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Abstract

The main problem of searching the Genome DNA sequences is the large size of sequences and the
very high and variant sequences lengths. There are different methods used to enhance sequence

searching like using database indexing methods instead of direct access to sequence files.

Our main idea is to provide a suitable access methodology, in time and space, to Genome DNA
sequences for searching and comparing while considering the size of the data and the index. The
Genome database searching system is needed to give facilities, compact data representation and
compression, accurate output, practical to use, and to minimize the number of I/O operations. I/O
operations mainly needed at last step to avoid false positives (the sequences that appear to be related
but are not related to the searched query). The number of candidate sequences, that need to be
checked by database I/O referencing, will be reduced by pruning so no need to search the whole

database.

In this thesis, we propose an approach to build a complete index structure that is suitable for large
database to do searching with efficient storage space and search time. We use a suitable
representation of Genome DNA sequences using n-gram Haar wavelet transformation, and integer
conversion for coefficients. A suitable index structure, which is build upon a modified BTree index,
is used to hold the integer representation after transformation. We also introduce enhancements that
can be followed to increase system efficiency by decreasing index storage size. Our structure is
called the Modified Wavelet Transformation and BTree (M-WTBT). The M-WTBT structure allows
tuning for a set of parameters so that the index structure is suitable to the available resources. An
implementation is done, using a dataset used previously by a set of researches, to approve features
and to show the advantages of the M-WTBT structure. Also, the M-WTBT shown to be effective

when compare with a set of previous researches.

Keyword: Sequence transformation, sequence compression, large database indexing, Haar Wavelet

Transformation, Genome DNA Sequence searching and indexing.
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Chapter 1

Introduction

Large size index structure stores parts of index data at the computer main memory and the rest is
stored at lower level storage devices like hard drive. With the high increase of RAM size at the last

years, large amount of information can be held at main memory than before.

Nowadays memory size, memory architectures and the distribution of memory over processor cores
[3] make a difference to index structures. The result of the new changes of memory structures

expected to hold larger index size and faster query answering than before.

Accessing information through index entries is managed by memory paging operation, all index
entries divided into an equal pages size and consecutive locations at main memory. Any I/O

operation will require loading the page in memory.

1.1 Genome DNA indexing

Bioinformatics data consists of a huge amount of information due to the large number of sequences
and the growing amount of Genome day by day, and this data need to be accessed efficiently for
many needs. Genome DNA sequence consists of a repeating combination of mainly four characters
(A, C, G, T) which are bases of DNA with different lengths. What makes one DNA data item

distinct from another is its DNA sequence.

Using a suitable representation of Genome DNA sequences and a suitable index structure, to hold
this representation at main memory for efficient processing, will reduce number of disk I/O accesses.
I/O operations needed at the end, to avoid false hits. We will reduce the number of candidate DNA
sequences that need to be checked by pruning, so no need to search the whole database like most

sequential scan methods such as BLAST [31].

Dealing with string of characters for large database is not easy in term of space and access time.
Genome databases, like NCBI, have a huge size because of the daily addition of new data. Other
large databases that include text and sequences are electronic books, search engines, and biological

data.




Most of the data processing on Genome database tries to find small size, efficient digit value that can
represents DNA sequences. The large number of I/0 operation, when accessing large size database,
is very costly in term of space and performance. Accessing the database need to be in minimum
amount and at last stage after filtrations to reduce the number of records to be accessed.
The Genome database searching methods are either sequence alignment or sequence indexing for
exact and not exact matching. Sequence alignment used to compare sequences to find the best
alignment, like FASTA®, and match identical subsequences as far as possible. Sequence alignment is
a trade-off between search accuracy and execution time and requires high complexity. Different

method of alignment uses different methodology, some are using scoring schema for alignment.

A general method used for reducing search cost is using index system to enhance query searching
and better retrieve of information. Indexing system aims to fetch a subset of sequences from the
database to reduce query computation cost. Genome DNA sequence index methods are based on two
bases, either character based or word based indexing. Examples of Genome indexing are hashing,

suffix tree [37] which is based on tree structure.

Some indexing methods based on not using the whole data, this means lose of information needed
for search process like suffix tree [37]. The main factors that affect indexing are: sequence length,

sequence domain, number of sequences, exact or similarity search is needed.

1.2 Proposed indexing structure overview

We aim, through this thesis, to have an efficient index structure for searching the Genome data with
a set of properties like: a compact data presentation, practical to use, and less 1/O operations to
reference original data. Our work has many application domains, like sequence/pattern matching,

RDMS indexing, and large scale DB clustering.

We consider the Genome DNA sequence as the key value for genome database. Transforming this
key to a digit is required, to increase efficiency by decreasing storage size and being suitable for
index structure. Wavelet Transformation technique [50] for Genome DNA sequences is a suitable

choice for our needs to perform transformation as it gives us the following advantages:

“BLAST home page, http://blast.ncbi.nlm.nih.gov/Blast.cgi.




Firstly, it saves sequence order while considering amount of overlapping carefully. Secondly, allows
transforming characters to digits depending on frequencies of characters which is a key property of
Genome DNA sequence. Thirdly, wavelet transformation referring the database one time only even

if we used different sliding window sizes.

Little amount of storage is needed after finding the first level wavelet coefficients [50]. The second
level, corresponding to second sliding window size, can be calculated depending on the first level

instead of referring the original sequence again.

Our approach uses substring searching for matching identical pattern using a sliding window. We
reduce candidate list of sequences needed to be checked after pruning. In other words, optimizing

the number of 1/O operations.

Relational database systems provide different type of indexing like BTree, RTree [24], and hashing.
We have started our evaluations, for storage space and search time efficiency, using a set of RDMS
indexing types to hold the Genome DNA sequence representation using the wavelet transformation.
Then we have used different index types with two situations to hold the sequence representation.

First situation is single field indexing and second one is multiple-field indexing.

The building of index structure must take into account the storage space, search time requirement
and the query properties. Our structure provides dynamic facilities due to the parameters that can be
optimized and refined according to the required needs. This flexibility allows index structure to fit at

different environments according to the available resources.

We introduce a new indexing structure; the Modified Wavelet Transformation and BTRee (M-
WTBT) that has some properties combined with other algorithms which are suitable for Genome
DNA sequence. The main objective of our work is to get advantage of the used technologies to build

index structure that can be loaded partially into main memory and defeat other index structure

methods efficiency.

The proposed index structure building process, the M-WTBT, can be divided into three parts mainly,
according to the techniques being used. The first process is data optimization using Haar wavelet
transformation and changing data domain from the character domain to an integer domain. During

transformation, which will output the final substring representation value (called the weighted
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1o save index storage space, an enhancement is introduced by storing Wsum difference instead of

the actual JWsum values. For a query searching, full alignment will be applied for searching. We
suggest two options for full alignment, either to use of the well known method (exact searching
methods) or using our method for exact full alignment. Qur method of full alignment is based on

comparing the Wsum value with the index data using the Wsum value and Wsum location or with the

Wsum value only.

In the last step, parameterization is available to be used. The M-WTBT structure can be adapted to
fit at the available resources according to implementation parameters (window size W,, Wsum range
parameters, searching query, and the modified BTree branching factor N and number of levels L).

Also partially loading of index is followed to minimize main memory requirements.

Our index structure had been implemented using Matlab for data transformation from character
domain to integer domain and using C++ programming language to build the index and do
searching. The main purpose of doing implementation is to show index structure performance by

comparing our results with precious works.

1.3 Thesis organization

The thesis report is organized in six chapters. Chapter 2 provides a review of previous approaches
and studies for indexing and searching Genome DNA sequence, studying of different index
structures used by relational database management systems (RDMS) for evaluations and increase

our understanding of the nature of sequences characters. Also transformation and compression had

been discussed and analyzed as a choice for enhancing index performance.

Chapter 3 shows the efficiency of using different relation database management system index types.
We have compared the use of transformation with two types of index structure, single-field and
multi-fields index structure under the RDMS environment, using for different index types.

Experiments results show the need to carefully consider index size and search time while using

indexing structure.




We proposed our index structure “M- ” s
SR CWIBT in more details at Chapter 4. An implementation and

set of experiments to ¢ :
p. ompare the total size with other methods for th
sequences is accomplished at Chapter5 - e e

Chapter 6 concludes the thesis wi ST
esis with a brief discussion of the achieved results and gives some outlook

for future work.




Chapter 2

Background and previouys work

This chapter provides general introduction and surveys previous work related to Genome

DNA sequence searching and indexing. The three main topics that are mostly related to

existing solutions are:

= Literature review of previous work and methodologies related to sequence searching and

indexing technologies for Genome DNA sequence.

= Data transformation used to preprocess sequences before building index. Main

transformation techniques that are applicable for Genome DNA sequences for indexing

systems are discussed.

= Full sequence alignment methods are introduced including Global and local alignments,

Dot matrix, and Dynamic programming,.

2.1 Genome DNA sequence searching and indexing

Genomes of different organisms are represented in long text, called sequence, of characters
formed from the four alphabet letters (A, C, G, T) of the DNA bases. The four characters of

Genome DNA sequences are adenine - A, cytosine - C, thymine - T, and guanidine — G.

Genome DNA sequences size measured in base pairs (bp), each pair occupies 1byte. The

main Genome database systems are:
= Nucleic Acid: ‘EMBL’", ‘DDJB’", ‘GenBANK*%.
" Protein: Swiss-Prot®, Protein Information Resources (PIR)**.

»  NCBI: The National Center for Biotechnology Information'”.

GenBank database has reached 85Gbp at 2008 ** and its size is doubling every 18 months, as

shown in Figure 2.1.

* www.ebi.ac.uk/embl/
" www.ddbj.nig.ac.jp
* www.ncbi.nlm.nih. gov/Genbank/
! http://www.uniprot.org/
hltp /Ipir.georgetown.edu/
http //www.ncbi.nlm.nih.gov/

*NCBIGenebank, http://www.ncbi.nlm.nih. gov/Genbank/S.
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ists of :
DNA- R totlong “chaing of nucleotides [78]. Nucleotides are molecules (an
electrically neutral group of at least two atoms held together by chemical bonds) that, when
joined together, make up the structural unjtg of RNA and DNA. The size of data in the Whole

Genome Shotgun (WGS) project is about 109 Gbp [40].The huge growth of sequence data
(Figure 2.1) in GenBank can not be avoided and challenging to manage.

The process of searching the Genome DNA sequences to find a match for a query sequence
can be seen as follow: given two Sequences S; of length |S)| and S, of length |S,|, check if

there is a full match or semi-match between S; and S;. Solving this issue require O(|:S;|.|S3|)

time complexity and O(|S;|+S;|) space complexity in simple matching algorithm.

For example: if S;= {GGCGTTAGAAGCGTTTCA}, and Ci= {A, C, G, T}, we want to do
searching for Q;= {AAGCGTTT}, and Q2= {GTTCGATG} over S; for full matching only.

Finding longest match require passing Q; over the total length of S; and each pass consider
one character from Q; for matching. So the big O notation will be O (S; + W), and the same is

true for the second query (Q,).

Database growth (as of June'2010)
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Figure 2.1: Exponential growth of genetic data due to next-generation sequencing technologies [13].

Different applications and search engines with a huge amount of data, like books, portal

systems, and genome sequences, must answer queries quickly in spite of the huge data

amount. Processing large size data, for different applications, must use indexing structure

nowadays to achieve a good performance.
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irect access to data ‘equi ;
D1 file requires /O operations to access the disk, which is slower than

essing in the mai :
acc g I memory. The total disk access time equals the “Seek time + rotational

delay”, where both are dynamic functions and take 3 long time. Different levels and types of

, accordi : X
memory, according to CPU design, are used In computer architecture which leads to a

tradeoff between the size and the performance as shown in Figure 2.2. The closer the memory
to the CPU, the less the size and the higher the bandwidth of data transfer.

Most of the data transferred between hierarchy layers, shown in Figure 2.2, is more than what

is actually needed, this is called pre-fetching. Pre-fetching is to load more data than needed

using the available free blocks at the layer.

The main objective of DBMS performance is to minimize the number of disk accesses (I/O
operations). Database indexing is an upper layer of the whole system structure; bellow is the
file layer and the disk layer. Each layer has its own manager to enhance the overall
performance. Each logical data item will have a representative which will be accessed instead

of the physical data stored at disk layer.

The main general idea of Genome DNA sequence searching has a long texts S; of length S},
i= {1..n}, consisting of a set of ordered characters from the alphabet C;. C; is a set containing x
distinct characters C;={cj, ¢, ...,c,}. We want to search for a pattern Q,, or a query, of length

|Qi| at the texts S;.

256 bytes CPU registers - 0.5 ns ~
CPU Control Unit ": words - 2/ 4 bytes

16 Kbytes L1 Cache Memory - 1 ns ,

Primary Cache Oontroller.k":i lines - 32 bytes
256 Kiytes Lil Cache Memory - 2.5 ns ‘

Secondary Cache Controller’  |ines - 32 bytes
512 Mbytes Main Memory - 10 ns _

Memory Management Unit , pages - 4 Kbytes
16 Mbyte Disk Cache - 10 ns _
Device Gontroller - blocks - 4 Kbytes

80 Gbytes DISR Storage - 10 ms g

Administrative staff | fi|as - Mbytes

20 Tbytes

emory Hierarchy at different layers [55].

Figure 2.2: M
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2.1.1 Sequence searching methods

uence searching fie
Seq g field has vast a large number of researches and extensively studied in last

rs. Concerning t
yea g the Genome DNA Sequences most works are based on transforming the
ce and buildi i
sequen building index structure on the transformed format. Efficient searching

technique need to work on efficient index structure, in term of space and time, to defeat other
methods for searching.

This section introduces different methods and structures of previous work related to data
searching and indexing. The main two approaches for DNA searching methods are sequential
scan and indexed based searching methodology. Full text based indexing and different
methods based on tree structure, like SST Bed-tree and DMP tree, have been discussed
through the following sections. The interesting point about most different Genome DNA

sequences searching methods is the availability of compressed versions of searching and

indexing techniques.

Finally, we briefly introduce main relational database management systems (RDMS) indexing
types, like bitmap and hashing, used by different commercial RDMS applications. More

details concerning RDMS are introduced in Chapter 3.

2.1.2 DNA sequence indexing
The search time for full matching will take O(|S|+|#|) complexity, for a two substrings S and
W, which is a long time. Other method (using indexing) takes approximately O(|S|+£) where

£ is the number of times pattern /¥ appear at text S (for example using hashing) which is less

than full matching.

Indexing methods

The use of indexing enhances searching capabilities and allows accessing information in
efficient way instead of retrieving original larger data using direct access. In most cases, the
index size typically is much smaller in size than the original data. But it depends on the used

method for indexing, for example the inverted file index size is larger than the data. Building

index structure on data stored at a database system can be categories into two methods, either
vector based indexing or distance based indexing.

" Vector based indexing [45]: before building the index, the original data is transformed to a

new format using transformation methods like Wavelet transformation and Burrows-
Wheeler Transformation. The index structure builds upon the new transformed data from
h is called a feature representation of original data. Picking

the original sequences, whic >




e distance functi :
th unction used reflect the real distance from the original data. Most distance

nctions used : :
fu : for vector based indexing are less than or equal the edit distance (discussed
later), in other words a lower bound to edit distance

= Distance based indexing [3, 51]: database items are put into categories; each category has

one 1tem representative. The representative is chosen by comparing items with each other

using a measurement method. For new query, distance will be measured according to

representatives, then it will be compared with each sequence belong to the picked
category.

The measurement used to calculate distance between sequences is mainly based on Edit

Distance (ED), bellow we will discuss ED in more details. Our work is based on vector based

indexing.

Genome DNA sequence index building

To build the index for Genome DNA sequence we have two ways, either Full-Text indexing

or Word-based indexing:

Full-Text indexing [79]: build index for the whole sequence, each location (or
character) at sequence corresponds to an appearance of at least one representation at

the index, like inverted files, and Bitmap indexing.

Word-based index [41]: sequence processed as a list of words (of length W), where

the location at the word of one character does not corresponds to any representation at

the index like Suffix tree, Suffix Array, and BTree.

Our index structure will follow Word-based method. Building indexing structure strategies
needs to consider the following important factors:

®* Filtration step: decreasing number of candidates will optimize the number of I/O

operations because of the large size of original data needed to be referenced which is not

loaded at memory.

" The effect of query length on searched text (Genome DNA sequence): The DNA query
length (related to the sliding window W, for word-based indexing) affects mainly the
relate : 5 <
1 g : Increase W, value will increase index size, Section
ind d the searching method.
ex size an 10




3.6. Searching th i i
g the database index using W, value for a query with length 2W,, can be done

in parallel by splitti :
P Y SPAUng query into two equal parts and do intersection between candidates.

If query length is 3%, and index is bujlg using different window sizes (W,, 2W,... nW,)

searching can be done more than one time using different W, values Wy and 2 W,).

Then intersecting between candidates wi]| be applicable to reduce I/O operations.

Bl stee st be small enough to fit in memory, or part of the index, if needed. The use

of compression on index data to decrease the size while not increasing calculation rapidly
which may slow down searching time.

Edit Distance

Edit Distance (ED) [73] is a standard distance method used to measure the similarity between
two compared items (for Genome, it is called sequences). The edit operations used for
measurements are inserting, deleting, and updating. Other types of distance measurements are
weighted edit distance, Jaccard Distance, Jaro-Winkler Distance, Hamming distance, and

TF/IDF Distance [73].

Edit distance measured by the number of operations needed to transform a sequence S to
become identical to sequence ¥ for any two sequences S, and W with lengths |S|, and |].
The main problem with ED is the high complexity, O(| S|-| W |). This complexity makes ED
not practical to be used with long sequences, and need to be optimized for different

applications. Bellow the detailed algorithm for ED:

Algorithm 2.1: The ED algorithm steps:

Input:

Two sequences (S and W) sequences, lengths are 'St and” | W

i . Misuw

Processing matrix : .
Output: number of inserting, deleting, and updating operations.
Process:

If LS=0 then return LQO.

If LO=0 then return LS. :

Construct comparison matrix O

Fill first row with W chars,

Tieep it = 1 o (S|

Teop j = 1 to [WI

: > W[Jj] as
Compar(eifS [sl[]j_]<= W[jj]) {cost = 0} else {cost = 1}

Now store value at matrix eell d[i;j] = MIN of{
Miis=1 5 1 OR
M[i,j—l] +1 OR
M[i—l,j—l]+cost

f size (|S| rows, |W| columns).
and first column with S chars.

}
Return distance at drlsl, Wl
11




The main application domain for ED is Spel] checkin
Recognition, DNA analysis, Plagiarism Detection, Fj

le Revision (track changes), and Remote

Screen Update (remote updates from more than one user)

t all i
Almost all works try to build a Jower bound (D) for the edit distance (ED). In general we can

say that for three strings S;,S5 and S3, if D(S],Sg) > D(S],Sj), then ED(S,,S;) > ED(S},S3) ) for

1 ce i
any distance measurement method D. This is the core principle that all distance methods are
based on.

2.1.3 Search query measurement

Searching methods for substrings at a Sequence can be divided into two groups; approximate
matching and exact matching. Approximate matching uses different algorithms and will lead

to different results of searching and requires further filtration. Exact matching will always get

one answer for the same keywords.

To find the similarity between any two sequences, there are two main methods according to

the measurement being used:

= Equality selection queries: measurement is based on equality operation, only record

with an exact specified value according to given value in the field is considered valid

and returned.

= Range selection queries: no exact matching is required and can be one of the following

two types:

1. K-nearest neighbors (KNN) queries: This method finds the k sequences that are

closest to the query sequence according to a specific distance function like Edit

Distance or any other distance functions.

2. Range queries: For a given range from a given distance value, find all the

sequences that are within this range, no matter of the numbers of returned

sequences.

The use of both methods, KNN and range queries, are related to similarity threshold value

specified according to user needs. For our work we do exact measurement not similarity

measurement so none of these methods will be used.

12




.;'-_‘ "*‘j“i 1\

2.1.4 Sequential scan methods:

ison. We will i ;
compar will introduce the main methods used for sequential scan of Genome DNA

sequences, which include Basic Local Alignment Search Tool (BLAST), Dynamic

in ir wi R s
programming, Pair wise Sequence Similarity, Binary masks, Multi-Resolution index Structure

(MRS), Random Access Blocked Inverted index (RABI), Self-index, and Scaling indexing.

