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Abstract
We developed a variant of the intermediate sequence search method (ISSnew) for detection and alignment
of weakly similar pairs of protein sequences. ISSnew relates two query sequences by an intermediate
sequence that is potentially homologous to both queries. The improvement was achieved by a more robust
overlap score for a match between the queries through an intermediate. The approach was benchmarked on
a data set of 2369 sequences of known structure with insignificant sequence similarity to each other (BLAST
E-value larger than 0.001); 2050 of these sequences had a related structure in the set. ISSnew performed
significantly better than both PSI-BLAST and a previously described intermediate sequence search method.
PSI-BLAST could not detect correct homologs for 1619 of the 2369 sequences. In contrast, ISSnew assigned
a correct homolog as the top hit for 121 of these 1619 sequences, while incorrectly assigning homologs for
only nine targets; it did not assign homologs for the remainder of the sequences. By estimate, ISSnew may
be able to assign the folds of domains in ∼ 29,000 of the ∼ 500,000 sequences unassigned by PSI-BLAST,
with 90% specificity (1 − false positives fraction). In addition, we show that the 15 alignments with the most
significant BLAST E-values include the nearly best alignments constructed by ISSnew.
Keywords: protein homology; protein evolution; sequence alignment; comparative protein structure modeling; fold assignment
The genome sequencing projects are providing a vast number of novel protein sequences (Cantor and Little 1998;
Grunenfelder and Winzeler 2002). The functions of these
proteins must be annotated. Even for model organisms, such
as yeast and Escherichia coli, the bulk of the coarse functional annotation originates from establishing a relationship
between an uncharacterized sequence and a characterized
sequence (Serres et al. 2001). However, sequences of related proteins can diverge beyond the point where their
relationships are detectable by current sequence-alignment
and even fold-assignment programs (Sippl et al. 2001). For
example, it has been estimated that only one-quarter of the
pairwise relationships with less than 30% sequence identity
can be identified with the fold-assignment programs (Park
et al. 1998).
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Intermediate sequence search (ISS) is one of the methods
for detecting remote homologs (Park et al. 1997; Gerstein
1998; Salamov et al. 1999; Li et al. 2000, 2002; Teichmann
et al. 2000; Pipenbacher et al. 2002). For two sequences
whose homology cannot be established by a direct comparison, ISS attempts to relate them through a third sequence
that is detectably homologous to both of the original sequences. First, a multiple sequence alignment is constructed
for each of the query sequences. Next, intermediate sequences that occur in both multiple alignments are noted.
An overlap score is then calculated that measures the extent
of the overlap between the two query sequences implied by
an intermediate. And finally, if the overlap score for any of
the intermediates is sufficiently high, the two queries are
declared to be related. A benchmark of ISS increased the
rate of the correctly detected relationships from 43% to 59%
(Salamov et al. 1999) relative to BLAST (Altschul et al.
1997), without producing any false positives.
Despite the usefulness of ISS, it is limited by two problems. First, a problem arises when the intermediate se-
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quence is in fact not a homolog of either one or both of the
queries. This problem is a consequence of the false positives
in the sequence alignment methods. Second, when the implied overlap between the two queries is short, it is especially difficult to judge whether or not they originated from
a common ancestor. This problem is relatively frequent for
proteins with multiple domains and is a consequence of the
inability of local sequence-alignment methods to detect the
precise bounds of the domains.
A widely used overlap scoring scheme in ISS sets a
threshold for the length of the segment of the intermediate
that is aligned with both queries (Park et al. 1997, 1998;
Gerstein 1998; Salamov et al. 1999). In other words, the
overlap region between the first query and the intermediate
must share a specific number of residues with the overlap
region between the intermediate and the other query. This
threshold for the overlap length does not depend on the
length of the sequences. To improve the sensitivity and
specificity of ISS, we propose a new overlap score for a
match between two queries through an intermediate that
minimizes both of the problems described above. In addition, unlike other ISS methods that made use of multiple
sequence alignments with relatively few sequences (Park et
al. 1997; Gerstein 1998; Salamov et al. 1999; Li et al. 2000;
Teichmann et al. 2000) obtained by BLAST (Altschul et al.
1990) or FASTA (Pearson 1990), we used the more sensitive PSI-BLAST program (Altschul et al. 1997) to generate
the multiple sequence alignments for ISS. Moreover, we
also assess the accuracy of the alignment between the two
queries implied by an intermediate sequence.
We begin by describing various ISS protocols, the remotely related protein structure pairs and alignments that
are used for benchmarking, and the benchmarking criteria
(Materials and Methods). In Results and Discussion, we
contrast the performance of ISS in homolog detection to that
of PSI-BLAST, and describe the accuracy of ISS alignments
as well as the use of an alignment significance score in
selecting the most accurate ISS alignments. We conclude by
discussing the implications of our results for fold assignment and alignment in comparative protein structure modeling of targets that are only remotely related to their templates.
Materials and methods
ISS criteria for homology detection
We tested a previously described score (ISSold; Park et al.
1997; Gerstein 1998; Salamov et al. 1999) and a new overlap score (ISSnew) to detect homology between two query
sequences using ISS. For ISSold, the intermediate must share
a common region of overlap (“C” in Fig. 1) that is equal to
or longer than the threshold (Park et al. 1997; Gerstein
1998; Salamov et al. 1999). Unlike ISSold, ISSnew normal-

