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Abstract

Homology detection methods �rst emerged as pairwise
alignment algorithms, such as Needleman-Wunsch,
Smith-Waterman, FASTA, and BLAST. Although
these pairwise comparison methods continue to play
the major role in heavy-duty genomics applications,
there are a few recent more sensitive algorithms that
rely on statistical models built from training sets of
related sequences.

Many interesting methods �t in this new category. The
majority are based on hidden Markov models (HMMs),
on position-speci�c scoring matrices (PSSMs), or on
clustering approaches that extend the original pairwise
analysis algorithms. To further complicate matters,
there are a variety of methods that are capable of dis-
covering and building protein domain models by ana-
lyzing families of related sequences.

Given the rapid proliferation of these techniques, it is
important to establish a sound methodology to uni-
formly compare the performance of such algorithms in
a reasonable and objective fashion.

The objective of this paper is twofold. It introduces a
relatively simple framework for the comparative anal-
ysis of consensus-based homology detection algorithms
and for the domain model discovery algorithms. It
also introduces a novel PSSM-based technique called
SPLASHSearch that compares favorably with other es-
tablished techniques.

To test these algorithms, training sets have been built
from sequences that include related protein domains.
Only subsequences that include the domain are used
for domain model building and training, in order to
avoid contamination of the tests from multiple, diverse
domain signatures. The goal is to determine the ability
of the various techniques to perform rapid, accurate
sequence annotation given a correct domain de�nition
by a set of training sequences.

Three key observations arise from this exercise. First,
algorithms based on consensus motifs are becoming as
accurate and sensitive as the more computationally ex-
pensive methods based on HMMs. Second, the abil-
ity to identify motifs impacts the performance of the
search methods. Finally, for the HMM method prepro-

cessing the sequences with a multiple sequence align-
ment algorithm has a negative impact on the search
performance for some \diÆcult" domains.

Keywords: Homology detection, proteins, motif anal-
ysis

Introduction1

Within the young �eld of computational biology, the
protein homology detection task is a classic problem
(Barsalou & Brutlag 1991). The task consists of �nd-
ing, for a given protein or protein family, all distantly
related protein sequences in a large database of unan-
notated sequences. Two sequences that share a com-
mon evolutionary ancestor are said to be homologous.
Because we do not have access to ancestral protein se-
quences, the homology detection task is necessarily in-
ferential.
Initially, inferences of homology were made based

upon pairwise comparisons of protein sequences, us-
ing dynamic programming algorithms such as the
Needleman-Wunsch (Needleman & Wunsch 1970) and
Smith-Waterman (Smith & Waterman 1981) algo-
rithms. The popular database search tools BLAST
(Altschul et al. 1990) and FASTA (Pearson 1985) are
fast approximations of these dynamic programming al-
gorithms.
Unfortunately, many \diÆcult" protein sequences ex-

hibit no signi�cant pairwise similarity to previously
characterized sequences in public databases. However,
evidence of signi�cant homology of the \diÆcult" se-
quences to known sequences often emerges from com-
parison of the \diÆcult" sequences to statistical mod-
els describing families of known sequences. In this
context, the ability to build complex consensus mod-
els from a training set of proteins that share a com-
mon function or structure is a powerful tool. There
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are three key reasons for this power. First, in a con-
sensus model, protein regions that are less function-
ally constrained contribute far less to the sequence-to-
model comparison than in a pairwise sequence anal-
ysis. This tends to reduce the impact of \noisy" se-
quences that may contain multiple diverse functional
signatures. Second, rather than using a generic model
of amino acid substitution (Schwartz & Dayho� 1978;
Heniko� & Heniko� 1992), more accurate family- and
site-speci�c models can be used. Finally, pairwise se-
quence analysis often assumes that sequences change
mostly through amino acid substitution and inser-
tion/deletion. However, in reality, proteins domains
often can be swapped without a loss of protein func-
tion, and a domain exchange among non-homologous
proteins is an important instrument of molecular evo-
lution.
The PROSITE database (Bairoch 1991) represents

