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Abstract. Approximate searching on the primary structure (i.e., anaicid arrangement) of protein
sequences is an essential part in predicting the functimheweolutionary histories of proteins. How-
ever, because proteins distant in an evolutionary histonyat conserve amino acid residue arrange-
ments, approximate searching on proteins’ secondarytateuis quite important in finding out dis-
tant homology. In this paper, we propose an indexing schemefficient approximate searching on
the secondary structure of protein sequences which cansilg maplemented in RDBMS. Exploit-
ing the concept oflusteringandlookaheadthe proposed indexing scheme processes three types of
secondary structure queries (i.e., exact match, rangehmand wildcard match) very quickly. To
evaluate the performance of the proposed method, we caediegtensive experiments using a set
of actual protein sequences. According to the experimeesalts, the proposed method was proved
to be faster than the existing indexing methods up to 6.3gdimexact match, 3.3 times in range
match, and 1.5 times in wildcard match, respectively.
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1. Introduction

It is well known to biologists that the amino acid arrangetsari proteins determine their structures and
functions. Therefore, it is possible to predict the funesiproles, structures, and categories of newly
discovered proteins by searching for the proteins whose@axid arrangements are similar to those of
newly discovered proteins [1, 19].

However, the amino acid arrangement of one protein is rgmelgerved in another protein if the two
proteins are distant in an evolutionary history [5, 15, TRjerefore, approximate searching on protein
structures, rather than on amino acid arrangements, is immeartant in finding out distant homology.
Among structure searching algorithms, comparing strattanrangements based on the secondary struc-
ture elements is gaining more popularity in conjunctiorhwvdatabase approaches [5, 14].

The secondary structures are expressed using the threetdrar (beta sheets)! (alpha helices),
and L (turns or loops). These characters tend to occur contidyeather than interspersedly [4, 11].
For example, HHLLLLLEFEE' is more likely to occurthanH LLELLEFELH’.

Exploiting this property, Hammel et al. [11] proposed a segt¥based indexing method. The method
combines consecutive characters of a same type into a siagleent and then builds aBree on two
attributes of segments: (Type which denotes the type of consecutive characters, andg@)which
denotes the number of consecutive characters. For exampld,LLLLLEFEE’ is segmented into
‘HH /| LLLLL /| EEFE’ and expressed ad7,2)(L,5)(E,3). After then, given a query specified as
(Type, Len)™, n most infrequently occurring segments are chosen, and tlached against segments
populated from sequences in the database. As the final stegidate sequences each of which matches
then segments are compared to the query itself.

Although the segmentation enables an efficient searchinp@secondary structures, it has innate
limitations. First, the pair of Type, Len) does not have uniform distribution. According to our preli
inary experimentation with 80,000 proteins, 87%Mfsegments have a length between 3 and 6, 62%
of H segments have a length between 5 and 14, and 41%sefgments are of length between 3 and
6. Therefore, if every segment in a query is close to one afghet spotsindex or full table scan for
a segment of the query will produce a large result set. Furtbee, candidate set size populated from
the most selectiva segments might be still large even after the result sets argad. Thus, the overall
performance will be bad even if another indexing schemehikézontal partitioning is adopted. Second,
the number of distinctType, Len) pairs is not large enough to provide good selectivity. Ouwesti-
gation on 80,000 proteins indicates that the total numbelistinct (Type, Len) pairs is about 300 but
the total number of segments to be indexed is more than 3omslli Therefore, the average number of
segments with the sam@&ype, Len) pair is more than 10,000.

In this paper, we propose CSI (Clustered Segment Indexargkgfficient indexing scheme for ap-
proximate searching on the secondary structure of protguences. The proposed indexing scheme
exploits the concept oflusteringandlookaheadto overcome the aforementioned limitations. A pre-
determined number of neighboring segments are groupedaimtaster which is then represented by
three attributes (we revisit the issue of determining thealmer of neighbors in Section 5.2); (CjuStr
which denotes the type string of the cluster obtained by atmmating thelype attributes of the un-
derlying segments, (Z}luLen which denotes the length of the cluster obtained by summindpelLen
attributes of the underlying segments, and@B)LA which denotes the lookahead of the cluster obtained
by concatenating th@ype attributes of the segmentsllowing the cluster. If more than one segments
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are gathered together then the tripdyStr, CluLen, CIuLA) for a cluster is more discriminative than
the pair Type, Len) for a segment.