Figure 1. An alignment of the target sequence with an intermediate and a
putative homolog. The dotted and the dashed lines represent the intermediate aligned to the putative homolog and the target, respectively. The
positions of the starting residues in the alignment of the intermediate with
the putative homolog and the target are denoted by its and iqs, respectively.
The positions of the ending residues are denoted by ite and iqe. The number
of residues in the common overlap region of the intermediate is indicated
by C.

izes the overlap threshold over the length of the intermediate sequence (Fig. 1). The ISSnew overlap score is 0 if no
residues in the intermediate match both queries; otherwise,

ISSnew =

min共ite,iqe 兲 − max共ist,isq兲
max共ite,iqe 兲 − min共ist,isq兲

( 1)

For a given pair of query sequences, the ISSnew overlap
score is calculated for each intermediate sequence. If the
maximum ISSnew overlap score is above a threshold value,
the queries are predicted to be related.

Ranking of the putative homologs of a target sequence
For a given target sequence, PSI-BLAST and ISS can identify many putatively related proteins. However, it is frequently convenient to select only a few predicted homologs
for further consideration, such as experimental validation of
the implied function. Hence, there is a need to rank the
putative homologs. We used E-values to rank homologs
detected by PSI-BLAST. In contrast, the ranking of the ISS
predictions was achieved by the following relative significance score:

Srel =

NC
N1 + N2 − NC

( 2)

where N1 and N2 are the numbers of sequences in the putative homolog and target multiple alignments, respectively,
and NC is the number of the intermediate sequences. For two
multiple alignments containing the same sequences, Srel is
1. Two multiple alignments without any common sequences
have the relative significance score of 0. The Srel score is not
used for the ranking of ISS alignments (below).
www.proteinscience.org
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Data set of remotely related sequences
The ASTRAL compendium (http://astral.stanford.edu;
Brenner et al. 2000) provides a convenient source of protein
structures whose relationships are well defined through the
SCOP database (Barton 1994; Lo et al. 2000) as well as
additional inspection and automated validation (Gerstein
and Levitt 1998). To test the accuracy and performance of
our ISS protocol, we needed sequences whose homologs are
difficult to detect. Such a data set was obtained by an ASTRAL request for sequences of known structure such that
none of the pairs in the set can be aligned with the significance E-value better than 0.001, as calculated by BLAST
(Altschul et al. 1990). For 2369 such sequences, the total
number of distinct random pairs is 2,804,896 (2369 × 2368 /
2). Two sequences were defined as structurally related if
they shared the same fold type in the SCOP database. Of the
2369 sequences, 2050 had a related structure in the set.
Some pairs of sequences with related structures may have
evolved convergently, and therefore their relationship is not
detectable even in principle by sequence-based methods
such as PSI-BLAST. Although this difficulty makes the
benchmark more demanding, it does not invalidate it.
The multiple alignments for all 2369 sequences (data set
SEQS-EASY) were obtained by PSI-BLAST 2.1.2
(Altschul et al. 1997), scanning the nonredundant protein
sequence database at NCBI (January 2001) with the E-value
cutoff of 0.0005 and for up to 20 iterations. For 1619 of the
2369 sequences, PSI-BLAST did not detect any homologs
in SEQS-EASY (data set SEQS-HARD). Nevertheless,
1354 sequences in SEQS-HARD were structurally related to
at least one sequence in SEQS-EASY.