the �rst systematic attempt to identify biologically rel-
evant consensus sequences, or motifs, in functionally
related families. Once identi�ed, motifs can be eas-
ily represented as PSSMs. Over the past �ve years,
a number of statistical and deterministic motif discov-
ery algorithms have been introduced in the literature.
These include MEME (Bailey & Elkan 1994), SPLASH
(Califano 2000), the Gibbs sampler (Neuwald, Liu, &
Lawrence 1995), Teiresias (Rigoutsos & Floratos 1998),
PRATT (Jonassen, Collins, & Higgins 1995), and E-
MOTIF (Nevill-Manning, Wu, & Brutlag 1998).
The goal of this paper is to propose an objective

framework for the comparison of consensus-based ho-
mology detection algorithms and of the underlying mo-
tif discovery algorithms. This framework allows for the
analysis of the accuracy and computational eÆciency of
these approaches. The comparison methodology, train-
ing sequences, and results are available on the web,
thereby simplifying the inclusion of new algorithms and
new data sets over time.
Clearly, given the large number of available algo-

rithms, an exhaustive analysis of all available methods
is impossible. Therefore, we have initially selected four
independent algorithms. Three of them | HMMER,
MAST, andMeta-MEME| are publicly available. The
fourth, SPLASHSearch, is an additional contribution
of this paper and compares favorably with the other
methods. HMMER has been tested both with training
sets formed by unaligned sequences and with ones that
had been previously globally aligned using CLUSTALW
(Thompson, Higgins, & Gibson 1994a).
With the exception of HMMER, all methods rely

on a set of PSSM models for the given functional se-
quence training set. In combination with these meth-
ods we have tested two independent motif discovery
algorithms. The �rst is MEME, which is based on a
probabilistic, maximum likelihood model. The second
is SPLASH, which is based on a deterministic pattern
discovery algorithm. SPLASH has been recently shown
to o�er an extremely eÆcient, yet exhaustive way to
discover conserved motifs based on amino acid similar-

ity metrics. It has also been shown to identify, with
high probability, protein regions that are biologically
relevant and highly conserved. In an exhaustive test
against the PROSITEmotif database (Hart et al. 2000)
SPLASH produced motifs that were highly overlapping
with PROSITE reported motifs in more than 75% of
the cases. MEME, on the other hand, is the standard
algorithm used to generate PSSM models for two of the
four tested methods. Other choices are possible and will
be added to this benchmark in successive iterations.
Finally, Meta-MEME has been tested both with

trained and untrained (uniform) transition probabili-
ties between the individual PSSM models.
This experimental setup yields a total of nine in-

dependent techniques: HMMER (aligned/unaligned),
MAST with either MEME- or SPLASH-based PSSMs,
Meta-MEME (trained/untrained) with either MEME-
or SPLASH-based PSSMs, and SPLASHSearch with
SPLASH-based PSSMs. The latter method extends the
p-value integration method pioneered in MAST with a
probabilistic model for the relative position of PSSM
matches on the sequences. Since this additional prob-
ability model is not generated by MEME, it has not
been possible to study the performance of SPLASH-
Search with MEME-based PSSMs.
Training sets in our analysis comprise individual pro-

tein domains rather than complete multi-domain pro-
teins. This choice allows for a clear de�nition of a set
of database sequences bearing genuine homology to the
training sequences. The alternative approach, involving
discovering and training domain models from complete
multidomain protein sequences, would often result in
statistical models re
ecting more than one protein do-
main. Since pairs of multi-domain proteins frequently
exhibit only partial homology, the training set is likely
to contain domains that are not shared by all sequences
in the set. Furthermore, the \true positive" database
matches to such training set would have to include all
sequences having at least one of the domains repre-
sented in the training set. Note that the majority of
currently existing methods are not designed to deal with
domain models trained from multi-domain data sets.
The domain sequences have been obtained by an au-

tomated methods that analyzes the annotations of se-
quences in SWISSPROT 38. Five types of domains
have been chosen for this exercise, including two sim-
ple domains with similarities identi�able with pair-
wise comparison approaches and three complex do-
mains with lower global conservation that is often un-
detectable with pairwise comparison methods.
The protein domain selection procedure is fairly labo-

rious and requires some manual supervision to avoid po-
tential contamination of the training sets and of the lists
of true positive and true negative examples with spuri-
ous data. Therefore, the initial benchmark is limited to
�ve domains. This should be considered an initial set
that will grow over time to include more complex and
discriminative examples. Clearly, this reduced set does
not allow us to draw de�nitive conclusions about the
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relative performance of the various techniques. How-
ever, the results show a signi�cant range of variability
and several de�nite trends. With the exception of one
or two of the simpler domain families that were easily
identi�ed by all methods, more complex domains yield
a wide range of performance, with di�erences as large
as 50%.
In general, three observations emerge. First, the

