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Abstract

Estimation of statistical significance of a pairwise align-
ment is an important problem in sequence comparison. Re-
cently, it was shown that pairwise statistical significance
does better in practice than database statistical significance
in terms of retrieval accuracy of homologs. In this paper,
we introduce the concept of conservative, non-conservative,
and average pairwise statistical significance which can be
easily derived from original pairwise statistical significance
estimates and use more information specific to the sequence
pair under consideration using multiple shuffle spaces. Ex-
perimental results for homology detection reveal that the
proposed measures give at least comparable or significantly
better retrieval accuracy than original pairwise statistical
significance and database statistical significance reported
by BLAST, PSI-BLAST, and SSEARCH. The use of the pro-
posed measures is further shown to be extremely useful
when using sequence-specific substitution matrices.

1. Introduction

1.1. Statistical Significance of Sequence

Alignment Scores

Sequence alignment is an underlying application in the
comparison of DNA and protein sequences [3]. There ex-
ist programs for sequence alignment that use popular al-
gorithms [8] or their heuristic versions [3, 6]. The lo-
cal sequence alignment programs typically report alignment
scores for the alignments constructed, and related (homol-
ogous) sequences will have higher alignment scores. But
whether a given score is high enough or not depends on the
alignment score distribution, and hence estimating statisti-
cal significance of an alignment score is very useful. An
alignment score is considered statistically significant if it
has a low probability of occurring by chance. Since the
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alignment score distribution depends on various factors like
alignment program, scoring scheme, sequence lengths, se-
quence compositions [4], it is possible to have two align-
ments of different sequence pairs with scores = and y with
x < y, but x more significant than y. Therefore, compared
to alignment score, the statistical significance of an align-
ment score is considered a better indicator of (potential) bi-
ological significance.

1.2. Database statistical significance versus
pairwise statistical significance

Recently, a study of pairwise statistical significance and
its comparison with database statistical significance was
conducted [1]. In summary, the database statistical sig-
nificance which is commonly reported by most database
search programs is database-dependent, and hence the same
pairwise alignment with same alignment score can be as-
sessed different significance values in different database
searches. Pairwise statistical significance, on the other
hand is database-independent and specific to the sequence
pair being aligned. In [1], various approaches to estimate
pairwise statistical significance were compared to find that
maximum likelihood fitting with censoring left of peak is
the most accurate method for estimating pairwise statistical
significance. Further, comparison with database statistical
significance revealed that pairwise statistical significance
performs comparable to and sometimes marginally better
than database statistical significance using SSEARCH, and
hence significantly better than BLAST and FASTA.

2. Conservative, Non-Conservative, and Aver-
age Pairwise Statistical Significance

In this paper, we introduce the concept of conservative,
non-conservative, and average pairwise statistical signifi-
cance, which can be derived using simple functions from
original pairwise statistical significance estimates [1], and
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give better results. Consider the pairwise statistical signifi-
cance defined in [1] to be obtainable by the following func-
tion: PairwiseStatSig(Seql, Seq2, SC, N) where Seql
is the first sequence, Seq?2 is the second sequence, SC is
the scoring scheme, and NNV is the number of shuffles. The
function PairwiseStatSig, therefore generates a score distri-
bution by aligning Seql with N shuffled versions of Seq2,
fits the distribution to an extreme value distribution using
censored maximum likelihood fitting to obtain statistical pa-
rameters K and ), and returns the pairwise statistical sig-
nificance estimate of the pairwise alignment score between
Seql and Seq2 using the parameters K and \. More details
on pairwise statistical significance can be found in [1].

