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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 l/O operations. l/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 l/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 l/0 

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 l/0 accesses. 

1/0 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. 



er l, Introduction 

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 1/0 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 1/0 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. 
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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 

ifwe 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 I/0 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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summation., hum), the amount of collision will be reduced using an enhancement to reduce number 
of /O operations. 

Secondly, the sum values will be loaded into modified BTree structure for indexing and searching. 
The modified BTree structure is used for efficient storage space, searching time and after evaluation. 
To save index storage space, an enhancement is introduced by storing sum difference instead of 
the actual Wsum values. For a query searching, fuU 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. Our 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. 
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We proposed our index structure "M-WTBT" in more details at Chapter 4. An implementation and 

set of experiments to compare the total size with other methods for the same Genome DNA 
sequences is accomplished at Chapter5. 

Chapter 6 concludes the thesis with a brief discussion of the achieved results and gives some outlook 
for future work. 
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Chapter 2 

Background and previous 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 lbyte. The 

main Genome database systems are: 

" Nucleic Acid: EMBL", DDJB", GenBANKF. 

" Protein: Swiss-Prot, Protein Information Resources (PIR)''. 

• ~ . tt NCBI: The National Center for Biotechnology Information . 

GenBank database has reached 85Gbp at 2008 F 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/ 
'" http://pir.georgetown.edu/ 
" http://www.ncbi.nlm.nih.gov/ . b: ik/S 
' NCBIGenebank, http://www.ncbi.nlm.nih.gov/Genban} >- 
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DNA consists of too long chains 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 units 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;\.[S;/) 

. . 

time complexity and O(!S1l+IS2I_) space complexity in simple matching algorithm. 

For example: if Si= {GGCGTTAGAAGCGTTTCA}, and Ci= {A, C, G, T}, we want to do 

searching for Q1= {AAGCGTTT}, and Q2= {GTTCGATG} over-Si for full matching only. 

Finding longest match require passing Q1 over the total length of S, and each pass consider 

one character from Q1 for matching. So the big O notation will be O (S; + W), and the same is 
true for the second query (Q2). 

Database growth (as of June'2010) 
-----------------------! 14000000 140,000,000,000 

.) \ZUQ(QQ(() 120,000,000,000 

~ ~ ' f ' 10000000 @! ] 100,000,000,000 c 
~ ~ 
] 80,000,000,000 -------------------1.,,_--j sooooooo ~ 
52 t -----------------~-p"-----1 60000000 -~ .2 60,000,000,000 s E 40000000 ~ "iu 40,000,000,000 

~ 

®-Nucleotides 
=Entries 

-------------~~!:...---------1 20000000 20,000,000,000 

· d t due to next-generation sequencing technologies [13]. Figure 2.1: Exponential growth of genetic a a 

· ith a huge amount of data, like books, portal Different applications and search engines w 
er queries quickly in spite of the huge data systems and genome sequences, must answ . . 

' : fc different applications, must use mdexmg structure amount. Processing large size data, or 1 e 

nowadays to achieve a good performance. 
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Direct access to data file require: I/O · • · 
s operations to access the disk, which is slower than 

accessing in the main memory· The total disk access time equals the "Seek time + rotational 
delay", where both are dynamic functions and take a long time. Different levels and types of 

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 (1/0 

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;={c1, c2, ... ,ex}, We want to search for a pattern Q,, or a query, of length 
[O/ at the texts S,. 

256 bytes 

16 Kbytes 

256 Kbytes 

512 Mbytes 

16 Mbyte 

80 Gbytes 

20 Tbytes 

CPU registers - 0.5 ns L 
cPu control unit' words - 2/ 4 bytes 

LI Cache Memory - 1 ns ~, 
Primary Cache Controller) lines - 32 bytes 

LIl Cache Memory - 2.5 ns ~ 
secondary Cache Controller\ lines - 32 bytes 

Main Memory - 1 O ns ~"- 
Memory Management Unit) pages - 4 Kbytes 

Disk Cache - 10 ns ~ 
" nssocurse ocks- 4 Kbytes 

Disk Storage- 1 O ms ~ 
Administrative staff J files - Mbytes 

Tape Backup- 10 min [ 

M Y Hierarchy at different layers [55]. Figure 2.2: temor 
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2.1.1 Sequence searching methods 

Sequence searching field has vast a 1 
arge number of researches and extensively studied in last 

years. Concerning the Genome DNA • 
sequences most works are based on transforming the 

sequence and building index stru t h · · cture on the transformed format. Efficient searching 
technique need to work on efficient · d . · · 

m ex stmcture, 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]+[W]) complexity, for a two substrings Sand 

W, which is a long time. Other method (using indexing) takes approximately O([S]+£) where 
£ is the number of times pattern W 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 

f~ · · t d f trieving original larger data using direct access. In most cases, the efficient way instea ot retr 

· d · · II · h aller in size than the original data. But it depends on the used Index size typica!y 1s muci sm 
• • c I the inverted file index size is larger than the data. Building method for indexing, for example 

· d t d tabase system can be categories into two methods, either mdex structure on data store a a a 

vector based indexing or distance based indexing. 

. . . befc b ilding the index, the original data is transformed to a Vector based indexing [45]: vetore u 
• thods like Wavelet transformation and Burrows- new format using transformation me 

. • d structure builds upon the new transformed data from Wheeler Transformation. The m ex . . . . . 
. • ll d a feature representation of ongmal data. Picking the original sequences, which is call© 
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the transformation method is im 
· Iportant and related to the type of the data. Data 

compression can be used either befc 
ore the transformation of the original data or after the 

transformation on the new feature d ' 
. ata. When comparing by a new query for matching, 

the distance function used reflect the ,- 
ct 1e real distance from the original data. Most distance 

functions used for vector based · d · 
m exmg are less than or equal the edit distance ( discussed 

later), in other words a lower bound to edit distance. 

• Distance based indexing [3 51] · d t b · · · • i» 1atabase items are put into categories; each category has 
one item 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 ,), 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: 

b f didates will optimize the number of I/0 • Filtration step: decreasing num er O can 
• f h 1 size of original data needed to be referenced which is not operations because o t e arge 

loaded at memory. 

hed text (Genome DNA sequence): The DNA query • The effect of query length on searc 
. . · d w W, for word-based indexing) affects mainly the 

length (related to the sliding win O x 

. . . h d Increase W, value will increase index size, Section 
index size and the searching methoi. 
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3.6. Searching the database index · w 
usmg x value for a query with length 2W, can be done 

in parallel by splitting query into two equal parts and do intersection between candidates. 

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

searching can be done more than one time using different W, values (W, and 2 W,). 
Then intersecting between candidates will be applicable to reduce I/O operations. 

• Index size must 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 /ID F Distance [73]. 

Edit distance measured by the number of operations needed to transform a sequence S to 

become identical to sequence W for any two sequences S, and W with lengths [S], and I Wj. 

The main problem with ED is the high complexity, 0( I SI · I 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: lengths are ISi, and [W]. Two sequences (Sand W) sequences, 

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

Process: 
If LS=O then return LQ. 

If LQ=O then return LS .. of size (ISi rows, IWI columns). 
Construct comparison matrix and first column with S chars. 
Fill first row with W chars, 
Loop i = 1 to ISi 

Lop J. = 1 to [WI 
o S[i] <> W[j] as Compare _ W [ . ] ) {cost = O} else { cost = 1} 

(if sIil,-atrix cell dli,j] = MIN of( 
Now store value a 

M[i-1,j) + 1 OR 
M[i,j-l] +1 OR 
M[i-l,j-1]+cost 

at ct [ I s I , I WI ] Return distance 
11 



The main application domain for ED · s . 
is pell checking [73], Speech recognition, Handwriting 

Recognition, DNA analysis, Plagiari: p • . . . 
> r1Sm Jetection, File Revision (track changes), and Remote 

Screen Update (remote updates from more tha ) none user. 

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

say that for three strings S7.S> and Sy, if D(S,,$5) > D(S,,S,), then ED(S,,8%) > ED(S,,S5) ) for 
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. 

For a given range from a given distance value, find all the 2. Range queries: 
'thi: thi: range, no matter of the numbers of returned sequences that are within us • 

sequences. 

d ueries are related to similarity threshold value The use of both methods, KNN an range q ' . . . 
rk we do exact measurement not similarity specified according to user needs. For our wo 

measurement so none of these methods will be used. 
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2.1.4 Sequential scan methods: 

Sequential scan means to scan each dat . 
. . . a record, startmg from first location till the end, for 

comparison. We will introduce the main 
. . methods used for sequential scan of Genome DNA 

sequences, which include Basic Local Ali . . · lgnment Search Tool (BLAST), Dynamic 
programming, Pair wise Sequence Similarity Bi 1 Y, mary masks, Multi-Resolution index Structure 
(MRS), Random Access Blocked Inverted index (RABI) S lf . d . . . , e -m ex, and Scalmg mdexmg. 

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 t, continue searching after the exact match at 

both direction, left and right, for distance more than i and before i-w till threshold t 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 

BLOSUM62 [16]) and different databases (NCBI, SWISS-PROT, and GenPept). 

BLAST has a set of variations like Nucleotide-nucleotide BLAST (blastn), Protein-protein 

B . · ·fi It rative BLAST (PSI-BLAST), Nucleotide 6-frame LAST (blastp), Position-Specific te 

b. h. ·irginia.edu/fasta_www2/fasta_list2.shtml, 2006. • jja,http://fastaanochvnt s 
FAST A Sequence Comparison at the U. ofVirgm ' · 
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translation-protein (blastx) Nu 1 . • cleotide 6-frame tr ­ 
nucleotide 6-frame translation (tbl ranslation-nucleotide (tblastx), Protein- 

astn), large numb f 
. . . ers O query sequences (megablast). 

Below is a little introduction about some of the BLAST . . variations [31, 61]: 
■ Blastn: This program search 

for a DNA sequence, it returns the most similar 
sequences to a given query. 

■ Blastp: This program is similar to Blast b . . 
DNA 

' ut It works for protem sequences instead of 
sequences. 

■ PSI-BLAST: This program is used to fi d . . 
in 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 t d d . . s an ar protem-protem BLAST. 

■ Tblastx: This program is the slowest of the BLAST .c-. ·1 d . . family an 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 0(1 SI· I WI) for two 

strings S and W of lengths [S] and [W]. And for database comparisons Dynamic programming 

needs a matrix of size I Six [W\. 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 
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 · t d thr h the whole sequences length, where the number of possible process 1s repea e oug 
alignme 5 • 1 · th length of the sequences. This method called pair wise 

ents is exponential in 1e 

comparison [24, 45] with O( I S; I · I w I ) space and time complexity, for two sequences S, and 

W with length [S/ and [W]. 
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The comparison between the two h · · c aracters can be measured by two methods. First method is 
a match or not matches betwee th t n e wo compared characters between sequences. Second 
method is a similarity score value from 0 t 1 sh f :hi: :. 5. ·4l, 5 o shows percentage o) 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 r Binary masks [30], M,, M5...M, of size m, to move through S of size n, by word 

size W,. The complexity of binary masks is O(nmr/,). 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 'Wx1, 

Wx2, .W,'. The window will slides c 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 Wx1 till Wxj• 

Figure 2.4 shows the final structure after applying W, over all sequences using MRS method. 

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

sequences (s] till sd) and scanning using all window sizes (W;; 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 full 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 ST 
C .J j .J J 

Size= Wx1 
p> 

) 

Sliding c times r II 
I - - 

I 

Size= Wx1 
r--- 

L~--___. __ 
Bounding Box 
of capacity c 

Bounding Box 
of capacity c 

Figure 2.3: MRS internal nodes structure. 

11,1 T1,2 T1,a 

□□ ... □ □□ ... □ □□ ... □ R Wxl 

T 2 ,1 T 2,2 T 2,a 

□□ ... □oo ... □ □□ ... □

Wxi 

Tj,1 T)2 

DD ... □ □□ ... □
for d sequences and j window sizes. 

F. 2.4; MRS index structure o gure. · 

16 



• fop ?-J3cl gro] id A 
Chap4I % tCh±fotu and_previous v ·] = - .S WOT'K 

-=-=------------------ 

RABI method solves two problems· Th hi · e 1igh storage overhead and considering search query 
structure with differentiation bet h ween s ort and long queries. This method follows blocked 
inverted index with skipping ap h proac and propose the random access blocked inverted index 
(RABI) which enhance space and t ffi . . storage el ficiency. This method divides index into blocks 
and do compression to different part f th bl · · · · sol e tock using encoding method. For compression it 
uses Binary Interpolative Coding (BIC) h d · met o . 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 Wat 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[l, .. ,n] using Burrows-Wheeler Transform (BWT) to produce L (the permutations of T), 

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 

S f · t if the data exhibits a lot of local correlations, then these integers tend to equence o m egers; 
be small.") on L to produce L'. Then apply run-length encoding on L' to produce L''. Last 

t · 1 · bl 1 gth prefix code This work [28] shows the advantages of using step is to apply varial te-ten! 

FM · d · h h dd't' f adding delimiters. FM-index is a CPU intensive process; so the -Inlex witl the a {11on o 

use of parallel processing can enhance the performance. 
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hapter 2: Background and previous ] -le .SWOT 

FM-index is a sort of compressed suffi 
. • IX array that takes advantage of the data compression 

properties in order to minimize spa ·] ace cose to the best. It is difficult to build the FM-index for 
large text because of the large me . • mory requirement. To overcome this limitation, a large text 
is split according to an overlapping. 

Mathematical expression indexing 

Handle mathematical structural text d th · · · · an mat ematical operation [26] by mdexmg real-world 
scientific documents containing mathematical notation based on full text searching. The 
mathematical indexing address the .:- 11 · · · · · 1ol1owing 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 DA WG [23]. DA WG 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 W,. 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] 

/ 

FAIL after point '4' 
Wx 

5. S=[ACCACAACCAAC] 
6. S=[ACCACAACCAAC] 
7. S=[ACCACAACCAAC] 
8. S=[ACCACAACCAAC] 
9. S=[ACCACAACCAAC] 
10. S=[ACCACAACCAAC] 
11. S=[ACCACAACCAAC] 

Figure 2.5: BNDM example for sequence S to search for Query [AACCAAC). 

Scaling indexing: 

Th . ] th d based on enlarging or shrinking W, value until an extent e scalmg pattern [27 me o 
. . d • d ing this pattern. Scaling indexing is almost the same as 

match is founded. to buil index us 
' :. fc processing step and O([W\+M+logm) time for query 

suffix array. It takes O([S/) time tor 
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searching step where [S,/: length »f 0 sequence, [W]: the query w length, M: the locations query 
W exists at in different sequences . 1 h sm: 1engtl of [S/ 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] f N h · · h • o characters, processed for searching starts wit 
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: 

■ Full 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. 

Th. ki d f A h Lucence and Jena development kits [http://lucene.apache.org/]. is 't mate use o: pacne 

I anking between documents that meet the query, which may be They work to get a re evancy r 

f d t This kit is a sample of development kits used for met by large number o; iocumens. 
. . h' k't ess depend on relevancy ranking rather than accurate evaluatmg mdex structure, t is at proc 

matching. 

File signature 
· 1 bl ks· each block contains a number of distinct words 

The text is divided into a set of logical Loci 3, . • 
b 3f distinct words determines signature width. The 

which is called the signature. The numver 0 
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word yields the word signature which : ic is a set of bits. The use of signature of files allows the 
use of parallel hardware architecture [27 . , 67] for full text searching. This method control false 
drops, uses a suitable hashing functi • on with buffer, and it has a good storage overhead. The 
parallel process can be applied for · processing database documents and between documents 
too. It provide an option for don't care characte if· ed . cters, 1} nee ed. 

The Genome database containing G enome DNA sequences of different lengths, while file 
signature need database records to b f h e o t e same length [60] to have a good performance. 
The signature width needs to be c · d d onsi ere carefully as DNA sequence has variant lengths, 
there is a maximum length and minimum length thr gh th h 1 ou e w o e sequences. 

If it is set to the maximum DNA seque 1 gth h · d · · · nce teng , 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 0( n - log n) time complexity and O(n) space 

C 1 
·t Siuffi: and Suffix tree are suitable for pattern searching. A Compressed 

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

(BWT 
• 

1 
· O( (1 g n) ) The main function of compressed Suffix Array 

) with complexity n(to£,s ' 

d 
. 1 orithm using terminators. Notice that the complexity for 

epends on developing a new a g 
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compressed suffix array is less than th t f 
a or suffix array. (Conventional suffix tree and array 

takes 0( n · log n )). 

Suffix array scans the database usin a · d . g window (W, with overlapping amount A) and count 
repetition of all possible k-tuples of width 1 't equal W,. It stores result at a vector of size a- k (o 
referred to the alphabet chars A C G T) Th · · ' , , · en it mdexes those vectors in hierarchical binary 
tree. To compare new query with th ose vectors, Suffix array uses ED distance method. Suffix 
array is 25 to 50 times faster than BLAST Di d · . hsa'vantage 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 0( n • log n ) 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. 

S h d l
.k h k f [40] try making enhancement for the Suffix tree constructing ome met o s, 1 e t e wor O 3 

h d 
· h d · 1 than the available memory. Suffix tree belong to full-text 

metho witl lata size arger 
· d · • ak · d f all different substring of the input sequence and produce indexing, this type ma e index tor 
suffix tree with size larger than the input sequences size. 

. lik Genome databases old methods performance for 
As the size of input data increases, 1 e ' . . 

:. r ith the linear increase in size. Two main problems 
building suffix tree decrease linearly WI 
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Chapter 2: Background and previous w k 
"--& 'OT'K 

facing efficient construction of suffi . . . 
ix tree: random traversal of the tree during construction 

and massive random access to input t · . 
strings which lead to high I/O disk reference. 

The increase in memory size in 1 t . . · as years allows the building of suffix tree in better 
performance. The work of [ 40] announces a method to build suffix tree for input sequence 

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

minimum I/0 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(n· h) 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 Swill be divided into substrings according to window size 

Wx using multiple offsets 4. 
Suffixes Sorted Suffixes 

id id; id 

ACT AGAS 1 $ 
CT AGAS 2 A$ I 6 
TAGAS 3 ACT AGAS 2 1 
A GAS 4 AGAS 3 4 
GA$ 5 CTAGAS 4 2 
A$6 GAS 5 3 

$ 7 T AGAS 6 5 

Suffix Tree 

6 2 
3 

Suffix Array M 

$ a c t a g a 
AS a ct a g 

[ 6 1 4 2 3 5] A C T AG A $ 
A GAS a c t 
CT A GAS a 
GAS a c t a 
TAGAS a c 

. 2.6: Suffix tree and Suffix array structure. Figure ..v: 

f first left array from second left) 
(tree, numbers rom ' 

d 5<A< W,/2. Each substring results from using , is 
Typical W, values are less than 1000 an - x · 

t the frequency of occurrence of the k-tuples. . • 4 k k represen mapped into a vector of dimension · 
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(The I'th entry in the vector is the nu b 
m ier of occurrences of tuple I in that window windows= 

W,tuple=x). " 

SST in general, searches the Genome d t b 
a a ase of sequences for near-exact matches It scans 

the database according to window siz w · 
e x and map results to a vector then hierarchical 

clusters built using k-means algorithm F ' · or any new query need to be searched against the 
database, the cluster mean is compared d e an neglect clusters that are far away from the new 
query according. It is searching for n t · hb · • earest-neigl or windows in the database and can be used 
as a filtration process. 

