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ABSTRACT

Necessty isthe Mother of Invention. Every day the world creaes large
amount of data of data but only part of this whole percentage is used for
any pupose. Data in biology are very diverse and abundant. With the
significant growth of the amnount of biomolecular data, it becomes
increasingly important to develop new techniques for extracting
knowledge from the data. Data mining is a fundamental operation in such
adomain. As Coal-mines are mined to find the diamond in the simil ar way

datamining is applied to raw data to get the valuable information.

The gene sequences of related species of plants, animals and
microorganisms dhow complex patterns of similarity to one another and
many molecular biologists are convinced that an understanding of
sequence evolution is the first step towards understanding the evolution o
lifeitself. Thereis variety of different tools avail able to perform sequence
anaysis. Various Sftware padkages of automated tools have been

developed that had improved the dficiency of much biological reseach.

| studied a few tools of sequence analysis and in the end seleded the
BLAST, FASTA, BLAT and CLUSTERW for comparison; All known
tools have some advantages over the other. All have different functions,
different areas of applications. | am analyzing these tools based on two
underlined criteria. One is based on algorithm and the semnd ore is
parameter based. All four tools have some underlined algorithm. So the
algorithms are compared to know that which algorithm is more dficient
than the other. What steps of the particular algorithm are different and
what are same. Different tods work according to the diff erent parameters.
These parameters add to the performance of the algorithm. Various
parameters are compared to know that which parameter is used in which
too and what is its function. What same parameters are used in the
different algorithms and what is the particular use of that parameter in that

particular tool.
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ORGANIZATION OF THESIS

The Thesis entitled “Analysis and Comparison of Sequence Analysis
Tools” is mainly concerned with comparison d various available todls.

All tods are mompared according to some defined criteria

The first chapter briefly introduces introduction to the data mining. All
necessary concepts of data mining that are used in bioinformatics are
discussed.

In the second chapter basic introduction to field of bioinformatics is
given. Combining the best features of both data mining and biology are

illustrated using applications and issues of bioinformatics.

Third chapter is mainly devoted to hiomoleaules squences. Chapter starts
with the basic introduction to the biomoleaules and extended with the
description why sequences differ. Underlying biology concepts are
discussed. Chapter ends with the types of sequence alignment algorithms.

Fourth chapter is about various squence analysistod. Steps for running
the various programs are discus®d. Then the results are interpreted using
examples, fedures of al tools are explained along with the alvantages and
limitations of al tools.

Fifth chapter is devoted to research analysis of varioustods. | have
seleded four tools for comparison and they are mmpared to ead other
according to two criteria: algorithm based and parameter based. Results
are represented in this chapter.

Finally the thesis is concluded is sixth chapter describing results. Results
are concluded in the form of tables one is based on algorithm and the other

isonthe basis of parameters.

Xi



CHAPTER 1
INTRODUCTION TO DATA MINING

1.1 OVERVIEW

We are in an age often referred to as the information age. In this
information age, because we believe that information leads to power and
success and thanks to sophisticated technologies sich as computers, we
have been colleding tremendous amounts of information. Initially, with
the avent of computers and means for mass digital storage, we started
collecting and storing all sorts of data, counting on the power of computers
to help sort through this amalgam of information. Unfortunately, these
masgve collections of data stored on disparate structures very rapidly
became overwhelming. So

“W earedrowning in data, but starving for knowledge!”

This initial chaos has led to the creation d structured databases and
database management systems (DBMS). The efficient database
management systems have been very important assets for management of a
large corpus of data and especialy for effedive and efficient retrieval of
particular information from a large collection whenever needed. With time
many new advances have been done in the field of databases. New
efficient techniques have been developed to solve the problems of existing
systems(1). Confronted with huge ®lledions of data, we have now
created new needs to help us make better managerial choices. These needs
are aitomatic summarizetion of data, extradion d the “essence” of
information stored, and the discovery of patternsin raw data. As
“Necesgty isthe Mother of Invention.”

So field of data mining is born. With the enormous amount of data stored
in files, databases, and aher repaositories, it is increasingly important, if
not necessary, to develop paverful means for analysis and perhaps
interpretation of such data and for the extradion d interesting knowledge
that could help in decision-making (1).



1.2 WHAT ISDATA MINING

Data Mining, also popuarly known as Knowledge Discovery in Databases
(KDD), refers to the nontrivial extraction of implicit, previously unkrown
and potentially useful information from data in databases. Data Mining can
be viewed as an analytical process designed to explore data in search for
consistent patterns and/or systematic relationships between variables, and
then to validate the findings by applying the detected petterns to new
subsets of data (3). There are many terms carrying a similar or glightly
different meaning to data mining, such as knowledge mining from
databases, knowledge extradion, data/ pattern analysis, data achaeology,
and data dredging. While data mining and knovledge discovery in
databases (or KDD) are frequently treaed as synonyms, data mining is
actually part of the knowledge discovery process. The following figure
(Figure 1.1) shows data mining as a step in an iterative knowledge

discovery process.

Pattern ol 4.
| Eﬁ{al uation gf_f;,
by

¥
'.I".I Kt
Taskrelevant W
Data
pata =

War ehouse Selection and
Data Transfermation
Cleaning
% Data | ntegration
Databases

Figurel.l DataMining AsaStep In KDD

The Knowledge Discovery in Databases process comprises of a few steps
leading from raw data colledions to some form of new knowledge. The

iterative processconsists of the following steps:



s Data cleaning: Also known as data cleansing, it is a phase in
which noise data and irrelevant data are removed from the
collection.

% Data integration: At this stage, multiple data sources, often
heterogeneous, may be combined in a common source.

s Data seledion: At this gep, the data relevant to the analysis is
dedded on and retrieved from the data collection.

% Data transformation: Also known as data consolidation, it is a
phase in which the seleded data is transformed into forms
appropriate for the mining procedure.

s Data mining: It is the crucia step in which clever techniques are
applied to extrad patterns potentially useful.

% Pattern evaluation: In this dgep, strictly interesting patterns
representing knowledge ae identified based ongiven measures.

s Knowledge representation: Is the fina phase in which the
discovered knowledge is visually represented to the user. This
esential step uses visualization techniques to help users understand

and interpret the data mining results.

Data mining derives its name from the similarities between searching for
valuable information in a large database and mining rocks for a vein of
valuable ore. Both imply either sifting through a large amount of material
or ingeniously probing the material to exactly pinpoint where the values
reside. It is, however, a misnomer, since mining for gold in rocks is
usually called “gold mining” and not “rock mining”, thus by analogy, data
mining should have been called “knowledge mining” instead(2).