motif-based approaches o�er accuracy and sensitivity
that is comparable to that of the more computation-
ally expensive HMM-based algorithms at a fraction of
the computational cost. In particular, SPLASHSearch
and HMMER unaligned o�er the best results, with
SPLASHSearch winning by about 15% in one of the
5 categories and tying in the remaining four. HMMER,
however, is about an order of magnitude more com-
putationally expensive. The MAST+SPLASH combi-
nation follows closely with a loss by 0.5% and one by
6.5% respectively. This approach is about 1.5 times
faster than SPLASHSearch. MAST+MEME follows
with four losses by 2%, 30%, 10%, and 11%. Finally,
results for Meta-MEME in combination with MEME
and SPLASH are mixed but, in general, it does not
perform as well as the other techniques. It is likely that
this algorithm would perform better with training sets
composed of complete sequences and with additional
�ne-tuning of default parameters.
Second, di�erent choice of motif discovery methods

can result in signi�cant di�erence in terms of accuracy
and sensitivity. In particular, MAST with SPLASH-
discovered motifs outperformed the same algorithm
with MEME-discovered motifs in 4 out of 5 categories.
Finally, training HMMER domain models with

CLUSTALW-aligned sequences produces inferior re-
sults when the training set sequences belong to com-
plex families that have low sequence conservation.
For the most complex dataset, the immunoglobulin-
like domains, performance drops by nearly 50% when
CLUSTALW is used in conjunction with HMMER. This
con�rms that the substitution/deletion/insertion model
of evolution, which is enforced in multiple sequence
alignment, is inappropriate when complex functional
signatures are involved.

Methods

Analyses were performed using �ve protein families ex-
tracted from the SWISSPROT database, version 38
(Bairoch 1994). Each family is de�ned by the pres-
ence of a particular type of domain or motif: CUB,
c1q, galaptin, immunoglobulin and kringle. CUB do-
mains are found in two types of proteins: proteins that
regulate the developmental process and proteins in the
complement system. The name \CUB" indicates that
this domain occurs in three complement components:
C
�
1r/C1s, U

�
egf, and b

�
one morphogenic protein-1. The

c1q domain participates in complement formation in
vertebrates and occurs in the c1q subunit of the C1 en-
zyme complex. Galaptin domains are common to a class
of soluble, developmentally regulated proteins called

Family Seqs Sequence Domains Domain
AAs AAs

CUB 36 22 878 63 7129
c1q 27 10 706 13 1677
galaptin 40 8048 15 2122
IG 386 258 467 500 37 469
kringle 40 27 617 52 4178

Table 1: Protein families investigated. The
columns contain the names of the families, number of
sequences in each family, number of amino acids in each
family, number of domains used in training, and the
number of amino acids in those domains.

galactoside-binding lectins. These proteins are synthe-
sized by all vertebrates and seem to be involved in dif-
ferentiation, cellular regulation and tissue construction.
The immunoglobulin domain is common among a large
superfamily of proteins, the most famous representa-
tives of which are the antibodies in the human immune
system. Immunoglobulins participate in speci�c recog-
nition of other large molecules. Finally, kringles are
triple-looped, disul�de, cross-linked domains found in a
varying numbers of copies in some serine proteases and
plasma proteins. Kringle domains are thought to play
a role in binding mediators, such as membranes, other
proteins or phospholipids, and in the regulation of pro-
teolytic activity. More information about these families
is available at ttp://www.expasy.ch. Of the �ve families
investigated, the �rst two are relatively closely clustered
in sequence space, whereas the last three families con-
tain highly dissimilar sequences whose global homology
is nearly undetectable by pairwise sequence comparison
methods (data not shown).
Lists of sequences in each family were derived from

