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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 legrn

motivated sequence embedding, theomology kernel, which takes  are defined 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 keel .
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 classification and outperforms sate-of- as @ finite metric space[7], or implicitly represent seqesnc
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 g : . ) e
sequence alignment. embedding that incorporates the biological intuitions @f |
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 maqsiach is to embed a sequence as a point in a Euclidean space
successful areas in bioinformatics. Three major ideasmind i referred to as théeature spaceThe position of the image of
itions are used over and over again in many of the succesdfud 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 relatiorirom 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 sequenass hwhich allows us to efficiently compute inner products of
also been applied to many different problems. Some of titaages 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 profile for a protein query sequencep@per we introduce this framework in the construction of the
refine database homology search. PHD uses homologuehdmology kernel. Many previously presented string kernels
generate profiles for the prediction of secondary structusch as the spectrum kernel, mismatch kernels, or wildcard
In many cases function and structure are shared among kernels can be approximated by specific instances of our
mologous sequences and intuitively, common amino acideneral framework in which they are often more efficiently
among the homologues are likely to be either functionallgomputed. This generalization is much more flexible than the
or structurally important. Using secondary structure hae a previous kernels and we show that it significantly outperier
become popular due to the existence of relatively accurdteth the mismatch and spectrum kernels as well as state of the
secondary structure prediction techniques. Secondargtete art methods applied to protein family classification. Hipal
is often used to improve sequence alignments and to help iné@mputation of the sparse and normalized kernels is efticien
functional information. through the use of specialized data structures. By applyiisg
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framework, we are able to embed sequences, their predicted LRLLQALAGH SPVRKVQADGTI NI WQQVEDL GVAP
secondary structure, and their homologues, in a Euclidean Vm
space. @) Kvgc\
The homology kernel has several major advantages. Dis- VQAD
tances induced by the homology kernel capture the intwgtion ADGT

of local alignment much better than previous kernels such as

: : . LPQSFLLKCLEQVRKVRADGT AHKLCHPEELVLLG
the spectrum or mismatch kernel. Since the method defines LRILQALAGH SPVRKVQADGT! NI VWQQVEDL GVAP
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 profile based measures of
similarity, the homology kernel does not lose informaticon
the sefqluencesdv;h!ch IS LOSthWhenI collalfsmgl the .Seqluertces 9. 1. (a) Two sequences which share a region of ledgtWe show thes
a pro ! e-_ !n addition, the homology kernel is imp ememeg{lbstrings of lengtl which are shared by the sequences from the region. (b)
using efficient data structures. The same sequences with the fifth amino acid of the regionggthriNotice

We demonstrate the use of the homology kernel for leartiat now only2 substrings of lengthi 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 classification and peéidh  certain amino acids such as that defined by substitutioni-matr
of secondary structure. The homology kernel applied togimot ces. We also show how distances between the images of two

family classification, HK-PFC, outperforms state-of-éi- 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, HK. Local Alignments and Substrings
SSP, performs comparably with popular secondary structureTo motivate our embedding, we consider as an example
classification methods. An advantage of the homology kerreelsmall portion of a local alignment shown in Figure 1(a).
as compared to the popular neural network based approacimsitively 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 thewumber 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 alignméit-  short substrings, if two sequences share a region of lehgth
ALIGN uses the distance induced by the homology kernetiey will sharel — k + 1 substrings of lengthk 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 indd short substrings that two sequences share can be viewed
account their homologues. This approach has some singkaritas an estimate length of regions that they share, but only for
to the approach of Yona and Levitt [12], who compare pairegions longer thar.
of profiles and approaches that incorporate secondantsteuc  If we consider an example where two sequences share a
into alignments. Again, HK-ALIGN differs from profile basedregion which contains one mismatch such as in Figure 1(b),
techniques in that it compares the sequences as opposeal tanh notice that the number of shared substrings decreases
profiles. We evaluate HK-ALIGN by showing how it can aligrsignificantly. 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 significant sequen@ignment. In particular, the specific substitution thatws
similarity. in the example (fromQ to R) is likely due to the similar
chemical properties of the amino acids. Therefore, in order
for a substring based notion of similarity between sequ&nce

The main idea behind the embedding defined by the homad- 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 tale int
fixed length substrings (of leng#) 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 first applied this technique to biological sequesic  The main idea behind our embedding is that we embed
These sets of fixed length substrings are mapped into a éatsubstrings in a way that allows for partial matchings. Irsthi
space which consists of a dimension for each possible fixeplace a substring is embedded close to other similar sogstri
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.