Some disadvantages of SST are the c l · f l · · · omplexity 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, liken-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 

1 t
. d · t three properties string order comparability, and lower bounding. 0cations an it must serve • 3 

Cache-conscious SR+-tree (CSR+-tree) index 
• . . · · thin an acceptable cost allows data with larger size to be 

The increase in main memory s1ze WI 
. • h t applicable in previous time. Many index structures like 

loaded at mam memory whicl was no a 
I ough to not fit at main memory. Memory cache is a 

SS-tree [7] and SR-tree [47] was arge en 
• nde structures, cache memory levels L; and L; size and 

factor that has big effect on m ex s c ' . . . 
. Mi ration causes a main memory reference which 1s 

topologies affect miss operat10ns. ss ope 

slower than cache. 
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The cache-conscious SR+-tree (CSR+,» . 
. 

1 
. .

1 
. tree) [77] index structure is used for height- 

dimensional similarity search, where de : 
. ' m ex is loaded at main memory. The distance schema 

used does not require decompressing ·de A 
g inuex items. This method eliminates the need for 

decompression before computing dist . . . . · tance function on ongmal data with the query in case 
input data is very large. 

The CSR+-tree is based on the quanti :d ( ki • 1ze ta ng a seemmgly infinite range of possible values 
and dividing it into specific steps) b 1di oh • oun mg sp eres (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 bo d' l (Q · · · unting rectangle BR). 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 I 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 

b M £ 1 N d b. branching factor M in the internal nodes, this means that its ase tor large an 1g 

BT S arch time for BTree is Log,, N, where N: number of 
performance is close to ree. e 

hil h · 'ti 1 DMP tree will have the 
elements and m: branching factor w e t e iru a 

he. ht (maximum string length- minimum string length) . 
1g! Log,, M-I 

d ood performance with large scale data set and 
DMP tree is efficient memory usage an g . 

• • better search time than the bmary tree ( worst case for 
aimed to solve two problems: providing. 

ffe ·t f the update operations on the mdex structure. 
search is O (W), and solving the bad e ec s 0 
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2.1.7 RDMS indexing 

pRDMS indexing systems is a tool of 1 . selecting data fr h . 
(index) and direct access input/outp . om t e relational database using a key 

ut ut operations. Indexin . . . 
and composite (multiple variable ) . . g supports simple (smgle variable) 

s) indexing systems. The Bitma . . . 
dexing, and Hashing will be di: P mdexmg, Encoded Bitmap 
in » e tiscussed during thi: : 

·1 f RDMS · d g 1s section (refer to Section 3.3 for more 
details o m ex types). See appendix C fo . . 

. . r detailed list of different index types used 
by main RDMS hke MSSQL server MySQL ' , and Oracle. 

Bitmap index 

Bitmap index consists of distinct values <livid d · e into a set of vectors and used mainly for 
query optimization. The distinct values at the dat d t · h . a e ermme t e number of bitmap vectors. 
For indexing, each distinct value will need a bitmap vector [52] b"t ·11 · , a map vector wi. contains 

the value 1 for a relation row if match is found; other wise O 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 3 = 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 

d. 1· I (@) hi:h { 1 2 3 4 5} As figure shows at right side, index size equal to 
1stinct values w/act are s • 3 '3 

b I · 1· d ·th umber of columns (d) multiplied of cell size (which is 1 
number of rows (r) multiplie wit 1 

byte) = r . d . 1. 

Encoding Bitmap 
: tdir ality field, it will need bitmap vectors equal to the 

If Bitmap index applied for big range car ma 1 ' . 
;% 4ll be a large number. To decrease this number, 

number of field distinct values which wil e oded Bi' ind 
. 

2 8 
shows an example of enco e 1tmap m ex, as 

Encoded bitr [42] can be used. Figure h. 1map c ithm relation to the base '2° as 
. t rs decreases by a togar 

We can see the number of Bitmap vecto 
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®s»AA»Os»A»soon» 
ed 0/1 value only. Storage space ill6e 

we us wil e reduced; we need 3 vectors and the mappmg 
table. 

Mapping table size 

The mapping table consists of two columns 'A', and B. Column 'A' represents the target 
and column 'B' contains the distinct Bitmap vectors. In general, we can say that bitmap index 

can be used with database if the update operation done rarely or at schedule time. In other 

word update, insert, and delete operation done at a time where no reading is required (low 
DML operations). 

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,l,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 I/O 

operation to access data item. 

EMP ID Name Dept 
1001 AAAAA 1 
1002 BBBBB 2 
1003 ccccc 3 
1004 DDDDD 4 
1005 FFFFF 5 
1006 wwwww 6 

1 2 3 4 5 
1 0 0 0 0 
0 0 1 0 0 
0 0 1 0 0 
I 0 0 0 0 
0 1 0 0 0 
0 0 0 0 I 

Figure 2.7: Bitmap index build on Dept field. 

... A f. f 
a 
b 
c 
b 
a 

d 

B, Bo 
0 0 
0 1 
l 0 
0 1 
0 0 

1 1 

Mapping 
Table 
a 00 
b 01 
C 10 
d 11 
- 

... A ... 
a 
b 
c 
b 
a 

d 
e 

B; B; Bo 
0 0 0 Mapping 
0 0 1 Table 
0 1 0 a 000 
0 0 1 b 001 
0 0 0 C 010 

d o11 

1 e 100 
0 1 
1 0 0 

ti Id "A" ded Bitmap index on the Iiel · Figure 2.8: Encode 1 k . 
d by storing data at b oc) 1, 

b h. d hashing that en s up • 1 idea e m Figure 2.9 shows the genera 

where i range from O ton. . instead of storing data item 
h e:or storing data item, h approacr . 

Figure 2.9 part (b) shows another . h the reference to the data item. 
1 a y0inter which 1as 

directly we store another key like P 
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;: 
key) 2 
non Block jocau 

data item 1 

data item 2 

data item 3 

n data item n 
Blocks / Buckets 

ll 

key 1 
,key_ 2 Data 1 
key 3 ' Data 2 Z 

v key 1 

Blocks 

Data 11 

(a) 

/: 
h(key) == 

2 
location Block 

(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. 

• • hod: :hanging the number base for digital values ( decimal • Radix transformation met o . c 
numbered could be transformed into a hexadecimal numbered). 

• Digit rearrangement method. 

Collision . . . 
t d ta item at the same location, which is 

C 11· . d h th function h(key) pu a o lSlon occare w en e 1 e collision called collision different methods to so v , 
occupied by another item. There are . . fi d a free location in the hash table 

item. The aim is to tIn 
resolution, during the addition of new 1 · . 1 d occupied. Collision resolution 
. h data record is a rea y 
In case that home location for t e 
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ethods try to build sequence of hashing t b . 
111 g a le locations that can be used by the records when original hash table locations is full. 

If the first location at the new generated h h 
e as table occupied, then the collision resolution 

licy goes to the next location in the . . 
po 

1 
sequence. If this is occupied as well, then another 

location must be found, and so on. 

Hashing table 

For a large set of input data, we will need to increase the size of the hashing table, different 

methods can be used to increase hashing table size. For example doubling size of hashing, 
linear hashing, extendable hashing, and buffering. 

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

of n-gram string (word of length equal to n). They make adaptation to [65], instead of 

multiple string matching algorithms, a single string matching algorithm is used. This method 

is efficient with short word length from a small size alphabets comparing to the well known 

fast algorithms. 

data item 100 
data item 200 
data item 300 

data item n 

data iten 301 
data item 302 

data item 390 

Blocks / Buckets 

. 2.10: Overflow blocks for Hashing method. Figure . '· 

Introduction to Tree structure . rtices represents a path that is 
. where the link between ve T • • d linked vertices d ree 1s an undirecte 1 e h t of the tree, for a set of no es or 

t the node at t e op 
not a cycle. Tree structure has one roo ' h mber of links for each vertex. 
. Tree degree refers tot e nu 
items belong to the same root. . T be classified in 

. has a directed links. ree can 
Tree structure used by computer processing 

different types [ 11]: . . between nodes like forward or backward. 
· specific direct1ol 

■ Undirected tree. no p has a degree 2. 
where no vertex 

■ Irreducible tree: a tree 28 



■ Forest tree: it is undirected . 
tree consists f di:: 

• Directed tree: all Vert . o1 tisjoint groups of trees. 
exes are directed to o 

from the root node. ne vertex (the root) or directed out 

• Rooted tree: if all vertex es are connected · 
node) and th d · . a one startmg node ( called the root 

e irection from vertex 
fr th . es and the root is either toward or away 
om 1e root. This type has :. .- 
. spatial properties which is the ordering of 

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

■ n-ary tree: n refer to the numb f hi 
er O c ldren for each vertex, binary tree is an 2­ 

ary tree. 

2.2 Sequence transformation 

This section will introduce main transformation method th t 1- bl · s a are app ica e to be used with 
Genome DNA sequences. We will introduce Burrows-Wheeler Transform (BWT), Wavelet 

Transformation (WT) [30]. 

Suppose the input data is Si, i = 1 .. n, and let Si domain be I. 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 

i·neffi · t It transformation is needed Transformation methods is used to icient, as a resui sequence ·1c 

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

T 
. . • before the compression algorithm, where instead of 

ransformation is used as a prior step e 
. . 1 d t transformation improves compression by doing 

applying compression on the actua a a, 
. h d can be used according to the desired 

feature extraction. The transformation met O 
. • . 

; 5lied. Choosing the type of transformation is highly 
compression algorithm that will be applied.,,, ,, hich the transformation will be applied on. For 
related to the type and the size of the data, w ic . BWT d bed 

DNA sequences and not using as escn e 
our work, we have used WT on the Genome 

in next section. 
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9 2.1 Burrows-Wheeler Transform (Byr 
For an input string S/= {S), Sy... S,}, B , 

·. h 'WT build all clir . i 
rotation over all items. The cyclic err . ·Y©lie permutations for S, by cyclic 

p tmutation does not h 
time one character from the end m d c ange the order of items and each 

ove to first location. 

For example for S; = {ATGACA} the :1; 
eye Ic permutations are: ATGACA 

CAATG, GACAAT, TGACAA. % AATGAC, CAATGA, 

BWT output is the last character of each . 
. . permutation after ordering. There is no need to store 

all cyclic permutations for the original string s. . . 
i, a pomter or mdex for the start location is 

enough. 

For the previous example, after ordering: 

AATGAC-> {0} 

ACAA TG-➔ { 1} 

ATGACA -> {2} 

CAATGA-{3} 

GACAAT-➔{4} 

TGACAA->{5} 

Output of B WT for Si = { C, G, A, A, T, A}, note that first column from left is the string Si 

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 
ACAACGT GCTAAAC 

ACGTACA 

Input Data CAACGTA Output 

CGTACAA 

GTACAAC 

F
. 2.11: BWT applied on the sequence "ACAACGT". gure . · 

• olsl /!BWtrs/RepeatSearcher 
p d htt -!/bwtoo/s.po s .p ortal website using BWT method: P· 
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(apter ?: Background and preyio (l}-. - st tu/EE?-stlS Work 

1 A A G T A c 

2 nA G T A c A 

3 A C A A G j 

4 G T A C A 

5 C A A G T A 

6 T A C A A c 

Figure 2.12: BWT ,, 
· applied on substring "AGTACA". 

Reconstruction of S; after BWT 

BWT transformation is reversible; the original ord f h d . 
er o t e ata elements can be restored with 

no loss of original items. Given B WT(6w) for w and • d . . . . 
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 
2.11: 

TACAACG TACAACG TACAACG TACAACG G TACAACG 
AACGTAC AACGTAC AACGTAC AACGTAC AA 
ACAACGT ACAACGT ACAACGT 

ACGTAC ACGTACA ACGTACA ACGTACA 
CAACGTA CAACGTA CAACGTA CAACGTA GTA 
CGTACAA CGTACAA CGTACAA CG CGTACAA CGTACAA 
GTACAAC GTACAA@ GTACAAC GTACAAC GTACAAC GTACAAC 

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

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

■ It is not easy to do sorting for sequence permutations; we have small set of alphabet, a 

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 (IS;!). 

. . thod but it requires a large size of memory. B WT • BWT Is a good compression me , 
. [53]3f orking space for the sorted substrings (suffix array). requires at most 4n bytes o w 

fficient algorithms were developed that reduce the 
Recently several new, even more e 

. t tion of the B WT. space required for the construe 
. . strin will be considered as a new item by B WT' 

• Repeated substrings at the ongmal g 
. d . and will increase storage space. 

which is not needed for further m exmg 
: ture sizes (BWT, Suffix tree, Suffix F : f different index struc 

gure 2.14 show a comparison O . gth k characters and the hash table stores 
: ibstring of len array, and Hashing) [4]. K-mer 1s a SU 

h h k ubstring length. 
t e number of occurrence of eacl S 
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B WT Index 

......... i 
C 

.. · Q 
AA: 2a0, c: 22s.0: 226, 1 zz) 

IF1 ... ::: i:·1 gigabytes.J 
(2.2 incl. mirror index) 

Suffix Tree 
Suffix Array k-mer Hash Tables 

~ 
6 $ iv.oo]- «a : 

g 

#% 5 A$ 
3 ANAS 

NA_.- $, ,NAS 1 ANANA$ ®.9 6 0 BANANAS Dez.7o]»[a..» JJ+» woa s/ NAS 4 NAS a..zoJ» uc ts] to 2 NANAS 

> 3 5 gigabytes >12 gigabytes > 12 gigabytes 

Figure 2.14: Comparison of index size for BWT, S 
' uffix tree, Suffix array, and k-mer Hash table [4]. 

2.2.2 Haar Wavelet Transformation [30] 
Let Sa set of characters, of length [S], from the domain D=, . 7{C1, C2...,ca} which is a set of a 
characters (a = 4 for DNA sequences). Let Oci be th b f . e num er o occurrences of character ci 
at any sequence built from the domain D, then the character frequency vector (FV) for Sis 

FV(S) ={Oc1, Oc2, ... ,Dea}- Number of elements at FV equals the number of elements of D(a): 
a 
LOci =Is 1 (2.1) 
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. 

Th ffi · A 1 FV .c: the sequence S where coefficient B is the frequency e coe 1c1ent equa 1.or ' 

d·f~ h art · half of sequence S. let S be divided into S 1 and S 2 
1 ierence of FV for two parts, eact p IS 

h 
. h FV .c: Sand Bis the difference between FV(S1) and FV(S2). B 

where S=S;US5. Then 4 is the 1or 

coefficient saves character order. 

The main properties of WT are: 

b t not absolute There are some cases where 
· th input text u · • Savmg characters order for c 

·11 be shown bellow. 
character order is not saved as WI 
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4s 7 Rok got a4 (hapl&eT • lCK±('OUnd and preyi e - -- _1-lli.)s \"-1orl· ='! 

. --­ • Provide multi resolutio 
. . . n representation o 

original data will need to b f data easily usi . e referenced . ng different W, values the 
JW, value. one time onl fo y or calculating WT for the first 

• Can be easily calculated with 
out a heavy effort for Geno 

• Can be used with different lenc 9me DNA sequence. 
gths sequences. 

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

vk,i = (Ak,;, Bk,i } (2.2), 

where 

Bk,i =lo k = o 
A,3a, A4-1,are 

A,,= ,, 
f(c,) k =0 

A,3a, + h 1are 

··········• (2.3) 
0 < k <log, n, 

···················(2.4) 
0 <k<log, n, 

Example of the construction of wavelet coefficients: 

Let a sequence S ={AATGATAC'} d. ·d S. ' iv1 e mto s1 & s2 and calculate the two coefficients: 

S= AATG + ATAC = sl + s2 

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

A(S)= FV(sl)+FV(s2) = [4, I, 1, 2] and B(S)= FV(sl)-FV(s2) = [0, -1, 1, O] 

And WT={(4 I I 2),( 0-1 1 O)} 

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 0 2 2), ( 0 0 0 O)} 

For S=(GTAA TAGA), then FV(s1)=(2011), FV(s2)=(2011), and WT={(4 0 22), ( 0 0 0 O)} 

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

2·3 Hardware storage efficiency 
Using th h t • 1·mportant to enhance the overall system performance, 

e correct ardware structure 1s 
espec· ll . . h We can divide hardware issues needs into two 

ia Y when the data size 1s uge. 
cat . d the external hardware structure. 

egories, the internal hardware structure an 
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Internal structure is related to the inter 
nal hardware node . 

RAID controller, number of CPUs, bus s specifications like server memory, 
speed, storage size d 

is important to have an adaptive internal harc an speed, and I/0 throughput. It 
ardware structure t d . 

according the system needs. e O o tuning and parameterization 

External structure is how these nodes (like . 
servers) will be connected tc th 

th uses of storage architecture like S e oget er. For example e e .1.e AN and NAS . 
, running more than one server together 

(clustered servers) for the database system t 
. . 0 manage the data and the indexing. Storage 

internal specification need to be considered carefull . . . y, like internal switches type and speed 
links type and speed, cache size, storage size and d f h ' spee o t e backend storage devices (for 
example fiber of SAS hard drives). 

Another factor to worry about is the database management tiliti: vhich el ed th u i i ies w c are re ate to t e 
hardware specification like: logical page size, buffers, Joins, LOG :hi· d the ±ffe 3 ' arclnving, an tlie ettective 

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 S7=(c[1]c[2]...c[L1]) and S;= (x[1]x[2]..x[L2]), where c[i] and x[j] for 
i=I .. LI and J = J .. L2 is a character. The alignment of the two sequences refers to assign gaps 

to positions at index i in s1 and at J in S2 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: 

S, : GCGCATGGATTGAGCGA and 

S»: TGCGCCATTGATGACCA 

One possible alignment is: 

-GCGC-ATGGATTG AGCGA 

TGCGCCATTG AT-GACC-A 

An · t using GAP: example of sequence alignment 34 



·japter 2; Background and preyio 
t 1 • - ~ · · - - ' - .. . --- - ~ '::. ---~) t'k. 

