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Abstract of genomes encompassing a wider evolutionary history and

the need to detect weaker and weaker sequence homology
PSI-BLAST remains one of the popular tools for search- require continuous improvement in the sensitivity of align
ing remote homologs in sequence databases. We recentlynent algorithms.

demonstrated that hybrid alignment can function as the  The Smith-Waterman algorithm probably has been the
alignment core for PSI-BLAST without loss of sensitivity. most widely used algorithm in sequence database searches.
Here, we start to exploit the benefits of hybrid alignment. |t ajways finds the optimal local alignment between two se-
We show that incorporating information about the subopti- quences and has been implemented in the database search
mal alignments, otherwise ignored in PSI-BLAST, already to0|, SSEARCH [27, 23]. Popular bioinformatics tools,
improves the sensitivity of our enhanced version of PSI-gch as BLAST [2] and FASTA [24], incorporate heuris-
BLAST. More interestingly, we find a set of sequences onjc versions of the Smith-Waterman algorithm in order to
which our tool disagrees with the classification given by make large sequence database searches more practical. Re-
SCOP. Careful examination points to a possible misclassi-cenﬂy, Yu and Hwa proposed a variation of the Smith-
fication in SCOP. Cross-referencing with two other meth- \waterman algorithm known as hybrid alignment [31]. In
ods of protein structure classification, CATH and DALI, cgntrast to the Smith-Waterman algorithm, hybrid align-
supports this view, indicating that the enriched informati  ment is backed by a theory of statistics that allows one to
from suboptimal alignments is valuable for detecting more quickly and reliably assigtE-values for arbitrary scoring
weakly homologous sequences. systems, including position-specific scoring systems.s Thi
feature is particularly relevant in iterative approaclsesh
KEYWORD: sequence alignment, hybrid algorithm, as pS|-BLAST [2] or SAM [16], which dynamically adapt
PSI-BLAST, suboptimal alignment, forward-backward al- their scoring systems. These iterative search tools outper

gorithm form the non-iterative searchs performed by BLAST and
FASTA [21].
1 Introduction The hybrid algorithm has the same computational com-

plexity as the Smith-Waterman algorithm and has been

Much research has been devoted to understanding evoS0mbined with the heuristic approaches of BLAST, ren-
lutionary relationships among biological entities such as dering the hybrid algorithm computationally efficient [30]
genes, regulatory sequences and proteins. These studids has also been tested as the alignment core of a
provide many opportunities to further our understanding of well established iterative search framewqu, namely PSI-
the structural and functional properties of these biolagic BLAST [17].  The performance of Hybrid PSI-BLAST
entities. Sequence alignment remains perhaps the most funcompares well with the original PSI-BLAST in detecting
damental approach involved in revealing such biological re Séguence homologs.
lationships. Although decades of research and development In this paper, we extend our study of the hybrid algorithm
in sequence alignment analysis has made sequence aligrin PSI-BLAST. Motivated by the work of Levitt et al. [12],
ment a well-established technique, the expanding numbemwhich demonstrated that the use of suboptimal alignments



improves both the structure homology modeling as well as  The statistical significance expressed by thevalue
the sequence-structure alignment, we specifically explorejudges the quality of an alignment relative to all alignnsent
the information contained in suboptimal alignments, which that one would obtain by aligning randomly chosen (and
PSI-BLAST ignores. Since not only the optimal alignment, thus unrelated) sequences. Therefore, it can only be calcu-
but also the suboptimal alignments, contribute to the final lated if it is known how the alignment scores of randomly
alignment score reported by the hybrid algorithm, it is a chosen sequences are distributed. For alignment algaithm
natural extension for the hybrid algorithm to search the sub that do not allow gaps, i.e., insertions or deletions, inrthe
optimal alignment space when building a new model from alignments, this alignment score distribution of random se
the sequences found in previous iterations. guencesis known. It has been rigorously proven[14, 15, 11]
We use a database derived from SCOP in order to eval-that the expected number of gapless local alignments of two
uate our new approach. We compare our new approactsequences of length/ and N with a score larger thak,
to NCBI PSI-BLAST and the previous hybrid PSI-BLAST i.e., theE-value, follows, in the limit of infinitely long se-
(Hybrid PSI-BLAST). In examining the false positives re- quences, the universal form
ported by the extended hybrid PSI-BLAST (extHybrid PSI-
BLAST), we find that many of them are classified as true E(%) = KMNe >, 1)
positives according to two other popular protein classifica
tion systems, namely CATH [22] and DALI [13]. We dis-
cuss the discrepancy in the classification of these ambigu

