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ABSTRACT

Motivation: Comparing two protein databases is a
fundamental task in biosequence annotation. Given two
databases, one must find all pairs of proteins that align
with high score under a biologically meaningful substitu-
tion score matrix, such as a BLOSUM matrix (Henikoff
and Henikoff, 1992). Distance-based approaches to this
problem map each peptide in the database to a point in
a metric space, such that peptides aligning with higher
scores are mapped to closer points. Many techniques
exist to discover close pairs of points in a metric space effi-
ciently, but the challenge in applying this work to proteomic
comparison is to find a distance mapping that accurately
encodes all the distinctions among residue pairs made
by a proteomic score matrix. Buhler (2002) proposed one
such mapping but found that it led to a relatively inefficient
algorithm for protein-protein comparison.

Results: This work proposes a new distance mapping for
peptides under the BLOSUM matrices that permits more
efficient similarity search. We first propose a new distance
function on peptides derived from a given score matrix.
We then show how to map peptides to bit vectors such
that the distance between any two peptides is closely
approximated by the Hamming distance (i.e., number
of mismatches) between their corresponding bit vectors.
We combine these two results with the LSH-ALL-PAIRS-
siM algorithm of Buhler (2002) to produce an improved
distance-based algorithm for proteomic comparison. An
initial implementation of the improved algorithm exhibits
sensitivity within 5% of that of the original LSH-ALL-PAIRS-
SIM, while running up to eight times faster.

Availability: The source of the code can be found at
http://www.eecs.berkeley.edu/ eran/projects/embed.
Contact: eran@eecs.berkeley.edu

Keywords: protein comparison, database indexing, metric
embedding, Hamming space
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INTRODUCTION

Large-scale proteomic sequence comparison is a computa-
tionally challenging task in genome annotation. The rapid
growth of biosequence databases demands fast filtering
and indexing strategies to winnow a few meaningful
similarities between proteins from millions or billions of
irrelevant residues of sequence. These search strategies
are typically informed by substitution score matrices from
the PAM (Dayhoffet al,, 1978) and BLOSUM (Henikoff
and Henikoff, 1992) families, which describe evolutionary
models for scoring ungapped protein alignments.

Two principal types of strategy are used to accelerate
large proteomic comparisons: seed- and distance-
based methods. Seed-based methods are typified by
BLASTP (Altschul and Gish, 1996; Altschet al,, 1997),
which initially seeks short words in a protein database
that score highly when aligned to a given query sequence.
Only sequences with high-scoringeed matchesare
explored further. Seed-based methods are highly sensitive
provided short seeds (3-4 residues) are used, and they can
be accelerated in practice by preindexing seed matches
or considering only non-overlapping matches (Ning
et al, 2001; Kent, 2002). However, using short seeds
incurs many spurious seed matches in the absence of
a meaningful alignment. In contrast, if we may treat
peptides as points in space, such that the distance between
peptides decreases as their alignment score increases, the
a variety of techniques from computational geometry can
organize a protein database so as to limit the number of
spurious hits tany query while maintaining high sensi-
tivity. Examples of this distance-based approach include
FLASH (Califano and Rigoutsos, 1993), SST (Giladi
al., 2002), andLsH-ALL -PAIRS (Buhler, 2001), which
exploits the randomized indexing strategy of Indyk and
Motwani (1998).

