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Abstract tion whose amino acid sequences have diverged through

Motivation: A new hidden Markov model methodmutation. Finding these evolutionary connections, which
(SAM-T98) for finding remote homologs of proteincan be difficult to detect.in distantly related pro.teins, is called
sequences is described and evaluated. The method bedipigiote-homolog detectioMethods that are reliably able to
with a single target sequence and iteratively builds a hiddefiétect subtler similarities between sequences are thus able
Markov model (HMM) from the sequence and homologi @Ssign putative structure and functional characterization to
found using the HMM for database search. SAM-T98 is ald§Ore new proteins. _ _

used to construct model libraries automatically from The focus of this paper is to present a new hidden Markov
sequences in structural databases model (HMM) method to detect remote homologies. The
Methods: We evaluate the SAM-T98 method with fourSAM-T98 method (where SAM is Sequence Alignment and
datasets. Three of the test sets are fold-recognition tesfdodeling) creates a HMM from a single target sequence by
where the correct answers are determined by structurdieratively finding homologs in a protein database and refin-
similarity. The fourth uses a curated database. The methddd the model. We compare our results to those using more
is compared against WU-BLASTP and against DOUBLEEstablished methods. _

BLAST, a two-step method similar to 1SS, but using BLASTThe results are presented in the context of four tests, three
instead of FASTA of which are fold-recognition tests. These three tests use a set
Results: SAM-T98 had the fewest errors in all tests—Of targetsequences whose folds are to be determinett a
dramatically so for the fold-recognition tests. At thedatabasefsequences of known structure, and a definition of
minimum-error point on the SCOP (Structural ClassificationCorrect target-database sequence pairings. The fourth uses a
of Proteins)-domains test, SAM-T98 got 880 true positive@irated database whose protein sequences were grouped ac-
and 68 false positives, DOUBLE-BLAST got 533 trugording to family, primarily using sequence information. For
positives with 71 false positives, and WU-BLASTP got 353! of the tests, we used only primary sequence information—
true positives with 24 false positives. The method &€ testwas purely one of detecting remote homologs, not of
optimized to recognize superfamilies, and would requirérotein structure prediction or threading.

parameter adjustment to be used to find family or fold For the fold-recognition tests, our HMM-based methods
relationships. One key to the performance of the HMMId extremely well at all levels of acceptable error, finding
method is a new score-normalization technique that confd@ny more remote homologs than the more traditional se-
pares the score to the score with a reversed model rather thiHence-based methods.

to a uniform null model A companion paper (Parlet al, 1998) compares
Availability: A World Wide Web server, as well as informa-SAM-T98 on the SCOP (Structural Classification of Pro-
tion on obtaining the Sequence Alignment and Modelinfgins) test sets with BLAST (Altscheit al, 1990) and

(SAM) software suite, can be found at ASTA (Pearson and Lipman, 1988), and with two state-
http:/Avww.cse.ucsc.edu/research/compbio/ of-the-art methods: PSI-BLAST (Altschet al, 1997) and
Contact: karplus@cse.ucsc.edu; ISS (Parket al, 1997). The results there show SAM-T98 to
http://Amww.cse.ucsc.edikarplus be superior to PSI-BLAST, which is superior to ISS, which

is superior to BLAST and FASTA.

Introduction

. . . . Hidden Markov models
A critical task confronting genome sequencing projects

today, and biology in general, is the functional and structurd&rofile HMMs (Haussleet al, 1993; Kroghet al, 1994) or
characterization of new proteins. Characterization is oftegeneralized profiles (Bucher and Bairoch, 1994) have been
inferred by similarity to proteins of known structure or func-demonstrated to be very effective in detecting conserved pat-

846 © Oxford University Press



HMMS for detecting remote protein homologies

NN the sequences in the fold database. We evaluated how the
Start . @ methods described in the next section discriminated between
\\< the homologous and non-homologous sequences in the data-
al (0 base for all of the target sequences.
a2 ‘
FSSP
A3 A4 AS
Bl B2 B3 BS The FSSP test set is based on the July 1997 FSSP protein
classification tree (Holm and Sander, 1996, 1997). Our fold
al a2 A3 - Ad . A5 database contains the sequences of all 1050 leaves of the
: - Bl B2 B3 b4 g FSSP tree, and our target list is a subset of 166 sequences

chosen arbitrarily to cover all major subtrees. The use of the
Fig. 1. An example of an HMM with two sequences whose FSSP tree ensures that no two sequences in the database have
characters are generated by the HMM, and the corresponding>25% identical residues in the correct structural alignment.
alignment. Positions modeled by the HMM's match states are The FSSP test set uses DALI structure comparison (Holm
indicated with upper case letters, while those modeled by unalignegand Sander, 1993) to determine structural homology. A soft-
insertion states are indicated with lower case letters. threshold classification was made, in which DA&tdcores