In the proposed method, if a user enters a query in the corsoke series segments, then they
are transformed into clusters by the system. Among thossterkyn clusters are chosen and matched
against the cluster tables which contains protein seqsergg@esented a€{uStr, CluLen, CluLA).
After getting canidates, postprocessing stage will matathef candidate against the original query.

Organization of this paper is as follows. Section 2 deseritetated work in the field of homolo-
gous sequence searching and structure searching. SeaimhSection 4 present the proposed indexing
and query processing algorithms, respectively. SectiondsGashows the effectiveness of the proposed
approach via performance evaluation and computationdysiearespectively. Finally, Section 7 sum-
marizes and concludes our work.

2. Related Work

BLAST [2, 3] is the most widely used tool for approximate s#emg on DNA and protein sequences.
BLAST is based on the sequential scan method basically,thbutkes use of heuristic algorithms to
reduce the number of sequences to be aligned against a ddewever, BLAST still has two main
drawbacks [19]: (1) entire data set should be loaded intoin mamory for fast searching, and (2) since
it is based on sequential access, its execution time isthjing@portional to the number of sequences in
the database. Due to these drawbacks, index-based appsdachpproximate searching are demanding.

Suffix trees [17] have been recognized as the best indexsteuor string or sequence searching, but
they have been notorious for large space requirement. Rgcagorithms for building a suffix tree from
a data set larger than a main memory were proposed [13]. Howiie internal structure of suffix trees
is not suitable for pagination and therefore it is not easpdorporate suffix trees into database systems
[17, 18].

RAMdb [7] is an indexing system for the primary structuregpuaftein sequences and was proved,
by experiments, to be faster than heuristic approaches 8@ptdimes. However its search performance
deteriorates when the length of a query is not close to thtteninterval used for indexing. In addition,
RAMdb is an indexing system mainly for the primary structuoé protein sequences and therefore it is
not easy to apply the proposed idea directly to the secorsleugtures of protein sequences.

Hammel et al. [11] proposed the segment-based indexingadeithe method combines the consec-
utive characters of the same type into a single segment,h@mduiuilds a B -tree index on the number
and type of consecutive characters. As mentioned in théquesection, however, this segment-based
approach does not support good selectivity, thus resultiiag innate limitation of search performance.

VAST [10] and DALI [12] support three dimensional structdrased similarity search algorithms.
VAST is motivated by the fact that the number of secondanycstire elements (SSEs) is much smaller
than the number of’, andC3 atoms [15]. Hence, VAST performs substructure alignmentthiee
steps: (1) rapid identification of SSE pair alignments, (@%tering identified SSEs into groups, and (3)
scoring the best substructure alignment.

DALLI, on the other hand, comparé$, atoms using distance matrices. For each protein, a distance
matrix which resembles a dot matrix is populated. Each dtitérmatrix represents the distance between
C, atoms along the polypeptide chain and betw€gmtoms within the protein structure [15]. Therefore,
by comparing matrices, DALI can find the proteins whose thlieeensional structures are similar to that
of a given query.
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As stated above, VAST and DALI tackle the problem of struetaomparisons, making it primary
concerns to decrease the time in comparing three dimengsonadinates of secondary structure ele-
ments. CSl is different from these approaches in that itchesr for similar proteins by comparing types
and lengths, rather than three dimensional coordinatdbeofsecondary structure elements.

3. Segment Table And Clustered Segment Table

CSI (Clustered Segment Indexing), the proposed indexinthade utilizes the idea of segment table
introduced in [11]. Therefore, in this section, we first eiplthe structure of segment table and then
present the structure of clustered segment table, the na@nstructure used in the proposed indexing
method.