ous sequences and its effect on the evaluation of sequenc , .
ocal alignments are considered. However, the two param-

database search tools. .
eters\ and K do depend on the scoring parameters. The

The remainder of this paper is organized as follows. ) . .
Section 2 presents some background on sequence alignI_(arlln-AItschuI theory [14, 15, 11] also describes this de-

ment statistics. Section 3 provides a general review of thepe_ndence. Thus, ah-value can be assigned to a gapl._ess
forward-backward algorithm, which we use to exploit sub- alignment without any further need for computation which

optimal alignments in refining sequence models. In Sec_maﬂethe orlgtlnaollvsrstlon OfELAST S0 sur?cesslful._
tion 4, we describe the implementation of the forward- owever, 1o detect weak sequence homologies, gaps

backward algorithm in Hybrid PSI-BLAST and discuss the MuSt be allowed [23]. According to many numerical stud-
g y jes [10, 18, 29, 1, 20], in the presence of gapshhealues

choice of the pseudocount constant. Section 5 evaluates théSs ;
extended Hybrid PSI-BLAST approach, and gives a per- .S'[I|| follow the universal form Eq. (1). However, the numer-
formance comparison between the hybrid and the original'c"’l_ll_\rl]alues of the.two parametiksandK a}rg nothk.nogyln.
version of PSI-BLAST. The differences in the classification Ere are various approaches to so ving this remma.
of some ambiguous sequences from three protein structure " large gap costs, approximate analytical fprmulas exist
classification methods, namely SCOP, CATH and DALI, is 'O A [19, 26]. For a small sub-class of scoring systems,

also discussed therein. Finally, Section 6 concludes the pa‘;’]In alr;alytlgal f or;nu_ll_:;\] foA that ;S Va“.d forf?:llsg}agL(X)Ss? [6]
per and proposes directions for future research. asbeen derived. 1he currentversion o ) usesa

heuristic method to estimatefor different scoring matrices
. . L but at fixed gap cost [2, 25]. In addition, there are numerical
2 Review of sequence alignment statistics approaches [7, 8] that rapidly determike
However, all of these approaches are either heuristic or

Pairwise sequence alignment algorithms assign a scorgestricted to certain regimes of the alignment parameters.
to the alignment of each pair of sequences. Generally, aA possible escape route from this dilemma is an alterna-
larger score implies a closer biological relationshiprdte  tive alignment algorithm that has been proposed by Yu and
tive sequence alignmenttools, such as PSI-BLAST or SAM, Hwa [31]. The algorithm is called hybrid alignment since
build on these pairwise sequence alignment algorithms. Init is a combination of the Smith-Waterman algorithm and
each iteration the pairwise sequence alignment algorithm i probabilistic schemes like hidden Markov models. In hy-
used to search a large sequence database leading to a list dfrid alignment the score assigned to a sequence pair is from
hits ordered by their scores. From the high scoring align- the summation over all the possible alignments instead of
ments, a multiple alignment is created. That, in turn, deter from the most probable one alignment as in the Smith-
mines the scoring system of the next iteration. The crucial Waterman algorithm. Nevertheless tlhevalues are still
step between iterations is deciding which of the hits to keep calculated according to Eq. (1) with the parametesmk-
as putative members of the family (and thus include in the ing the universal valug = 1 completely independently of
multiple alignment) and which of the hits to reject as irrel- the scoring system. This simplification of the statisticeslo
evant. A reliable quantitative criterion for this decisisra not decrease the sensitivity of the algorithm compared to
cutoff in the E- or p-value. the traditional Smith-Waterman algorithm [30]. The basic

