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Abstract

We apply the concept afubset seedsroposed in|]1] to similarity search in protein sequences.
The main question studied is the design of efficise¢d alphabet construct seeds with optimal
sensitivity/selectivity trade-offs. We propose severdfedent design methods and use them to
construct several alphabets. We then perform a comparatiedysis of seeds built over those
alphabets and compare them with the standard<Bp seeding methocﬂ[Z],[[3], as well as with
the family of vector seeds proposed EI] [4]. While the formmliof subset seeds is less expressive
(but less costly to implement) than the cumulative prireipsed in BASTP and vector seeds, our
seeds show a similar or even better performance thasnsBr on Bernoulli models of proteins
compatible with the common BLOSUM®62 matrix. Finally, we foem a large-scale benchmarking
of our seeds against several main databases of proteimadigis. Here again, the results show a

comparable or better performance of our seeslBLASTP.

Index Terms

protein sequences, protein databases, local alignmentlagty search, seeds, subset seeds,

multiple seeds, seed alphabet, sensitivity, selectivity

I. INTRODUCTION

Similarity search in protein sequences is probably the rolestsical bioinformatics prob-
lem, and a commonly used algorithmic solution is implementethe ubiquitous BAST
software [2], [B]. On the other hand, similarity search aipmns for nucleotide sequences
(DNA, RNA) underwent several years ago a significant impnoget due to the idea ajpaced
seedsand its various generalizationg [5]] [6]] [7]] [8]] [9],_[LOThis development, however,
has little affected protein sequence comparison, althamghoving the speed/precision trade-
off for protein search would be of great value for numerousnformatics projects. Due to
a bigger alphabet size, protein seeds are much shortecdtiypP-5 letters instead of 10-20
letters in the DNA case) and also letter identity is much ledevant in defining hits than
in the DNA case. For these reasons, the spaced seeds teehmight seem not to apply
directly to protein sequence comparison.

Recall that BAST applies quite different approaches to protein and DNA seces to
define a hit. In the DNA case, a hit is defined as a short pattérdemtically matching
nucleotides whereas in the protein case, a hit is definedigiwracumulativecontribution of
a few amino acid matches (not necessarily identities) uaiggzenscoring matrix Defining

a hit through an additive contribution of several positimsaptured by a general formalism
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of vector seedgroposed in[[J1]. On the other hand, it has been unders{dod[d], [L3],
[L4], [[5] that using simultaneously family of seeds instead of a single seed can further
improve the sensitivity/selectivity ratio. Papefk [4]§][both propose solutions using a family
of vector seeds to surpass the performance IA8B.

However, using the principle of cumulative score over salvadjacent positions has an
algorithmic cost. Defining a hit through a pattern of exattelematches allows for direct
hashingscheme, where each key of the query sequence is associated wnique hash
table entry pointing to the positions of the subject seqaefuatabase) where the key can
hit. Usually these positions are stored in consecutive nmgroells within the hash table.

On the other hand, defining a hit through a cumulative coutidin of several positions
leads to an additional pre-computed table that stores, doh &ey, itsneighborhoodi.e.,
the list of subject keys (or corresponding hash table esj)tmath which it can form a hit.
For example, in a standardLBsTP setting (Blosum62 scoring matrix with threshold 11 for
cumulative score of three positions), the expectation, muaed according to the Bernoulli
sequence model, of the number of neighbors of a key is 19.84that many accesses to
the hash table are required for each key. For four positioaistireshold 18, as in the case
of seeds from[J4], a key hits expectedly 15.99 keys and thismiber grows up to 45.59
when the score threshold decreases to 16. This raises aougbmemory problem: for
example, for key size 4 and score threshold 18, the totaldfizeeighborhoods is 7609575,
and for key size 5 the neighborhood table may simply not fib itite memory. Another
related implementation problem is cache usage: differegslof a neighborhood generally
correspond to remote segments of the hash table and thaiegwiog gives rise to cache
misses that cause additional latencies.

Those implementation issues may become a bottleneck ia-Ergle protein comparisons.
Furthermore, solving these problems may be very helpfulifierént specific experimental
setups, such as in mapping protein comparison algorithrsisecialized computer architecture
(see e.q.[[17],[[18]) where memory usage may be a cruciakissu

In [f], we proposed a new concept sfibset seedthat can be viewed as an intermediate
between ordinary spaced seeds and vector seeds: subset abwd one to distinguish
between different types of mismatches (or matches) bltrgt#t seed positions independently
rather than cumulatively. Distinguishing different migiefges is not done by scoring them,
but by extending the seed alphabet such that each seed d$pieeifies different sets of

mismatches. For example, in the DNA case it is beneficial stirdjuish between transition
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mutations A < G C < T) and others (transversiong) J19[, [20]. This leads (attléashe
case oftransitive seed alphabets defined in this paper) to the possibility wiguthe direct
hashing.

Since the protein alphabet is much larger than the one of Déibset seeds provide a
very attractive seeding option for protein alignment. Iis thaper, we study the performance
of subset seeds applied to protein sequences and comparetsting seeding techniques
of BLASTP and vector seeds.

Note again that subset seeds are less expressive thasTBseeds or vector seeds in
general, but in return, admit a more efficient implementatiBesides treating positions
independently, subset seeds replace amino acid sulmtitstiores by simply distinguishing
different classes of mismatches. Therefore, another wayjdie the motivation of this work
is to ask whether scores are really necessary at the seedigg af protein alignment. We
will show that with a reasonable level of precision the ansteethis question is negative.