3.1. Segmenttable

A segment in a protein is defined as consecutive charactetieafame secondary structure type. A
segment can be expressed by two attribuTepe to denote the type of consecutive characterslasm

to denote the number of consecutive characters. For exathplsequenc®, ='FEFHHLLEEFE’

is segmented intoF EE/HH/LL/EEE’ and then expressed &%, 3)(H,2)(L,2)(E,3). In addition

to the two attributes, the position at which a segment beginseeded to identify the segment. In
case ofSy, each of the four positions, 0, 3, 5, and 7, is associatedeadnresponding segment. The
information on each segment is stored in the segment talalele . shows the segment table fr=
‘FEEFHHLLEFEE'.

Table 1. Segmenttable féh = EFFHHLLEFEE'.

SeglD ProteinID Loc Type Len
1 Sh 0 E 3
2 S1 3 H 2
3 S1 5 L 2
4 St 7 E 3

After then, a B" tree is built on Type and Len column to support index scan fguexy represented
by (Type, Len)™.

3.2. Clustered segment table

A segment itself has a limitation in selectivity. Therefone group a pre-determined number of neigh-
boring segments into a cluster and express it using moremisative attributes. In this approach, it is
assumed that the sequences in the database is almost ndatzdip

Before building clustered segment tables, it is needed ttd/&er K which is a system parameter
used to control the total number of clustered segment taditeglconstructed. (How to set the value of
Maxz K is explained in Section 5.2.1.) The procedure to constriustered segment tables is as follows:
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1. Convert each protein sequengdnto a series of segments. Lats be the number of segments
obtained froms.

2. For eaclk from 0 tomin(|loga(Ns) |, MaxK), do the following:

(a) Using the sliding window of siz&*, generate a set of clusters, each of which is composed of
2% neighboring segments.

(b) Store each cluster into the clustered segment table charsg,.

Let (T1, L1)(Tz, La)...(Tyx, Lo ) be 2% neighboring segments whef® is Type and L; is Len of
the i segment. Then the cluster is represented concisel{@$tr = Ty - Ty - ... - Tox, CluLen =
Ly + Ly + ... + Lor ) whereCluStr denotes the type string of the cluster obtained by concatentne
Type attributes of the underlying segments, aldLen denotes the length of the cluster computed by
summing up the.en attributes of the underlying segments. For example, wiér)(L,2) is com-
bined into a cluster, it is represented(#5L,4). Figure 1 depicts the conceptual view of the clustering
procedure for the sequenég whose segment table is shown in Table 1.

Sequence S,= ‘EEEHHLLEEE’

@ Segmentation

N Y e e

IR SR R e — A = —
Ry w2 [EESe
B R et e N T I ear
Rt I syt Sy sy gy gy

27 Clustering

k=0: [ ] k=1: [ B 1 [

Figure 1. Generating clustered segment table$for ' FEEFHHLLEFEE'.

(Type, Len) |- (E;:

There may be a series of segments following a cluster. Type attributes of such segments can be
concatenated, producing the lookahe@t)LA, of the cluster. The maximum length GluLA is con-
trolled by a system parametéfaxClul A for space efficiency. The overall schema for each clustered
segment table is shown in Table 2.

For example, as shown in Table 3, two clustered segmentstabilel;, andC STy, are constructed
fromS; ='EEEHHLLEEE when MaxK =1 andMaxCluLA = 2.

After populating all the tuples of’ STy, the tuples are sorted according @uStr, CluLen, and
CluLA for the sake of locality. As the final step, we build ong-Bee on two columnsCluStr and
CluLen, for eachC'ST. It is also worth mentioning that the duplication of infortioa in C'ST}, will

bring about more storage consumption than the segment thlelece, we store each character using 2
bits like: L = 005, H = 109, andE = 115.
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Table 2. Schema of each clustered segment table.

Field Name Description

ID The identifier of the protein from which a cluster is made.

Loc The beginning position of the cluster.

Clustr The type string of the cluster obtained by concategdhe Type attributes of
the underlying segments.

CluLen The length of the cluster obtained by summing upltee attributes of the
underlying segments.

CluLA The type string obtained by concatenating Type attributes of the segments

following the cluster.

Table 3. Clustered segment tabl€syT, andC STy, fromS, =‘EFEEFHHLLEFEE’.