This form neither depends on the scoring parameters nor on
the sequence model, i.e., the frequencies with which each
mino acid appears in the random sequences, as long as only



computational complexity of the alternative algorithmtiet  be estimated, a process called posterior decoding.
same as for Smith-Waterman and it can be combined with  Here is a brief summary of the forward-backward al-
heuristic schemes similar to the ones used in BLAST to re- gorithm in the context of hybrid alignment. L& be
duce the computational effort. Most importantly, the theo- the model of lengthn, and X = (z;z5---z,) be the
retical prediction of the universal form Eq. (1) with= 1 sequence to be aligned with the model. On the align-
holds even for position-dependent gap costs. This predic-ment lattice, the forward algorithm can be used to cal-
tion has also been numerically verified [30] for a large range culate the total probabilityffj of all alignment paths
of scoring systems with position-specific gap costs takenreaching any staté at any position(s, j), where S €
from the PFAM [3] database. The inability to calculdie {M (match), I(insert), D(delete)},i = 1...n,j =
values for position-specific gap costs is precisely theaeas 1...m via the following recursions:
why PSI-BLAST does not adopt a this feature, in spite of
the expectation that such a position-specific gap cost would % = 1+nj-1wj—1 (wi—1)(f%17j_1
increase sensitivity significantly if it were possible to-im L ¢l Dy (D
plement it. Thus, using hybrid alignment in PSI-BLAST , +1Mj7];fl_1’]_11 jM]71f1_1,]—1)
would not only provide a theoretical basis for the calcula- i = KPS vifio (2)
tion of F-values with the current fixed gap cost scoring sys- D D>ygM 4D gD

e . . 1,] j—1J4,5—1 Jj—1J4,5—1
tems but also enable us to utilize the suboptimal alignments

and open up the possibility to the future incorporation of The boundary conditions arg;. = fM = 1andfl =
5J ) 5J

more sensitive position-specific gap costs. Z% = 0, wherei = 0...n,5 = 0...m. The parame-

ter w;(z;) is the ratio of the emission probability ., of
3 Forward-backward Algorithm amino acidr; over its background probability,, at model
positiony, i.e.,w;(z;) = ¢j,z,/ps,- The transition probabil-
The forward-backward algorithm, which is also called itiesn;, uj', pi?, ui’, u2?, v1 andv? satisfy the following
Baum-Welch algorithm, was originally proposed by constraint:
Baum [4] in studying natural language processing. It can

. . I D
be used to estimate the parameters of a Hidden Markov nj+ et =1
Model (HMM). With the introduction of HMMs to the 77jM§1 +1/f = 1 (3)
sequence alignment research, the forward-backward algo- D, IS
rithm has been widely used in many bioinformatics tools. mipy vy =1

As the name suggests, it consists of two parts: the for-
ward algorithm and the backward algorithm. Both of them
can be implemented by dynamic programming just as the
Smith-WatFérman algori¥hn¥and th:NgedIemar%\]Nunsch al-tice, whereZ; ; = I+ 3 £, + u £ .

gorithm. In fact, the forward algorithm is rather close to ~ ONCe We chosgs, m ) to be the end of the alignment,
the Needleman-Wunsch algorithm in that the forward algo- the bac_kwagd algorithm can be used to calculate the total
rithm just replaces the "max” operation in the Needleman- Probabilityt;; of all alignment paths starting from stase
Wunsch algorithm with the "sum” operation. It thus calcu- &t POsition(i, j) and ending at the poir(s , m), where
lates the sum of the probabilities of all alignments as op- | < ¢ < sg,1 < j < mp viathe recursions:

posed to just the probability of the optimal alignment. This M

Using the forward algorithm we can find the position
(sg,mg) at whichZ; ; is maximum across the entire lat-

