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ABSTRACT In this study, we show that it is
possible to increase the performance over PSI-BLAST
by using evolutionary information for both query and
target sequences. This information can be used in
three different ways: by sequence linking, profile–
profile alignments, and by combining sequence–
profile and profile–sequence searches. If only PSI-
BLAST is used, 16% of superfamily-related protein
domains can be detected at 90% specificity, but if a
sequence–profile and a profile–sequence search are
combined, this is increased to 20%, profile–profile
searches detects 19%, whereas a linking procedure
identifies 22% of these proteins. All three methods
show equal performance, but the best combination of
speed and accuracy seems to be obtained by the
combined searches, because this method shows a
good performance even at high specificity and the
lowest computational cost. In addition, we show that
the E-values reported by all these methods, including
PSI-BLAST, underestimate the true rate of false posi-
tives. This behavior is seen even if a very strict E-
value cutoff and a limited number of iterations are
used. However, the difference is more pronounced
with a looser E-value cutoff and more iterations.
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INTRODUCTION

As the genome projects proceed, we are presented with
an exponentially increasing number of protein sequences
but with only a very limited knowledge of their structure
or function. Because the experimental determination of
structure or function is a nontrivial task, the quickest way
to gain some understanding of these proteins and their
genes is by relating them to proteins or genes with known
properties. This can be done by searching for homologous
proteins. When one chooses a method for the detection of
homologous proteins, there are several factors to consider.
The method should be fast enough, it should detect as
distantly related proteins as possible, and clearly separate
correct and incorrect hits (i.e., show a high specificity).
Sometimes, these goals are not contradictory; e.g., it has
been shown1 that full Smith–Waterman2 alignments are
more sensitive than BLAST.3 However, using the fast
BLAST algorithm in PSI-BLAST makes it possible to use

multiple-sequence information from a large database and
thereby perform better than standard Smith–Waterman
alignments, even using less computer time. It would
obviously be possible to use Smith–Waterman alignments
instead of BLAST in a PSI-BLAST-like procedure, but that
would be intolerably slow for most practical purposes.

During the last few years, it has been shown that
methods that use multiple sequences (i.e., evolutionary
information) are superior to methods that only use single
sequences.4 PSI-BLAST3 is arguably the most efficient
method to detect related proteins being relatively fast,
detecting distantly related proteins and showing a reliable
specificity. However, for detecting distantly related pro-
teins, slower methods that clearly perform better than
PSI-BLAST do exist.5,6

One limitation to the PSI-BLAST procedure is that it
only uses multiple-sequence information from either a
query protein or the target proteins, but not from both. In
this study, we examine some methods to combine the
multiple-sequence information from both query and tar-
get. In principle, this can be done in at least three different
ways: by using profile–profile alignments, sequence link-
ing, or combined profile–sequence and sequence–profile
searches, which we refer to as “combined searches.”

Profile–profile alignments can be implemented in sev-
eral different ways7–11 and have shown a good perfor-
mance. However, the alignment procedure is at least 20
times slower than traditional sequence–profile align-
ments, as two vectors of 20 amino acid frequencies have
been compared to each other. In addition, the speed of
sequence–profile searches can be increased by the use of
heuristic search methods, but we cannot see how to use
similar heuristic algorithms in profile–profile alignments.
Finally, there is a cost to build the profiles for all the target
sequences. Therefore, the computational cost of profile–
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profile alignment is often too expensive for large database
searches.

It is also possible to increase the detection of distantly
related proteins by using linking, sometimes called inter-
mediate sequence searches, between distantly related
proteins.1,4,12–17 Here, protein A and B can be related
either directly or through an intermediate (linking) pro-
tein C. Venclovas has used this approach for detecting
templates in distant homology modeling successfully in
CASP415 and CASP5.

Finally, several fold recognition methods use a combina-
tion of sequence–profile and profile–sequence searches
(e.g., 3D-PSSM performs three alignments for each se-
quence-template pair and by using the best of these
increases the performance by 20%).18

Therefore, using similar methods as in earlier studies,1,4

we decided to examine different methods that use evolution-
ary information for both the query and the target. We show
that all three methods increase the performance over
PSI-BLAST. In addition, we have studied how well the
reported E-values agree with the observed E-values for the
different methods.