Basic Local Alignment Search Tool (BLAST)

BLAST [31] technique used to find local similarity [22] between the query and the database

and not the global similarity (see Section 4.2.6.1 for more details about local and global

similarity). BLAST used heavily for biological homology searching on genomes and protein

sequences since 1990 [61].

BLAST technique requires a string matching tool that passes through two phases:

The first phase: search all database sequences for an exact matching according to a
fixed pre-specified matching length W, (3 for protein and 11 for DNA). Suppose the
exact matching is founded at the location i. The value of W, presents a tradeoff
between the sensitivity of the searching time and memory requirements. Increasing W,
value lead to increase memory requirements and decrease searching accuracy. While
decreasing W, value lead to more false negative candidates and more computations

which will slow down the system.

The second phase: using a threshold ¢, continue searching after the exact match at
both direction, left and right, for distance more than i and before i-w till threshold ¢ is
exceed. It stores pointer for location i 'to speedup first phase, so space needed is
more than the database size. Searching time is liner with respect to sequence length,

which makes this method not practical with large sequences length searching.

There are several different portals applications available online for sequence comparison

(BLAST, and FASTA*) that can be used with different scoring systems (PAM250 [74], and

BLOSUMSG2 [16]) and different databases (NCBI, SWISS-PROT, and GenPept).

ns like Nucleotide-nucleotide BLAST (blastn), Protein-protein
ecific Iterative BLAST (PSI-BLAST), Nucleotide 6-frame

BLAST has a set of variatio
BLAST (blastp), Position-Sp

: Al ta_list2.shtml, 2006.
"FASTA Sequence Comparison at the U. of Virginia, http:// fas‘a'b'OCh'V"gmla'edU/faSIa'wwwyfas i

13




translation-protein  (blastx), Nucleotige 6-frame translati
nslation-

nucleotide 6-frame translatiop (tblastn), Jarge T nucleotide (tblastx), Protein-
s query

Below is a little introduction about some of the BLAST variation [31, 61]
S

= Blastn: This program search for a DNA sequence

¢ , it returns the most similar
sequences to a given query.

Blastp: This is simi :
B program is similar to Blast, but it works for protein sequences instead of
DNA sequences.

PSI-BLAST: This program is used to find distant relatives of a protein. As it includes
related proteins in the search, PSI-BLAST is much more sensitive in picking up

distant evolutionary relationships than a standard protein-protein BLAST.

Tblastx: This program is the slowest of the BLAST family and its purpose is to find

very distant relationships between nucleotide sequences.

Megablast: It is used to compare large number of sequences; "megablast" is much

faster than running BLAST multiple times.

BLASTn and BLASTp are the most commonly used because they use direct comparisons, and

do not require translations.

Dynamic programming

Dynamic programming [30, 48] has time and space complexity of O(|S|-|W ) for two
strings S and W of lengths |S| and |]. And for database comparisons Dynamic programming
needs a matrix of size |S|x|/¥|. Hence for long sequence and large database this method will

not be practical in term of both space and time. Dynamic programming calculates the distance

between S and w using a heavy computation method; the edit distance.

Pair-wise sequence similarity _ 5=
To compare the similarity between two sequences, the naive method is to compare one
character from the first sequence with the corresponding character from the second sequence.

This process is repeated through the whole sequences length, where the number of possible

alignments is exponential in the length of the sequences. This method called pair wise

comparison [24, 45] with O(| S, || W |) space and time complexity, for two sequences S; and

W with length |S;| and | ] -

14




The comparison between the two characters can be measured by two methods. First method is
a match or not matches between the two compared characters between sequences. Second

method is a similarity score value from 0 to 1 shows percentage of matching using a similarity
matrix.

Other pair-wise alignment methods uses scoring functions where different scores can be

assigned to different alignments and some methods consider the gaps for scoring.

Binary masks

The use of » Binary masks [30], M}, M...M, of size m, to move through S of size n, by word
size W. The complexity of binary masks is O(umr/Wy). And for a large value of m, this

complexity will be very close to dynamic programming.

Dictionary based index

For a database of sequences S;, i=1,2,...,n, create an index structure of size »n corresponding
to database size using a predefined query lower bound length (L). All substrings of length L
mapped to integer using a hashing function. For queries larger than L, split the query into
sub-queries, then search each sub-query alone and combine the results. This method indexes
all possible strings of a pre-specified length L. This method is called dictionary based [30] and

referring to reference, its index size is larger than the database.

Multi-Resolution index Structure (MRS)
The Multi-Resolution index Structure (MRS) [31, 19] uses a sliding window of sizes ‘Wi,

Wy2.. Wy;i’. The window will slides ¢ times, which is the capacity of the box, as shown in

Figure 2.3.

MRS seeks the result set in different resolution levels. However, the authors of [31] only
focus on the cost of MRS, and do not evaluate the filtrations efficiency of their proposed
technique. This process is applied on all database sequences, starting from W,; till Wy;.
Figure 2.4 shows the final structure after applying W over all sequences using MRS method.

Each box at Figure 2.4, like T1, 1, is the output represented by Figure 2.3. After scanning all

sequences (sl till sd) and scanning using all window sizes (W1 till W), we get the resulted

displayed at Figure 2.4.
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Random Access Blocked Inverted index (RABI)

The use of inverted index for retrieval of fy]] text systems for full text retrieval systems
improve time and space for large scale data size.

The random access blocked inverted index (RABI) proposed to improve the retrieval
performance for the inverted index in large-scale full-text systems. The blocked inverted
index [76] consists of index file (distinct terms over all data) and a set of inverted lists

(posting files) with large-scale full-text system.

Sequence S1

Sliding c times

Sliding c times

[
Bounding Box Bounding Box
of capacity ¢ of capacity ¢

Figure 2.3: MRS internal nodes structure.

1 2 Sd
T1,1 T1,2 T14
e U T e EHEL e B

o1 Lo T2g4
EiElg = ] Oog - O

1 Tj.d
Wxij e
Figure 2.4: MRS index structure for d sequences and j window sizes.
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RABI method solves two problems: The high storage overhead and considering search query
structure with differentiation between short and long queries. This method follows blocked
inverted index with skipping approach and propose the random access blocked inverted index
(RABI) which enhance space and storage efficiency. This method divides index into blocks
and do compression to different parts of the block using encoding method. For compression it

uses Binary Interpolative Coding (BIC) method. Access is done at both levels block level and
inner block level.

Self-index

Self-index [28] is a highly compressed full-text index, uses delimiters and give an upper
bound, limited by a number of bits of permanent space in worst case, to build the index. Self-
index contains enough information to efficiently reproduce text substring after the
compression. Storage experiments compare the effects of using stuffing performance and it

examines three processes: the construction, the recover, and the retrieval.

Minute Space index (FM-index) is the first self-index developed to provide efficient storage
space as results shows, close to compression methods, and to provide search and text
recovering functionality with almost optimal time complexity. FM-index combines sequence
compression with indexing, not with original sequences, all process is done on the
compressed data. FM-index returns two values, the number and locations of occurrences of

query W at text S.

The main functionalities of FM-index based upon the relationship between Burrows-Wheeler
compression algorithm and the suffix array data structure as follow: start by process the input
text T[1,..,n] using Burrows-Wheeler Transform (BWT) to produce L (the permutations of 7),
Run Move-To-Front encoding (as is” each symbol in the data is replaced by its index in the

stack of “recently used symbols”. For example, long sequences of identical symbols are

replaced by as many zeroes, whereas when a symbol that has not been used in a long time

appears, it is replaced with a large number. Thus at the end the data is transformed into a

sequence of integers; if the data exhibits a lot of local correlations, then these integers tend to

be small.”) on L to produce L’ Then apply run-length encoding on L’ to produce L’’. Last

step is to apply variable-length prefix code. This work [28] shows the advantages of using

FM-index with the addition of adding delimiters. FM-index is a CPU intensive process; so the

use of parallel processing can enhance the performance.
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FM-index is a sort of com
pressed suffix array that takes advantage of the data compression

erties in orde inims
PLOR I to minimize Space close to the best. It is difficult to build the FM-index for

large text because of th .
. . ; : Slaree Mmemory requirement. To overcome this limitation, a large text
is split according to an overlapping,

Mathematical expression indexing

Handle mathematical structural text and mathematical operation [26] by indexing real-world
scientific documents containing mathematical notation based on full text searching. The
mathematical indexing address the following issues, extraction and storing of mathematical
notation, and ranking function for notations relevancy. This method differs from previous
methods for mathematical notations, it starts searching by exact matching. If the exact

matching for the notation is not successful, the searched query is generalized and search is

repeated again.

BNDM matching algorithm

BNDM [9, 16] is a matching algorithm by [18], used for exact string matching, it is an update
over the Backward Nondeterministic DAWG [23]. DAWG is a directed graph, uses the
smallest suffix pattern, and extremely fast word searches. The alignment process is done by
N-gram word size. This method has good performance for patterns of length range between 5
and 30. BNDM algorithm scan string from right to left for matching either a full matching of
the query string or no matching even for substring, of a predefined length . The matching is
done using a sliding window with amount of overlapping defined previously. Figure 2.5
shows an example for BNDM. Notice that after step 4 at Figure 2.5, it fails to recognize the

next character (A), so shift the window to the last location and start search again.

Query = [AACCAAC]
1. S=[ACCACAACCAAC]
2. S=[ACCACAACCAAC]
3. S=[ACCACAACCAAC]
4. S=[ACCACAACCAAC S=[ACCACAACCAAC]
: S=[ACCACAACCAAC]

FAIL after point ‘4’ : AACCAAC
Wx 10. SS[ACCACAACCAAC]
11. SS[ACCACAACCAAC]

ple for sequence S to search for Query [AACCAAC].

S=[ACCACAACCAAC]
S=[ACCACAACCAAC]
S=[ACCACAACCAAC]

0N oL

Figure 2.5: BNDM exam

Scaling indexing:

The scaling pattern [27] method based on enlarging or shrinking Wx value until an extent

match is founded. to build index using this pattern. Scaling indexing is almost the same as

) time for processing step and O(|W|+M+logm) time for query
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arching step where |S,|:
s s I51: length of sequence, |I¥]: the query W length, M: the locations query

W exists at in different 5
. fent sequences, m: length of ISi| under run-length representation [42] (see
Run length encoding Section 2.3.3 for more details)

2.1.5 Full text indexing

Full text searching using N-gram [21, 14}, of ;v characters, processed for searching starts with

2-gram index then supplement with higher N-gram index. Frequently used terms are selected

for incremental indexing. The incremental index has two main functional engines, the search

engine and the index creation engine.

For a long sequence, the number of "AND" operation is large which cause low performance
for searching. The incremental indexing solves this problem by carefully selecting search
terms using search intensive approach. Experimental results, done by [21] shows the
effectiveness of incremental index even for further added terms. This method builds the
incremental index upon subset of terms, not for all terms, to save space and provide efficiency
for most search terms. The Genome DNA sequence indexing requires the index to be ready

before searching, as the whole data is ready.

Programming kit
An ontology kit for full text searching [64] focuses on finding words related to a certain
concept (using relevancy ranking function) from a set of concepts. This kit consists of three

layers:

= TFull text layer for full text indexing (a Word-based index) and full text searching,

=  Ontology layer for concept definition and ontology maintenance, and

= User layer for the programming issues.

This kit made use of Apache Lucence and Jena development kits [http://lucene.apache.org/].
They work to get a relevancy ranking between documents that meet the query, which may be
met by large number of documents. This kit is a sample of development kits used for

evaluating index structure, this kit process depend on relevancy ranking rather than accurate

matching.

File signature otz
The text is divided into a set of logical blocks; each block contains a number of distinct words
which is called the signature. The number of distinct words determines signature width. The

19

4___-—




Worrls
VOTK

word yields the word si ees
Y. 1gnature which is g set of bits. The use of signature of files allows the

e of parallel hardw i
" . S arc_hltecmre [27, 67] for full text searching. This method control false
drops, uses a suitable hashing function with buffer, and it has a good storage overhead. The

allel process ca i i
par p : n .be applied for processing database documents and between documents
too. It provide an option for don’t care characters, if needed

The Genome database containing Genome DNA sequences of different lengths, while file
signature need database records to be of the same length [60] to have a good performance.
The signature width needs to be considered carefully as DNA sequence has variant lengths,

there is a maximum length and minimum length through the whole sequences.

If it is set to the maximum DNA sequence length, the index size will be very large and if set

to average sequence length, the false match candidates will increases.

A proper method for selecting the signature width is to divide the database into sub databases
with similar lengths. As we can see, file signature indexing method faces a serious problem
with large number of Genome DNA sequences and with large sequence lengths; it results in a

large index size.

2.1.6 Tree based indexing

Index structure can be developed depending on tree structure that can be used for index
entries or for the input data. If tree structure is used for holding index entries, Genome DNA
sequence will be transformed to new format mainly before filling the tree. For the second
case, when using tree structure to hold the actual Genome DNA sequences, tree size is huge
mostly and will need compression and efficient searching method. Through this section we

will discuss the following tree structures: Suffix array and suffix tree, Sequence Search Tree

(SST), Bed-tree, Cache-conscious SR+-tree (CSR+-tree) index, and DMP tree.

Suffix array and suffix tree

Building suffix array [62] requires O(n) time complexity and O(n) space complexity for

constant size text and the Suffix tree requires O(n-logn) time complexity and O(r) space

complexity. Suffix array and Suffix tree are suitable for pattern searching. A Compressed

Suffix Array [20] introduced that uses the output array of Burrows-Wheeler Transformation

(BWT) with complexity O(n(logs 1))- The main function of compressed Suffix Array

depends on developing a new algorithm using terminators. Notice that the complexity for
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mpressed suffix array i
comp ray is less than that for suffix array. (Conventional suffix tree and array
takes O(n-logn)).

array s . ?
Suffix array scans the database using a window (W, with overlapping amount A) and count

repetition of all possible k-tuples of width equal W,. It stores result at a vector of size o* (o

d to th B
s liedptabetehars A, C, G, T). Then it indexes those vectors in hierarchical binary
tree. To compare new query with those vectors, Suffix array uses ED distance method. Suffix

array is 25 to 50 times faster than BLAST. Disadvantage of Suffix array method is the

allowing of false drops and index size increase linearly with k value.

[72] Announces the suffix array which is an integer array to replace suffix tree, in 1990.

While from that time suffix array had been neglected because of the slow construction phase.

Suffix array consists of lexicographical sorted suffixes of input data and a list contains

starting location for each suffix. It takes O(n-logn) to construct the array which is not

efficient to replace suffix tree. Compressed version [71] of suffix array was used as a

proposed solution.

Any edit operation on input data leads to rebuild the suffix array again. The work of [71]
focus on solving this point, their algorithm is based on dynamic-Wheeler transformation
(DWT) algorithm. Suffix array require almost 10 bytes per input letter, this limitation prevent
suffix array from being used for the large size input data. New updated on suffix array

methods, like [33, 75, 71], introduced to save space by encoding redundant information using

compression.

After building the suffix array, the update operation is so much costly. Some algorithms like

Dynamic extended suffix arrays by [43] maintain the already built suffix array, for the input

sequence, to handle this issue by considering only the edit operations that are affecting the

input sequence.

Some methods. like the work of [40], try making enhancement for the Suffix tree constructing

method with data size larger than the available me

indexing, this type make index for all different substrin

mory. Suffix tree belong to full-text

g of the input sequence and produce

suffix tree with size larger than the input sequences SIA

like Genome databases, old methods performance for

As the size of input data increases, A .
building suffix tree decrease linearly with the linear increase in size. Two main problems
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facing efficient constructio
n of suffix tree: random traversal of the tree during construction

ssive ran : )
and ma dom access to Input strings which lead to high I/0 disk reference.

The increase in memory size i
Y Size 1n last years allows the building of suffix tree in better

formance. The w

et | ork of [40] announces a method to build suffix tree for input sequence
o t =

larger than memory size. Input Séquence and suffix tree both will be stored at disk but with

minimum I/O reference. This work builds the suffix tree for 12 GB of real DNA sequences in
26 h on a single machine with 2 GB of RAM.

The string Suffix Binary Search Tree (BST) construction algorithm is used for efficient
external-memory suffix tree construction for very large input data. The BST algorithm works
as follow: partitioning the input (using the ‘input data to memory size’ ratio) for building

suffix tree, sorting the suffixes in each partition pair, and efficiently merging the sorted

suffixes into a suffix tree. BST minimizes the random access to the input string.

Construction of a suffix BST for an n-long string can be achieved in O(# - &) time, where h is
the height of the tree. It performs sequential access on the suffix tree and input sequence

stored at storage device instead of random access.

Experiment result shows the good performance that BST algorithm has in building suffix tree
while the ‘input data to memory’ ratio increases. Figure 2.6 summarizes the two structures of

Suffix Tree and Suffix Array.

Sequence Search Tree (SST)
Using SST [17, 28], the sequence S will be divided into substrings according to window size

Wx using multiple offsets A.

Suffixes Sorted Suffixes Suffix Tree Suffix Array M
id id; id
$actaga
ACTAGAS$ 1 $
Afactag
CTAGAS 2 AS 16
TAGA§3 ACTAGAS2 1 614235 | ACTAGAS
AGAS 4 AGAS$3 4 ég:%igz
GAS$ S CTAGAS$4 2 Aiveon
AS$ 6 GAYSS 13 HEA
$7 TAGA$6 S ac

Figure 2.6: Suffix tree and Suffix array structure.

(tree, numbers from first left, array from second left)
v)

Typical W, values are less than 000 and 5<A< W /2. Each substring results from using Wy is
x va
mapped into a vector of dimension 4*, k represent the frequency Dl e ool Laples
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he I’th entry in the vector
(T Y/ or 1s the number of occurrences of tuple I in that window, windows=
W, tuple =x). ’

ST in general, searche
S g > s the Genome database of sequences for near-exact matches. It scans

e database accordin . :
i gils oW sizo Wy and map results to a vector, then hierarchical

clusters built using k-means algorithm. For any new query need to be searched against the

database, the cluster mean is compared and neglect clusters that are far away from the new

query according. It is searching for nearest-neighbor windows in the database and can be used
as a filtration process.

Some disadvantages of SST are the complexity of calculations, false clustering, and time

complexity is proportional to database size.

Bed-tree

String search for similarity (not an exact match) can be divided into two types, search based
on measurement like edit distance based search and search based on tokens. Distance based
search, where comparison between strings depends on number of delete, insert, and updates
operations, converts one string to be identical to the second string. And search based on

tokens, like n-gram search based, compares two strings, substrings, or words, of a predefined

width (W) with each other.

The Bed-tree [78] index structure is a B+Tree based index structure for string similarity
search (using range queries) using the edit distance measurement, and normalized edit

distance methods for similarity search queries. The main use of Bed-tree is by select and

joins queries, Bed-tree works on data transformed from string domain to a new domain to

support the select and join query types.

Transformation of data for Bed-tree methods are string prefixes, n-gram counts, and string

locations and it must serve three properties, string order, comparability, and lower bounding.
Cache-conscious SR+-tree (CSR+-tree) index

mory size within an acceptable cost allow.
s not applicable in previous time. Many index structures like

: 3 . s data with larger size to be
The increase in main me

loaded at main memory which wa
SS-tree [7], and SR-tree [47] was large en

factor that has big effect on index structures,
ations. Miss operation cause

ough to not fit at main memory. Memory cache is a
cache memory levels L, and L3 size and

s a main memory reference which is
topologies affect miss Oper

slower than cache.
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The cache-conscious SR+-
tree (CSR+-tree) [77] index structure is used for height-

dimensional similarity searc ; :
Y h, where index is loaded at main memory. The distance schema

sed does not require S :
¥ . seeomp Iessing index items. This method eliminates the need for

compression before i :
decomp : computing distance function on original data with the query in case
input data is very large.

SR+-tree i : :
" B o the quantized (taking a seemingly infinite range of possible values

and dividing it into specific steps) bounding spheres (QBSs) that approximate the bounding
spheres (BSs) which are the data points and the minimal bounding around points. The QBS is
an enhancement over the quantized bounding rectangle (QBR). They apply dimensionality

reduction to the input data first, and then build an index structure over the reduced data set.