In the paradigm of subset seeds, each seed letter specigésfaasnino acid pairs matched
by this letter. Therefore, a crucial question is the desigmro appropriateseed alphabet
which is one of the main problems we study in this papefing the quality of an alphabet
is determined by the quality of the best seeds that can betraoted over this alphabet.
The latter is already a complex optimization problem thatissially solved in practice by
heuristic methods. (For a formal analysis of seed desighleno we refer to the recent paper
[E7)] and references therein.) The problem of alphabet desigdied in this paper presents
an additional complexity as it introduces an additional eligion of the search space (set of
possible alphabets), and additionally requires a studyel&ctivity/sensitivity dependencies
rather than simply maximizing the sensitivity for a classsekds with a given selectivity.
In this paper we propose several heuristic methods thattedke design of efficient seed
alphabets and corresponding seeds.

The paper is organized as follows. In Sectién Il, we intradseme probabilistic notions we
need to reason about seed efficiency. Sedtipn Il introdtheeéirst simple approach to design
a seed alphabet, which, however, does not lead to so-dedlesitiveseeds, useful in practice.
Section[TY presents three different approaches to degigimansitive seed alphabets, based
on a pre-defined (Sectidn TMA) or newly designed (SecfiofB)\hierarchical clustering of
amino acids, as well as on a non-hierarchical clusteringt{@e[IV-Q). SectiorV describes
comparative experiments made with the designed seedsnethiaoth on probabilistic models

and on different protein data banks.
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[I. PRELIMINARIES

Throughout the paper, we denote= {A,C,D,E,F,G,H,I,K,L,M,N,P,Q,R,S,T,V,W,Y} =
{a;}i=1.20 the alphabet of amino acids.

In most general terms, @ubset) seed letter is defined as any symmetric and reflexive
binary relation onx. Let B be aseed alphabet.e. a collection of subset seed letters. Then
a subset seed = «;...q; is a word over3, wherek is called thespanof w. = defines
a symmetric and reflexive binary relation on wordsf (called keys: for s,,s, € XF,
s1 ~y So iff Vi € [1..k], we have(s,[i], s2[i]) € ;. In this case, we say that seedhits the
pair s, Ss.

For practical reasons, we would like seed letters to defitrareitiverelation, in addition.
This induces an equivalence relation on keys, which is verywenient and allows for an
efficient indexing scheme (see Introduction). In this paper will be mainly interested in
transitive seed letters, but we will also study the nonsitre case in order to see how
restrictive the transitivity condition is.

The quality of a seed letter or of a seed is characterized byntain parametersensitivity
andselectivity They are defined through background and foreground prosi@bmodels of
protein alignments. Foreground probabilities are assutoetepresent the distribution of
amino acids matches in proteins of interest, when two hogumle proteins are aligned
together. Background probabilities, on the other handressmt the distribution of amino
acid matches imandom alignmentswhen two proteins are randomly aligned together.

In this paper, we restrict ourselves to Bernoulli models raftgins and protein alignments,
although some of the results we will present can be extenaddarkov models.

Assume that we are given background probabilifigs . . ., by} of amino acids in protein
sequences under interest. Tieckground probabilityf a seed lettew is defined byb(a) =
> _(ai.ap)ea Uibj- The selectivityof a is 1 — b(a) and theweightof « is defined by

log b(«v)
) = 1oghEy .

where # = {(a,a)la € X} is the “identity” seed letter. For a seed = «; ..., the

background probability ofr is b(7) = []_, b(c), the selectivity ofr is 1 — b(x) and the

weight of 7 is w(7) = logy, b(m) = Zle w(a;). Note that the weight here generalizes the

weight of classical spaced seefls| [22] defined as the numbBatenttity” letters it contains.
Let f;; be the probability to see the pain;,a;) aligned in a target alignment. The

foreground probabilityof a seed lettery is defined byf(«) = Z(ai,%)@ fij. The sensitivity
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of a seedr is defined as the probability to hit a random target alignfhekgsume that target
alignments are specified by a length Then the sensitivity of a seed = a5 ...y is the
probability that a randomly drawn gapless alignment (iténg of pairs (a;, a;)) of length
N contains a fragment of length which is matched byr. In [[]] we proposed a general
algorithm to efficiently compute the seed sensitivity for r@ddl class of target alignment
models. This algorithm will be used in the experimental drthis work.

The general problem of seed design is to obtain seeds witkd geasitivity/selectivity
trade-off. Even within a fixed seed formalism, the qualityaokeed is dependent on the
chosen selectivity value. This is why we will always be ietged in computing efficient

seeds for a large range of selectivity levels.

[1I. D OMINATING SEED LETTERS

Our main question is how to choose seed letters that form geeds? Intuitively, “good
letters” are those that best distinguish foreground andkdgracind letter alignments.

For each letter, consider its foreground and background probabilitiés) and b(«)
respectively. Intuitively, we would like to have lettesiswith large f(«) and smallb(«). A
letter « is said todominatea letter3 if f(«) > f(3) andb(«) < b(3). Observe that in this
case,l can be removed from consideration, as it can always be aalyeotisly replaced by
.

Consider all amino acid pairéa;, a;) ordered by descendintikelihood ratio f;;/b;b;.
Consider the set of pair&(t) = {(a;,a;)| fi;/bib; > t}. Then the following statement
holdg.

Proposition 1: R(t) cannot be dominated by any other letter.