Using this function two times with different order-
ing of sequence inputs, we can define conservative, non-
conservative, and average pairwise statistical significance.
Let

S1 = PairwiseStatSig(Seql, Seq2,SC, N)
S2 = PairwiseStatSig(Seq2, Seql, SC, N)

Then,
Conservative Pairwise Statistical Significance

= max{S1, 52}
Non-Conservative Pairwise Statistical Significance
= min{S1, 52}
Average Pairwise Statistical Significance
= avg{S1, 52}

Using the PairwiseStatSig function two times in this way
makes sure that both sequences are shuffled separately to
generate two different distributions to get two different pair-
wise statistical significance estimates for the same sequence
pair (S1 and S2), and the final reported pairwise statisti-
cal significance estimate is a simple function of these two
individual estimates. Conservative pairwise statistical sig-
nificance is termed as ’conservative’ because it reports the
maximum of S1 and 52, which means that two sequences
would be declared as related only if both S1 and S2 are low
enough. Similarly, non-conservative pairwise statistical sig-
nificance is termed as 'non-conservative’ because it reports
the minimum of S1 and S2, which means that even if one
of S1 or S2 is low enough, Seql and Seq2 would be de-
clared related. The definition of average pairwise statistical
significance follows naturally as the average of S1 and S2.

This very simple modification of using the
PairwiseStatSig function two times with different
shuffle spaces is expected to capture more information
specific to the sequence pair being aligned, and hence
give better performance in terms of retrieval accuracy.
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Intuitively, this approach is expected to be most effective
when the individual estimates S1 and S2 are sufficiently
different, since if they are almost equal, all the three
proposed estimate measures would be roughly the same.
Note that this approach facilitates the use of sequence-
specific/position-specific substitution matrices, and further
enhances its benefits. Since during the calculation of S1,
only Seq2 is shuffled, the sequence-specific substitution
matrix for Seql can be used for generating the empirical
score distribution, even if it is position-specific. Similarly,
during the calculation of S2, only Seql is shuffled, and
the sequence-specific substitution matrix for Seq2 can be
used for generating the score distribution. Since S1 and
S2 are expected to be most different when using sequence-
specific substitution matrices for alignment, this approach
is expected to be very useful when sequence-specific
substitution matrices are available for both the sequences
being aligned.

3. Experiments and Results

To evaluate the performance of the proposed significance
measures, we used the experiment setup used earlier in
[7], and subsequently in [1]. A non-redundant subset of
the CATH 2.3 database (Class, Architecture, Topology, and
Hierarchy, [5]) available at ftp://ftp.ebi.ac.uk/pub/software/
unix/fasta/prot_sci_04/ was selected in [7] to evaluate seven
structure comparison programs and two sequence compar-
ison programs. This benchmark dataset consists of 2771
domain sequences and includes 86 query sequences.

Following [7], Error per Query (EPQ) versus Coverage
plots were used to visualize the results. To create these
plots, the list of pairwise comparisons was sorted based
on decreasing statistical significance (increasing P-values).
Traversing the sorted list from top to bottom, the count of
true homologs detected is increased by one if the two se-
quences of the pair are homologs, else the error count is
increased by one. At any given point in the list, EPQ is
the total number of errors incurred so far, divided by the
number of queries; and coverage is the fraction of total ho-
molog pairs so far detected. Te ideal curve would go from
0% to 100% coverage, without incurring any errors, which
would correspond to a straight line on the x-axis. Therefore,
a curve more to the right is better. The EPQ vs. Coverage
curves for the proposed significance measures using four
BLOSUM substitution matrices are presented in Fig. 1.
For comparison purposes, the corresponding curves using
original pairwise statistical significance is also presented in
the same figures. The curves are quite close to each other,
which means that the individual estimates S1 and S2 are
very close to each other as expected, because of using gen-
eral substitution matrices (same scoring scheme SC'). Still,
in all the four sub-figures of Fig. 1, the curve for original
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Figure 1. EPQ vs. Coverage plot for original, conservative, non-conservative, and average pairwise
statistical significance using four substitution matrices. (a) BLOSUM45; (b) BLOSUM50; (c) BLO-
SUM62; (d) BLOSUMS8O0. Although the curves are very close to each other, in all the four figures, the
curve for original pairwise statistical significance is towards the left for most error levels.