CSTy CSTy
ID Loc Clustr CluLen CIuLA ID Loc Clustr CluLen CIuLA
S1 0 E 3 HL S1 0 EH 5 LFE
S1 3 H 2 LE S1 3 HL 4 E
S1 5 L 2 E S1 5 LE 5
S1 7 E 3

4. Query Processing

4.1. Overall query processing algorithm

As stated in the introduction, a user query is specified asiassef segments likeType, Len)™. For
compactness, in what follows, let 71 (L1) T2(Lz) ... Tny(Ln,) > be a user query whefE repre-
sents aype or a wildcard, ?, that matches afiype andL; represents the length of the tyjpe Then, the
typical example query to search fBfE EH H LLEEE can be specified as E(3) H(2) L(2) E(3) >.

In the proposed method, it is also possible to specify thetdwound and the upper bound of a segment.
Such an example query is E(35)H (3 6)L(37) >.

In this section, the query processing algorithm to searchséxondary structure of protein se-
guences that matches a user query is presented. Supposd dhkdt + 1 tables,C STy, CSTy, ...,
andC'STyq. i, Were created along with their associatet-ee indices. The overall query processing
algorithm which uses these tables and associated indiggst¢ess a query is as follows:

1. Convert a queryy into a series of segments. L&, denote the number of segments obtained
from Q.

2. Determine the target tab@&S7T}, by computing the expressidn= min(|log2(Ng)|, MaxK).

3. Decompose the segmented query intg=[ N¢/2%]) non-overlapping subqueries, each of which
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k
2 v ‘ qn-l ‘
9n

Figure 2. Subqueries generated from a qugry

has2* segments in it. The last two subqueries may overlap each wathen N, is not a multiple
of 2% (see Figure 2).

4. For each subquery (i=1,2,...1), do the following:

(a) Compute it<CluStr, CluLen, andCIuLA values. LegCluStr, qCluLen, andqCIluLA denote
these three values, respectively.

(b) Search the tabl€' STy, for the tuples whos€luStr, CluLen, andCIuLA match withqCluStr,
gCluLen, andqCIuLA, respectively. The B-tree index forC'ST}, is used at this step.

5. Perform the sort-merge arsets of intermediate results using tH&randLoc as joining attributes.

6. Perform the post-processing to detect and discard fadgéehms.

4.2. Exact match query

Exact match queries are expressed)as < T1(L1) T>(L2) ... Tny(Lng) > whereT; (€ {E, H,L})
and L; represent the type and length of ti{& segment ofQ, respectively. Suppose that we already
chose the target tabl@ ST, and decomposed the query inicsubqueries, each of which consists26f
segments. The algorithm for processing exact match quisrgg®wn in Algorithm 1.

The result of subquery; is stored inN;. If the number of tuples inV; is less than a predefined
thresholde, then we believe that irrelevant answers have been filtewedswfficiently. Therefore, if
this happens, we directly go to the merging step (Line 5) evittconsidering the remaining subqueries,

qi+1,9i+2, - - -, qn-

4.3. Range match query

Range match queries are expressed)as-< T3 (Lb; Uby) To(Lby Ubs) ... TNQ(LbNQ UbNQ) >
whereLb; andUb; represent the minimum and maximum length of tesegment ofp, respectively.
Unlike exact match queries where every search conditiorxgessed as aaquality predicate, this
type of query contains a search condition expressedrasge predicate. More specifically, the search
condition ofCluLen for each subquery; has the form of ‘CluLen betweeql.b andqUb’ where qLb

is the sum of the minimum lengths ard/b is the sum of the maximum lengths of the underlying
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Algorithm 1: ProcessExactMatchQuery

Input : QueryQ, Clustered segment tableSTy, Thresholde
Output : Set of answers

[y

for (each subquery; from Q) do
Let ¢qCluStr, ¢qCluLen, andqCluL A be CluStr, CluLen andCluL A of ¢;, respectively;
N; := ExecuteQuery(“select from C' ST}, where CluStr = qCluStr
and CluLen = qCluLen and CIuLA = qCIuLA);
if (count(V;) < ¢€) then
| break;

w N

N

[63]

Merge allV; into N using/ D and Loc as joining attributes;
answers := PostProcessing)
return answers;

~N o

segments of;;. If ¢; consists of the firse* segments of a query, theflb andqUb are expressed as
qLb = Lby + Lbs + ... + Lbyx andqUb = Ub; + Uby + ... + Ubyr. Therefore, when the difference

of ¢Lb andqU is large, the cost for processing becomes high due to an enlarged search space for
CluLen.