Proof: Assume by contradiction thag(¢) is dominated by some letter, i.e. f(«) >
f(R(t)) andb(a) < b(R(t)). Considers = R(t) \ a andy = a \ R(t). Clearly, f(7) <
f(y) andb(5) > b(vy). On the other handy(a;,a;) € 5, fi;/bib; > t andV(a;,a;) € 7,
fij/bib; < t. This implies thatf (8) = >, o.yep fis > £ 20,050 bib; = t0(5) and similarly

INote that our definitions of sensitivity and selectivity et symmetric: sensitivity is defined with respect to therent
alignment and selectivity with respect to a single alignpmsition. These definitions capture better the intendedmpaters
we want to measure. However, selectivity could also be defimiéh respect to the entire alignment. We could suggest the
term specificityfor this latter definition.

2It is interesting to point out the relationship to the Neyriarson lemma which is a more general formulation of this
statement.

January 21, 2009 DRAFT



Fig. 1

AMINO ACID PAIRS FORMING LETTERR(I) OF ALPHABET NON- TRANSI TI VE

f(v) < tb(y). We then havef(5) > tb(5) > tb(y) > f(v) which contradictsf(3) < f(7).

u
Proposition[JL suggests that lettef&t) are good candidates to be included to the seed
alphabet.

Resulting alphabetWe computed the likelihood ratio for all amino acid pairssé@ on
practical values of background and foreground probaediiomputed in accordance with the
BLOSUM®62 matrix (see Section VFA). Not surprisingly, amiaoid identities (pairga, a))
have highest likelihood scores varying fra®.11 for tryptophan (W) down t@.69 for valine
(V).

Among non-identical pairs, onl§5 have a score greater thar{Figure[1). A quick analysis
shows that those do not form a transitive relation, and tbezeR(1) does not verify the
transitivity requirement. This is also the case for otheeshold values.

We analyzed a family of threshold lettef¥t) for ¢ ranging from0 to 3 with step0.05.

At the extremities of this intervalR(0) is the “joker” letter admitting all amino acid pairs,
and R(3) is the letter corresponding to the exact match relation. Agnall those letters,

there are only34 different ones. This alphabet ¢f4 letters (data not shown), denoted
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Non-transi tive, will be used in the experimental part of the paper (Sedtipm\order
to study how restrictive the requirement of transitivedestis, i.e. how much better are

general seeds than those obtained with the restrictionaofitivity.

IV. TRANSITIVE SEED ALPHABETS

In the case of transitive seed alphabets, every letterB3 is a partition of the amino acid
alphabet:. In other words, the binary relation associated with eatierdcf Sectior]l) is
an equivalence relation. Transitive alphabets represenptactical case when each amino
acid is uniquely mapped to its equivalence class. This,rim, tallows for an efficient hashing
scheme during the stage of seed search, when differenegmfithe hash table index non-
intersecting subsets of keys.

In Sections[TV-A and[TV-B below, we explore transitive see@habets satisfying an
additional “hierarchy condition”: for any two seed lettetig, s € B corresponding to

partitions P, , P,, respectively, one of’,,, F,, is a refinement of the other. Formally,
for any aq, as € B, eithera; < as, or as < ay, (2)

wherea < § means that every set df; is a subset of some set &f,.

The purpose of the above requirement is to define seed learg a biologically signifi-
cant hierarchical clustering of amino acids represented toge. In Sectiof TV-A, we will use
a pre-defined hierarchical clustering to design efficieetisalphabets. Then in Sectipn T1¥-B,
we construct our own clustering based on appropriate badkgr and foreground models
of amino acids distribution. Finally, in Sectign TJ-C wetlifondition (2) and study “non-

hierarchical” seed alphabets.

A. Transitive alphabets based on a pre-defined clustering

Assume we have a biologically significant hierarchical ®usg tree which is a rooted
binary treeT with 20 leaves labeled by amino acids. Such trees have been proposed
[£3]. [Z4], based on different similarity relations. Theetarchical tree derived fronj [R3] is
shown in Figurg]2. The tree, obtained with a purely bioinfatics analysis, groups together
amino acids with similar biochemical properties, such afrbghobic amino acids, M 1, V,
hydrophobic aromatic amino acids, Y, W amino acids with an alcohol grou$, T, or
charged/polar amino acids D, N, Q A similar grouping has been obtained [n][24].

A seed letteris defined here as a subsetf nodes of7” such that
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CFYWMLIVGPATSNHQEDRK

CFYWMLIV GPATSNHQEDRK
CFYW MLIW GPATS NHQEDRK
FYW ML % PATS NHQED RK

A

ATS QED

&
SMIOR
OO &

HIERARCHICAL TREE DERIVED FROM[RJ]

o JOOD

Fig. 2

(i) « contains all leaves,

(i) for a nodew, if v € a, then all descendants ofbelong to« too.

In other words, a seed letter can be thought of as a “horizontaof the tree. Clearly, each
letter induces a partition on the set of leaves (amino acigés) example, for the tree on
Figure[2, a letter defined by the cut through nodes C, FYW, MLBY P, ATS, NHQEDRK
corresponds to the partitiop{C}, {FYW}, {M.I V}, {G}, {P}, {ATS}, {NHQEDRK} }.

Seed letters are naturally ordered by inclusion. The sistatiee is the “identity” seed
letter #, containing only the leaves. The largest one is the “jokegdsletter_, containing
all the nodes ofl". One particular seed letter is obtained by removing frothe root node.
We denote it bya.

