatches (theredarehe mismatch kernel have recently been presented which have
such positions) and either the consensus letter or a wildaiar similar complexity to the sparse kernel[14].

all other locations (th_e remainirig  d positions). Therefore Groupings Kernel:ln addition, we want to take into account
the dot produck (a); (b) >, . . T . .
information about similarities and differences betweerinam

< (@: (> = X9k o d a Tarin )k d i z acids. Differences within a grouping of amino acids should
i ! correspond to closer images in the feature space than-differ
S ag g d X9 Kk d ' jcai ences outside of groupings. The contribution betweenkwo
i a mersa andb from different sequences is de ned to be
k d
= ‘@ )1 — = ¢ S ‘1 —  dw (ab) de(ab)
pKG(a;b) = (7

]
Above we described the sparse kernel for a single strimgheredg(a;b) is the number of mismatches betwearand
of length k. For a longer sequence, we can simply add thewithin a group anddy (a;b) is the number of mismatches
images of its substrings together. We refer to this embeddibetween groups and< < < 1. and are parameters
as theunnormalized sparse kernelnd it can be computed byto the sparse kernel with groupings to allow exibility ineh
UnSPR(xiix;) = X i (<P ©) dif_fls_ahrences between th(_e two typgs of_m?smatches.

S e sparse kernel with groupings is implemented by aug-

XP2XiX 2, menting the alphabet with a special symbol for each group.
which is similar to Equation (2). Alternatively, we can uset For a set of group§, the augmented alphabefCis de ned:
same trick as in the normalized spectrum kernel to construc®®= [fg[ G. A symbol c matches itself, the symbol
the normalized sparse kernel and consider a feature spacemtesponding to its group and theymbol. A stringw 2 °
dimension ¥ and wi indexed both by &-mer,w 2 %, matches any string aral2 ¥ if each of their positions match.

and an integer with the mapping Note thata 2 ¥ matches3 strings in
8 q The sparse kernel with groupings can be implemented using
> @ )k ) ifw2 % matches at de ned as follows:
w;i (X) = > leasti substrings inx E P (M ( )G (1 )k MG if k-mer a matchesw
0 otherwise. w@ =, 0 otherwise ®

The normalized sparse kernel has similar properties to the M is th ber of wildcards i 4G is th b
normalized spectrum kernel such as {hat the norm is squijfereM s the number of wildcards iw andG is the number

root of the number of substringijj = = jxij. of groups characters w. _ .

The intuition for partial matching is similar to that behind Claim 2.2: The mapping in Equation (8) satis es the prop-
the mismatch kernel [9] which allows for partial matching of"® of Equation (7). .
substrings. A problem with the mismatch kernel is that, duet ~ Proof: The dot product< (a); (b) > is the sum of
the way it is de ned, the ratio between the score contributedv(2) over allk-mersw 2 %% such thatw matches botta
by a close match between two subsequences of lekgthd andb. We look at a speci &-merw 2 %8 that matches b_oth
an exact match is very low. This means that the impact 8fandb. The contribution ofw to the sum< (a); (b) > is
near matches is insigni cant relative to the impact of exadpe weighted producty,(a) over allw's positions' weights.
matches. In fact, the unnormalized sparse kernel with £ W must contain the wildcard at all positions whexeand b
is an approximation for the mismatch kernel for one mismatcfisagree (i.e. contain characters from different grouphjt
a relation that can be derived by examining the values of teentributes ™ to (). Next, at all positions where the
mismatch kernel for exact matching substrings and sulggtrifnismatches are between groups, we must put either a wildcard
with one or two mismatches. For the best performfgl)- OF thggroup character. Since there grsuch positions, we
mismatch kernel, this corresponds to an= 0:2. In our have [, ¢ possibilities to locate the group characters,
experimental results below, we show that values ofor €ach contributing( ) 9" to w(a). Finally we have
protein classi cation which perform signi cantly betterre all the matches where we can locate either a wildcard, the