1.3 THE FOUNDATIONS OF DATA MINING

Data mining techniques are the result of a long process of research and
product development. This evolution kegan when businessdata was first
stored on computers, continued with improvements in data acess and
more recently, generated technologies that alow users to navigate through

their data in red time(4). Data mining is ready for application in the



business community because it is suppated by three tednologies that are

now sufficiently mature:

«» Massve data colledion

¢ Powerful multi processor computers

+«»+ Datamining algorithms

In the evolution from business data to businessinformation, each new step

has built uponthe previous one. This has been explained with the help of

example of abusinessunit. The steps are:

Evolutionary BusinessQuestion Enabling Characteristics
Step Technologies
Data Calledion || "What was my total Computers, tapes, Retrospective,
revenue in the last five || disks static data
(1960) years?" delivery
Evolutionary BusinessQuestion Enabling Characteristics
Step Technologes
What were unit sales Relational Retrospective,
Data Access in New England last databases dynamic data
March?' (RDBMS), delivery at
(198%) Structured Query record level
Language (SQL),
ODBC
Data "What were unit sales || On-line analytic Retrospective,
Warehousing & || in New England last processing (OLAP), || dynamic data
March? Drill down to multidimensional delivery at
Decision Boston." databases, data multiple levels
Suppat warehouses
(1990)
DataMining "What's likely to Advanced Prospedive,
happen to Boston wnit || agorithms, proadive
(Emerging sales next month? multiprocessor information
Today) Why?' computers, massive || delivery

databases

Tablel.l Fourdation d Data Mining Using Layers




1.4 SCOPE OF DATA MINING

Data mining is a tool, not a magic wand. It won’'t sit in your database
watching what happens and send you e-mail to get your attention when it
sees an interesting pattern. It doesn’'t eliminate the need to know your
business, to understand your data, or to understand analyticd methods.
Data mining asdsts business analysts with finding patterns and
relationships in the data — it does not tell you the value of the patterns to
the organization(4). Furthermore, the patterns uncovered by data mining
must be verified in the real world. Data mining dces not replace skilled
business analysts or managers, but rather gives them a powerful new tool

to improve the job they are daing.

1.4.1 Data Mining Finds Patterns And Relationships In Data

By using sophisticated techniques association, sequence or path analysis,
clasgficaion, clustering and forecasting to build models — abstraad
representations of reality. A good model is a useful guide to understanding
your businessand making dedsions. There ae two main kinds of models
in data mining: predictive and descriptive Predictive models can be used
to forecast explicit values, based on petterns determined from known
results. Descriptive models describe patterns in existing data, and are
generally used to crede meaningful subgroups such as demographic
clusters.

1.4.2 Automated Prediction Of Trends And Behaviors

Data mining automates the process of finding predictive information in
large databases. A typicd example of a predictive problem is targeted
marketing. Data mining uses data on past promotional mailings to identify
the targets most likely to maximize return on investment in future

mailings.

1.4.3 Automated Discovery Of Previously Unknown Patter ns
Data mining tools sveep through databases and identify previously hidden

patterns in one step. An example of pattern discovery is the analysis of



retail sales data to identify seemingly unrelated products that are often
purchased together.

1.4.4 Faster Processing In Large Databases

Data mining techniques can yield the benefits of automation onexisting
software and hardware platforms, and can be implemented on new
systems, as existing platforms are upgraded and new products developed.
When data mining tools are implemented on high performance parallel
processing systems, they can analyze massive databases in minutes. Faster
processing means that users can automaticaly experiment with more
models to understand complex data. High speed makes it pradicd for
users to analyze huge quantities of data. Larger databases, in turn, yield

improved predictions.

1.4.5 Simplify The Graphic Representation Of The Data

Addition to algorithms, data mining software usually has features to
simplify the graphic representation of the data (visualization tools) plus
interfaces to common database formats. Data mining can be performed on

data represented in quantitative, textual, or multimediaforms.

1.5ARCHITECTURE FOR DATA MINING

Many data mining tools currently operate outside of the warehouse,
requiring extra steps for extrading, importing, and analyzing the data.
Frequently, the data to be mined is first extraded from an enterprise data
warehouse into a data mining database or data mart. There is sme red
benefit if your data is already part of a data warehouse. As, the problems
of cleansing data for a data warehouse and for data mining are very
similar. If the data has already been cleansed for a data warehouse, then it
most likely will not need further cleaning in order to be mined(2).



Data Sources Data
| Warehouse

(Geographic Analysis Data Mining
Data Mart Data Mart Data Mart

Figure 1.2 Data Mart Extracted From Data Warehouse

Furthermore, you will have aready addressed many of the problems of
data consolidation and pu in place maintenance procedures. The data-
mining database may be alogicd rather than a physical subset of your data
warehouse, provided that the data warehouse DBMS can suppat the
additional resource demands of data mining. If it cannot, then you will be
better off with a separate data-mining database. A data warehouse is not a
requirement for data mining. Setting up a large data warehouse that
consolidates data from multiple sources, resolves data integrity problems,
and loads the data into a query database can be a1 enormous task,
sometimes taking years and costing millions of ddlars. You could,
however, mine data from one or more operational or transactional
databases by simply extracting it into a read-only database. This new

database functions as a type of data mart.

™|  DataMart

Data Sources -I DataMining

Figurel.3 Data Mart Extraded From Operational Databases

So components of data mining architecture aeill ustrated using (Figurel.4)



Sales & Marketing
Crta warehouse

EndUser Solutiors

Figure 1.4 Integrated Data Mining Architecture

15.1 Data Warehouse: The ided starting point is a data warehouse
containing a ombination of internal data tracking all customer contact
coupled with external market data about competitor activity. Background
information on potential customers also provides an excellent basis for

prospecting.

152 An OLAP (On-Line Analytical Processing) Server: Enables a
more sophisticated end-user businessmodel to be applied when navigating
the data warehouse. The multidimensional structures allow the user to
analyze the data, as they want to view their business — summarizing by

product line, region, and aher key perspectives of their business.

153 The Data Mining Server: Must be integrated with the data
warehouse and the OLAP server to embed ROI-focused business analysis
diredly into this infrastructure. An advanced, process-centric metadata
template defines the data mining objectives for spedfic business issues
like campaign management, prospecting, and promotion qotimization.
Integration with the data warehouse enables operational dedsions to be
direaly implemented and tracked.

154 End User Solutions Representation: This design represents a
fundamental shift from conventional decision support systems. Rather than
simply delivering data to the end uwser through query and reporting

software, the Advanced Analysis Server applies users business models



directly to the warehouse and returns a proactive analysis of the most

relevant information..

Broadly data mining architecure can be divided in threemain categories
% One-Tier: In architecture there ae mainly three parts. Graphical
user interface, Database and data acess part. If all these threeparts

are at client side then it is one tier architecture.

s Two-Tier: In this architecture graphical user interface aad some
part of database is at client side. Whereas at server side there is
remaining part of database and data access.

s ThreeTier: inthisarchitedure & client side there is graphicd user
interface ad part of database wheress at server side lies the
remaining part of database. in between the dient and server thereis

one layer and onthis data access services are situated.

One-tier Architecture

Graphic User Interface
Data Mining 5ervices
Data Access Services

Client

Cliznt

Two-tier Architecture

Graphic User Interface
Drata Mining Services
Data Access Services

Client

Data Mining Services
Data Access Services

Ciata Warshouse

Three-ther Architecture

Graphic User Interface

Data Mining Services
F

Cliant

w
Data Mining Services
Data hccess Services

Middle Tier

Data Warshouss

Figure 1.5 Architecture of Data Mining

1.6 DATA MINING FUNCTIONALITIES

The kinds of patterns that can be discovered depend uponthe data mining
tasks employed. By and large, there ae two types of data mining tasks:
descriptive data mining tasks that describe the general properties of the



existing data, and predictive data mining tasks that attempt to do
predictions based on inference on available data(l). The data mining
functionalities and the variety of knowledge they discover are briefly

presented in the foll owing list:

1.6.1Characterization: Data charaderization is a summarization of
general feaures of

Objed in a target class, and produces what is cdled characteristic rules.
The data relevant to a user-spedfied class are normally retrieved by a
database query and run through a summarization module to extract the

essence of the data at diff erent levels of abstractions.