A key problem in applying distance-based methods
to accelerate proteomic comparison is the difficulty of
combining these methods with biologically meaningful
score matrices. PAM and BLOSUM matrices do not
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easily map to distance functions that guarantee thatVe compute the vectors; efficiently by semidefinite
higher-scoring pairs of peptides will be closer together programming. We then use random hyperplane split-
Most distance-based tools for biosequence comparisaing to embed the vectors; into Hamming space, so
therefore elect not to use score matrices at all. SSThat peptides at small distance under are placed at
measures only théHamming distanceor number of small Hamming distance. The next section reviews the
mismatches, between sequences, which is not suitablesH-ALL -PAIRS-SIM algorithm for comparing proteomic
for protein, while FLASH compares amino acids using adatabases and discusses the modifications needed to
reduced class alphabet that captures only a few of their kegccommodate the new distance functidh Finally,
biochemical properties. we give empirical results on the modified algorithm’s
Recent work by Buhler (2002) incorporated scoreperformance, then conclude by pointing out directions for
matrices directly into distance-based search. That workuture work.
mapped peptides to vectors so that the Hamming distance
between two vectors was a simple affine function ofALGORITHMS
the (ungappgd) align_ment score of the?r corresponding\ Distance Mapping for Similarity Matrices
peptides. ThisHamming-space embeddirgf peptides
formed the basis OLSH-ALL-PAIRS-SIM, a similarity
search algorithm with provably high expected sensitivity.
However, the distance mapping used in (Buhler, 2002
induced only a small absolute separation of the distance
between high-scoring versus low-scoring pairs of pep-
tides, making it computationally expensive in practice to
distinguish the two reliably. We therefore focus on the
following still-open questionts there a distance function

on peptides that provably captures the information inextending the definitions of both and D to pairs of

biologically meaningful score matrices, yet permits efﬁ'peptides of common length Define theself-scorep(s)

cient application of distance-based methods to accelerate . ¢ .
similarity searct? of a peptides to be the scor®___, ps|q,s[q) Obtained by

We present an improved distance-based method for préi9nings to itself without gaps. We defin® on pairs of

teomic similarity search that utilizes nearly all the infor t-mers to be
mation in a substitution score matid . We first propose ,
a mappin_g, motivated _by work of Li_nialt al. (_1997), from D(s,t) = Z D,al.tla]
M to a distance functio® on peptides of fixed length
We then use semidefinite programming followed by ran- ‘
dom hyperplane splitting to embélinto Hamming space

yperp piting gsp =p(s) +p(t) =2 Mg uq

g=1

We first describe a mapping from an amino acid similarity
matrix M to a distance functiol. Let p; = M;; be the
core obtained by comparing residu® itself. We define
Qe distanceD;; on pairs of residueg j as follows:

Dij = pi + pj — 2M;;.

Linial et al. (1997) applied a mapping similar tb;; to
pairs of peptides. We address this more general case by

gq=1

with small distortion. As in (Buhler, 2002), peptides are

mapped to vectors whose pairwise Hamming distances re-

flect their pairwise alignment scores unddér. The new = p(s) + p(t) — 2M(s,1).
distance and embedding can replace those used previou
in theLSH-ALL -PAIRS-SIM algorithm with only minor ad-
justments. The resulting search algorithm can perform al
pairs comparison of two large protein databases with se

sll}qe functionD is symmetric ifM is symmetric, satisfies
|p,-,- = 0, and is non-negative providedl;; > M;;
r{_or residuesi # j. The latter property is typically true

sitivity comparable to that reported in (Buhler, 2002) in asof gubstltu'tlon score matrices, which conS|d¢r identical
residue pairs more likely to arise by conservation than by

little as one-eighth the time.
?hance.

The rest of the paper is organized as follows. In the nex ) . L .
section, we introduce a distance functibrfor similarity 'nt(())uar IT;?:r;IiThse r;?:)((atvsv(ietﬁtlra?nli?ntgl ?j?;?oer(tjiéueidégtafﬁﬁ d
matrices and observe that it is a metric (or nearly so) in : f gsp i 0. 13T (f ’ 'd."
practice. We then describe our embedding strategy, whicﬁ.mapp'nw rom resiaues c{ A } (c_)r some dimen-
consists of two phases. We first map the set of aming'o" T)) such that, for all pairs, j of residues, the Ham-

acids to vectorg; on the unit sphere, such that the anglemlng distance betwee(i) and ¢(j) is approximately

between each pair of vectors is approximately proporgqrt’igL;OiS SO sg?b:zog(li/trilf(l:)??lajﬁgﬁlr?g i(gnﬁ i\;wstgtig?iedsjs_
tional to the distance between the corresponding reS|due§2.e triangle inequalitDs; + Dy > Dix. Using the defi-