ISS alignments and their ranking
For each sequence in SEQS-HARD, intermediate sequences
with the overlap length threshold of five residues were used
to predict related sequences in SEQS-HARD. For each pair
of putatively related sequences, 200 alignments were selected such that the corresponding intermediates had the
longest overlaps (C). The alignments were constructed by
using the PSI-BLAST alignments of the intermediate
against the two related sequences and ranked by E-value as
described below. The total number of generated alignments
was 26,491 (ALNS-HARD). Because very short alignments
are generally not useful, we removed the alignments with
less than 20 residues in the shortest sequence. This filtering
yielded 22,732 alignments (ALNS-HARDfiltered).
To rank the alignments produced by ISS as described
above, we used the E-values based on the Karlin-Altschul
statistics (Altschul et al. 1997). For a given alignment
of two sequences with lengths m and n, the E-value is
defined as:
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E=

mn
S
−
lnK兲 Ⲑ ln2
共
2

( 3)

 and K were obtained from the PSI-BLAST output for the
shortest sequence in the alignment. The sequence similarity
score (S) of the alignment was calculated using an amino
acid residue substitution matrix with the corresponding recommended initiation (u) and extension (v) gap penalties
(Apostolico and Giancarlo 1998). The amino acid residue
substitution matrices used were BC0030 (u ⳱ −17, v ⳱ −2;
Blake and Cohen 2001), BLOSUM62 (u ⳱ −11,v ⳱ −1;
Henikoff and Henikoff 1992), and OPTIMA (u ⳱ −12,v ⳱
−2; Kann et al. 2000). The values of  and K used here may
not be optimal for all of the gap penalties and substitution
matrices. Nevertheless, we justify our choice by its efficiency relative to the simulations needed for calculating 
and K for diverse matrices and gap costs. The use of more
accurate values of  and K would only increase the accuracy
of the selected alignments in ISSnew.
Assessment of fold assignment
When multiple homologs were identified by ISS and PSIBLAST, they were ranked by Srel and the E-value, respectively, as described above.
A prediction was defined to be a true positive when the
top hit was correct (i.e., had the same fold). Similarly, a
false positive was defined when a positive prediction of a
target-homolog relationship was made incorrectly. The
number of false negatives was defined as the difference
between the total number of sequences with at least one
structurally related sequence and the number of true positives. Similarly, the number of true negatives was defined as
the difference between the number of sequences without a
related structure and the number of false positives.
To assess the accuracy of ISS and PSI-BLAST on the
SEQS-EASY data set, Receiver Operating Characteristic
(ROC) curves were prepared and inspected (Theodoridis
and Koutroumbos 1999). An ROC curve is obtained by
plotting the sensitivity against the corresponding false-positives fraction over a range of thresholds for the assignment
of a relationship. The false-positives fraction and sensitivity
are defined as:
False positives fraction =
number of false positives
number of false positives and true negatives

( 4a)

Sensitivity =
number of true positives
number of false negatives and true positives

( 4b)
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One method is superior to another if it produces a higher
ROC curve.
Assessment of alignments
Two measures were used to evaluate the alignment accuracy. The first structure-based measure is the root-meansquare deviation (RMSD) between the aligned C␣ atoms of
the two structures upon a rigid-body least-squares superposition, as implemented in the SUPERPOSE command of
MODELLER (Sali and Blundell 1993; Sanchez and Sali
2000). The second structure-based measure (coverage) is
the percentage of C␣ atoms of the shorter structure that are
superimposed within a cutoff distance of 3.5 Å upon rigidbody least-squares superposition using the aligned positions
in the tested alignment.

Figure 2. Accuracy of ISSnew, ISSold, and PSI-BLAST on SEQS-EASY.
The accuracy is described by the ROC curves (Materials and Methods) for
PSI-BLAST (dashed line), ISSold (dotted line), and ISSnew (solid line).