Observe that each seed letterepresents naturally an equivalence relationtbru; and
a; are related iff their common ancestor belongsvtdt is identity relation in case of and
full relation in case of .

Following condition [[R), ahierarchical seed alphabedts a family B of seed letters such
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that

for everyay, as € B, eithera; C ay or as C ay. 3)

Hence, in mathematical terms, a seed alphabet is a chaireimttusion ordering of seed
letters. Each hierarchical alphabet can be obtained byiassef refinements (set splittings)
of its least refined letter.

Let us analyze what are the maximal seed alphabets wrt.siocluClearly each maximal
seed alphabeB always contains the smallest and the largest seed lefteasd _ . Interest-
ingly, each maximal alphabdéi® contains also@, as@ is comparable (by inclusion) to any
other seed letter.

It can be shown that under the above definitions, any maximed alphabet contains
exactly 20 letters that can be obtained by a stepwise merging of tworasebtrooted at
immediate descendants of some nedato the subtree rooted at Therefore, since a binary
tree withn leaves containg — 1 internal nodes, a maximal seed alphabet contains precisely
20 letters and can be specified by a permutation of internal s\auéree?.

Seed alphabets and constraint independence systemssinteresting to observe that the
set of seed alphabets formganstrained independence syst@f]. An independence system
is a collection of subsets C 2F over a ground sef’, calledindependent setsuch that(i)

) € Z, and(ii) if X € Z andY C X, thenY € Z. A maximal (w.r.t. inclusion) independent
set is called &ase

Let £ be the set of all possible seed letters as defined earlien alphabets verifying]3)
form an independence system, where bases correspond tmalaaed alphabets. Moreover,
seed alphabets verify two additional conditionscofistrained independent syst¢]: (iii)
if X,Y €7 with |Y| < |X|, then there is an elementc £\ Y such thaty U {e} € Z, and
(iv) the cardinality of every minimal (w.r.t inclusion) set f \ 7 is two.

The interest of this observation follows from results[of][2Bowing that some optimization
problems on constrained independence systems can be sdfficeehtly by greedy algorithms.
Assume we have a score functien £ — R that we extend additively to independent sets
by s(X) = > .cxs(e). For an independence systefp we want to find a bas& € 7
with optimal (maximal or minimal)s(.X). For constrained independence systems, it was
proved [25] that the greedy algorithm yields a base whicloéally optimal i.e. better than
any neighbor bas® = (X \ {a1}) U {ay} for somea; € X, as € E'\ X. Here, the greedy
algorithm starts with the empty set and iteratively addstnopsimal elements ofy as long
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as the current set remains independent. The absolute aptisibard to compute in general,
and the greedy solution is an approximation of it.

Assigning letter scoreThe above setting requires that each letieis assigned a score
that, intuitively, should measure the “usefulnessaah a potential alphabet. Defining such a
measure is a difficult question as there are too many potepihabets and we can not check
them all exhaustively. Therefore, we chose to consider smgll alphabet$3,, containing
« together with a few other letters that are always present go@ seed alphabet. Those
letters are{_, @, #}. The experiments reported in Sectiph V use the alph&het {_ a}.

Given B,,, we define the score af as follows. We enumerate all seeds of a given span

(typically, 5 or 6) over B, and compute the sensitivity and selectivity of each seedrding

{CFYWMLIVGPATSNHQEDRK}
{CFYWMLIV} {GPATSNHQEDRK}
{CFYWMLIV} {GPATS} {NHQEDRK}

{CFYW} {MLIV} {GPATS} {NHQEDRK}
{CFYW} {MLIV} {G} {PATS} {NHQEDRK}
{CY {FYW} {MLIV} {G} {PATS} {NHQEDRK}
{C} {FYW} {MLIV} {G} {P} {ATS} {NHQEDRK}
{CY{FY} {W} {MLIV} {G} {P} {ATS} {NHQEDRK}
{C} {F} {Y} {W} {MLIV} {G} {P} {ATS} {NHQEDRK}
{CH{F} {Y} {W} {MLIV} {G} {P} {A} {TS} {NHQEDRK}
{CH{F} {Y} {W} {MLIV} {G} {P} {A} {T} {S} {NHQEDRK}
{C} {F} {¥} {W} {MLIV} {G} {P} {A} {T} {S} {NHQED} {RK}

{CH{F} {¥} {W} {MLIV} {G} {P} {A} {T} {S} {NHQED} {R} {K}
{CH{F}Y {Y} {W} {MLIV} {G} {P} {A} {T} {S} {NH} {QED} {R} {K}
{CH{F} {Y} {W} {MLIV} {G} {P} {A} {T} {S} {N} {H} {QED} {R} {K}
{CH{F} {¥} {W} {MLIV} {G} {P} {A} {T} {S} {N} {H} {QE} {D} {R} {K}
{CH{F} {¥} {W} {MLIV} {G} {P} {A} {T} {S} {N} {H} {Q} {E} {D} {R} {K}
{CY{FY {Y} {W} {ML} {1V} {G} {P} {A} {T} {S} {N} {H} {Q} {E} {D} {R} {K}
{CH{F}Y {Y} {W} {M} {L} {IV} {G} {P} {A} {T} {S} {N} {H} {Q} {E} {D} {R} {K}
{CH{F}Y {y} {W} {M} {L} {I} {V} {G} {P} {A} {T} {S} {N} {H} {Q} {E} {D} {R} {K}