ADGT
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B. Constructing embeddings based on substrings dimension is indexed by A-mera and an integet <i <n

We introduce a novel flexible framework for constructing The mapping is as follows:
embeddings_ of sequences bas_ed on substrings._ln this_ frame- 1 if k-mer w appears at leasttimes inz
work we define several properties of the embedding which wéw (%) = { 0 otherwise.
would like to achieve. The first is theormalizationproperty,
which relates the norm of an embedded sequence to litdS €asy to see that é(z),¢(y) >= > bw,i(2) - duw,i(y)
length and relates the cosine between two embedded seguetiBglements Equation 3. The contribution o ¢(z), ¢(y) >
to the number of substrings they share. The second is fi#¢ 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 z;, the maximum
chemical properties of the amino acids. We will show how tof NSKp(xi,z;) is min(|z;l, |z;[). Similarly the norm of
construct an embedding that satisfies all of these progertian image of a sequence in the feature space]z;||* =
The embedding we present in this paper, the homology kern®lS Ky (zi, z;) = |v;|. The normalized spectrum kernel is
is constructed from a normalized sparse kernel with gragsin €quivalent to considering the number of commbsmers
Since these embeddings are explicitly defined, we can vdi§tween two sequences. Consider two sequencesd ;.

easily apply learning algorithms to images of the sequende&! |[z; N ;|| denote the number of shared substrings. The
in the feature space such as SVM. cosine of the angl® between the two sequencessf =

The Spectrum Kernel and Normalized Spectrum Kernelsﬂﬁmfj_lh which is very intuitive. We refer to this property as
Each sequence is denotegd ¢ ©* whereX is the alphabet normalization
of amino acids. Ak-mer,a € ¥¥ is a sequence of length. The normalized kernel can be implemented in linear time.
Sequencer; containsk-mer a if z; = uav. In this case we The complexity of performing a kernel computation between
can writta = z¥ wherea is at thepth position ofz;. We two sequences; andx; is O(k(|z;| + |z;])) if implemented
define|z;| as the number of-mers inz;. Let N (a, z;) be the using a trie data structure[8].

number of timest-mer a appears in sequencs. The Sparse Kernel:As motivated in Figure 1, exactly
Using this notation, the spectrum kernel [8] can be defingdatching substrings fail to capture the intuitions behiocal
as alignment. We introduce the sparse kernel, a new method
for incorporating partial matches between substrings. The
SKy(xi, x;) = Z N(m,z;)* N(m,x;) (1) contribution of two substrings from different sequences is
mesk defined to be
Another equivalent way to define this kernel is through SpK (a,b) = at(®?) (4)

comparing all pairwise subsequences in the two sequen‘cewl]eredH
we denotex? and xj to be thepth subsequence of Sequence i hes
x; and thegth subsequence of sequence respectively and

M (a,b) is a match function defined drmers which returns

1 if the k-mers match and) otherwise, we can define the
spectrum Kernel as:

(a,b) is the Hamming distance or number of mis-
between k-metsandb, and « is a parameter. We
note that since we can adjustto be any valud) < o < 1,
the sparse kernel is a very flexible family of embeddings. For
a low value ofa, substrings with a few differences from each
other are very far apart, while for a higher value aaf they
SKy(xi, ;) = Z M(a:f,x?) (2) are closer together.

' In order to implement the sparse kernel, we augmented the

alphabetX with a new character - the “wildcard” character

The spectrum kernel is biased toward sequences that configfioted by %”. Let X' = X U {x}. “x” matches with every
mu|t|p|e instances ok-mers. Suppose two Strings and S9 characterc € ¥'. A String with a wildcard at pOSltIOf’Z will
contain thek-mer a twice each. Then the term correspondingiatch to all strings that differ from it only at positian*
to a in equation (1) will beN(a, s;) * N(a,sy) = 4. The For a € X¥, the sparse kernel is defined by the following

P | .
z; GmhijzJ

contributions of two different sharekkmers is only2. explicit map
We can define the normalized spectrum kernel as follows 1 =a)F D if we ¥* matchess € 2F
NSKyp(x;,x;) = Z min(N(m, z;), N(m,z;))  (3) Pw(a) =
mexk 0 otherwise.