change will be trivial if the probability of the optimal afig i—1,5-1 Nj-1wj1(zi-1)b + H57 by

ment is dominant, however, it is expected to capture more +uf31b£17j 4)
information if there are many suboptimal alignments with I L M I I
comparable probabilities to the probability of the optimal ~ *~1i—1 — #1901 (@i )bi + Vi b
alignment. The latter case is very common for aligning b, , = pnj_1wj—1(zim)bs + v b,
two remote homologs. The forward algorithm computes the

sum of the probabilities of all alignments ending in ngde ~ The boundary conditionsaréy’ | =1,b! . —~=plt
of the HMM and letteri of the sequence for all paifs, ;). bY oy = ph andby =07, . =0, wherei =

The backward algorithm uses a similar dynamic program-0...sg,5 =0...mg.

ming scheme as the forward algorithm to calculate the sum  The probability of seeing amino acitlat model position
of the probabilities of all alignments that start at ngdef j in sequenceX can then be obtained as follows:

the HMM and letter of the sequence. By coupling the for-

ward and backward algorithm, the posterior probability of Sogia J 0N

ZSE,mE

the occurence of any amino acid at every model position can Pr(4,j,X|2) =

(5)



This probability is then summed over all the training se-
guences. After proper normalization over the 20 amino
acids, the new emission probability of the occurrence of any

0.1
amino acid at positiori is computed. 2

4 Extending Hybrid PSI-BLAST

001

Errors per query (EPQ)

As part of a previous work [17], a position-specific ver-
sion of the hybrid algorithm was implemented in version
2.0 of NCBI PSI-BLAST by replacing the Smith-Waterman
algorithm with the hybrid algorithm for assigning scores to 00001 ‘ ‘ ‘
the sequence hits and assessing the statistical signiéicanc ° ' 1 coverage
of the scores in PSI-BLAST. Hybrid PSI-BLAST has es-
sentially the same user interface with only a small number
of new options added for hybrid alignment and retains many  Figure 1. Performance comparison for extHy-
of the features of the original NCBI PSI-BLAST. brid PSI-BLAST with different pseudocount

Hybrid PSI-BLAST calculates the alignmentscore ofev-  constants.
ery subject sequence using the hybrid algorithm, i.e., the
forward algorithm described above. However, once the se-
quences are selected to be included in the model for thegording to Eq. (4) and the decoding of the posterior prob-
new round, the Smith-Waterman algorithm is executed in apilities through Eq. (5) for the amino acids at each model
order to construct the optimal pairwise alignment between position for every sequence hit that is selected to build the
each such sequence and the query. The weighted numb&gatrix. The new emission probabilities are then obtained

0.001

0.25

of times an amino acidl occurs in columry of the multi- D Pr(A,5,X|0)

ple alignment induced by these pairwise alignments yields by g;,4 = Yo, Pr(as,X|Q)

the normalized frequenay 4, which is later used to deter- Usually we are limited by the number of the aligned se-
mine the substitution score at positigrior amino acidA. guences — especially during the first iteration — some vari-
This process is identical for Hybrid PSI-BLAST and regular ation in the occurrence of certain amino acids may well
PSI-BLAST. be missed. Thus it is likely that a matrix derived directly

It is fairly natural to extend Hybrid PSI-BLAST to in-  from theq; 4+ may overfit the data. To address this prob-
tegrate the information about the suboptimal alignments lem, we recruited the pseudocount approach used in NCBI
in model building, since Hybrid PSI-BLAST already uses PSI-BLAST to alleviate the effect of the incompleteness of
such information in the calculation of the alignment score the sequence sample. In NCBI PSI-BLAST, the actual tar-
assigned to each sequence pair. Thus, instead of simplyet frequency of amino acid at position;j is computed as
counting how often an amino acidl occurs in columry of follows:
the multiple alignment, we will use the posterior probabil- A= aqj.A + B9j.A (6)
ities P(A, j, X|Q2) to determine the contribution of amino 7 a+ 0