SJ: G G T C C A T c G G 
s2: G C T - - A T - - ~ T T T C A G G G G 
:. T TT CA G G G 

Gaps will not be considered to our work be +, G 
ccause it corresp d 

(A c G. T) at the sequence. Wed , on s to add or delete of a character 
' ' ' on t need to make an . 

ke the similarity between Y change, like add or delete operation, 
to ma sequences we need full +l; 

a ignment without any changes. 
The main purpose of sequence alignment . . 

n is to measuring the similarity between two 
sequences. DNA sequences length is very lar ea . . 

g nd database size increases exponentially so 
sequence alignment become time and space con . ' suming. 

2.4.1 Main DNA sequence alignment methods 

There are mainly three types of sequence alignment: Global aligr 1t, Lc al al d • nmen , oca a 1gnment, an 
multiple sequence alignment. Some types of sequence alignment b d · h ni vase 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 
I I I I I I I I I 

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

degree of similarity. 

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

1 gth substring matching is enough. 
force matching through the whole sequence en ' 

Th f 1 1 alignment method: e following is a simple example o oca 

ACGRGRGRACAACAGTTGAGGTCA 
I I I I I I 

GCAAGGRGCAACAATAACAGGTCA t method used for optimal 
: [59] is a local alignmen 

For example Smith- Waterman algorithm 
local alignment with the highest accuracy. 
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al alignment is used with sequences of diff 
Loe 1iterent lengths, and has a small degree of 
similarity. 

pot-matrix methods 
• method builds a 2D matrix using two s 

O 
. 

This1 Sequences. One sequence is at the vertical axis and 
another sequence is at the horizontal axis. 

At each location at the matrix, if there is a match between vertical and horizontal axis, this 

means there is an identical value. At each identical value a mark is placed. To find similarity 

between the two sequences, diagonal lines are marked to indicate the similarity. 

Dynamic programming 

For a two sequences S;, and S> of lengths Lj, and L; respectively, dynamic programming will 
build a scoring matrix SM(i.j) by aligning S; and S>. Where i e {1.. Li} and.j e{1..1%}. We 
will have three cases when doing aligning of S; and S; as follows: 

Figure 2.20 shows an example of Dot-matrix method: 

B A s K E T B A L L 

B * * 
* * A 

s * 
E * 

* B * 
* A * 

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

S 'th a character from S;: 1. Matching a character from 1 wt 
5 (s ['J s OD ...... · ..(2..) SM(i,j) = SM(i-l,j-1)+ Match I t , 2 ........ 

Where. p±,[, else Match(S; [i], S/[il)=-y. 
Match(S; [i], S> [jl) = x if S; [i]= S> U» 

2.Matching a gap fromS;toSz , 
l't ..... (2. ) SM(i.j) = SM(i-1.j)- penal y . 

3.Matching a gap from S>to.Si.(2.7) 
SM(i.j) = SM(i,j-1)- penahty ......... 

. df Spring 2009. /pBT09/07-text-indexing.Ph 
• . . itu.dkfpeople/pagh Rasmus Pagh,, Database Tunmg, http.I/WWW- 
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#apter 2: Background and previous ( '=--'HS work ~----- ·--------- 
Now We have the following matrices SM . . 

(i-1j-1), SM(G-1,3 
optirnal SM(ij) as follow: ' l- ,J ' and SM(I.j-1) we can find the 

sM(i.j) = max of: 1. SM(i-1.j-1)+ Mat h . atch(S1[i],$2[j]) 
2.SM(G-1.j)- " · · · · · · · · · · · · · · · .. (2.8) 

,J g (2.9) 
3. SM(ij-1)- g 

. · · · · · · .... · · .... (2.10) 
Where g is the gap penalty. 

So if we want to find SM(L;, L;) we need to alc 4­ 
· : · calculate SM(ij) over all 1<i< L; and 1<j< L5. 

This means we will need a matnx of size L . L t fi . . 
1 2 o md the optimal alignment. 

2.5 Summary 

The large size databases require a large b f 1 num er o I O references, which need to be 
minimized using indexing. The increase in memory size nowada d d · · 11 ys an ropping in cost a ow 
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, 
· · b t 1 · we need to think for future upgrade. so static mdex structure may face some o s ac es, 

· · · h d d very costly process, so we need partial 
Loading the whole structure for processing 1S ar an 

loading to be applicable according to a predefined criterion. 
k during construction step and massive I/O 

Tree based indexing suffer from the heavy wor 
d SST has a limitation on W values and 

references. Also Tree structures, like suffix tree an ' . . 
. . Th tree structure that is suitable for Genome 

search time is proportional to input data size. e 

DNA sequence indexing is BTree. 
. d d th whole input data must pass though 

Ge atching is needea, e enerally speaking, if exact matcr ial 3art of input data will be passed to 
· · · eded parti P 
Indexing. And if similarity matching 1S ne ' 
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• g Genome DNA sequence transformation is needed before indexing. We will use 
jpdexin{ 1 

1 1 
Transformation because of its suitable properties over BWT transformation for wave e 
DNA sequence indexing. Genome 

t 
compression methods can be used either before or after transformation over the pifferen 

lues result from transformation. wsum va 
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iuating different types of indexin .: 
Na' \g using RDMS 

in problem of searching the DNA sequence . 
re mal s is the large size of sequences and the high and 
:4le sequence lengths. We need to have a suit bl . 

var1a . . . a e index for searching DNA sequences 
:.2-fl with suitable index size and searching ti 

effic1en Y, . . g ime. The number and type of relation fields, 
h e index is build on, has a big effect on the index size and ht· 

whef searc ime. 

. h ter discusses the efficiency of using diffe t 1 · d . This chap! ren relation latabase management system mdex 
types and the factors that are need to be considered when constructing index structure for large scale 

data. Our experiment uses then-gram wavelet transformation upon one field and multi-fields index 

structure under the ROMS environment. Results show the need to consider index size and search 

rime carefully. 

This chapter includes the following parts: Data samples and methodology followed to transform 

sequences for the experiments, algorithm followed to do the experiments, introduction about 

indexing types used by ROMS, experiment results and discussion, last part is space and time 

complexity and conclusions. 

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

· dB t · The sample file contains DNA sequences kingdom) including Archaea, Eukaryotic, an ac ena. 

only and is of different sizes as show in Table 3 .1. 

Table 3.1: Data samples used by experiments 
Species Accretion No. Seq. length Size 
kingdom 2KB NC 010315.fasta 1,051 Archaea 15,717 16KB NC 00831 8.fasta 28,643 29KB EU88 J 703. l.fasta 33,927 34KB 

NC 006389.fasta 33,446 34KB 
AY596291.1. fasta 63,034 630KB 
NC 013966.fasta 1,365,223 1353KB 
NC 011766.fasta 2,082,083 2000KB 
NS 000190.fasta 16,240 17KB 

Eukaryotic AP609202.1.fasta 16,604 17KB 
NC 009684.fasta 153,819 153KB 
NC 010093.fasta 879,977 872KB 
NC 013009.fasta 30, 652 31KB 

Bacteria NC 011841.fasta 37,155 3 7KB 
NC 009471.fasta 191,799 190KB 
NC 013210.fasta 374,161 371KB 
NC 009926.fas ta 879,977 872KB 
NC_913009.fasta 
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,4A Design 
our approach start by converting DNA sequence into . gh 
, wavelet transformation factors· A e1 t columns vectors co1 di 

1

" , and B C 
1 1 

. rrespon mg to the 

f 
. . h fi . a culation lik Ass of size v with fixed size of eight-colu hke data center, four k-means, -Columns instead " k-n ans, 1our 

· 1 · t · s ea of a s and long is ess m s orage size. This transfc : equence of size n which is variable 
. · formation has been used . 

avelet transformation with six different . d for computmg second coefficient 
wm ows W f . 

3 1 h th 

x o sizes 8 16 32 64 
figure . slows e conversion steps. ' , , , 128, and 256 chars 

Linux Apache 
MYSQL PHP 

(LAMP) 
Application Export: 

CSV Format 
RDMSLMYSQL 

Proce)sing 

Haar WT 
Using MATLAP 

Result 

Haar WT 
Using MATLAP 

Read 

Output 

Process 
Complete 

Search 

Output 

DNA sequences 
'FASTA' 

End 

Start: User 
interface 

F 
igure 3.1: General schema chart shows transformation, building 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 W, is to have different resolution levels of representation 

of• sequence; we aim, through using different window sizes, to find the values of the window sizes 

where index structure remain stable, in other word we need the window size where space and search 
time is % this vtio after findin th IS optimal. We assume the windows sizes W, to be 2x. By this assumption a er inling t e first 

Order wavelet transformation by scanning the database by window W,1, we can find the wavelet 

@Is/formation for winds» ,,,,, ,, for b>1 depending on previous window value (%z) and O 
for window values 'x/ 

need to scan the database again. 
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1 (° 1lg diliefent iypes of'' A, - ,. -'. lllucx . ""·0g using RDMS ,arows iasang avaiuasonaoom: 
Jnput: . abase of n sequences, n 1s a large value 
pa h sequence will be donated by Si, i e [ i . 
fac essing: , .. , n] with length L, 
preproc ,. 
We jave different window sizes (W), x ==l, ... ,6 
rransform each Si into number format using W 
transformation for Wi+ 1 can be calculated from a;!et :ransformation (WT), Haar wavelet 
1,B1,(A2,B2) > (A1+A2,A1-A2) '®5 
iitialize i=0 
for each W, value from (W, min, ... , W 

slide window Wx over Si x max) { 
Calculate Wavelet Transformation 
Wx' = Wx' +l and i++ 

output: set of subsequences ( ss ±y } · l,J ' j E:[l, ... , m],m=Li/W,, for each Si 

output: two values 
1. Transformed subsequence 
2. 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 JNQJ. 
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. 

• 

3.2 Constructing Wavelet coefficients 
Each 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 frequency of chars (A,C,G,T) 

second part Bis the difference. Example bellow describes how wavelet [30] works: 

, =(4,,,B,,)...... .2..........3.1), where 

{

f(c,) k=O {o k=O 
A,.,:::: B - • , k i - 

A, 0<k<log,n, A\a7 #e-tan 0<k<log ,n, 
k-1,21 + A k-1 21+1 

For a seq ·a frequency is done by the order (A,C,G,T) =(2, 3, 1, 2), 
uence u: [ACTC TAGC], cons1 er 

divide : fre cy again then do subtraction between the two 
Into two equal parts and recalculate requen 

Parts, You get [1201, 1111]-3(2 3 1 2, 0 1 -l O). 
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+ ig differ nt types of d °: Indexing using RDMS 

The sequences will be represented using s • . . 1x window sizes, W,for i={1.2, 3, 4,5, 6}. :ch id 
,, representation will co '' '·&%9,4,5,4}, Each window 

size r orrespond to a final mat ' f . d rix or each sequence, this means we will have 
jy matrices corresponds to W, value. 

Then we upload the data on a rational databa . . se system (RDMS). We used RDMS to get advantage 
,f RDMS indexing systems like BTree and H ' ash. Before uploading data to database tables all 
repeated rows had been eliminated to make i d · . ' n ex size less smce there is no need for the repeated 

data rows. Table 3.3 shows results of transformatio d n an percentage of repeated data. 

Seven types of indexing have been used for evaluation Th t · d · • e ypes are m ex on primary key, normal 

i'ndex primary index full-text unique Ha h d BT · • , ' , , s , an ree. Our experiments done using two PC's, 

one with 1GB memory 2GHz, second one is 2 x1GHz CPUs 4GB memory. RDMS used is MYSQL 

5.0.1 [26, 21] to store index in, webserver is Apache and language script used is PHP v5 for testing 

index reach. 

3.3 ROMS 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. 

B Tree index, for n keys values, constructed by build a tree with height (h) and a degree (t). Where 

the degree (t) is greater than or equal to 2. The worst case of BTree is 0(/ogn) comparisons. 
Numb f b h fc BT · d is larger than the number of branches of other balanced tree 

er o ranc es or ree m ex 1 
stru tur fc tr ontrols the logarithm base of complexity (Logn of base x 

c es. Number of branches or a ee c 
whe :h ) s the base of logarithm tends to be large than required by 

ere x equal the number of branches • 0 
oth . ·t means that if we haven key values and we want to 

er tree structures. And what this mean, 1' bild ' x number of nodes visited during search tends to be 
uil. a tree of base x, x branches, as we increaS© s . h th other trees with the same number of key values. 
maller. BTree tend to have smaller heights an P h ·jle binary tree is Log,K, where Search k-key values are 
ath to leaf node not exceeding Log,,k While a in% 

K; K, ...K, 1 
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'aluating different types if d 3 <oitndexing using RDMS 

Tree make all nodes full at least to a min· imum percentage to save space and reducing number of 
disk references. Space complexity of BTree is O(L/B) , where L: length of the sequence and B: block 
size [15]. 

1 Hash index type, bucket reached by ke hr n Y t ough a set of functions (h functions). Records with 

different key values map to same bucket" th · , us entire bucket has to be searched sequentially to locate 

record. 

Bucket Overflows causes by insufficient buckets and distributi: of rds (O rfl cha" ;) 1 1 u 10n o recor s ver ow c ammg 

Collision handling with 0(1) complexity, for worst cases performance may deteriorate to O(n). An 
ideal hash function is uniform/random and worst map to one bucket. Space complexity for formal 

Hash function is 0( n • log n) [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 
W d 

.c: • de iluation. In the first approach, we created the index on one 
e use two approaches for index evat ' 

fi ld 
. . f WT d investigate the effect of changing the type of the index 

iel representing the coefficients o1 an 

h 
. . . d · millisecond. Table 3.2-a shows the response time. For 

on the response time, which is measure 11 
th ' d : itted into two parts mainly which are the wavelet 

¢ second approach, search field is spitt© 
h art 

nsists of four columns. Table 3.2-b shows the results 
transformation coefficients (A, B). Eac P co 

of this approach. 
Fe 3t ase if applicable or randomly. "Default on pk" 
or all index types we do search for the worst C . . . 

1 
st entry The same is true for normal index, primary 

Ordered by order of entry, worst case is the la5' 

iuctex, and unique index. 
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Table 3.2-a: Evaluation of sample dat ( 
Index W1 

a Hdor six resolutions W) using different index ty w2 
type W4 W5 W6 

DEFAULT 0.002494 0.029923 
ON pk 

0.233727 0. 677167 0.9619 1.1533 

' oraa1 0.01046 0.1679 
Index 

1.3807 4.05 5. 8911 6.3502 

tr:: 0.093462 0.190009 1.4703 
0.002924 0.027733 

4.233 6.0642 6.4283 

" UNIQUE : 0.009996 0.1726 
0.224 0.248133 1.082667 1.501533 
1. 406 

Hash 0.0107 0.167433 4.0779 5.931 6.357 
1. 3728 4.1471 6.016033 6.344233 

BTree 0.010133 0.1664 1.709933 4.1319 6.0156 6.337333 

pes. 

Table 3 .2-b: Applying indexes fo • ht 
Index W1 w2 

r eug co!umns search fields. 
type 

W3 W4 W5 W6 

DEFAULT 0.018718 0.010034 0.067594 0.209389 
L ON pk 

0. 28135 0.27995 

Normal 0.001046 0.001547 0.001531 0. 001733 
Index 

0.001544 0.001677 

i 
Hash 0.001588 0.001561 0.001646 0.001609 0.001599 0.001651 

BTree 0.001605 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 References 

W 

70 69 1250 0.81 

Wl 
73562 23283 0.65 

w2 
325701 192058 0.41 

w3 553933 0.15 
w4 662746 

796371 0.02 
w5 813987 0.002 835106 
w 6 836376 

Ratio sequences retrieved (}.2) 
total size of dataset rt' while increasing sliding window size the 

Figure 3.2 shows that, depending on input data properties, 
. , ve duplicated values. 

Size of index is the same even if we don't remo 

3.5Analysis ¢de Wh 
fi ld 
'dex and multiple fields' index. en 

We%, +jrfe nt ways, one fiel 1 
e ave applied indexes in two di eren ' . default index and Full-text. When 

usir ace achieved was usI£ 
Ing one field index, the best performan. rfo 1ce over all for one field indexing. 

We et the worse per orman 
used BTree or primary index we g BTree index. 

Almo.,, rformance close0 
Ost all other types of indexes give p©I 
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Space Cost 

--+-Without Dupl' r cation =-m- With duplication 

1000000 

.,, 800000 
~ 
0 600000 0::: 
)( s 400000 
= 200000 

0 

6 

2 3 4 5 6 

Window Size 

Figure 3.2: Space cost. 

On the other hand when we used multiple fields index we got much b tt lt h b , e er resu s as s own y 

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 WTR, 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 

I/O 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 w 1 we get 81% of overall database reference while for w4 this percentage goes down to 
15% Ch · · d • f-c t I/0 reference percentage directly so as this percentage can be 

o. ranging window size attects 
used as a threshold according to application needs. 

3.6 Index space complexity . . Table ;, s column index with the following index types: 
able 3.3 shows the space complexity of using 0% ' fu , unique primary, and normal index. The range 
l-text, primary index, 8 column index of type s ' . occupied by the data and the index 

Values (for example 6940-7850KB) represent the space 

respectively. 
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ins different types of A, : Indexing ' "==l HSmHg RDMS 

Table 3.3.a: Space comp]s w ass o,,]"tty table (B: bytes, KB: Kbytes). 
Primary-8 

2048- Index 
wl 

w2 

2085 B 46250- 92500­ 
861471- 55296B 122880B 
975872 861471- 861471 
6940- 975872B 975872B 

w.3 

w4 

7850 KB 6940- 6940­ 7850 20015- 20015- 7850KB 
22638 KB 20015 
28775- 22638 KB 22638KB 

w.5 

w6 

28775­ 
32545 KB 32545KB 28775­ 
30175- 30175- 32545KB 
34128 KB 34128KB 30175­ 34128KB 

Table 3.3.b: Space complexity t bl (B b a e ytes, KB: 
W value Full-text Primary 

w.l 25000 23552B 25000 15360B 

w2 465660 435200 B 475812 241664B 

w3 3751 4715 KB 4334-1928KB 

w4 10974-14913 KB 13137-5561KB 

w5 16253-22866 KB 19364-7995KB 

w6 17931-26848 KB 21193-8384KB 

Kbytes). 

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

Index 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 

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

text as shown in Figure 3.3 a. 