SWISSPROT annotations by searching for correspond-
ing keywords. Single domains were extracted from the
sequences by exploiting the \motif" and \domain" fea-
tures in SWISSPROT. For each family, the training set
consists of approximately half the domains in the fam-
ily. Some characteristics of these families are described
in Table 1. The family members and training sets are
available at http://www.cs.columbia.edu/~bgrundy/5-
families.
For each family, MEME and SPLASH each discover

one set of motifs. MEME, version 2.2.2, employs the de-
fault parameter settings from the web interface (http://
www.sdsc.edu/MEME). These settings include Dirich-
let mixture priors (Brown et al. 1995) weighted by the
megaprior heuristic (Bailey & Gribskov 1996), a min-
imum motif width of 12 and a maximum of 55. The
motif model is a fully general, two-component mixture
model that allows for a given motif to appear any num-
ber of times in the given sequences. MEME discovers
a total of ten motifs for each family. SPLASH, ver-
sion 1.0, also uses its default parameter settings to dis-
cover ten conserved motifs, as described in (Hart et al.
2000). Motifs are progressively discovered and masked
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Probability for the distance between motif 1
and motif 0 in Immunoglobulin C2 domain
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Figure 1: Relative motif distance probability for
the �rst and second most likely motifs in the
Immunoglobulin family.

in the sequences, starting with the most statistically
signi�cant ones, so that the motifs are guaranteed to
be non-overlapping. In particular, a BLOSUM50 ma-
trix (Heniko� & Heniko� 1992) with a threshold of 0
is used as the similarity metric, one identity match is
required, and reported motifs must have at least four
tokens. The density constraint requires three matching
tokens in any window of length 12. PSSMs are built
using the amino acid counts for all the locations where
the reported motifs occur in the training set. Pseudo-
counts are computed using the minimal risk approach
(Wu, Nevill-Manning, & Brutlag 1999).
The motifs are used in three di�erent ways to search

the SWISSPROT database, version 38. The �rst
database search program, MAST (Bailey & Gribskov
1998), is part of the MEME software distribution pack-
age. MAST scans each database sequence with each
motif separately and then combines the highest-scoring
matches. MAST computes E-values by assuming that
the motif matches within a given database sequence are
independent of one another. MAST can search using
motifs discovered either by MEME or SPLASH.
The second program, SPLASHSearch, extends the

MAST multiple p-value approach by taking into ac-
count the relative spacing of motifs, based on a prob-
abiistic model. The model is computed empirically
from the training set by determining the probabil-
ity p(mj jmi; d) of observing a motif mj at distance
d residues from motif mi. This function is smothed
using a gaussian �lter with � = 5 and renormal-
ized. Figure 1, for instance, plots the �nal value of
p(m0jm1; d) for the two PSSM models with the high-
est incidence in the Immunoglobulin C2 domain family.
These correspond to the two SPLASH regular expres-
sions [ILMFV]........G.Y.C and G..[ILMFV].[ILMFV].C,
which have been underlined, as an example, in two se-
quence fragments:
P04217: ...SLLKPLANVTLTCQARLETPDFQLFKNGVAQEPVHLDSPAIKHQFLLTGDTQGRYRCRSGL...

P15364: GQNLELTCHANGFPKPTISWAREHNAVMPAGGHLLAEPTLRIRSVHRMDRGGYYCIAQNGEGQPD

This information is then used in the context of an
evidence integration framework such that motifs that
occur in unlikely con�gurations are weighted indepen-
dently rather than jointly, while motifs that appear in
a con�guration similar to one observed in the training
set contribute jointly to the �nal score with the weighed
product of their p-values.
This weighting is accomplished as follows. Let us

assume we have a set of motifs matches fmig, where
motif mi occurs at position li on a given sequence and
has a p-values pi. SPLASHSearch computes

max
i

2
4�log(pi) +

X
j 6=i

[�log(pj) � p(mj jmi; lj � li)]

3
5 :

Therefore, if p(mj jmi; lj � li) is close to zero for all js,
the score is dominated by the term max[�log(pi)]. On
the other hand, if there is an i such that p(mj jmi; lj �
li) >> 0 for some js, then the contribution from the sec-
ond term in the sum becomes not negligible. SPLASH-
Search uses motifs discovered by SPLASH, but not
by MEME because these additional probability density
models are not produced by the latter algorithm. In the
future, however, the output from MEME could be used
to determine the probabilistic model in an intermediate
step.
The third search method uses Meta-MEME, version