>6 were considered to be homologscores <2 were non-

i i ) ) ~ homologs, and-scores between 2 and 6 were counted as
terns in multiple sequences (Baddial, 1994; Eddy, 1995; a1y homologous and partly non-homologous using a lin-

Eddy'et al, 1995; BucheeF al, 1996; Hughey. and Krogh, ear interpolation to get a homology score between 0 and 1.
1996; McClureet al, 1996; Grundt al, 1997; Karplu®t  £qor the 174 134 non-self pairs, the sum of the homology

al., 1997; Karchin and Hughey, 1998). The typical profilescores was 3510.85 (&8% of the pairs represent homo-
HMM (Figure 1) is a chain of match (square), insert (diajggies to be detected), although the best possible classifier
mond) and delete (circle) nodes, with all transitions betweelj makes at least 1494.95 errors (Figure 2). At the mini-

nodes and all character costs in the insert and match nogg§m-_error point for an optimal classifier, there are 2449.45
trained to specific probabilities. The single best path throuqt]'bmobg pairs (1.4% of the possible pairs).
an HMM corresponds to a path from the Start state to the End

state in which each character of the sequence is related t%QOP
successive match or insertion state along that path (delé
states indicate that the sequence has no character corresps-used two test sets (Brenner, 1996; eadd, 1997) de-
ding to that position in the HMM). rived from the SCOP hierarchy (Hubbatdal, 1997). For
For this work, we use a local alignment procedure that reach test set, we used identical lists for both the target list and
lates part of the sequence to one contiguous path through phaeg database of known folds. A pair was labeled as homolo-
of the HMM (Tarnas and Hughey, 1998). If two sequences atgus if both sequences were in the same SCOP superfamily,
aligned to the model, a multiple alignment between those setherwise it was labeled as non-homologous. No two se-
quences can be inferred from their alignments to the modejuences in either test set had >40% sequence similarity. In a
though it must be remembered that characters modeled by retated paper (Pawt al, 1998), pairs in the same fold but
sert states are not aligned between sequences. different superfamilies were not counted as either correct or
When an HMM is trained on sequences that are membergorrect. Doing so would reduce our number of false posi-
of a protein family, the resulting HMM can identify the posi-tives by only three at the minimum-error point (1leit-1tabl,
tions of amino acids which describe conserved primary strugtab-1gpr, liva-1tabl), so we did not feel it necessary to add
ture of the family. This HMM can then be used to discriminatéhis ambiguity.
between family and non-family members in a search of a se-The whole-chain test set was composed of 571 single-
quence database. A multiple alignment of sequences to themain proteins. Of the 162 735 pairings, only 931 (0.6%)
HMM will reveal the regions in the primary structure that areare considered correct homologies. The domain test set con-

conserved and that are characteristic of the family. tained the whole-chain test set, plus another 364 domains that
were only parts of chains (935 sequences in total). Of the
Test sets 436 645 possible non-self pairs, only 2605 were considered

homologs (0.6%).
The first three test sets use databases of sequences of knowlrhe higher rate of homology for the FSSP dataset may be
structure to provide a measure of relatedness between #e artifact of our selecting target sequences to cover the
structures. In each case, we had a set of target sequentegor subtrees—sequences with few true positives were less
whose fold we wanted to determine by matching it against dikely to be picked as targets.
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Best possible for FSSP test set methods using the SAM software. We used WU-BLASTP

" T , - - ' version 2.0al6MP-WashU (available from http://blast.
wustl.edu) and SAM suite version 2.0 (Hughey and Krogh,
1996), although the latter was not used with default para-
meters. For example, different transition regularizers were
specified, and noise and model surgery were not used. Addi-
tionally, local alignments, not global alignments, were used.