1This guarantee was formalized in (Buhler, 2002) by the motib score nition of D, we can rewrite this inequa“ty in terms &1
simulation as
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ossible. More precisely, if one @ or «y is given, we
Mjj + Mi 2 Mij + My \F/)vish to minimizepthe oth¥er quantity. 79
We checked a number of score matrices in the BLOSUM ,
family to determine whether the above inequality holds forA semidefinite programming heuristic.  Our plan of action
all i, j, k. We found that the inequality either holds (e.g.'S @S follg)ws. First, we_W|II construct a set of unit vectors
for BLOSUM-62) or is violated for only a small number vi € IR (for some dimensior) corresponding to the
of residue triples, and then only becauk; + M, = €lementsi € X, such that theangles a;; between
M;; + My, — 1. These violations may arise from the vectorsv; andwv; are as nearly as possible proportional
rounding used to make the BLOSUM matrices integeri0 the distanced);;. Then, we will use the technique of
valued. Our embedding construction should be robusi@hdom hyperplane splittingy construct a low-distortion
to small violations of the triangle inequality, so theseHamming-space embedding from tirés.
violations do not in practice pose a barrier to finding a e initially seek to ensure that the angleg roughly

low-distortion embedding ab. reflect the distanceB;;. In other words, for a distortiof
as small as possible and an arbitrary scaling faggome
A Low-Distortion Hamming-Space Embedding askthavoD;; < ay; < v-0¢D;; forall,j € X. Letting

We next describe how to map amino acids to vectors i?OMe inter-residue distancék; grow and others shrink

a Hamming spacg0,1}7 so as to nearly preserve the M2y result in distortions canceling out When_we sum the

distances induced by. In contrast to (Buhler, 2002), @storted _d|stances over severa_l residue pairs, as we do

we do not require that the embedding isemetric i.e. 1N @ peptide-to-peptide comparison. Hence, we modify

that two vectors lie at exactly the same distance aS4' low-distortion criterion to permitwo-sided erroras

their corresponding residues undBr. Instead, we try follows:

only to preserve the original distances to within a small o 3 3 3

multiplicative error. Such a small distortion & should (1=7)00Dsj < i < (1+7)00Dss.

have only a minor effect on the sensitivity of a searchNoting thatv; - v; = cos(a;;) and that the cosine is

algorithm using the embedding. monotone decreasing with its argument, we formulate our
Bourgain (1986) showed that any finite metric onsearch for suitable vectors as the following optimization

m points can be embedded infp (and hence into a problem inIR?:

Hamming space) with distortio®(logm). Linial et al.

(1995) devised a randomized algorithm that efficiently | Min -~

computes a variant of Bourgain'’s embedding. In practice, | st. v, - v; < cos((1 —7)ogDy;) Vi,j €T

these embeddings frequently achieve their worst-case v; - v; > cos ((1+v)ooD;;) Vi, j €%
distortion bounds, or at lea§(/log m) distortion, even v v; =1 Vie X

for simple metrics such as a path, a complete binary tree,

or a hypercube. The above optimization problem is not in a tractable form.

We have developed efficient embedding strategies basagowever, if we fix the scaling factar,, then the quantities
on semidefinite programming (Goemans and Williamsonegos(a, D;;) are constants. Moreover, for sufficiently small
1995) that achieve low distortion in practice, with partic-#,, we can use the Taylor series expansios(h) =~
ular attention to avoiding the worst-case behavior of othel — 242 and the approximation (for smay) (1 +v)> ~
methods. This section describes a heuristic strategy that 2 to obtaincos((1 + ) - ooDy;) = 1 — (1 +

works well with BLOSUM matrices. 27) (o0 D;;)?. Using these approximations, we obtain the

The scaled hypercube embedding problem. Let (X, D) following semidefinité program:

be a finite metric, withY a set ofm elements and -

D their distance function. Ascaled) (T, ~)-hypercube Min v )
embeddingf (X, D) is a mappingb : £ — {0,1}7 such st. v, <1 E2N0DE vy ey
that, for some real scaling facter > 0 and allé, j € %, v v, > 1 — W Vi,j €%
we haves < % < 7 - o; throughoutdg (v, w) v;-v; =1 VieX

is the Hamming distance between vectendw (i.e. the .__ ' o
number of positions in which andw differ). We allowthe ~ Semidefinite programs can be solved in polynomial time
scaling factoro since it does not affect the “complexity” to within any desired precision (Alizadeh, 1995). We solve