3.7 Summary 
Our e 1 t· h h : lti-fields index improve performance over all types of indexing 

va ua:ion s ows t at usmg mu 1- 
in s it ·f h • d Th first experiment shows that using specialized index type 

p1 e o t e type of index we use . e lik full . . . . ficld: give the best performance over using BTree or Hash 
e -text or primary mdex m mteger 1e s 

indexing. n·cc . 
1 

· index structure. This property gives user a 
luerent window sizes provide mult1-reso ution . thr rt eries of different sizes. Through our work, we 
eshold value to determine his needs, and suppo qu . the whole database. Instead of scanning the 

see that no need, when doing query search, to scan . 
11 dl.date sequences, will be referenced from 

whole d hich we ca can e atabase a subset of sequences, WI .: • • d the number of disk pages that 
the day (pis ay we have minimiZ© 

¢ latabase after the filtration step. By t is wa 

Will be · · visited at the final stage. 
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2.50E+07 

2.00E+07 - 

Cl) 1.50E+07 N a 
~ 1.00£+07 o 

5.00E+06 

0.00E+00 

e Full-text 25000 

Primary 25000 

16 32 64 128 256 

465660 4E+06 1E+07 2E+07 2E+07 

475812 4E+06 1E+07 2E+07 2E+07 

Window size Wx 

o Full-text 
-a-Primary 

Figure 3.3 a: Space cost for all one field ( . primary, Full-text) a d 8 1 . n -co umn (mdex, primary, unique) 

Unique --0-Primary-8 Index\ 

3.00E+07 __ /~ l 
2.00E+07 

1.00E+07 
/ 

0.OOE+00 
-- -- / 
sJ 

8 16 32 64 128 256 

aA Unique 2048 861471 6940000 200 15000 28775000 30175000 

• Primary-8 46250 861471 6940 20015000 28775000 30175000 

-- --Index 92500 861471 6940000 200 15000 28775000 
30175000 

4 0OE+07 

Window size values 

Figure 3.3 b: Space cost for all one field (primary, Full-text) and 8-column (index, primary, unique) 

Space and time complexity show that using special type of index (like Full-text) or using the 

Primary index, of one field, leads to decrease index size, like the full text index when using w6 
compared with unique index for the same window size as shown by Table 3.3-a and 3.3-b. And a 

higher access time compared to eight fields index type, which lead to larger index size but better 

cess i ofif. "" ime. This is true, as the Full-text get advantage of its properties as a special index for th© 
search fi . h . l . . h h ield and the primary index is on integer field, which is less in size than the 8 columns 

04,303 compared with 29.577 about one half). This means that a good representation of search 

field must occupy less space. Small size index, which can be fit in memory, allow the use of in- 

mneno» chir " ory searching mechanisms which gives fast searc mg time. 
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the discussed results, we can see that we need to try to find a less size index structure. Index 
f~O~ larger than database size, when building index upon eight columns search field. Building the jae5. 

index upon a small size relation field is efficient in time and space. Sequence ·rnarY 1 

prt ation to numerical format (compact form), good performance index structure (size and 
«ansform@ , • . • 

d the use of multi-field index type), and early pruning of false sequences hits leads to build (ime anl 

the desired structure. 
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chapter 4 
Modified Wavelet Transformation and BTree (M-WTBT) 
specification 
This chapter will introduce our work t b ·1d · 0 

m an mdex structure for a DNA Genome characters. 

This chapter includes two main sections· th DNA • 
· e sequence transformation process from character 

do
main to integer domain using WT with vdifi · some mo ification, 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. 

Section 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 4.1.2. 
Section 4.2 compares the use of two different structures, the BTree and B+ Tree strcutures, to hold 
the Wsum values. And the advantages ofBTree over B+Tree for Genome DNA sequence needs are 

shown. 
In the last section, Section 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 to 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, we need to represent the Genome DNA 

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

l

·t t · d b lculated efficiently for larger window sizes and other properties 
saves string or er, can e ca 

t

. d · Ch 2 The following two sections will show the process of transformation and the 
men 10ne m apter . e 10 o 
structure we used to hold the transformed vales. 

411 S f t
. us·,ng modified WT to reduce space complexity 

· . equence trans orma 10n 

Th 

. . · .4orn tion is to scan the database of sequences pattern by 

e general idea behind string trans1Ol it is hard to scan the whole sequence at one time. Then 

pattern, using window of size Wx, because 
1 

. . am Haar wavelet transformation. Where n = I, which 
we apply WT on these substring, we use n-g 
means each overlap amount equal to one character. 
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j 'i ied wavelet ranslorr ' «r­ 9..0rmalion BTree (M-WTBT) <f; "° A- _)speci icatior 

The output of WT has two parts, called co ffi . e) t1cients { assume the first coefficient is a. and the second 
coefficient is /3}, a coefficient is the fre u q ency value for the genome DNA characters (A C G. T) 
and B coefficient is the frequency differenc '°'' . ce between two equal parts (after dividing the substring 

into two equal substring and calculatin fr g equency for each part). Each coefficient consists of four 

relds {(A1, A2, 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 ffi · • coe: 1c1ent to one mteger value, using a hashing function, 

to represent the original data to save space reduce coll' · d · h · > lision, anc improve searcl time. 

The hashing function that we use is: 

a= Al.v + A2.w + A3.t + A4.r (4.1) 

p== Bl.v + B2.w + B3.t + B4.r (4.2) 

Aims for this transformation are: 

1. Combining WT coefficients: combine the four fields for each coefficient (Al, A2, A3, A4 

and Bl, B2, B3, B4) to one integer value (a and ). 

2. Decreasing amount off collision: using the conversion parameters (v, w, t, 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, r=2), 
a 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, r=2 according to experiments. 

Let we consider the two substrings at different locations 'i' and 'j 

a[i] = Al [i].v + A2[i].v + A3[i].v + A4[i].v 

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

a[j]= Al O].v + A20].v + A30].v+ A40].v 

= v.( Al[a]+A2[a]+A3[3]+A4[4)) 
. 1 t transformation properties of Genome DNA sequence, we 

Referring to the wavelet U 

have that: 
. ['] _ W and BlO]+B20]+B30]+B40] = W,for any window 

AI[i]+A2[i]+A3[i]+A4[ - X 

size W,, Equations 4.3 and 4.4 become: 
Ii] W) .......... (4.3) 

a[i] = v.( Wx) and au = V. x, ....... 

50 



av·let [, ©let ransformation BTr ---- l cc (M WT ---- - I3T) specification 

The output of WT has two parts, called coeffi . • Ieients {assume the .%. ; 
efficient 1s P}, a coefficient is the f et e firSt coefficient is a and the second 

co requency value for the eno dP coefficient is the frequency d"ffi g me DNA characters (A, C, G, T), 
any llHerence between two e ual . . . . 
,,,o equal substring and calculating fre equ:l parts (after dividing the substring 
into laing requency for each 

ld {(
Al A2 A3 A4) (B 1 B

2 
B
3 

part). Each coefficient consists of four 
fie s , ' ' ' , , , B4)} [50 30] R £ . ' · e er to Section 2.2.2 for more details. 

We want to convert the four fields of each c ffi • . . oe icient to one integer value, using a hashing function, 

to represent the original data to save space red 11. . . ' uce collision, and improve search time. 

The hashing function that we use is: 

a= Al.v + A2.w + A3.t + A4.r (4.l) 

p== B1.v + B2.w + B3.t + B4.r (4.2) 

Aims for this transformation are: 

1. Combining WT coefficients: combine the four fields for each coefficient (Al, A2, A3, A4 

and Bl, B2, B3, B4) to one integer value (a and ). 

2. Decreasing amount off collision: using the conversion parameters (v, w, t, 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, r=2), 

a part will be identical between all substrings and we want to decrease amount of 

collision. We used the values v=l6, w=8, t=4, r=2 according to experiments. 

Let we consider the two substrings at different locations i' and 'j' 

a[i]= Al [i].v + A2[i].v + A3[i].v + A4[i].v 

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

a[j]= A1[j].v + A2[j].v + A3[j].v+ A40].v 

= v.( Al [a]+A2[a]+A3[3]+A4[4]) 
. 

1 
t transformation properties of Genome DNA sequence, we 

Referring to the wave e 

have that: 
,, a; = W, and BI[j]+B2[j]+B3[j]+B4[j] = W, for any window 

Al[i]+A2[i]+A3[1]+A4 1 - X 

size W,, Equations 4.3 and 4.4 becol€; 

[j] ( w:) 
( 4.3) 

a[i] = v.( W) and a. = v. x · ...... 
50 



1od velor" <4 I lI ±tans±ormation BT+ "=2.10¢ (M- WTBT) specification 

• Concatenating of four field . h . . 
11 

. . . s. t is method requires more storage space but also 
illuminate collision (A1A2A3A4. B , 1B2B3B4), 

• Use strategy number 'l' with the additi ·f ion o row number to decrease collision 
amount. 

The last step is to combine the two values (a and [B) t d o pro uce the Wsum value. We consider the 

S
ummation of a. and B coefficients according to the .c 11 • . 1ol towing equation: 

sum = a..wa + /J (4.4) 

The aim of multiplying a with wa' instead of a+B is to solve the problem of false positive to 

reduce collision. 'wa' is any number lead to exceed largest a+/3 value, for example if largest a+8 

value is 120,000 then a. wa> 120000. Duplicated Wsum values is removed to save space, duplicated 

Wsum 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 /J for two different Wsum values at positions i' and 'j ', 

This case means we have false positive, if we take the summation of a+B 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 

•• 
For example, for the following substrings: s 1 == ATTCAGAT, and s2=TTCAGATG 

WT (s1)={66,-1O} and WT(s2)={54, 2}, 
lfwe take Wsum= a.+/J then, 66 -10= 54+2 = 56. 
We want to minimize amount of collision to the minimum, according to the available resources. We 

allo th h 1 f t and W
a Changing those values will affect the amount of 

w e user to set t e va ues o v, w, , r , · 1 · f w.t r values increases, the number of the 
Storage required and the needed memory. For example 1I ·° 

distinct Wsum values will increase too. 

Th h 
duced the amount of calculation to 25% by 

e calculation of WT coefficients, we ave re . 
h 

t {A C G, T}. We have neglected this 
neglecting one character from the four DNA claracters ' ' . char,,, character difference factor (A and B) calculation, 

aracter from character frequency counting, . . the character "A" are two places: 
Vhere the calculations affected by not consider!l8 . DNA characters (A, C, G, T) to calculate the 

• At the 'If statement' for comparing each 

frequency for each character. 
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ayelet Transformation BT ree(MW]BT) ° - specification 

• At calculating the WT coefficients { a fJ } 
Equation 4.1 and 4.2. %/ fields Al and Bl used by the hashing function at 

The same will be done when searching for ne w query, to find the Wsum values, for comparison with 

e whole database. 

for example: let Sl = { GGTAAACGGCTAAT } and S2={ AAACTGGAAGGCTT } then, Sl 

coefficients: (0,2,4,3) (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,l) and if considering "A" character (5,2,4,3) (-l,0,0,l). 

4.2 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. 

W 
be (Seq#), index will be build using both of them. If 

e have two fields, Wsum and sequence num er ' · · de structure will not be affected as query search 
other fields need to be added to the relat10n, m ex s 

needs Wsum and Seq# fields only. 
h . dex using Wsum and Seq# as shown in Table 

In general, we have three cases for constructing t e in 

4.1. The three cases are: 
d ting repetition of sequence number. Case 

Case ( w: alue an preven e a) allows the repetition of sum v . . 1 In case ( c) the two fields 
(b)% ,,4% nd have distinct Wsum values.'' 

allows repetition for sequence num er an 

Work as a composite key field. 

s2 



' avele 'ransforr + .:1at on BT+»s "+-CC(M-WIBTY :e 
.4.1 is a sample data from Euka . spec, ii cation , ryotic (NC 00 - . . - 9684, NC 010093 • 
A three sections will discuss the'l 23,NC_013009) sequence5 · 

e three c . 

h A 

. ases m detail · • 
,,r each case. As we said before, the '5; we will analyze the total size Ol ? e, the table sis total size of t& 

Is. The total size for each case com f consists of two fields the Wsum and es rom Ws fi sequence 
um ield size a d . n sequence number (Seq#) field 

Table 4.1: Index structure us· w. fields. 

[Substring Seq# 
549 1 

511 1 
- 539 1 

551 2 
514 2 
558 2 
559 3 

486 3 
561 3 
511 5 
511 6 

mg sum and Seq# 
Wsum Seq# Wsum 

511,539,549 1 
Seq# 

551,514,558 2 
514 2 

486,559,561 
486 3 

539,511 
3 549 1 

511 
5 551 2 

(a) 
6 558 2 

539 5,1 
561 3 
511 5,6,1 
559 3 

(b) 

Wsum Seq# 
, 514 2 

486 3 
549 1 
551 2 
558 2 
539 1 
539 5 
561 3 
511 1 
511 5 
511 6 
559 3 

(c) 

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

Assume: 

Original Data 

n: number of sequences. 

R;: number of rows for case (a) T­ 

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

Rs: number of rows for case (c), Rs=R;+ repeated JWsum valuGS. 

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

Total index size = Wsum filed size + sequence number field size. 

4.2.1 Case (a): Unique sequence numbe 

field Seq# size: This column contains one value which is the sequence number at the database. Suppose that this 

"@lue range from ·a' to 'b' where 'b'is a maximum sequence number. Suppose that '' "® 
»tes for ssr,, ,44nber of bits to represent sequence um®> ° 

s orage. To calculate t e exac 

NCG. nk/s enebank, hup://www.ncbi.nlm.nih.gov/Gen, 



ea Wavelet Transfor» : · 't0tmation BT%, Ice (M-wTT), «re 
b
le 4 1 is a sample data from Eukaryoti- _s_p...c.e~c1c!..;f i~c.':!:.!at,~102.!.nL _ ra . 0 lC (NC 009 . - 684, NC 010093. N 

,r1, next three sections will discuss th thr - ' C _ 013009) sequences*. 
p,e e ee ca · h A · tses in details;: . 
index for eacl case. s we said before, the t bl . ' we will analyze the total size of the 

· a e consists f 

fi
elds The total size for each case comes fr, O two fields the Wsum and · s trom Wsum fi ld . sequence 

1el size and size. sequence number (Seq#) field 

Table 4.1: Index structure . sstag ' sq' w; '®ing /#sum and Seq# fields 
sum Se # ~~-,--~ · 

(549 4 ] ] 5T1,539,54g] , Wsum Seq@ 
L 0l1 ] ] j 551,514.558 2 514 2 
1.-.....:5_39_-+--_1_-l 486,559,561 486 3 

551 2 539,511 
3 549 1 s ' 5 ' s s ss7 2 50© ] ? [ (a)'6 sss z 

559 3 539 5.1 s 3 I ssr 3 
561 3 511 5,6,1 ii , I sso 3 
511 6 (b) .,__ ..._____:;____J 

Original Data 

Wsum Seq# 
514 2 
486 3 
549 1 
551 2 
558 2 
539 1 
539 5 
561 3 
511 1 
511 5 
511 6 
559 3 

(c) 

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

Assume: 

n: number of sequences. 

R1: number of rows for case (a)= n. 

R2: number of rows for case (b) = number of distinct Wsum. 

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

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

Total index size= Wsum filed size+ sequence number field size. 

4·2·1 Case (a): Unique sequence number 

Field Seq# size: 
This column : hi:h • the sequence number at the database. Suppose that this 

contams one value w 1c 1s 
Value ran fr , . •mum sequence number. Suppose that 'b' needs x 

ge ·om 'a' to 'b' where 'b is a maxi 
hYtes fi her of bits to represent sequence number, the 

or storage. To calculate the exact num 

Ncec, wS enebank, http://www.ncbi.nlm.nih.gov/Genban 53 



\,, •;: 'l' '· ,1, l'k 1 f'r·11·1 ·[' u it,ls:ormation'Ts,s, --- - ) lee (M WTPT) T. specification 
. urn value needs more number of bits th h . lg®es 

ax an the minimum il va ue, we used the following 
equation: 

{
l if value = 1 

nber of bits= ­ 
w [ Log n] for other values 

L t
's neglect the first case when the sequence value is 1 th 1 . . e , e tota space size will be: 

II 

sace Siae =E Log-n 
x=I 

We will consider that all values at the sequence field have one size. hi h · th · · , Wac» 1s ie maximum size: 

Sequence number size = R, · Log2n (4.5) 

Field Wsum size: 
Suppose the number of Wsum values (count of Wsum values) in each Relation Row (RR) is called 

cl/sum(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: 

cWsum(j) = count (Wsum) at RR j, where j=l to R;, 
j=n 

space size = size of (Wsum) • L c Wsum(j) ( 4.6) 
j= 

j=n 

Total space size= R, · Log2n + Wsum_size · IcWsum(J) (4.7) 
j= 

4.2.2 Case (b): Unique Wsum values 1 R There is a relation between 
The number of distinct Wsum vales for all database sequences equa» .2­ 

. When we increase Wx value, R; increases too as 
R W,, and the window overlapping amount V. . . 3 And decreasing overlapping amount will 
W'sum values become more distinct as shown at Chapter · 

decrease number of output substrings and hence Wsum values. 
N ' lumn Wsum in case (a): 
ow comparing R

2 
with the number of elements m co 

RI 

numb TXT. - '°' c Wsum(J) er of elements at column rr sum Z 
j= 

4.f. «........(@.8) 
~ sum J . 
j=] 
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o J Wavelet rar 4 a 1 rans@ormation Dy,, =u 9.1e (M-WT? .. 
+ -.hT)specification 

. : true because both fields, the Wsum fi ld ==------- 
pis5 1el at case (a) and th 

,..,,e Wsum values with one difference 
1 

t e Wsum field at case (b) contains 
the S1J1•• on Y, no repeated · t . (b) 1 ems of Wsum are allowed at Wsum 
field in case . 

field seq# size: 
suppose that the number of sequences values at each RR . . . . is cSeqj) at row j, each RR contains a set 
f equence numbers within the range (1 to n) and . o s up to Log(x) bits space for each value is needed. 

cSeqG) == count (sequence) at j, where j= 1, ... ,R;, and 

R? ±= LlSeq(1)= Z:cWsum(;) ......... (4.9) 
j=1 J=l 

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

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

In case ( a) each Wsum value may belong to more than one sequence (like the value 511° 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 seq# column will contain duplicated 

values (cSeq) and equal to di. 
11 

And to calculate Seq# field size, the total size of sequence values is: ~ Log 2 n and the size of one 

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

Seq# field size = sequence Size . number sequences 
j=R2 

Seq# field size= Log sn · L cSeq(J), 
j=I 

j=R2 j=R : 

@nd refering to (4.9): "'IcSeq(j) = "'IcWsum(J) 
j=1 j=l 

Spa i= ace field size= Log sn· L c Wsum(J). 
An j=I 

d let the variable L equal to: y 
::: ~ cSeq(j) = j'I c Wsum(j) 

j= 

Then R === t . .. (4.10) 
J LJcWsum(J) . 