1000 |

100 f

False Positives

Blast-based methods

Two of the methods used here are based on the BLAST
- . . . s : - search program (Altschdt al, 1990), perhaps the most

0 500 1000 1500 2000 2500 3000 3500  wjdely used bioinformatics tool today. This program is ex-
True Positives tremely fast and easy to use, so evaluating it is essential.

Best possible for FSSP test set Tools that fail to outperform BLAST are rarely worth their

computational cost.

4000 | ] WU-Blast.The simplest approach to remote-homolog detec-

tion is to provide the target sequence to a version of BLAST,

and collect the top hits in the database. In order to allow us

3000 | 1 to sweep the threshold over a wide range, we sé fplaga-

meter (the expected number of false positives) to 10 for each

search. We recorded the logarithm of the repdetealue as

2000 | 1 the score to threshold. The exact settindgeaé probably

unimportant, as the optimum threshold never corresponded
to aP value > 0.005.

1000 o L 4

500 1000 1500 2000 2500 3000 3500  pouble-BlastThe DOUBLE-BLAST method was inspired
True Positives by ISS (Parlet al, 1997). No direct comparison with ISS is
included here, but comparisons have been made on the two
Fig. 2. The best possible number of false positives (top) and theSCOP datasets (Paek al, 1998)3 and DOUBI,-E'BLAST .
errors as a function of the number of true positives for the @PPears to be similar to ISS in the effectiveness of its
soft-thresholding done in the FSSP test. searches.
Instead of trying to find the homologs in the database di-
rectly from the target sequence, a two-step approach is used.
First, a set of close homologs to the target sequence is found
Pearson in a large database of sequences, then each homolog is used
as a query to search the final database. The large database
The fourth test is Pearson’s test for sequence-comparis@fnployed is the non-redundant protein database NRP (NRP,
tools (Pearson, 1995). Itis a curated version of the PIR dat@ggg). WU-BLASTP is used both for finding the set of close
base (PIR1, Release 39) (Barlatral, 1990) augmented homologs and for using each of these homologs to perform
with 237 sequences. In total, it contains 12 216 sequencgge second search. The first search is performed wik an
(There are 12 219 sequences in the database, but three/glfie of 0.00005, and the second search witE-ealue of
them are duplicates of others.) We report results here for the2. The score reported is the log of the maximum of the re-
‘e0’ set of 67 target sequences chosen by Pearson. Of thgrtedE-values for the hits. Each hit found in the first search
818 405 possible non-self pairs of the target sequence wilitreated as a separate homolog, as attempts to combine the
database sequences, 3474 (0.4%) were considered correfis resulted in many more false positives. This was particu-
Since the PIR families are generally of fairly close homotarly evident for the SCOP whole-chain test set, since non-

logs, the Pearson test set is a test of close-homolog classifiggmologous domains may occur between two homologs in
tion, not remote-homolog classification. a database sequence.