(®)

The normalized kernel is an explicitly defined mapping. F%hereé is the number of wildcards in the. Note that ifk = 1,

zjnn(c;):ioonu:hgf Sgg]sg?h\évemisp?)i:]hgeanm(g?;)wgg) d:eonc?tzﬁtnheejttze then a substring is mapped to itself with weigt(1 — «)
dimension of the feature space. For the normalized spectr&%d o+ with weight ya. In this case,< ¢(a), o(a) >=

kernel, let gb(x) map a Sequenc_e of r_nammum Iength 1% is an auxiliary alphabet and serves only for the computatiotihe dot
r € ¥, to a feature space of dimensidifn where each product.



VI —a)y/1-a)+Vaya =1 and < ¢(a),¢(b) >= a trie data structure over the augmented alphabet where we

Vaya = a. map each substring from; and z; to all 2¢ substrings in
Claim 2.1: The mapping in Equation (5) satisfies the propthe augmented alphabet that it matches. This is much faster
erty of Equation (4). than the mismatch kernel complexity whichGg|kX|%(|x;| +

Proof: Leta andb be twok-mers with Hamming distance |z;]))[9] which contains a factor of%| because each-mer

g]{i ((;’ b()aSQd(.)\TQ regllt?uesi(():ilptrr(\);hiefngt(gr)lé(ﬁcgbg\ nTj és g‘fcﬁl]i[n is mapped to a large neighborhood. Several recent variants t

mersw must contain wildcards on the mismatches (thereardhe 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 Ethe remaining — d positions). Therefore Groupings Kernel:In addition, we want to take into account

the dot produck ,0(b) >, ) i S e ) s
P 9(a) 9(%) information about similarities and differences betweerinam
k—d . . . . . . .
<ola) o) > = 3 (k fd) ( [aati(1 — a)kfdfl-)z acids. Differences Wlt.hll’l a grouping of amino acids shoyld
=0 - ¢ correspond to closer images in the feature space than-differ
— af1 — )t ’f (k - d) ( o ) _k-a-i  €Nces outside of groupings. The contribution between Awo
e S (1—-a) mersa andb from different sequences is defined to be

a k—d
= ol —a)d (1 -1 a) —a? SpKG(a, b) _ adM(a,b)ﬁdg(a,b) (7)
]
Above we described the sparse kernel for a single stringheredg(a,b) is the number of mismatches betweerand
of length k. For a longer sequence, we can simply add thewithin a group andi;(a,b) is the number of mismatches
images of its substrings together. We refer to this embeddibetween groups anl < o < 3 < 1. a and 3 are parameters
as theunnormalized sparse kerneind it can be computed byto the sparse kernel with groupings to allow flexibility ireth
dp (aP 2 differences between the two types of mismatches.
UnSpKy(wi, ;) = . Zq o) () The sparse kernel with groupings is implemented by aug-
TLETLTET menting the alphabet with a special symbol for each group.
which is similar to Equation (2). Alternatively, we can uset For a set of groups&:, the augmented alphabgt’ is defined:
same trick as in the normalized spectrum kernel to constraet = ¥ U {*x} U G. A symbol ¢ matches itself, the symbol
the normalized sparse kernel and consider a feature spaceafesponding to its group and thesymbol. A stringw € %%
dimensionx'*» andp,, ; indexed both by &-mer,w € »'%, matches any string ande * if each of their positions match.
and an integef with the mapping Note thata € ©* matches3” strings inx"k,

The sparse kernel with groupings can be implemented using

[af(1 —a)(k=0  if w e X'k matches at ¢ defined as follows:

¢w-,i(x) = leasti substrings in> V(@M (B —a)G(1 - B)F~M-G if k-mer a matchesw
0 otherwise. $ula) =

®

0 otherwise
The normalized sparse kernel has similar properties to the
normalized spectrEm kernel such as that thg nI?)rm is squijfaere is the number of wildcards i and( is the number
root of the number of substringse; || = \/[z:]. of groups characters . _ o