}=I 
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d ,1.lsum size: el " 
. Iumn contains distinct Wsum values ov ll fbJS co er a sequences. 

ea field size = R, 'W'sum size 
al size= R,·Wsum_size+ Log-n·] ch#Wsumj)...(4.11) 

J=I 

42.3 Case (c): Composite key 

rald Seq# size: 
Referring to Equation ( 4.5), 

Seq# field size = R,·Log,n ,where R, = Y,then 
Seq# field size= L·Log2n (4.12) 

Field Wsum size: 

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

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

Wsum Field size =R,. Wsum _size 

=SUM. Wsum_size (referring to Equation 4.11) 

Wsum_size Total size = SUM ·Log,n+ SUM·Wsum_size...... (4.13) 

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

get: 

Total storage size case(a) = R1 • X + Wsum _size· SUM= I; 
Total storage size case(b) =R, Wsum _size+ X -SUM =T, 
Ti l · + X · SUM =T, otal storage size case( c) = SUM · Wsum _ size 

. d and the main operation; the insertion 
No ding require space w we will compare the three cases regar 

operation. 

{2.4 co · · e· · mparing storage s1z • Wsum size> x, where X represent 
W . d we can say that ­ 
e know that R2<SUM from Equation 4.4 an . . the number of bits to store Wsum 

tum}% +ber and Wsum _size 15 
er of bits to represent sequence numt +ber of sequences, as each sequence 

Vah :eeds the total num 
ue. The total number of Wsum values exc 

hod, 
Ce set of Wsum values. 
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dified Wavelet Transformation R 
' · --- ·'- > rec (M w· , 

----=--- - - rn1) specification 
the study of Genome DNA databases, the total n 

pro' {h • b umber of sequences exceeded 150 million ans that t e maximum number of Wsum v 1 . 
this me a ues will exceed this value. Referring to the total 

size for the three cases (T,, T,, and T) the v . 
storage . · 

3 
' anables that we need to compare are R, R,, and 

fl d the best storage size between them pgtohr 

lly speaking, if the number of sequences (S #) • 1 Genera eq is arger than the number of Wsum values, 
R otherwise R1 <R2, where R;>R and R . 

(hen Rt> 2, 1 3>R2. This means that >>R, and I >R2 as 
=R according to 4.11. 

Referring to Chapter 3, we found that increasing W, value leads to have a distinct Wsum values 
overall sequences and number of common Wsum values over all sequences decreases sharply. 

We have two situations concerning the values Wsum as follow: 

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

mostly. At this case: 

R > Ri and X<Wsum_size, suppose that R2 = a R; and we haven sequences, suppose that each 

sequence will have k Wsum values then: 

Assumed X = Log 2 n, 
Wsum size = Log,(n · k) 

= Log,n+ Log,k 
= X+Log,k, 

and 
Ti = R1 •X +(X +Log2k)·SUM 

= R1 ·X +X ·SUM +Log2k-SUM 
T, = R,·(X+Log,k)+ X·SUM 

= R,·X+X·SUM+Log,k-R, 2 
• 4 7 d at Equation 4.11, and if substitute R, = a ·R, at Equation · an 

X·SUM + Log.k·SUM 
Tl= R, ·X +[X +Log,k]-SUM = R,~~; -X +X-SUM +Log,k·R, -a 
T2:::R1 ·a*[X +Log2k] + X ·SUM =a 1 

d T almost have the same value. 
. 9 this means that TI an 2 And We know that: L > R2 from Equation 4. 

2· Wsum values are repeated 

'D, tion System, 3 html hu;;~e Casey, Human Genome Managemen! 1t~;;;e/pubficat/primer/fig · 
vww.ornf.govlsci/techresources/Huma - 
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> Ri and X< Wsum _size, suppose that R = 
81 2 (a/v) . R1 and h 

h sequence will have ( k / z) w s u l we ave n sequences, suppose at ea m@ va ues then: 

Log n, and y 2 ,, k 
size = Log 2 ( n , - ) = Log in + Log i !:._ = X + L k 

lf'SJl/11 - z z og 2 -, then 
z 

f, "' R1 , X + ( X + Log i k) . SUM = R i • X + X . SUM + Log i !:._ . SUM 
z 

r AR,(X+Log.k)+X ·SUM = R,·X+X·SUM +L, k y 0g,=·R2 
z 

This means that T 1 and T 2 almost have the same value. 

And for case ( c) using Equation 4 .13: 

Total space size case( c) =T, = SUM· Wsum size + X ·SUM 

For comparing T 2 and T,, we need to compare R2 and I , all other values ( Wsum _ size , X) are 

identical between T2 and T3. We know that I>R2, from Equation (4.8) so case (c) is the worst case 

and will not be used. 

Example: suppose Rj=120000000, Ry= R; 100, X= Wsum_size =16, 2 =R; 

T,=1.9392E+11 and T2= 3.84E+ 11 and the difference is about 50% (refer to appendix E for more 

details). 

While ifwe suppose that X=16 and r=32: 

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

Conclusion of comparing 'a', 'b', and c' cases 
Aft , 'b' d 'c') we found that case c' is the worst case 

er comparing the storage size for cases (' a, ,an ' . , , 
'b' . ur index construction as case a suffers 

and case 'a' is the best. But we will follow case in o 

from the following disadvantages: . . . 11 d 
h 

.
1
. ot unique and repetition is a owe . 

• Wsum value is not applicable for searc ' i is n b d an be used. Case (a) can e use 1or 
N 1 ar index structure c 

• o suitable index structure or a c e . . ore space for the index 
jte index, which require m 

searching if we consider using composi e i ' 

size. . . 1 e to case (b), and this makes case 
• total storage size is cloS 

The storage space needed for the t 

(b) a candidate case. 
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Tams[ormation B] 
2 Te (M-WIBT) specification 

rree Index structure based on transf . - [3B! . formation 
4 l shows our idea to store Wsum value . 

f•n11re • s, according to c (b) . 
,~- hr parts· Wsum val link · ase implementation. Each node is of t ee · ues, in ed hst pointer d . 

canst ' an a pointer to lower level of the index. 
l·nked list holds the number of the sequence that . Te contams the Wsum value. 

: icture is a modified classical BTree structure: • . . . 'fhiS strll , It IS a multi-level index structure starts from 
1 tI·n tevel L. The fact that the Wsum value b 1 eel may erong to more than one sequence lead to the 

use of a linked list, as shown in Figure 4.1 · The difference between this structure and the BTree is 

the use of linked list to point to more than one DNA sequence. For example the Wsum value 245 
linked 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 
JJ'sum values. Thirdly: comparing building index structure based on wavelet transformation with 

index structure based on tree without the use of transformation. 

4.3.1 Introduction to Tree structure 
Tree is an undirected linked vertices where the link between vertices represents a path that is not a 

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

details. 

Wsum 

% Sequence ··· : 

" 

I 
CJ 

CJ 

Levell Level2 Levell 

dified B-Tree 
F. e 4.1 Index structure, mo igure % • 

4.3,2 BTree structure other types we have studied 
and B Tree over ihe d are the B+Tree AA Tree and R­ inost efficient trees, for our nee s, RTree, Suffix tree, - ' . Tree, RB-Tree, . 

"tiding: Binary Tree, Red-black tree, AVI-IT % difference between BTree and binary 
i ' akes e tee., illed tree order, m ·\umber of branches, also ca e 

59 



ae ( ans orm:a!' ti1on BT» 
. 1.: ~ ( M- W I I H) . . .. 

. inary tree has two branches onl spcqf 1catic2_t) _ uee, y not more 
t 

·11 he hi as show · binafY ree w1 ave a igher depth l n in Figure 4 2 F e' ' 1an a tree with l . . or a large number of 
arger numb f b 

fre
e can store many keys in a few 1 er 

O 
ranches. 

Bl levels, and 5 1 1 p· ' mcreasin uJJlber of tree eve s. 'igure 4.2 shows th BT g number of branches ill d n e ree stru t w1 ecrease 
A cess time is related to the number of d cure compared with binary t f\c no es we ne d ree structure. 

· e to pass thr h · 

B
rree reduces access time compared with bir IOug till reach the desired d mary tree. recor . 

In Jarge index size, if not fit in random ac cess memory (RAM . 
pg Tree minimize the number of times this m d" ), will be 

st
ored at a storage medium 

e mm need to be access d t 11 . 
werebY speeding up the process. e 

O 
a ocate the needed record, 

The access time for storage medium, like hard di k . is ' is longer than the acce . 
of the mechanical devices. Mechanical devi·c d . ss time for RAM because e rea and write · RAM- operation is very slow compared with 

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

4.3.3 B+Tree structure 
The actual sequence pointers for data values are at the leaves nodes, need more storage space than 

BTree. All search operation will need the same search time, as data only exists at the leaf. Number 

of nodes at B+ Tree 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 

245 310 320 398 415 

Root 

sol] sso [seo][7so [s2o]]s71\914[Lea 

ti Wsum values 
. 4 3· B+Tree example or 

Figure +..· 
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av 4of rnnef + { is1ormation BTrs 
""·!Ce(M-WTBT) sp 56. , 

,ary tree has two branches only !75Pcification 
[es . y not more as h . 
k'Y~ binarY tree will have a higher depth than a tree s own in Figure 4.2. For a large number of 

with larger numb 

Br
ree can store many keys in a few 

1 
er of branches. 

evels. a d • 

1 1 F
. ' n mcreasin 

umber of tree evels. '1gure 4 2 show th g number of branches Il d U ' 'S e BTree str wil decrease 

· · 1 t d t h ructure com d · Access tune is re a e o t e number of d pare with binary tree stru t ~ no es we n d c ure. 

d 
· eec to pass thro h II 

gTree 1e uces access time compared with bir 9Ug ti reach the desired record. 
mary tree. 

In large index size, if not fit in random a ccess memory (RAM . 
Tree minimize the number of times this mediu ), will be stored at a storage medium. 

m need to be access d t 11 
thereby speeding up the process. e 

O 
a ocate the needed record, 

The access time for storage medium, like hard d; k • is ' is longer than th . 

h 

· 1 d · e access time for RAM because 
of the mechanical levices. Mechanical device read and . . . write operation is very slow compared with 

RAM. 

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

4,3.3 B+Tree structure 
The actual sequence pointers for data values are at the leaves nodes, need more storage space than 

B Tree. AII search operation will need the same search time, as data only exists at the leaf. Number 

of nodes at B+Tree 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 

760 871 

245 310 320 398 
sol] sso [seo][7so [sao] sir 9#'ear 

L--_,__-- 
415 

Root 

Figure 4.3: B+Tree example for Wsum values 
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A o io avele Transfor, a sOpmation BT%, 
""<ICe (M-WTBT), .:e 

: 'specification 
are many different tree structures, like 

hers 3» ke BTree, Red-bla:l 
,x tree, and AA-Tree, that can be used to b ·1 . ' - ac tree, AVL-Tree, RB-Tree, RTree, 

Sul 2uild index for the W sum values 
r e structure is suitable for situation with 1 · 

B re arge number of looku . 
ration while A VL-Tree is suitable for lar ps and a little amount of update 

ope ge amount of lookups 
suitable for little number of lookups and 1 P and a lot of modifications, RB- 

Tree a ot of modifications. 

Tree [38] is suitable for approximate queri Ik 
es I e K-nearest neighbor (KNN) d 

query. Suffix tree produces large set of permutations and th· . query an range 
. ts number mcrease when using different 

window sizes. 

BTree get advantage of the cache, it reduces cache miss [60] . . · · especially when node size equal cache 
line size because 1t put multiple keys in one node. 

The following section analyzes the advantage of using BTree over B+T; t b 'ld ree o m 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. 

4.4 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 

B+Tree are in index storage space and searching methodology. 

B+T · · b f th ut nodes and the storage of data values at ree require more storage space size ecause o e ro 
leaf nodes only. This means that extra nodes are needed for B+Tree than BTree. Those nodes are 
the routing nodes which are not the leaf nodes. For example the Wsum values {415, 760, 871} 

shown in Figure 4.3 at the routing path and at the leaf nodes. 

Se . . does not require reaching the leaf node. BTree 
arching for a specific Wsum value using BTree . . 

. T arch methodology require the searchmg to 
search may last without reaching the leaf while B+ ree se 1 b it 

T- structure to hold Wsum va ues ecause i 
"ach the leaf node to get the data item. We will use B' ree s 
need d arch time is less. 

s smaller storage size than B+Tree an se 
lbr . d by BTree, we will analyze the search 
ugh the next section we will discuss the storage size use r , 

'he and the index storage size. 
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s, ' 1 cl·f 

free search time: ,.,.1 . 
b r of nodes [68] or index keys for a tre . 

NIJll1 e e in general (see proof at Appendix A): 
................................. ( ........ 4.14) N-1 . 

tans formation pp, 
"°91IC0(M-W n. . 

<WTIBT) specification 

Where: 

mber of branches and 
N; nUlU 

mber of Wsum values, which are the actual inde t . n: nwu X entries and 

L: number of levels. 

- 

And: 

L~LogNn ( 4.15) 

Equation 4.15 is not applicable for the B+Tree structure. The number of nodes at B+Tree is larger 
than n because of routing nodes. 

Searching time for a tree [68] equal the tree depth 'L' plus the search time through each node that 

passed through. Searching though node can be done by different ways, there is sequential searching 

that requires at maximum N comparisons: 

=O(N·L) 
Search time =O(N ·LogNn) (4.16) 

And if binary search is used instead of sequential searching, search time complexity becomes: 

=O(Log,N · LogNn) (4.17) 

4.4.2 Index storage size: 
Ea · h c. 11 · g parts· the node (contains Wsum ch node, at each level except the last level, contains t e 10 owm · 

· · · ) ence pointer and node contents value, Next Level Pointer NLP, and substring position ' sequ ' 
. . .11 b sed for full-alignment at the last 

counter as shown by Figure 4.4. The substring position wi» e u 
step. 

wsum position . 
Wsum Sequence pointer 

NLP 

:. 4,4; Tree node structure. Figure i·· 

ep. · arts are· 
erring to Section 4.1.2 the index size P · (N 1 )·X ' · uals - · a, Se for one node it eq 
quence pointer ( SP) size equal to X, 62 



av [et Transformation BT,,, 
""""2tree (M-WT1BT 

-~- specification value size = r bit. 
, Wsua 

Lp· it depends on L and number of nodes numb . 
c,N . . ' er of pointers (NP) equal: 
er of keys/node capacity =n/N and size for all d = 

yum! no es =NP · Log 
2 
NP bits. 

d, ff'swn position: 

d (L. - Wx) position values, each value need 1 ( . 
eneu a log(L;- W,) bits for encoding, the total cost of 
ig position value to the index node is (L,-W,)-Log,(L,-W,y, 

e. Node Counter (NC) indicate number of items filled at node, up to a maximum value (N-1 ). In 

our work we did not use counter, instead we check all pointers. The internal pointers will be 
checked till find the required key or found nothing. 

The total 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 

So the total size of the index structure for one node using the modified BTree is: 

Total size of one node =(L~--:x) ·(N-1)'( Wsum_size+ SP+ Wsum position)+ NLP ... (4.18 a) 

Where: 

NP = n/N, n=Li-Wx, number of nodes= (n/N-1), Li is the sequence length. 

And total number of nodes is =(L-W/(N-D)... ( 4.18 b), then 

,-W,Wsum_size+SP+Log,L, -W+,,'; ·N·Log-@, -W) ..........(4.18) 

And the Wsum position value is not used: 

(L,-W,Wsum size+SP]+ " .N·Log,,-W,) ' s N-I 
( 4.19) ······································ 

• 1 t transformation 
4.5 Comparing radix tree with Wave e b resented by a character 

DNA sequence need to e rep 
For a database of sequences, the Genome it with our work based on 

to compare 1 fi • tree structure, 0
nnat instead of integer format, using a th t can be used, balanced, un 

t es of tree structure a . 
Wavelet transformation. There are many ype it is the most suitable tree 

ked radix tree because 1 balanced tree, BTree, RB-Tree ... etc. We pie 
NA sequences need. 

tucture, over the studied tree types, for D d can be presented 
d h Id three characters an p· ch no e o 

'Bure 4.5 shows the radix tree structure, ea m root till leaf represent a character 
Us• • 4 6 Each path fro g Figure +0, One character as shown in 
mu, : windowing. ation, this figure uses 3-gram 

- 
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oe / +ayelet Tr: £ ills.Ory + =u.maton BTre 
''Ce(M-wTTys, :, 

. 4.6 shows all permutations, from th spccificatH_21_1 _ 
g' s» e DNA genome with the character A as a root nod F characters, for W,=4 fc start e. or the wh 1 x or substrings that 
..a¢ with the characters {C, G, T} as a difc. o e permutations we need another thr t s Ierent root d ee ree 

. d x: structure in term of index size, transfc : no e. We will compare WT and T b d ill e , ormation co t ree ase 
st, and search time 

The window size W, affects the path at the t · ree. Increasing w ·u . 
ah. For example if W,=3, number of p . x w1 reqmre adding more nodes to the 

p . . . assmg nodes is 3 node 

umber of passing nodes will be 8 nodes fr h s from the root, while if W, =8 n om t e root. x 

AAA 

AGA ACA ATA AAG AAC 

TE: 
GGG GGC GCG GCC GTG GTC 

Figure 4.5: Radix Tree based encoding for DNA sequence using Wx window size. 

Figure 4.6: 'A' Tree root for DNA sequence holds one character at each node 

Transform t· . be it is a one time cost used when building the index. 
a ion cost will be neglected ecause 1 

The foll . b d on Radix tree to compute the total storage 
. owmg analysis is for the Index structure ase 
ein.rd, .:. 8 or er to be compared with Equation 4.l · 

4.S 1 I d · Inlex size lbe . f h window (W) used to scan the sequence. 
ntunbe f 1 d d on the size o t e x 

'h. r o evels for the tree tepends . ) and lastly the linked list at 
'"® tota] nodes (pointers), 

size of the index is the nodes, links between 
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1 
t level that points to the sequences Th . - · J~ __ fi--'-'cc=ll~io~n _ 

el . d . . e linked list field . . 
8 The total m ex size can be calculated c is identical to "SP" d E . 4.I . as follows: use at iquation 
amber of nodes for a tree: · 

" l 'J, where L = W, 
y-I 

l Size of each node is 8bit [11 ], referring to 128 AS 
s~uence {A, C, G, T}. CII , to represent each character of the DNA 

3 Number of nodes links of one tree is equal th . d . 4 Wx e number of permutati 1 ( Wx link is, we nee pointers to -1 nodes. So Lo ([ 4 wx] . . ions- , 4 )-1. And size of 

4
. Linked list at the leaves: SP. g i-l) bits is needed. 