False Positives + False Negatives

Algorithms The SAM-T98 HMM method

We evaluated three remote-homology detection methodBresented with a single target sequence, the SAM-T98
two based on WU-BLASTP and one based on HMMmethod attempts to find and multiply align a set of homologs,
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and then create an HMM from that multiple alignment. Thdhe SAM-T98 metho&AM-T98 starts with a query se-
resulting HMM is then used for database search. The coguence and searches the non-redundant protein database
struction, training and application of the HMMs are all carusing WU-BLASTP to produce two sets of potential homo-
ried out with programs from the SAM package (Hughey antibgs: one of very close homolods € 0.00003) and one of
Krogh, 1996). possible homologd(< 500). The initial WU-BLASTP cull
When the database is small, the SAM-T98 method can alsef NRP is necessary for two reasons: we do not expect an
be used to create an HMM for each sequence in the databas$®M built from a single sequence to do as well at finding
This database of models can then be searched with the tarigetologs as WU-BLASTP does, and an HMM database
sequence, providing a two-pronged approach to the searsiarch of all of NRP is too slow for building thousands of
problem. Because SAM-T98 iteratively creates a model froralignments.
a single sequence, hand-tuned seed alignments, such as tho¥ae SAM-T98 method then uses four iterations of a selec-
used for PFAM (Sonnhammet al, 1997), are not needed, tion, training and alignment procedure. For each iteration, it
though the method could be applied to such seed alignmenigeds an initial alignment, a set of sequences to search, a
For the fold-recognition tests, we created HMMs for all othreshold value and a transition regularizer. From the align-
the sequences in the fold database (1050 for FSSP and 93ént and regularizer, an HMM is constructed and used to
for SCOP, 1677 in all, taking the overlap into account). Fascore the set of sequences. All sequences that score better
the Pearson test, since we were unwilling to build an HMMhan the threshold value are used to estimate a new HMM.
for each of the 12 216 sequences in the database, we uggignment of the training sequences to the HMM produces
SAM-T98 to build HMMs only for the 67 target sequencesthe alignment that is the input for the next iteration.
and scored with just the target HMMs. Based on the resultsOn the first iteration, the single sequence passed to the
for the other test sets, using only target HMMs reduces pefiethod is used as the initial (trivial) alignment and the close
formance only slightly (see Summing Scores, below).  homologs found by WU-BLASTP are used as the search set.
Since building HMMs from weighted multiple alignments The threshold is set strictly (—40 nats), so only strong
is a critical aspect of the method, we specifically discuss sgnatches to the sequence are considered. The transition regu-
quence weighting next, followed by the SAM-T98 methodarizer approximates the gap costs used by WU-BLASTP.
itself and a discussion on how the HMMs were used to SCofequiring both WU-BLASTP and the initial HMM to score
sequences in the test sets. a sequence well ensures that only close homologs are in-
cluded at this stage of the process.

Weighting sequencethe SAM-T98 method uses sequence On subsequent iterations, the input alignment is the output
weighting for building models from alignments, both inter-from the previous iteration and the search set is the larger set
nally and when the final alignments are used to create tt@ possible homologs found by WU-BLASTP. The thresh-
models for scoring a set of sequences. olds are gradually loosened (—30 nats, —24 nats and —16 nats).
The relative weights are set with the Henikoffs’ position- For the second and third iteration, we use a regularizer that
based sequence weights (Henikoff and Henikoff, 1994), b@ncourages long sequences of match states, and for the final
the absolute weight is set to get a specific level of entrogieration a transition regularizer trained on FSSP structural
averaged over all columns after a Dirichlet mixture regularalignments is used.
izer (Sjblandeet al, 1996) is applied to the weighted counts. The above selection, training and alignment procedures
The entropy is specified by the number of bits saved relativg®nsist of several calls to SAM programs. Models are created
to the entropy of the background distribution. This relativavith SAM’s modelfromalign program which uses the align-
entropy measure has been used previously to characterinent, sequence weighting, transition regularizer and Di-
substitution matrices (Altschul, 1991), and the popular BLOFichlet mixture to build an HMM. Scoring the sequence set
SUM50 and BLOSUMG62 matrices correspond to savingvith an HMM uses SAM’s multiple domain scoring pro-
(0.5 and 0.7 bits per column. The savings for our methogedure, now part of hmmscore, which selects only the por-
vary from 2.5 bits for alignments with only 20 match col-tion of a sequence matching the HMM [local scoring (Smith
umns down td0.36 bits per column for alignments with and Waterman, 1981) as applied to SAM models (Tarnas and
>600 match columns. More precisely, the savings requestétlighey, 1998)]. From the sequences selected using this pro-
for ann-column alignment are 50/mim(140(1 — €2-008Y) - cedure, a new model is estimated using SAM’s buildmodel
wheren is the length of the alignment. HMM training program. The alignment of the training se-
The large savings requested for short alignments are geguiences back to the resulting HMM is accomplished with
erally not available with any weights, and the relatively pooBAM’s align2model program. To ensure that the initial se-
performance of the SAM-T98 method on short peptides, nauence to the whole process is not lost, it is added to the train-
ticeable when analyzing the top false positives for the SCGORg set at this point, and any duplicate sequences in the train-
domain test set, may be due to this weighting problem. ing set are eliminated.
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SCOP whole chains SCOP whole chains

without reversed-model 'scoring - ! targ-SAM-Tgs —
with reversed-model scoring - sum-SAM-T98 ---x»--—
1000 1 1000 |

100 A 100 ¢

False Positives
’ \
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False Positives
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/ ) o | 10 +
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True Positives

True Positives
FSSP test set

Fig. 3. Incorporating reversed-model scoring into the SAM-T98 db-SAM-T98 ——— ' e
method’s iterative procedure results in HMMs that are better targ-SAM-T98 -——-x-—
homolog discriminators than using a standard null model. This is 1000 p SumM-SAM-TE8 o=
illustrated here using the SCOP whole-chain test set.