of using the metric in many applications, including our _ _ — —
intended one. In thecaled hypercube embedding prob]em Technlca_lly, the program is not semidefinite because |t_amﬂta product
of the variablessg and~y. However, we can perform a binary search over

the inpUt is a metric@, D) _and we wish to find éT, '7)' v, solving an SDP each time, to find the smallest value thasgivieasible
hypercube embedding with bothi and v as small as solution.
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this program repeatedly for vectors of gradually incregsin Table 1. Low-distortion Embeddings of Common Score Matrices
dimensiond, with oo = 1/4, until we find a feasible

solution whose worst-case distortigris at most a target Matrix SDP Dim  Total Dim  Max Dist ~Mean Dist
value (say, 5%), or until increasing the dimension does
not decrease the distortion. Oneg is fixed, we can gtgggmgg 24%0 1205%%%0 toég/% 235;/0

. . . . . . - . 0 . (]
also optimize thegvgrgggdlstorthn by replacmgy_ in the BLOSUM-80 200 100000 3.0% 1 0%
constraints for pairg j with a variabley;; and optimizing
the objective functior) -, . ;. PAM-40 200 100000  16.1% 8.7%

, , PAM-120 200 100000 30.1% 12.3%
Conversion to Hamming space. To convert our real-valued PAM-250 200 100000 42.6% 13.1%

unit vectors to a Hamming-space embedding, we use the
technigue ofandom hyperplane splittingNVe repeatedly

;:Jt thi ltjr?lt SpherethWIth a rantdotr;:: hyperpl_artle tpassmgquivalents of some common score matri&3P Dim dimension
rou% e O_rlgln, .e.n separate the vectarsnto two é = 1/0¢ used in semidefinite programmingptal Dim total

setsV™ andV'~ containing those vectors above and below . . o e Hamming-space embeddinilax Dist

]Ehe hyﬂeetrplg ned r?Spe.Ct“ijelgweﬁ erfd'r’?_mandorl;] Sdrgl.ts’ ._largest percentage distortion of any distance in the ma#ean

or .a 0 be determined. Dur é?mm'”g embedading ISHist: mean percentage distortion over all distances.

defined by the results of these splits as follows. For eac

element € X, we define a Hamming-space vecdi) €

{0, 1}T. If the gth hyperplane places; € V+, we set Lemmal. Given a finite metric that is embeddable in

Dimension and distortion of embeddings computed for theadie

#(i)[g] = 1; otherwiseg(i)[q] = 0. {0,1}% with distortion+, it is possible to find efficiently
Observe that a random hyperplane separates the vectq§ embedding i§0, 1}7, whereT' = O(+v/d log m), with
v; andv; with probability %4, Since there aré” random distortion O(yv/3).
splits,
E[dx (6(i), (7))] = zaij- We omit the alternate construction here because the

heuristic described above gives lower distortions in

By construction, they;; are proportional to the distances practice. _

D;; up to small distortion, so the expected Hamming e applied our embedding strategy to some commonly

distances betweepy(i) and¢(j) have the same property. used protein scoring matrices using SDPPack package

If we can produce a set of Hamming_space Vectﬂlﬁ (Alizadehet al, 2002) for MATLAB to solve the semidef-

whose actual distances are guaranteed to be close #t€ programs. The sizes of the semidefinite programs are

their expectations, then the vectaf&) represent a low- fixed (roughly quadratic in the number of residue} so

distortion scaled Hamming embeddingDf solving them is a relatively moderate computational task
Finally, we determine the dimensidh of the embed- in practice. The resulting embeddings are summarized in

ding ¢, i.e., the number of random hyperplanes to useJable 1.

so as to ensure that the vecter@) have distances close ~ The maximum distortion listed for each matrix in the

to their expectations. Each hyperplane splits the vectortable applies only to thevorst-caseresidue pairi, j. A

v; andwv; independently with probability proportional to more accurate view of total distortion is given by thean

a;; > aoDy;. By Chernoff bounds, if we us@(leem ) distortion over all residue pairs, which is typically much