2.1, to build motif-based HMMs. Each set of mo-
tifs is assembled into a motif-based HMM. The model
topology is completely connected, meaning that tran-
sitions are included in the model from the end of ev-
ery motif to the beginning of every other motif. This
topology allows motifs to appear in any order and to
appear multiple times within a single sequence. Se-
quence regions between motifs are modeled using a sin-
gle \free insertion module" (Hughey & Krogh 1996);
i.e., a state with one self-transition and one outgoing
transition, both with a transition \probability" of 1.0.
Initially, all motif-to-motif transition probabilities are
initialized uniformly. Such a model is referred to be-
low as an \untrained" model. The motif-to-motif tran-
sition probabilities can be trained using expectation-
maximization. Both the untrained and trained models
are used to search the protein database. The Meta-
MEME search tool, mhmms, computes the probability
of the most likely path through the model. This score
is reported as a log-odds scores in bits, using a sim-
ple, zero-order Markov chain as the background model
(Grundy 1998). Meta-MEME can build models from
motifs discovered by MEME or SPLASH.
For comparison with the motif-based methods, ho-

mologs are also detected using pro�le HMMs. Two sets
of HMMs are constructed by HMMER (Eddy 1995).
The �rst set is derived by HMMER, version 2.0, from
multiple alignments of each family, as produced by
CLUSTALW (Thompson, Higgins, & Gibson 1994b)
using neighbor-joining trees (Saitou & Nei 1987). The
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Method Time
Motif discovery by SPLASH < 1 minute
Motif discovery by MEME 30 minutes
Model building and search by HMMER 20 minutes
Database search by MAST < 1 minute
Database search by Meta-MEME 30 minutes
Database search by SPLASHSearch < 1 minute

Table 4: Comparison of computational require-
ments of motif discovery and homology detec-
tion methods. Times are averages for the 5 families.
Notable exceptions are reported in the text.

second set of pro�le HMMs is built directly from the un-
aligned domain sequences using HMMER, version 1.8.
Model calibration and database searching are carried
out for both types of models using HMMER 2.0. For
each program, the default parameter settings are used.
Each homology detection method produces as output

a ranked list of putative homologs. These lists are sum-
marized using receiver operating characteristic (ROC)
analysis (Gribskov & Robinson 1996). The ROC score
is the area under a curve that plots true positives versus
false positives for varying score thresholds. ROC anal-
ysis combines measures of a search's sensitivity and se-
lectivity. The ROC100 score is the area under the ROC
curve, up to the �rst 100 false positives. ROC100 scores
are normalized to range from 0 to 1, with 1 correspond-
ing to the most sensitive and selective search.
In total, nine homology detection methods were in-

vestigated, as summarized in Table 2. None of the pa-
rameter settings was varied prior to reporting these re-
sults. Hence, it is likely that alternate values would pro-
vide better homology detection performance. In prac-
tice, however, the correct set of homologs is not known
a priori, and parameter optimization is therefore not
possible.

Results and discussion

The results of our experiments are summarized in Ta-
ble 3. Between the two motif discovery algorithms,
MEME and SPLASH, neither consistently provides su-
perior homology detection performance, but SPLASH
appears to be on average signi�cantly faster than
MEME (the exception is analysis for the set of full-
length CUB-containing protein sequences). Also, in
combination with MAST, it outperforms MEME in 4
out of the 5 tests. Among the �ve database search
techniques, MAST, SPLASHSearch and HMMER all
provide excellent performance, although the MAST and
SPLASHSearch search programs are signi�cantly faster
than their HMMER and Meta-MEME counterparts.

Motif discovery and search techniques

In combination with MAST, SPLASH is a winner over
MEME in 4 out of 5 categories, in two of these by more
than 5%. When these algorithms are used in combina-

Method CUB c1q gal IG krin
MAST | s S s S
Meta-MEME (un) M S M s M
Meta-MEME (tr) S | M S S

Table 5: No motif discovery algorithm pro-
vides signi�cantly superior homology detection
performance. The table lists, for each of three
database search methods, the motif detection program
that provides better relative performance (S=SPLASH,
M=MEME). A lowercase letter is used when ROC100
values are better by more than 0.01 but less than 0.05.
When two searches produced ROC100 values within 0.01
of one another, no winner is declared.