pairwise statistical significance is towards the left at most
error levels. To further demonstrate the impact of using
the proposed measures, we also present an example of us-
ing sequence-specific substitution matrices. Fig. 2 shows
the EPQ vs. Coverage plot for different kinds of pairwise
statistical significance using sequence-specific substitution
matrices. The details of deriving sequence-specific substi-
tution matrices can be found in [2]. Fig. 2 clearly reveals
the significant improvement in retrieval accuracy using the
proposed significance measures. Notably, non-conservative
pairwise statistical significance outperforms all other mea-
sures. Therefore, it suggests that using the proposed sig-
nificance measures gives performance at least comparable,
and many times significantly better than original pairwise
statistical significance. Since the EPQ vs. Coverage curves
on the complete dataset can be distorted due to poor per-
formance by one or two queries (if those queries produce
many errors at low coverage levels) [7], to compare the per-
formance of the proposed measures with database statistical
significance, we examined the performance of the methods
with individual queries, following the work in [7]. The cov-
erage of each of the 86 queries at the 1st, 3rd, 10th, 30th,
and 100th error was recorded, and the median coverage for
each error level across the 86 queries was plotted to obtain
EPQ vs. Coverage curves for the method to be evaluated.

435

10

-

Sequence Specific
Substitution Matrix

Gap Cost = 10+2k

per Query
o

0.31

Errors
o

~ SSSM_Criginal

-+ SSSM_Average

= SSSM_Conservative
-+ SSSM_NonConservative

0.335

0.01

Coverage

Figure 2. EPQ vs. Coverage plot for different
kinds of pairwise statistical significance us-
ing sequence specific substitution matrices.
Non-conservative pairwise statistical signifi-
cance outperforms other variants of pairwise
statistical significance. All the three variants
proposed in this paper are better than origi-
nal pairwise statistical significance.



100 r—— ; ;
Comparison with
database statistical
80 FoF
> // significance
@
S
g 60 ———
3
o =< BL50_Conservative
w40 BL50_NonConservative
[<] ——BL50_Average
] f —-SSSM_NonConservative
20 ——— i Database Stat. Sig. (BLAST)
/ Database Stat. Sig. (SSEARCH)
4 ”

Database Stat. Sig. (PSI-BLAST)
T T T T

0 T T T
0.2 0.25 0.3 0.35 0.4 045 0.5 0.55 0.6 0.65 0.7 0.75
Coverage (median)

Figure 3. Comparison of proposed signif-
icance measures with database statistical
significance using BLAST, PSI-BLAST and
SSEARCH. The proposed meausres are sig-
nificantly better than BLAST and PSI-BLAST.
With general substitution matrices, the per-
formance of the proposed measures is signif-
icantly better than SSEARCH only for higher
error levels. Using sequence-specific substi-
tution matrices with non-conservative pair-
wise statistical significance is better than
SSEARCH at all error levels.

Fig. 3 shows the median coverage level at the 1st, 3rd,
10th, 30th, and 100th false positive for homologs (i.e. 43
of the queries have worse coverage, and 43 have better cov-
erage). The curve for SSEARCH in Fig. 3 is derived from
the figure 2A in [7]. All other curves were obtained by ex-
perimentation. The curves suggest that using the proposed
variants gives significantly better results than database sta-
tistical significance using BLAST and PSI-BLAST at all er-
ror levels, and better than SSEARCH only at higher error
levels. Further, non-conservative pairwise statistical signif-
icance using sequence-specific substitution matrices is sig-
nificantly better than all three. According to experiments
reported in [7], it is possible to improve PSI-BLAST re-
sults by using position-specific scoring matrices (PSSMs)
derived against the BLAST non-redundant protein database
rather than against the (smaller) benchmark database.

4. Conclusion and Future Work

This paper extends the work on pairwise statistical sig-
nificance by introducing the concept of conservative, non-
conservative, and average pairwise statistical significance,
and compares them with database statistical significance
for the knowledge discovery application of homology de-
tection. Results indicate that deriving more sequence-pair-
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specific information by using the proposed measures is
slightly better than original pairwise statistical significance
and also better than database statistical significance using
BLAST, PSI-BLAST and SSEARCH, but the accuracy of
PSI-BLAST can be further improved using more informa-
tion from larger universal databases.

Since PSI-BLAST results can be improved by using bet-
ter quality PSSMs derived from larger universal protein
databases, we believe that the performance of pairwise sta-
tistical significance can also be improved using position-
specific substitution matrices, which is a significant part of
our future work. Another important contribution can be to
speed up the estimation process, since the variants proposed
in this work take about twice the time compared to original
pairwise statistical significance.
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