Fig. 3
ALPHABET TRANSI TI VE- PREDEFI NED DESIGNED USING THE TREE OFFIGUREE. EACH LINE CORRESPONDS TO A

SEED LETTER(AMINO ACID PARTITION)
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to the protocol described in Sectipn Y-B. Each seed is thenaated with a point on a unit
square with coordinates corresponding to sensitivity agldcsivity (see plots in Figurf] 6
below). The distance of this point to poifit, 1), denotedp(«), measures how good the
sensitivity and selectivity jointly are. Besides, the n@nbf occurrences of in the seed

should be taken into account. Overall, we chose to compwdestiore of a letter by the

following formula:

w(a) =) oceg(@) - (V2 = p(a)),

™

where the sum is taken over all seedf a given span, andcc,(«) is the number of
occurrences ofv in .

Greedy algorithmOnce every seed letter has been assigned a score, we compgre¢dy
solution as follows. We compute the maximal subBeif locally good lettersi.e. lettersa
that score better than any lettef such that{a,a’} ¢ Z. It can be shown that this subset
is independent and is included in the solution computed kygiteedy algorithm. Then we
redefineF andZ by F' = F\ L andZ' = {Z C E'|ZU L € I} and apply the algorithm
recursively to the independence systéhY,7Z’). The union of all sets. of locally good
letters computed along this procedure forms the solutiothefgreedy algorithm.

Resulting alphabeEigure[ shows alphab&t ansi t i ve- pr edef i ned designed through
the approach of this Section. The alphabet has been desigmadhe tree of Figur¢]2 and
using the alphabeB, = {_, o} for assigning the score of a letter Each line in Figurd]2
corresponds to a letter (amino acid partition). Among atighs obtained by varying different
parameters in scoring individual letters (such as the &ehand seed spans used in the
scoring procedure), alphabét ansi ti ve- pr edefi ned produced best seeds and will be

used in the experimental part of this work (Sectfdgn V).

B. Transitive alphabets using ab initio clustering method

Hierarchical clustering of amino acidsA prerequisite to the approach of Sectipn TV-A
is a given tree describing a hierarchical clustering of amagid based on some similarity
measure. In this section, we describe an approach thatraotssib initio a hierarchical clus-
tering of amino acids, using a likelihood measure. The agghta@an be seen as constructing
a hierarchy of connected components of a graph based orkgiéndiod relation considered
in Section[Tll (see Figurg] 1) trying to build components wihitigh likelihood values.

As in Section[TV-4, our goal here is to construct a family okdeletters verifying the

hierarchy condition[{2). This family will be obtained withsample greedy neighbor-joining
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clustering algorithm. We start with the partition of aminoids into 20 singletons. This
partition corresponds to th¢ letter. For a current partitio® = {C1,...,C,}, iteratively
apply the following procedure.
1 For each pair of set§}, C,,
1.1 consider the seBridge(Cy, Cy) = {(a;, a;)|a; € Ck, a; € Cy}.
1.2 compute ForeBridgeProb(k,() = > {fijlai € Cy, a; € C;} and
BackBridgeProb(k, () = {bb;|a; € Cy, a; € Cy},
1.3 computeL(k, () = ForeBridgeProb(k,()/BackBridgeProb(k, ()
2 Find the pair of set$C}, Cy) yielding the maximalL(k, ¢),
3 Merge(}, and(C, into a new set, obtaining a new partition.

The rationale behind this simple procedure is that thoseswt® of amino acids are merged
together which produce the maximal increment in the likedith. An alternative method, when
the likelihood of the whole resulting set is maximized, gebiased results, as sets with a
high likelihood tend to “absorb” other sets.

Resulting alphabetAn alphabet, calledr ansi ti ve-ab-i ni ti o, obtained with this
greedy neighbor-joining approach is given in Figldre 4. It e used in experiments presented
later in Sectior V.

C. Non-hierarchical alphabets

Previous approaches (Sections 4.1 and 4.2) were based wireragnt [R) specifying that
letters of the seed alphabet should be embedded one intoeariotform a “nested” hierarchy.
This requirement is biologically motivated and, on the othand, computationally useful
as it reduces considerably the space of possible letteraietdr, this requirement is not
necessary to implement the direct indexing (see IntrodagtiTherefore, we also designed
non-hierarchical alphabets in order to compare them talgbical ones.

To design non-hierarchical alphabets, we used a heuristierglizing the one of Sec-
tion[IV-B] The heuristic consists of two stages: first, gateia big number (several thousands)
of “reasonable” candidate letters, and then select fronmtla@ alphabet containing20
transitive letters (not necessarily forming a hierarchy).

The algorithm of the first stage exploits the standard pgradof genetic algorithms: it
consequently creates “generations” of transitive lett&tee initial population consists of a
single “identity” seed letter. At thé-th iteration ¢ = 1,...,19), each letter generatas

descendants, each havif®) — k) sets.
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{CFYWHMLIVPGQERKNDATS}
{CFYWHMLIV} {PGQERKNDATS}
{C} {FYWHMLIV} {PGQERKNDATS}
{C} {FYWHMLIV} {P} {GQERKNDATS}
{C} {FYWH} {MLIV} {P} {GdQERKNDATS}
{CY {FYWH} {MLIV} {P} {GATS} {QERKND}
{C}Y {FYWH} {MLIV} {P} {G} {ATS} {QERKND}