acid A in sequenceX to columnj of the multiple align- whereg; 4 = 3, gjpe 40, o and 8 are pseudocount

ment. If the optimal alignment between sequetCand constants, controlling the weights of the prior knowledge

in;t;gle]Q}gs goTr']nt?]?t’ Its pr;b:bmt}/(w(llll t;]e the Ieirz?dlmgterlr(n about the target frequencies and the actual observed val-
(4, X1€2). s caseP(4, j, X|(2) has a single pea ues from the sample. Here, ; is the alignment score for

thalt |s|_close t?[ L fgrotf;e eg]nln(?[r?cmlagppegrlng mdtheT(:]ptl- amino acid paitd andb in some nonposition-specific ma-
malaignment an or the other 19 amino acids. 1hUS Wiy, such as BLOSUMG2A,, is the parametek in Eq. (1)

simply “count” ihe dominant amino acu_j in this position in for the gapless alignment. It is given as the solution of the
the same way as PSI-BLAST and Hybrid PSI-BLAST. Oth- equationy_ , , papye =>4+ = 1 wherep, andp, are the

erwise, the Q|str|but!on oP(4, j, X|2) is flattgr. A S|_ngle background probabilities of amino acidl and b, respec-
sequence will contribute more than one amino acid to thetively.

multiple alignment at colump albeit with a reduced weight
reflecting the uncertainty of the alignment at this position . )

Since we already implemented the forward algorithm to © HYbrid versus NCBI comparison

calculated the alignment scores, we just replaced the rou-

tines responsible for calculating the alignment weight ma-  In order to accurately evaluate the performance of vari-
trix by an implementation of the backward algorithm ac- ous sequence alignment algorithms or tools, it will be ideal
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Figure 2. Performance comparison using different counting methods

to have a database in which all the relationships among seprogram can recover homologies in the database. On the
guences are known. But this ideal database never exists besther hand, the Errors Per Query (EPQ), which is the quo-
cause it is impossible to trace back millions and billions of tient of the number of non-homologs and the total number
years to verify the true evolutionary history of the protein of queries, tells us how likely the program would make a
or other biological sequences. Thus, we can only approx-mistake. The plot of EPQ versus Coverage as a paramet-
imate the true relationships by inferring homology from ric function of the cutoff E-value demonstrates the trafleof
structural and functional clues found so far. SCOP is amongbetween the sensitivity and selectivity of the program.

the early attempts to create such a database and its classifi- One consideration we had about the extHybrid PSI-

cation largely relies on the judgment of human experts. In BLAST is the choice of the pseudocount constant. Since
many ways, SCOP has been considered as the standard {CB| PSI-BLAST has undergone years of optimization, it
protein structure classification, and thus it has been usedg not clear whether the pseudocount constant used by NCBI
in many studies for evaluation of sequence alignment algo-js also optimal for HYBRID. Specially we expected that we
rithms [5]. might have to add less pseudocount since the contribution of
the suboptimal alignments already provide counts for amino

In assessing the performance of extHybrid PSI-BLAST, ™ . . .
J P y acids that are absent in the optimal aligments. Thus, we

we followed this method. The astral compendium (AS- ~. . .
TRAL SCOP 1.59, http://astral.berkeley.edu/) provides a tried d'ﬁeref‘t values of thg pseudocqu_nt consfarsince
database that contains only sequences with less than 400/%mly the ratiof/a enters in Eq. (6), it is enough to vary

pairwise sequence identit [9]. We use all sequences in thePne of these constants). We found that the default value

database as queries to carry out an all-vs-all comparison]cor NCBI PSI'BLA.ST 1S also optimal for extHybrid PSI-
However, one sequence was excluded since we suspect thﬁLAST’ as shown in Figure 1.