O'ODij . .
hyperplanes, then with high probability, the Hamming dis-less than that of the single worst-case pair. For BLOSUM-

tance betweer(i) and¢(j) is close to its expectation. 62 in particular, the mean distortion is quite low, only
We can therefore produce a low-distortion Hamming em2-4%.

bedding whose dimension is of the order/%™ — The We also investigated for BLOSUM-62 the effects of
oo mini,j Dij varying the dimensiod = 1/, used in constructing

final scaling factor for this embeddingds= T - o. . X . T .

score simulations. No improvement in distortion was
Limitations and empirical results. The above embedding observed fod > 40, while simulations based on semidef-
construction is a heuristic, largely because we canndnite programs of lower dimension became increasingly
guarantee that the distortion ¢fis close to the minimum distorted (as high as 45% mean distortion §or= 20).
possible for the chosen dimensi@h We have devised Increasing the number of hyperplanes used to approxi-
an alternative algorithm that does make such guaranteesiate the SDP solution in Hamming space had negligible
using a different semidefinite program that is provably aeffect on these distortions. Hence, for BLOSUM-62, the
relaxation of the scaled hypercube embedding problensimulation described in Table 1 seems to represent the
Using that algorithm, we can show that lowest-distortion embedding obtainable with our method.
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Application to Similarity Search > d, which must be checked and discarded. As described

We now describe how we apply a low-distortion in (Buhler, 2001, 2002)LSH-ALL-PAIRS-SIM chooses
Hamming-space embedding of the peptide distance me4- andp that balance the empirically measured costs of
sureD to create a similarity search algorithm. We use aPerformingp projections and processing the false positives
modified version of the randomizesH-ALL -PAIRs-sIM  arising from each. o _
algorithm presented in (Buhler, 2002) for finding similar A key point ensuring the practicality of our approach is

pairs of sequences under Hamming-embeddable metricsthat the vector®(s) need never be represented explicitly
in memory. Instead, we sample orihybits (less than 100

The LSH-ALL-PAIRS-SIM Algorithm.  Let s be a peptide of  in practice) from each vector via the functions®. These
length{. Define the vecto®(s) to be the concatenation functions can be computed implicitly on damer given

of the mappings of its residues under the embedging  only the vectors(s) for each residué € X.
¢ has dimensiorT’, then|®(s)| = ¢T'. For a pair of¢-

merss andt, we have that, sinc®(s, t) is the sum of the Handling Composition Dependence in D. LSH-ALL-
distances between corresponding residues, the HammigIRS-SIM is defined for arbitrary Hamming-embeddable
distancedy (®(s), ®(t)) ~ D(s,t). Hence,we may distances. However, we must modify the algorithm
detect close pairs of-mers underD by finding pairs of 10 preserve a formal relationship between its dis-
Hamming-space vectors that differ by few substitutionstance thresholdd and the biologist's choice of
The vectorsd(s) are large (tens of kilobits), so a search score threshold@ for similarity search. Recall that
algorithm shoulchot store them explicitly for everg-mer ~ D(s,t) = p(s) + p(t) — 2M(s,t), wherep(s) denotes
in the input. self-score of a peptide. Ideally, there would exist a 1:1
LSH-ALL-PAIRS-SIM uses random projection (Indyk mapping from scores to distances such that we could
and Motwani, 1998; Buhler, 2001) to search a largdmplement a search with score threshél@y specifying
collection of length¢ strings for pairs that differ in at most @ single distance threshodgé). For our D, however, the
d positions. Aprojectionr is a list of k indices between 1  distance between peptides dependsboth their score
and/ to be read from a string. For examp{d, 4,5} isa  and their residue composition. In particular, the mapping
projection with sizek = 3 for £ > 5. Two vectorsmatch ~ from scores to distances is 1:1 only among pairsfor
underr if they agree in each position read by which p(s) + p(t) is constant.
Random projection detects pairs of strings within a We address the composition dependenceIbfby
specified distance threshottl as follows. First, choose binning the input£-mers by self-score. Le€; and C,
p projectionsm; ... m, of size k, for k and p to be denote two sequence collections to be compared (e.g. the
determined. For eacld-mer s in the input, compute proteomes of two organisms). We first divide fmers of
m;j(®(s)) for 1 < j < p. Finally, compute distances each collection into bins so that tifemers in binb have
D(s,t) between each pair df-merss,t whose vectors constant self-scorg,. We then separately compare each
match under at least omg, and return all pairs at distance pair of binsd; from C; andb, from C, usingLSH-ALL -
<d. PAIRS with distance threshold = p,, + pp, —26, whered
Suppose the positions of tpegrojectionsr; are chosen is the desired score threshold. We compute the parameters
independently at random with replacen??erﬁ;iven bit %k andp independently for each pair of bins to preserve the
vectors of length¢T', the expected fractiopy, of false algorithm’s guarantee of high expected sensitivity, up to
negatives, i.e. of vector pairs at Hamming distance at moghe (small) distortion introduced by the embedding.
d that do not match under amy, is at most The computational overhead of binning can be sub-
stantial, rising quadratically with the number of possible
r—d\*