Dynamic m-way prefix tree (DMP)

DMP [46] tree is a general matching and prefix matching (Example: SA = {"ab", "abd",
"abdf", "abz"} P = "abd") method. DMP functions upon the assumption that all strings consist
from the alphabet ), with different lengths, and some of the strings are prefix of other strings.
DMP-tree become BTree if no prefixing is exists between strings. DMP tree does not allow
substring to be in a higher level than another substring in case it is a prefix of it. This requires
a special procedure for node splitting. A word splitting is the difference between DMP-tree

and BTree and makes BTree a special case of DMP-tree, where both built bottom up.

Main applications of DMP-tree are Routing, online dictionary, spell checking, general pattern

matching, and telephone directory lookups data.

DMP tree first step is string sorting, where other method does not provide easily and efficient
sorting when strings are of different lengths.

Experiment result show that the average height of DMP-tree is O (Log, N ), Logarithm of

base M, for large N and big branching factor M in the internal nodes, this means that its

performance is close to BTree. Search time for BTree is Logy N where N: number of

Slements and m: branching factor while the initial DMP tree will have the

height (max imum string length —min imum String length)
fagis M-1

DMP tree is efficient memory usage and good performance with large scale data set and

aimed to solve two problems: providing better sear

olving the bad effects of the up

ch time than the binary tree (worst case for

date operations on the index structure.
search is O (W), and s
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lous work
2.1.7 RDMS indexing

RDMS indexing systems is a too] of selecting datq f; h
rom the re

. ] . 1 t .
(index) and direct access Input/output operations. Indexi g e eing a ley
s g sup

and composite (multiple variables) indexing systems The Bi il el venah)
- 1he Bitm

1 4 y ap indexing, Encoded Bit
indexing, and Hashing will be discusseq during this sectj ( : e, - o
10n

; 3 refer to Section 3.3 for more
of RDMS index t :
details X types). See appendix C for detailed list of different index types used

by main RDMS like MSSQL server, MySQL, and Oracle

Bitmap index

Bitmap index consists of distinct values divided into a set of vectors and used mainly for
query optimization. The distinct values at the data determine the number of bitmap vectors.
For indexing, each distinct value will need a bitmap vector [52], a bitmap vector will contains
the value 1 for a relation row if match is found; other wise 0 will be the value. The size of
bitmap index depends on the data cardinality; increasing cardinality will increase bitmap

index size.

For a large cardinality, main memory will not be able to hold the whole bitmap index size.
Different methods for updating index structure to do bitmap compression proposed to solve
the increase of index size issue. First method: Binning [34] or bit slicing is used to update the
bitmap index structure. Binning principle based on using values ranges instead of explicit
values, so the relation row will belong to a range of value rather than having explicit value.

Second method: Bit slicing use a mapping table and ordered bit values for encoding, 3 bit
encoding provide 2° =8 distinct relation field values like the encoded bitmap index, which

will be discussed later.
Figure 2.7 shows an example of using bitmap index for the ‘Dept’ field which consists of five
1. 2.3, 4, 5}. As figure shows at right side, index size equal to

distinct values (d) which are { : ek o
with number of columns (d) multiplied of cell size (which is 1

number of rows () multiplied

byte)=r-d-1.

Encoding Bitmap

If Bitmap index applied for big range cardina
] be a
g shows an example of encoded Bitmap index, as

lity field, it will need bitmap vectors equal to the

i decrease this number,
number of field distinct values which Wil large number. To decre

) _ Figure 2.
Encoded bitmap [42] can be used. F1g i 90008 it  lation to the base *2° as

. ec
We can see the number of Bitmap vectors d
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Mapping table size

The mapping table consists of two columns ‘A’, and ‘B’ Col A
5 : umn ‘A’ represents the target

> contains the disti i
nct Bitmap vectors, In general, we can say that bitmap index

an be used with database i :
© se if the update Operation done rarely or at schedule time. In other

and column ‘B

rd update, insert, an. :
word up d delete operation done at a time where no reading is ed (1
DML operations). g 1s required (low

Hashing

The main idea of hashing [5] is to build a table using a certain hashing function (h(key) =
value). For example h(AACG) = {2,1,1,0}, the hashing function is the frequency for the DNA
characters {A,C,G,T}. Hashing table allow the direct access of data, it needs one 1/O

operation to access data item.

EMP ID | Name Dept 112131415
1001 AAAAA 1 11olololo
1002 BBBBB 2 oTo 1 Tolo
1003 CCCCC 3 0(0|1]01]0
1004 DDDDD 4 110(0]|0]|0
1005 FFFFF 5 0/1]0]0]0
1006 WWWWW 6 0/10|0]0]1
Figure 2.7: Bitmap index build on Dept field.
T A B, B By
A By B 4 = g o] [9]
g 0 0 Mappin 2 0 0 1 ianping
5 3 1 ppIng Table
Table c 0 1 0 00
c L 0 a | 000
a| 00 b 0 0 1 b T
b 0 1 00
b| 01 a 0 0 0 310
a 0 0 3 c 10
3 }1 : : : : d | olt
; e 1) Ll
T N 1 1 e 1
e field "A"".

Figure 2.8: Encoded Bitmap index on th

Figure 2.9 shows the general idea behind hashing that ends up by storing data at block i,

Where i range from 0 to 7.
Flgure 2.9 part (b) shows another approach for storing data item, instead of storing data item
pointer which has the re

ference to the data item.

direcﬂy we store another key like a
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0 | aataitem 1 m
— ] 1 | Key
1 |dataitem 2 ll(kev) < - e =
B i 2 Key 3 Data 2
ke W) = 2 | data item 3 location Block
Jocationt Block
n | key n
n | data item n Blocks
Blocks / Buckets Data I
ata
(@) (b)

Figure 2.9: Hashing data items to data blocks.

Hashing function

The main purpose for the hashing function is to store data item at distinct and uniformly
distributed location by an easy calculation. The general idea is that we have the data item ‘x’
that will be stored at block h(x). One simple hashing function is the ‘mod’ over number of
blocks. If the hashing function sends too much data item to the same block this will result in
overflow, as storage space will not be enough as capacity is exceeded. We will need a backup

storage space for overflow called overflow blocks, as shown in Figure 2.10.

The best choice for the hashing function is a random selection from a list of functions, this
option make the hashing structure to behave well regardless of the value of the keys. Bellow

are relatively simple hash functions that can be used:
* Division-remainder method.

*  Folding method.

= Radix transformation method: changing the number base for digital values (decimal

numbered could be transformed into a hexadecimal numbered).

" Digit rearrangement method.

Collision e
put data item at the same location, which is

isi ction h(key) 3
| noprdegha oo ethods to solve collision, called collision

i m
occupied by another item. There are different =
new item. The aim 1s t0

ata record is already 0

find a free location in the hash table
resolution, during the addition of

ccupied. Collision resolution

In case that home location for the d
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Jocation must be found, and so on

Hashing table

linear hashing, extendable hashing, and buffering

The work of [35] "Fast exact string matching algorithms" is a string matching using hashi

of n-gram string (word of length equal to ). They make adaptation to f65] miist::dlr;i
multiple string matching algorithms, a single string matching algorithm is used. ;‘his method
is efficient with short word length from a small size alphabets comparing to the well known

fast algorithms.

data item 200

data item 100 data item 301
l%dﬂm item 302

data item 300

data itém 390

data itemn n
Blocks / Buckets

Figure 2.10: Overflow blocks for Hashing method.

Introduction to Tree structure
nk between vertices represents a path that is

Tree is an undirected linked vertices where the li
at the top of the tree, for a set of nodes or

not a cycle. Tree structure has one root, the node
e number of links for each vertex.

items belong to the same root. Tree degree refers to th
Tree structure used by computer processing has a directed links. Tree can be classified in

different types [11]: :
= Undirected tree: 10 specific direction between nodes like forward or backward.

a degree 2.

= [rreducible tree: a tre€ where no ;/ertex has
2




te :
from the root node. d to one vertex (the root) or directed out

Rooted tree: if al] v
i e.rtexes are connected a one starting node (called the root
Ir
s, - t Thectlcm from vertexes and the root is either toward or away
€ root. Thi :
15 type has spatia] properties which is the ordering of

neighbor nodes
g for each vertex. A tree without g root is called a free tree.

n-ary tree: nr A
? efer to the number of children for each vertex, binary tree is an 2-
ary tree.

2.2 Sequence transformation

This section will introduce main transformation methods that are applicable to be used with

Genome DNA sequences. We will introduce Burrows-Wheeler Transform (BWT), Wavelet
Transformation (WT) [30].

Suppose the input data is S;, i=/..n, and let S; domain be 3. Sometimes it is hard to manage
the input data directly, instead changing data domain may solve the problem. The aim of

sequence transformation is to move the data items from domain to another domain.

Input data properties, like length, size, and storage method, may be chancged during
transformation. Another aim of using transformation is data compression, spceillay if the new

domain storage requirement is less than the original domain.

Data transformation is needed, mostly as a prerequest of another step of processing, to make

processing more efficient which is the purpose of domain changing.
The extrem size of Genome databases make searching on database directly very complex and

inefficient, as a result sequence transformation is needed. Transformation methods is used to

reduce the time and the space needed for managing original data.

Transformation is used as a prior step before the compression algorithm, whe.re mstead- of
applying compression on the actual data, transformation improves compression by doing

rmation method can be us

plied. Choosing the type of tra
a, which the transformation will be applied on. For

d according to the desired
feature extraction. The transfo % L
ns

compression algorithm that will be ap
telated to the type and the size of the dat

i S described
our work, we have used WT on the Genorme DNA sequences and not using BWT a
s a

In next section.
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2.2.1 Burrows-Wheeler Transforp, (BWT
)

For an input string S;= IS S5r
\Y%3 Bwt* build a]] cyclic permutations for Si by cyclic

Pel‘mutatlon
does not change the order of items and each

time one character from the end
moved to first |
ocation.

For example for S; = {ATG4
C4} the cyclic Permutations are: arcaca, aarca
C, CAATGA,

ACAATG, GACAAT, TGACAA.

BWT output is the last charact
er of each Permutation after ordering. There is n dt
o need to store

all cyclic permutations
yeleip for the original string S, a pointer or index for th
, ex for the start location is

enough.

For the previous example, after ordering:

AATGAC--> {0} CAATGA-> (3}
ACAATG->{1} GACAAT-> {4}
ATGACA -> {2} TGACAA->{5}

Output of BWT for S; = {C, G, A, A, T, A}, note that first column from left is the string S;
after ordering {AAACGT}.

Figure 2.11 is another example for BWT for input sequence { ACAACGT}.

A third example for the input sequence “AGTACA”. where right rectangle shows the output

at Figure 2.11.

TACAACG
AACGTAC

ACAACGT

GCTAAAC
ACAACTT. | ACGTACA

Input Data CAACGTA Output
CGTACAA

| GTACAAC |

Figure 2.11: BWT applied on the sequence "ACAACGT".

wiools.polsl. pl/B Wtrs/RepeatSearcher
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Figure 2.12:

BWT applied on substring "aGTACA",
Reconstruction of S; after BWT

ansformation is T Gt
BWI & reversible; the original order of the data elements can be restored with

f original items. Gi
no loss of orig ms. Given BWT(w) for w and an index i, it is possible to recover the

original word w.

The following figure shows an example of reversing BWT for the previous example at Figure

Pl

TACAACG TACAACG TACAACG TACAACG CAACG
AACGTAC AACGTAC AACGTAC AACGTAC ARSGTAC
ACAACGT ACAACGT ACAACGT ACAACGT ACAACST
ACGTACA ACGTACA ACGTACA TA ACGTACA
CAACGTA CAACGTA CAACGTA CAACSTA CAACGTA
CGTACAA CGTACAA CGTACAA CGTACAA CGTACAA
GTACAAC GTACAA® GTACAAC GTACAAC GTACAAC

Figure 2.13: BWT reversible on the sequence "ACAACG".

TACAACG

CGTACAA
GTACAAC

The use of BWT with Genome DNA sequence searching suffers from the following obstacles:

= [t is not easy to do sorting for sequence permutations; we have small set of alphabet, a

Figure 2.14 show a comparison of different inde

artay, and Hashing) [4]. K-mer 1

the number of occurrence of each K sub

repeated sequences, and different window lengths W..

Sorting with BWT will take a long time specially when W, is a large value, sorting

algorithm performance is close to O (|Sil).

BWT is a good compression

requires at most 47 bytes [53] of working s

Recently several new, even more efficient algorit

space required for the construction of the BWT.

Repeated substrings at the orig

which is not needed for further indexin

s a substring of len

string length.
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method, but it requires a large size of memory. BWT
pace for the sorted substrings (suffix array).

hms were developed that reduce the

inal string will be considered as a new item by BWT,

g and will increase storage space.

x structure Sizes (BWT, Suffix tree, Suffix
gth k characters and the hash table stores




li\i, DI ,V“ ;.'k"uﬁ \"\K)I.l\.

Inde
BWT X Suffix Tree Suffi
8 Uthix Array k-mer Hash Tables
A . —=
: .._‘_.,1-;,,w.c:nsie:m.nml ,:m [ 6| % E_d, AL
x Q [o] 5 | AS B
[ SRR Bles B
T O E E e 8 s L' | ANANAS :
§ -._-.._‘“..fnczuc:zzs.Tc:m.mm S/Q‘Nks El [ 0 | BANANAS &—>_> UL
LS St 4| NA (Ot [wi=zo}
1.1 gigabytes. ¢ B = NNSMS :_» NLL
(2.2 incl. mirror index) Sarti T -
g gab}'tes >12 gigabytes >12 gigabytes

i 2.14: Compari i i
Figure parison of index size for BWT, Suffix tree, Suffix array, and k-mer Hash table [4].

2.2.2 Haar Wavelet Transformation [30]

Lot set of characters, of length |S], from the domain D = {¢,, c,,...,ca} which is a set of o

characters (& = 4 for DNA sequences). Let Oci be the number of occurrences of character ci
at any sequence built from the domain D, then the character frequency vector (FV) for S is

FV(S) ={Oc1, Oc, ...,Ocq}. Number of elements at FV equals the number of elements of D(a):

W = (i)
i=l

If we want to compare any two different sequences, like S and W, from the same domain and
the same length without considering the character order, FV is a good and easy tool for this
need. But if we need to do comparison and save order of character, FV will only give a good

indication, not an accurate answer.

To save order for characters, Haar wavelet transformation [30] (WT) can be used. WT can be

constructed at different levels {1, 2... k} and consists of two coefficients {A, B}, the

frequency coefficient "A" and difference coefficient "B", to provide a representation for the

input data.

The coefficient A equal FV for the sequence S, where coefficient B is the frequency

difference of FV for two parts, each part is half of sequen
V for S and B is the difference between FV(S;) and FV(S2). B

ce S. let S be divided into S; and S>

where S=S,US,. Then 4 is the F

coefficient saves character order.

The main properties of WT are:
lute. There are some cases where
i - out text but not abso
"  Saving characters order for the 1np

t saved as will be shown bellow.

character order is no
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s Can be used with different lengths Sernoiall

Let v be the WT coefficients (A, B):

o = R, (@2)]

where
OERE=0

RIS bior 1 ety wboin it e ot o, 2.3)
LAk—l,zi — A 2in 0<k<log,n,
filey = k=0

o1, = R R e 2.4)
Aot Aipin 0<k<log,n,

Example of the construction of wavelet coefficients:

Let a sequence S ={AATGATAC}, divide S into 5| & s, and calculate the two coefficients:
S=AATG + ATAC =5l + 52

FV(sl)=[2, 0, 1, 1], and FV(s2) = [2, 1, 0, 1], then

A(S)= FV(s1)+FV(s2) = [4, 1, 1, 2] and B(8)= FV(s1)-FV(s2) = [0, 1.1, 0]

And WT={(4 11 2),(0-110)}

Another example to show the not absolute saving of order using WT:

Let S={AATG ATAG}, then FV(s1)=(2011), FV(s2)=(2011), and WT={(4 022), (000 0);

For S=(GTAA TAGA), then FV(51)=(201 1)5 FV(s2)=(201 1), and WT={(4022), (0000)}

lue.
For two different S values we get the same WT output va

23 H iciency
ardware storage eff to enhance the overall system performance,

L ean i vide hardware issues needs into two

: Pl €

®Specially when the data size 1S huge.

e ex

: TN t
Using the correct hardware structure 15 importan

tructure.
ternal hardware s
CategorieS, the internal hardware structure and th
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according the system needs.

structure is how i
External these nodes (like Servers) will be connected together. F 1
g . . er. For example
the uses of storage architecture like SAN and NAS, running more than one server together

(clustered servers) for the database System to manage the data and the indexing. Storage

internal specification need to be considered carefully, like internal switches type and speed

links type and speed, cache size, storage size ang speed of the backend storage devices (for
example fiber of SAS hard drives).

Another factor to worry about is the database management utilities which are related to the

hardware specification like: logical page size, buffers, Joins, LOG archiving, and the effective
use of database distribution. Our index structure gives user a flexibility to change parameters

according to the available resources, see Chapter 6 for more details.

2.4 Full sequence alignment

Sequence alignment [48] used for comparison purposes. It is used to mark pattern of
difference, finding common substrings, check if the sequences evolved from the same source

sequence, and find the similar sequences from the database to the query sequence we have.

Given two sequences S;=(c/1]c[2]...c[L1]) and So= (x[1]x[2]...x[L2]), where c[i] and x[j] for
i=1.LI and j=1..L2 is a character. The alignment of the two sequences refers to assign gaps

to positions at index 7 in S; and at j in S, so as to map up each character in one sequence with

either a gap or a character in the other sequence. Thus, there can be many possible alignments
between the two sequences.

For example, given the following two sequences:

81 : GCGCATGGATTGAGCGA and

$:: TGCGCCATTGATGACCA

One possible alignment is:

“0CGC-ATGGATTGAGCGA

I6CGCCATTGAT-GACCA

i P
An example of sequence alignment using GA ”




2.4.1 Main DNA sequence alignment methods

There are mainly three types of sequence alignment: Global alignment, Local alignment, and
multiple sequence alignment. Some types of sequence alignment based on scoring schema,
the score is based on the goodness of alignment according to a specified criteria. Through this
section we will discuses the following alignment methods: Global and Local alignment, Dot-

matrix alignment, alignment using Dynamic programming.

Global and local alignments .
Global alignment: given two sequences from the same domain, like DNA sequences from

the alphabet {A, C, G, T}, find the similarity between the two sequences through the entire
length of both sequences. For example Needelman-Wunsch [57] algorithm is a global
alignment method. The following is a simple example of global alignment method:

ACGRGRGRACAACAGTTGAGGTCA

) ol
GCAAGTARTTGCACTAACAGGTCA

Global alignment is suitable to use when two sequence have the same length, and have a

degree of similarity.

Local alignment: Given two sequences, find the substrings that match well. This method not

, e h.
force matching through the whole sequence length, substring matching 15 EnonE

The following is a simple example of local alignment method:

ACG&RGRACAACAGTTGTA|G|GTICIA[

GCAAGGRGCAACAATAACAGGTCA

: : 1
For €xample Smith-Waterman algorithm ol e e

alignment method used for optimal

loca] alignment with the highest accuracy-

395
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Local alignment is used with sequences of g
ifferent le
n

similarity.

Dot-matrix methods’

another sequence is at the horizontal axis

Dynamic programming
For a two sequenc
. 'q es.S 1, and S of lengths L;, and I, respectively, dynamic programming will
build a scoring matrix SM(i,j) by aligning S; and S,. Where i  {1.. L;} and j e {1 Lf
i . Lifandj e{l.Ly}. We

will have three cases when doing aligning of S; and S, as follows:

Figure 2.20 shows an example of Dot-matrix method:

5} AR s | i T R i
Bk *
A * -
S *
E *
B *
A * *
IL * | *
L * | %

Figure 2.15: An example of Dot-matrix method*.