1.6.2 Discrimination: Data discrimination produces what are called
discriminate rules and is basically the comparison o the general features
of objects between two classes referred to as the target class and the
contrasting class. The techniques used for data discrimination are very
similar to the techniques used for data characterization with the exception

that data discrimination results include cmparative measures.

1.6.3 Association Analysis: Association analysis is the discovery of what
are ommonly cdled association rules. It studies the frequency of items
occurring together in transactional databases, and besed on a threshold
caled suppat, identifies the frequent item sets. Ancther threshold,
confidence, which is the condtional probability than an item appearsin a
transaction when another item appeas, is used to pinpoint association
rules. Association analysis is commonly used for market basket analysis.
The discovered association rules are of the form: P®Q [s,c], where P and
Q are conjunctions of attribute value-pairs, and s (for suppat) is the
probability that P and Q appear together in a transaction and c (for
confidence) is the conditional probability that Q appears in a transaction

when P is present. For example, the hypothetic association rules:

RentType (X, “game”’) U Age (X, “13-19") ® Buys (X, “pop’) [s=2%,
c=55%)]

10



Would indicae that 2% of the transactions considered are of customers
aged between 13 and 19 who are renting a game and buying a pop, and
that there is a certainty of 55% that teenage austomers who rent a game

also buy pop

1.6.4 Classification: Classificaion analysis is the organization d data in
given classes.

Also known as supervised classification, the classification uses given class
labels to order the objects in the data coll edion. Clasgfication approaches
normally use a training set where dl objects are dready assciated with
known classlabels. The clasdfication algorithm learns from the training
set and builds a model. The model is used to classfy new objeds. The
clasdfication analysis would generate a model that could be used to either

accept or rgjed credit requests in the future.

1.6.5 Prediction: Prediction hes attracted considerable dtention gven the
potential implications of succesdul forecasting in a business context.
There ae two major types of predictions: one @an ether try to predict
some unavailable data values or pending trends, or predict a dasslabel for
some data. The latter is tied to classification. Prediction is however more
often referred to the forecast of misang numerical values, or increase/
decrease trends in time related data. The maor idea is to use a large

number of past values to consider probable future values.

1.7 DATA MINING TECHNIQUES

The most commonly used techniques in data mining are:

1.7.1 Artificial Neural Networks: Non-linea predictive models that learn
through training and resemble biological neural networks in structure.
Neural networks are of particular interest because they offer a means of
efficiently modeling large and complex problems in which there may be hundreds
of predictor variables that have many interactions. A neural network starts with
an input layer, where ea@h node arresponds to a predictor variable. These input
nodes are mnneded to a number of nodes in a hidden layer. Each input
nock is connected to every node in the hidden layer. The nodes in the hidden

11



layer may be connected to nades in another hidden layer, or to an output layer.
Advantage of neura network models is that they can easily be
implemented to run on masgvely parallel computers with each nade

simultaneously doing its own calculations.

Hidden L ayer

Figure 1.6 Neura Networkswith One Hidden Layer

1.7.2 Decision Trees: Tree-shaped structures that represent sets of
dedsions. Dedsiontrees are away of representing a series of rules that
lead to aclassor value. For example, you may wish to classfy loan

applicants as goodor bad credit risks.

ncome = $40,000
Mo Yes
Job > 5Years High Debt
U / VO ij \23
Good Risk Bad Rist  Bad Risk Good Risk

Figure 1.7 A Simple Classification Tree

These dedsions generate rules for the classification d a dataset. Decision
trees make few passes through the data (no more than one pass for each
level of the tree) and they work well with many predictor variables.

Decision trees handle non-numeric data very well.

1.7.3 Genetic Algorithms: Optimization techniques that use processes

such as genetic combination, mutation, and raetural selection in a design

12



based onthe ancepts of evolution. Genetic algorithms are not used to find
patterns. Essentially, genetic algorithms ad as a method for performing a
guided search for good models in the solution space. They are cdled
genetic dgorithms because they loosely follow the pattern of biologicd
evolution in which the members of one generation (of models) compete to
pass on their characteristics to the next generation (of models), until the
best (model) isfound

1.7.4 Linear Regresdon: A statistical technique used to find the best-
fitting liner relationship between a numeric target variable and its st of
predictor variables. Linea regresson can be used to predict the amount of
overdraft protedion to offer a customer based on their account bal ances,

years of service and cther characteristics.

1.7.5 Nearest Neighbor Method: When trying to solve new problems,
people often look at solutions to similar problems that they have

previously solved. K-nearest neighba (k-NN) is a classification technique
that uses aversion d this same method. It decidesin which classto place a
new case by examining some number — the “k” in k-nearest neighba —
of the most similar cases or neighbors. It counts the number of casesfor
each class and assigns the new case to the same classto which most of its
neighbars belong. For example N is new case. It would be asdgned to

classX because the seven X’ swithin the dli pse outnumber the two Y’s.

Y

Figure 1.8 Neaest Neighbou Method
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1.8 INTERESTINGNESS AND USEFULL NESS OF DATA

Data mining alows the discovery of knowledge potentially useful and
unknowvn. Whether the knowledge discovered is new, useful or interesting,
is very subjedive and depends upon the application and the user. It is
certain that data mining can generate, or discover, a very large number of
patterns or rules. To reduce the number of patterns or rules discovered that
have a high probability to be norrinteresting, one has to put a
measurement on the patterns. However, this raises the problem of
completeness The user would want to discover al rules or patterns, but
only those that are interesting. The measurement of how interesting a
discovery is, often cdled interestingness can be based on quantifiable
objedive elements such as validity of the patterns when tested onnew data
with some degree of certainty, or on some subjective depictions such as
uncerstandability of the patterns, novelty of the patterns or usefulness.

Discovered patterns can also be found interesting if they confirm or
validate ahypothesis sought to be confirmed or unexpectedly contradict a
common belief. Typically, measurements for interestingness are based on
thresholds set by the user. While some cncrete measurements exist,
asessng the interestingness of discovered knowledge is gill an important

reseach issue.

1.91S3UESIN DATA MINING

Data mining algorithms embody tedniques that have sometimes existed
for many years, but have only lately been applied as reliable and scdable
tools that time and again ouperform older classcd statistical methods.
While data mining is till in its infancy, it is becoming a trend and
ubiquitous. Before data mining develops into a conventional, mature and
trusted discipline, many still pending issues have to be addressed (6).
Some of these issues are addressed below.

1.9.1 Security And Social Issues. Security is an important issue with any
data collection that is shared and is intended to be used for strategic

dedsion-making. In addition, when data is collected for customer
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profiling, user behavior understanding, correlating personal data with other
information, etc., large amounts of sensitive and private information about
individuals or companies is gathered and stored. Moreover, data mining
could disclose new implicit knowledge éout individuas or groups that
could be against privacy policies, especiadly if there is potentia
dissemination of discovered information.