~+ (4Wx -1) · Log2 (4Wx -1) + SP 
N-1 

»"=),a Log.@-D)- Log.@" -Dy+ sP 
N-I 

.E he-ou,e"»-n,eyes» 
[y-] 

:: N-I + Wx · 4 x · Log 2 ( 4)- Wx • Log 2 ( 4 ) + SP 

[r:-] 
== N-l + Wx · 4Wx · 2-2 · Wx + SP (4.20) 

Compared with the Equation ( 4.18) of B-Tree index size and neglecting the SP field: 

Wsum_size (Li-Wx)[(N-l)•Wsum_size+SP+; -Log2(n/N) ]+(Li-Wx)•Log2(Li-Wx) 

The Figure 4.7, Figure 4.8, Figure 4.9, and Figure 4.10, based on using the W, value as a variable 

for equations: Equation 4.18, Equation 4.19, and Equation 4.20. And the X-axis represent the values 

of Wx range from 4 to 180, Y-axis represent the logarithm of base 10 to the equation. 

Through our analysis, we have used fixed values for the following parameters: 

Li=3.000.000.000 supposing this is the maximum sequence length, 
N == 50 

' 
X=32 is used to represent maximum sequence number, and 

sun_size=32 bits. 

Changing the W value affects Equation 4.18 at two parts: 

U,-W,(y-1-Wsum _size,and (L,-W)-Log,L, -WO) 

Andafti ([Nwx -1] Wx•4Wx .2,and 2-wxJ. 
ccts Equation 4.20 at three parts: N - I ' 

th . value of Li by subtraction (Li - Wx)- 

e effect of the W, value at Equation 4.18 is decreasing the 

®a, 
acter codes and html, http://www.asciitable.com/, 2011. 
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velet Transformation BT,, 
" Iee(MW --- ....::..._TBD. spccj Ci cation ·-~=~-------- [feet of Wx at Equation 4.20 Is increasi: , 

put tb• • . . mg Y Power of (y and multiplication with W, p% .2), So increasing W, value will decrease th, 
(f e output of Equation 4.18 and increase the [Equation 4.20. up! ® 

·ng the W, value affects the index structure ha d " 
Jncrea5

1 
se on WT transformation & modified BTree­ 

• ,n" by decreasing the storage size and affects the ind t . 
TM lex structure based on Radix tree structure 
by increasing the index size, see Figure 4.7 and Figure 4.8. 

The change of the value of Equation 4.18 by increasing Wx value is about 12% (18.03 at W, =4 and 

je last value is 16-
26 at W,= 180). On the other hand, the effect of W, at Equation 4.20 is larger, it 

% 24 times larger (the first value is 11.90 and the last value is 304.12). See appendix B for detailed 
values over W, values for the three Equations 4.18, 4.19, and 4.20. 

Changing W, value not affecting our structure a lot, but it increases index structure based on tree. 

Notice the sharp increase of index size while increasing W, value at Figure 4.7. Referring to Figure 
4.8, there is a little change on the index size during increasing W, value, it is almost stable. 

Equation (20) 

so I I I I I 
I I I I I I I I l I 

s % »w@8©ws.%° ¢° 
Window Wx values 

: 4.20 by changing Wx value for the logarithm of Equation . 
Figure 4.7: The output values . tur This figure represents 

. . to the index struct e. 
F- Ws position igure 4.9 shows the effect of adding sum d 4.18 (the difference in size Equation 
th E ations 4.19 an · ldi; th 
e logarithm difference between the two qu h difference of size between ad mg e 

4 1 fi the figure, t e l 8 fr a .8 Equation 4 19) As we can see trom 10 and ends around va ue om 
· · art at value 

Ws osition st f · between the two urn Position or not adding Wsum p the difference o size 
. 1 will decrease 

"@®timum value of 10. Increasing W, va ue 
120 

)62,768 at W, =180. 
qua. w,=4and end by '» hons, start by 6,656,295,936 at x 
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Log (Equation 18) 

Window Wx values 

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 

curves 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] 

Cl) 
:::, 

3 
0, 
0 a 

12 

10 

8 

6 

4 

2 

0 

1-............... aA al Js%, aAA. » al, - - . as aA. aA aA. aA - .. ... ... ... A, a, A, aA, y w - T W - - 

- 

' ' ' ' ' 
' ' ' ' ' ' co O '<:t N 0 

' ' ' ' ' O '<:t N 0 ps. co ' ' ' ' ' ' ' ' ' N 0 co (") <t <t LO tD ..... 

Window wx values 

between Equations 4.18 & 4.19 . 
. h f the difference Figure 4.9: The logant m 0 

5.2 Search time . ded For tree based structure, 
Th ber of comparisons nee . . 

e search time depends mainly on the numt height. And for the modified WT, it 
mm, W, which is the tree 
u0er of comparisons required equal to 'xz iber of comparisons. 

. the same num needs ,.,, tures require 
rrx comparisons too, so both struc 

- 
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Figure 4.10: The logarithm of Equations 20&18 wh·1 h · w 1 e c angmg x value. 

4,6 Conclusion of comparing MM-WTBT and Tree based without transformation 

We have used W, as a variable value and other parameters can be divided into two categories, the 

database data related and index related. The database related is L, "sequences length", n sequences, 

and 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 

sequences. 
. . . h threshold value, smaller W, value is less b. Can be used for similarity searct as a 

accurate than higher W, values. 
h dl the search query with different lengths. 

c. Multi-resolution index structure to an e 

3. Increasing W: value will increase the index size. . . h h . d 
x W,value is higher than index 

4 Th t for more than one x · e building time for index structure . . . · WT we can do 
ill enhance this issue; using stru · 1 The use of WT wi e cture with one W, va ue. iginal sequence again . 

. th no need to reference on 
transformation for a higher W, value WI . 

. d [adex structure with more than 
Picki . . d ending on his nee s. n . . 

hg the nght value of W,is a user issue, teps t have set of valid candidate for 
One7 . and intersection O 

,r x value allows the use of parallel processing 
'Sien referencing. 
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t ransformation BT+ ""PNC€(M-WTBTs : 
:: th % °)specificatio 11 . ff'sum pos1t10n to t e index increase : ---c..::.._ _ 

die 4:. ±, ·es index size, but th 
.. ored with not addmg It. So we have added tl ' e amount of increase is small P he sum positi 
'nnrnent at the final stage. on to the index which will be u d al# Se 

. di' g index structure using WT and the m dif il" O 1tied BTree is mo . 
re without transformation and using rad' t re efficient than building index 

acU IX tree, as show in Fir · 
, value without increasing index size igure 4.10. And 1t allows using 

Jarge x • 

index structure has a flexibility to fit to user d . our nee s according to the availabl 
bas the following variables that can be changed: e resources. User 

• Window value and the total number of W, + Va ues. 
• The number of modified BTree branches N and levels L. 
a We used I-gram WT using n WT · ' -gram is also applicable and will reduce index size. 

The value of n also a user defined. 

We conclude that using our index structure is more effective over index structure built without 

character transformation and using Radix like tree based, and provides the ability to build index 

with flexibility according to user resources. 

4.7 Enhancement for saving index size 

In the process of designing and analysis of this method, a few ideas were generated for expanding 

and improving this work. 

In order to decrease index size instead of storing Wsum values at the modified BTree, which we 

suppose it is up to 32bits, we will use the Wsum difference between values. The following steps 

explain this idea: 

The first step is Wsum values ordering: put all Wsum values in ascending order, Ws = {W1, W2, ... , 
y 
ad. the foll vingd={W,, W±-W), ..,W,-W»a}­ 

on step is building difference list according to t e O ow ' 
las 1 from the order list Ws to be the root, 

t step is the modified BTree filling: select the first va,ue 

and select N values following the root to be filled at level one node. 
F' d'fi d BTree index structure will store 
igure 4 1 . . f how the mo 111e . 

k 
· 1 and Figure 4.12 is an example O 

1 •s to save index storage size 
eys Th . . d of the actual value 1 
L · e aim of using Wsum difference insteac {p t al Wsum value needs. 
ause , ber of bits than t e actu sum difference will need lower num 
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·FF) 
QJCJ9 

crF0 
u Go DO 

gure 4.11: Sample tree shows the use of Wsum differe . 
nee (1) mstead of the actual Wsum values. 

jel 3 sreE5[D[CY9 
EE) 

DD 
DD 

DD 
DD 

DD 

Figure 4.12: Sample tree shows the use of Wsum difference (2) instead of the actual Wsum values. 

for example if new query need to search for the Wsum value 523, searching path will start from the 

root (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 11-1 0=1, and by comparing with the last level, first node after node 10 that 

contains the value 1 is our need. The path will be (root-> 10-> 1). 

48 Our method for sequence full alignment 
After filtration step, a list of candidate sequences is ready to be checked against the query. Full 

ali 'd •th th query sequence to have the final 
gnment, with no gap, is needed on those candi ates wi e 

ou~ut, either a matched sequence/s or no match sequence/s. 

\Ve · . . with Wsum position and the index structure 
will discuses two situations, the index structure . 

I\° 1 · nt in both cases in the following two 
lhout Wsum position value, and show the use of a ignme 

sections. 

4
'8•1. Full alignment with Wsum position value h candidates and the query 

We . . lue between t e 
need to do full alignment using the position va 

sequence. 
. t will be done character by 

If Pa· . uences; the alignment , 
Ir-wise alignment is used between the two seq ' ns in both directions, before 

Chara . n do companso 
ter. This method starts at a common substring the_ ·11 be done left and right. If the result 

hat, 5rds comparison wI 
t e common substring. In other WO' ,, 



V/avelet Transformation[g 
--- -2..cJCl' (M-WTll'T'\ ..._. 

UPI- WT BT) specificat 
full match between all character pair b - ion 

~nots s etween the sequene 

0 
c..11 match. e and the query' this means there 

" . di g tree structure, to get advantage of effic' wild J©lent search ti 
,position values is shown in Figure 4.13, W .. ume, upon the Wsum values and the 

ff sUJTI • e will take advantage . . . 
values from sequences. During this step . g of initial step for extracting 

fl we will build a modified 

h 
node at the tree will contain one key the W 1 

ie BTree for each sequence. 
" sum value and th :: . ' e position value will be held by 
e pointer: 

Wsum values 2 Wsum values 
Wsum values 

Wsum position Wsum position 

Vsum vales Wsum values 

(A) 

Wsum position 

(B) 

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 

used to indicate the Wsum position for each Wsum value, in case that the Wsum value appears more 

tan one time at the sequence. 

Figure 4.13 B is the internal structure at each node. Each node has pointers to Wsum position for 

ch //sum value, so the number of position pointers for each node is N-1 pointers. Last step is to 

do the alignment starting from the given Wsum value, again full alignment is needed, any well 

own method for BTree comparison can be used at this step. 

Suppose we have two trees A and B, and A= { Aroot, A1eft, Aright}' B= {Broot, Bieft, Bright} 

A==B ½ A -B -B · root - root /\ A1eft = B1eft /\ Aright- right, 
Are . ach single node, and as soon as one 

Cursive processing on both trees is needed and compare e 
Value . . Bellow is a simple pseudo code: 

is differ, stop scanning and return not equal trees. 

Algorithm 4.1 
'free r 
int a Igtunent algorithm: 
if (~0~Pare_tree_node ( BTree A, BTree B) { 

' is empty) { 
return -1;}else{ 
1f (B is empty) { 

return -l;}else{ & Btight=Bright 
Ch && Aleft=Bleft & eek if Aroot = Broot 

[ll/en return l; 
y,,® else 

end compare tree node 
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elct mmstmaioILIl 
""""!Ice(M-WTpp .e 

: in. ?0 Specification 
l·gnment with nsum value only -'-'----------- 

2NV Ws .:.: . ase assumes no sum position is added to th . 
pis e index structu d . 

e we can follow one of the well kno re turing the index building In ys wn methods used fo · 
d include global alignment, dynamic r sequence alignment. These 

metho 5 • c programming, B • . 
e (BLAST variants), and First Fast Se as1c Local Alignment Search 

reehJ11q quence Searching Algorithm (FAST A). 

rorithm 4.2 

TBT Index structure algorithm: 

oefini tions . 
let Transformation: WT 

jave er of sequences: n 
s S; f, 5 ·] DNA sequences: i, . or i= .. n 
sequence length: I Si I 
Window Size: Wx 
lleW query Q of length IQ I 

[put 
Database of n sequences, Si, i E: [ 1. . . n] with length I Si 1 

Window size Wx, x:number of windows range from 1 to h 
di.fied BTree branches: N and number of levels: L 
1. Domain Transformation 
For each Wx value, x=l .. h 

I For each Si 
Scan Si using Wx to calculate WT-1 gram coefficients {A_cof, B_cof} 

2. Integer domain transformation 
A cof = Al . v + A2 . w + A3 . t + A4. r 
B cof = Bl. v + B2. w + B3. t + B4 . 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 

pointers 
4• Query Searching 

Search for a new sequence Q of length IQl. 
For each Wx value, x=h .. 1 such that Wx<IQI do (NQi) 
Convert Q to WT using step2: output is [Q]/Wx subsequences !l 
Search the index structure for matching according to section 4.10 
E t. till last value O X 
nd loop if match is found or con inue 
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A®" 
1uating M-WTBT index size (implem t . 

a entation details) 
gh this chapter we will compare the M-WTBT : 

po . mdex structure size and properties with t previous works usmg the following sample d t . hr 
differen . a a. ct romosome 18, chromosome 20, and 

ome 22. A set of experiments was done the . b' . 
cbfOIJlOS • • ' mam objectives was to test the proposed 

d and asses the validation of our work. ehod® 

Th l·n1plementation of M-WTBT has been developed using Matlab and C++ Th . h e} . 1e experiments 1as 
~vo steps; the Genome DNA sequence transformation to produce Wsum values using Matlab 7.7, 
and building the index structure using C/C++ for the transformed data of CSV format. 

5.1 Material and methodology 

for our experiment, we used the sample data shown in Table 5 .1. The number of base pair and file 

size is listed at Table 5 .1. The sample data consists of three chromosomes of the 23 pairs of 

chromosomes in humans. People normally have two copies of this chromosome. 

Table 5.1: Sample data used for the experiments. 

Chromosome Number of b File size 

18 85 Million 79,638,800 b es 

20 66 Million 64,286,038 bytes 

22 49 Million 52,330,665 b es 

d • experiments The input data in Figure 5.1 bellow overview the main steps we follow urmg our · . 
. . M tl b The input sequence is extracted FASTA format is transformed to Modified WT usmg a a · 

without the header. 

Input 
Data 

M-BTree 
construction 

(Wsum, Seq#) L-----­ 
L'CS\/ Format 

Modified WT 

MatL.ab7.Z 

;;ggsoracscscsccacs 
is,{'2©sTAcGGcGTGccGG 
GCG GGTTACACACACCACCC 6]'siiisscsrsccscc 
is,,227 IAcAcacaccAcccG 

CGTACGGCGTGCCG 

CIC++ 

3595 1543 
3595 6532 
3595 6534 
3596 1 
3596 45 
3597 6 
3597 23 
3597 23 

Case (b) 

WTBT experiment steps. 
Figure 5.1: M­ 

M-WTBT 
Index 

Level 
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r ' ' • ' ' l \ 'l \' 'f , sett1 yI- BTA J, 4_iHdex Size(in = €(in - .J.Rlemcntat' 
,,, transformed data (Wsum) is @tHon details) a comma lj · IIst val 
,,struction program. M-BTree prog· . . ue (CSV) file f ram is im 1 ormat that will b 
"" the final M-WTBT structure. lemented using C+,, 9° used in index 
II" ++ functi ons and the output will 

;2 Managing M-WTBT Index node and block . 
gure 5.2 shows the memory and . d size m ex block relati 
index keys. on, where each index bl k . oc is holding set of 

I 

I [I 11,.......;:...:::::JI 
[ftD F,== [ID r 
.l_l .. · 11_ ... 
I • 

I 
I 

I 
I 

• 
Ir;:::::-- IT:IJITii1 lit lid I'- 1"h 

Memory (M} 

• 

- 

I ... q;pJ 
Index Node (D)I 

"I I .---1 ·---11111 ·-- 11 
111--· 11111... 11 1 

I 

~-=---~- I I {[ 11111 ·.. 11' I 
1 111--· 11111... 11 I I 
L J;'.=-==--== ~ _j 

Index Block (B) 

Figure 5.2: Memory, Index Block, and Index Node relation. 

1 23 N-1 

Index block size (B): 

B= M r _blocks ·Node size ················ (5. I)' 

Where 
' 

Node size· th . - · e mdex node size, and 

r_blocks· • · an mteger value used as a parameter to increase or decrease number of index blocks. 

lncreasin bl . . . . g _ locks value will decrease number of index blocks and decreasmg r_blocks value will 

increase number of index blocks. The number of keys (which is equal to N-1, refer to Figure 4.4 for 

detail "Ils about number of keys N) at the index node controls the index node size Node_size' value, 

lncreasin N . . g will mcrease D too to allow more space. 

llti, is true if index can fit in memory, but if index size is larger than memory, partially loading of 

dex can : be used according to index block size as follow. 
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M 
,__blocks== Node_size · · · · · · · · · · · · · · · · · · · · · · .(5.2) 

-------- 
Ad 

Node_size == (N -1). s (5.3) 

N de size·r_blocks = M (5.4) 3= 0­ 

Where sis the index key size. The number of times of loading blocks is equal to r _blocks, each 
ime the loaded blocks is of size equal to the available memory size. 

JJ'yum values will be sorted in a set of nodes at each block. To search for a Wsum value, each block 

will be identified by start and end value as show in Figure 5.3. Picking the right value for r _blocks 
and N can be optimized by considering the cache block size, which is smaller than memory block 
size, to speedup processing and decrease cache miss. 

Index 
Blocks 

Figure 5.3: Index Block management. 

. ithms and the methodology for building M-WTBT The following pseudo-code descnbes an algor 

index structure: 

Algorithm 5.1 

The Modified WT algorithm steps: 
memory size M, window size WT conversion parameters, Function MWT (sequences £older D, 

ix, +t (1)) { D) %loop 1 , conversion parameters file format at 
loop through all sequences ( fasta 

open fasta file for read 

read file header . according to M (2) 
set block size for loading k to fill 
determine number of total bloc f blocks% for 1 
for each loaded block l:number 0 

read one block 
scan by window size Wx G T counters 

calculate A, C, ~T according to Wx 
f B cof} calculate {A_co '-rding to Wx 

calculate Wsum acco 
store Wsum 

end% end for 1 
for all Wsum values %for 2 values 

remove duplicated wsumsv file format 
. t to C Store result lis 

sng end for &end for? 
4,p s1cop 1 

{unction lg: 
I'ithm 5.2 



g M- I'BT index size (i 
"€(tiplementation details) 

tbe l\'fodified BTree algorithm steps: 
:4l parameters: 'tia 

""] ,±ze 'Wsum_size, LL pointer size 
wsu MIN number of keys at node N 100 50 , ysum ( keyva 1 ue, sequence point 
sttlJ\ item { Wsum, seq#, pointer NLPJ er SP J struC 
ocessing: 

tr csv data file 
open until EOF %loop 1 
j00p 1> 

read one .ine contains two pair ve] . a ues (Wsum check the tree if Wsum already exists 
search all values from right to left 

if exists then %if condition] 
add SP to Wsum struct 

else add new item to node 
end if %if condition] 

end loop %loop 1 
(/} Conversion parameters: referring to section 4. J. J 

(2) Memory size determines number and size of index blocks. 