The intuition for partial matching is similar to that behind €laim 2.2: The mapping in Equation (8) satisfies the prop-
the mismatch kernel [9] which allows for partial matching of"® of Equation (7).
substrings. A problem with the mismatch kernel is that, due t ~ Proof: The dot product< ¢(a), ¢(b) > is the sum of
the way it is defined, the ratio between the score contributéd (a) over all k-mersw € %% such thatw matches bothu
by a close match between two subsequences of lehgthd andb. We look at a specifié-merw € ¥"F that matches both
an exact match is very low. This means that the impact 6fandb. The contribution ofw to the sum< ¢(a), ¢(b) > is
near matches is insignificant relative to the impact of exalfte weighted produap,,(a) over all w’s positions’ weights.
matches. In fact, the unnormalized sparse kernel with 1w must contain the wildcard at all positions whereand 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 th@ntributesa™ to ¢, (a). 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 performjagl)- ©OF the group character. Since there grsuch positions, we
mismatch kernel, this corresponds to an—= 0.2. In our have >>7_; () possibilities to locate the group characters,
experimental results below, we show that valuescofor €ach contributing(3 — a)'a?~* to ¢, (a). Finally we have
protein classification which perform significantly bettae a all the matches where we can locate either a wildcard, the

higher values such as = 0.4. This is a significant advantage@PPropriate group charactgr or the character itself. d_et
. € ihilit:
of the sparse kernel over the mismatch kernel. k —m —g. Then we havé_7_, (7) possibilities to locate the
The complexity of performing a kernel computation begroup characters, an_;_] (67) possibilities to locate the

tween two sequences; and z; is O(2*(|z;| + |x;|)) using wildcard. By the definition of,, (a) gives the bellow equation:



share. This score has the property that the maximum score

< b(a), $(b) > between the two sequencesris when the two columns are
- i @(ﬁ  ptast Z C)(ﬁ o ef- (e;j)ae(l it identical and tgkes into account partial matching.
=0\ J=0 i=o We can define the homology kernel over two sets of
Wy (9_>(ﬁ,ayag—i > ('f)w,a)j(aﬂ,me—j aligned sequences by considering the set of substrings for
ij’ ) =0 each set as the complete set of substrings in the sequence
> (j)(a—aﬂag*ile and its homologues. Due to the normalization property that

0

.
Il

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 isvim.

We extend the sparse kernel with groupings from its defi-\we emphasize that the properties of the sparse normalized
nition for a single substring of length to a sequence in the kerne| with groupings were specifically motivated by thedwee
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; and z; is O(3*(|z;| + |z;])) using normalization property avoids the bias to multiple matghin
a trie data structure over the augmented alphabet where §y@strings of the previous spectrum and mismatch kernels.
map each substring from; andz; to all 3* substrings in the | addition, some columns in an alignment correspond to a
augmented alphabet that it matches. specific 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 of m, which is typically 50 in our experiments. For this
gous sequences. Our embeddings defined above function q¥eison, efficiency in computing the kernels is very impdrtan
a set of substrings. The idea behind the homology kernel ispn 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. g use a special symbol to represent insertions which does
define 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 tWaquences in the embedded space since the symbols do not
proteins and are interested in determining their simifafio  match themselves.

apply the homology kernel, we first apply BLAST over a large

protein database to obtain the homologous sequences flor 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 Another type of information that we take into account in our

sets. This gives a measure of the similarity between the t\&g'lk;eddllng IS seconfdary strgctur(zl. hSecgndaryhstructum_iaastefl
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

For simplicity, we first consider the similarity betweerﬂa,ss'fy each residue as belonging to one of four classes:
two short regions of length: where each region contains elix, sheet, coil, or none of the above. For our experiments

k columns of the alignment of. sequences. The homologyVe USe the PHD system[4] to predict secondary structure.

kernel is exactly the normalized sparse kernel with grogr;ls;;)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
x; to positiong in the another sequenag. Let z;,. denote the strgctu_re elferlnent.hWhen eméleéjdtl)ngha seth)Jen.ce, f?r heach
rth homologue of sequencg. Let 2’ denote the substring of su .strlng. 0 gngt k, we em ec oth a su s}rmg o the
length centered at positiop in sequencer; anda”, denote amino acid residues and a substring of the predicted seppnda
r

the substring of lengthk of the rth aligned sequence. weStructure of the residues.
consider the similarity between the set of sequenggsand
xd 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 thecal homology kernel homologues incorporate them in the same way. They first
Between these sets of aligned short regions the local homaobtain a set of homologous sequences from a database. Then
ogy kernel defines a similarity score. We can think of the escothey align these sequences. Finally they compute a profile fo
between the two sets @fcolumns as similar to measuring thehe sequences from the aligned columns by representing each
number of subsequences of lendthhat the two alignments position in the alignment by a probability distribution ove

m
= o

@
@
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eC. Homology Kernel vs. Profiles