1.9.2 User Interface Issues. The knowledge discovered by data mining
todsis useful aslong as it is interesting, and above dl understandable by
the user. Good dhta visuali zation eases the interpretation d data mining
results, as well as helps users better understand their needs. There are
many visualization ideas and popacsals for effective data graphical
presentation. However, there is still much research to acamplish in order

to obtain good \isualization tool 5(6).

1.9.3 Mining Methodology Issues. These issues pertain to the data
mining approades applied and their limitations. Topics such as versatility
of the mining approaches, the diversity of data available, the
dimensiondlity of the domain, the broad analysis needs (when known), the
asesanent of the knowledge discovered, the exploitation of background
knowledge and metadata, the control and handling of noise in data, etc. are

all examples that can dictate mining methodology choices.

1.9.4 Performance Issues. Many artificial intelligence and statistical
methods exist for data analysis and interpretation. However, these methods
were often not designed for the very large data sets data mining is dealing
with today. Terabyte sizes are common. This raises the isaues of scdability
and efficiency of the data mining methods when processing considerably
large data. Algorithms with exponential and even medium-order
polynomial complexity canna be of practicd use for data mining. Linea
algorithms are usually the norm. In same theme, sampling can be used for
mining instead of the whoe dataset. Other topics in the isuue of

performance ae incremental updeting, and parallel programming
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CHAPTER?2
INTRODUCTION TO BIOINFORMATICS

2.1 OVERVIEW

What is now cdled "Bioinformatics® began in the late 1960s and ealy
197@s, pretty much as the hobby of a small number of researchers scattered
primarily through biology, mathematics and computer science departments
at various universities and research centers. Now Bioinformatics Computing
has become the buzzword throughout the world. The people from diverse
backgrounds such as mathematics, computer science, biology, information
techndogy, chemistry, medical science agriculture engineering and life
sciences are jumping on the bioinformatics track to get some pie of the
benefits that may come. The subject of biology is not new. It is as old as the
birth of any living species on eath. We have tons of information available
onvarious biological entities and processes that has been written in different
languages in diff erent parts of the world. Apart from this the information is
scattered so much that there is no standardization, classification, reusability
and applicability of the data. So the biology field is combined with
informatics © as to make dfective use of computers for the better
management of biological information. And new field known as
Bioinformatics is developed. Bioinformatics computing is the major thrust
areaall over the world. It's afield of science in which various fields have
merged into single discipline. Bioinformatics is playing a vital role in

fulfilling the future expectations of the society(7).

22 WHAT ISBIOINFORMATICS

Bioinformatics is the science of storing, extracting, organizing, analyzing,
interpreting, and uilizing information from biologica sequences including
nucleotide and amino acid sequences, protein domains, and potein
structures, using networks of computers and databases. In simple words,
bioinformatics is application d information techndogy to the storage,

management and analysis of biologicd information, which is fadlitated by
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the use of computers. It also includes the development of new algorithms
and statistics with which to assess relationships among members of large
data sets. The use of computers to charaderize the molecular componrents

of living thing is bioinformatics(7).

2.3 FOUNDATIONS OF BIOINFORMATICS

Bioinformatics is a management for molecular biology. It is a study of
how information is represented and transmitted in biological systems for
various practical applicaions. Information retrieval has been the focus of
widespreal attention for last few decades. Bioinformatics is a quickly
growing field. It began out of necessity in the late 1960s and 197 when
scientists began sequencing genes and proteins. They soon redized that
the amount of data would be too large for humans to interpret withou the
aid of computers. Databases were aeated to store the data and tools had to
be developed to search them. Algorithms that could search this type of
data were developed and implemented into search tools like the Basic
Locd Alignment Seach Tool (BLAST) and FASTA. The recent focus on
accurate and fast aacess to biological information was triggered by the
availability of alarge volume of unstructured biologicd data. The purpose
of information retrieval techniques is to retrieve al the relevant
information. In order to efficiently retrieve relevant information and
improve predsion, modern information retrieval systems were
developed(7).

24 THE SCOPE OF BIOINFORMATICS

The Bioinformatics computing is the aea that involves applying
computational powers of the @mputing tools & machines on the
biologicd data so as to help the biologists and the life scientists in their
work. The evolution d life is gill a debatable topic. Everything not
understood is attributed to some supreme force cdled GOD. We ae not
able to find aut why the life is limited to 100years or so? Why the people

get old? Why the people annot live a disease free life? There ae so many
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guestions like this that still look for an answer(8). Bioinformatics is the

areathat is capable of solving al these queries and that is why people are

having alot of expectations from the people involved in this field. Billions

of dollars are being invested to get something out of the Bioinformatics

reseacch. Bioinformatics include both biology and information technology.

Life Science Data

Biologicd Data
o Genes
o0 Proteins
o Gene and

protein
function
and

Clinical and Field
Trias Data

Scientific

Literature
o Journd
Article

Other Disciplines:

o Chemicd
Data

Bioinformatics

A

Information Technology

Networks
0 Sharing
software and
data
o Grid
computing

Automated
Techniques
o DNA

sequencing

Computers
0 Storage
Capacity
o Computing
Capability

Enabling Reseach and
product

Development in Life Science

e.g.
Pharmaceuticds
New Plant Varieties
Biomediation
Industrial Processng
Alternative Energy

Navigational Software
o DataMining
0 Visudization
0 Molecular
Modelling

Figure 2.1 Comporents of The Bioinformatics Field

Both fields are combined in order to solve the biological problemsin more

efficient way using information technology.
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2.5NEED OF DATA MINING IN BIOINFORMATICS

Data in biology are very diverse and abundant. They can be catalogued
and classified, but often cannot be essily summarized or abstracted using a
formula. With the increase in biological knowledge, computer-based
databases have beame essential for this task.

Bioinformatics databases includes foll owing types of databases:

Sequence databases

Structural databases

Motif databases

R/
°

°

*
X4

*,

>

*
*

Genome databases

Moreover the data of even a single microorganism is very large. Rickettsia
conorii is the smallest bacteria whose complete gene sequence is known.
This baderium is 1.3 million bplong and this szeis 4gill onthe small side
of bacteria. So with the significant growth of the anount of biomolecular
data, it becomes increasingly important to develop new techniques for
extracting knowledge from the data. Data mining is a fundamental

operation in such adomain.

2.6 KDD FOR BIOINFORMATICS:ON WHAT KIND OF
DATA

KDD for Bioinformatics can be gplied on imolecular data. Bimolecular

Data ansists of the following types:

% DNA (deoxyriborucleic acid)
% RNA (ribonucleic ecid)

¢ Protein sequences (2D & 3D structures)

2.7 APPLICATIONS OF BIOINFORMATICS

Bioinformatics originated mainly as a set of computational techniques

applied to the study of the large data sets being generated by the human
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and other genome sequencing programmes. As it has the mmbination o

variousfieldsit isused in vast variety of applications:

2.7.1 Modeling And Prediction Of Enzyme Kinetics: The genome
sequence and proteome provide only a template for the construction o
components, and the real key to how living systems work requires an
understanding of the many metabolic pathways and kinetic processes in
the cdl.