self-scores for peptides in the input. To limit the number
(1) of bins, we groupl-mers with similar but not identical

If the embedding has a scaling facterdifferent from

one, the dimensioff’ in the above inequality should be

self-scores. A bib covering a range of self-scorgs, p]
replaced byl"' = % For fixed/T andd, we may choose

is treated as if all it€-mers had the highest self-scqrg
Because higher self-scores translate into higher distance
many combinations ok andp so as to achieve a given
false negative rate;, (e.g. 5%). Decreasing requires

thresholdsd for a given score threshold, and higher
distance thresholds require more computation for a given
fewer projections to ensure a Igw, but also increases the
rate of false positive matches between vectors at distan

p

P, LSH-ALL-PAIRS may overestimate the amount of
computation needed to detect matches involving some
c[émers inb. However, the target sensitivitgg, is not
compromised. In practice, dividing the range of possible
3In practice, choosing positions without replacement is erefficient but self-scores for aé-mer equally into 5-10 bins, even with
slightly more complex to analyze. the extra work caused by binning multiple self-scores, is
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substantially less expensive than restricting each bin to a
single self-score value.

EXPERIMENTAL RESULTS Table 2. Comparison of old and newsH-ALL -PAIRS-SIM algorithms

We implemented the algorithm of the previous section
in C++ to investigate the performance of our distance
function and embedding. Experiments on a real proteomic

Method £ [’} £-mer Time Aligned
Matches  (minutes) Pairs

comparison demonstrate that our new method runs signif- (Buhler, 10 40 48586 1475 6000
icantly faster than the “old” algorithm of (Buhler, 2002) 2002) 20 47 62301 587.2 7707
with comparable sensitivity. 30 50 61580 1260.8 7961

We testedLSH-ALL -PAIRS-SIM with the old and new
distance measures and embeddings on a proteome-to- This 10 40 46387 17.6 5876
work 20 47 59862 168.1 7699

proteome comparison of the bacterda coli and V.
cholerae The total size of this comparison was roughly
1.35 million by 1.16 million amino acids. We used the , o ]
BLOSUM-62 scoring function, the default used by NCBI Relative speed and sensitivity b§H-ALL -PAIRS-SIM with our
BLASTP for protein comparison. For the old algorithm, distance measure and embedding versus the techniquebdescri
the embedding was as described in (Buhler, 2002) (dimer? (Buhler, 2002). Score thresholds were Chofe” for éaoh.
sionT = 17), while for the new algorithm, we used our achieve an egpected spynous match raj[edf[) . Aligned palrs.
novel embedding (scaled dimensiiti = 50). Further number of pairs of proteins that were aligned at least ontle wi
experimental details are given in the Appendix. E-value< 1071° af.ter gapped gxtension. Times were measured on

We used ungapped similarities found by each algorithnf 1 GHz Intel Pentium i1l machine.
to initiate gapped extension using affine Smith-Waterman
with BLAST’s default gap penalties for BLOSUM-62.
The resulting set of gapped alignments may fairly be
compared to the output of BLASTP.