its true relationship may not be correctly reflected in the ~ Having determined the pseudocount for calculating the
SCOP classification. This sequence, namely the represenPosition-specific alignment weight matrix, we went ahead
tative of the superfamily c.11.1. was consistently misgitas  t0 evaluate our new approach by comparing the extHy-
fied by all versions (Hybrid and NCBI) of the algorithms brid PSI-BLAST with Hybrid PSI-BLAST and NCBI PSi-

for nearly all parameter choices (as it turns out that the BLAST. In order to assess the changes in sensitivity result-
newest release of ASTRAL indeed changes its classifica-ing from the incorporation of the information of the subepti
tion to ¢.10.3, which is even a different fold from the old as- Mal alignments, we used two different evaluation schemes.
signment). There are then 4382 sequences with 88171 pair§ne of them, which we will refer to as straight counting
of true homologos in the remaining database. After pool- from here on, is the one used previously [5, 8] where two
ing together the reported hits and ranking them by E-value, Sequences are considered homologs if they are members of
we counted the number of true homologs and the numberthe same superfamily of SCOP and non-homologs if not.

of non-homologs below various cutoff E-values. For each  However, a concern about the accuracy of the SCOP
E-value cutoff, the Coverage is computed by dividing the classification has been recently raised by some researchers
number of true homologs by the total number of true re- More specifically, the concern is that some of the proteins
lationships in the database, which indicates how good thethat are classified in different superfamilies in SCOP might
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Figure 3. Performance comparison between two counting meth ods for NCBI PSI-BLAST and extHybrid
PSI-BLAST, respectively.

actually still be homologs. This concern becomes criti- tHybrid PSI-BLAST there is a noticeable disagreement be-
cal as sequence comparison algorithms become sensitivéween the results for straight counting and for consereativ
enough to actually find such very weak homologies. Un- counting. Thus, we suspect that the performance of extHy-
der the straight counting scheme, an algorithm that findsbrid PSI-BLAST is already beyond what the SCOP classi-
such a weak homolog would be penalized since it would fication with straight counting can measure, i.e., extHybri
be classified as an error according to the straight counting.PSI-BLAST can find some homologs that are so remotely
To circumvent this difficulty, some suggested that any hit related that they are classified into different superfamsili
that is in a different superfamily but in the same fold as the in SCOP.

query should be ignored instead of being counted as a non- To further augment this point, we collected hits with E-

homolog, _because we do not have suff|C|_ent information to value less than 0.01 for extHybrid PSI-BLAST that are false
make the judgement of whether such a h'F corresponds_to %hits under the straight counting scheme but undecided ac-
true homolog or not. _Here, we refer to this latter counting cording to conservative counting. We examined their re-
method as conservative counting. lationships by referring to another popular protein cliassi

We applied both counting approaches to evaluate thecation database CATH [22], which combines manual and
performance of extHybrid PSI-BLAST and NCBI PSI- automated processes to organize the proteins. There are 39
BLAST. The result in Figure 2(a) exhibits that extHybrid ambiguous sequence pairs found by extHybrid PSI-BLAST
PSI-BLAST is comparably or slightly more sensitive than that are classified as non-homolog pairs in SCOP. In CATH,
NCBI PSI-BLAST in detecting homologous sequences in almost all of these proteins pairs (35 out of 39) are claskifie
the database when straight counting is applied. When cov-as homologs. The exceptions are 3 sequence pairs that are
erage is low, extHybrid PSI-BLAST makes more errors not classified at all in CATH and one sequence pair (d1jtdb
than Hybrid PSI-BLAST but still fewer than NCBI PSI- vs. d1k3ia3, the one with the largest E-value of 0.009) that
BLAST. However, extHybrid improves greatly over Hybrid is classified as non-homologous. These 39 sequence pairs
PSI-BLAST when coverage is high. The picture becomes involve 31 sequences, listed in Table 1.
quite different when conservative counting is applied.-Fig
ure 2(b) clearly shows that extHybrid PSI-BLAST outper-
forms both NCBI PSI-BLAST and Hybrid PSI-BLAST in
this case.