RESULTS AND DISCUSSION

The performance of fold recognition methods can be
examined by the use of several different measures. Tradi-
tionally, the number of “correctly identified” proteins has
been used, but such measures do not take into account the
reliability of the predictions and, therefore, might give
misleading results. For instance, the number of correctly
identified superfamily-related proteins increases by the
use of a loose E-value cutoff in PSI-BLAST, but this
increase is only obtained by a significant loss of specificity;
data not shown. Instead, by studying the correct and
incorrect predictions for a given score, the sensitivity of a
method at a given specificity can be examined. Here, we
use “spec-sens” plots (i.e., at any given score value we plot
the specificity versus the sensitivity).4 Alternatively, it is
possible to use receiver operating characteristic plots
(ROC), where the number of correctly identified proteins is
plotted against the number of wrong predictions. In addi-
tion, we have selected a single point in the spec-sens curve
that can be illustrative for comparison purposes. For
family-related proteins, we chose to measure the sensitiv-
ity at 99% specificity, and for superfamilies, we chose 90%
specificity. These two values are referred to as “family
sensitivity” and “superfamily sensitivity”’ below. Because
the fold level curves only rarely reaches over 50% specific-
ity, we did not find it particularly useful to include a fold
sensitivity measure.

Tuning PSI-BLAST

There are two reasons why it is important to obtain the
best possible performance from PSI-BLAST. First, it is an
important baseline to use when we compare the perfor-
mance of other methods. Second, we use the profiles
created by PSI-BLAST in the other methods. Two alterna-
tive methods exist to use the profiles: a profile can be made
either for the query protein or for each of the targets. We

refer to the first scenario as profile–sequence searches and
the second as sequence–profile searches. In a profile–
sequence search, all sequences in a database are matched
to the profile of a query protein, whereas in a sequence–
profile search, the query sequence is matched against the
profiles from the target proteins. Sequence–profile searches
can be performed by using the IMPALA program,19

whereas profile–sequence results can be obtained directly
from PSI-BLAST. We only observed marginal differences
in the performance between these two methods; therefore,
we only show the results from PSI-BLAST in this section.
Results from IMPALA, as well as sequence–profile and
profile–sequence searches using PALIGN, are available
from our web site.

To tune PSI-BLAST, there are four important parame-
ters to consider: the choice of substitution matrix, gap
penalties, E-value cutoff, and the number of allowed
iterations. We have examined a large set of values for
these parameters. A number of gap penalties and substitu-
tion matrices were studied, but we could not find any set of
parameters that performed better than the default ones
(i.e., the BLOSUM62 matrix with gap costs of �11 and
�1). However, it should be noted that there were only
marginal differences in performance for a large number of
different parameters. Furthermore, we examined E-value
cutoffs, from 10�0 to 10�50 and between 1 and 10 allowed
iterations; see Tables I and II and Figure 1. The best
family sensitivity was obtained by using an E-value cutoff
between 10�2 and 10�4 and between 5 and 10 iterations.
The best superfamily sensitivity was obtained by using
10�1 and 10 iterations, but this performance was only
obtained by a large loss in family sensitivity due to a
number of high scoring false positives.

From Tables I and II, it can be noted that the sensitivity
increases quite rapidly for the first few iterations. At the
first iteration, the superfamily sensitivity is only 1%, but
after the next it is raised to 5% (using a cutoff of 10�2), and

TABLE I. Family Sensitivity at 99% Specificity Depending
on the Number of Iterations and the E-Value Cutoff†

E-value cutoff 10�1 10�2 10�3 10�5 10�10

Iteration 1 42 42 42 42 42
Iteration 2 61 59 58 56 52
Iteration 3 67 66 64 61 55
Iteration 5 58 69 68 64 56
Iteration 10 29 67 67 64 56
†Values are percents.