{C} {FYWH} {MLIV} {P} {G} {ATS} {QERK} {ND}
{CY {FYW} {H} {MLIV} {P} {G} {ATS} {QERK} {ND}
{CY{FYW} {H} {MLIV} {P} {G} {A} {TS} {QERK} {ND}
{CY {FYW} {H} {MLIV} {P} {G} {A} {TS} {QE} {RK} {ND}

{CY {FYW} {H} {ML} {1V} {P} {G} {A} {TS} {QE} {RK} {ND}
{CY{FYW} {H} {ML} {IV} {P} {G} {A} {TS} {QE} {RK} {N} {D}
{CY{FYW} {H} {ML} {IV} {P} {G} {A} {T} {S} {QE} {RK} {N} {D}
{CY{FY} (W} {H} {ML} {IV} {P} {G} {A} {T} {S} {QE} {RK} {N} {D}
{CY{FY} {W} {H} {ML} {1V} {P} {G} {A} {T} {S} {Q} {E} {RK} {N} {D}
{CY{FY} {W} {H} {M} {L} {1V} {P} {G} {A} {T} {S} {Q} {E} {RK} {N} {D}
{CY{FY} {W} {H} {M} {L} {1} {V} {P} {G} {A} {T} {S} {Q} {E} {RK} {N} {D}
{CH{F}Y {¥} {W} {H} {M} {L} {1} {V} {P} {G} {A} {T} {S} {Q} {E} {RK} {N} {D}
{CH{FY {¥} {W} {H} {M} {L} {1} {V} {P} {G} {A} {T} {5} {Q} {E} {R} {K} {N} {D}

Fig. 4

ALPHABET TRANSI TI VE- AB- | NI TI O OBTAINED WITH THE METHOD OF SECTION[IV-B

To generate descendants of a letter from/ihé generation, we use the algorithm given in
Section[TV-B but maintairp (instead of just one) best partitions according to the iliagd
of the “bridge”. The(k + 1)-th generation is selected among all descendants of:itie
generation by selecting thogelettersa which have the highest likelihood ratif(«) /b(«).
With p = 100 and ¢ = 500 the procedure gives abo8000 candidate letters.

To select a small number of those letters to form an alphateetried different heuristics
based on the following two ideas: (1) letters with high likebd ratio are preferred (2)
alphabet letters should have a range of different weighte 3econd option produced a
better alphabet.

Resulting alphabet/Ve selected twenty letters out of ab@it)0 candidates by partitioning
the candidates into twenty groups according to their waighging from0 to 1 with increment
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0.05, and by picking in each group the letter with maximal likeldd. An alphabet obtained
with the above heuristic, calleton-tree-transitive, is shown in Figurg]5. This

alphabet will be used in the experiments reported in Sed#lon

{ARNDCQEGHILMKFPSTWYV}
{ARNDQEGHILMKFPSTWYV} {C}
{ARNDCQEHILMKFPSTWYV} {G}
{ARNDQEHILMKFSTYV} {CGPW}
{ARCQEHILMKFSTYV} {NDGPW}
{ARNDCQEGHKPST} {ILMFWYV}

{ARNDQEGHKST} {CILMFWYV} {P}
{ARNDQEHKPST} {CW} {G} {ILMFYV}
{ARNDQEKST} {CP} {GHW} {ILMFYV}

{AGPST} {RNDQEHK} {C} {ILMFWYV}
{APST} {RNDQEHK} {CW} {G} {ILMFYV}
{AGST} {RNDQEK} {C} {HFWY} {ILMV} {P}

{AST} {RNDQEK} {CH} {G} {ILMV} {FWY} {P}
{AST} {RQEHK} {ND} {CP} {G} {ILMV} {FWY}
{AST} {RQK} {NH} {DE} {C} {G} {ILMV} {FWY} {P}
{A} {RQK} {N} {DE} {C} {G} {H} {ILMV} {FY} {P} {ST} {W}
{A} {RK} {N} {DE} {C} {QH} {G} {ILV} {M} {FY} {P} {ST} {W}
{A} {RQK} {ND} {C} {E} {G} {H} {IV} {LM} {FWY} {P} {ST}

{A} {RK} {ND} {C} {Q} {E} {G} {H} {IV} {LM} {FWY} {P} {S} {T}
{A}{RK} {N} {D} {C} {Q} {E} {G} {H} {IV} {L} {M} {FY} {P} {S} {T} {W}
{A} {R} {N} {D} {C} {QE} {G} {H} {I} {L} {K} {M} {FWY} {P} {S} {T} {V}

{A} {R} {N} {D} {C} {Q} {E} {G} {H} {1} {L} {K} {M} {F} {P} {S}{T} {W} {V}

Fig. 5

NON-HIERARCHICAL ALPHABET NON- TREE- TRANSI TI VE DESIGNED WITH THE ALGORITHM OFSECTION.

V. EXPERIMENTS

This section describes the experiments we made to testfibeefy of seeds we designed
with different methods of previous sections. Sectipns] V-f-€] describe the experimental
protocol, from the assignment of background and foregrqarodabilities, to the seed design.

In Section[V-ID, we analyze the power of different seed mogetposed in Sections JI[l-IV
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with respect to probabilistic models. Then in Sectjon]V-E& benchmark the performance
of seeds built over different alphabets from Secfioh IV agaBLASTP, on several reference
protein databases. For Sectigns V-D and]V-E, all relatiygeerental data including scripts,
designed alphabets, seeds and seed families, and resdtisgivity and selectivity measures,
have been collected in a supplementary Web page availabiet at// bi oi nfo.lifl.fr/

[ |
yass/i edera_proteins/.