Computer algorithm
The ISSnew program takes as input multiple sequence alignments for a target sequence and potential homologs. The
output is the list of putative homologs identified by ISSnew.
The program was written in PERL 5, making use of the
nested data structures in PERL. These data structures enable
rapid searches for intermediate sequences between two
given query multiple alignments. For a comparison between
two multiple alignments with N sequences in the smaller
alignment, the algorithmic complexity is O(N) (Goodrich
and Tamassia 2002). Despite the large number of sequences
in most of the multiple alignments, the program completed
approximately 1000 ISS jobs per sec on a 3-GHz Pentium
IV processor running a Linux operating system. A straightforward implementation in Fortran, relying on an N × N test
of intermediate sequences, runs ∼ 600 times slower on average.
Results and Discussion
Performances of ISS and PSI-BLAST
An ideal homology detection method would identify all homologs for every target sequence in a test set, while also
having no false predictions. However, programs often miss
homologs as well as incorrectly assign homologs that are
structurally unrelated to the target sequence. ROC curves
are frequently used to compare both aspects of the different
programs.
We used ROC curves to analyze the performance of PSIBLAST as well as ISS with the ISSold and ISSnew scores on
the SEQS-EASY testing set (Fig. 2). The ROC curves show
that the ISSnew method is the best, followed by ISSold and
PSI-BLAST. For instance, the sensitivity for ISSnew and
ISSold for the top predictions at the fraction of false positives of 0.05 are 0.42 and 0.24, respectively (Fig. 2). Thus,

at the specificity (1 − false positives fraction) of 95%, ISSdetected 18% more true positives than ISSold. Moreover,
the performance of the ISSnew score is almost as good for
the top hit as it is for the top 10 hits, indicating that the
correct hit is usually also the top hit (data not shown).
By construction of the SEQS-HARD benchmark, PSIBLAST does not correctly assign a homolog for any of the
1354 sequences that had a structurally related sequence in it.
Thus, SEQS-HARD is a more difficult data set for homology detection programs than SEQS-EASY. With an ISSnew
score threshold of 0.8, ISSnew assigned a correct homolog as
the top hit for 121 (8.9%) of the sequences in SEQS-HARD,
and incorrectly assigned homologs for only nine queries.
new

Dependence of the fractions of false positives
and negatives on the target-sequence length
The performance of ISS depends largely on the accuracy of
the multiple sequence alignments. Errors can occur in these
alignments for various reasons. For example, PSI-BLAST
sequence profiles can diverge after a few iterations (Park et
al. 1998). New sequences can be added to the profile, while
not detecting sequences that were added in previous iterations, resulting in a divergent sequence profile comprising
different protein families. Another source of error is an
alignment of a short target sequence with a region of a
longer sequence that shares significant sequence similarity
but belongs to a different family. Hence, we speculated that
the performance of both ISS and PSI-BLAST might be dependent on the target-sequence length.
We measured the accuracy of ISSnew, ISSold, and PSIBLAST as a function of target-sequence length, based on
top hits for each target in the SEQS-EASY set (Fig. 3). The
sequence length ranges were (1) less than 100 residues
www.proteinscience.org
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Figure 3. Accuracies of ISSnew, ISSold, and PSI-BLAST at different target-sequence lengths. (See Figure 2 legend for a description
of the different symbols used.) The sequence lengths are less than 100 residues (A), between 100 and 200 residues (B), and greater than
200 residues (C).

(small), (2) between 100 and 200 residues (medium), and
(3) greater than 200 residues (large). Irrespective of the
sequence lengths, ISSnew was always more accurate than
ISSold and PSI-BLAST. The differences between the accuracies of ISS and PSI-BLAST were larger for medium- to
large-size proteins than for small proteins. This observation
indicates that ISS is most useful in detecting homologs
for medium-size and large proteins. The intersection of the
ISSold and PSI-BLAST ROC curves for small proteins indicates that ISSold is not always superior to PSI-BLAST
(Fig. 3A). Although ISSnew performed best for large proteins (Fig. 3C), the maximum difference in accuracies between ISSnew and ISSold is observed for small proteins (Fig.
3A). In summary, ISSnew is a better tool for detecting remotely related pairs than PSI-BLAST and ISSold, irrespective of the protein size.
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Alignment accuracy
With the assurance that the ISS methods for detection of
remotely related protein pairs add value to the PSI-BLAST
results, we proceeded to analyze the accuracy of alignments
in the ALNS-HARD testing set. The alignment accuracy
often limits the utility of an established relationship. For
example, alignment errors are responsible for about half of
the grossly mismodeled residues (i.e., residues whose C␣
positions are modeled with an error larger than 3.5 Å) in
comparative modeling (Sanchez and Sali 1998). We studied
the variation of the average C␣ RMSD and the coverage as
a function of the thresholds on the ISSnew score and the
overlap length C (Fig. 4).
The average values were computed over all alignments
with ISSnew score or overlap length (ISSold) greater than or

