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algorithm for counting and random generation of those alignments and an algorithm
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provide experimental results demonstrating a bias introduced by ignoring the homo-
geneousness condition.
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Estimating seed sensitivity on homogeneous alignments

Résumé : Nous abordons le probléme de mesure de la sensibilité des algorithmes
de recherche basés sur des graines. Par opposition a des approches basées sur des
modeles de Markov [16, 5, 3, 4], nous étudions une mesure basée sur des alignements
homogénes. Nous présentons un algorithme pour compter et générer aléatoirement
de tels alignements, ainsi qu’un algorithme pour un calcul exact de la sensibilité pour
une large classe de définitions de graines. Nous donnons des résultats experimentaux
démontrant le bias introduit en ignorant la condition d’homogénéité.

Mots-clés : alignement local, sensibilité, graines espacées, alignement de score
maximal, MSP, HSP
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1 Introduction

Comparing nucleic acid or protein sequences remains by far the most common bioin-
formatics application. The classical local alignment problem consists in computing
most significant similarities between two sequences, or between a sequence and a
database. The significance of an alignment is measured by a score, and the mostly
common scoring systems use an additive principle by assigning a positive score to
each matching character, and a negative score (penalty) to each mismatch and each
contiguous gap.

Best-scoring local alignments can be computed by the well-known Smith-Waterman
dynamic programming algorithm [21], however for large-scale sequence comparison
this computation becomes too time-consuming. Several heuristic algorithms have
been designed to speed up the computation of local alignments, at the price of possi-
bly missing some alignments or computing their sub-optimal variants. BLAST [1] is
the most prominent representative of this family, Fasta [15] is another example. Both
these programs are based on the common principle: similarity regions are assumed
to share one or several short fragments, called seeds, that are used to detect poten-
tial similarities. More recently, it has been understood that using non-contiguous
(called also spaced or gapped) seeds instead of contiguous substrings can considerably
improve the sensitivity/selectivity trade-off. Spaced seeds have been used in FLASH
program |7] and were considered by Pevzner and Waterman [18] in the context of
approximate pattern matching. During last years, spaced seeds received an increas-
ing interest [6, 8, 3, 4, 5] and led to the creation of new efficient local alignment tools
[16, 14, 20, 17].

Coming back to the concept of alignment score, note that all heuristic algorithms
typically try to output alignments with a score greater than some user-defined bound.
However, computing all such alignments would be an ill-defined task. Usually, the
alignments under interest are those which on one hand, do not contain in them big
regions of negative score (in which case the alignment should probably be split into
two or more alignments of higher score) and on the other hand, are not too short to
be a part of a larger high-scoring similarity. This is captured by the Xdrop heuristics,
a part of BLAST algorithm: once a seed has been identified, the Xdrop algorithm
extends it in both directions as far as the “running score” does not decrease more
than by a certain value. All other seed-based algorithms apply a similar approach in
that they extend the found seed (or group of seeds) outside as far as the total score
does not undergo a prohibitive drop.

RR n° 5047



4 Kucherov & Noé & Ponty

The alignments found in such a way are formalized through the notion of mazimal
scoring segment® [19]. Consider a gapless alignment which can be naturally translated
into a sequence of match/mismatch scores. We call this alignment (or sequence)
homogeneous if it does not contain a proper contiguous subalignment (segment) with
the total score greater than the score of the whole alignment. Given an alignment
(or sequence), a homogeneous subalignment is called a mazimal scoring subalignment
(segment) if it is extended to the right and left as far as the homogeneity property
is verified. In other words, a maximal scoring segment is not included in a larger
homogeneous segment.

Abstracting from possible gaps, alignments found by similarity search programs
are maximal scoring segments. On the other hand, maximal scoring segments capture
a biologically relevant notion of alignment: if an alignment is not homogeneous then
it is likely to be a merging of two alignments that should be considered as distinct ;
on the other hand, if an alignment is not maximal, it is likely to be a part of a larger
interesting alignment.