@ _| 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"_ members ofa _ta_rget
(@), (b) and (c) the profile generated from the column is thenesa 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, "’,‘Sd r;]ega'uve t?St E.ilnfj tfralglq_ghexr?r? dples ‘?e (.:h
position in the homologous sequences. sen from outside the target family’s fold. The held-out flymi

However, when each column of the alignment is coIIapsége;nbelr_s S(_arvt(; asdptosnlg/ettt_-:ist ixampc:e?' Th(tere are a t_cl)trgll of
into a profile, some information about the original sequeng’ amilies in the data. Details of the dala sets are available

: ttp://www.soe.ucsc.edu/research/compbio/disciative.
and the homologous sequences is lost. For example, consﬁ]t Lo
g q P ecause Jaakkola et al. needed to train hidden Markov mod-

the sequences in Figure 2. In this example, columns (a), % . o . e
and (c) all have the same profile. In the first position, thq% for the protein families represented in the positivéning

profile is A = 1.0 and in the second and third positions th&®tS for these experiments, they used the SAM-T98 algorithm
profile is A = 0.5 and C = 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 colun?att?]baze't Thetse addlt!?nal domalln h_orr][(r)llogues \_/veretad\(jved
(a) is different from the other two. A fundamental differenc 0 the data Set as posiiive examples In the experments. YVe

between the homology kernel and profile methods is that t 8te that this additional training d"’.“a is more advantageo.u
homology kernel is defined over neighboring columns in tj\ée linethodj :hat rdelé\;al\r/]l ggr;]eratlt\r/]e m_?Qelts (such atsh h(;dden
alignment instead of a single column which gives some cant arkov models an -Fisher) than it is to our method.

to the sequences. In the example above, the homology kerne\f\/e use ROGo scores to compare the performance of differ-

with £ > 1 would give different scores when comparing (afntthhomologyddettehctlon b_etween mte_thodhs. Thf E_{Qngore
and (b) versus (b) and (c). s the area under the receiver operating characteristicecur

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

o perfect separation of positives from negatives, whereasi@es
One of the advantages of and motivations for a sequenge indicates that none of the tdj sequences selected by

embedding is that we can directly apply learning algorithms i, algorithm were positives.
the sequences. In the feature space, we can find a separating, comparison, we include results from the mismatch
hyperplane which divides the images of the sequences ilf&ne| which was shown to be competitive over the same
two classes. For example, we can separate the images of figyset with state-of-the-art methods including the SA98T
sequences into sequences that are part of a specific projgiptive HMM, and the SVM-Fisher method. We compare
family and sequences that are not. _our results to the5, 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 algorithme comparison graphs shows the total number of families (th
first introduced by Vapnik [15]. Support Vector Machmesdaavy_axis) for which a given method exceeds an R@Gcore
previously been used for protein family classification vtle  nreshold (ther-axis).
mismatch kernel and spectrum kernel [8], [9]. We perform several tests to measure how effective each
Each training example consists of a sequem_g:eand a aspect of the homology kernel is on its own compared to the
label y* € {+1,—1}. Let ¢(z) denote the mapping of the gther methods. We first apply simply the sparse normalized
sequencer to its image in the feature space defined by thgarel with 4 values ofa = {0.2,0.4.,0.6,0.8} versus the
homology kernel. The goal of the learning algorithm is t@ther methods. Figure 3(a) shows the results of this compari
pbtaln aclassifierwhich in our representation Is a Vectar son and we see that the sparse normalized kernel significantl
in the feature space representing the normal of the hyp@plgytperforms the previous methods. As we discussed previ-
defined by the classifier. The classification of a sequanise ously, 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 sigtw - ¢()). _ _ performance peaks for higher valuescafWe 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.