To overcome the problem of an enlarged search space of aeyhguwe propose theelective clus-
tering method SCM) whereg; is decomposed into a set s€condarysubqueries and then a secondary
subquery with the smallesistimatedsearch space is chosen and executed in replacement lof de-
tail, when a subquery; has2* segments, its secondary subqueries are generated2ffoumderlying
segments of; for eachk’ in [0, k]. Figure 3 shows the secondary subqueries from a subguery

ok
subquery q;
T ] T ]
“30
| [ - Secondary
ST subqueries
2k }

Figure 3. Secondary subqueries from a subqgyery

For example, let us consider the quepy=< E(3 5)H(3 6)L(3 7) > where MazK = 1 and
MaxCluLA = 2. Then, k is computed a8 = min(|log23|,1) = 1. Thus, every subquery has
2! segments and the subqueyy is expressed ag, = (¢qCluStr = EH, qCluLen = [3 + 3,5 +
6], ¢qCluLA = L).
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Let ¢; ; denote thej** secondary subquery of th& subquery. Then, in SCM, three secondary
subqueries are generated frgm Whenk’ = 0, we obtain two secondary subquerigs; = (¢CluStr =
E, qCluLen = [3,5], gCluLA = HL) andq 2 = (¢qCluStr = H, qCluLen = [3,6], gCluLA =
L), each of which hag" segment in it. Similarly, whe’ = 1, we obtain one secondary subquery,
q1.3 = (¢qCluStr = EH, qCluLen = [6,11], qCluLA = L), which has2! segments in it. Among
these secondary subqueries, we choose the most seleatilgy @stimating the number of tuples to be
retrieved by each secondary subqueryg;l$ is predicted to retrieve the smallest number of tuples, for
example, then it is executed in replacementof The same procedure is appliedgo= (¢CluStr =
HL, qCluLen = [3 + 3,6 + 7]) also.

The effectiveness of SCM depends on the conciseness ofiaradeh process as well as the accu-
racy of estimated results. To achieve conciseness whilatenaing accuracy at a satisfactory level, we
keep two histograms separately, one @ulLen and the other foCluStr, and combine them whenever
necessary. Both of these histograms are updated whenexerases are inserted into clustered segment
tables. The schemas for these two histograms are shown lia Zahnd the algorithm for estimating the
number of tuples to be retrieved by each secondary subgsi@ngsented in Algorithm 2.

Table 4. Schemas of CluLen and CluStr histograms.

CluLen Histogram CluStr Histogram
Field Name Description Field Name Description
hK k value of a cluster hK k value of a cluster
hCluLen CluLen value of the cluster hCluStr CluStr value of the cluster
#Clusters Number of clusters whose #Clusters Number of clusters whose
k value is the same as hK k value is the same as hK
and CluLen value is the and CluStr value is the
same as hCluLen same as hCluStr

Algorithm 2: EstimateSizeOfResultSet

Input : Secondary subquewy ;
Output : Predicted number of tuples in the result set

Let ¢CluStr be CluStr of ¢; ;;
Let [qLb, qUb] ofg; ; be the range of CluLen;,
Suppose thaj; ; is composed 07X segments;
N, := ExecuteQuery(“select sum(#Clusters) from CluStrHjsamn where hK=gK");
N5 := ExecuteQuery(“select #Clusters from CluStrHistograheme hK=gK
and hCluStr=qCluStr");
N3 := ExecuteQuery(“select #Clusters from CluLenHistograheme hK=qK
and hCluLen between gLb and gUb");

a b W N P

o

7 returnNs x Ny/Ny;
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4.4. Wildcard match query

Wildcard match queries are specified@s=< T1(Lb; Uby) To(Lbe Ubs) ... Tng (Lbn, UbNQ) >
whereT; takes a value fro E, H, L, 7}. The meanings oLb; andUb; are same as before. Note that
T; may take ‘2’ to express that thi& segment can be of any secondary structure type. To accommo-
date this wildcard type, we just use ‘CluStr like qCluStregicate in Algorithm 1 (Line 3) instead of
‘CluStr=gCluStr’ predicate.