Table 2 shows the relative sensitivities and running times
Of LSH-ALL -PAIRS-SIM with the old and new embeddings.
We tested the algorithm with peptide lengthef 10, 20, -
and 30; for each length, we chose a score thresBold 7500]- - ]
to produce no more that)* expected spurious matches ool , |
between unrelated peptides in the entire comparison. /
(Further performance characterization of the new method %]
for other spurious match rates is shown in Figure 1). For
all values of¢, the new embedding yielded an algorithm
whose sensitivity for raw/-mer matches is within 5%
of the old algorithm, while requiring substantially less
running time (one-eighth as much fér = 10). The asoo] - =20 1
sensitivity for aligned pairs of high-scoring sequences
after gapped extension is even closer to that of the old

30 50 58661 461.3 7959

-
<3
1S3
=]
I

Aligned Pairs
a
8
|

a
=]
<3
=]
I

4000 - 4

method: within roughly 2% for eachtested. 35001 1
The improved running time of the new distance function sl ‘ ‘ |
and embedding can be traced to its need for fewer projec- 1 Running Time (s) 1

tions, and hence fewer passes over the input sequences, to
achieve (roughly) the target sensitivity leyg), < 0.05.
This reduction implies that the new method can more effi-

. . . - - - Fig. 1. Performance trade-offs achieved for the negH-ALL -
ciently distinguish between pairs &imers with high score PAIRS-SIM variant in bacterial protein comparison. We tested

and pairs with lO\_N score. The distance mapping OT (BUh'{lo, 20,30} and expected spurious match rates betwiEnand
ler, 2002) essentially haB (s, ¢) = €T — M (s,t), which 195  ajigned pairsis defined as in Table 2.

for largef and/orT’ compressed the possible distances be-
tweenf-mers into a small range far from zero, even when
s = t. In contrast, our mapping always hBYs,s) = 0

and utilizes a larger distance range, increasing the sepa-
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ration in distance between high-scoring and low-scoringdd121555 and DARPA cooperative agreement F30602-00-
£-mer pairs. Hence, these two types of pairs are comput&-0601.
tionally easier to separate with high probability.

Finally, we compared the performance of our distanceREFERENCES
based search algorithm t_o that.of the Seed'b&_lsed_NC%izadeh,F. (1995) Interior point methods in semidefinitegyzam-
BLASTP. The new algorithm’s improved running time  ming with applications to combinatorial optimizatioBIAM J.
significantly narrows the gap betweesH-ALL -PAIRS- Optimization 5, 13-51.
sIM’s speed and that of BLASTP, which found significant Alizadeh,F., Haeberly,J.-P.A, Nayakkankuppam,M.V.,
alignments £ < 107'%) between 9613 pairs of proteins ~ Overton,M.L. and Schmieta,S. (2002) SD-
in about 10 minutes. Further speed improvements might Pack version 0.9 beta for Matlab 5.0: semidef-
be achieved by carefully lowering the effective dimension nit¢  quadratic  linearly ~ constrained  programs.
T' of the embedding at the cost of small extra distortion in__NtP/www.cs.nyu.edu/cs/faculty/overton/sdppagigagk.htmi

D. The ability to trade slightly higher distortion for speed A"j%%ﬂzg' (1996) Local alignment statistibet. Enzymol.266,
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APPENDIX: BACTERIAL PROTEIN
COMPARISON

TheE. coli (strain K12) andV. choleraeproteomes were
obtained from the NCBI Genbank FTP site. The two
proteomes totaled 8117 sequences containing 2.51 million
amino acids. Both proteomes were masked to remove
low-complexity regions using Wooten and Federhen’s Seg
program (Wooton and Federhen, 1993) with parameters
12/1.8/2.0, as recommended by its documentation for
database-database comparisons.

Analyses were run usingSH-ALL -PAIRS-SIM with
embeddings of distances based on the BLOSUM-62 score
matrix, with lengthsf and score thresholdsas given in
Table 2 angvy, < 5%. £-mer pairs found by the algorithm
were used to seed ungapped and gapped extension,
producing gapped alignments of variable length. We
used BLASTP’s default gap penalties11, —1) and its
estimates of the Karlin-Altschul parametdks and A to
assign significance to each similarity. Alignments were
filtered for significance al < 1010,

NCBI's BLASTP 2.2.3 was run on the same sequences
with its default parameters.