Detection of homologous proteins

Figure 4. Average alignment accuracy as a function of the thresholds on the overlap length (x-axis) and the ISSnew score (M). Error
bars indicate the standard error of the mean; they are so small that they are almost invisible. Alignment accuracy is measured by the
C␣ RMSD between the compared structures (A) and coverage (B).

equal to the corresponding thresholds. Average alignment
accuracy significantly increased with higher ISSnew score
thresholds. For example, when the ISSnew score increases
from 0 to 0.8 at an overlap length of 100 residues, the
average C␣ RMSD decreases from 10.1 Å to 9.0 Å (Fig.
4A). Correspondingly, the average coverage increases from
26% to 32% (Fig. 4B). In contrast, an increase in the ISSold

overlap length threshold significantly decreases the average
alignment accuracy. Because decreasing the overlap length
threshold implies shorter intermediate sequences and
thus shorter alignments, ISSold is not very useful in
generating alignments for comparative modeling. Next, we
discuss the role of ISSnew alignments in comparative modeling.

Figure 5. Average alignment accuracy as a function of the E-value. The E-values were calculated using the BLOSUM62 amino acid
substitution matrix. The alignments of the pairs in SEQS-HARD are obtained by ISSnew. (See Figure 4 for details.)

www.proteinscience.org
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Selecting most accurate ISS alignments
by their E-values
Generally, a large number of alignments are generated by
ISS for each predicted target-homolog pair. Many of these
alignments might be grossly inaccurate. We analyzed the
usefulness of the E-value score for the selection of accurate
alignments in ISS. E-values were computed for all alignments in ALNS-HARD using the BLOSUM62 residue-type
substitution matrix. Variation of the average alignment accuracy with respect to its E-value is shown in Figure 5. The
alignments were generally accurate below the E-value of
104. The average C␣ RMSD and coverage for these alignments were 2.3 Å and 76.4%, respectively. Alignments
were grossly inaccurate above an E-value of 1011. The average alignment accuracy generally improves with the decreasing E-value. This observation suggests that although
E-values are high for remotely related pairs, they may still
be useful for selecting most accurate ISS alignments for
comparative modeling.
Given the correlation between the E-value and the average alignment accuracy, we proceeded to use E-values for
selecting the top five alignments. In general, the average
accuracy of the top five alignments (Fig. 6) is significantly
better than that of all alignments (Fig. 4). For instance, at an
ISSnew score and overlap length threshold of 0.8 and 100
residues, respectively, the average C␣ RMSD improves
from 9.0 Å (Fig. 4A) to 7.1 Å (Fig. 6A). Correspondingly,
the average coverage improves from 32% (Fig. 4B) to
37.2% (Fig. 6B). These improvements in the average alignment accuracy corroborate the conclusion that E-values are
useful in selecting most accurate alignments in ISS.

Accuracy of the best alignments
Often, it is useful to consider more than one alignment between a given pair of proteins. For example, the best comparative model for a target based on a remotely related template
structure can be obtained by using a number of alternative
alignments to build and assess the corresponding models (Saqi
et al. 1992; Guenther et al. 1997; Sanchez and Sali 1997;
Contreras-Moreira et al. 2003; John and Sali 2003).
Using alignments in the ALNS-HARDfiltered set, we studied the number of alignments that must be selected by Evalue to guarantee the best alignment in the selected set. The
E-values were calculated using three different residue-type
substitution matrices, including BC0030 (Blake and Cohen
2001), BLOSUM62 (Henikoff and Henikoff 1992), and
OPTIMA (Kann et al. 2000). There are no significant differences between the performances of E-values calculated
with the tested substitution matrices (Fig. 7). The top 100
alignments usually include the best alignment from the set
of alignments generated. The top 15 alignments often contain alignments that are very close in accuracy to the best
alignment generated. The average C␣ RMSD and coverage
for the best alignments in the selected set of 15 are approximately 6 Å and 35%, respectively. These alignments are
generally useful to generate low-resolution comparative
models. They are also useful as a starting set of alignments
that can be fine-tuned by modeling experts as well as our
new model building scheme that relies on iterative alignment, model building, and model assessment (John and Sali
2003). For these reasons, ISSnew can be used both for fold
assignment and alignment in comparative modeling of remotely related sequence-structure pairs.