We also apply SCM to this type of query because it has the groldf an enlarged search space for
both CluStr and CluLen. SinceqCluStr may contain ‘?’, we use ‘hCluStr like qCluStr’ predicate in
Algorithm 2 (Line 5) instead of ‘hCluStr=qCluStr’.

5. Performance Evaluation

5.1. Experimental environment

We used two Pentium-4 PCs for experiments, each of which g@igged with a 512 MB main memory
and a 7200 rpm hard disk. A commercial RDBMS Oracle-8i watallesl in one PC and a set of protein
sequences was stored in it. Segment table, clustered sedgaides, and indices for segment-based
indexing method [11] and CSI were built. In another PC, welengented searching algorithms.

To obtain the secondary structures of proteins, we applREIATOR [8, 9] to the amino acid
arrangements of proteins downloaded from PIR [20].

To verify the effectiveness of the proposed method, CSI veaspared to MISS(1), MISS(2), and
SSS. MISS(n) chooses the most selectiveegments from a query and treats each of them as a sub-
query.lt then executes each subquery using afe on the segment table. SSS chooses the most selec-
tive segment from a query and executes it by performing adble scan on the segment table.

5.2. Parameter setting

To determine the values of two system paramet&fe,: K and MaxCluL A, we first performed the
preliminary experiments with a data set of 80,000 protemueaces. Remember that the parameter
MazK is to control the total number of clustered segment tablésgbeonstructed and the parameter
MaxCluL A is to control the maximum length of lookahead.

5.2.1. MaxK

Theselectivity a ratio of the number of tuples retrieved by a search to tta taumber of tuples stored
in a table, was used as a measure for determining the optiahad of M ax K. Figure 4 shows the
selectivity of a pair (CluStr, CluLen) for each clusteredreent tableC' STy It is clear from the figure
that the selectivity becomes betterfamcreases but it is saturated afteexceeds 3. Therefore, we set 3
as the optimal value af/ax K.
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5.2.2. MaxCIuLA

The selectivity becomes better as the value\bizClul A increases. To measure the degree of im-
provement in selectivity (DIS), we use the following forraul

selectivity of (CluStr,CluLen) — selectivity of (CluStr,CluLen,CluLA)
selectivity of (CluStr,CluLen)

DIS(%) = x 100
Figure 5 shows the degree of improvement in selectivity &mhevalue ofM axCluL A. According

to the result, the degree of improvement grows as the valud @fCluL A increases but the growth is

almost saturated after the value dfaxCluL A exceeds 8. Therefore, we set 8 as the optimal value of

MaxCluLA.

0.004 100%
£ 0003 80% 1
Z S 60% -
£ 0.002 | e
2 = 40% -4+ CST3
2 0.001 20% -
0.000 0%
= = e e S 1 2 3 4 8 16 32
wn wn wn wn wn
@) O @) Q @) MaxCluLA

Figure 4. Selectivity of (CluStr, CluLen) for each gligure 5.  Degree of improvement in selectivity (DIS)
stered segment tab{eS7y. for each value oM azCluL A.

5.3. Accuracy of CluStr and CluLen histograms

To demonstrate the accuracy of CluStr and CluLen histogiarpsedicting the number of tuples to be
retrieved by a secondary subquery, we used two variablgser(dr rate which is defined aéM
whereN, is the actual number of tuples retrieved by a secondary sup@ndN,, is the predlcted value
of N, obtained from CluStr and CluLen histograms, andd@jrelation which is a measure of linear
relationship betweeV, and.V,,.

As shown in Figure 6, the error rate is in the range of 0.9 aBdBut the correlation is at least 0.9,
which shows thatV, and.V,, have high linear dependence on each other. Thereforeuglthitne error
rate is not small, it is highly likely that a secondary subgusith the smallestV, value must have the
smallestV,, value.