TABLE II. Superfamily Sensitivity at 90% Specificity
Depending on the Number of Iterations and

the E-Value Cutoff

E-value cutoff 10�1 10�2 10�3 10�5 10�10

Iteration 1 1 1 1 1 1
Iteration 2 5 5 4 4 2
Iteration 3 9 8 7 5 3
Iteration 5 13 12 10 8 5
Iteration 10 16 15 13 9 5

Values are percents.
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even at the third iteration, the sensitivity almost doubles.
The family sensitivity also increases significantly during
the first three iterations, from 42 to 66%. If a loose E-value
cutoff (10�1) is used, a clear drop in family sensitivity is
obtained after only a few iterations, whereas this is not
seen during 10 iterations with a stricter cutoff. In conclu-
sion, family sensitivity reaches a peak after a few itera-
tions, whereas the superfamily sensitivity reaches its peak
closer to 10 iterations, and the best overall performance is
obtained by using an E-value cutoff close to the default
(5 � 10�2). Taking all this information into account, we
decided to use 10 iterations, an E-value cutoff of either
10�2 or 10�3, BLOSUM62, and default gap penalties as
the basis for the further studies.

Using Evolutionary Information for Both the Query
and Target

In profile searches, evolutionary information for the
query protein or from the target sequences is used, but not
from both simultaneously. There are several different
methods to use evolutionary information from both queries
and targets. Here, we examine three fundamentally differ-
ent methods: profile–profile alignments, sequence linking
and “combined searches.” The performance of these meth-
ods will be compared with each other as well as with the
performance of PSI-BLAST.

Profile–Profile Alignments

It is possible to align two profiles against each other, and
it has been shown that such methods perform better than
PSI-BLAST.7,9 Several different profile–profile implemen-
tations exist,7–11 and the exact details on how to best
perform profile–profile alignments are not well studied but
beyond the scope of this article. We have implemented the
prof_sim profile–profile search algorithm developed by
Yona and Levitt7 and used the profiles obtained after 10
iterations of PSI-BLAST using either a 10�2 or 10�3

E-value cutoff. Some limited optimization of gap penalties
and other parameters was tried, but we found that the
default parameters worked quite well. However, we ob-
served that if the amino acid frequencies were back
calculated from the log profiles, a higher performance was
obtained than if the amino acid frequencies were used
directly; data not shown.

Approximately 5–10% more superfamily-related pro-
teins can be recognized by using profile–profile alignments
compared with PSI-BLAST; see Figure 2 and Table III. By
using the 10�3 profiles, the superfamily sensitivity is
increased from 13 to 17%, whereas the family sensitivity
remains almost the same (68% vs 67%), and by using the
10�2 profiles, the superfamily sensitivity is 19%, but the
family sensitivity drops to 64%. From Figure 2, it is
obvious that the sensitivities for both family and superfam-

Fig. 1. Specificity versus sensitivity plot for PSI-BLAST using four different E-value cutoffs and 10
iterations. In the top four curves, the comparisons are made on family levels, in the next four on the superfamily
level, and in the final four on the fold level.
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ily-related proteins are improved, but only below 98%
specificity. In total, this increase in performance is compa-
rable with the increase reported by Yona and Levitt.

Sequence Linking

Another popular method to include additional evolution-
ary information is to use sequence linking,1,4 also referred
to as intermediate sequence search.13 Here, a relationship
between protein A and protein B can be detected through
protein C. In the first linking studies, single-sequence

search methods were used1,4,12–14; however PSI-BLAST
has also been used lately.15,17 In linking, there are many
options to consider, such as the size of the databases, what
proteins should be considered for linking, etc. A full study
of all parameters would be extremely time-consuming.
However, after some limited optimization, we found that
the method described in Figure 3 worked quite well. For
the linking method, we only used the 10�3 profiles because
the 10�2 profile decreased the performance significantly.

The linking methods obtained the highest sensitivity of
all methods (22%) for the superfamily-related proteins at
90% specificity, but this was only obtained at the cost of a
decreased family sensitivity (61%); see Table III. In Figure
2, it can be seen that the linking procedure showed the
highest sensitivities of all methods at specificities below
97%. This finding indicates that this could be the best
method to use if other methods (e.g., manual inspection)
that could filter out high scoring false positives existed.
Furthermore, it is likely that some variation of the linking
procedure could be introduced to improve the specificity.