1. Matching a character from S; with a character from Sz

SM(ij) = SM(i-1,j-1)+ Match(S; [il, Sz [D)---eeeeeeeeeo
Where,

Match(S; [i], S [j]) = x if St [i]= 52 [i]. e
2. Matching a gap from S; to 52

SM(1,j) = SM(i-1,j)- penality......oooo=eo
3. Matching a gap from Sz t0 S1-

SM(i,j) = SM(i,j-1)- penality: -+

Ise Match(S; [i], S1 [D=-y-

Q2.7

pcople/paah/DBT09/O7-text-indexing.pdf, Spring 2009.
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Now we have the following matriceg SM(i-1

. s ,j_l : S o |
optimal SM(i,)) as follow: 4o e L
oM(ij) = max of: 1. SM(i-1-1)+ Match(s1j] S2[j])
e SRR e 2
2, SM(i-1,j)- ERS (2.9 ¢
3. SM(i,j-1)- B (2.10)
Where g is the gap penalty.

So if we want to find SM(L, L) we need to calculate SM(i,j) over all 1<i< L; and 1<j< L.

This means we will need a matrix of sjze L, - L, to find the optimal alignment
ent.

2.5 Summary

The large size databases require a large number of 1/0 references, which need to be
minimized using indexing. The increase in memory size nowadays and dropping in cost allow
larger index to be loaded into the memory. Sequential scan through the whole sequences, like

BLAST and dynamic programming, needs a large storage space, very high memory

consumption, and slow search time.

Building index structure, using vector based indexing, and not using distance based indexing,
insure that exact matching will be used for searching. There are two ways for building the
index for Genome DNA sequence, either Full-Text indexing or Word-based indexing; our

index structure will follow Word-based method.

For the search query, we will use equality selection queries using exact measurement, range

selection queries can be used also if similarity search is needed for any purpose. Full text

indexing is suitable for similarity search mainly; if it is applied for exact matching it will

require extra calculations like file signature indexing. System requirements always changed,

so static index structure may face some obstacles; we need to think for future upgrade.

Loading the whole structure for processing is hard and very costly process, so we need partial

loading to be applicable according to a predefined criterion.

struction step and massive I/O

ing con
Tree b indexi from the heavy work during ¢
ased indexing suffer s a limitation on W values and

. d SST, ha
refere es, like suffix tree an :
nces. Also Tree structur cture that is suitable for Genome

: i tree stru
search time is proportional to input data Stze- The

DNA sequence indexing is BTree- -
input data must pass thoug
Generally speaking, if exact matching s needed, the whole 1npu
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o mail problem of searching the D
Th e vl NA sequences is the large size of
arid . We need g0l se i
\ to have a suitaple index fi i & hehichand
or searching DNA
sequences

gently, with suitable index si .
eff o ze and searching time, The
o index 15 DULLC OF, has a big effect on the indey g number and type of relation fields
ze and search tim :
£

This chapter discusses the efficienc _ .

gpes and ihetectos thatare need tz :::j;n.gddlfferem relation database management system ind
g e oenent uses the n-gram w Sidered when constructing index structure for lar i
B e RDMS envi avelet transformation upon one field and multi-fi ge‘scale
struc nvironment. Results show the need to Sdg 1; 1- 1eIZs index
ze and search

ime carefully.

This chapter includes t '
p : s the following parts: Data samples and methodology followed
sequences for th i - ollowed to t
q e experiments, algorithm followed to do the experiments, introd g
indexing types used : , introduction about
g yp by RDMS, experiment results and discussion, last part is spa d
: ce and time

complexity and conclusions.

31 Data and methodology
The data i i i i
used in our experiments is shown in Table 3.1, we have selected different types (Species

kingdom) i i i
gdom) including Archaea, Eukaryotic, and Bacteria. The sample file contains DNA sequences

only and is of different sizes as show in Table 3.1.

Table 3.1: Data samples used by experiments

ksiﬁzzlsé‘ Accretion No. Seq. length Size
Archaea NC_010315.fasta 1,051 2KB
NC_008318.fasta f1E5), 7617 16KB
EU881703.1.fasta 28,643 29KB

NC 006389.fasta 38,1927 34KB

33,446 34KB

AY596291.1.fasta

NC_013966.fasta 63,034 630KB
NC 011766.fasta 1,365,223 1353KB
NS 000190.fasta 2082/ 083  2000KB

Eukaryotic AP009202.1.fasta 16,240 17KB
NC 009684.fasta 16,604 17KB
NC_010093.fasta 153,819 153KB

NC_013009.fasta 879,977 872KB

Bacteria NC 011841.fasta 30, 652 31KB
NC 009471 fasta 37,155 37KB
NC_013210.fasta 191,799 190KB

74,161 371KB

NC_009926.fasta e

NC_013009.fasta 879,977
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344 Desion

oach start by converting D :
our 8PP~ & DNA sequence into eight columns vectors corr ding to th
esponding to the

elet transformation factors;
o wav > A and B. Calculation like data center, four k-means, four

size v with fixed size of eight- )
yectors of f eight-columns nstead of a sequence of size n which is variable

'« less in storage size. Thi .
and long 15 les & This transformation has been used for computing second coefficient

tion with six diff i
savelet transforma erent windows W, of sizes 8
| : x , 16, 32, 64, 128, and 256 chars
- Figure 3.1 shows the conversion steps.

inux Apache
LrTYu;QLpPHP Haar WT /  Read
(LAMP) e Using MATLAP /f
Application
| Export: [0 DNﬁszggir’\ces

D‘ CSV Format
‘ RDMSL MYSQL ¢ ‘
Procepsing /;utpu/
e

Process
Haar WT / WT process Complete

Using MATLAP
Search
x
| T

Output
iR [ Feedback fStart: User
] interface

* Figure 3.1: General schema chart shows transformation, puilding index structure, preprocessing new query, and
comparison

* After transformation we build an index which will be used for searching. Transforming data

sequences to numerical representation (NR) will be accomplished.

The aim of using different window sizes Wx is to have different resolution levels of representation

nt window sizes, to find the values of the window sizes

i size where space and search
Where index structure remain stable, in other word we need the window p

ofa sequence; we aim, through using differe

' i i finding the first
time is optimal. We assume the windows sizes W, to be 2x. By this assumption after g

anning the databas
r i>1 depending

e by window W,;, we can find the wavelet

Order g
avelet n by sc .
transformation 5Y on previous window value (Wx1) and no

ansformation for window values W fo

ng i
®d to scan the database again.
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: BRI diierent tvpes of w1 -

e 3: bva : BLYDES of inday i 3

[ (hnp[vli,,.. { “\!f]‘k,[ usino R WA
-"" = el Y1)

1w RDMS indexing evaluation algorithm;

t: i
Inpubase of n sequences, 0 is a large valye,

Da(:la1 sequence will be donated by S;, i e [1

preprocesSing’ :

¢ have dxffer]:rét. \letndow S];l)zesf( W x=1, ...6
orm each Si into number format usin :

mn;f)rmation e be calculated fgro\ivrla:’;il(zltsTransformatlon (WT), Haar wavelet

( ALBI A2,B2) > (A1+A2,A1-A2) :

mitialize 1=0

Br each W, value from (W, min, ...,
glide window Wx over Si
Calculate Wavelet Transformation
W, = Wy’ +1 and i++

output: set of subsequences &8.5) , j.e[1

> ++» ] with length 1,;,

/8 max) {

rer M],m=Li/ W,, for each Si

output: two values

1. Transformed subsequence

9. Sequence pointer

Loop through all sequences (i) {

For each pair value of (A,B) for a sequence(i)

Remove duplicated (A,B) values

|}

Store pair values at database table.

Build index:

Select index type from RDMS index types, and build data structure upon this index type.

Search by a query sequence:

Search for a new sequence NQ of length [NQ)|.

Convert NQ to WT to produce [NQ|-Wx subsequences (NQi)

after moving Wx window over NQ.

Search the database for matching between NQi and SSi,j.

32 Constructing Wavelet coefficients

Bach NR row corresponds to a DNA sequence, consists of 8 columns vector. The columns is the

Wavelet second order coefficients (A,B), A is a 4 columns represent feneony ofichas (A,C,0.T)

Second part B js the difference. Example bellow describes how wavelet [30] works:
. - (Ak,i, B, S - ..(3.1), where
k=0
i f(ci) k = 0 0
‘ Ak = ) Bk,i =

i
’ 4 + A A -4 i 0<k<lo n,
0 < k =< log n, k-1,2i k-1,2i+1 2 5
k=1,2i k-1,2i+1 2

den(AEGE=(2, 3, 1, 2),

& - der frequency is done by the or
E ' consider frequ
quence u: [ACTC TAGC], traction between the two

e i do sub
ivige ,, into two equal parts and recalculate frequency again then

S, You get [1201, 1111] (23 12,01 -10)-
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The sequences will be represented using six window sizes. I, for i={1, 2, 3, 4, 5, 6}, Each window
Al Ty 4y Iy Ty Iy ) C 1

.. representation will cor
size W; rep respond to a final matrix for each sequence, this means we will have
b

§ix matrices corresponds to ¥; value.

Then We upload the data on a rational database system (RDMS). We used RDMS to get advantage
of RDMS indexing SySteH.lS 'hke BTree, and Hash. Before uploading data to database tables, all
repeated rows had been eliminated to make index size less since there is no need for the repeated

data rows. Table 3.3 shows results of transformation and percentage of repeated data

geven types of indexing have been used for evaluation. The types are index on primary key, normal
index, primary index, full-text, unique, Hash, and BTree. Our experiments done using two PC’s;
one with 1GB memory 2GHz, second one is 2 x1GHz CPUs 4GB memory. RDMS used is MYSQL

v5.0.1 [26, 21] to store index in, webserver is Apache and language script used is PHP v5 for testing

index reach.

3.3 RDMS index types

Full-text index allow search for natural language text, some features are: Excludes partial words and
words less than x characters in length (3 or less), words that appear in more than half the rows,
Hyphenated words are treated as two words, Rows are returned in order of relevance, descending,
words in the stopword list (common words) are also excluded from the search results. Full-text had

been used to achieve high performance XML indexing [9].

"Normal" Indexes are the basic index type over most RDMS and requires data field to be ordered,
Normal Index have no constraints such as uniqueness. Unique Indexes are the same as "Normal"
indexes with one difference: all values of the indexed column(s) must only occur once. Primary
index are unique indexes for primary keys.

onstructed by build a tree with height (%) and a degree (2). Where

qual to 2. The worst case€ of BTree is O(logn) comparisons.

BTree index, for n keys values, ¢

the degree (f) is greater than or €

Number of branches for BTree inde .
ree controls the logarithm base of complexity (Logr of base

structures. Number of branches for at .
where x equal the number of branches). SO the base of logarithm tends to be large than required by

« is larger than the qumber of branches of other balanced tree

other tree structures. And what this mean; it means that if we R levhalaane Ve MRl D

build a tree of base x, x branches, as We i
: ith
smaller, BTree tend to have smaller heights than other trees W1
x , where Search k-key values are

: i is
Path t0 Jeaf node not exceeding Log, K while a binary {ree Log.

ncrease x number of nodes visited during search tends to be

the same number of key values.

K, K .. S
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make all nodes full at le B
g e minimum percentage to save space and reducing number of

Jisk references. Space complexity of BTree is O(L/B), where L: length of the sequence and B: block
size [15]:

1 t
[n Hash index type, bucket reached by key through a set of functions (h functions). Records with

different key values map to same bucket; thus entire bucket has to be searched sequentially to locate

record.

Bucket Overflows causes by insufficient buckets and distribution of records (Overflow chaining)
Collision handling with O(1) complexity, for worst cases performance may deteriorate to O(r). An
ideal hash function is uniform/random and worst map to one bucket. Space complexity for formal
Hash function is O(7-logn) [15, 21], where n: number of keys. Hashing functions divided into two
types, Uniform distribution: all buckets have the same number of search-key values. Random

distribution: on average, at any given time, each bucket will have the same number of search-key

values, regardless of the current set of values.

Primary index and Unique index both can consists of one or more fields, and both can be
clustered/non-clustered indexes. The difference is that Primary cannot be Null while Unique can be,

there can be only one Primary index on a table but you can have more than one Unique index.

Cluster indexing used when we have more than one table need to be referenced using join query.

The efficient index is to store tables’ data in the same block.

A clustered index sorts data physically while non clustered index does not. We can add one
clustered index per table only, but it is possible to have multiple non clustered indexes in a single
table. Non-clustered index used when table does not contains too many unique values in contrast to

clustered index which is used when table contains large number of unique values.

3.4 Experimental results

We used two approaches for index evaluation. In the first approach, we created the index on one

£ WT and investigate the effect of changing the type of the index

on the response time, which is measured in millisecond. Table 3.2-a shows the response time. For
2

field representing the coefficients 0

the second approach search field is spitted into tWO parts mainly which are the wavelet

B ton cocficients (A, B). Each part consists of four columns. Table 3.2-b shows the results

of this approach.

e worst case ifé applicable or randomly. “Default on pk”

For all index types we do search for th | . .
e last entry-. The same is true for normal index, primary

Ordered by order of entry, worst case is th

index, angd unique index.
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Table 3.2-a: Evaluation of sample data
iple dat

b T und g :
g 1:3;:::'1 Lo ( ?L_S_llresolut:v(:ns W) using different index types.
" DEFAULT | 0.002494 |  0.029923 4 I\ - |
k | |
B : o .677167 0.9619 1.1533
Normal =~ 0.01046 0.1679 \ : \
Index | 05 5.8911 6.3502
B - 0o3dcs | o oo 2 5
PRIMARY 0.093462 0.190009 1.4703 \ \ \
pulltext |  0.002924 |  0.027733 SN0 74,233 | 6.06 ——
= GNTOUE | 0.00 —2-2027733 | 0.224 42 I 6.028
""EQ’F‘ 0. 9996 0.1726 | 1.406 0.248133 |  1.082667 |  1.501533
ash | 0.0107 | 0.167433 | 1.3738 @ S | 657 i
e 1 6.016033 |  6.344233
[ Bizea| 0.010133 : :
e LB Tososs [ 4.1310 % 6.0156 | 6>§?T’/>333Jl
able 3.2-b: Applying i ;
-0, ind
el Wi Y = g Indexes for eight columns search fields.
type L E WA %l W5 W6
DEFAULT | 0.018718 | 0.0100 |
ON pk \ 34 \ 0.067594 ‘ 0.209389 \ 0.28135 o.'z‘v"é?s"l
Normal | 0.001046 | 0.00154 Fdies o
25 ‘ 7 \ 0.001531 \ 0.001733 \ 0.001544 | 0.001677
[:Ef;.:; g'ggizgg ‘l 0.001561 | 0.001646 | 0.001609 | 0.001599 | 0.001651
- 0.001663 | 0.001614 | 0.001688 | 0.001605 | 0.001522

Through all experiments, the searching process is applied using the same value, while changing
index type, SO We can results correctly. For Hashing index type, most database engine uses random
hash function, we do the experiment by randomly picking values then the average access time is
calculated. BTree index, which is the most popular index over database systems, depends mainly on

sorting the data.
Table 3.3 shows percentage number of returned references to the whole database size while
changing window size

Table 3.3: Error amount at each resolution used corresponding to amount of reduction.

with duplication No duplication
1250 0.81

0.65

192058

835106

sequences retrieved
= S 32

total size of dataset

836376

Figure 3.2 shows that, depending on input data properties, while increasing sliding window size the

ize of j i ues.
Size of index is the same even if we don’t remove duplicated val

35 Analysis . =
one field index and multiple fields index. When

achieved was using default index and Full-text. When
e

performance

Tree index.

We have applied indexes in tWO different Wayss

'SIng one field index, the best performanc
We used BTree or primary index wWe get the Worse

Almost al] other types of indexes give perform

over all for one field indexing.

ance close 10 B
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Figure 3.2: Space cost.

: On the other hand when we used multiple fields index, we got much better results as shown by

" Table 3.2-b. Hash, BTree, and normal index on the eight fields give better results when compared
with a single field index by Table 3.2-a.

- Multiple field index cause overhead for: calculation and index address updates in case that amount
~ ofupdates are high and overhead for write operations and disk referring. But if compared amount of
| overhead with multiple indexes (merge index) case, this overhead is much less in size. For DNA
database, updates operation is much less than insert operation and can be neglected. To reduce size
of WIR, singular value decomposition (SVD) [58] as a preprocessing step before building index

structure for the genome database cab be used.

Window size (resolution) affect mainly needed I/O references. When we increase window size the
10 reference operation decreases as shown in Table 3.3. Changing the resolution of the wavelet

transformation resolution from low value to high value (from 8 char to 256 char) leads to increase

in size of the number of the wavelet coefficients and time to scanning the database. From Table 3.3

when using w1 we get 81% of overall database reference while for w4 this percentage goes down to

15%. Changing window size affects /0 reference percentage directly so as this percentage can be

used as a threshold according to application needs.

36 Index space complexity

Table 3.3 shows the space complexity of using one column index with the follovfnr;g 1n<ﬁ1re: types:
full-text, primary index, 8 column index of type’s unique, primary; and normal index. 1he range

Values (for example 6940-7850KB) TeP"

eSpectively.

esent the space occupied by the data and the index
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tor 3 ‘\\'E‘;:l'\ ”“*\‘ N Lvypes L\i‘
r (‘h;‘xJ‘,le\ 8 | I indes ‘ A m‘)l D

ace complex
SaRsa. Dl 1ty table (B: KB:
,__W__ygl»}_mw B e ns q((_ bytes Kbytes).
T — R LS indes
e N 46250- 92500-
e 20858 | ss206m 1228808
43 975331- 861471-  861471-
e 2 B | 9758728 9758728
L 7840- 6940- | 6940-
_‘_~__.__7§0 KB 7850 7850KB
X 322‘3’5- 20015- i E2o0nsoneen
22638 KB | 22638 KB 22638KB
\ ; 28775- 28775- 28775-
W 32545 KB | 32545kB 32545KB \
\ 30175- 30175~ 30175-
w6 34128 KB | 34128KB 34128KB ‘
Table 3.3.b: Space complexity table (B: bytes, KB: Kbytes).
W value Full-text ‘ Frimary
wl | 25000-235528 | 25000-153608
w2 465660-435200 p | 475812-241664B
w3 3751-4715 KB | 4334-1928KB
wd 10974-14913 ks | 13137-5561KB
W5 16253-22866 kB | 19364-7995KB |
w6 | 17931 26848 xp | 21193-8384KB |

Data size: is highest when using 8-columns index structure, low value when using one field index.

[ndex size: when using 8-columns almost the data and the index size are the same. When using one

field index, data and index sizes are relatively the same too.

When comparing time with size for one field index, we found that best time performance achieved
by full-text but full-text had high space requirement. For 8-column index structure best time

achieved by normal, hash, and BTree index.

Access time for 8-column is better than that of one field index but index size equal or more than

: el Full-
data size which is a large value as shown by Figure 3.3 b. Lowest index size 1s primary and Fu

text as shown in Figure 3.3 a.

3.7 Summary

all types of indexing
Our evaluation shows that using multi-fields index improve performance over all typ

n spite of the f ed. The fir i w lized index type
in spite of the t index we used. The 11 st experiment shows that using specia P
! ype of 1n 3 Y

. over using BTree or Hash
like full-text or primary index in integer fields g1ve the best performance

indexing_

D . : ure. This property gives user a
ifferent window sizes provide multi—resolutlon index structur e e
. different sizes. Thro 5
hr . ort querles of
t eshold value t rmin: his needs, and supp

o determine

call candidate s€ .
thh i have minimized the number of disk pages that
e

quences, will be referenced from
Whole d'<1’€'c1base a subset of sequences

- W
e database after the filtration St€P- By this il
Will be visited at the final stage-
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Figure 3.3 b: Space cost for all one field (primary, Full-text) and 8-column (index, primary, unique)

g special type of index (like Full-text) or using the

Space and time complexity show that usin
ex size, like the full text index when using wb

primary index, of one field, Jeads to decrease ind
.7e as shown by Table 3.3-a and 3.3-b. And a

compared with unique index for the same window S1Z
ich lead to larger index size but better

fields index type, wh
Acess time. This is true, as the Full-text get advantage of its properties as a special index for the
, r field, which is le

¢ one half) This means that a good representation of search
ut on .

ize index, which

fast gearching time.
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from the discussed results, v.ve can see that we need to try to find a less size index structure. Index
gize I8 larger than e, W.hen building index upon eight columns search field. Building the
prim ary index upon a small size relation field is efficient in time and space. Sequence
| tIansf()rmation to numerical format (compact form), good performance index structure (size and

g il of multi-field index type), and early pruning of false sequences hits leads to build
% the desired structure.
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chapter 4

modified Wavelet Transformati
SpeCiﬁcation ion and BTree (M'WTBT)

This chapter will introduce our work to build an index structure for a DNA Genome characters-

i er include i A
This chapt des two main sections: the DNA sequence transformation process from character

domain to 10teEEr domain using WT with some modification, and the index structure, used to hold

the transformed data, based on modification of BTree structure. We called it Modified WT and
BTRee M-WTBT index structure.

gection 4.1 discuses two issues: the modification on calculating the wavelet transformation (WT)
coefficients to have the final sliding windows representation, Wsum values, and the analysis for
three suitable cases to store two fields, the Wsum values and the sequence numbers using a relation

at Section A2,

Section 4.2 compares the use of two different structures, the BTree and B+Tree strcutures, to hold
the Wsum values. And the advantages of BTree over B+Tree for Genome DNA sequence needs are

shown.