To further investigate the possible homologies uncov-
ered by extHybrid PSI-BLAST, we also submitted the co-
ordinate files of the 35 pairs that are considered homologs
in CATH to DaliLite, which is the structure comparison

Figure 3 highlights the difference between straight and and database search engine for another protein classifica-
conservative counting for NCBI PSI-BLAST and extHy- tion system DALI. The result shows that except for two very
brid PSI-BLAST, respectively. It can be easily seen that short sequences(50 amino acids in length) the Z-score for
the counting method makes hardly any difference for NCBI each pair is above 10. As for the root-mean-square devia-
PSI-BLAST. This implies that all false hits of NCBI PSI- tion (RMSD) of a-carbon atoms, 22 pairs share structures
BLAST are real non-homologs. On the contrary, for ex- within 3A RMSD, 11 pairs within A RMSD and 2 pairs



Table 1. Ambiguous sequences

SCOP NAME | SCOPID | CATH ID SCOP NAME | SCOPID | CATH ID
dlhg3a cl.11 3.20.20.90 dladya c.10.1.1 | 3.80.10.10
d1thfd cl.21 3.20.20.90 dlyrga c.10.1.2 | 3.80.10.10
dlrpxa c.l1.22 3.20.20.90 dlfqva2 c.10.1.3 | 3.80.10.10
dldbta c.1.2.3 3.20.20.90 d1lh6ta2 c.10.2.1 | 3.80.10.10
d2tpsa c.1.31 3.20.20.90 d1lh6ua2 c.10.2.1 | 3.80.10.10
d2dora cl4.1 3.20.20.90 *d1jl5a c.10.2.6 | 3.80.10.10
dlep3a cl4.1 3.20.20.90 dldcea3 c.10.2.2 | 3.80.10.10
d1ld3ga cl4.1 3.20.20.90 d1tfi g.41.3.1 | 2.20.25.10
dlgox_ cl41 3.20.20.90 dlgyp 0.41.9.1 | 2.20.25.10
dlltdal cl4.1 3.20.20.90 d1i50i2 g.41.9.1 | 2.20.25.10
dlh7wa2 cl4.1 3.20.20.90 dlen2a2 g.3.1.1 N/A
dlea0a2? cl4.1 N/A difjna g.3.7.3 N/A
dlzfjal c.15.1 3.20.20.90 dlhf2al b.80.3.1 | N/A
dlak51 c.151 3.20.20.90 dlealal b.80.4.1 | N/A
dijrial c.1.51 3.20.20.90 d1jtdb b.69.5.2 | 2.130.10.30
d1k3ia3 b.69.1.1 | 2.130.10.80

within 6A RMSD. These findings provide a strong evidence  Here we only investigate one feature provided by hybrid

for these sequence pairs to be classified as homologs. alignment. There are many attributes available to the kdybri
algorithm but lacking in the Smith-Waterman algorithm
6 Conclusion which have not been explored. The most prominent one is

the ability to handle position-specific gap costs, whictetak

In this paper, we have extended our previous work on theinto account the different indel (insertion/deletion) pen-
hybrid algorithm by incorporating information about sub- Sities along the protein sequences. It is expected that it is
optimal alignments in the refining process of the sequencemore likely to have an indel in loop regions of a protein
models in PSI-BLAST. This is achieved by implementing family than in its core regions, which has a more stable
the forward-backward algorithm in place of the routines for Structure. This information is thought to be valuable in im-
building the alignment matrix in HYBRID PSI-BLAST. We ~ Proving the sensitivity of the alignment algorithm, but is
also experimented with various values for the pseudocountnot utilized in PSI-BLAST because of a fundamental limi-
constant and found that the default value for NCBI PSi- tation of the underlying theory of the alignment score stati
BLAST is 0pt|ma| for extHybnd PSI-BLAST as well. tics for the Smith-Waterman alignment. Based on the work

It turns out that extHybrid PSI-BLAST and NCBI PSI-  described in this paper, it is possible for us to extend the
BLAST are very close in their performance, with extHybrid forward-backward algorithm for calculating the gap prob-
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