Combined Searches

In several studies, it has been shown that combining the
results from several independent searches increases the
performance of fold recognition methods. The combina-
tions might be performed by selecting the alignment that
gave the highest score,18 including information about the

TABLE III. Performance of Methods That Use
Evolutionary Information for Both the Query

and Target Sequence

Method E-value
Family

specificity (%)
Superfamily
specificity (%)

PSI-BLAST 10�2 67 15
PSI-BLAST 10�3 67 13
Profile–Profile 10�2 64 19
Profile–Profile 10�3 68 17
Linking 10�3 61 22
Combined Max 10�2 67 11
Combined Ave 10�2 72 20
Combined Min 10�2 70 20
Combined Max 10�3 68 10
Combined Ave 10�3 71 18
Combined Min 10�3 67 17

Fig. 2. Specificity versus sensitivity plot for different methods using evolutionary information for both the
query and target sequences using an E-value cutoff of 10�3. The curves describe different types of
relationships, fold (bottom), superfamily (middle) and family (top). For comparison, the PSI-BLAST curve using
10 iterations and a 10�3 E-value cutoff is also shown.
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rank8 or performing a comparison between all final mod-
els.20 A simple combined score between two or more
methods can be obtained by using the highest, lowest, or
average score. Here, we show results for the combination
of IMPALA and PSI-BLAST. At the accompanying web
site, results for the sequence–profile and profile–sequence
alignments using the PALIGN program are available as
well as other combinations. The results for the different
combination of two methods are virtually identical, al-
though the respective E-values are calculated completely
differently.

Using the average E-value from two 10�3 profile searches
increases the family and superfamily sensitivities to 71%
and 18%, respectively, whereas the 10�2 profiles gives an
even better performance, 72% and 20%; see Table III. In
Figure 2, it can be seen that the performance is almost
identical to the performance of the profile–profile method,
with a slightly better sensitivity at high specificities. It
should be remembered that if the target profiles are
precalculated, this method is only slightly slower than
PSI-BLAST and much faster than the profile–profile
method. As an alternative to the average E-value, the
maximum (worse) or minimum (best) E-value can be used.
Using the minimum E-value gave a similar performance to
the average value, whereas the maximum value provided
no significant improvement over PSI-BLAST; see Table
III. The improvement seen here is similar to what was
observed during the development of 3D-PSSM, where the
minimum E-value was used. There, when a combination of
sequence–profile and profile–sequence searches was used,

the number of correctly identified protein domains in-
creased by 20%.18

E-Values

An E-value should describe the expected number of hits
to unrelated proteins. Only for ungapped local alignments
can this E-value be calculated analytically, and in all other
cases, this value is obtained from fitting a function to the
distribution of observed data. Obviously, a number of
assumptions are made when calculating the E-values.
Here, we actually obtain E-values in several different
ways. IMPALA and PSI-BLAST use precalculated values,
the PALIGN program calculates them from all observed
values as in FASTA,21 the combined method uses an
average value from several different E-values, and the
linking method uses the lowest out of several E-values. All
these different methods produce something that we can
refer to as an E-value, but we actually do not know how
this E-value correlates with the observed error rate.
Therefore, we wanted to study how the different reported
E-values agree with the observed ratio of false hits. The
observed ratio of false hits was simply calculated from all
hits where the SCOP fold classification between query and
target sequence disagreed. It should also be remembered
that we have ignored all hits between a number of SCOP
folds that earlier were reported to be related.22

In Figure 4, reported E-values are plotted against
observed E-values (i.e., the rate of false positives). Here, it
can be seen that all methods, excluding BLAST, are
significantly less specific than what should be assumed