higher values such as = 0:4. This is a signi cant advantage 8PPropriate group charggter or the character itself. d.et
of the sparse kernel over the mismatch kernel. k m g Thenwehave [, [ possibilities to locate the
The complexity of performing a kernel computation begroup characters, and ?:g ¢} possibilities to locate the

tween two sequences andx; is O(2X(jxij + jxjj)) using wildcard. By the de nition of ,(a) gives the bellow equation:



share. This score has the property that the maximum score

< (@) (b) > between the two sequencesnis when the two columns are
Coom P g F e e identical and takes into account partial matching.
i=0 | j=o | S We can de ne the homology kernel over two sets of
- S yie i e i e aligned sequences by considering the set of substrings for
=0 ! = each set as the complete set of substrings in the sequence
= " ? ( R and its homologues. Due to the normalization property that
. ng o the maximum score between two sets of aligned sequences is

Im wherel is the number ok length substrings in the shorter
where the latter is obtained by applying the binomial idgnti sequence. Similarly, the norm af aligned set of sequences
B with | substrings is Im.

We extend the sparse kernel with groupings from its de - \we emphasize that the properties of the sparse normalized
nition for a single substring of lengtk to a sequence in the kernel with groupings were speci cally motivated by the dee
same manner as the sparse kernel. of the homology kernel. Since many of the substrings in a

The complexity of performing a kernel computation becolumn are very close or exact copies of each other, the
tween two sequences andx; is O(3“(jxij + jxjj)) using normalization property avoids the bias to multiple matghin
a trie data structure over the augmented alphabet where §@strings of the previous spectrum and mismatch kernels.
map each substring from andx; to all 3¢ substrings in the |n addition, some columns in an alignment correspond to a
augmented alphabet that it matches. speci ¢ type of amino acid such as hydrophobic amino acids.
The groupings help capture this kind of information. Fipall
using homologues increases the size of the sequences by a

In our embedding, we wish to take advantage of homolgactor ofm, which is typically 50 in our experiments. For this
gous sequences. Our embeddings de ned above function opggson, ef ciency in computing the kernels is very impottan
a set of substrings. The idea behind the homology kernel isan issue in combining local homology kernel scores is how
that we not only embed the substrings in a sequence, but al§Qjeal with insertions and deletions in the aligned segegnc
embed all the substrings of the homologous sequences. Wg use a special symbol to represent insertions which does
de ne this embedding via theomology kernel not match any other symbol including itself. Unfortunately

The homology kernel measures the similarity between twgjs has the effect of slightly reducing the norms of the

sets of aligned sequences. In practice, we are given tWquences in the embedded space since the symbols do not
proteins and are interested in determining their simifafio  match themselves.

apply the homology kernel, we rst apply BLAST over a large
protein database to obtain the homologous sequences for e8¢ Incorporating Predicted Secondary Structure
sequence and align each of the two sets. We then apply the

homology kernel to measure the similarity between the two Abnootlggrtype of mfgrmat![on tthat wSe takeO:nto atccmtmt |n|our
sets. This gives a measure of the similarity between the t ok Ie llng IS seconf arys “_JC uril.h ecgn aryhs ructu .
proteins taking into account their homologues. the local structure of a protein and has been shown to improve

the performance of sequence alignment.

A. Homology Kernel Methods that predict the secondary structure of a protein
classify each residue as belonging to one of four classes:
helix, sheet, coil, or none of the above. For our experiments

I1l. HoMmoLOGY KERNEL

For simplicity, we rst consider the similarity between

two short regions of lengttk where each region contains X
we use the PHD system[4] to predict secondary structure.

k columns of the alignment ain sequences. The homology , X X
kernel is exactly the normalized sparse kernel with grogq;)in':or each protein sequence, we obtain the predicted segondar
applied to these sets of substrings. structure. When incorporating secondary structure, wenekt
Consider the aligned columns of positiprin one sequence our alphabet to contain a symbol fqr each type of secondary
Xi to positionq in the another sequenag. Letx; denote the structu_re element. When embedding a sequence, for each
substring of lengthk, we embed both a substring of the

rth homologue of sequencg. Let x" denote the substring of >** : X X X
lengthk centered at positiop in sequence; andx® denote amino acid residues and a substring of the predicted seppnda
I structure of the residues.