2.7.2 Gene Expression And Protein Arrays. The study of paralel gene
expression and the protein products alows the effect of different
conditions on thousands of genes to be measured simultaneously. The
resulting profiles can then be clustered together and related to phenotype

and physicd expresson.

2.7.3 Sequence Assembly: Whole genome sequencing methods require
genomic DNA to be fragmented and the individual fragments sequenced
separately. The genome sequence is then reconstructed using the

information contained in overlapping regions.

2.7.4 Prediction Of Protein Function From Structure: As the number of
known protein structures and sequences held in databases continues to
grow, homology Modelling is expected to be the most reliable method d
asdgning likely functions and folds to many of the newly identified

proteins.

2.8 BIOINFORMATICSTECHNIQUES

All areas of Bioinformatics are growing in scope and in complexity with
the amount of stored information available, and the maturation d the
asociated information techndogy and analysis techniques has had to keep
pace with the expansion o the science. So many of the data mining
techniques are used in field of Bioinformatics like clustering, neural

networks, nearest neighbour.
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The main techniques used in Bioinformatics and their applications are
shownin Table2.1

Technique

Purpose

Database searching:
Sequence alignment
Gene ontology

Statistical methods:
Analysis of variance
Significance testing
Bayesian statistics
Hidden Markov models

Principal component analysis of multivariate
data

Clustering:
Nearest-neighbour
Agglomerative

Dynamic programming

Neural networks

Decision trees

Identification of homologues
Related documents, distant homologies

Separation of error sources

Sequence analysis

Determination of most significant variables
in a data set

Grouping genes with similar behaviour

Solution of large-scale numerical problems
(e.g. alignment of segquences, used in
database searches)

Determination of networks of interactions

Table 2.1 Techniques Used In Bioinformatics

29 CHALLENGESIN BIOINFORMATICS

The field of Bioinformatics is full of chalenges. However a few of them are
listed below.

2.9.1 Explosion Of Information
Need for faster, automated analysis to processlarge anourts of data.
Need for integration ketween diff erent types of information
(sequences, literature, annaotations, protein levels, RNA levels
ec...).

Need for “smarter” software to identify interesting relationships in

very large data sets.

2.9.2 Lack Of “Bioinformatician”

Software needs to be easier to access use and urderstand
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Biologists need to learn abou the software, its limitations, and hawv to

interpret its results.

2.9.3 Lack Of Automated Tools
The aitomatic tools for analyzing the DNA sequences are very less

The results of existing tools are not very accurate.

2.9.4 I napplicability Of Existing Algorithms
Though alot of agorithms exist for data mining in biomolecular data but
most of them does not give acorred result and generally they fail when

applied to the real world data of Bioinformatics.

2.101SSUESIN BIOINFORMATICS

As a field, Bioinformatics is highly diverse, gaining greater
importance in biology, and developing with great rapidity.
However, the largest sources of uncertainty in the data do
not relate directly to measurements, but to such influences
as the inherent variability of biological test materials, their
provenance, and the complexity of the biological systems
from which responses arise. The issue will also become
increasingly important where Bioinformatics techniques are
applied in a regulatory context. Thus, uncertainty issues are

likely to increase in importance(7).
In considering software issues, four different classes of software were
identified:

+» Database tedhnology

+¢ Database growth issues

These are recognized isaues, and many activities are under way in the

Bioinformatics and instrument development community.

2.10.1 Database Technology Issues
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Currently, a lot of Bioinformatics work is concerned with the technology
of databases These databases include both "public" repositories of gene
data like GenBank or the Protein Databank (the PDB), and private
databases, like those used by research groups involved in gene mapping
projects or thase held by biotech companies.

2.10.2 Database Growth | ssues

The quantity of biological data stored in central databases has increased
enormously over the last five years (Figure 2.3). Thisin itself has brought
new challenges for storage and interpretation, but the fad that the nature of
biologicd data presents specific issues is also a factor to take into accourt.
The second relevant issue is that of the raw data itself and how it is
processed. Modern biological measurement techniques frequently involve
the acquisition d large numbers of individual units of information and
drawing useful conclusions is a matter of robust statistical analysis and
replicaion where gpropriate. This, combined with the treatment of raw
data, presents a significant validation problem, which, in some emerging

new fields, will need to be urgently addresed in the near future.

Growth of GenBank
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Figue2.2 Growths of Biologicd Databases
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CHAPTER 3
BIOMOLECULAR SEQUENCE ALIGNMENT

3.10VERVIEW

In recent years, innovations where IT and the life sciences converge have
created vast quantities of data. The development of automated DNA
sequencing and other innovative methods have reduced the costs and time
needed to discover the genetic makeup of various organisms. Before
people @n appreciate biologica advances they need to have an
understanding and famili arity with living organisms. Biology is at heart of
information science, thus biology depends on informatics and
understanding informatics furthers the advancement of biology. For
understanding the living organisms we have to start from the most basic

unit of life.

3.20RIGINSOF LIFE ON EARTH

Although Earth was creded around 45 hillion yeas ago, life began to
exist not long after. The unique circumstances of our Solar System and our
planet gave rise to life. However, Earth, for billions of years, has possessed
al the materials and suitable conditions for suppating life. All living
things passessthe element carbonwithin them. Whil e other elements were
present, various chemica reactions began to take place which would
result in the aeation d new compounds and elements. One of the family
of compounds creged over time were the amino acids, the building blocks

of protein.

3.3BIOMOLECULES

Bimolecules are the organic compounds, which form the basis of life that
is they build up living system and are responsible for their growth and
maintenance. These include carbohydrates, proteins, enzymes, nucleic
acids, lipids, vitamins, hormones and compounds for storage and exchange

of energy such as adenosine triphasphate (ATP)(8)
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34TYPESOF BIOMOLECULES

A diverse range of biomoleaules exist, including:

+» Small moleaules
o Lipids
o Vitamin
0 Hormone
0 Carbohydrate, Sugar
o Disaaccharide
< Monamers

o Aminoacid

0 Nucleotide

0 Phosphate
«» Polymers

0 Peptide, Protein
0 Nucleic acid, i.e. DNA, RNA

35THE CELL - MOST BASIC UNIT OF LIFE

The cdl is the smallest unit of life. All lifeis comprised of cells. Some life

forms have only one @, but many have millions of cells. The cdl i s made

up of molecules, atoms and ions, just as are nontliving things, but the cll

is capable of carrying on metabolic processes and is capable of self-

replicaion.

Figure 3.1 The Cell —Most Basic Unit Of Life
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3.6 NUCLEIC ACIDS

Nucleic acid constitutes an important class of biomolecules, which are
foundin nuclei of al living cells in the form of nucleoproteins. Nucleic
acids are genetic materials of cell and are responsible for transmisson o
hereditary effects from one generation to the other and also carry out the
biosynthesis of protein(7). Nucleic adgds are long, linear biomolecules that
can have molecular weights of several millions

There ae two types of nucleic adds:

% Deoxyribonucleic Acid Better Known As DNA.
% Ribonucleic Acid Better Known As RNA

DNA contains the “code of life.” During cdl division, exact copies of
DNA are made. RNA is essential for the synthesis of proteinsin the cdls.
Messnger RNA (mMRNA) is synthesized in the cell nucleus as a transcript
of a specific part of DNA. DNA contains the "programmatic instructions’
for cellular adivities. The mRNA leaves the nucleus and enters the cédl
cytoplasm where it dictates the synthesis of proteins from amino acids.
Transfer RNA (tRNA) delivers amino acids to the exact place in the

cytoplasm where the proteins are synthesized.