In the last section, Qection 4.3, we compare index structure based on Radix tree with the index
structure based on modified WT and BTree. The aim of the comparison is 10 calculate the efficiency
of index size of suggested structures. In the last part of this section we discuss the sequence

candidate alignment of sequences, which is the last processing step.

4.1 Sequence transformation

For a set of Genome DNA sequences of n sequences, W€ need to represent the Genome DNA

sequence at an Integer format to get advantage of integer representation. We have used WT because

it saves string order, can be calculated efficiently for Jarger window sizes and other properties

mentioned in Chapter 2. The following two sections will show the process of transformation and the

structure we used to hold the transformed vales.

4.1.1 Sequence transformation using modified WT to reduce space complexity

The general idea behind string transformation is to scan the database of sequences pattern by

pattern, using window of size Wx because it is hard t0 scan the whole sequence at one time. Then

sformation. Where n = 1, which
we apply WT on these substring, We Us® p-gram Haar wavelet tralt

ne character

means each overlap amount equal t0 0 sl M‘, g2 Al

a y" E palestine Polytechmc “University
==t _The L\brary 2.;.15..\ ol
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{- Moditied Wavelet Trans| :
allstormation BT 2
Stormation BTree (M-WTBT) specificati
¢ (M-WTBT) specification

" R e, called coefficients {assume the first coefficient is a and the second
coefﬁdem (e esinciont is the frequency value for the genome DNA characters (A, C,G,T)
and f coefficient is the frequency difference between two equal parts (after dividing th; s;bst,r'mgi
into tWo equal substring and calculating frequency for each part). Each coefficient consists of four
oL A A3, A4), (B1, B2, B3, B4)} [50, 30]. Refer to Section 2.2.2 for more details.

We want to convert the four fields of each coefficient to one integer value, using a hashing function,

to represent the original data to save space, reduce collision, and improve search time.

The hashing function that we use is:

g= AL+ A2WH AT Adr (4.1)
B=Bly+BwW+B3t+BAr .o, (4.2)
Aims for this transformation are:

1. Combining WT coefficients: combine the four fields for each coefficient (Al, A2, A3, A4
and B1, B2, B3, B4) to one integer value (a and f).

2. Decreasing amount off collision: using the conversion parameters (V, W, &, r), which are
integers of different values, to decrease collision. We suggest the following strategies for

picking values for the conversion parameters:

= If the conversion parameters have the same value (for example v=2, w=2, t=2, =2),
o part will be identical between all substrings and we want to decrease amount of

collision. We used the values v=16, w=8, t=4, =2 according to experiments.

Let we consider the two substrings at different locations ‘i’ and ‘J°

ofi] = Alfilv + A2(il.v + A3V T A4[i]v

— v.( Al[i[+A2[i]+A3 [i+A4[])

afj] = Al[jl.v + A2[G]v T A3[jl.v+ A4f]Y

— v.( Al[a]+A2[a]tA3 [3]+A4[4])

Referring to the wavelet transformation properties of Genome DNA sequence, We

have that:

Al[i]+A2[i]+A3 [i+A4[] = W, and Bl[j]+B2[j]+B3[j]+B4[i] = W, for any window
size W,, Equations 4.3 and 4.4 become:

ey (4.3)

ali] = v.( W) and e
50

B
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“hapler ™ format:ias DT
(,‘_‘l.“! ic Ofmation B ree (M-W

WIBT) specification
output of WT has two parts, called : e
P 2nt is B}, a coefficient is th coefficients {assume the first coefficient is « and the second
ooeff ’ 18 the frequency value for the genome DNA ch A, G, G, 1)
efﬁCient iS the fre u 1 characters s Wy My )
and B €0 quency difference between two equal parts (after dividing the substring

. ual substrin d :
£ two:? A2, A3 Af)a?B lcj:;ulatmg frequency for each part). Each coefficient consists of four
fields {(Al, Az, A9, > » B2, B3, B4)} [50, 30]. Refer to Section 2.2.2 for more details.

vert the :
e want to conl four fields of each coefficient to one integer value, using a hashing function,

forepresent (he original data to save space, reduce collision, and improve search time

The hashing function that we use is:

J AL+ AW ASLE AL (4.1)
f=Bly+BLwW B3t BAL e 4.2)
Aims for this transformation are:

1. Combining WT coefficients: combine the four fields for each coefficient (Al, A2, A3, A4
and B1, B2, B3, B4) to one integer value (a and f3).

2. Decreasing amount off collision: using the conversion parameters (V, W, G, 1), which are
integers of different values, to decrease collision. We suggest the following strategies for

picking values for the conversion parameters:

= If the conversion parameters have the same value (for example v=2, w=2, t=2, =2),
o part will be identical between all substrings and we want t0 decrease amount of

collision. We used the values v=16, w=8, t=4, r=2 according to experiments.
Let we consider the two substrings at different locations ‘i’ and J’

afi] = Al[il.v + A2V ¥ A3[i].v + A4[ilv

= v.( Al[i]+A2[i]+A3 [i+A4[i])

afj] = Al[1v + A20]V * A3[j].v+ A4V

=V (Al [a]+A2[a]+A3 [3]+A4[4D)

formation properties of Genome DNA sequence, W€

Referring to the wavelet trans

have that:

AL[+A2[]+ A3 [i]+A4[i] = W, and Bl[j]+B2[i]+B3[j]+B4[j] = W, for any window
i
d 4.4 become:

size Wy, Equations 4.3 an
)

]=V.( Wx)
50

D —

ali] = v.( W) and afj



» Concatenating of fo e
_ _ R ur fields: this method requires more storage S but al
illuminate collision (A1A2A3A4 B1B2B3B4) ge space but also

» Use strategy number ‘1’ wi
ith the additio
n of row n o
amount. umber to decrease collision

The last step 15 1O combine the two values (a and f) to produce the Wsum value. We consider the

qummation of a and S coefficients according to the following equation:

The aim of multiplying a with ‘wa’ instead of a+ is to solve the problem of false positive to
reduce collision. ‘wa’ is any number lead to exceed largest o+ value, for example if largest at+p
value is 120,000 then a. wa>120000. Duplicated Wsum values is removed to save space, duplicated
fisum values for the same sequence means the same substring and we do not want to lose space and
search time for duplicated Wsum values which will point to the same sequence. Any other options,

listed in point 2 at the previous page, can be followed also.
Let’s consider the two coefficients a, and f3 for two different Wsum values at positions ‘i and “J’,

This case means we have false positive, if we take the summation of o+ only, we will get the same
value for two different Wsum values. To solve this problem we consider using weight to one
coefficient, or we can give two different weights to both coefficients. We follow strategy number
i

For example, for the following substrings: s1 = ATTCAGAT, and 2=TTCAGATG

WT (s1)={66,-10} and WT(s2)={54, 2}

Ifwe take Wsum= o+f3 then, 66 -10 = 54+2 = 56.

We want to minimize amount of collision t0 the minimum, according to the available resources. We

allow the user to set the values of VW, L1/ and wa. Changing those values will affect the amount of

storage required and the needed memory. For example if v,w, 1,r values inCreases, the number of the

distinct Wsum values will increase t00.

1 V)
The calculation of WT coefficients, we have reduced the amount of calculation to 25% by

ur DNA characters {A; €, Cp i We have neglected this

neglecting one character from the fo

character difference factor (A and B) calculation,

Character from character frequency counting,

sidering the character “A” are tWo places:

Where the calculations affected by not con
late th
" At the ‘If statement’ for comparing each DNA characters (As ERGHIFO calculate the

frequency for each character.

;



i« Modified Wavelet

ALanlel e «CL L LANSIOTMation RT
"-l-l-‘]‘l"’ auon b lree (M-WTRB Y anaaid .
\ VYR 1) “..’"'»'Hl"!'lilv';‘:;

At calculating the WT coeffici
. | efficients { o, B } fields A1 and B1 used b : -
Equation 4.1 and 4.2. sed by the hashing function at

will be done when searchi
The same rching for new quer
Y, to find the W: i i
; e e Wsum values, for comparison with

for example: let S1 = { GGTAAACGGCTAAT } and S2={ AAACTGGAAGGCTT } then, SI
wefficients: (0,2,43) (0,0,0,1) and if considering “A” character (5,2,4,3) (-1,0,0,1), and S2
coefficients: (0,2,4,3) (0,0,0,1) and if considering “A” character (5,2,4,3) (-1,0,0,1) g

42 M-WTBT Index structure analysis and specifications

What we will do next is to store Wsum value at a suitable and efficient index structure, where Wsum

value may exists at different sequences.

The main fields of interest for index structure building are the Wsum data and sequence numbers.

To create an index on a field or a combination of fields, choosing the right field depends on set of

factors:

If a small set of columns are referenced by the query, put all that columns on an index.

When building multiple columns index, use high cardinality fields (like Wsum) first then
less cardinality fields. Using the highest cardinality firstly is good because query reference

this field too much.

Considering the field size and data values at this field, like if it is a key or not key with small

size or large size and if it holds character data or integer data.

Additional index may be required if query search is too slow or data size increased

significantly. Statistics and system monitoring is required to support any change for

indexing.

We have two fields, Wsum and sequence number (Seq#), index will be build using both of them. If

other fields need to be added to the relation, index structure will not be affected as query search

needs Wsum and Seq# fields only.

ing Wsum and Seq# as shown in Table

In general, we have three cases for constructing the index us

4.1. The three cases are:

reventing repetition of sequence number. Case

t Wsum values. In case (¢), the two fields

i (a) allows the repetition of Wsum vyalue and P
distinc

©) allows repetition for sequence qumber and have

Work as a composite key field-
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41 isasam le data from E i
Al p ukaryotic (NC_009684, NC_010093, NC_013009) :
i ,NC | sequences .

three sections will discus
next 3 1 s s the three cases in details; we will analyze the total size of the
r eac case. AS W€ sal bef
= wotal size fo . ore, the table consists of two fields the Wsum and sequence
e tota size Ior each case
5. Th comes from Wsum field size and sequence number (Seq*) field

Table 4.1: Index structure using Wsum and Seq# fields.

Wsum Se
[ 511, 539, 549 \\ ot \\\\ e R
[ 551,614,568 | 2 || 486 \\ ZJ
[ 486559561 | 3 || 549 | ?j
| 539,511 T i i
[ 511 S e
(a) | 539 | 5,1ﬂ
e
| 511 i 56,1 i
R
(b)

The following definitions are used through the analysis of the three cases.
Assume:
n: number of sequences.
R;: number of rows for case (a) = I
Ry: number of rows for case (b) = number of distinct Wsunt.
Rs: number of rows for case (), R=R2 repeated Wsum values.
- The total size of the index for the three cases will be:
‘I Total index size = Wsum filed size + sequence number field size.
421 Case (a): Unique sequence number

:
\
‘.
E

{!\ Fie‘d Se Qe
| q# size: qumber at the database. Suppose that this

o ol ce
1 This column contains one value which 18 the sequen

v . quence pumber. SUPPOse ik O poeds #
- Value range from ‘@’ to ‘b’ where ‘b’ 18

of
bytes for storage. To calculate the exact number

bits 0 represent sequence number, the

% - S_
NCBIGenebank, hitp://www.nebi. nlm.nib. gov/Genbar
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i '« 2 sample data from E :
gl 158520 Hkaryotic (NC_0096g4, ¢ 010093, NC_013009 :
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Table 4.1: Index structure using Wsum an

Substring | Seq# Wsum Sead IF W el
I 511,539,549 1 %T%% Wsum | Seq#
/él 1 551,514,558 2 4\86 : 514 2

539 1 486559561 [ 3 |[ " 5ag 1 389 2
551 7 539,511 5| e . gg? 1
514 2 511 5 = 2 = g
558 . (@) 539 5.1 539 1
569 3 561 3 539 5
486 3 511 | 561 561 3
561 3 559 3 511 1
511 5 (b) 511 5
511 6 Er =
Original Data 559 3

(c)

The following definitions are used through the analysis of the three cases.
Assume:

n: number of sequences.

R;: number of rows for case (a) = n.

Ry: number of rows for case (b) = number of distinct Wsum.

Rs: number of rows for case (c), Rs=R. + repeated Wsum values.

The total size of the index for the three cases will be:

; ize.
Total index size = Wsum filed size + sequence number field siz

421 Case (a): Unique sequence number

Fielg Seqi# size:

atabase. Suppose that this
Thi column contains one value which i the sequence number at the d p

sequence number. Suppose that b’ needs x

Val b 4 s g maximum
ue tange from ‘q’ to ‘b’ where b’1s a its to represent sequence number, the

fitb
byt for storage. To calculate the exact number O

L]

¥c . bank/S.
BIGenebank, http.'//www.ncbi.nlm.nlh-gov/ Gpoe 53




hy
mber of elements at column Wsum

1 if value =1

Num [-Logzn—| Jor other values

LS peglect the first case when the sequence value is 1, the tota] space size will b
) e

n

space Size = >, Logyn

x=1
We will consider that all values at the sequence field have one size, which is the maximum size:

Sequence RETlsize — Ry - LOZ N.......oeccieuennnniininisiriinnns (4.5)

Field Wsum size:

Suppose the number of Wsum values (count of Wsum values) in each Relation Row (RR) is called
osum(j) where j is the RR number, each RR contains a set of Wsum values. Wsum value is within a
range (x to y) and will need Wsum_size bytes space for each value. Wsum_size value is the number
of bytes needed to store maximum value (y), we will use this value, which is more than needed as

some small values will need less number of bytes than Wsum_size:

oWsum(j) = count (Wsum) at RR j, where j=1to Ry,

Jj=n
space size = sizeof (Wsum) - Z CISUM( ] )-vveerenenenesusnsnsususasasass (4.6)
Jj=1
j=n
Total space size =R, - Log,n+ Wsum_size - CIWSUM(J)-veveneeusuensnesesess 4.7)
1

Jj=

42.2 Case (b): Unique Wsum values
The number of distinct Wsum vales for all database sequences equal R,. There1s a relation between
7 When we increase W, value, R, increases too as

Ry Wy, and the window overlapping amount . .
apter 3. And decreasing overlapping amount will

Wsum values become more distinct as Shown at Ch

Ueerease number of output substrings and hence Wsum values.

i in case ()
b comparing R, with the number of elements 111 column Wsum 1n (@)

RI )
= Z CWSUm(.])
=
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. e because both fields, the w,
This 1S v sum field at case (a) and the Wsum field at (b) i
at case contains

lues with one diffi
o Wsum va ifference o : 174
e nly, no Iepeated items of Wsum are allowed at Ws
feld in case (b)- e

field Seqi size:

number of
Suppose that the séquences values at each RR is cSeq(j) at row j, each RR contains a set

of sequence numbers within the range (1 to n) and up to Log(x) bits space for each value is needed

Seq(f) = count (sequence) at j, where j=1, ..., R, and

;imcSe )= ’\Zchum( e 4.9)
=

Al

This is true, if we count the number of items at the field seq# at case (b), it will equal to the number

Jfitems in the field Wsum in case (a). Bellow is the proof:

In case (@) each Wsum value may belong to more than one sequence (like the value “51 1” at
Table 4.1) and this is represented by duplicated Wsum values at column Wsum ( suppose for
each Wsum(i) value the amount of duplication = di). ‘di" equal to number of occurrence of

this Wsum value at different sequences and not at one sequence.

In case (b) each Wsum value appears only once, so if two sequences share same Wsum

value, like sequences 1, 5, 6 share substring 511, then seg# column will contain duplicated

values (cSeq) and equal to d;.

And to calculate Seq# field size, the total size of sequence values is: Z Log,n and the size of one

x=1

sequence is Logn of base 2, for total n sequences.

Seqt field size= sequence Size . number sequences

Jj=R2

Seqht field size=Log,n - ZcSeq(j),
j=1

=R2 j=R1 {
Wd refering to (4.9) :JZ oSeq(j) = Zchum( )
Jj=1 J=!
spac ) Jj=R1 ;
e field size=Log,n- Z cWsum(Jj)-
j=1
Andlet the variable 3 equal to:
Z\FZRZ S J=R1
- LCSeq(f) = .
| ~ eq(J) jz::‘chum( 7
Ih J=n
o5 =ZCWsum(j) ............................................ (4.10)
Ja
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ghis colw ™™ contains distinct Wsum values over 4 sequences
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LB 1) specificat;

WSUMfield size = R. Wsum_size
J=R1

ol 520 R, - Wsum_size + Log,n - " cWsum(j)..... (4.11)
J=l ;

423 Case (c): Composite key

Field Sea# size:
Referring t0 Equation (4.5),

Seqt field size = R, - Log,n ,where R, =Y then
Seqtt field size = Do IH0Te i e R R T S (4.12)

Field Wsum size:

This column contains Wsum values for all sequences Si, for i=1..n, repetition is allowed at this

field. Suppose the amount of repetition is RWsum, then the total number of items;R3 is:
R; = Ry+RWsum.

WWsum Field size = R;. Wsum_size

—SUM . Wsum_size (referring to Equation 4.11)

Wsum_size Total size = SUM -Log,n+S UM - Wsum_size......(4.13)

By using 3 according to Equation 4.13 and let X= Log,n for Equation 4.7 and Equation 4.11,we

get:

lotal storage size case(a)=R, X + Wsum _size-SUM = T,
lotal storage size case(b) = R, -Wsum _size+ X-SUM =T,
Total storage size case(c) =SUM - Wsum _size+X S UM =T,

g required space and the main operation; the insertion

Now we will compare the three cases regardin
Operatiop

4, : e
24 COmparlng storage size: ¢> X, where X represent

e can say that Wsum_Siz

W ;
*know that R,<SUM from Equation thack r of bits to store Wsum

Wsum _Size is the numbe

My . er and
ber of bits to represent sequence numb as each sequence

ber of sequences,
Valyg, The total number of Wsum values exceeds the total num

Pro
Quce Set of Wsum values. o

| ‘A




exceed this value. Referring to the total

2)> the variab]
. es t
gofo find the best storage size between them, hat we need to compare are R, R., and

oo size for the three cases (T, T,, and T

aking, if the nu
Generall)’ speaking mber of sequences (Seg#) is larger than the number of W 1
er of Wsum values,

en R SR,, otherwise Ri<R,,

where R;>R
1 and Ry>R, This m
: - eans that > >
5=Rs according to 4.11. 2 >R; and Y >R, as

peferring 10 Chapter 3, we found that increasing 17, value leads to have a distinct Wsum values

n
overall sequences and number of common Wsum values over all sequences decreases sharply

e have two situations concerning the values Wsum as follow:

| Wsum values are not repeated: this means that the field Seg# at case (b) will hold one value

mostly. At this case:

R, > R; and X<Wsum_size, suppose that R; = a 'R; and we have n sequences, suppose that each

sequence will have k Wsum values then:

Assumed X = Log,n,

Wsum _size = Log,(n-k)
Slog.n+ Log,k
S Log,k,

and

IR X+ (X + Log,k)- SUM

R -X+X-SUM + Log,k-SUM

L, = R,-(X+Log,k)+X-SUM

R,-X + X -SUM + Log,k - R,

tnd if substitute R, = a- R, at Equation 4.7 and at Equatio

I

n4.11,

TI=R - X +[X + Log,k]- SUM = R, . X + X -SUM + Log,k - SUM
T2:R1 ‘a*[X+Log2k]+X-SUM=a-R, -X+X-SUM+Log2k-R1 -a

lue.
And we know that: 3 >R, from Equation 4.9, this means that T; and T2 almost have the same value

)
Sum values are repeated

-Denis t.on System,
lmp:// i Gerome Managemer’ Iléff(z)r:z:el/publicat/primer[ﬁg3 html

.ornl.gov/sci/techresources/Human_

5il
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5> Ri and X< Wsum _size , suppose Hang
2

(I",i”"‘,'\y' NS
g V 11

=W Sk 1% )
<21 PECIiication

R =
thzat each sequence will have (k/z) wsup, o then(: 4/v) .R; and we have sequences, suppose
i = Log 2t and !
jisum g - g2 2(n._z—) (02 .0+ Log 2§= X + Log 2£, then

z
Tx=R"X+(X o) SUM =R -X + X .sup Log z% - SUM
foRy (X + L0800+ X -SUM =R, - X + X -SUM + Log, £ g,

V4

This means that T; and T, almost have the same valye

And for case (¢) using Equation 4.13:
Total space size case(c) =T, = SUM -Wsum_size+ X - SUM

for comparing T and T3, we need to compare R, and Y., all other values (Wsum _size, X) are

identical between T, and T3. We know that > >R, from Equation (4.8) so case (c) is the worst case

and will not be used.
Example: suppose R;=120000000, R,= R;100, X= Wsum_size =16, X =R,

T=1.9392E+11 and T>= 3.84E+11 and the difference is about 50% (refer to appendix E for more
details).