Fig. 3. A description of the linking method used in this study. PSI-BLAST is run on a query sequence for 10
iterations using an E-value cutoff of 10�3. The proteins that are found with this search are then clustered by
using a 75% sequence identity cutoff. From each of the 20 largest clusters, one linking sequence is used for
another PSI-BLAST run. Profiles for all proteins in the database (PDB) are also used to search for relationships
either directly to the original sequences or to one of the linking sequences. Finally, the lowest E-value from the
direct matches or from one of the linking methods is reported.
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from the reported E-value. For high E-values (above
�10�3), the observed ratio is quite correct, but at lower
values, the observed ratio is much higher. In Figure 4(a)
and (b) it can be seen that using an E-value cutoff of 10�1

creates more false positives than a stricter E-value but
cutoffs of 10�3, 10�5, or even 10�50 does not show any
significant differences. In Figure 4(c), it can be seen that
the difference between reported and observed E-values
increase fast for the first few iterations, but after approxi-
mately five iterations, there are only minimal changes.
The observed error rates for PSI-BLAST, profile–profile
searches, and combined searches are quite similar, whereas
the linking method has a much higher error rate; see
Figure 4(d). This is in agreement with the observation that
our linking method did not perform that well at high
specificities.

Because similar differences between reported and ob-
served E-values are observed for all methods, it is unlikely
that the origin of these errors are due to how E-values were
calculated or any other method-specific feature. Further-
more, it can be noted that the difference increases with the
use of a looser E-value cutoff or an increased number of
PSI-BLAST iterations. One possible explanation could be
that a number of SCOP folds actually were distantly
related. However, we do not believe this is the case because
we have excluded fold pairs that earlier were reported to

be distantly related and we could not detect any pair of
folds that dominated the high scoring false hits. For
instance, PSI-BLAST using either the 10�2 or 10�3 pro-
files resulted in 189 and 148 false hits with a reported
E-value below 10�5, respectively. However, only 54 of
these were shared between the two sets, and only in two
cases did the query protein detect a high scoring target
protein when the target protein was used as query.

An alternative explanation for this behavior could be
sequence drift. Here, if one incorrect sequence is found
with an E-value larger than the cutoff, this sequence is
included in the next PSI-BLAST iteration. Once this
sequence is included in the profile, it is quite likely that
additional incorrect sequences will be found. On average,
three false hits were observed for each profile, which is
almost identical to the average number of sequences per
family in our test set.

We believe that if this problem could be avoided, a
significant increase in performance could be obtained for
all profile-based methods. However, the use of a stricter
cutoff does not seem to help. We could imagine that it is
possible that the use of secondary structures predictions23

or structural evaluations24,25 might help. However, some
limited trials to use this information have not been very
successful.

Fig. 4. Reported versus observed E-value (rate of false positives) of different methods. In (a) and (b), 3 or
10 iterations of PSI-BLAST were used by using different E-value cutoffs. In (c), an E-value cutoff of 10�3 was
used, and the results were studied after 1–10 iterations. Finally, in (d), the observed/reported E-values from the
three methods that use sequence information for both the query and target sequences are shown.
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CONCLUSIONS

In this study, we show that at least three (slower)
methods exist to increase the performance over what is
obtained by standard PSI-BLAST searches. All these
methods use evolutionary information both from the query
and target sequences. These methods are profile–profile
searches, linking, and combined sequence–profile/profile–
sequence searches. The highest sensitivity was obtained
by the linking procedure, but it showed a lack of perfor-
mance at high specificities. The performances of the profile–
profile methods and the combined searches are very simi-
lar, but the combined method is significantly cheaper in
computational cost and can, therefore, be recommended.
Furthermore, it was shown that the E-values reported by
PSI-BLAST, or any of the other methods, underestimates
the number of false positives significantly.

MATERIALS AND METHODS
Data Set

To compare the performance of different fold recognition
methods, it is of greatest importance to use a large and
well-created benchmark. Several studies1,4,26–28 have
shown that a useful benchmark can be created by using
SCOP29 as a standard for classifying protein domains into
families of similar fold or of evolutionary relationship.
SCOP is a database in which protein structures are
classified into a hierarchical classification: class, fold,
superfamily, and family. Two domains that are classified
into the same fold have the same secondary structure
elements in a similar topological arrangement, whereas
two domains that belong to the same superfamily should
have a likely common evolutionary origin and family-
related proteins are clearly homologous.