We apply sparse kernel with groupings of symbols with
§ = .7. The groupings of the amino acids[20] and de-

We compare the performance of the homology kernel tnmpose the set of amino acids into the following groups:
other methods over the benchmark data set assembled{ly, R, H}, {D,FE}, {I,V,M,L}, {C}, {P,S, A G,T},
Jaakkolaet al. [17], and show that our homology kernel sig{F,W,Y}, {N,Q}. Figure 3(b) shows the results for this
nificantly outperforms previous methods such as the midmatgrouping. As we can see, it performs significantly bettentha
kernel and the SVM-Fisher method. without the groupings.

A. Protein Family Classification Experiments
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Fig. 3. Protein Remote Homology Results. (a) Different galtior .. (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 Al | ACAEGCQAI VDTGTSLLTGPT
set, we query the sequence using BLAST against the SWISS- | Family A2A | | GGQLKEALLDTGADDTVLEE
PROT database[21] and retrieve upbstbhomologues. Figure Fig. 4.  Alignments of two familiesA1 and A2, both part of thedA clan
3(c) shows the resuls for using the homlogues. A recefin b MEFOPS mabece, The sxrmner s sttt e e
_related vyork applies a cluster kerr_1e|s techr_uque to inc@reo cognsgnsus 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 CU?FCOUW their homologyes and secqndary strupture. We. can
use this to define an alignment algorithm that aligns a pair of

and Barton[23]. The513 proteins in this data set are non- . . N
homologous and each residue is labeled with one sec- proteins not only based on their sequence similarity, baeta

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

this set of8 secondary structure types 3otypes: H helix, £ .
sheet,C coil or N no structure. For each protein, there argcduences from the MEROPS database[13]. This database

anywhere frone to 50 aligned homologous sequences contains peptidase proteins grouped into a set of families
We construct a training examole for each position ét ea\%hich are grouped into a set of clans. Families are defined by
9 P P % minimum amount of sequence similarity. Clans are defined

of the 513 proteins. The label of-t.he training example is th similar tertiary structure between families or similader-
secondary structure of the position. The sequences for I 8 of active residues. Proteins within families, due toirthe

tralr_n_ng (_axample are thé-mers of lengthb centered_at the sequence similarity, have strong local sequence aligrsnent
position in the original sequence and all of the allgnmentlg.

: 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.

- ) database provides alignments based on structure for ths.cla
We set aside20% of the sequences for testing and used We consider two sequences from different families, but

thgm to evaluate the quality of the predictions of a CIaSSiﬁ?nembers of the same clan. Specifically, we consider the
trained on30% of the data. - following two proteins:P10274 and P00790. The alignment

We measure the performance of our classifiers by evaluatlﬁg)vided in the MEROPS database is shown in Figure 4. We
the predictions over the test data. We use the standard gpplied BLASTP to the proteins which detected no statistica
evaluation measure for secondary structdpe.measures the similarity between the two sequences.

percentage of predicted residues and is defined by We apply the local homology kernel to alignment as follows.
edicted: We first apply BLAST to retrieve a set df0 homologues

Q3 = Z predqictedi . 100 (10) for each sequence and align them with CLUSTALW[24]. We
ie{H.E,C} 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 by50 in order to get a score betwedn
a Q3 score of 71.9. Although HK-SSP does not perform aand 1. We then convert this score to a log odds ratio by
well as PHD, it does perform very well considering it useapplying the functiordog(z) —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 defined by a substituti



Fig. 5.

Homology Kernel Alignment
P0O0790 (family A1) QA1 VD T- GTSLLTGPTSPI AN=1 QSDI GASEN
Q85727 (family A2l EALLDT=GADMTVLPI ALFSSNTPLKNTSVLG
Position Scores 786 398-964-6622436345-42315-2-1251432

HK-ALIGN predicted alignments of two sequences frMEROPS database, one from familyl and the other from familyA2, both part of the

AA clan. The alignment contains the active site as defined byl#it@base. The position scores show the local homology ksiméarity between positions
in the sequence.

we use the log odds ratios computed by the homology kerngk]

Note that if we apply the homology kernel with = 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 paramétets

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
to better set the parameters to be able to align distant howl%j

logues.

A planned application of the homology kernel is HK{1g]

|\514]

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 IMPALA
program [25] but they are different in the fact that the akctua

sequences composing the alignments are used to computedbiew. Taylor, “The classification of amino acid consereat! Journal of
score instead of profiles.
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