100 |

e Positives

Since this process is involved and requires substanti%
computing time, itis only done once for any sequence andthe 10 ¢
final alignment is kept as an entry in a library. An HMM can
be quickly constructed for the stored alignment using model- A ‘ ‘
fromalign and sequence weighting. 0 200 400 600 800 1000

The quality of the HMM resulting from this method is criti- True Positives
cally dependent on the sequences selected for training, and
this sequence selection depends on the scoring implementa-
tion. During the method's development, we found that man¥ig 4. summing of scores does not provide much improvement for
protein families’ multiple alignments show columns of strict the SCOP whole-chain test set (top). For the FSSP test set, summing
conservation of what are usually the more rarely seen resihe scores (sum-SAM-T98) from the model library HMMs (db-
dues (cysteine, for example). When scoring databases withAM-T98) and the target sequences HMM (targ-SAM-T98) pro-
an HMM built for these families, sequences that are comvides an improvement beyonfl00 false positives. The symmetry
positionally biased toward these residues tend to receive i®f the SCOP whole-chain test makes db-SAM-T98 and targ-SAM-
flated scores and become false positives. T98 curves identical.

Before this observation, scoring involved comparing the

log-probability of a sequence for an HMM with its log-prob- . o
ability for a null model (Barretit al, 1997). To address this database sequences. We experimented using just the target

problem, we looked at the difference of the log-probabilig/0del score, just the database model score, and the sum of

of the sequence and the log-probability of the sequence withe WO Scores.

a reversed HMM (equivalently, the score of the reversed se-1° 9auge the effectiveness of score summing, in Figure 4

quence with the HMM). Since the reversed sequence has {8 plot the false positives as a function of true positives using
same length and composition as the sequence, these RN the SCOP whole-chain and FSSP test sets. As can be
sources of error are effectively eliminated. Figure 3 shows€en for the former, the added computational burden of
the effectiveness of this reversed-model scoring on tHilding an HMM for all of the test set sequences so that
SCOP whole-chain test set. For the remainder of this expeficOré summing can be performed is not always justified. This
ment, we used reversed-model scoring when scoring &72nges when one considers the FSSP test set, as summing
HMM against the test sets. prowdes deflr_nte_lmprovement beyor_ld the 100 false posi-

tives level. This difference may be attributable to the fact that
Summing score$here are two ways to score a target againshe FSSP test set contains sequences with no more than 25%
a database: one can build an HMM for the target sequensequence homology (as opposed to the SCOP whole-chain’s
and score all database sequences using the model, or one4@¥t), and the summing is necessary to strengthen the weak
score the target sequence using HMMs built for all of thecores between a truly homologous pair.

850



HMMS for detecting remote protein homologies

Another possible explanation is that the SCOP test con- FSSP test set
sisted solely of single domains, while the FSSP test had to ' T
match domains from multiple-domain proteins. When the
target and template have very different lengths, the scoring 1990 f
may well work better in one direction than the other. @
For the structure-based fold-recognition tests, we pers

. . . 100 ¢
formed both directions of scoring and summed the scores&

False

Results 10 +

wu-blast ——
double-blast ----s---
SA_M-TQB ‘.

0 100 200 300 400 500 600 700
True Positives

Common to each of the test sets was a list of target (query)
sequences and a database that contained homologs for each 1
of these target sequences. A perfect homology search would
cleanly separate the homologs in the database from the non-

homologs. For any given threshold, we can identify the true FSSP test set

positives (homolog pairs scoring better than the threshold), 4000 . ,

the false positives (non-homolog pairs scoring better than thg double bt —e }
threshold) and the false negatives (homolog pairs scoring SAM-T98 - B

worse than the threshold). An error is either a false positivé
or a false negative. The soft-threshold used in the FSSP teSt
set made perfect separation impossible. T 3500 |
To evaluate the performance of the search methods fg¥
each test set, all pairs of target sequence and database ge- .
guence were sorted from best score to worst score.
sweeping through this sorted list, we compare the methods
in three fashions. First, to make comparisons based on one 3000
number, in Table 1 we compare the number of errors at each
method’s minimum-error point. Next, in Figures 5-8, dis-
cussed below, we plot the number of non-homolog pairs

four_u_j versus the nu_mber of homo_k_)g palrs_ found (the faISEig. 5. Comparison of the methods for the FSSP test set. SAM-T98
positives as a function of true positives). Since the nurnbeJistinguishes more true homologs than WU-BLASTP or DOUBLE-

of false positives grows roughly exponentially with the g| AST for any error rate. The theoretically best possible perform-
number of true positives, setting an optimal threshold is diffi-ance is shown in Figure 2.