In this context, the main motivation of this work can be summarized by the
following claim: Since homogeneous alignments are those which are really found by
similarity search algorithms and which are really intended to be found, then the ef-
ficiency of those algorithms has to be measured on homogeneous alignments rather
than on arbitrary alignments.

With this motivation in mind, we propose an approach to analyze the sensitiv-
ity of similarity search algorithm. Using this approach, we demonstrate that mea-
suring the sensitivity of algorithms on general alignments instead of homogeneous
alignments (as it is usually done) leads to biased results, more specifically to an
overestimation of the sensitivity.

In this paper, we propose a dynamic programming algorithm to compute the
sensitivity estimator (hit probability) with respect to homogeneous alignments. The
algorithm, which is an extension of algorithms proposed in [13, 5, 3], works for a wide
range of seed definitions (contiguous or spaces seeds, single- double- or multiple-seed
approaches, etc) and therefore can guide the choice of the seed strategy. It is based
on the enumeration of homogeneous alignments. On the other hand, the enumera-
tion allows us to obtain an efficient random generation algorithm for homogeneous
alignments. The latter, in turn, can be used for estimating the hit probability experi-
mentally by testing the chosen seed criterion on a big number of random homogeneous
alignments.

!We use the term segment instead of subsequence [19] as the latter usually does not require the
elements to be contiguous.

INRIA



FEstimating seed sensitivity on homogeneous alignments 5

Finally, note that the homogeneous sequences have other applications in biologi-
cal sequence analysis. Karlin, Altschul and other authors [12, 11] studied long homo-
geneous (and maximal scoring) segments in protein sequences, where each residue is
assigned a score according to a certain scoring function. It has been demonstrated
that those segments are often biologically significant, and may, for example, cor-
respond to transmembrane domains [11|. Therefore, the methods proposed in our
paper can potentially apply to other bioinformatics problems than the problem of
measuring the sensitivity of local alignments programs considered here.

The paper is organized as follows. Section 2 presents algorithms, based on enu-
meration techniques, for the uniform random generation of homogeneous sequences.
Section 3 describes an exact algorithm to compute the seed detection probability
on homogeneous sequences. Section 4 is devoted to experiments, and demonstrates
the bias in considering general sequences rather than homogeneous ones. Finally,
Section 5 discusses possible extensions and directions for future work.

2 Enumeration and random generation of homogeneous
sequences

Our main object of study is the gapless alignment of two DNA sequences. We repre-
sent it by a binary sequence A = (b1,...,b,), b; € {0,1}, where 1 stands for a match
and 0 for a mismatch. We assume that each match is assigned a constant positive
integer score s, and each mismatch a constant negative integer score (penalty) —p,
regardless of the mismatching letters. This is the case for many nucleotide scoring
systems, for example a popular BLAST default scoring system assigns 1 to each
match and -3 to each mismatch.? An alternative representation of A is then the
sequence of individual scores, called score sequence, X4 = (x1,...,xy), ; € {s,—p}
and x; = —p + b;(s + p), and the score of the whole alignment is S(X) = > }_; .

*More accurate scoring systems assign different penalties to different mismatches. In particular,
it is very useful to distinguish between transitions (substitutions A «<» G and C < T) and transver-
sions (other substitutions), since transition mutations occur with a greater relative frequency than
transversions, in particular in coding sequences. This distinction is also useful in seed design, as
it allows to consider transition-constrained mismatches, as done by BLASTZ [20] or YASS [17]
for example. A further step would be to make finer partitions of all nucleotide pairs, depending
on statistical properties of analyzed sequences. In our setting, this would imply the modeling of
alignments by sequences over three or more letters. We will discuss this extension in Section 5

RR n° 5047



6 Kucherov & Noé & Ponty

Definition 1. A binary sequence A (and an associated score sequence X 4) is called
homogeneous if S(X,) is strictly greater than S(X[i..j]) for all proper segments
Xali.g) = (xs,...,z5) (i>1orj<n).

This section is devoted to the following question: How to uniformly generate
random homogeneous sequences of a given length n, or of both a given length n
and a given score S? The uniformity condition means that each sequence of the
considered class has the same probability to occur.