Figure 6. Average alignment accuracy of the top five alignments selected by E-value as a function of the thresholds on the overlap
length (x-axis) and the ISSnew score (M). The E-values were calculated using the BLOSUM62 amino acid substitution matrix. (See
Figure 4 for details.)
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Figure 7. Average alignment accuracy of the best alignments in the selected set of alignments. Accuracy of the alignments selected
by E-value using BC0030, BLOSUM62, and OPTIMA residue-type substitution matrices. Alignment accuracy is measured by the C␣
RMSD of the structures (A) and coverage (B).

Computational considerations
Once multiple sequence alignments are created, ISS is a
rapid method for detecting remotely related homologs. For
example, detecting a template structure by comparing a target multiple alignment with those of the potential templates
takes a matter of seconds. Correspondingly, folds for the
∼ 30,000 sequences in the human genome (Pennisi 2003)
could be assigned by scanning their multiple sequence
alignments against those of ∼ 10,000 representative structures in PDB on a single 3-GHz Pentium IV processor in ∼ 4
days.
Moreover, the process can be considerably sped up if
redundant sequences in the multiple alignments as well as
redundant multiple alignments are removed prior to a search
for intermediates. Eliminating such redundancies would reduce both the number of sequences that are stored in the
computer memory and the total number of sequences that
need to be compared with the sequences in the target multiple alignment.
Conclusion
We described the use of the intermediate sequence search
(ISS) method for detection of remote homologs. We assessed the accuracy of PSI-BLAST, a previously described
version of ISS (ISSold), and our improved version of ISS
(ISSnew) for homology detection as well as alignment. We
also described the usefulness of E-values for selecting most
accurate alignments produced by ISS.
The ISSnew protocol performed significantly better in homology detection than ISSold and PSI-BLAST. The bench-

mark relied on 2369 sequences of known structure with
insignificant sequence similarity to each other (BLAST Evalue larger than 0.001), with 2050 of these sequences having a related structure in the set. PSI-BLAST could not
detect homologs for 1619 of the 2369 sequences. In contrast, ISSnew assigned a correct homolog as the top hit for
121 of these 1619 sequences, while incorrectly assigning
homologs for only nine targets; it did not assign homologs
for the remainder of the sequences.
Although E-values for ISS alignments are generally insignificant, the average alignment accuracy and E-values
are still correlated (Fig. 5). The E-values can in fact be used
to select the most accurate alignments produced by ISS. The
top 15 alignments usually include the nearly best alignments
constructed by ISS. These alignments could be used to calculate the corresponding comparative models, assess the
models, and select the best model based on a model assessment score rather than an alignment score (John and Sali
2003).
Improvements in fold assignment and alignment accuracy
are required for more accurate comparative modeling of
hundreds of thousands of sequences. The number of target
structures for comparative modeling of most proteins based
on at least 30% sequence identity to a known structure is
estimated to be ∼ 16,000 (Vitkup et al. 2001). A reduction of
this number, while keeping the accuracy of the corresponding models constant, would reduce both the cost and time
required by structural genomics to fulfill its aim (Sali 1998;
Burley et al. 1999; Terwilliger 2000; Burley and Bonanno
2003). This reduction can be partly achieved by using more
sensitive fold-detection methods, such as the ISS method
described here.
www.proteinscience.org
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We plan to apply our ISS method to large-scale comparative protein structure modeling, and thus increase the number of modeled proteins in MODBASE, our comprehensive
database of comparative models for all known protein sequences that are detectably related to a known structure
(Pieper et al. 2002). Currently, 14% (∼ 110,400) of the modeled proteins in MODBASE are based on PSI-BLAST fold
assignments with insignificant sequence similarity to the
modeled sequence (BLAST E-value is larger than 0.001;
Pieper et al. 2002). An extrapolation based on Figure 1A
indicates that ISSnew may be able to assign the folds of
domains in ∼ 29,000 of the ∼ 500,000 sequences unassigned
by PSI-BLAST, with 90% specificity.
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