3.6.1 Composition Of Nucleic Acid

Nucleic adds are composed of nucleotide monomers. Nucleotides have
three parts:

+ A Nitrogenous Base (purine or pyrimidine)
+» A Five-Carbon Sugar
A Phosphate Group
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Figure 3.2 A Nucleotide

A Nitrogenous Base (Purine Or Pyrimidine): The nitrogenous bases are
derivatives of purine and pyrimidine. Both DNA and RNA contain the
purines Adenine (A) and Guanine (G). Of the pyrimidines, Thymine (T)
and Cytosine (C) are components of DNA whereas Uradl (U) and

Cytosine (C) are components of RNA.

NH, 0
M)IN> Hm/jjj 'B
Lﬁl ] HaN )\\'N ]

Purine Adenine Guanine
(A ()

Figure 3.3 Left: The Structure Of Purine, Right: The Purine Derivatives
Adenine And Guanine Are FoundAs Bases In Both DNA And RNA.
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Pyrimidine Cylosine Thymine Uracil
’ () (T iy

Figure 3.4 Left: The Structure Of Pyrimidine. Right: Cytosine And
Thymine And Uradl

A Five-Carbon Sugar:

k)
HO—CHa OH

[-D-ribose B-D-deoxyribose

Figure 3.5 The Pentose B-D-Ribose Occurs In RNA. B-D-Deoxyribose is
The Sugar Component In DNA.

3.6.2 Types Of Nucleic Acids
There ae two types of nucleic acids:

% Deoxyribonucleic ecid better known as DNA.

« Ribonuleic add better known as RNA

3.6.2.1 DNA (Deoxyribonucleic Acid):

DNA determines all the charaderistics of an organism, and contains all the
genetic material that makes us who we are. This information is passed on
from generation to generation in a spedes. DNA is arranged into a doulde
helix structure where spirals of DNA are intertwined with ore another
continuously bending in on it but never getting closer or further away. One

nucleotide, which is basic unit of DNA, is explained in following diagram
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Phosphate Molecule
Deoxyribose Sugar

BEase
Adenine, Cytozine, Guanine and Thyrnine

Figure 3.6 Basic Unit of DNA

There are four different types of nucleotide possble in a DNA sequence,
adenine, cytosine, guanine and Thymine (can be replaced with A, C, G and
T). There are hilli ons of these nucleotides in our genome, and with all the
posshble permutations; this is what makes us unique. The following rules

apply in regards to what nucleoctides pair with ore another.

¢ There are four possible types of nucleotide, adenine, cytosine,
guanine and thymine.
s Thymine and adenine can only make up a base pair

¢ Guanine and cytosine can only make up a base pair

(] PHOSPHATE
r DECHYRIBOSE
SUGAR

Figure 3.7 Pairing Of Nucleotides Forming DNA
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3.6.2.2 RNA (Ribonucleic Acid): It is along molecule but usually Single
stranded, except when it folds back on itself. They differs chemically from
DNA by containing ribose instead of deoxyribase & containing Uracil (U)
instead of Thymine (T). So the only important differences between RNA
and DNA are that

+ RNA differsfrom DNA by one nucleotide.
++ RNA comes as asingle stranded.

Ribose +% & RNA
sugar o  Base (single-stranded)
a :Q
Jii = .
«~%__* Phosphodiester
5= -+ linkages
L P i
L ),?\p,h
_:L/:.Ga.
o. o __ . Phosphate

o @ group

o
%

Figure 3.8 RNA Molecule

3.7 AMINO ACIDS, PEPTIDESAND PROTEINS

Amino acids are the building blocks for peptides and proteins and play an
important part in metabolism. 20 different amino adds are foundin living
organisms. Proteins may consist of thousands of amino adds and can have

molecular weights of up to several million Dalton (Da).

3.7.1 Amino Acids

H

|'_-\_, L
Hooc®™ l\H

NH

Figure 3.9 General Structure Of An 4-L-AminoAcid.
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Total number of amino aads known is 20, which are, describes in Table

31
SNo | 1-Letter 3-Letter Name
Code Code
1 A Ala Alanine
2 R Arg Arginine
3 N Asn Asparagine
4 D Asp Aspartic add
5 C Cys Cysteine
6 Q GIn Glutamine
7 E Glu Glutamic ecid
8 G Gly Glycine
9 H His Histidine
10 I lle Isoleucine
11 L Leu Leucine
12 K Lys Lysine
13 M Met Methionine
14 F Phe Phenylalanine
15 P Pro Proline
16 S Ser Serine
17 T Thr Threonine
18 w Trp Tryptophan
19 Y Tyr Tyrosine
20 \Y va Valine

3.7.2 Peptides & Proteins

Table 3.1 20 Amino Acids With Their Official Codes

Peptides and proteins are macromoleaules made up from long chains of

amino acids joined head-to-tail via peptide bords. The three-dimensional

structure of aprotein is very well defined and is essential for it to function.
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Figure 3.10 A Protein Moleaule (Structure)

3.8 WHY SEQUENCESDIFFER

Biologicd sequences srow complex patterns of similarity to ore another.
In this regard, they mirror the external morphologies of the organisms in
which they reside. Sequences change over time due to four forces:

% Mutation

*» Natura seledion

% Genetic drift

« Neutral theory of Evolution.

3.8.1 Mutation

A mutation is smply a dange in a DNA sequence. The reason for
mutation is that many chemicds and conditions damage DNA, so its
sequence dther changes or ceases to be recognizable. Other reasonfor it is
that the processof DNA replication is not perfect. The human genome is
about three billion letters long, and the aror rate of DNA replication is
about on error in every 300 million letters, so you can expect abou 10

mutations per genome dupli cation.
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3.8.2 Natural Selection

Charles Darwin, abiologist from England, developed the theory of Natural
Selection. Natural selection is considered to be the biggest factor resulting
in the diversity of spedes and their genomes. It explains why organisms
look the way they do and why they seem to fit their environments so well.
Principals of the Natural Selection Theory are explained below:
++ One of the prime motives for all spedes is to reproduce and
survive, passng on the genetic information d the species from
generation to generation.
+»+ The organisms that die as a consequence of this competition were
not totally randam; Darwin found that those organisms more suited

to their environment were more likely to survive.

Darwin's finches are an excellent example of the way in which species
gene pools have adapted in order for long-term survival viatheir off spring.
The Darwin's Finches diagram below ill ustrates the way the finch has
adapted to take alvantage of feeding in diff erent ecological niche's.