We created a benchmark starting from the pdb75 data
set of SCOP version 1.57. This data set contains a subset of
SCOP in which no protein domains have more than 75%
sequence identity to any other member of the data set.
This resulted in a set of 5769 domains. This set was further
reduced to 4972 proteins by only including domains from
SCOP class a to e (i.e., ignoring membrane proteins, small
proteins, coiled–coiled proteins, low-resolution structures,
peptides, and designed proteins). Some statistics from the
final set are summarized in Table IV. All proteins were
matched to all other proteins, and for each pair, the folds
and families, according to SCOP, were recorded. At each
level of comparison, the test set includes between 50,000
and 125,000 related pairs. Because the performance differ-
ences between methods are quite small, we think it is

necessary to use a set of this size to be able to draw clear
conclusions about small differences in performance. The
set is available from the accompanying web site.

A noticeable difference in this study from earlier studies
is that we have used a significantly larger set. We have
used a much less stringent homology cutoff to include
proteins in this set. The reason to include more proteins is
that thereby we hoped to be able to obtain a more detailed
picture of the difference in performance. Because all
methods should detect all protein domain pairs with �30%
sequence identity, this will only raise the bar for all
methods and should not affect their relative performance.
The performance on superfamily and fold levels is not
affected at all, because there are no proteins from two
different families with �30% sequence identity.

Comparisons

Because SCOP is a hierarchical database, a comparison
can be done at different levels of the database. When
proteins are studied on the superfamily level, all proteins
that belong to the same family are ignored. Proteins that
belong to the same family are much easier to detect than
proteins that belong to different families but the same
superfamily. PSI-BLAST finds 86% of the proteins that
belong to the same family but only 8% of the proteins that
belong to the same superfamily. Less than 1% of the
fold-related proteins could be found. To not be biased by
dubious assignments in SCOP, all proteins that belong to
the same fold were ignored when annotating as false
matches, as in earlier studies.4,30 In addition, we have
ignored hits between a few SCOP families that earlier had
been reported to be evolutionary related22; see http://
www.sbc.su.se/�arne/psicomp/ for a detailed description.

We have used specificity-sensitivity plots in an identical
way as in our earlier studies.4,26,28 The main advantage of
this method is that it describes the ability of a method to
find all pairwise matches in the benchmark. The sensitiv-
ity is the method’s ability to find all related members in a
fold/superfamily/family. In other words:

SENS�score� � TP�score�/�TP�score� � FN�score��

(1)

where TP(score) is the number of correctly identified
protein pairs that have a score above score, and FN(score)
is the number of related pairs with a score less than score
(i.e., FN � TP is total number of pairs that could be
detected). The specificity measures the probability that a
pair of sequences with a score greater than a certain
threshold belong to the same fold/superfamily/family. The
specificity is defined as:

SPEC�score� � TP�score�/�TP�score� � FP�score�� (2)

where FP(score) is the number of false hits that have a
score above score and TP is defined as above. The sensitiv-
ity is plotted as a function of specificity, each point in the
plot corresponding to a certain score.

To simplify the comparisons, we have selected two
points from the specificity-sensitivity curve that we think

TABLE IV. Description of the Test Set

Description Number

Number of protein domains 4,972
Number of different families 1,543
Number of different superfamilies 905
Number of different folds 579
Number of pairs on family level 52,532
Number of pairs on superfamily level 101,954
Number of pairs on fold level 125,090
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are representative for the performance. These two points
are the family sensitivity at 99% specificity and the
superfamily sensitivity at 90% specificity.

Creation of Profiles
All profiles in this study were generated by using

PSI-BLAST version 2.2.2 and the nrdb90 database from
EBI.31 We have used two sets of programs for sequence–
profile and profile–sequence alignments: the NCBI suite of
programs and the PALIGN32 programs. The NCBI pro-
grams (PSI-BLAST and IMPALA) apply the BLAST2
heuristic search algorithm and calculate E-values from
precalculated distributions of scores. In contrast, PALIGN
uses a complete local Smith–Waterman search algorithm
and E-values calculated as in FASTA.21 When using the
same profile, the performance is virtually identical be-
tween the two different methods (see Additional Compari-
sons).