- 

Seq#) 

5.3 Experiments 

First output from the first part of the experiment is the transformation of the sequences into distinct 

/sum 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 

number of the four DNA characters without the N character. All values in Table 5.2 and the next 
tables are in bytes and experiment is done using one W, value =1024. 

Table 5 2· Data samples properties, and output sum 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 

• · hl ffe ·t th Wsum output As if original data has Results show that the input data properties higl ly a ec e · 
hi f d. . t Wsum values will decrease. gh degree of repetition the number o istmc 

: iti 4 l 8 and 4.19 referring to Section 4.4.2, According to our sample data, we have applied Equa wns · ' 
T. d structure for two cases (Wsum and Wsum t I . b M- WTB m ex 0 Calculated required storage space Y 

3 
h th output of the two 

. Equation19. at Table 5. ' s ow e 
With position). Columns EquationlS and q ' . BTree branches (N)=l00, 

chromosome length I, equations. The parameters we used are: 

"=1024, and n=L,- WA. 
1 Last step was to apply the proposed 1b . the Wsum va ues. 

en We have built the M-WTBT index using . t ad of the actual value. The last 
e :. Wsum difference ms e 
nhancement by Section 4 7 by using the m m values Table 5.4 shows the 

• • the nwsui ' 
Coh .:. it result using 

umn of Table 5.3 is the experiment of each of the four cases: with Wsum 
Perce il chromosome s1Ze, htage, corresponding to the actual 76 



"31 index size (im] 
-''PlcCmnentation details) 

according to Equations 4.18, Wsi) :. ' 
al®. ' m with position accord; 
,,jancement, and the experiments. <Ording to Equation 4.19, using the 

Tab 3 D t l 

«I 

le 5..: a a samp es using Equation 18 E . ~ s quation 19. and E . 
Chromosome Equation18 p . ' ,quatton 20 and experi 

quation 19 
Enhancement 18 3,148,187,085 1,195,394,754 

Ex_periment 

20 2,490,353,771 
57,037,494 118,828,097 

952,983,069 41,858,158 80,496,453 22 1,423,041,864 554,880,526 21,628,165 52,751,644 Total 7,061,582,720 2,703,258,349 120,523,817 252,076,194 

ment. 

Results ob tamed by Equation 4 .19 are better than that retu d b . 
. . . me Y Equation 4.18, but both are very 

large compared with the original data size. 

Table 5.4: Comparing original data • SIZe WI In ex. 
Chromosome Equation18 Equation19 Enhancement Experiment 

18 4036% 1533% 73% 152% 
20 3953% 1513% 66% 127% 
22 2790% 1088% 42% 103% 

ith id 

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 

4.4.2, values at the same sequence have no repetition which causes the large difference between 

Equations 4.18, 4.19, and the experiment result. 

So, 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 Xis: TWsum for the Equation 

4.18, Equation 4.19, and Equation 4.20. 

rf=. TWsum (5.5) 
output value from Experiment 

Where, 

Total number of Wsum values = TWsum/rf 

4 Environment ® 
DELL PowerEdge 2950 Inter(R) Xeon lhe ex · · I tel Core 2 Duo periments were conducted using In 

048 
KB L2 cache, running Linux 10.2 

CPU,ps . 1emory and2x 2 
' 5440 @2.83 GHz, 7.99GB of mam m .1 r 4 1 2 using optimization level; 

(k u C++ comp e . . 
el 2.6.18). The program was compiled by the gn 
fen% appendix C for more details. 
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• . - . ' \ .\\ --------- 
pJlernol'Y restrictions 

55 
·ng the implementation of index structure 1 Dufl . ' ong sequences like hr 
ory and long time to accomplish proce: ct romosome 20 requires large 

rneIIl ssmg. For example a . 
20 o00bp long, will require 366 882 848 by Single human DNA genome, with 

J 3 , ' ' ytes (350 MB) 
' . of memory for holding {A B} WT 
efficients. " 

3T index size (imp] 
' lcmentation details 

--------- 

The memory used by software is limited by the physical : • 

be extended by irt l y memory Installed, despite that the physical 
emort can Vi. ua memory set b . 

JI1 • • y operating systems parameters. The memory 
allowed for C++ is set usmg the parameters at limit: .h fil 

i s. i e and depends on platform (MS Windows 
Linux, or MAC). For example, an 'int' array defined by [10001[1000] d M . .' uncer s wmdows 32 bit 
operating system will needs: 1000100032=32MB memor This , 

ry space. is means that comparing large 
sequences using the native DNA characters directly is virtually impossible. 

5.6 Comparing M-WTBT index size 

For 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 

I · · · d 40-70% of the input sequences size as shown in arger window size produces mdex size aroun - 'o 

Table 5.4. 

f · 40MB and it required 400MB free 
2) The work of [IO] compared two chromosomes O size ' 

. r because no transformation is used or feature 
memory. There work used a very large size of memo Y . . . . 

t have used transformation to minimize 
vector to extract main characteristics. And for tha we 

memory requirements as mentioned at Section 2·2 and 2.2.2. 

3 . h'gh storage space complexity needed, most 
)Dits [12] shows the erent works of suffix tree d h ·nhanced Suffix tree require 8n 
effi · · J 2 5 n space an t e e 
ient work claimed that Suffix tree require :.. ·{ha.8 

s . size is much smaller an n. 
Pace. Where n is the input data size. Our index 

) . g more than one Wx value as 4) GT Words Tree, usin 
The Work of [55] build a tree (called AC - T with Suffix Tree. 

sho :.. ACGT-Words .ree 
n in Figure 5.4. Figure 5.4 compares 
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40000 
30000 ~ n ±±±es±=;ff " dttr;;; 
sS 4 s 9 ® o "vs,s® v s° ®' a8 

the length of the database 
sequence (TL.) 

vACGT. 
Words Tree 

-ta Suffix Tree 

-------- 

Figure 5.4: Comparing number of nodes fo ACGT 
r -Words Tree and Suffix Tree [55]. 

For 8 sequence with length=20000 hp, using N=100. and c id th .. 
, ons1 er t e repetition percentage is 0.4, 

we will have the following: 

The number of nodes of M-WTBT (20000/N)0.4 =80 which is very small compared with ACGT­ 

Words Tree. Note that the repetition of Wsum values between sequences 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 
a repetition. 

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 

chromosome 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 
200 2,243,946 

18 500 2,243,346 
1000 2,242,346 
100 1,702,151 

Chromosome 200 1,701,752 
20 500 1,701,152 

1000 1,700,152 

100 3,661,382 
Chromosome 200 3,661,182 

22 500 3,660,582 

1000 3,659,582 

18 20 and 22 we found the W,= 000, for chromosomes ' ' ere we compared our work using 
'®llowing: 

d d our work according to number Tab! 5 f ibsequences pro uce 
¢ 7.6 shows the percentage of number O SU 

of subsequences produced by Jeong work. 

J and M-WTBT. 
Table uences of ln-Seon eong 

3.6: Comparing the number of subseq 
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Input data In-Seon Jeong 

M-WTBT 
M-WTBT/ Jeong Chromosome 18 2,242,346 

64576g 
28.7% Chromosome 20 1,700,152 

514,744 
30.2% Chromosome 22 3,659,582 

299,777 
8.2% 
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apter 
scussion and Conclusions 

main purpose of having index system is to ,-;; 
The facilitate reaching th 

method by minimize time and effort d . . e needed record in effective 
esS and maximize searching speed. ., 

fil 
tion to decrease the number of candidate record g P .Indexing systems uses 

tra r , so no need to sea th h 1 
umber of 1/0 operations. n e w O e database records to reduce n 

This chapter is dedicated to summarize the results and id . 
. eas presented in the previous chapters, as 

well as the conclusions that can be derived from the gathered and collated data. 

Experiments results show the advantage of multiple fields over sin:l fi ld . d . fi g e 1e m exmg or search 
time, even if special index type, like full-text, is used. Choosing the type of the index must consider 

the nature of the input data. Special type indexing based on previous knowledge of the data 

properties 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 ofB+Tree, with modification, to reduce index size. Comparing M-WTBT with 

Tree 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, 

scanning method, data transformation, and searching. Concerning the M-WTBT, increasing W, 

value will increase index size and decreases I/O operations; however, its value must be selected 

according to query length. 

U . b 11 ing· parallel processing, similarity 
Sing more than one W, value enhances index structure Y a ow · 

• x • • d handle queries with different lengths. 
searching, multi-resolution intersection candidates, an 

E h. the use of Wsum position enhance Xact h' . f ·hig for exact mate mg, mate mg 1s the final stage o searc m : ·il adapted th . t matching our structure 1s east:y 
eefficiency while increasing index size. For approximate ' 

®methods used for approximate alignment. 
. compared with Tree based 

Anahs:. 3ed less storage size 
Ys1s shows that our index structure occup1e 1 the decreasing in storage size 

indexi . . nt results revea 
ng while changing W, value. Expenme that our index structure is more 

cord ruence. We conclude 
ng to Wsum repetition at one seq · . 

ffey;_., character transformation. 
'Ve than index structure built without chat 
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suio and 'ouclusions 

vious research asswnes a static index . - 
st Scenario: inde : 
IV' h th t t . ex is created fr ce, and t en e s rue ure is never changed H om a collection of input 
data on ' . . e · towever, on prod . 

not adm1ss1ble. Instead, available res ac Iuctive real-world systems this 
ofte ·0urces may be :h 
t c. d . c anged· data . s. Therefore, adaptation to changes is su '> size may increases or 
decreas . pported by our index t s ructures . 

. dex structure has a flexibility to fit to use d 
our in r nee s according to the . 

th following variables that can be tuned and h available resources. User 
bas e c anged: 

a Window value W, and the total numb 3f . er o resolution. 
• The modified BTree branches N and n b fl um er o: levels L. 
The use of N-gram WT instead of I-gram WT h • . . 

, Where index size will reduce for 
higher N value. 

■ Available memory size to determine index block and node size. 

• Allow using similarity search instead of exact searching b . · · f y. mcreasmg amount o 
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 

/'sum 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 

root 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. 

At the end of this study, we conclude that any index structure, for a huge size data, will contains the 

main functions shown in Figure 6.1. This figure shows the general characteristic of indexing 

system. 

F . • • • h · d x so why not loading data instead Or a huge size input data, mostly the data is less in size than index, 
f • . d fil (see Appendix E for more details 0 the index. Loading input data require scanning all ata 1 es . . 

d search time cost and it is a slow 
about Genome sequence file format) which require storage an 

' : fc ample consider the process of one 
operation. Data item size is larger than index item size, or ex 
FA • And index systems allow a set of processes to 

STA file compared with processing BTree node. . . . 1 format like partially 
lllan . the actual data m ongma ' 

age the data, which is hard to be done usmg . d licate easily analysis, .. etc. 
loadin . 11 I rocessing, removmg up ' 

g according to a specific criteria, para e P . . . 
'~ . d efully considermg its properties. 
111PUt d fi · nt domain, an car . ata require transformation to more efficie1 . feedback. Feedback is the 
iran t can be tuned using a 

sfonnation will produce new data format tha W. properties (like size, range of 
luning c. ation to control sum 

Process between indexing and transform? 
l,... %de type) ·Single/composite index field, and index ' 
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s: n and Conclusions - - .... __ --- ry searching, index may be fully or . ----------- 
for que partially loaded . 

. ,..r.es, and query to search for. If index size . according to: index size, available 
eso Is small enough to fit 
. be loaded. If index size is larger than the . it m memory, the whole index 
ill available resources. : 

d. Our index structure allows partially 1 d' . ' Partially loading need to be 
(Ilallage oa mg of index according to 

Wsum values. 

Data 

~ 

!pe ~ 
ze •• 
hilarity/Repetition 

Wx, WT Index options E!ree 
W BmaryTree } Transformation} ''SUH s[jde 3% [N. 

,,. le exmg r-----~ Itldex database 
Size 

Feedback Type 
Single/Composite 

Alignment 

Load index 
partially/pa rail el 

Searching 
J\ 

1/0 Output New query 
[ength 

Figure 6.1: Overall indexing structure. 

For new query searching, transformation is the first step to work on domain more suitable to index 

structured followed. Then index block/s, which containing the desired Wsum value/s, will be loaded 

to 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 

improve 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 

current research. A number of open issues that arise during the development of our work that needs 

further studying and completion. 
Th . d · displacement. Concerning the 
e first topic is to update the NLP to be 1mplemente usmg . 

. h ed to use displacement instead of the 
modified BTree, the next level pointer NLP can be c ang 
actual pointer for each link as the following figure shows: 

~ 

~ ,epmt• pointers 
with displacement! 

t to reduce pointer size. 
Figure 6.2: The use of displacernen 
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. g one pointer and a displacement value c: h 
3er us!E '{or the same le el, p,; 

sid 'f d eve , this method will require co pace than 1 we use a separate pointer for h 
,so0B®" '®@h node as shown from Figure 6.2, 

. e= pointers size + displacement size, Pointer size is rel t d t h 
Pointer stz a e o t e value of L. 

k is to consider building tree of permutations instead f . 
1
.d. . 

er S% of using sliding window, for a w. value using the tree structure shown at Figure 6 3 specific rr x · • 

ample: W=3, S= {AACT}, all permutations from the chars {A, C, G, T} are 4x4x4x4=256: 
Afi.A,AAC, CAA, AAG, AGA, AGA, GAA, AAT, ... etc 

first level is the root; second level contains one char from root, 3rd level start by prefix from, 
d l vel 4th level start by prefix from previous level ... etc. Repetitions is not allowed, it is secon e ' 

al d tree with depth = W-1 (for example= 3 for S={AACT}). unb ance 

~ new query= Window size (W,) branch_factor ..............................• (6.1) [le cost tor a 

And the database index size= ( 4y + pointers field size (6.2) 

bcb bee 

F. e 6.3: Radix Tree. gur+ .'· 

. the window W, over d k While moving . ther suggeste wor . Also using WT with binary masks 1s ano 

lli ke f each chars: e sequences, uses binary mas s 1.or 

A"}, rs <A" character. Inary mask that put 1 only for 

'C"b' c. 'C' character. Inary mask that put 1 only for 

G;. % ·G' character. Inary mask that put 1 only for 

'!'' b' 'T' character. 1nary mask that put 1 only for 

CGTAGTTACG} 
l<ainpie: For W=!6, for S= {AACGGT 465536 

=4+64+32768+ 
~k l: "A" mask = "110000000 I 000 I 00" 84 



tu tu 1ES1OS 

cask = "0010001000000010=45,,, t 416384 
~ 

,,a" mask == "0001100100100001 "=== 
# ~ 

"T" mask == "0000010010011000" ± 
·nteresting possibility is to use W values • t . ,.n(her 1 x m ersection Wh 

JII'" ak d'f~ . en searching d t b 
query sequence, t e 1terent W, values for th a abase sequences 

sig®' €query. 

anpl 
GCCTGCAACGGTTACGATCTCC}, S length (n) =22 

ks over S by window W,=4 from location 0° to location 'n/2' th· .11 [v 3 Is WI result by X candidates. 

pass over S by window W, =8 for the chars from location n/2 to location n 1 th' .11 1 - , 1s w1 resu t by y 
candidates. Then consider take intersection between the candidates x and y and do database 
reference for final check. 

Note: Consider why using n/2 or another value and if one of the two the windows (i.e. the substring 

result from W, =4 and W, =8) is a prefix of the other one. 

One particularly interesting concept is to use parallel processing for query searching when check for 

matching. Check query sequence from right side and from left side for prefix substring. Consider 

laking three substrings for matching, from the beginning, from the middle, and from the end of 

squence. 

For exact matching, during the last step of our work, use Sequence exact matching using curve. 

Consider using the curve for alignment as the Figure 6.4 shows, put A.C,G,T in 2-D axis by give 

weight to each char (A:1, B:2, C:-l,G:-2). For example S={AACGGAATTTTCGG}. 