5.4. Index size

We compared the storage requirement of CSI with that of SSSMISS(n). Because SSS does not
use any other index other than the segment table, its sta@gaimption is the same as the size of the
segment table. In addition to the segment table, MISS(n$ tise B"-tree built on the type and the
length attributes of segments. Therefore, the storagdresgant of MISS(n) is the sum of the sizes of
the segment table and itsBtree. CSl utilizes the clustered segment tables and th&a®: indexes built
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Figure 6. Error rate and Correlation of the proposed pramicicheme for each clustered segment tat#d’,.

on the type string and the length attributes of clusters.rdfbee, its storage consumption is the sum of
the sizes of the clustered segment tables and their asst@attree indexes. According to the result
shown in Table 5, all the methods consume storage space tgimop®rtional to the number of protein
sequences. The storage requirement of CSl is several targes than that of other three methods, but it
is not a big problem when considering the continuous dropiarhige costs.

Table 5. Index size comparison of SSS, MISS(n), and CSI (igtks).

Number of Sequences SSS MISS(n) Csl
20,000 20,288 35,626 149,640
40,000 37,160 65,258 272,350
60,000 51,992 91,304 378,907
80,000 67,688 118,852 481,516

5.5. Index selectivity

In Section 1, we claimed that the tuples of clustered segtadtes are more discriminative than those
of segment table. To prove this claim, we compared them mdeasf selectivity. Theselectivityof a
clustered segment tab{@éST}, is defined as a ratio of the average number of tuples retrieyedsearch
condition on CluStr, CluLen, CIuLA) to the total number of tuples storeddhST}, and theselectivity

of a segment table is defined as a ratio of the average numbeples retrieved by a search condition
on (Type, Len) to the total number of tuples stored in the segment tableo#ting to the result shown
in Figure 7, the selectivity of ST}, is lower than that of segment table at least about 33 timesthier
words, given a query, the expected number of rows returraed € ST}, is % times as many as segment
table. This reduction in selectivity decreases the numbearndidates significantly that are to be verified
at the post-processing step.
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Figure 7. Selectivity comparison between th87}, table and the segment table.

5.6. Query processing time
5.6.1. Query processing time with various numbers of segmé&gin a query

While changing the number of segment;, in a query, we measured the query processing times of four
methods, CSI, MISS(1), MISS(2), and SSS. For this experimee used a data set of 80,000 protein
sequences from which queries were randomly extracted. thatesegment lengths of exact match
gueries must be specified exactly but those of range matclvihchrd match queries can be specified
as a range. For the simplicity of experimentations, we I&t tre segment in the middle of range match
and wildcard match queries have a range in its length spetifit Considering the distribution of
segment lengths, we set the size of the range as 30. In caskloard match queries, only the segment
in the middle had the wildcard character ‘?’. Figures 8, @ &8 shows the query processing times of
four methods for exact match, range match, and wildcard m@ieries, respectively.

According to the experimental results, query processimgsi of all methods decrease &g in-
crease. This is because more segments with high selediatgontained in queries a&, increases. If
Ng is large, CSl gets extra benefit by choosing a lafgealue when deciding a clustered segment table
to be searched. As a result, CSI was~118.0 times, 1.36.0 times, and 103.4 times faster than the
best one of the other methods in exact match, range matchyifdwhrd match, respectively.
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Figure 8. Exact match query processing times with increpais.
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Figure 10. Wildcard match query processing times with iasieg/N.

5.6.2. Query processing time with various data set sizes

While increasing the number of protein sequenéég,, from 20,000 to 160,000, we measured the query
processing times of CSS and MISS(2). SSS and MISS(1) wermclatled in this experiment because
they proved to be less efficient than MISS(2) in most cases. rilimber of segments in a query was 5,
and ranges and wildcard characters were given only to the $bgment. According to the experimental
results shown in Figures 11, 12, and 13, the query processimgs of both CSI and MISS(2) were
proportional to the data set size, and CSI was-4.3 times, 3.8-3.3 times, and 141.5 times faster
than MISS(2) in exact match, range match, and wildcard magspectively.
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Figure 11. Exact match query processing times with increaSi..
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6. Computational Analysis

In this chapter, performance of CSl is analyzed and compardide previous segment based indexing
method. For the simplicityCIULA attributes of clusters are ignored if not mentioned othsewiand
only Exact Match was considered. Still, we believe that tileWwing analyses suffice for the purpose of
computational performance comparisons.