Alignments
Here we use only local alignments2 instead of global33 or

local–global34 alignments used by many other fold recogni-
tion methods. The reasons are that we obtained better
specificity using local alignments and that a comparison
with PSI-BLAST (which uses local alignments) is simpli-
fied by only using local alignments.

Sequence–Profile and Profile–Sequence Alignments
Profile information can be used in two different ways.

Either a profile created from a query sequence can be used
to search against a set of target sequence, or alternatively,
the query sequence can be used to search a set of profiles
created for all of the target sequences. We refer to the first
method as profile–sequence searches and the second as
sequence–profile searches. Profile–sequence searches can
be done either directly in PSI-BLAST or by using the
profile for a separate search later, whereas sequence–
profile searches can be performed using IMPALA19 or
PALIGN. In this article, we only show the results for the
profile–sequence search because the results for the sequen-
ce–profile method are very similar (see web site). The
computational time for profile–sequence and sequence–
profile searches depends on the size of the database. If you
want to find all related proteins for one query protein, it is
much more efficient to use profile–sequence searches
because you only need to make one profile. However, if the
database is limited in size, as is the case in fold recogni-
tion, it could be more efficient to use sequence–profile
searches because the profiles can be precalculated.

Profile–Profile Alignments
The profile–profile alignment algorithm described by

Yona and Levitt was implemented into the PALIGN
package. The frequency profiles were calculated from the
final PSI-BLAST profiles because it was shown that this
resulted in a higher performance than using the frequen-
cies directly.

Linking
In linking methods, similarity between two proteins is

detected by finding a neighbor to both these proteins. This

scheme has been used before with more or less automated
methods.4,30,31 Here, we have tried several approaches to
automate the linking method and obtained the best results
by using this approach. After some optimization, we found
that the scheme described below performed quite well.
Other schemes, such as using BLAST and several steps of
linking, were tried, but the results were not that good.

The linking methodology used here is similar to the one
used in our earlier study,4 with the exception that we use
PSI-BLAST instead of BLAST. First, PSI-BLAST is run on
a query sequence for 10 iterations using an E-value cutoff
of 10�3; see Figure 3. The detected proteins are then
clustered by using a 75% sequence identity cutoff. This
profile is also used to search the SCOP database directly,
generating E-value E1. From each of the 20 largest
clusters, one sequence is used for another PSI-BLAST run.
These 20 profiles are used to search SCOP again, and a
combined E-value, taking the maximum (worse) of the two
E-values E2 and E3, is recorded as E5. Finally, profile–
sequence searches against the original and the 20 interme-
diate sequences are performed, generating E-value E6.
Finally, the lowest E-value of the three E-values (E1, E5,
and E6) is reported. This protocol is quite similar to the
IPS protocol used by Li et al.,17 with the main difference
that we only create a single set of intermediate profiles.
Obviously, this search protocol is at least 20 times slower
than a standard PSI-BLAST search.

Combined Method

When two or more methods were combined, each method
produced an E-value and a combined score for each
query-target pair. We have used three different methods to
calculate a single score from a combination of several
E-values using the lowest, the highest, or the average
E-value. The average E-value is calculated by:

Average � e
�log(Ei)

N (3)

where Ei is the E-value of method i and N is the number of
methods that are combined.

Availability

The PALIGN program package is freely available under
a GPL license from http://www.sbc.su.se/�arne/palign/

Additional Comparisons

In this study, �200 different sets of parameters and
alignment methods were tested. Many of the results from
these comparisons are available from http://www.sbc.su.se/
�arne/psicomp/. These include different gap penalties and
other parameters for the different methods, different
alignment techniques, and different linking methods. In
general, most sets of parameters did not perform as well as
the methods discussed here; however, it is possible to
combine several methods to obtain equal or even slightly
better results.
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