While if we suppose that X=16 and r=32:

1,=3.8592E+11 and T,= 5.76E+11 where the difference is 33%.

Conclusion of comparing ‘a’, ‘b’, and ‘c’ cases
¢¢”), we found that case ‘¢’ is the worst case

Afier comparing the storage size for cases (‘a’,’b’, and
s case ‘a’ suffers

ad case ‘a’ is the best. But we will follow case ‘b’ in our index construction a

fom the following disadvantages:
it is not unique and repetition is allowed.

® Wsum value is not applicable for search,
structure can be used. Case (a) can be used for

* No suitable index structure or a clear index .
ex, which require more space for the index
2

searching if we consider using composite ind

size. .
e is close to case (b), and this makes case

The storage space needed for the total storage s1Z

(b) a candidate case.
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Y(%,ﬁﬁw/r,'{f_‘,\hw:f-;»\ yayvll lorm uon 13 | { AT 8371
3 ruc e
# gTree Index structure based op transformation

1 shows our idea to store Wy, ‘
4 values, according to case (b) implementation. Each nod
ation. £ach node

.« of three parts: Wsum values, [ i :
oonslsts 0 inked list Pointer, and g pointer to lo level of th
wer level of the index.

e nked list holds the number of the sequence that contains the I
sum value.

: is a modified classi
s sreture sical BTree structure; it is a multi-leve] index structure starts fi
11 level L. The fact that t e
fevel 1 till lev he Wsum value may belong to more than one sequence lead to the
i ist, as shown in Fi -
seof 8 linked lis wn in Figure 4.1. The difference between this structure and the BTree is

{1 USE of linked list to point to more than one DNA Sequence. For example the Wsum value 245
jinked with more than one sequence.

This section will discuss three subjects. Firstly: general introduction to tree structure, secondly:
comparing the use of a modified BTree with a modified B+Tree structure to build index for the
[sum values. Thirdly: comparing building index structure based on wavelet transformation with

index structure based on tree without the use of transformation.

43.1 Introduction to Tree structure

Tree is an undirected linked vertices where the link between vertices represents a path that is not a

yele. Tree degree refers to the number of links for each vertex. Refer to Section 2.1.7.3 for more

details.
Wsum I lﬁ\lﬁ?
T T 7
310 | / —>4
‘é\ ﬁ—;—'l‘s ' /17, 220 | - :
TN e
3 7 - - e
Sequence 5;; EEL 4:; ¢
Adresses IR E A
il S
Levell
Figure 4.1: Index structure, modified B-Tree
432
- ther types we have studied

B+Tree and BTree over 0
RB-Tree,RTree, Suffix tree, AA-Tree, and R-
e, RB-1r¢e;

akes the difference between BTree and binary
m

_The Most efficient trees, for our needs, ar the
In .
fuding Binary Tree, Red-black tree, AVL-Tre

o Number of branches, also called tree order,
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store man :
glree can y keys in a few leyelg
> and incr
€asin

plree reduces access time compared with b
Inary tree

[n large index size, if not fit in rand
0
, will be stored
at a storage medi
ium.

pTree minimize the number of times thi
es this medi
] ium
(ereby speeding up the process. need to be accessed to allocate th
e the needed record

The access time for storage medi :
muum :
, like hard disk, is longer than the a
ccess time for RAM b
ecause

of the mechanical devices. M .
o echanl o
cal device read and write operati
ion is very slow ¢
ompared with

RAM.

.
'-'{. \\.
,~'!.’. ‘\‘-
N
o
/
’/ '."\ // \'\
i u

e //\ f\
CET LI

Figure 4.2:
g 2: Tree structure for B-Tree at left and Binary Tree at right

43.3 B+Tree structure

The actual
sequenc i
B . q e pointers for data values are at the leaves nodes, need more storage space tha
. All search i g n
. operation will need the same search time, as data only exists at the leaf. Number
at B+T :
ree larger than number of nodes used by BTree, see Figure 4.3 that shows B+Tree

general :
structure built for a sample Wsum values.

512 Root

320 | | 415

245 '
310| I320 398| 415 | 490

le for Wsum values

e 4.3: B+Tree examp
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(Ilgph‘ "l ~CUL0IMNalion g e A
LICC (M-WTRT

o ety 118 has two branches only not mge %
) as sh : ;
Own in Figure 4.2. For a large number of

: tree will have a hi
e pinary 1gher depth than a tree with lar
ger number of branches

tore many keys in
¢ can s a few le .
BT - e A vels, and Increasing number of branches will d
1 : 9 S s will decrease
um S the BTree structure compared with binary ¢
Inary tree structure.

time 1S related to the numb
AccesS : er of nodes we need to pass through i :
e reduces access time compared with binary tree giiidllireach the desired record.

index size, if not fit 1
[n Jarge 1D 1t in random access memory (RAM), will be stored at i
inimize the number of ti : \ ; ed at a storage medium.
pTree mi . times this medium need to be accessed to allocate the needed d
(hereby speeding up the process. eeded record,

fiioecess Uire for storage medium, like hard disk, is longer than the access time for RAM because

of the mechanical devices. Mechanical device read and write operation is very slow compared with

RAM.

n
-
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e 4.2: Tree structure for B-Tree at left and Binary Tree at right

Figur

4.3.3 B+Tree structure

The actual sequence pointers for data values are at the leaves nodes, need more storage space than

] need the same search time, as d

er of nodes used by BTree, s€

ata only exists at the leaf. Number

BTree. All search operation wil
e Figure 4.3 that shows B+Tree

of nodes at B+Tree larger than numb

general structure built for a sample Fsum values.

\24\5 310

3. B+Tree example for Wsum values
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RTree [38] is suitable for approximate queries like K-

query- Suffix tree produces large set of Permutations an,

fiearest neighbor (KNN) query and range

| d this number increase when using different
window S1Zes.

BTree get advantage of the cache, it reduces cache miss [60] especially when node size equal cache
line size because it put multiple keys in one node,

The following section analyzes the advantage of using BTree over B+Tree to build a tree structure

for the Wsum values. Next section compares the M-WTBT index structures with the tree based

index structures without using sequence transformation.

44 Comparing Wsum encoding using modified B+Tree and modified BTree

The main operations performed on sequences are the addition and deletion operation, the update
operation is rarely needed, the work of K.M. Azharul Hasan is an approach applied for B+Tree. We
will not consider update operation because of the nature of Genome DNA sequences, almost all

operations on database is either adding new sequence or delete a sequence.

Our work for building index structure requires using the modified BTree instead of B+Tree to

Increase indexing efficiency. The main differences between the modified BTree and the modified

BiTree are in index storage space and searching methodology.

B+Tree require more storage space size because of the rout nodes and the storage of data values at
leaf nodes only. This means that extra nodes are needed for B+Tree than BTree. Those nodes are

0, 871
e routing nodes which are not the leaf nodes. For example the Wsum values {415, 760, 871}

10Wn in Figure 4.3 at the routing path and at the leaf nodes.
i i de. BTree
Searching for a specific Wsum value using BTree does not require reaching the leaf node. BTr

logy require the
sl may last without reaching the leaf while B+Tree search methodology req
| use BTree structure to hold Wsum value

searching to

s because it

“hthe leaf node to get the data item. We wil

| ime is less.
j teeds Smaller storage size than B+Tree and search i

torage Size used by BTree, we will analyze the search
stor

%Ugh the next section, we will discuss the

lim
*ad the index storage size.
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\: number of branches and

. qumber of Wsu !
3 b m values, which are the actual ind
W €X entries and

[ pumber of levels.

Equation 4.15 is not applicable
for the B+Tree structure. The number of
of nodes at B+Tree is 1
arger

than n because of routing nodes

Searching time for a tree [68
passed through. Searchi [68] equal the tree depth ‘I’ plus the search time through
. Searching though ough each node th
B o y gh node can be done by different ways, there i .
equires at maximum N comparisons: e seamiing

Search time e
— DN+ 00 ) e O, (4.16)
And if binary search i e .
y search is used instead of sequential searching, search time complexity be
3 comes:
=O(L0g, N - LOZ \ 11)..couvnvnnururineecncusussanunsnnes (4.17) S
44.2 Index storage size:
Bach node
, at
each level except the last level, contains the following parts: the node (contains Wsum

Vallle Ne
» Next Lev i i iti
el Pointer NLP, and substring position), sequence pointer, and node contents

own by Figure 4.4. The substring position will be used for full-alignment at the last

Step.

Wsum position )
Wsum \Sequence pointer

Vo

ructure.

NLP

Figure 4.4: Tree node st

By,

Cferri

g to Section 4.1.2, the index size parts are:

for one node it equals
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) ; =221 Specification
: e yalue size = r bit. i

(NLP: It depends on L and number of nogeg, Number of

o
: of keys/node capacity bointers (Wp) equal:

Numbe =n/N and size for all nod

o €s =NP . LO N .
3, st position: g, NP bits.

e peed (Di~ Wy ) position values, each value need log (z;- W>) bits for encodin the total f
g, the total cost o
S,
¢. Node Counter (NC) indicate number of items filled at node, up to a maximum valye (N-1).1
) -1).1n

dding position value to the index node is L -w). o)
! x 2 /

- our work we did not use counter, instead we check all pointers, The internal pointers will be
decked till find the required key or found nothing,

The fotal size of the whole structure will include nodes and pointers where:
One Node total size = Wsum size+ sequence pointer (N-1) " Wsum_size + (N-1)X
5o the total size of the index structure for one node using the modified BTree is:

L, 1T

Total size of one node = ( N lx )’ (N-1)( Wsum_size+ SP + Wsum position) + NLP ...(4.18 a)

Where:
NP = n/N, n=L1i-Wy, number of nodes = (n/N-1), L; is the sequence length.
And total number of nodes is = (L;-Wx)/(N-1) ...(4.18 b), then

=(L,-—Wx)[Wsum_size+SP+Log2(L,.—WX)]+N_1 N -Log,(L, ~W,) ccveereenn(4.18)
And the Wsum position value is not used:
(L,.-Wx)[Wsum_size+SP]+7vﬁ_1 N LOgy (L =W,) covennenneeiieninnesssnsssnnseeens (4.19)

45 Comparing radix tree with Wavelet transformation
t
for a database of sequences, the Genome DNA sequence need to be represented by a character
’ it wi r work based on
omat instead of integer format, using a tree Structure, to compare it with ou

sed, balanced, un
"@¥elet transformation. There are many types of tree structure that can be u

i it 1 ost suitable tree
balanced tree, BTree. RB-Tree... €tc We picked radix tree because it is the m
> 5 = 5

d.
Mucture, over the studied tree types, for DNA sequences nee

' rs and can be presented
flue 4 S shows the radix tree structure, €ach node hold three characte
; S the radix >

i epresent a character
Using one charact b in Figure 4.6. BEach path from root till leaf rep.
acter as shown

Be : i .
Mutation, this figure uses 3-gram windowing.
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or 4 ,i\’l}fdil‘-‘\- I Wavelet '} LUISIOTIMAation R
3 LIS > 1 B o e (N4

)] ) I)((H‘ ,“.’“

b e  window size Wy affects the path at the tree. Increasing
X

will require addin
g more nodes to th
b For example if Wy =3, number of Passing nodes s 3 s to the

nodes from the root, while if W, =8

qumber of passing nodes will be 8 nodes from the root
AAA
e AGA ACAATA  AAG AAC

GGA GCA GTA GAG GAC AGG AGC' ACG ACT ATC ATG

GGG GGC GCG GCC GTG GTC

Figure 4.5: Radix Tree based encoding for DNA sequence using Wx window size.

Path 1

A ’“/Q/Zf?\%%’%\ “>ﬁ ”“ 4

A

d
Figure 4.6: ‘A’ Tree root for DNA sequence holds one character at each node
d when building the index.

Trangg, one time cost use
0rm because it is @
ation cost will be neglected ompute the total storage

tree to C
The f0110wmg analysis is for the Index structure pased on Radix tree

2 Order to be compared with Equation 4.18.

9.1 Index size -ndow (W) used to scan the sequence.
Illnnber of levels for the tree depends on the size of the windo x

odes
® fotg] size of the index is the nodes; Jinks between I
64
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i sdified Wavel ransformais: A |
44:1\1“(“‘ DQAULIN Gt 1| |

LON

(‘t_'ﬂ.at’ej"- i DR ,‘1"‘..\\.‘ {i‘\\. ” ? \"1."’
. oV el that points to the sequences, The i

| & Y o S T !
B ) specification

!

liSt 1leld iS ident. al <t
l . ed f t S 22
8 he tOtal ind X S1Z€ can be CalCUIat as OH()WS 1C (0} P
4.1 2

used at Equation

Number of nodes for a tree:

|
[NL/'II, where L = W,

y-1
) sie of eaclzjnoéierl{; 8bit [11], referr Ing to 128 AScIr* to represent each character of the DNA
gquence 1% &> =

3, Number of nodes links of one tree is equal the number

jikis, we need pointers to 4™ -1 nodes. So Log (
 Linked list at the leaves: SP.

w,i]ﬂﬂ‘ —1)- Log, (4™ ~1)+ 5P
sl .

PR (4 1) — Log, (4" 1)+ 5P

of permutations-1, (4"*)-1. And size of
4" 1-1) bits is needed.

1+ 4% . Log,(4™) - Log, (4" ) + SP

12

Wx I
. NN ’11-+Wx-4W" - Log,(4)—Wx - Log,(4 )+ SP
=NWX—1-+Wx-4W"-2—2-Wx+SP .......................... (4.20)

N-1

Compared with the Equation (4.18) of B-Tree index size and neglecting the SP field:

Wsum _size (Li — Wx)[(N —1)-Wsum _size + SP +% -Log,(n/ N) ]+ (Li —Wx)- Log, (Li. - Wx)

The Figure 4.7, Figure 4.8, Figure 4.9, and Figure 4.10, based on using the Wx-value asa :er;a\ll):ues
for equations: Equation 4.18, Equation 4.19, and Equation 4.20. And the X-axis r-epresen

0 I; range from 4 to 180, Y-axis represent the logarithm of ba'se 10 to the eqtlatlon.

ThIOUgh our analysis, we have used fixed values for the following parameters:

1i=3.000.000.000 supposing this is the maximum sequence length,

N=50,

X=32 bits used to represent maximum sequence number, and
Youn _size=3 bits,

Changing the I, value affects Equation 4.18 at two parts:W )
((L’ ‘Wx)[(N —1)-Wsum _size,and (L; — W,)-Log, (L =)

“Wx |-
[NWX __1] Wx.4Wx '2, and 2 J
o dffects Equation 4.20 at three parts: ( el

value of L by subtraction (L; — Wa.
e

: asing th
e ®ffect of the W, value at Equation 4.18 1S decre

- 2011.
! “haracter codes and htm, http://www.ascxltable.com/,
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‘(hzu?lc,l;; Modified Wavel

("
it of Equation 4.20.

based 0 *
n n

wTMB” by decreasing the storage size
and affects the ;
€ Index

by increasing the index size, see Figure 4.7
-/ and Figure 4
8.

WT transfo i
I'mation & modifi 3
1
o ed BTree-

ructur i
e based on Radix tree structure

of th :

The change | e value of Equation 4.18 by increasing W
i las.t value is 16.26 at /¥ =180). On the other hand, th bt
is 24 times larger (the first value is 11.90 and the | t’ e effect of 17, at Equat
ast value is 304.12

salues over Wy values for the three Equati
quations 4.18, 4.19
T ) and 4.20.

(18.03 at W, =4 and
ion 4.20 is larger, it

). See appendix B for detailed

Changing Wy value not affectin
g our structure a lot, but it increases index st
X structure based on tre
e.

Notice the sharp increase of i : e
index size while increasing W, value at Figure 4.7. R
re 4.7. Referring to Fi
gure

48, there is a little change : .
‘ ge on the index size during increasing 17, value, it is al
) most stable.

Equation (20)

350

300
250 ,I""f

200 e

150
100 /‘71'—",
50 -

Window Wx values

B
e logarithm of Equation 4.20 by changing W

Log (eq20)

x value

Figure 4.7: The output values for th
he index structure. This figure represents

Figure

) 4.9 shows the effect of adding Wsum position to t
ogari ;

a garithm difference between the two Equations 4.19
~ Equation 4.19). As we can see from the fIgvre the

and 4.18 (the difference in size Equation
difference of size between adding the

e 10 and ends around value 8 from a

SUM e
Position or not adding Wsum position start at valu
value will decrease th

—__—4 and end by 120,3629

e difference of size between the two

Maxim
Um value of 10. Increasing Wx

“Quati,,
n W.=
S, start by 6,656,295,936 at W 768 at Wx 180.
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Log(eq18)

15 SR
B ° ‘lib » &

Figure 4.8: The output values of the logarithm of Equation 4.18 by changing Wx value

figure 4.10 shows the two curves of comparing the radix tree, referring to Equation 4.20, and the
Wavelet Transformation for index structure, referring to Equation 4.18. Figure 4.18 displays two
arves for the logarithm of Equations 4.18, and 4.20. As we can see, our index storage is almost

stable during increasing window sizes, but the index size based on tree increases quickly.

adding Wsum position Log[equation18-equation19]
12
& W
o 8 5 S
=2
= 6
g
g 4
2
iy : : = ‘ o @ © ¥ QN 9
S e 7% o o ©o ¢ N O NS
s oo oo el SRR S
Window Wx values 5 g

ions 4.18 & 4.19.
Figure 4.9: The logarithm of the difference between Equations

omparisons needed. For tree based structure,

‘3 . i ber of ¢
. f Lk s the tree height. And for the modified WT, it

n . .
Hber of comparisons required equal to W, , which 1

r of comparisons.
i e same numbe
res require th

HEQ
k¥, comparisons too, so both structt
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IR ave et Transform i
jpler* =Iee (M-WrpT),

L) Specification
350
300 -
250 -
200 -

150 -

Equation LOG

100 -

50 -

Wx Values

Figure 4.10: The logarithm of Equations 20&18 while changing Wx value

46 Conclusion of comparing M-WTBT and Tree based without transformation

e have used W as a variable value and other parameters can be divided into two categories, the
atabase data related and index related. The database related is L; “sequences length”, n sequences,
ad X bits for sequence numbers. The index related variables are N branches, and Wsum _size bits
for Wsum values representation. Changing W, value has an effect on the index structure as seen by
the previous figures. We can summarize the effects of changing W, value as follow:
I. Increase value of W, will decrease number of candidates, which means decreasing I/O
references to read sequences from the database for full matching.
2. Index structure with more than one W, values (multi-resolution index structure) provide the
following opportunities:

a. Make it possible to use parallel processing for searching for candidate DNA

séquences.

b. Can be used for similarity search as a threshold value, smaller W value is less

accurate than higher Wy values.

tructure to handle the search query with different lengths.