The interest of this question is twofold. First, being able to randomly generate
homogeneous sequences would allow to measure the sensitivity of a similarity search
algorithm in the experimental way, by testing it against a sample of randomly drawn
homogeneous sequences. Second, as it is often the case for combinatorial objects,
the question of random generation of homogeneous sequences is closely related to
the question of their enumeration, and the latter will be used in the next section to
obtain an exact algorithm for computing the sensitivity.

For a binary sequence A = (by,...,b,) and the associated score sequence X, =
(x1,...,2y), consider the evolution of the prefix score Zle z; for k = 1.n. The
evolution can be represented as a walk on Z? starting from the origin (0,0) and
evolving through two possible vectors (1,s) and (1,—p). The one-to-one relation

N T T R R N
I I I I I I I I I
I I I I I I I I I
I I I I I I I I I
I I I I I I I I I

I I I I I I I I
I I I I I I I I I
U e e e B e I I I
S I I I I I I I I
I I I I I I I 1 I
R I I I I
I I I I I I | I I
JERN I T | I I I I i I I
| ) | ) | | | | |
I I I | I I I I I
P I I I I I I I I I
I I I I I I I I
[ SN RN I I I I I I
I I I I I I I I I
1,12,0,1,;1,1,0 ;1,1

Figure 1: An alignment uniquely associated with a walk. 1 stands for a match and
0 for a mismatch

between a binary sequence and a walk is illustrated in Figure 1.
Homogeneous sequences correspond to walks C' on Z? starting at (0,0), ending
at (n,S), and verifying two additional conditions:

INRIA



FEstimating seed sensitivity on homogeneous alignments 7

e (' is positive: V(k,y) € C;k > 0=y >0,
e C'is culminating: Yk < n,(k,y) € C =y < S.

A walk verifying both conditions is called a culminating positive walk (CPW). It
is easily seen that the condition for a walk to be both positive and culminating is
equivalent to the homogeneousness of the underlying sequence.

We will be interested in two cases, depending on whether the total score (cul-
minating point) S is fixed or not. We start with the case of sequences of arbitrary
score S and then show how the algorithm is modified to the case of fixed score. Let
C,, be the set of all CPWs of size n and arbitrary total score S.

A classical approach to the random generation of sequences of a given length
drawn from a language L is based on counting suffixes of those sequences [22]. It
allows to generate sequences incrementally from left to right. In our case, this ap-
proach is preferable to the generation by rejection. The latter consists in generating
sequences uniformly among all possible sequences, and discarding those that do not
meet the constraints. Although this method also yields a uniform distribution, and
generating each candidate sequence can be done in linear time, the time complexity
of the rejection method heavily depends on s and p parameters. It would be effi-
cient if the constraints are not too strong — e.g. when the probability of rejection is
O(1/n). In our setting, if s is smaller than p (which is often the case in practice),
the rejection probability tends to one with an exponential speed as n grows, thus
leading to an expected exponential time complexity.

The counting approach is based on the following general scheme. Let L be a set
of sequences over an alphabet ¥ = {a1,...,a,,} and L,, be the sequences of L of size
n. Let w, be a prefix of some sequence of L,,. We call P,(w,) the probability that
w, can be followed by a € ¥ to form a sequence of L,:

~ Hw'|wpaw” € Ly}

P, = .
(o) = [Ty € L,}]

(1)

Lemma 2. Given values P,(wy) for all a € A and all prefizes wy, one can generate
sequences of L,, uniformly.