the substring of lengttkk of the rth aligned sequence. We
consider the similarity between the set of sequendesand
x] forall 1 r m by applying the normalized spars
kernel with groupings to these sets of substrings. We refer t At a high level, most of the popular methods that use
this embedding as thiecal homology kernel homologues incorporate them in the same way. They rst
Between these sets of aligned short regions the local homabtain a set of homologous sequences from a database. Then
ogy kernel de nes a similarity score. We can think of the gcorthey align these sequences. Finally they compute a prote fo
between the two sets &fcolumns as similar to measuring thehe sequences from the aligned columns by representing each
number of subsequences of lendgthhat the two alignments position in the alignment by a probability distribution ove

eC. Homology Kernel vs. Pro les



@ _| A(E)c | A(,i)c We test the homology kernel method using the SCOP [18]

AAA

AAA | AAC | AAC (version 1.37) data sets designed by Jaakletlal. [17] for

ACC | ACA | ACA . .

ACG | ACA | ACA the remote homology detection problem. In this test, remote

Fig. 2. Example of Columns in Alignment. Notice that for cwins homology is_ simulated b_y holding out a"_ member_s ofa _ta_rget
(@, (b) and (c) the prole generated from the column is thensa SCOP family from a given super family. Positive training
A=1.0:A=0.5,C=0.5:A=0.5,C=0.5. examples are chosen from the remaining families in the same

amino acids estimated from the amino acid occurrences at ﬁ’r@if family, "’,‘gd r;]egatwe t?St z.alnf:i tfra:gnr_lr% exhanlwdples :?me (.:h
position in the homologous sequences. sen from outside the target family's fold. The held-out fymi

However, when each column of the alignment is collaps embers serve as positive test examples. There are a total of
into a pro I’e some information about the original sequenc‘:gé% families in the data. Details of the data sets are available
and the homologous sequences is lost. For example, const ttp://www.soe.ucsc.edu/research/compbio/disciative.

the sequences in Figure 2. In this example, columns (a) %1% ecause Jaakkola et al. needed to train hidden Markov mod-
and (c) all have the same prole. In the rst position, the for the protein families represented in the positivining

prole is A = 1:0 and in the second and third positions thSets for these experiments, they used the SAM-T98 algorithm
prole is A = 0:5 andC = 0:5. Clearly columns (b) and (c) to pull in domain homologues from the non-redundant protein
are identical and thus more similar to each other while culun?aﬁbaze't Thetse addlt!?nal doma||n h_orrlﬁlogues \_/veretad\(;l\?d
(a) is different from the other two. A fundamental differenc o he da'a set as positive exampies In the expenments. Te
between the homology kernel and pro le methods is that t ote that this additional training de}ta is more advantageo_u
homology kernel is de ned over neighboring columns in th e methods that rely on generative models (such as hidden

alignment instead of a single column which gives some cant arkov models and SVM-Fisher) than it is to our method.

to the sequences. In the example above, the homology kernet E useIROG;g stcort_es t%c:)mpare th;psrfo;_r;:ance of differ-
with k > 1 would give different scores when comparing (afnth omo ogyd etehc lon between mte_ 0 hS te E_b:_ﬁore
and (b) versus (b) and (c). s the area under the receiver operating characteristieecu+

the plot of true positives as a function of false positives —

perfect separation of positives from negatives, whereasies

One of the advantages of and motivations for a sequengey indicates that none of the tdf0 sequences selected by
embedding is that we can directly apply learning algorithns i, algorithm were positives.