¢. Multi-resolution index s

3. Increasing W, value will increase the index s1ze.
than one Wx

ce this issue; using W T we can do

lue is higher than index
e building time for index structure for more valu
he use of WT will enhan

Structure with one W, value. T ¥ .
x .th no need to reference original sequence again.
wi

transformation for a higher Wx value - -
' . i dex structure with more
Plcking the right value of 7, is a user issue depending o1 his needs. In
ue of Wy ,

0 .
W value allows the use of parallel processing an

d intersection to have set of valid candidate for
i

Ng] referel-l Cing.
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2 \\/~ > ] o1 - T,
waVeliCct i tansto

yalue without increasing index size.

e s

our index structure has a flexibility to fit to uger needs accordin

s the following variables that can be changed:

g to the available resources. User

»  Window value and the total numper of W, values

= The number of modified BTree branches i and levels [,
= We used 1-gram WT, using n-gram WT is also applicable and will reduce index size.
The value of n also a user defined.

e conclude that using our index structure is more effective over index structure built without
saracter transformation and using Radix like tree based, and provides the ability to build index

yith flexibility according to user resources.

471 Enhancement for saving index size
Inthe process of designing and analysis of this method, a few ideas were generated for expanding

ind improving this work.

Inorder to decrease index size instead of storing Wsum values at the modified BTree, which we

Uppose it is up to 32bits, we will use the Wsum difference between values. The following steps
&plain this idea:

lhefirst step is Wsum values ordering: put all Wsum values in ascending order, Wy = {Wi,W, ...,

.

fovd— Wy oy WWat}.

Fong step is building difference list according to the following d = {W1, W-Wi
ist Ws to be the root,

g Yep is the modified BTree filling: select the first value from the order list Ws

Msclect values following the root to be filled at level one node.

odified BTree index structure will store

gy the m
©411 and Figure 4.12 is an example ol rual value is to save index storage size

C

¥s, ; : ! . f the a
The aim of using Wsum difference instead 0 an the actual sum value needs.

its th
s Wsum difference will need lower number of bits
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Level 3

e =) OO0 | ooooo

EDEEE (O

R R cesiiow's the use of Wsum difference (2) instead of the actual Wsum values

orexample if new query need to search for the Wsum value 523, searching path will start from the
mot (512) then we compare the difference between 523 and the root (which is 11). Then compare
lie difference with the next level nodes, needed node will be the next node containing value 10.
Then difference will be 11-10=1, and by comparing with the last level, first node after node 10 that

tntains the value 1 is our need. The path will be (root -> 10 -> 1).

480ur method for sequence full alignment

Aftr filtration step, a list of candidate sequences is ready to be checked against the
o have the final

query. Full

ﬁllgnmmt, with no gap, is needed on those candidates with the query sequence t

fput, e
iut cither a matched sequence/s or no match sequence/s.

We wily discuses two situations, the index structure with Wsum position and the index structure
Mot Wsum position value, and show the use of alignment in both cases in the following two

etions,

43, :
" Ful alignment with Wsum position value . .
“eed 1y o full alignment using the position value between the candidates and the query

A ment will be done character by

the align
arisons in both directions, before

ult

e alignment is used between the two sequences;
ring then do comp

will be done left and right. If the res

Cte .
" This method starts at a common subst
comparison

70
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3 Red waveiel i ransformats
R Mod1lict —alel0mation BT ,

A g R

2 ) :)l’;'\’:c‘;i'-.'l'!i;,{‘.i)
8 full match between all character pajys between the ation
; SeqUGHCe an

.no ful match d the query, this means there

treé structure,

j node at the tree will contain one key, the Wsum value, ang t
, an

he position value will be held by

Wsum valuesl

N branches

e [Wsum position | | Wsum position |
: Wsum position

S ®)

Wsum values

Wsum values?2

Figure 4.13: Modified BTree for each sequence with Wsum position value.

for each sequence, the modified BTree is used to hold the Wsum value at nodes and pointers are
sed to indicate the Wsum position for each Wsum value, in case that the Wsum value appears more

lban one time at the sequence.

figure 4.13 B is the internal structure at each node. Each node has pointers to Wsum position for

th Wsum value, so the number of position pointers for each node is N-1 pointers. Last step 1s to

0 the alignment starting from the given Wsum value, again full alignment is needed, any well

| t0wn method for BTree comparison can be used at this step.

3199056 we have two trees A and B, and A= {Arcot, Atets Aright}> B {Broots Bietts Bright}

A= g
- Aror =Broot A Alet = Bleft A Aright"'Bright,
le node, and as soon as one

: . in
Arecursjye processing on both trees is needed and compare each sing

Bellow is a simple pseudo code:

Yalug i 3
ey differ, stop scanning and return not equal trees.
Moty 4 7

‘i;ete achgnment algorithm: -
it ( °If‘pare_tree node ( BTree A, BTree

1s empty) T
Feturn -1;}else(
if (B is ) |

return -1;}elsel
heck if aroot = Broot &&

Al ft=Bleft && Btight=Br1ght
e =




\ ¢

/1 -V‘\':’\J" FRTY
e — 2 1) Sheact £ "
L8D Cification

: Alignment with Wsum value only

L s B5SUMES no Wsum position is addeq {, the ing
. c

X .
e We can follow one of the well kngwy method Pt during the index building. In
"his o 0ds used for .
: de global alignment . Sequence alignment.
nclude g . g » dynamic Programming, By, L .g ent. These
(BLAST variants), and First Fast Sequence Search ocal Alignment Search
i

x . 1 ) Y i ! ) .
; BIWWRAVEICT | rtanstori s
3 -PAOKV{”I&_L.V YV elh == VLIRAton BTy A ﬁ
A LLiree (M
\

‘ M-WTBT Index structure algorithm:

ginitions .

sﬁavelet Transformation: WT

| 'ﬁumber of sequences: n

R Sequences: Sl .for i=ilg o
sequence length: [Sil

lgindow Size: WX

ey query Q of length |Qf

| nput
i ;:iabase Sislsceuences, S, i € [1l... n] with length |Si|
Piindow size Wx, x:number of windows range from 1 to h
idified BTree branches: N and number of levels: L
\{, Domain Transformation
ifor each Wx value, x=1..h
For each Si
I Scan Si using Wx to calculate WT-1 gram coefficients {A cof, B_cof}
), Integer domain transformation o 3
BNy A2.w + A3.t + RAd.r
BRENBil = B2.w + B3.t + Bd.r
Calculate Wsum : Wsum=(A cof.0.5+B_cof)
Remove duplicated Wsum values
3. Modified BTree index structure (Wsum)
Fill the modified BTree index structure with Wsum values and sequence
L. Query Searching
Search for a new sequence Q of lengt; L(IgClzI it
For each Wx value, x=h..l such that Wx :
Convert Q to WT using step2: output s lol /e subsequezgiior(lN(jl)lo
Search the index structure for matching according to S X

; : of x
End loop if match is found or continu€ till last value
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"c_hapter 5

galuating BT index size (implementation getai )
IS

mough his chapter we will compare the M-WTBT ; d
nde

X ¢ X Sstruct i ;
rent previous WOIKS using the following Sample dat Ure size and properties with
a:c

hromosome 18, chromosome 20, and

oods and asses the validation of our work.
n

! implementation of M-WTBT has been developed using Matlah and C++. The experi h
3 periments has

o SIEPS: the Genome DNA sequence transformation to produce Wsum values using Matlab 7.7
. 3 o a A

i uilding the index structure using C/C++ for the transformed data of CSV format

s Material and methodology

for our experiment, we used the sample data shown in Table 5.1. The number of base pair and file
sze is listed at Table 5.1. The sample data consists of three chromosomes of the 23 pairs of

tromosomes in humans. People normally have two copies of this chromosome.

Table 5.1: Sample data used for the experiments.

Chromosome | Number of bp File size

18 85 Million 79,638,800 bytes
20 66 Million 64,286,038 bytes
2 49 Million 52,330,665 bytes

figire 5.1 bellow overview the main steps we follow during our experiments. The input data in
PASTA format is transformed to Modified WT using Matlab. The input sequence is extracted

Vithout the header.

M-BTree
. i e -
Modified WT Wsum, Sed#) construction M-WTBT
Input ( ; Index
CSV Format e
Data MatLab7.7
(3595 1543 |
6Cee 3595 154
C(;cgg‘}gGGTTACAcACACCAcc 3595 6532
Coepgac S TACGGCGTGCCGE 3595 6534
60 GgGTTACACACACCACCC 3596 1
(CoTAGe G'cl_(]?TACGGCGTGCCGGC ’ 3596 45
U6TTgcoar A CACACACCACCCG 3597 6
BTACGGCGTGCCG 3597 2;
3597 2
e
Case (b)

riment steps-

Figure 5.1: M-WTBT expé
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pethe final M-WTBT structure.

52 managing M-WTBT Index node and block size

l
| s
' t | Index Node (D)l
| - | IIIZDIIED Index Keys
e (=T |
| = : |
== | . | 25 . N-1
| m: J=T) |
' Memory (M) ; | SANREERE
! | kel —_]
E | Index Block (B)

Figure 5.2: Memory, Index Block, and Index Node relation.

Index block size (B):

o= S e 5.1,
r_blocks - Node _size

Where,

Node_size: the index node size, and

1, refer to Figure 4.4 for

Merease number of index blocks. The number of keys (which is equal to -
‘Node_size’ value,

il about number of keys N) at the :ndex node controls the index node size

mcreasing N will increase D too to allow more space.
han memory, partially loading of

1S i S ] ert
Thig I8 true if index can fit in MEemOry. but if index S1Z€ is larg

ex %an be used according to index block size as follow:
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BRI LRSS (V- VV | I 1% "V
s I»\.xll < g ® 11dev «r-

. @EL | Hplementatioy, details)
7 details)
r)>10°kS sz e (5.2)
And
VT — (5.3)
B=Node_SiZC gblocks=M.............. (5.9

is the index key size. m :
here S 15 th y size. The number of times of loading blocks js equal to bl
o r_blocks, each

i the loaded blocks is of size equal to the available memory s
ize.

sum values will be sorted in a set of nodes at each block. To search for a Wsum val h block
alue, each bloc

yill be identified by start and end value as show in Figure 5.3. Picking the right value for r block
blocks

ad IV can be optimized by considering the cache block size, which is smaller than memory block

size, to speedup processing and decrease cache miss.

512 Root
_ﬂ_»/‘/.
\ / /: :
. 35 ot
320 | (415 760 | | 871 Sy *  Index
Blocks

(%]
4
n

310

L8V
I~
(=]
15V
\()
(=]

415 | 490 (1 530 680 |1760 | 8201871 (914 |y . e

Figure 5.3: Index Block management.

The following pseudo-code describes an algorithms and the methodology for building M-WTBT
Index structure:

Algorithm 5.1
The Modified WT algorithm steps:

Bnction myr (sequences folder D, WT conversion parameters,

¢ Conversion parameters (1)) {
P through all sequences ( fasta file
open fasta file for read
read file header
set block size for loading according to M (2)
determine number of total block to £ill 1
for each loaded block 1:number of blocks# for
read one block
scan by window size WX
calculate A, C,
calculate {A cof,B cofl RS0
calculate Wsum according to Wt
Store Wsum
€nd$ end forl
for a1l wsum values %$for 2
remove duplicated Wsuml valicy format
Store result list to ¢SV rile
&g ;. Md for send for2
thg P $loop I
functiOn

Algorithm 5.2 ‘//75///

memory size M, window size

lo format at D) %loop 1

T counters
Gz ding to WX




VUL %l
IMdey o

y . 1T VI-WTR
.;n.i‘xu\.lﬂ,' = s S 1
UJ 1 ZL :l_ill{:i'.?t]]",]

The Modified BTree algorithm steps:

.pial paramaters:
: 'Wsum size, LL i ;
un size o ’ Pointer sj
Z}S\XIMIN number of keys at node loge
¢t Wsum {keyvalue, sequence p ol

tation details)

5truc s X Ointer
sexuct item {Wsum, seqg#, pointer NLP) B
PI‘,ces.e:ing‘-'

csv data file
until EOF $%loop 1
read one line contains i
check the tree if Wsum ;:T;eig}l;rev‘?lues
search all values from rixhlfts
if exists then 3%if conditioni g0 dert
add SP to Wsum struct
else add new item to node
end if %if conditionl
end loop %loop 1
(1) Conversion parameters: referring to section 4.].]

open
loop
(Wsum, seq)

| (2) Memory size determines number and size of index blocks

TR,

5,3 Experiments

First output from the first part of the experiment is the transformation of the sequences into distinct
Wsum values, where the WT conversion parameters control this process, as shown in Table 5.2.
First column correspond to the number of the DNA characters and second column shows the
- mmber of the four DNA characters without the N character. All values in Table 5.2 and the next

 fables are in bytes and experiment is done using one W, value =1024.

Table 5.2: Data samples properties, and output Wsum values.

Chromosome Sequence {A,C,G, T} Wsum

18 78,000,000 74,640,000 645,768

20 63,000,000 59,505,520 514,744

22 51,000,000 34,649,979 299,777
Total 192,000,000 | 168,795,499 1,460,289

- Results show that the input data properties highly affect the Wsum output. As if original data has

high degree of repetition the number of distinct Wsum values will decrease.

According to our sample data, we have applied Equations 4.18, and 4.19 referring to Section 4.4.2,

0 calculated required storage space by M-WTBT index structure for two cases (Wsum and Wsum
With position). Columns Equation18 and Equationl9, at Table 5.3, show the output of the two

*Quations, The parameters we used are: chromosome length L,

Wx=1024’ and n=L;- W,.

BTree branches (N)=100,

lues. Last step was to apply the proposed

fion We have built the M-WTBT index using the Wsum va
difference instea

®thancey, : ing the Wsum
7 by e using the wsum values. Table 5.4 shows the

“luny o Table 5.3 is the experiment result
osome Si
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d of the actual value. The last

ze. of each of the four cases: with Wsum

S
DI'Centage, corresponding to the actual chrom
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nhancement’ and the experiments.
¢

.3: Data samples usi :
Téble 53: 818 SEISP s using Bquation 13, g,

%20 and experiment.
\Eq"ation\w E

nh :
18 3,148,187,085 | ¢ ———2ncement | Experiment |

195,394,754
[ g tai 57,037,494
20 2490353771 | o B - (125,007 |

% 41,858,158 80,496,453
22 1,423,041,864 55 |

| %% 52,751,644
Tota 7.061,582,720 2703258349 | 130,505 517 252,076,194

: > —— =N AN V76,
Results obtained by Equation 4.19 are better than that returneq by Equation 4.18, but both are very

Chromosome Equation1§

Jarge compared with the original data size.

Table 5.4: Com aring original data size with index.

Chromosome | Equationl8 _Equation19 Enhancement | Experiment
18 4036% 1533% 73% 152%
20 3953% 1513% 66% 127%
22 2790% 1088% 42% 103%

' Decreasing the number of the Wsum values lead to decrease index size. Using our structure, the
index size is close to the input data size. When applying the enhancement over Wsum values, the
index size become smaller than the input data, as shown by Table 5.4. During analysis at Section
44.2, values at the same sequence have no repetition which causes the large difference between

Equations 4.18, 4.19, and the experiment result.

S0, lets consider the amount of repetition at the same sequence denoted by repetition factor (rf),

and suppose that the total number of Wsum produced by Equation X is: TWsum for the Equation

418, Equation 4.19, and Equation 4.20.

1= T (5.5)
- output value from Experiment

Where.

o] number of Wsum values = TWsum/tf
-S4 Enyj
| Vironment Duo DELL PowerEdge 2950 Inter(R) Xeon®

; . 2
The ®Xperiments were conducted using Intel Core 42 x 2048 KB L2 cache, running Linux 10.2

| U, Bsaqo @2.83 GHz, 7.99GB of main memory a1

(k he 2 6 C++ comp' er 4 2 LlSiI‘lg optimization level,;
gl 18) The was compiled by the gnu il !
X 3 ~ program

fs ;
o apendix C for more details.

7
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5Mem°"y restrictions
5

; > VN Sequences [
memory and long time to accomplish Processing * fike chromosome 20 requires large

- FOI‘ exa .
20,000bp long, will require 366,882,843 byte "Ple @ single human DNA genome, with

3
]’ S (350 MB) of Mmemory for holding {A, B} WT

coefﬁcients.

be extended by vi
qemory can Y Virtual memory set by operating systems parameters. The memory

allowed for C++ 1s set using the parameters at limits.h file and depends on platform (MS Wind
INAoOws,

1[1000] under Ms windows 32 bit

X2y —
. . 1000"32=32MB memory space. This means that comparing large
sequences using the native DNA characters directly is virtually impossible

finox, or MAC). For example, an “int” array defined by [1000
operating system will needs: 1000*

56 Comparing M-WTBT index size

or comparing our work with previous works, it was hard to use standard data samples that are
commonly used as a standard data for Genome DNA indexing and searching. We found it hard to
compare our work with one specific work only, because there are a structure difference always
exists either in sample data, searching method, or index properties. We used another approach of
comparison; we have picked more than one previous work [51, 10, 12, 55, 24] and compared the

common parts.

1) Comparing our work with the work of [51]: they used window size of 500 with 50% overlap
amount, the initial size of the vector file (without compression) is between 5 and 50 % of the

original sequence file size. Our index structure after enhancement, without compression, and with

1 Q . . s e -n
larger window size produces index size around 40-70% of the input sequences size as shown 1

Table 5.4,

Y The work of [10] compared two chromosomes of size 40MB, and it required 400MB free

ion is used or feature
femory. There work used a very large size of memory because no transformation 1s us
ation to minimize
- YeClor to extract main characteristics. And for that we have used transform

i 2.2
"eNory requirements as mentioned at Section 2.2and 2.2

. lexity needed, most
Y Differen OTks off suffix tree [12] shows the high storage space cOmPIEXity

! : d the e
“icient yyori claimed that Suffix tree require /2 s

Wh i e is much smaller t
e, Where n is the input data size- Our index size 1S T
) using more than one Wx value as

nhanced Suffix tree require 8n

han 8n.

Words Tree

4 -
) The work of [55] build a tree (called ACG with Suffix Tree.

Tree
oy Figure 5.4. Figure 5.4 compares AgEIEkor
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Sequence (TL.)

ahase

Figure 5.4: Comparin
g p g number of nodes for ACGT-Words Tree ds
I Tree and Suffix Tree [S5].

for & sequence with length=20000 bp, using n=100 and consider th
; er the re

wewill have the following: petition percentage is 0.4,

nodes Of M- W IB I 20000 0 4= 80 A% |
’I‘he nul‘IleI' Of ( /N) . thh 1S Very small compared with ACG
WOI'dS Tree. Note that the Iepetltlon Of " Ssum values q ill
between seéquences will not add new nodes to

structure, but using the work of Chang, each value is considered a new addition to node even if it is

arepetition.

5) Lastly, the work presented at [24], they have used the human chromosomes 18. 20 and 22 for
experiments. They used the head subsequence of size W, =100, 200, 500, and 1000 from a
thromosome and then deleted the subsequence from the chromosome. Table 5.5 shows results of
the work of [24].

Table 5.5: Efficient similarity search based on indexing in large DNA databases output [24].

Size of window The number of
subsequences
Chromosome 100 2,244,146
18 200 2,243,946
500 2,243,346
1000 2,242,346
100 1,702,151
Chromosome 55 1701752
20 500 1,701,152
1000 el 700, 020
100 3,661,382
Chromosome 50 361,182
22 500 3,660,582
1000 | 365958 |

=1000, for chromosomes 18, 20, and 22 we found the

Mhere we compared our work using Wx
fOH()Wing:
Teble 5.6 shows the percentage of number of subsequences produced our work according to number

of
Wbsequences produced by Jeong work.

Seon Jeong and M-WTBT.

Tab
(856 Comparing the number of subsequences of In-
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chapter 6

Discussion and Conclusiong

o reduce number of I/O operations.

. is dedicated to summari
s chapter Summarize the results anq ideas presented in the previ h
ous chapters, as

yell as the conclusions that can be derived from the gathered and collated dat
ed data.