Proof. Starting from ¢, issue consecutively letters a, ..., a, with probabilities P,, (¢),
P,,(a1), Pag(arag),..., Py, (a1ag---a,—1). The probability of issuing a sequence
W = Q103 - - - Oy, 18

Plaj...an) = Py, (€) - Pay(a1) - Pag(anag) - ... Py, (12 -+ - ) =

{w'oqw’ € Ln}| [{w'|arcow’ € Ly} {w'ar ... apw' € Ly} _ 1{0)
|Ln| {wleqw' € L}l Hw'lay- - an_1w’ € Ly} ‘L;LT

RR n° 5047



8 Kucherov & Noé & Ponty

as {w'|ey...cpw’ € Ly} = {e}. Therefore, this yields a uniform generation proce-
dure. O

Figure 2: Suffixes B associated to a prefix A of C,, depend only of the maximal
ordinate h and current ordinate y

In general, one has to precompute up to |X|" values P, (w),). However, in the case
of homogeneous sequences, it is not necessary to process each prefix w), individually,
as the only relevant information of w), is the maximal ordinate h reached by w,
and the current ordinate y (see Figure 2). Therefore, we introduce the concept of
(h,y)-initialized walk.

Definition 3. For h,y > 0, y < h, an (h,y)-initialized CPW is a CPW starting at
(0,y) and culminating at some point (n,S), such that S > h.

Let Cy ., be the set of (h,y)-initialized CPWs of length n.

Lemma 4. Assume that w, is a positive walk from (0,0) to (k,y) and h is its
mazimal ordinate. Then {w'|wpw’ € Cpn} = Cyppju,|-

A proof is immediate and is illustrated on Figure 2.
To count the (h,y)-initialized CPWs of size n for all compatible values of h,y and
n, we use the following recursive decomposition of (h,y)-initialized CPWs.

Lemma 5. Fory,h >0,
1,s) ify+s>h
Cona = {0 ©

0 otherwise
and for k > 1,

{ (17 5) : Cy+s,max(h,y+s),k—l U (17 _p) : Cy—p,h,k—l ny > D, (4)

Cynk .
o (17 5) : Cy+s,max(h,y+s),k—1 otherwise.

INRIA



FEstimating seed sensitivity on homogeneous alignments 9

Proof. A one-step CPW cannot be a (1, —p)-step, as it would not be culminating.
It can only be a (1, s)-step provided that h < y + s.

The general case is split into two cases, depending on whether the first step is
(1,s) or (1, —p). The latter is possible only if y > p. If the first step is (1, s), then
the new maximum is set to max(h,y + s). O

Note that the decomposition of Cyj, is unambiguous, which means that the
union operation is a disjoint union. Therefore, Lemma 5 gives a recursive formula for
computing the number of CPWs C, 3, ;. for different values 1 <k <n,0 <y,h < s-n.
A dynamic programming implementation of the recursion leads to an O(n?) time and
space complexity.

Lemma 4 allows to count the number of possible suffixes for any prefix w,, of a
walk of C),. Let k = n — |wp|, y be the ordinate of the final point of w, and h the
maximal ordinate reached by w,. Then, the probability P;(w),) that w, is followed
by a step (1,5) is |Cyis max(hy+s),k—11/|Cynkl- As soon as the values |Cyp x| are
computed, a sequence of C,, is generated incrementally in time O(n) using Lemma 2.

We now modify the method to generate homogeneous sequences of fized score
S, which amounts to generating CPWs with a fixed cumulating point. This case
is simpler, as there is only a finite number of possible intermediate scores (states).
Therefore the set of sequences becomes a regular language, for which there exists a
linear-time random generation algorithm (including the preprocessing time) [10, 9].
In our case, it is sufficient to precompute an S X n table storing the number of suffixes
for each point of the rectangle specified by corner points (0,0) and (n, S). Those can
be seen as walks inside each rectangle with corners (0,y) and (k, S). Let Dzi i by the
set of such walks. The following lemma establishes the corresponding recurrence.

Lemma 6. Fory > 0,

S _ (17 S) 7'f Yy +s= S
Dyr = { 0 otherwise (5)
and for k > 1,
(175) ' DyS—i-s,k—l U (17 _p) : DyS—pJg—l pr <y< S — S,
DS, — (1,s) - Di.l,_g’k—l ify<p<S-—s (©)
sk (1,=p)- Dy i ifp<S-s<y
0 otherwise.

Again, the union is disjoint, and therefore the recurrence can be used for counting
the cardinality of each Di i+ Using Lemmas 2,4, this gives a uniform generation
algorithm of O(S - n) space and time complexity.