6.1. Selectivity Comparison

As the first step of analyses, we compare the theoreticattséte of clusters and segments. For that
purpose, we assume that tigpe of a segment is randomly chosen frof@, H, L}. Also, Len is
assumed to be chosen from [0, 100] randomly. Then, the nuofbdistinct (Type, Len) pair is 300
(=3 x 100).

To the contrary, a cluster is represented ®uStr, CluLen) pair. Because we gather togettar
segments for a cluster i@ ST} table, the length o€luStr is 32°. It is also followed thatCluLen €
[0, 100 x 2¥]. Therefore, the number of distin€iuStr, CluLen) pairs is32" - 100 2. Figure 14 depicts
the number of distinct segments or clustersd@@7;, and Segment table.
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6.2. Complexity Comparison

In broad perspective, the purpose of MISS(1), MISS(2), $88,CSl, is to filter out as many sequences
as possible in the index stage such that only few sequenee®t@ieved and post processed. The ad-
vantages of avoiding postprocessing are two fold. Firgthgtprocessing requires very expensive ran-
dom I0s. Suppose that there are 100 candidate answers. iTserequired to retrieve 100 sequences
from 100 places, which incurs 100 random I/Os. Secondlyifyieg whether a sequence match a seg-
ment/cluster takes lots of computational time. To verifyegugence, the sequence has to be parsed
into segments/clusters, and then matched against quetifisgeas a sequence of segments or clusters.
Therefore, in this section, we delve into the comparisonlt#ring effectiveness which plays a crucial
role in reducing IOs and computations.

Let us suppose that the number of segments in a sequetite i a query is given by a user, the first
step is to find out the most selective segment from the qudrgn.Tthe segment will be matched against
all segments stored in the segment table. In case of segntkatprobability that a segment exactly
matches another segmentﬁlm. Now, to filter out a sequence which is comprised 0 segments,
there must be no matching segments in the sequence, and prmthedility is(1 — 525)1%0.

On the other hand100 — 2* 41 clusters will be generated from a sequence, and the probabil

I - o )
ty that two clusters are the sameig— - Hence, the probability of filtering a sequence outlis-

——1)100=2"+1 Figure 15 compares expected filtering effectiveness baséae above calculations.
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Figure 15. The percent of sequences expected to be filteted ou
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6.3. Index Size Comparison

The improved search speed of CSl comes at a price. In thi®seote analyze the size of segment table
and clustered segment tables.

Suppose that there ait®0 segments in a sequence. Then, in case of a segment 18blmws are
needed to store the sequence. In each row, 5 values are:s®egtD(int), ProteinID(int), Loc(int),
Type(char), and Len(int). Assuming that the size of intégerbytes and the size of character is 1 byte,
17 x 100 x n. = 1700 - n bytes are required for storingsequences.

Clustered segment tables stores five values for a clustefint)D Loc(int), CluStr(char array),
CluLen(int), and CluLA(char array). Given a sequencel@f segments] 100 — 2¥ + 1 clusters are
populated. Henceg + 2% + 8) x 100 x n bytes are required for sequences i6'ST}, assuming that
CIuLA contains 8 characters. If we taReas the value o az K, then the total size of clustered segment
tables is as follows:

3
100 -7 x Y (16 +2%) = 7900 - n 1)
k=0
Based on the above observation, although the storage cptisanof CSI is aboutl.5 times larger
that that of segment table, it is still linear. It is also pbksto limit the storage consumption by setting
Max K with smaller value like 2. In that case, the storage consiampf CSl is abou8.2 times as large
as that of segment table.

7. Conclusion

Approximate searching on protein structures, rather thmaroino acid arrangements, are essential in
finding out distant homology. In this paper, we proposed @8kfficient indexing scheme for approxi-
mate searching on the secondary structure of protein segsefhe proposed indexing scheme exploits
the concept of clustering and lookahead to improve the telbyaf indexing attributes. Algorithms for
exact match, range match, and wildcard match queries wesoepabposed and evaluated. The experi-
mental results revealed that CSl is faster than MISS(2) Wp3dimes, 3.3 times, and 1.5 times in exact
match, range match, and wildcard match queries, resphbctive
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