Experiments results show the advantage of multiple fields over single field indexing for h
. I | searc
ime, even if special index type, like full-text, is used. Choosing the type of the index must consid

| ‘ | 1aer
ie nature of the input data. Special type indexing based on previous knowledge of the data

poperties will produces best storage space, search time, and enhance data transformation

After analysis for Genome DNA sequence properties, BTree index is used to hold the transformed
data (Wsum) instead of B+Tree, with modification, to reduce index size. Comparing M-WTBT with
Iree based indexing, where no transformation is used (where W, is variable and parameters Li, n, X,
N, and Wsum size are fixed), reveals the advantages of our index structure over Tree based

indexing,

The building of index system has a set of factors affecting the structure, input data properties,
%anning method, data transformation, and searching. Concerning the M-WTBT, increasing W

Value will increase index size and decreases 1/O operations; however, its value must be selected

teording to query length.
owing: parallel processing, similarity

Using more than one 7, value enhances index structure by all
s with different lengths.

¥aching, multi-resolution intersection candidates, and handle querie

g, the use of Wsum position enhance

Bract matching is the final stage of searching for exact matchin .
g, our structure is easily adapted

the ®fficiency while increasing index size. For approximate matchin
fo :

Methods used for approximate alignment.
e compared with Tree based

i . e Siz
i shows that our index structure occupied less Stor2g
ults reveal the

conclude that our i

i“dex' : decreasing in storage size
4 ; : ’
"8 while changing W, value. Experiment I

ac(:()r 2
Ging to Wsum repetition at one sequence: e

By
- than index structure built without character tr

ndex structure is more

ansformation.
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;);r e following variables that can be tuneq and changed:
»  Window value ¥, and the totg] number of resolution,
= The modified BTree branches and number of Jevels I
= The use of N-gram WT instead of |

-gram WT, where index size will reduce for
higher N value.

= Available memory size to determine index block and node size

Bl coarch instead of exact searching by: increasing amount of
overlapping and using K-NN for distance measurement, and setting WT conversion

parameters values so as allowing a range values for Wsum.

The suggested enhancement to reduce index size by storing Wsum difference, instead of the actual
lsum value, where applicable reduces index size heavily as shown by Section 5.2. We suggest two
ways of using the Wsum difference: either using Wsum value at root node only or using Wsum at
ot and ‘even’ level numbers as shown by Figure 4.11 and 4.12. Both methods will reduce index

size while require a little calculations using the sum function.

Atthe end of this study, we conclude that any index structure, for a huge size data, will contains the
min functions shown in Figure 6.1. This figure shows the general characteristic of indexing

System.

fora huge size input data, mostly the data is less in size than index, so why not loading data instead

i tail
" the index. Loading input data require scanning all data files (see Appendix E for more details
i d it is a slow

oyt Genome sequence file format), which require storage and search time cost an
example consider the process of one

P¥ation. Data jtem size is larger than index item SIZe, for
x systems allow a set of processes to

FAST : . de. And inde
oy T g n original format, like partially

Mang e s 1o the actual dafa i
- i & pord fo e o plicate easily, analysis,..etc.

3 i oving du
= according to a specific criteria, parallel processing, rem g | .
fully considering its properties.

a feedback. Feedback is the

perties (like size, range of

I . in. and care
M data Iequire transformation to more efficient domain, '
at can be tuned using

i . ntro
ng Process between indexing and transformation to cO

Valu : ;
& Single/ composite index field, and index type)-
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inary Tree

Index optiong ﬁfree
B

s Index databage

7|

Load index
partialty/parallel

Searching

N

O New query
Output [Length

Figure 6.1: Overall indexing structure.

for new query searching, transformation is the first step to work on domain more suitable to index

suctured followed. Then index block/s, which containing the desired Wsum value/s, will be loaded

o memory.

We can conclude as a result of this work, that indexing system enhances the overall application
performance. A set of factors, related to input data and index construction, need to be considered to

mprove index structure to achieve better storage space and search time.

Suggestions for future work
This section introduces an additional work that could be done at a later date to build upon the

tment research. A number of open issues that arise during the development of our work that needs
further studying and completion.

i i ing the
The first topic is to update the NLP to be implemented using displacement. Concerning

i t instead of the
"Wiified BTree, the next level pointer NLP can be changed to use displacement in

0l pointer for each link as the following figure shows:

,pate poinfers
with (Iisplacemeuf seperafe P

inter size.
o reduce pol
g Iacement t

e use of disp
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~ e p().ll e an I

es ace than if we used a separ .
Jorage SP Parate pointer fo, ¢ach noq
wn from Fj
gure 6.2,

e work is to consider building tree of permutati
10ns, in

. St .
iic I value using the tree structure shown g Figure 6.3 *ad of using sliding window, for a
€0.3. c

e w=3, S= {AACT}, all permutationg from the ch
chars

\ih AAC, CAS, AAG, AGA, AGA, GAA, AAT, .. efc tA, C, G, T} are dxdxdxd=256:

4 EVC 1 e 1o ; i y
V I‘Ol’n,

phalanced tree with depth = W-1 (for example = 3 for S={AACT})

The cost for a new query = Window size (W)  branch factor
Baefor S e (6.1)
ind the database index size = (4 ") + pointers field size
....................................... (6.2)

bea boc abe

N

beh bee bdb bde

Figure 6.3: Radix Tree.

o Using WT with binary masks is another suggested work. While moving the window Wy over

the g
(g .
Quences, uses binary masks for each chars:

“As) o
bmafy mask that put 1only for ‘A’ character.

“Cu b.
hary mask that put only for ‘C character.

“G” b.
Mary mask that put lonly for ‘G’ character.

e
Nary mask that put lonly for “T” charactet.

i
“mple: By W=16, for S = {AACGGTCGTA GTTACG}

Ve
1:“ ) L — 8+65536
A" mask = "1100000001000100" =+ 3‘”3276

(wf__huSu:&\!i‘r"zl BHLEL ONClusions ﬁ

8
| B



r

p 5" mask = "0010001000000010" = 4+1024+16384

J« mask = "0001100100100001 "=

" o mask = "0000010010011000"

: i ssibility is .
yothe! interesting PO Y 15 to use W, values Intersection, Whep seq hi
| TChing database se
quences

Maquﬂy sequence, take different 17, values for the query,
Example:

. {GCCTGCAACGGTTACGATCTCC}, S length (n) =22

ssover S by window Wx =4 from location ‘0’ to location '0/2’, this will result by X candidat
es.

B OVer S by window Wy =8 for the chars from location 1/2 to location n-1, this will result by Y
adidates. Then consider take intersection between the candidates X and Y and do database

derence for final check.

\ote: Consider why using n/2 or another value and if one of the two the windows (i.c. the substring

wilt from /7, =4 and W, =8) is a prefix of the other one.

(e particularly interesting concept is to use parallel processing for query searching when check for
niching. Check query sequence from right side and from left side for prefix substring. Consider
ing three substrings for matching, from the beginning, from the middle, and from the end of

| Xquence,

o exact matching, during the last step of our work, use Sequence exact matching using curve.

Unsider using the curve for alignment as the Figure 6.4 shows, put A.CG,T in 2-D axis by give

it to each char (A:1, B:2, C:-1,G:-2). For example S={AACGGAATTTTCGG}.

picEm————

D

1.5 +—-——
Tl o8

ST ——Seriesl
@) S

-0.5 A0
st
foRel

ing curve.
ues before filling the modified

5 O S

e | : size.
*Index structure could lead further decrease of index
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Appendiceg
adix A Tree number of nodes [Section 4 4

‘ . 'vation for the nu f
! llow 1S the der1 mber OI nodes ata tree. For atr I 1
oye (L) and the numbe
r of

pandes 8 s

Number of nodes
gl

4:1+N
13:1+N+N"2
40:1+N+N 2+NA3

5669 1+N+NA2+ s +N/\(L_1)

vt 1]

T this can be proved by suppose this is valid and check it vice

al number of nodes =

16153

o g )
N-—1

liply both sides with (N —1)

-+ N+ V2 + ..+ N*y =[N* - 1]

lhen,

R - N - N> —...—N-'=NI-1.....2)
ttlefe terms from N' to N*~' from left side ,what left is :
B g

l+N'+N2 N =

v -1

Ttis means that the suggestion is valid and total number of nodes = T

92




B Equation 4.18, Equation 4.19

eq

1.3317E+304
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q N 4.20 resyjts [Section 4.5 1]
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| 2.1 304.1244047 | 1128055222
| 304.1244047 |




p:i':) 12.1.6.5] ' MYsQL 5 and Oracle 1¢

bles st index types for the following RDMS: Mss g
p \ QL server 2005 MYSQL, ang
gl Serve! 2008 > 41¢ Oracle

] =
- . e
lﬂd::a typ A clustered index sorts and stores the data]r)o‘::sc l;}:tmn

he tab] et 2
index key. The clustered index is implemented a5 aB © Or View in order by

of the rows, based on their clustereq index key values

sed on the clustered

~tree i
ndex structyre that supports fast retrieva]

any particular order unless a clustered index is created on the table

g A unique index ensures that the index key contains no duplicate values and therefore every row in
the table or view is in some way unique.

Both clustered and nonclustered indexes can be unique.

iy with | A nonclustered index that is extended to include nonkey columns in addition to the key columns

auded

lmns

fillext A special type of token-based functional index that is built and maintained by the Microsoft Full-
Text Engine for SQL Server. It provides efficient support for sophisticated word searches in
character string data.

St A spatial index provides the ability to perform certain operations more efficiently on spatial objects
(spatial data) in a column of the geometry data type. The spatial index reduces the number of objects
on which relatively costly spatial operations need to be applied.

e An optimized nonclustered index, especially suited to cover queries that select from a well-defined

; , : I-designed
subset of data. It uses a filter predicate to index a portion of rows in the table. A well-desig

i i reduce index
filtered index can improve query performance, reduce index maintenance COSts, and
storage costs compared with full-table indexes.

: jects (BL
' A shredded, and persisted, representation of the XML binary large objects (

OBs) in the xml data

type column.
hﬁ"ﬂ]fly]dex type DescriptiOEn I1 columns in the key must be defined
a
Y Indexes is an index implies that all the columns are UNIQUY, KEY
AR
by as NOT NULL, a table can only have o PRII\;I is not allowed.
. i
eKey IndeXes All Va]ues at the ﬁeld are unique, dupllcated yans /
Mk“*"ﬁ Ms : 175049.aspx, 2011- :
t DN, Types of indexes, http://msdn.microsoﬁ.com/en-us/lnbraf)’/ 5 net/mysql-faCIS/ '"dexeS/How-many
Ifags-
p:/fwww.mysd

e ed gy
”‘anaef:i“" How many types of indexes or keys are in MySQL?.
OFF eys-are-in-MySQL, 2011.
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3 Oracle, oracle 10G Release 2

[ndex type

lindexes | By default, Oracle Database creates B

Description
-tree indexes,

which store rowids associated with 5 key value as a bitmap
Which consist of partitions containing an entry for each va

lue that appears in the indexed column(s)
of the table

Which are based on expressions, They enable you to construct queries that evaluate the value

in or user-defined functions.
Which are instances of an application-specific index of type index type"

returned by an expression, which in turn may include built-

e

tm.
hemaoosh
/b14196/sC

server,102
Managing Indexes http://download.oracle.com/docs/cd/B1 9306_01/
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APIP endix D. Optimization in gcg [Section 5

fn this article, we explore the OPtimization ey,

i Is provid y
including the specific optimizationg Provided ip gy, ed by the GcC compiler toolchain,

4]

A : ; ch. We also identi ST .
explicit specifications, Including some With archjte ntify optimizations that it

ease, od el

Levels of Optimization:

Level 1 (-O1)

The purpose of the first level of optimization is to produce an optimized image in a short amount of
time. These optimizations typically don't require significant amounts of compile time to complete.
Level 1 also has two sometimes conflicting goals. These goals are to reduce the size of the compiled
code while increasing its performance. The set of optimizations provided in -O1 support these
goals, in most cases. The first level of optimization is enabled as:

gcc -01 -o test test.c

Any optimization can be enabled outside of any level simply by specifying its name with the -f
prefix, as:

eSS fdefer—pop -0 test test.c

We also could enable level 1 optimization and then disable any particular optimization using the -
fno- prefix, like this:

gcec -01 ~fno-defer-pop -o test test.c

This command would enable the first level of optimization and then specifically disable the defer-

POp optimization,

Leve12(-02) A
e A

The second Level of optimization performs all other supported optimizations within the given

the two objectives. For
chitectyre that do not involve a space-speed trade-off, a balance between e. dJ ' -
i 1Z€ wil
®Xample, | i d function inlining, which have the effect of increasing code s
» 100p unrolling an ’

. The secon
oo otentially making the code faster, are not performed

e 0o

d level is enabled as:

BONEESE test.c

: 2005.
i . icle/7269, Jan 26,
M Tim Joneg, Optimization in GCC, http://www.linuxjournal.com/articie
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11\:11 BT : 1 i :
Apl | shows the level -02 Optimizatjong, The ’level'

Table

TR T
ﬁmizations’ plus a large number o oo Optimizatiopng Include al] of the -0O1
| op &

fevel 25 (COS)

evel is enabled as:

gcc BUERseORtESE test . ¢

[ngee 3.2.2, reorder-blocks is enabled at -Os, but in gee 3.3.2 reorder-blocks is disabled

Level 3 (-03)

The third and highest level enables even more optimizations (Table 1) by putting emphasis on speed
over size. This includes optimizations enabled at -2 and rename-register. The optimization inline-
functions also is enabled here, which can increase performance but also can drastically increase the

size of the object, depending upon the functions that are inlined. The third level is enabled as:

gcc -03 -o test test.c

Although -O3 can produce fast code, the increase in the size of the image can have adverse effects
on its speed. For example, if the size of the image exceeds the size of the available instruction
tache, severe performance penalties can be observed. Therefore, it may be better simply to compile

a-02 to increase the chances that the image fits in the instruction cache.

97




yppendice

pendix E.Genome DNA Sequence for

S

e

: Mats [Chapt
: er 6
%ﬂ@ ilulsi Description ]
F/— Yes | No GCG 9.x and 10 x format with the format ang
R on the first [ and sequence type identifieq
Irst line of the fj)e. GCG 8.x f
gcgs first line containjpe v » ; X Tormat where anything up to the
aining ", " jg considered g heading, an the remainder
sequence data. SL 18
No EMBL entry g i :
emb/l’ 5 £ g cluding al] " the fields in the [ategt release
it ormat. The Stadep package anq others use EMBJ, or similar formats
for sequence data.
iss Yes | No SWISSPROT entry format, including all the fields in the latest release
” format.
s
swissprot
i Yes | No NBRF (PIR) format, as useq in the PIR database sequence files. This
gt format was used for some Years as an interchange format with the
reference data followed by the sequence data. This unofficial PIR
format is what EMBOSS supports. If there is enough interest, we can
also use NBRF database format with separate files for sequence (the
main EMBOSS input/output) and for features, Documentation of this
format is hard to find, but we do have a copy from PIR. The sequence
files include the ID and description but no citation or feature
information.
| pdb No No PDB protein databank format ATOM lines
pdbseq No No PDB protein databank format SEQRES lines
pdbnuc No No PDB protein databank format nucleotide ATOM lines
pdbnucseq | No No PDB protein databank format nucleotide SEQRES lines .
fasta Yes | No FASTA format with optional accession number and database name in
identifier. e
nchi NCBI style included as part of the sequence identifier . g
. , id description
>database | accession
g description
>name
or
>name accession description =
P | - : I-style GIs (alias
D T T FASTA format including NCBI-sty essing of the "ID" eg:
: rther proc
W Yes | No FASTA format with no fu description
>name ; unwanted way,
ncbi format interprets the ID in an
Used where fasta or ing stage of reading these files.
. ID parsin
. this format skips the further 1 P uality scores
e ignoring q
fatg No [ No FASTAQ short read format 121 e
m hort read format with phred @
No No FASTQ sho
Snger
N _ 1t read format
- o v FASTQ [llumina 1.3 sho
l""mina —/’’—"’/_______,,/——’——""4
4




refseqp e Refseq protein entry format

genpept e | No Refseq protein entry format (aljas)

data Yes | No Codata entry format

rider st | No DNA strider output format

Tustal Yes | No Clustalw ALN (multiple alignment) format.

aln

ohylip Yes | Yes Phylip interleaved ang non-interleaved formats

phylipnon Yes | Yes Phylip non-interleaveq format

Yes | No ACEDB sequence format

dbid Yes | No FASTA format variant with Database name first, then ID name then
éil optional accession number eg:
>database name description
or
>database name accession description

msf Yes | No Wisconsin Package GCG MSF (mutiple sequence file) file format

hennig86 | Yes | No Hennig86 output format

jackknifer | Yes | No Jackknifer interleaved and non-interleaved formats

nexus Yes | No Nexus/paup interleaved format

paup

freecon Yes | No Treecon output format

mega Yes | No Mega interleaved and non-interleaved formats

igstrict Yes | No Intelligenetics sequence format strict parser

ig\ Yes | No Intelligenetics sequence format

W Yes | No This format is actually obsolete, the latest version of the Staden
package does not support it anymore (see "experiment" format for t}'1e
new Staden package format). Staden format was a just the sequc?nce In
simple text with, optionally, comments at any pf)Sithrl lfl =
sequence. When EMBOSS reads in "staden" format, it I.'eco'gmzes :
comment at the top of the sequence as the sequence dientifier zfn
removes any comments inside the sequence. Some :ltematlve
nucleotide ambiguity codes are used and should be converted. =

te’“\ Y : s is the format with no format. The whole of the file '15

es | No Plain text. This 1 . se the file contents in
g read in as a sequence. No attempt IS macelohes

i ce
i included in the sequence, .
L re that the mnpu

even digits and punctuation. Use t
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Yes

Yes

Yes

No

No

GFF3 feature file With sequence

No

Stockholm (pfam) format

Yes

No

fitch

Yes

No

Fitch program format

mase

Yes

No

Mase program format

raw

No

No

Like text/plain format except that it removes any whitespace or digits,
accepts only alphabetic characters and rejects anything else. This
means that it is safer to use this format than plain format. If you have
digits and spaces or TAB characters, these are removed and ignored. If
you have other non-alphabetic characters (for example, punctuation
characters), then the sequence will be rejected as erroneous. Gap

characters, '-', and translated STOP codon characters "*' are legal.

experiment

abi

Yes

No

The Staden package stores single sequencing experiment reads in a
format derived from EMBL. All EMBL tags are allowed, plus many
extras. Unusually, the extra tags are allowed to continue beyond the '//'
line which only marks the end of the sequence. The "EX" experiment
line is used to create a sequence description. Accuracy values are

stored, or at least the largest value for each sequence position. To date

no EMBOSS program is using these values.

Yes

No

ABI trace file format. This is the format of file produced by ABI
sequencing machines. It contains the 'trace data’ i.e. the probabilities
of the 4 bases along the sequencing run, together with the sequence, as
deduced from that data. The sequence information is what is normally

read in and used by EMBOSS programs, although the trace data is

iali 0SS
available and may be utilised by some specialised EMB

programs.

The code for thi 3
e
with a description of ABI trace 1

ﬂp'//saf.bio.caltech.edu/pub/soﬂware/molbio/abitools.ZIp T

s is heavily based on David Mathog's fortran library
format  (abi.txt):
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idices.

T1 and T2 analysis [Section 4

Note: appendices D, E, and F are taken from references without any modifications
(1) Note: , E,

s 3]
B

Ppend'XR1 R2 E%
10000 12000 i,
11000 13000 oo |10
12000 14000 B
13000 15000 st e, —
14000 16000 e
15000 17000 e
16000 18000 B
17000 19000 e
18000 20000 S
19000 21000 e
20000 22000 i
21000 23000 e
22000 24000 i
120000000 | 12000000000 32 | 12008888888
120000000 | 12000000000 T

101

[T

\

3.8592E+11
1.9392E+11

| 3.84E+11 |

R

Bt

\
\
\
\

0.055555556
0.051282051
0.047619048
0.044444444
0.041666667
0.039215686
0.037037037
0.035087719
0.033333333
0.031746032
0.03030303
0.028985507

0.027777778
\

0.33

| 0495 |
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