cult from the false-positive-versus-true-positive plot. Thus,
we also plot the total number of errors as a function of true
positives to provide a more detailed look at the trade-off be-
tween precision (minimizing false positives) and recalfor all levels of false positives. If no false positives are al-

100 200 300 400 500 600 700
True Positives

(minimizing false negatives). lowed, WU-BLASTP gets 148 true positives, DOUBLE-
BLAST gets 233 and SAM-T98 gets 256. The minimum-
FSSP error points are even more dramatically separated, with 740

. . . for WU-BLASTP, 665 for DOUBLE-BLAST and only 555
Figure 5 shows false positives and errors as functions of trUe Ors for SAM-T98 (see Table 1)

positives. Both curves show the HMM-based methods doing
much better than the BLAST-based methods. Because of themain test seDn the domain test, if the threshold is set to
soft-threshold classification for this test set, the fewest erroegclude all false positives, WU-BLASTP does best with 268
any method could have achieved is 1494.95. SAM-T9ue positives, while DOUBLE-BLAST gets only 14 and

came closest to this mark with 3132.50 errors, Whil&AM-T98 gets 101. The good performance Of WU-
DOUBLE-BLAST and WU-BLASTP had 3281.55 and BLASTP does not extend far, as SAM-T98 beats WU-

3363.35, respectively. BLASTP if even one false positive is allowed. This test set
probably provides the most dramatic improvement of the
SCOP HMM-based methods over the BLAST-based ones. This is

particularly evident in Figure 7, where the minimum-error
Whole-chain test seEor the whole-chain SCOP dataset,points are 2276 for WU-BLASTP, 2143 for DOUBLE-
Figure 6 shows that the HMM-based methods perform beBLAST and 1793 for SAM-T98.
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Table 1. Table of minimum-error points for the different test sets and different methods. Each column reports the number ofviesefplsstpositives
and errors (false positives plus false negatives) for one of the four test sets. Target-SAM-T98 refers to the directi@ninfvgleich an HMM is built for
the target sequence and used to score the library of sequences, as opposed to scoring the target sequence with theorMbislvaity Sequences. The
SAM-T98 results were generated using the sum of the scores from both of these directions

Method FSSP SCOP whole chain SCOP domain Pearson
Optimum, true + 2449.45 931 2605 3474
Optimum, false + 433.55 0
Optimum, errors 1494.95
WU-BLASTP, true + 173.75 212 353 2948
WU-BLASTP, false + 26.25 21 24 195
WU-BLASTP, errors 3363.35 740 2276 721
Double-blast, true + 279.30 288 533 3072
Double-blast, false + 50.00 22 71 352
Double-blast, errors 3281.55 665 2143 754
Target-SAM-T98, true + 421.23 338 869 3296
Target-SAM-T98, false + 79.78 15 72 406
Target-SAM-T98, errors 3169.40 557 1808 584
SAM-T98, true + 459.68 397 880 -
SAM-T98, false + 81.33 21 68 -
SAM-T98, errors 3132.50 555 1793 -
Pearson classification, we cannot choose a classification-specific

) ) threshold, hence the insistence on a single threshold. If we
The Pearson test set differs from the others in that the dajgsq used an optimal threshold for each family, the SAM-T98

base sequences generally do not have known structure. Thgimum-error point would have fallen from 584 to 285 er-

hand-classification of the sequences into families religgys. At this point, there were 3274 true positives and 148
heavily on sequence similarity, resulting in families comfg|se positives.