tion with Meta-MEME, results are more mixed and no
clear trend emerges. In general, however, the combi-
nation of MAST and SPLASH seems to o�er the best
overall accuracy coupled with the best overall compu-
tational speed.
Table 5 compares the homology detection perfor-

mance provided by motifs discovered by these two pro-
grams. Analysis of the domain models produced by
SPLASH and MEME indicate that SPLASH tends to
generate motif models that more completely cover the
training sequences than do the models produced by
MEME.
Surprisingly, estimation of non-uniform transition

probabilities between PSSMs by either SPLASH or
MEME does not provide any apparent advantage in
selectivity of search (Tables 3, 5), even though this
technique is more expensive computationally (data not
shown). A plausible explanation for this result is that
the training set has to be signi�cantly larger to pro-
vide for reliable estimates of these parameters, and the
currently obtained estimates include large sampling er-
rors. It appears that with the current size of training
datasets uniform transition probabilities appear to be
the better choice in PSSM-based searches.
Furthermore, comparison of the overall performance

of search methods (Tables 3) with their compu-
tation cost (Tables 4) indicates that MAST and
SPLASHSearch provide a near-optimum tradeo� be-
tween database search quality (sensitivity and selectiv-
ity) and search computational complexity.
In Table 6 we report the results of motif discovery,

using SPLASH and MEME, for the C2 domain of the
Immunoglobulin family. The most notable di�erence
between the two motif discovery methods is that motifs
reported by MEME seem to be shorter and have higher
rates of occurence than those reported by SPLASH.
The occurence rates reported by SPLASH are some-
what misleading because SPLASH reports regular ex-
pression matches rather than the expected number of
occurrences of the corresponding PSSM model. Once
generated from the corresponding regular expression,
SPLASH motifs usually have a signi�cantly higher in-
cidence in the dataset. For instance, the �rst regular
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Model building Search tool Scores
1 MEME MAST E-value
2 MEME + Meta-MEME (untrained) mhmms Viterbi log-odds
3 MEME + Meta-MEME (trained) mhmms Viterbi log-odds
4 SPLASH MAST E-value
5 SPLASH + Meta-MEME (untrained) mhmms Viterbi log-odds
6 SPLASH + Meta-MEME (trained) mhmms Viterbi log-odds
7 SPLASH SPLASHSearch see text
8 HMMER from unaligned sequences hmmsearch Viterbi log-odds
9 HMMER from CLUSTALW alignment hmmsearch Viterbi log-odds

Table 2: Summary of homology detection methods. See the text for a detailed description of each method.

Method CUB c1q galaptin IG kringle
MEME + MAST 1.0000 0.8371 0.6013 0.7114 0.8937
MEME + Meta-MEME (untrained) 0.9783 0.7392 0.5844 0.6362 0.9793
MEME + Meta-MEME (trained) 0.1666 0.8571 0.9279 0.0455 0.2468
SPLASH + MAST 1.0000 0.8571 0.9938 0.7434 1.0000
SPLASH + Meta-MEME (untrained) 0.0116 0.8407 0.3762 0.6574 0.6581
SPLASH + Meta-MEME (trained) 0.2349 0.8557 0.7775 0.9015 0.9100
SPLASH + SPLASHSearch 1.0000 0.8571 0.9989 0.8119 1.0000
HMMER from unaligned sequences 1.0000 0.8571 0.8620 0.8178 1.0000
HMMER from CLUSTALW alignment 1.0000 0.8571 0.8275 0.3033 1.0000

Table 3: Comparison of homology detection methods. Values reported are ROC100 scores.

SPLASH
Id Seq. Support ZScore Width Motif
1 288 1.202e+62 14 [ILMFV]........G.Y.C

2 221 3.030e+30 8 G..[ILMFV].[ILMFV].C

3 102 6.595e+25 9 G.P.P.[ILMFV].[FWY]

4 12 1.374e+30 36 [DQEK].......L..Q....[ANST]...S.[ILV][NST]...[DEK][NDS][RQK][REK]...[DQK][RQK]

5 13 1.920e+24 23 [RQEHK][QEK]..[ILV].[LWY]T..Q[AS]...[LY]....[NT][LF]T

6 12 8.453e+17 28 [ILMV].[HFWY][ILMFV]..NG.[RQK]...[ND]......[IV][LW].....[NS]

7 12 3.080e+14 14 [DQEK]....[RQEHK][QEK][QEK]V.L[ILMV][MV][LMF]