2.5 ---- 
2 

1.5 

1 

0.5 - 

0 
T I 

-0.5 

-1 

-1.5 -----~- 
-2 

-2.5 

-seriesl 

- -- -- - . - --- t bing using curve. 
ce exact ma c 'fi d Figure 6.4: Sequen fi filling the modifie 

}, values etore 
lllalJy th formation on Wsum 
»." '© use of compression after WT trans . 
e, findex size. 
dex structure could lead further decrease o 
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---------- --- Appendices 
adix Tree number of nodes [Section 4_41 

~ . the derivation for the number of nodes at t w a tree. For a tree of level (L) and th 
d isN, e number of 3i00 " 

b nodes Number of nodes 
1 : 1 
4: l+N 
13:1+N+NA2 

L 

Total number of nodes - ~ _-, i J , this can be proved by suppose this is valid and check it vice 

versa: [ L _ ] 

l+N'+N2 + +NL-I= N 1 (1) 
N-1 

multiply both sides with ( N - 1) 

-ml+N'+N? +...+ N)=[y=-1] 
then, 
N'+N2 + ... +NL -l-N1 -N2 - ... -NL-I= NL -1.. ...... (2) 

delete terms from N' to NL-I from left side , what left is: 

-I+= N=1 
_[w'-] 

This means that the suggestion is valid and total number of nodes - N-I 
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» woo -- . S Equation 4.18, Equation 4.19. 
ad ' and Equation 
'] d mp 4.20 results [S, « ] ·ection4.5.1] 
jiil +sf' 12we[7" ms 24 11.3315094 11.90156453 #NU 

4.98246£--1. 11,30641162 
: +18 18.69744397 11.7742988 

1.± 47E+i1 

11.07394917 

3.11404E- 11.2977127 . 5+25 2549332399 18.69744395 
1.94627 11.2932970; ± 7E+32 32.2892041 25.493323gg 
1 2 11.29062589 21642E+39 39.08508402 32.2892040; 

1.92637E+11 
1.92455E+11 

1.85611E+66 
1.16007E+ 73 
7.25044E+79 

66.26860409 
73.06448411 

11.0289730 1 

11.01332888 
11.00542975 

10.9821697 

11.2888359z 7.60263E+45 45.88096404 39.08508402 
11.28755292 4. 75165E+52 52.67684406 45.88096404 
11,28658814 2.96978E+59 59.47272408 52.67684406 

11.0006821e 
10.99752086 
10,995268 1 

10.98043475 
10.97937297 
10.97869284 

10.99358339 

10.97821917 
10.97786878 
10.97759801 

11.28583627 _59.47272408 
11.28523384 

10.9773818 

11.28474031 
66.26860409 
73.06448411 

10.99227706 
10.99123524 
10.99038546 

10.97720472 
10.97705673 

1.923E+11 
1.92168E+11 
1.92053E+11 
1.91953E+11 
1.91864E+11 

4.53152E+86 

2.8322E+93 

79.86036413 
86.65624415 

11.28432862 
11.28397995 

93,45212416 
100.2480042 

79.86036413 
86.65624415 

11.28368087 
11.2834215 

10.98967943 
10.98908375 

10.97693098 
10.97682267 

1.7701E+100 

1.1063E+107 
6.9146E+113 

107.0438842 
113.8397642 

93.,45212416 

100.2480042 
11.28319443 
11.28299397 

10.98857461 
10.98813455 

10.97672828 
10.97664522 

1.91785E+11 
1.91715E+11 

4.3216E+120 

2.701E+127 

1 07. 0438842 
113.8397642 

120.6356442 
127.4315242 

10.98775051 
10.9874125 

11.28281571 
11.28265615 

10.9765715 
10.97650557 
10.97644622 

1.91652E+11 
1.91594E+ 11 

120.6356442 
127.4315242 

1.6881E+134 

1.0551E+141 
134.227 4043 
141. 0232843 

10.98711278 
10.98684524 

10.97639249 
10.97634358 

11.28251249 
11.28238248 

134.227 4043 
141. 0232843 

10.98660499 
10.9863881 

1.91542E+11 6.5942E+147 

10. 97629886 
10.97625779 

147.8191643 11.28226425 147.8191643 10.98619135 10.97621992 
1.91494E+11 4.1214E+154 154.6150443 11.28215627 154.6150443 10.98601207 10.97618489 
1.91451E+11 2.5759E+161 161.4109243 11.28205727 161.4109243 10.98584806 10.97615238 
1.91411E+11 1.6099E+168 168.2068044 11.28196617 168.2068044 10.98569745 10.97612211 
1.91374E+11 1.0062E+175 175.0026844 11.28188206 175.0026844 10.98555869 10.97609386 

1.91339E+11 6.2888E+181 181. 7985644 11.28180416 181. 7985644 10.98543045 10.97606742 

1.91307E+11 3.9305E+188 188.5944444 11.28173182 188.5944444 10.98531157 10.97604262 

1.91278E+11 2.4565E+195 195.3903244 11.28166445 195.3903244 10.98520108 10.97601931 

1.9125E+11 1.5353E+202 202.1862044 11.28160157 202.1862044 10.98509812 10.97599734 

1.91224E+11 9.5959E+208 208.9820845 11.28154273 208.9820845 10.98500197 10.97597662 

1.912E+11 
1.91177E+11 

5.9974E+215 

3.7484E+222 

215. 7779645 
222.5738445 

11.28148757 
11.28143574 

215.7779645 
222.5738445 

10.98491196 
10.98482755 

10.97595702 
10.97593846 

1.91156E+11 
1.91135E+11 

2.3427E+229 

1.4642E+236 

229.3697245 
236.1656045 

11.28138695 
11.28134095 

229.3697245 
236.1656045 

10.98474821 
10.98467352 

10.97592085 
10.97590412 

1.91116E+11 9.1513E+242 242.9614845 
249. 7573646 

11.2812975 
11.28125639 

242.9614845 
249.7573646 

10.98460308 
10.98453654 

1.91098E+11 
1.91081 E+11 

5. 7196E+249 

3.5747E+256 256.5532446 
263.3491246 

11.28121745 
11.28118049 

256.5532446 
263.3491246 

10.98447359 
10.98441394 

10.97588821 
10.97587305 
10.97585859 

1.91065E+11 
1.91049E+11 

2.2342E+263 

1.3964E+270 270.1450046 
276.9408846 

11.28114538 
11.28111199 

270.1450046 
276.9408846 

10.98435736 
10.9843036 

10.97584478 
10.97583158 

1.91035E+11 
1.91021 E+11 
1.91007E+11 

8.7274E+276 

5.4546E+283 
3.4091 E+290 

283.7367646 
290.5326447 
297.3285247 
304.1244047 

11.28108018 
11.28104984 
11.28102089 

283.7367646 
290.5326447 
297.3285247 

10.97581894 
10.97580684 

1.90995E+11 
1.90982E+11 

2.1307E+297 
1.3317E+304 

10.97579523 
10.97578408 
10.97577337 

11.28099322 304.1244047 

10.98425246 
10.98420377 
10,98415734 
10.98411303 
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«euste© 

[ipee 

--- . c ROMS index types for SQL S -------- 
yr""j6.s] ·®"Ver 2008, uvsat so 
~uo . . ' and Oracle 1 O 
r· bles list index types for the following RDM 9 
"" 18:MSSQL server 2005, My 

server 2008* ' SQL, and Oracle. ........s 1odet type A clustered index sorts and stores th d Description 
rtJS!ered e ata rows of the t bl . . - 

index key. The clustered index is impler @ e or view m order based O th 
mented as a B-tree . d n e clustered 

of the rows, based on their clustered ind ke Index structure that supports fa t . ex ey values. s retrieval 
A nonclustered index can be defined on bl . 

. a ta e or view with a cluster . 
index row m the nonclustered index cont . h ed index or on a heap. Each 

. ams t e nonclustered ke val 
locator pomts to the data row in the clustered . d Y ue and a row locator. This 

In ex or heap having the ke 
index are stored in the order of the index ke h 9y value, The rows in the 

y va ues, but the data rows are no 
any particular order unless a clustered index is d t guaranteed to be in 

create on the table. 
A unique index ensures that the index key contai d • 

. . . ms no uphcate values and therefore eve row in 
the table or view 1s m some way unique. ry 

Both clustered and nonclustered indexes can be unique. 

A nonclustered index that is extended to include nonkey colu ddi mns m a {ition to the key columns. ile 

slded 

ulmns 

full-text 

!patial 

ileaed 

with 

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. 

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. 
An optimized nonclustered index, especially suited to cover queries that select from a well-defined 

· · · f in the table A well-designed subset of data. It uses a filter predicate to index a portion o rows .. · 
d • d maintenance costs and reduce index 

filtered index can improve query performance, re uce in.ex ' 

storage costs compared with full-table indexes. 
. . Jar e objects (BLOBs) in the xml data 

A shredded, and persisted, representation of the XML binary 'g 

type column. 

" .a._] 11t;,,._lndex type Description . the key must be defined 
@y, UNIQUE, all columns in 

ey 1ndexes is an index implies that all the columns are 
PRIMARY KEY 

{iae, as NOT NULL, a table can only have one :. llowed. 

e- [swseswwvev"""- I ~xes All values at the field are unique, up _ 

- ' ''tTOsQftMSDN . . /msl75049.aspx,ZOII. _ {, es of indexes http://msdn.microsoft.com/en-us/l1brary I f qs/tndexes/How-many h at/mysql-ta %'®fed,, tto://www.mysqlfaqs.ne 
y, atti, in MySQL?, http: 

•1ndexe ' ow many types of indexes or keys are 1 

S-or­ {eys-are-in-MySQL, 2011. 
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-,------- ......... - ---=---=--~..........._~~~ -----=======---. 
I dexes also Normal non-unique index. Non-dist' 

al no tinet values for the ind 
NoJII' "Non-Unique contain rows with identical values . 

11 
ex are allowed, so the index may 

as in a columns of the index Th . o' any structure on your data so th . · 1ese indexes don't enforce 
I.Mf.es", • • . . ey ate used only for speeding up queries 
w ,4 es It is a spetial type of index used with MyISAM 
rat° ]vaARciiA, or iexr teta ies., osi',,',",' """7"g can be creatca only or cake, 

search, and query expansion search Y A boolean search, natural language [""""".'' [ 
jdex type 

goal indexes 

sp indexes 
Bitun 

j>artitioned 

indexes 
function-based 

indexes 
Domain indexes 

k 

I oracle I OG Release 2 i" Description By default, Oracle Database creates B-tree indexes, 

which store rowids associated with a key value as a bitmap 

Which consist of partitions containing an entry for each value 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 
returned by an expression, which in turn may include built-in or user-defined functions. 
Which are instances of an application-specific index of type index type" 

a003.htm. ' 1 02/b 14196/schem Q1/server. "s,, Maccsicdr819306_ ing Indexes, http://download.oracle.com/ 0 
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spendix D. Optimization in GcC [sccto5.ar 
this article, we explore the optimization 1 1 In ·r, . . . eves provided by the Gee compiler toolchain ;eluding the specific optimizations provided in ch. w> 4.._ , m. . . . eac · e also identify optimizations that require licit specifications, including some with archit d . 

ex I 
ec ure ependenc1es. This discussion focuses on the J.2.2 version of gee (released February 2003) but ·t 

1 1
. 

1 
a so applies to the current release, 3.3.2. 

Levels of Optimization: 

Let's first look at how Gee categorizes optimizations and how a d 
1 1 

h' h 
eve oper can contro w 1c are Used and, sometimes more important, which are not A large variet f ti : ided 

· 1ety ot optimizations are provide 
y GCC. Most are categorized into one of three levels, but some are provided at multiple levels. 

Some optimizations reduce the size of the resulting machine code, while others try to create code 

that is faster, potentially increasing its size. For completeness, the default optimization level is zero, 

which provides no optimization at all. This can be explicitly specified with option -0 or -00. 
Level 1 (-01) 

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 I 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 -0 I support these 
goals, in most cases. The first level of optimization is enabled as: 
gee -01 -o test test. c 

Any optimization can be enabled outside of any level simply by specifying its name with the -f 
prefix, as: 

gcc -fdefer-pop -o test test. c 

h d. bl any particular optimization using the ­ We also could enable level 1 optimization and t en isa e 

fno- prefix, like this: 

gcc -O1 -fno-defer-pop -o test test· c . 

. . f and then specifically disable the defer­ This command would enable the first level of optimization 
Pop optimization. 

Level 2(-02) orted optimizations within the given Th . . : ·fcms all other suppo . 
e second level of optimization per or 

I 
ce between the two objectives. For 

. : - eed trade-off, a ha an . . 
architecture that do not mvolve a space sp ff; t of increasing code size while 

. . . . which have the e ec 
ample, loop unrolling and function inlining. ,,, second level is enabled as: 
I not performed. e a so Potentially making the code faster, are 

9cc -02 -o test test.c 

69 Jan 26, 2005. '1, . 1 rn/article/72 • ' M.T. fir xjournal.co Im Jones O 1· . . . GCC, http://www.linux • ptumization in • ' · 
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I. j shows the level -02 optimi~~tion~-ThJ--~ 
Table ® © level -02 optin» ,,,,-_,, 

. ·zations plus a large number of others izations include all of the -O1 optime " 
eel2.5 (-Os) 

Pecial optimization level (-Os or size) enabl 
11 The s es at -O2 optimizations that d . 

. . it puts the emphasis on size over speed Th. . 
1 

° not increase code 
siu&;' ls includes all second-leve] ;,,,_ 

the alignment optimizations. The alignment opt' . . . optimizations, except 
for! !lmizations skip space to ali. p,,» .a; 
'UJ11PS and labels to an address that is a multiple of a 

O 
• ign nctions, loops, 

J • • . power of two, in an architecture-dependent anner. Skipping to these boundaries can increase perf 
ma formance as well as the size of the resulting 
ode and data spaces; therefore, these particular optimizati d' b 
c ons are 1sa led. The size optimization level is enabled as: 

C -Os -o test test. c gc 

In gee 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 I) by putting emphasis on speed 

over size. This includes optimizations enabled at -02 and rename-register. The optimization inline­ 

funetions 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: 
gee -03 -o test test. c 

Although -03 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 

cache, severe performance penalties can be observed. Therefore, it may be better simply to compile 

at-02 to increase the chances that the image fits in the instruction cache. 
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------- ---- »»a»ooaaoaa,_ 
pdix E. Genome DNA Sequence formats [Ch t --------- 

pP©!" Matti apter G] 
/,,-Aa\ Gap 1ulti _Description roe: Yes No GCG 9.x and 10.x format with th JC'. 

_, e ,ormat and seq . . gcg on the first line of the file. GCG uence type identified 
gcg8 fi r . · 8.x format where anything up to the irst line containing ".." is considered ; 4, 3; 

as eadmg, and the remainder is sequence data. 

a [a /a [ML aio mow ala,e an a as a a a a.. T format. The Staden package and others use EMBL . ·1 l". 

or similar formats for sequence data. 
em 

, [a [o [swissRoraany tau aale al a nae » as sake. l format. sW 

swissprot 

nbrf 
pir 

Yes No 
NBRF (PIR) format, as used in the PIR database sequence files. This 
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 A TOM lines 
pdbseq No No PDB protein databank format SEQRES lines 
pdbnuc No No PDB protein databank format nucleotide ATOM lines 
pdbnucseq No No 

fasta Yes No 
ncbi 

PDB protein databank format nucleotide SEQRES lines . 

FAST A format with optional accession number and database name m 

. d d rt of the sequence identifier. eg NCBI style mclu e as pa 

>database 

or 

>name 

accession id description 

description 

or 

:::-~L-J 1>~n~a~m:e~ac:c~e:s;si;o;n~d;e;sc~r~ip~t~io~n~r-style~[s(alliis)-=======~ ~ . NCBI style Gls (alias) 

---
gifas:1a1a;==r~Y~e~s]~N~o~=~F;A~S~T~A~fi~o~rm~at~i;n~cl;u~d;in~g~;;-~~~~IBin- ~ooffthth~e~"I~D~"=:e~gl: • . further processmg 
arson Yes No FAST A format with no description 

>name h ID in an unwanted way, bi format interprets t e 
Used where fasta or nc I • freading these files. 

--l.,--L~_J:~~~~~-~~~fu~rt;h;er~ID;~pa~r~sm~~g~s~ta~g~e~o~=======~ this format skips the . lity scores 3#leg@dss== iastq No No FASTQ short read format 
~ ·th phred quality fastq. No No F ASTQ short read format wI 

langer ---;:---------- I a, ], ] ',,4a ,a 1.s son read format astq. No No F ASTQ Illumina 1.3 s o ls; 'Ina 
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~ 
No FASTQ So lea/illumirat.,, No 

· s ort read format % 

alex@ 

~ 
Yes No GENBANK entry format inc ld; 

' u mg the feature table .. 
gb 
tdbj 

taan Yes No Refseq protein entry format 

~t Yes No Refseq protein entry format (alias) 
L,, Yes No Codata entry format odata 

sale Yes No DNA strider output format strider 

hasal Yes No ClustalW ALN (multiple alignment) format. 
aln 

pwlr Yes Yes Phylip interleaved and non-interleaved formats 
[iylipnon Yes Yes Phylip non-interleaved format - Yes No ACEDB sequence format 
[au Yes No 

FAST A format variant with Database name first, then ID name then 
an 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 

treecon 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 - 

This format is actually obsolete, the latest version of the Staden staden Yes No 
package does not support it anymore (see "experiment" format for the 
new Staden package format). Staden format was a just the sequence m 

t t any position in the simple text with, optionally, commen s a . 
d . " taden" format it recognizes a sequence. When EMBOSS rea s m s ' . . 

the sequence dientifier and comment at the top of the sequence as I f 
any comments inside the sequence. Some a ternative removes d 

d and should be converte . :. bi: ity codes are use 
~ 

nucleotide am igm h h le of the file is 
Yes . . h format with no format. T e w o No Plain text. This JS t e . d arse the file contents in lain ttempt ,s ma e to P read in as a sequence. No a 

any way. Th. means that any character 
1 in this format. us 

Anything is acceptable,dioits and punctuation. Use this 
. uence, even \1giiS 

will be included in the seq . t sequence file is correct 
are sure that the inpu 

format only when you 

99 



LL p±:as? ±= 9uwanttobe considers 
I ..---Yes No GFF feature file with se . ed as your 'sequence'. -- 
~ quence In the header N 
! feature format, but can h ld 'Ormally used as a pure 

o the sequence as 
header. part of the structured 

GFF3 feature file with sequence 
~ 

Yes No 

af 
~ Yes No 
«rckholn 

fan 
No ! Yes 

selex 

fitch 
Yes No 

i-- Yes No 
mas© 

»» No No [a 

Stockholm (pfam) format 

SELEX format is used by Sean Edd 's HMM 
y {ER package. It can store RN A secondary structure as part of th 
e sequence annotation. 

Fitch program format 

Mase program format 

experiment Yes 

Like text/plain format except that it removes any h't .. 
wmitespace or digits, 

accepts only alphabetic characters and rejects anything else. This 

means that it is safer to use this format than plain forrnat. 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. 
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. 
abi 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 

d . d ed by EMBOSS programs, although the trace data ts rea m an us 
available and may be utilised by some specialised EMBOSS 

programs. J'b 
. D: ·id Mathog's fortran t rary 

The code for this is heavily based on Javio ( b' txt)· 
file format a 1. · . . f ABI trace with a descnpt10n ° . 

ft ±/molbio/abitools.zip ftp://saf.bio.caltech.edu/pub/so ware 
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-- --------- 
,F. T1 and T2 analysis [Section 4.s; 9pendi 

dl·ces D E and F are taken from references without any modifications (1) Note: appen , , 

n . 
R1 R2 X r SUM 

TH mo000 12000 16 32 12000 T2 (T2-T1)/T2 544900 576000 0.055555556 
~ 13000 16 32 13000 

592000 624000 0.051282051 
} acoo 14000 16 32 14000 640000 15000 16 32 15000 672000 0.047619048 

13000 
688000 720000 0. 044444444 

14000 16000 16 32 16000 736000 768000 0.041666667 
75ooo 17000 16 32 17000 784000 816000 0.039215686 
iooo 18000 16 32 18000 832000 864000 0.037037037 
} ·7ooo 19000 16 32 19000 880000 912000 0.035087719 
[ iaooo 20000 16 32 20000 928000 960000 0.033333333 
~ 19000 21000 16 32 21000 976000 1008000 0.031746032 
aoooo 22000 16 32 22000 1024000 1056000 0.03030303 
' at0oo 23000 16 32 23000 1072000 1104000 0.028985507 22000 24000 16 32 24000 1120000 1152000 0.027777778 [HZ0000oo 12000000000 16 32 12000000000 3.8592E+11 5.76E+11 0.33 720000000 12000000000 16 16 12000000000 1.9392E+11 3.84E+11 0.495 
- 
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