the sequences. In the feature space, we can nd a separatingg, comparison, we include results from the mismatch
hyperplane which divides the images of the sequences ifQme| which was shown to be competitive over the same
two classes. For example, we can separate the images of digyset with state-of-the-art methods including the SAS8T
sequences into sequences that are part of a specic protgiffative HMM, and the SVM-Fisher method. We compare
family and sequences that are not. _our results to thg5; 1)-mismatch kernel which was the best
For our experiments, we use the Support Vector Machipgforming of that class of kernel methods[9]. Each line on
(SVM) algorithm, a class of supervised learning algorithmge comparison graphs shows the total number of familiess (th
rst introduced by Vapnik [15]. Support Vector Machines MVy-axis) for which a given method exceeds an R@Gcore
previously been used for protein family classi cation witte i reshold (thex-axis).
mismatch kernel and spectrum kernel [8], [9]. We perform several tests to measure how effective each
Each training example consists of a sequemgeand a aspect of the homology kernel is on its own compared to the
labely' 2 f+1; 1g. Let (x) denote the mapping of the gther methods. We rst apply simply the sparse normalized
sequence to its image in the feature space de ned by th@ernel with 4 values of = f0:2;0:4:;0:6;0:8g versus the
homology kernel. The goal of the learning algorithm is t@ther methods. Figure 3(a) shows the results of this compari
obtain aclassi er which in our representation is a vectar son and we see that the sparse normalized kernel signiyantl
in the feature space representing the normal of the hypplaytperforms the previous methods. As we discussed previ-
de ned by the classi er. The classi cation of a sequencés gysly, the sparse kernel with = 0:05 is an approximation
simply the sign of the dot product between its image and thsy the mismatch kernel and clearly based on Figure 3(a) the

weight vector siglw  (x)). _ _ performance peaks for higher values af We also note that
We can use the Support Vector Machine (SVM) algorithm = ¢:4 is the best performer among the normalized sparse
to obtain such a hyperplane[16]. kernels and we use it for the remaining experiments.

i i L i We apply sparse kernel with groupings of symbols with
A. Protein Family Classi cation Experiments = :7. The groupings of the amino acids[20] and de-
We compare the performance of the homology kernel twmmpose the set of amino acids into the following groups:
other methods over the benchmark data set assembledfByR;H g, fD;Eg, fl;V;M;L g, fCg, fP;S;A;G;Tg,
Jaakkolaet al. [17], and show that our homology kernel sigf F; W;Y g, fN;Qg. Figure 3(b) shows the results for this
ni cantly outperforms previous methods such as the mistmatgrouping. As we can see, it performs signi cantly betterrtha

kernel and the SVM-Fisher method. without the groupings.
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Fig. 3. Protein Remote Homology Results. (a) Different galdior . (b) Incorporating Groupings. (c) Incorporating homolegu

We evaluate the effect of homologues to the sparse normal- MEROPS Alignment

ized kernel. For every sequence in the Jaakkola et al. data | Family A1 | ACAEGCQAIDTGTSLLTGPT
set, we query the sequence using BLAST against the SWISS- | Family A2A | IGGQLKEALIDTGADDTVLEH
PROT database[21] and retrieve up5®homologues. Figure Fig. 4. Alignments of two familiesA1 and A2, both part of theAA clan
3(c) shows the resuls for using he homologues. A recdi, e JROPS e, The Somment & o e e
_related vyork applies a cluster kernels techr_uque to inc@teo cognsegnsus sequencgs from the fami?ies.

information about homologues using the mismatch kerngl[22

However, their experiments were applied to a different siztta
making a direct comparison impossible. V. ALIGNING A SEQUENCE AND ITS HOMOLOGUES

o The homology kernel has applications beyond learning.
B. Secondary Structure Prediction We can view distances between points in the embedding as

We perform our secondary structure experiments over tﬁgaractenzmg the similarity between sequences taking in

513 protein secondary structure prediction dataset of clﬁ‘FC‘)“f‘t their homologues and secc_)ndary stru_cture. W(_a can
use this to de ne an alignment algorithm that aligns a pair of

and Barton[23]. Theb13 proteins in this data set are non- . . AR
homologous and each residue is labeled with on@ sec- proteins not only based on their sequence similarity, baeta

ondary structures. Using the standard conversion, we eed (i the similarity of their homologu_es. : .
For our proof of concept application, we consider two

this set of8 secondary structure types 3otypes:H helix, E )
sheet,C coil or N no structure. For each protein, there arg®duences frgm the ME.ROPS databgse[lS]. This datapase
anywhere from to 50 aligned homologous sequences. contains peptidase proteins grouped into a set of families