8 12 7.579e+13 26 L[RQEHK]....F....[REHK][IL].G.[RHK]......[AS].[IFV]

9 13 1.178e+11 16 [LFWY]..DG..[ILMV]..[NDHS][NDHS][REK]..[ILMF]

10 12 1.554e+10 14 [AST].P.[ANST]..[ILMFV][QK][LFWY]S..[ANS]

MEME
Id Seq. Support ZScore Width Motif
1 418 7 D[AS]GTYTC

2 380 8 GETVTL.C

3 193 9 G.P.P.[IV]TW

4 72 10 [IV].WYK[ND]GK.L

5 7 11 LTCEV[LWM]GPTSP

6 6 6 PPAQYSWLING

7 7 11 PPA.Y.WYING

8 6 11 PPANFT[WI]QKNG

9 3 9 LSYRWLLNE

10 3 11 KQAKAVWVLNP

Table 6: Motifs Identi�ed by SPLASH and MEME in Immunoglobulin C2 domain.
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Method ROC100
MEME + MAST 0.3186
MEME + Meta-MEME (ut) 0.2584
MEME + Meta-MEME (tr) 0.3621
SPLASH + Meta-MEME (ut) 0.0000
SPLASH + Meta-MEME (tr) 0.1113

Table 7: Comparison of domain discovery and
database search methods trained from complete

sequences of proteins containing at least one
CUB domain. Values reported are ROC100 scores.
The table does not contain results for HMMER pack-
age because it was not intended for discovering motifs
in full-length sequences.

expression reported by SPLASH ocurs 228 times in the
training set. However, it largely overlaps with the mo-
tif found by MEME and, once converted into a PSSM,
has a comparable incidence. The same can be said for
motifs 2 and 3. These motifs also correspond to equiva-
lent regions on the sequence to the corresponding motif
identi�ed by MEME. However, from 4 to 10, the mo-
tifs found by SPLASH are signi�cantly longer and have
better support than comparable MEME motifs. For in-
stance MEME motifs 6, 7, and 8 are virtually identical,
and the last two motifs have an incidence lower than 4.
This may in part explain the better performance on the
C2 domain of the MAST/SPLASH combination versus
the MAST/MEME combination. In other words, while
the programs are somewhat equivalent at �nding highly
conserved regions in the family, SPLASH has an advan-
tage when it comes to discover motifs conserved in a
small subset of the sequences. Also, overall SPLASH
motifs are longer on average and may therefore have a
slightly better discriminative power.

Modeling whole sequences

Discovering protein domains in full-length sequences
is a diÆcult problem that apparently still remains
open. To illustrate the diÆculties associated with
training domain models from full-length proteins, we
present ROC100 scores obtained from sequences con-
taining CUB domain (Tables 7). To explain the com-
parison results, let us examine possible formulations
of the problem of motif discovery from full-length se-
quences. One can formulate the goal of such analysis
as identi�cation of all protein domains encountered at
least once in the training set. In this case, the set of true
positive database matches would include all sequences
having at least one of the domains encountered in the
training set. This formulation would inevitably lead
to attempts to build a model of a protein domain that
is represented in the training set by a single sequence
and therefore appears 
awed. Alternatively, one can
formulate the problem as identifying domains that are
common for all sequences in the training set, which is
the case with the CUB domains in our dataset, and
the set of true positive database matches would include

only all CUB-containing proteins.
We have chosen the latter formulation of the prob-

lem. However, both motif discovery methods, MEME
and SPLASH, apparently identify a number of motifs
situated outside of the CUB domain. It is not surpris-
ing then that database searches with the resulting mod-
els identify a large number of \false positive" matches
corresponding to training set domains other than CUB.
These are indeed false positive with respect to the CUB
family but they are correct matches to other domain
signatures also present in members of the CUB fam-
ily. This tendency to pick up large numbers of false
positive database matches appears to be stronger for
the SPLASH algorithm than MEME because SPLASH
on average tends to give fuller coverage of the training
sequences with the discovered motifs.
In conclusion we note that, currently, the largest ob-

stacles to a rigorous comparison of domain discovery
methods are the incompleteness of sequence annota-
tions in the databases and the presence of circular logic
in de�ning a set of true-positive database matches based
on sequence annotations derived from earlier database
searches.
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