A. Probability assignment and alphabet generation

First of all, we derived probabilistic models in accordamgth the BLOSUM62 data from
the original paper[[36]. We obtained the BLOCKS databases{@r 5) [Z]] and the software
of [29] to infer Bernoulli probabilities for the backgrourasd foreground alignment models.
These probabilities have been used throughout the whokldipgof experiments.

Different seed alphabets have then been generated by ttedsgbresented in Sectipn Il
(alphabetNon- t r ansi ti ve), Sectior{IV-A (alphabetr ansi t i ve- pr edef i ned), Sec-
tion [V-B] (alphabet Transitive-ab-initio) and Section [IV-C (alphabet

Non-tree-transitive).

B. Seed design

To each alphabet, we applied a seed design procedure thatiefly describe now. Since
each seed (or seed family) is characterized by two parameteensitivity and selectivity
— it can be associated with a point on a 2-dimensional plost Beeds are then defined to
be those which belong to theareto set among all seeds, i.e. those than cannot be strictly
improved by increasing sensitivity, selectivity, or both.

For different selectivity levels, we designed good seedilfasncontaining one to six
individual seeds, among which the best family was seledtedach seed family, individual
seeds have been chosen to have approximately the same weittm 5% tolerance. This
requirement is natural as in the case of divergent weigletsds with lower weight would
dominantly affect the performance. In practice, havingiiial seeds of similar weight
allows an efficient parallel implementation (see e[g] [17])

Estimation of sensitivity of individual seeds or seed faesilhas been done with the

algorithm described in[J1] and implemented in theDERA software, available abtt p:
[

]
/1bioinfo.lifl.fr/yass/iedera.php. The selectivity of an individual seed has been com-
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puted according to the definition (Sectipp 1l). For a seedilfgnits selectivity has been
lower-estimated by summing the background probabilitiemdividual seeds.

Seed family design has been done using a hill climbing heci(isee [2B], [2P]) alternating
seed generation and seed estimation steps. All experimesTes conducted for alignment
lengths 16 and 32.

C. BLASTP and the vector seed family frorfj [4]

Our goal is to compare between different seed design appesgaroposed in this paper,
but also to benchmark them against other reference seeditigpas. We used two references:
the BLASTP seeding method and the family of vector seeds proposef] irBgth of them
use a score (or weight) resulting from the cumulative cbation of several neighboring
positions to define a hit (see Introduction). Thereforeythse a more powerful (and also
more costly to implement) formalism of seeding.

To estimate the sensitivity and selectivity of those seeds,modified our methods de-
scribed in the previous section by representing an aligmrnbgna sequence of possible
individual scores. Foreground and background probabdftgach score is easily computed
from those for amino acid pairs. After that, sensitivity aselectivity is computed similarly

to the previous case.

D. Results on theoretical models

We compare the performance of the different approachesdtiyig ROC curves of Pareto-
optimal sets of seeds on the selectivity/sensitivity grapie two plots in Figurd]6 show
the results for alignment length 16 and 32 respectively. Red green polylines show the
performance of BASTP with word size 3 and the vector seed family froph [4], for diffat
score thresholds. The other curves show the performancdgfefent seed alphabets from
Sectiond TIIFTV represented by the Pareto-optimal seedsd$amilies) that we were able to
construct over those alphabets. As mentioned earlier iideb-B, each time we selected
the best seed family among those with different number af/iddal seeds. Typically (but not
exclusively), points on the plots correspond to seed fasivith 4 to 6 seeds. Typically, the
seed span ranges between 3 and 5 (respectively, 3 and Gigiomaint length 16 (respectively,
32). Seeds with larger spar- (4) tend to occur in seed families with larger number of seeds
(> 3).
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We observe that seeds over the alphabet of Se€fipon Il (clask ¢urve) are comparable
in performance with the vector seed family froph [4] and dig@utperform seeds over other
alphabets. This result is interesting in itself, althoughmany cases this alphabet is not
practical due to its incompatibility with the transitivitgondition.

As for the other alphabets, they roughly show a comparabfemmeance among them. For
the alignment length 16, our seeds perform comparably itasBp, with a slightly better
performance for high thresholds and a slightly worse paréorce for low thresholds. On the
other hand, for alignments of length 32, our seeds cleartgeytorm B_.ASTP. Note that the
non-hierarchical alphabet from Sectipn TV-C does not bningch of improvement, which
might indicate that lifting conditio[3) does not bring niuaf additional power. This point,

however, requires further investigation.

E. Results on real data

We made large-scale tests of our seeds on real data by applygm to several main
databases of protein alignments. Those databasesmanBBSE (version 3) [[30], HOM-
STRAD [31], IRMBASE (version 1) [3R], OXENCcH (version 1.3) [38], PFAM (release
22) [34], PREFAB (version 4)[]35], and SMART (version 4)][36]

First, since all above databases except for @XBH contain multiple alignments, we
extracted from each of them a datasetpairwise alignments. For this, pairs of aligned se-
guences have been randomly extracted from multiple aligrsrend matching gaps removed.
To avoid a bias induced by big (in terms of the number of segeg€nmultiple alignments,
we selected a smaller fraction of pairwise alignments fragnnhultiple alignments than from
small ones: the number of selected alignments varied frateraof »? for small alignments
to y/n for big ones. The total number of alignment processed in gpeements varied from
640 (IRMBASE) to more than 250000 (PFAM).