RR n° 5047



10 Kucherov & Noé & Ponty

3 Computing the hit probability

We present now an algorithm for computing the hit probability on a random ho-
mogeneous sequence, that can be applied to different seed strategies such as single,
double or multiple seeds, contiguous or spaced seeds, etc. The algorithm can be seen
as an extension of the dynamic programming algorithm of Keich [13] for computing
the hit probability for a single seed, under the Bernoulli model of the sequence. The
algorithm of Keich has been extended in several ways: [3] proposed an extension to
the (Hidden) Markov Models of the sequence; another technique, proposed in [5], al-
lows to deal with Markov Models of the sequence and with multiple seeds; finally, in
[4], the Keich algorithm was extended to another seed model, called vector seeds. A
similar-style dynamic programming algorithm was proposed in [6] in a purely combi-
natorial setting, for computing the so-called optimal threshold, which is the minimal
number of seed occurrences for given sequence length and number of substitution
errors (see also [18]).

The extension we propose here is of different nature, as our probabilistic space
is not specified by a probabilistic model of the alignment, but by a set of possible
alignments and the condition of the uniform distribution. In other words, here we
impose global constraints on the alignments (to be homogeneous and to have a given
score) rather than specifying their local properties, as Markov models do. The key
of the construction is the representation from the previous section of those sequences
as random culminating walks on the plane, and counting formulas (5), (6).

For the sake of simplicity of presentation, we describe the algorithm for a single
spaced seed. At the end of this section, we explain how the algorithm can be extended
to multiple-seed strategies.

Recall that a seed 7 is a string over {0, 1}, where 1 stands for 'match’ and 0 for a
don’t care symbol. The length [ of 7 is called the span of # and the number of 1’s in
7 its weight. A seed m matches a string u € {0, 1} of length [, if for each position i,
w[i] = 1 implies u[i] = 1. A seed 7 detects a sequence (gapless alignment) A € {0, 1}*
if 7 matches some substring of A.

We now describe a dynamic programming algorithm for computing the exact
probability that a given seed 7 of span [, detects a random homogeneous sequence
A of length n and score S under a scoring system (s, —p).

Consider a prefix of a random homogeneous sequence A and assume that this
prefix ends with a suffix M. That is, let A = BMC and let |B| =i and S(B) = y.
Let P(i, M,y) be the probability that 7 detects the prefix BM of a random sequence
A (see Figure 3). Thus, our goal is to compute the probability P(n,e,.S) using a set

INRIA
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Figure 3: Computing the seed detection probability on homogeneous sequences

of recursive equations that we define now. The following are initial conditions of the

recursion:
(i) P(i,M,y) =0, if i + | M| <,

(ii) P(i,M,y) =1, if [M| =1 and 7 detects M.

The following conditions insure that the probabilistic space is respected. Condition

(iii) says that the sequences under consideration cannot have a negative score or a

score greater than S. Condition (iv) is optional but allows to cut off at earlier stages
some infertile branches of the computation. It insures that the walks are inside the

diagonal band defined by extremal points (see Figure 3).
(iii) P(i,M,y)=0,ify > S and i <n,or y <0andn >0,
(iv) P(i,M,y)=0,ify>i-sory< S —(n—1i)-s.

The following conditions describe main recursion steps.

(v) if 7 does not detect 1:=1Mb\1b (b € {0,1}), then P(i, Mb,y) = P(i, M,y),

(vi) if |M| < I, then P(i,M,y) = P,P(i — 1,1.M,y — s) + PyP(i — 1,0.M,y + p),

where P; and Py are computed using formulas (5), (6):

) s
P]_ — ‘DS—y+s,z‘—1| P _ “DS—y—p7i_1|

|l)5 ‘ ) 0 —

S—y,i ‘1)5

S—y,i
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12 Kucherov & Noé & Ponty

Condition (v) says that if Mb is not a suffix of any match of 7, then the last letter b
can be dropped out. Condition (vi) is the most tricky one. It says that if M is shorter
than [, then the probability is decomposed into the sum of two terms corresponding
to two possible states of the walk right before the start of M (Figure 3). A way to
compute the probability pg and p; of each of those states is to “flip over” the whole
picture and to think of the walk as coming from point (n,S) to (0,0). Then, P
and P, are computed by formula (1) using the counting technique described in the
previous section. The walks that contribute to probabilities Py and P; are those
located inside the shadowed zone in Figure 3.