2w Darwin's Finches  sus/ s
— 2

ADAPTIVE RADIATION d-""'ﬂ

- Seeds L

Insacts "o ) T

Grubs

I

Too| Using Finch

;f':# P
= -
|=l‘

Figure 3.11 Natural Seledion
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3.8.3 Genetic Drift

Darwin was not aware of how variation is transmitted from generation to
generation; he didn’t have the ancept of genes. Genes were introduced by
Gregor Mendel to explain how hereditary information is transmitted from
one generation to the next. Mathematicd simulations show quite dealy
that allele frequencies can change by puely random processes. This
behavior is caled genetic drift, and it’s based on the fact that population

aren’'t infinitely large.

3.84 Neutral Theory of Evolution

Motoo Kimura proposed the neutral theory of evolution in the late 1960s
and early 1970s. The theory states that the majority of sequence evolution
is purely random. According to Kimura, when one compares the genomes
of existing spedes, or looks between a species and its forebears, the vast
majority of single-nucleotide diff erences are sdlectively "neutral.” That is,
these differences do nd influence the fitness of either the species or the
individuals who make up the spedes. Such changes are presumed to have
little or no biologicd effed. A second assertion o hypothesis of the
neutral theory is that most evolutionary change is the result of genetic drift

acting on neutral all eles.

39 SEQUENCE ALIGNMENT ALGORITHMS

Many different algorithms can be used as for sequence alignment.
Different types of algorithms have different strengths, and there are

specific types that are more gopli cable to Bioinformatics.

3.9.1 Exact Matching

Exad matching algorithms are used to find small identicd segments within
sequences. For example, if you want to find the number of times the word
‘dad’ appeas in the sequence: daddaadadadadadda, an exact matching
algorithm would tell you that it appeas 5 times and where eah

appeaance started.



3.9.2 Pairwise Sequence Alignment

Pairwise sequence dignment is based on the similarities between two
sequences. Two fast search tools use Pairwise sequence alignment
agorithms, the basic local alignment seach tool (BLAST) and FASTA.

3.9.3 Multiple Sequence Alignment

Multiple string comparison is a very important problem in computational
biology. Instead of comparing atest sequence to alonger pattern, multiple
string comparison would allow that test sequence to be compared to many
different patterns at the same time. Multiple sequence alignment is now

used extensively in moleaular biology, and has functions which include:

s Tofinddiagnostic patterns

% To characterize protein families

¢ To deted or demonstrate homology between new sequences
and existing families of sequences

% To help predict the secondary and tertiary structures of new
seguences.

¢ To suggest oligonicleotide primers for PCR

s Asan essentia prelude to moleaular evolutionary analysis.

This method has two major isaues, however. First, a mistake in one of the
early Pairwise alignments cannot be correded. This aff ects the accuracy
of the final multiple alignment. The second major issue has to do with
how to all ow gaps in sequences and which substitution matrix is used.

The Multiple Alignment Algorithm has three main steps:

1) All pairs of sequences are aligned separately in order
to calculate a distance matrix giving the divergence of
each pair of sequences,

2) A guidetreeiscalculated from the distance matrix;

3) The sequences are progressively aligned according to
the branching order in the guide tree.
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CHAPTER 4
SEQUENCE ANALYSISTOOLS

4.1 OVERVIEW

All speciesin the world are unique, yet there is some degree of relatedness
in al species. In order to fine that similarity we have to analyze the
undcerlined sequences, which make the species. These sequences may be
the most basic one like DNA sequences or the gene sequences.
Determining and using specific DNA sequences is the backbone of
molecular biology, and sequencing is the gold standard in DNA
identification. Thus the comparison d gene sequences or biologicd
sequence analysis is one of the processes used to understand sequence
evolution. Just as the ancient Greeks used comparative anatomy to
uncerstand the human body, today we can use @mparative seguence
anaysis to understand genomes. There is variety of different tools
available to perform sequence analysis. Sequences can be aligned across
their entire length (global alignment) or only in certain regions (local

alignment). Thisistrue for pairwise and multiple dignments.

4.2 BLAST

Basic Locd Alignment Search Tool Is used to compare a query sequence
with those contained in databases by aligning the query sequence with
previously characterised genes, therefore helping in identifying genes. The
emphasis of this tool is to find regions of sequence similarity. The
fundamental unit of BLAST algorithm output is the High-scoring Segment
Pair (HSP). An HSP consists of two sequence fragments of arbitrary but
equal length whose dignment is locdly maximal and for which the
alignment score meets or exceeds a threshold o cutoff score. A set of
HSPs is thus defined by two sequences, a scoring system, and a aitoff
score; this %t may be anpty if the atoff score is aufficiently high. The
sensitivity and speed of the programs can be adjusted via the standard
BLAST algorithm parameters W, T, and X. The gproach to similarity
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searching taken by the BLAST programs is first to look for similar
segments (HSPs) between the query sequence and a database sequence,
then to evaluate the statistical significance of any matches that were found,
and finally to report only those matches that satisfy a user-selectable
threshold of significance There are many variants of BLAST available,

which can be used at diff erent situations.

4.2.1 Stepsfor Running BLAST(12)

Consider a sequence, and look for sequences that are similar in the EMBL
Nucleotide Sequence Database. This sequence is a real entry in this
database, so we will exped to find a sequence that is a perfect match to our

test sequence.

+ The sequence, is entered into the textbox in fasta format, which
consists of a one-line header starting with a ">" symbol,
followed by the sequence name. The sequence is then entered

on rew line(s).

+ The BLAST program is chosen, which is designed to search a

nucleotide query sequence against a databank

+» The number of scores (hits to the database) is limited to 10 and
the number alignment of these against the query sequence is

limited to 5, thisis doneto limit the size of the output results.

+«+» Other options have been left on"default”

4.2.2 Result of BLAST Alignment

The one-li ne sequence descriptions and summaries of results are useful for
identifying biologically interesting database matches and correlating this
interest with the statistica significance estimates. We will first consider
the score list, the search was limited to 10 scores in this seach, and me

result is taken andis explained as:
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EM_MUS:. MM DYSA M68859 Mouse dystrophin mRNA, complete

cds.

®,
°

69075

< EM_MUS is the EMBL database division that the entry is in,
in this case EMBL mouse (EMBL MUS musculus).

% MMDY SA isthe entry name in the database and the link to the
entry.

+» M68859isthe acesson nunber associated with this entry.
+ Mouse dystrophin mRNA,
+»» Complete cdsisthe description o the database entry.

% 69075is the high score of the entry, the greater this value, the
better the match between the query sequence and the database

entry.

Features Of BLAST

It uses Heuristic approach: BLAST is not guaranteed to find the
best alignment between your query and the database; it may miss
matches. This is becaise it uses a strategy, which is expected to
find most matches, but sacrifices complete sensitivity in order to
gain spedd.

Local alignments: BLAST uses local alignments for matching
sequences rather than dobal alignments. BLAST tries to find
patches of regional similarity, rather than trying to find the best
alignment between your entire query and an entire database

sequence.

Ungapped alignments: Alignments generated with BLAST do rot
contain gaps. BLAST's speed and statistical model depend o this,
but in theory it reduces sensitivity. However, BLAST will report
multiple local alignments between youwr query and a database

sequence.

Rapid: BLAST is extremely fast. It does not explore the entire

search space between two sequences as it uses the three layers of
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rules to sequentialy refine potential HSPs. This minimizaion o
search space is the key to its spead but at the cost of a loss in
sensitivity.