For all those datasets, we identified alignments detectethdBL.ASTP seed for different
score thresholds (word length 3, BLOSUMG62 matrix, scoreghold 10 to 13). On the other
hand, for each BASTP score threshold, we identified the closest seed family inRaeeto
set (cf Sectior V-B) with equivalent or greater selectivithis has been done for each of

the three transitive alphabets proposed in Sedtign IV.cBmdeseeds can be found at the

supplementary material Web pafet p: //bi oi nfo. i fI.fr/yass/iederaproteins/|.

Results are shown on Figuf¢ 7. Both methods detect a veryfhagkion of alignments

of IRMBASE (all of them for thresholds 10 and 11). The poorest sensjtiid observed
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on SMART where alignments represent small sequences oéipsotlomains of the same
family. A relatively weak sensitivity on PREFAB is due to iteethod of obtaining alignments
which is based on structural information and, at the firgp,stéoes not incorporate sequence
similarity”. Finally, HOMSTRAD combines both structuraiformation (using FUGUHJ37])
and sequence information (using PSI-BLAST [3]) which ekpdaa better performance of
seed-based search in this case.

Comparing the performance of subset seeds va.sBp, the former show clearly a better
performance on BLIBASE, PREFAB and PFAM. On OXBvcH, HOMSTRAD and
SMART, the obtained sensitivity is very close to that of BTP. Globally, subset seeds

show a better performance for higher selectivity levele#étgr thresholds).

VI. CONCLUSION

In this paper, we studied the design siibset seed®r protein alignments, which is a
very attractive seeding principle that does not use scaréBeahitting stage of the align-
ment procedure. The design of efficient subset seeds subsaimesign of appropriateeed
alphabets i.e. sets ofseed letterghat seeds can be built from. In this paper, we studied
several approaches to designing alphabets. In Seftjonvéliconsidered the most general
case when seed letters are only required to induce a synerbétery relation on amino acids.
In Section[TY, we focused otransitive seed alphabetsvhere seed letters are required to
induce an equivalence relation. In Sectjon IV-A we propoaedilphabet construction based
on pre-definedhierarchical clusterings of amino acids, while in Sec{idFB], we considered
a construction based on ad hocclustering of amino acids based on the likelihood ratio
measure. Finally, in Section T}C we lifted the requiremeithierarchical clustering and
considered alphabets with possibly “incompatible” lett¢in the sense of embedding of
equivalence classes).

The main conclusion of our work is that although the subsetl seodel is less expressive
than the method of cumulative score used ibaBTP, carefully designed subset seeds can
reach the same or even a higher performance. To put it inforntlae use of the cumulative
score in defining a hit can, without loss of performance, Ipaed by a careful distinction
between different amino acid matches without using anyisgosystem. From a practical
point of view, subset seeds can provide a more efficient imptgation, especially for large-
scale protein comparisons, due to a much smaller numberoafsaes to the hash table. In

particular, this can be very useful for parallel impleméotas or specialized hardware (see
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e.g. [I7], [I8]).

Interestingly, the BAST team reported recently ifi [B8] that they used a reduced aatitb
alphabet in order to allow for longer seeds while still kegpthe hash table of acceptable size.
(Note also that this idea has recently been independenplyeaiin [39], in a slightly different
context.) This is done, however, by translating one of thgueaces into a compressed
alphabet and still using neighborhoods and a cumulativectiierion. In this work, we
demonstrated that instead of that, one can apply carefalligded subset seeds to avoid using
neighborhoods and scoring systems at the seeding sta@@uivgacrificing the performance.

Note that the seed design heuristic sketched in Seftioh ¥e3 diot guarantee to compute
optimal seeds, and therefore our seeds could potentialljutiber improved by a more
advanced design procedure, possibly bringing a furtherease in performance. This is
especially true for seeds of large weight (due to a biggerbamof those), for which our
seed design procedure could produce non-optimal seeds,ettplaining some “drop-offs”
in high-selectivity parts of plots of Figuifg 6.

As far as further research is concerned, the question ofieffiseed design remains an
open issue. Improvements of the hill climbing heuristicduge this work are likely to be
possible.

Finally, it would be very interesting to further study théateonship between optimal seeds
and seed letters those seeds contain. In particular, ih @fppeared in our experiments that
optimal seeds contained “non-optimal” seed letters. Ustdading this phenomenon is an
interesting theoretical question for further study.
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ROC CURVES OF SEED PERFORMANCE MEASURED ON PROBABILISTIC MODBLFOR ALIGNMENT LENGTH16 (ABOVE)

AND 32 (BELOW). BLUE, CYAN DARK GREEN AND DARK BLEU CURVES REPRESENTPARETO-OPTIMAL SEED FAMILIES

CONSTRUCTED RESPECTIVELY OVER ALPHABET3RANSI TI VE- PREDEFI NED, TRANSI Tl VE- AB- | NI TI O,

NON- TREE- TRANSI T1 VE AND NON- TRANSI T VE. EACH POINT OF THESE CURVES CORRESPONDS TO A SEED

FAMILY, TYPICALLY 3 TO 5 SEEDS(RESPECTIVELY, 3 TO 6 SEEDS FOR ALIGNMENT LENGTH 16 (RESPECTIVELY32).

RED AND GREEN POLYLINES SHOW THE PERFORMANCE OBLASTP WITH WORD SIZE3 AND THE VECTOR SEED
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