posed of generally close homologs.
The closeness of the members of the families can be seen
in the excellent performance of WU-BLASTP on this dafolds, superfamilies, families or subfamilies
taset. With no false positives, WU-BLASTP gets 547 true
positives, DOUBLE-BLAST gets 603 true positives andThe SCOP database is a hierarchical classification of protein
SAM-T98 gets only 350. At 200 false positives (near WU-domain structures, with classification into class, fold, super-
BLASTP’s minimum-error point), WU-BLASTP gets 2952 family, family and subfamily. We chose to consider pairs that
true positives, DOUBLE-BLAST gets 2760 and SAM-T98were in the same superfamily to be correct matches, but we
gets 2584. At 400 false positives (near SAM-T98’s minicould have chosen any level of the hierarchy as our definition
mume-error point), WU-BLASTP gets 3121 true positivesof correctness. Figure 9 shows how choosing different levels
DOUBLE-BLAST gets 3099 and SAM-T98 gets 3287. Fig-would affect our results for the SAM-T98 method. The al-
ure 8 shows this trade-off in performance clearly. Thenostidentical false-positive rates for folds and superfamilies
SAM-T98 method was optimized for finding superfamilies,at low error rates means that the overall error rate is much
not families, and so it merges similar families together.  lower for superfamilies than for folds since there are many
Note that we use a single threshold for each method for atlore false negatives at the fold level.
of the targets in a test set, not a separate threshold for eaciihe SAM-T98 method also seems to do well on families
target as done previously for the Pearson test set (AgarmalFigure 9, but a closer look at the calibration curve in Figure
and States, 1998; Karchin and Hughey, 1998). Using sepd® shows that the homologs included in the SAM-T98 align-
ate thresholds would provide much more impressivenents are distant enough to contaminate the method as a
numbers, but the single threshold is a more valuable test. \Wamily or subfamily recognizer (as was seen with the Pearson
are not testing how well a particular library of models can beest set). We would have to use stricter thresholds in building
tuned, but how well a set of homologs can be found for #ne alignments to create a family, rather than a superfamily,
protein of unknown character. If we do not already know thescognizer.
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Fig. 6.Results for the methods on the SCOP whole-chain test of 571 Fig. 7. Results for the methods on the SCOP domain test of 935

sequences show that SAM-T98 is a much better homolog discrimi-sequences. This test set provides the most dramatic evidence of

nator than the other methods. The maximum possible number of trueSAM- T98's superior ability over WU-BLASTP and DOUBLE-

positives is 931. BLAST as a remote-homology detection method. The maximum
possible number of true positives is 2605.

The calibration curve in Figure 10 can be applied to a search
with one target in a databaseNbequences, the number of

false positives from the curve should be multiplied\436 mologs found at the minimum-error point, SAM-T98 finds
645 to get the expected number of false positives. 18.8% for the FSSP test set, 42.6% for the SCOP whole

If one ignores the ‘fat tail’ (the excessive number of fals€hains, 33.8% for the SCOP domains and 94.9% for the Pear-

positives for strong scores), the number of false positives c§AN test set. Even the best current remote-homology method
be reasonably approximated byNetost The fat tail prob- finds only a small fraction of the evolutionary relationships
ably results from two sources of error: small shared motifdvailable. ,

(such as amphipathic helices) that are not long enough to>AM-T98 introduced reversed-model score adjustment.
justify classifying the proteins in the same superfamily andlot only does this scoring method correct for length and

contamination of the SAM-T98 alignment by non-homolo-COMposition biases, but some other, subtler effects are also
gous sequences. cancelled—for example the periodic hydrophobicity pat-

terns of amphipathic helices or beta strands also appear in the
reversed sequence, as does the lower frequency surface-core
hydrophobicity pattern. Because of these subtle effects, the
We have introduced the SAM-T98 method for remote proreversed sequence is a much more realistic decoy than a
tein homolog detection and have compared it with morscrambled sequence.

popular methods using four test sets. At the minimum-error These effects can affect scoring significantly. For example,
points, the best method was always SAM-T98. If we evaluaia the scoring for the CASP-2 contest (Karptsal, 1997),

the methods according to the fraction of the possible true hare had to eliminate by hand some coiled-coil models that