The recursive decomposition of P(n,e,S) goes as follows: by applying (vi), the
size of M increases up to length [, then by alternating (vi) and (v), the size of M
oscillates between [ and (I — 1) while ¢ decreases unless conditions (i)-(iv) apply.

The worst-case complexity of the algorithm is O(2' - S - n) both in time and
space. The time complexity can be improved by introducing a preprocessing step
and exploiting the structure of the seed w, following a general method described
in [13, 3|. If w is the weight of the seed m, the time complexity can be made
O(-2=v . (124 S - n)). We refer to [3] for details.

The algorithm presented above can be extended to certain multi-seed detection
strategies, when a hit is defined as two or more proximate occurrences of a seed. A
multi-seed strategy is used in Gapped BLAST |[2] (two non-overlapping seed occur-
rences), BLAT [14] (two or more non-overlapping occurrences), PatternHunter [16]
(two possibly overlapping occurrences), YASS [17] (any number of possibly overlap-
ping occurrences, with additional restriction on the overlap size).

To extend the algorithm to the case of K seeds without constraints on the overlap,
it is sufficient to perform the recursion on the probability P(i, M,y, k), where the
additional parameter k, 0 < k < K, means that k distinct occurrences of the seed
are assumed to occur in BM (see Figure 3). The modification will mainly concern
relation (ii), which will read as P(i, M,y, k) = P(i, M~ ,y,k — 1), where M~ means
word M without the rightmost letter. If the overlap between two successive seeds
is upper-bounded by some constant A (possibly zero, in which case no overlap is
allowed), the modification still holds, except that M~ should be set to M without A
rightmost letters. If the detection strategy imposes an upper bound on the distance
between two neighboring seeds, the recursion gets more complex, as yet another
parameter should be introduced to “store” the distance between the closed seed on
the left.

INRIA
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4 Experimental results

To demonstrate the bias introduced by ignoring the property of homogeneousness, we
compared the detection probabilities of different seed strategies on homogeneous vs
non-constrained alignments of a given score and different length. The probabilities for
homogeneous alignments were computed by the algorithm of Section 3. For general
alignments, a simpler version of the algorithm was used, that does not account for
the homogeneousness constraint (details are left out).

Figure 4: Seed detection probability on homogeneous vs arbitrary alignments

Hit probability of 110100110010101111 on sequences scoring 16 Hit probability of 110100110010101111 on sequences scoring 32
1 1 <
0.99995
0.95
0.9999 -
Z ool 2
3 L 3 0.99985 |
2 2
o [
= o085 | = 0998 ¢
= =
0.99975 |
homogeneous sequences 0.9997 homogeneous sequences ——— |
all sequences - all sequences -
075 . . . . . 0.99965 . . . . . . . . .
20 40 60 80 100 120 140 20 40 60 80 100 120 140 160 180 200 220
sequence length sequence length
Hit probability of 11111111111 on sequences scoring 16 Hit probability of 11111111111 on sequences scoring 32
1 1
09 0.99
08 0.98
2 z
% 0.7 % 0.97
=1 : 5
£ £
06 - q 0.96
051 """/‘H[)mogmeous sequences 095 | homogeneous sequences ——— |
all sequences --------- all sequences ---------
04 . . . . . . 0.94 . . . .
0 20 40 60 80 100 120 140 0 50 100 150 200 250 300
sequence length sequence length

Figure 4 shows the results. Each plot represents the probability of a certain
seed to detect homogeneous/arbitrary alignments of a certain score as a function of
their length. All experiments reported in this section use the default BLAST +1/-
3 scoring system. Left and right plots correspond to score 16 and 32 respectively.
The upper row corresponds to the seed 110100110010101111 of weight 11 and span
18 (implemented in PatternHunter [16]), while the lower row corresponds to the
contiguous seed of weight 11 (implemented in BLAST 1 [1]).
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14 Kucherov & Noé & Ponty

For all settings, the results show clearly that ignoring the condition of homoge-
neousness leads to a considerable underestimation of the sensitivity. The fraction of
homogeneous alignments missed is, in most cases, at least two times more than what
one would expect out of measurements on arbitrary alignments.