. . hich are grouped into a set of clans. Families are de ned by
We construct a training example for each position at each_ . P
: O . a minimum amount of sequence similarity. Clans are de ned
of the 513 proteins. The label of the training example is th

secondary structure of the position. The sequences for similar tertiary structure between families or similader-
O y P ’ d | 8 of active residues. Proteins within families, due toitthe
training example are thk-mers of length5 centered at the

LD L . sequence similarity, have strong local sequence aligrsnent
position in the original sequence and all of the ahgnment'g.q y 9 d g

. oteins within the same clan but in different families have
We use the local homology kernel to compute the images g :
) very weak local sequence alignments. However, the MEROPS
the examples in the feature space.

i ) database provides alignments based on structure for the.cla
We set aside20% of thq sequences fpr.testmg and u§ed We consider two sequences from different families, but

them to evaluate the quality of the predictions of a clagsi @nembers of the same clan. Speci cally, we consider the
. 0 L

trained on80% of the data. ) _following two proteins:P 10274and P0079Q The alignment
We measure the performance of our classi ers by evaluatingoyided in the MEROPS database is shown in Figure 4. We

the predictions over the test data. We use the stan@rd gpplied BLASTP to the proteins which detected no statistica

evaluation measure for secondary struct@g.measures the gjmjlarity between the two sequences.

percentage of predicted residues and is de ned by We apply the local homology kernel to alignment as follows.
X predicted We rst apply BLAST to retrieve a set 060 homologues

Q3 = 100 (10) for each sequence and align them with CLUSTALW[24]. We
i2f HEC g observed then apply the local homology kernel with= 3 to compute

the similarity between each column of the alignment and
HK-SSP achieved &3 score of 63.4 while PHD achieveddivide the values bys0 in order to get a score betwedh
a Qs score of 71.9. Although HK-SSP does not perform and 1. We then convert this score to a log odds ratio by
well as PHD, it does perform very well considering it useapplying the functiotog(x) log(0:05). We apply the Smith-
much less information because it considers only a very sme¥aterman local alignment algorithm, but instead of using th
window around the residue. similarity between sequence symbols de ned by a substituiti



Fig. 5.

Homology Kernel Alignment
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Q85727 (family A2)
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HK-ALIGN predicted alignments of two sequences fr MEROPS database, one from famiyl and the other from familyA 2, both part of the

AA clan. The alignment contains the active site as de ned byddtabase. The position scores show the local homology keiméarity between positions
in the sequence.

we use the log odds ratios computed by the homology kerngk]
Note that if we apply the homology kernel witk = 1
and no homologous sequences, the method is very similar to
applying the traditional Smith-Waterman algorithm. Thestbe [7]
local alignment using the homology kernel is shown in Figure

5 which is consistent with the structural alignment.

VI. DISCUSSION

(8]

El

We have presented the homology kernel, a biologically

motivated sequence embedding which takes into account iy

tuitions from local alignments and incorporates inforroati
from homologues and secondary structure.

many possible settings for the sparse kernel paramkters

and and many possible ways to generate homologues for fitel

protein sequences. A direction for future research is toemor
thoroughly determine which parameter settings are optioral [13]

modeling protein sequences.
We also plan a more thorough benchmark of HK-ALIG

|\514]

to better set the parameters to be able to align distant homo-
logues. [15]
A planned application of the homology kernel is HK1{1g]
SEARCH which given a query protein sequence and obtains
a set of homologous sequences similar to PSI-BLAST.
major difference between HK-SEARCH and PSI-BLAST is
that since HK-SEARCH is based on the homology kerndkgl

it compares the query sequence and its homologues to other

sequences in the databased their homologuesvhich are
precomputed. This is similar to the approach of the IMPALAL
program [25] but they are different in the fact that the alctua

sequences composing the alignments are used to computedblew. Taylor, “The classi cation of amino acid consenati’ Journal of
score instead of pro les.
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