Discussion
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Pearson e0 test set ROC curves for different SCOP levels
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Fig. 8. Results for the methods on the Pearson dataset. The,:ig_ 9. SAM-T98 results for the SCOP domains test set with
maximum number of true positives is 3474. WU-BLASTP does best correctness defined as matching at different levels of the SCOP
for close homologs, and SAM-T98 does best for more remote ones.pjerarchy. The false-positive curves are almost identical for folds and

superfamilies at low error rates. (The error plot uses a log scale
ecause of the huge differences in the number of false negatives

scored any helical protein well—the reversed-model scorini -
mong the definitions of correctness.)

eliminates these problems. Also, metallothionein (4mt2),
with 24 cysteines out of 61 residues, can align well to almost
any sequence with conserved cysteines. Since many HMMsf score summing is to be used, then models must be built
get a large part of their score from aligning highly conservetbr both the target sequences and the database sequences. If
cysteines, 4mt2 often appeared as a false positive for thasat, then only database HMMs or target sequence HMMs are
HMMs, but since the reversal of 4mt2 has the same numbbuilt. Which HMMs to build depends on the number of se-
of cysteines with the same distribution of spacings, it alsquences to classify and the number of families to classify
scores well for these HMMs and the difference between thigto. If only a small number of sequences are to be identified,
model and reversed-model scores is near zero. then it is probably better to build an HMM for each. If many
The SAM-T98 method also introduced score summingare to be classified, then building a library of models is better.
We performed score summing for CASP-2 also—what is The SAM-T98 method uses reversed-model scoring and
new here is the systematic evaluation of this approach. Sustore thresholds for selecting training sequences in its itera-
ming entails the added computational expense of buildiniye procedure. We found that a predecessor method
additional HMMs that is not always clearly justified. For the(SAM-T97) that did not include the reversed-model scoring
SCOP whole-chain and domain test sets, summing of scorasd used more liberal threshold values garnered more remote
provided negligible gain in performance. This was not th@iomologs at the expense of including more spurious se-
case for the FSSP test set, for which summing providedcaences in the alignments. This led to the creation of HMMs
marked improvement for homologs more remote than thef a slightly different character; they were often more adept
minimum-error point. at finding the remoter homologies, but not as able at filtering
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The SAM-T98 method and its use as exemplified in this
work is available on the World Wide Web from http://iwww. o - -
cse.ucsc.edu/research/compbio/. One may search Iaré:ég' 11.HMMs with different recognition abilities can be created by
sequence databases for homologs using a single que justing the iterative procedure of SAM-T98. Here, ‘SAM-T97’
. -refers to a predecessor method that lacked the reversed-model
sequence. This makes use of the SAM_T.QS. method to. bUIIscoring and used more liberal score thresholds.
an HMM and search a database. Since it is not feasible to

build HMMs for all database sequences, database scoring

does not sum any scores. The second option allows oneyf@thods such as threading that use structure information for
search our model library with a sequence. This is similar i template sequence, but not the target sequence. Some of
the first option, except that the database is composed of $8a more popular sequence-based methods, including PSI-
lected sequences from PDB. Since we have constructgg agT (Altschulet al, 1997) and ISS (Pas al, 1997),
HMMs for each of these sequences, score summing is usggdye already been tested on the SCOP datasetdPark

Other options allow access to separate components of thggg). One attempt at testing structure-structure aligners has
SAM-T98 method. They allow one to build an alignmentyeen made (Gerstein and Levitt, 1998), but that experiment
from a query sequence, generate sequence weights fromiggked only at pairs known to be in the same superfamily, so

alignment, or build an HMM from a single query sequenceq false-positive rate can be determined.
or an alignment with weights.

Future work is needed in several directions: evaluatin
other fold-recognition methods, tuning the parameters (Suéﬂhcknowledgements
as thresholds and number of iterations) of SAM-T98, anWe thank Nguyet Manh, who ran many of the early tests of
evaluating the quality of alignments produced as a by-prodhe SAM-T97 method on the FSSP test set and did much of
uct of the fold recognition. Other fold-recognition tech-the work making SAM-T98 available on the web site, and
niques that need to be evaluated include other sequen€dsus Chothia, who provided us with the selected sequences
based methods for finding relationships, such as Metdhat make up the SCOP test sets. Special thanks to Philipp
MEME (Grundyet al, 1997) and SearchWise (Birnelyal, = Bucher and Kay Hofmann, whose use of reversed-sequence
1996), structure-structure comparison techniques, artthtabases for normalizing HMMs inspired our somewhat
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