One of the most important applications of measuring the sensitivity is the design
of best spaced seeds for the detection of alignments of a certain type. Therefore, we
made another group of experiments aiming at comparing the most sensitive seeds for
homogeneous vs arbitrary alignments. Some results are shown in Table 1.

We computed optimal seeds for detecting homogeneous and arbitrary alignments
of length 40, for several relatively low score values (12, 16 and 20). Seeds of weight
9 and 10 are shown in Table 1. They have been obtained by the exhaustive search
through all seeds of span up to 20 for weight 9 and up to 23 for weight 10. The
probabilities were computed by the algorithm of Section 3. The table shows that
for the same parameters (alignment score and seed weight), the optimal seeds are
different, depending on whether the optimality is defined with respect to all align-
ments (probability P,) or only homogeneous ones (probability P). In each case, the
highest probability is shown in slanted characters.

Table 1: Optimal seeds for homogeneous vs arbitrary alignments

(n,S) w ‘ shape P P

(40,12) 9 | 1110010110111 0.986271 0.902372
(40,12) 9 111001001010111 0.983516 0.917869
(40,16) 9 1110010110111 0.998399 0.988887
(40,16) 9 | 1100110101111 0.098353  0.989535
(40, 20) 10 11101001110111 0.999172 0.996303
(40,20) 10 | 110110010101111  0.999065 0.996555

5 Discussion

In this paper we presented an approach to measure the sensitivity of seed-based sim-
ilarity search strategies. The main point is to compute the hit probability against
homogeneous alignments, rather than arbitrary alignments. The property of homo-
geneousness requires that the alignment does not contain significant negative-score
segments occurring either inside the alignment (in which case the alignment can
be decomposed into alignments of higher score), or at the edges (in which case a

INRIA
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subalignment should be considered). In this paper, we showed that ignoring this
property leads to a bias in estimating the seed detection capacity.

Recently proposed approaches to estimating seed detection probability [5, 3, 4]
assume a Markov model of the alignment, that specifies its local composition. The
approach of this paper is complementary, as we only impose global constraints (ho-
mogeneousness, total score) and abstract from local properties of the alignment. In
we want to account for local properties, the assumption that all fixed-score homoge-
neous sequences are equiprobable is no longer justified.

Note that one of drawbacks of the Markov model approach of [5, 3, 4] is that
the alignment score is taken into account only indirectly, through the expected com-
position of the alignment (or identity rate, in case of the match/mismatch model).
This is a serious disadvantage if one has to measure the probability on alignments of
different length (as in [17]), since in this case the same score generally corresponds
to different identity rates. The approach proposed in this paper is based on the score
rather than on the identity rate.

Our analysis has been based on the match/mismatch model of alignment. How-
ever, sometimes it is very useful to distinguish between different mismatches and, on
one hand, to give a different penalty to, e.g., transitions and transversions, and on
the other hand, to extend the notion of seed by introducing transition-constrained
mismatches (see the footnote in Section 2). This approach leads to modeling align-
ments by sequences on non-binary alphabets (e.g. on the three-letter alphabet of
match /transition /transversion). From a pure computer science point of view, the re-
sults of Sections 2,3 can be extended to the non-binary alphabet. However, from the
biological point of view, the assumption of the uniform distribution over all sequences
becomes unrealistic in this setting, as letters are obviously no more “equivalent”, and
properties of alignment composition must be added to the model. To conclude, the
ultimate approach should take into account both global properties of the alignment
and its local and compositional properties. Designing such an approach remains a
challenging problem.
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