4.2.4 Limitations of BLAST

R/

+¢ Needs islands of strong biology and hamology, which is smilarity
in DNA or protein sequences between individua of the same
species or diff erent species.

¢ Limits onthe combination d scoring and penalty values

% The variants (blastx, tblastn, tblastx) use 6-frame translation-miss

sequences with frameshifts)

+» Findsandreports ONLY locd alignments

4.2.5 Improving BLAST Sensitivity

BLAST is widely used for searching protein, nuclectide databases for
sequence similarities, especially distant homologies. Position spedfic
score matrices are constructed during its running. These give the program
the power to capture remote relations of a query sequence. BLAST neels
multiple iterations in most circumstances and is time-consuming. We
modified the vedor sead-optimizing algorithm and used dynamic
programming to apply to pcsition dependent scoring systems. The
annotation aids by computational methods ams to execute repetitive and
time-consuming tasks, speeding upthe analysis of biologicd data. The use
of an automatic re-annotation module can make the work easier and much
faster. We aso modified substitution matrixes.

4.3 CLUSTERW

ClusterW is a general purpose multiple sequence alignment program for
DNA or proteins. It produces biologicdly meaningful multiple sequence
alignments of divergent sequences. It cdculates the best match for the
seleded sequences, and lines them up so that the identities, similarities and
differences can be seen. Multiple alignments of protein sequences are

important tools in studying sequences. The basic information they provide
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is identification of conserved sequence regions. This is very useful in
designing experiments to test and modify the function o specific proteins,
in predicting the function and structure of proteins, and in identifying new
members of protein. ClustarW is a fully automatic program for global
multiple dignment of DNA and protein sequences. The alignment is
progressve and considers the sequence redundancy. The program has
some adjustable parameters with reasonable defaults. ClustarW currently
suppats multi ple sequence formats(15). These ae:

NBRF/PIR

EMBL

UniProt/Swis<Prot

GDE GCG/MSF

4.3.1 Stepsfor Running Clusterw

We will consider aligning the several sequences, represented by the

accession rumbers. These can be alded using accession rumber or in fasta
format.

% The multiple sequences were uploaded in fasta format, which

consists of a one-line header starting with a">" symbol, followed

by the sequence name/description. The sequence is then entered on

new line(s).

s Thetitle of the alignment was changed to MHC align. Because it is
only used for multiple dignment. The sequence which we have

entered is compared with diff erent sequences in database.

% The omparisonisdonein progressive manner.

¢ Other options were left on "default”.

4.3.2 Result of Clusterw Alignment

The plain text version d the dignment result will be temporarilly stored in
an .an file. An aignment with display by default the following symbols

denating the degree of conservation olserved in ead column:



®.
°

"*" Means that the residues or nucleotides in that column are
identicd in all sequencesin the alignment

Means that conserved substitutions have been dbserved,
according to the wlour table.

"" Means that semi-conserved substitutions are observed.

4.3.3 Features of Clusterw

ClusterW is a multiple alignment program for DNA and poteins. The

program is now more compatible with GCG and has new feaures for more

powerful aligning of diverged sequences. Some of the features of
ClustalW include:

®.
°

®,
°

®.
°

4.35

It can be used via an X windows based user interface, Clustal X

No longer has a limitation to the number or length of sequences in
the input file.

Output file default order of the sequences has changed. Instead of
maintaining the input file order the sequences are now in the

alignment order. Thus, closely related sequences are grouped.

Limitations of Clusterw

The input order in analyzing the bodstrapped samples is nat
randamized; therefore, we have no phyogenetic information at all
and thus we get 100% bootstrap values.

If we have very different branch lengths, even if we have a
"moleaular clock" running, long branches have the tendency to

attrad each other.

Improving Cluster W Sensitivity

The sensitivity of the commonly used progressive multiple sequence

aignment method has been greatly improved for the alignment of

divergent protein sequences. Firstly, individual weights are assigned to

each sequencein a partial alignment in order to downweight near-duplicate

sequences and upweight the most divergent ones. Secondly, amino add

substitution matrices are varied at diff erent alignment stages according to
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the divergence of the sequences to be digned. Thirdly, residue specific gap
penalties and locally reduced gap penalties in hydrophilic regions
encourage new gaps in potential loop regions rather than regular secondary
structure. Fourthly, positions in ealy alignments where gaps have been
opened recave locally reduced gap penalties to encourage the opening up
of new gaps at these pasitions. These modificaions are incorporated into a
new program, CLUSTAL W that isfredy avail able.

44 FASTA

FASTA (pronownced FAST-Aye) stands for FasT All, reflecting the fad
that it can be used for a fast protein comparison a a fast nucleotide
comparison. This program acieves a high level of sensitivity for
similarity seaching at high speed. This is achieved by performing
optimised searches for local alignments using a substitution matrix, in this
case a DNA identity matrix(16). The high speed of this program is
achieved by using the observed pattern of word hits to identify potential
matches before atempting the more time consuming optimised search. The
trade-off between speed and sensitivity is controlled by the ktup
parameter, which spedfies the size of the word. Increasing the ktup
decreases the number of backgroundhits. Practically, FastA is a family of

programs, allowing also cross queries of DNA versus protein.

4.4.1 Stepsfor Running FASTA

We will consider a sequence, and look for sequences that are similar in the
EMBL Nucleotide Sequence Database. This squenceisared entry in this
database, so we will expect to find a sequencethat is a perfed match to our
test sequence. Also we expect to find similar sequences, perhaps from
closely related animals, or from nucleotide ading sequences for closely
related proteins.

«» The sequence is entered into the textbox in fasta format, which
consists of a one-line header starting with a">" symbol, followed

by the sequence name. The sequenceis then entered on rew line(s).
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°

D>

o

"Email" is chosen so that | will have the results delivered to the
email address as soon as they are available. As a fasta search is
very resource-intensive, it is not usually possible to search the
whole of the EMBL database interadively.

Thetitle of the search isleft as™_ Sequence” althoughyou can give
your search title any name you wish to help you identify the

results.

The fasta program is used, which is designed to search a nucleotide

query sequence against a DNA databank

The number of scores (hits to the database) to is limited 10and the
number of alignments of these against the query sequenceto is aso

limited 10, thisisin order to limit the size of the output results.

Other options have been left on"default”.

4.4.2 Result of FASTA Alignment

The one-line sequence descriptions and summaries of results are useful for

identifying biologically interesting database matches and correlating this

interest with the statistical significance estimates. Considering the top

(best) match with ou query sequence

EM_HUM:HS405721 U405721 Human beta2-syntrophin (1700)  [f]
8491 1435 0

First entry is the EMBL database division that the entry is in, in
this case EMBL human (EMBL HUMAN).

H3A05721is the entry name in the database.
U405721 isthe acesson nunber associated with this entry.

Human beta2-syntrophin is the start of the description d the
database entry.

(1700 Is the number of nucleotides present in the entry.
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¢ [f] This stands for forward or reverse, and represents which strand
from from which the alignment was based.

% 8491isthe optimised score (joins of gapped fragments).

«+ 1435is the bits sore, which is a normali zed score cdculated from

the raw score.

4.4.3 Featuresof FASTA

Some of the fedures of FASTA are:
s Local alignments. FASTA tries to find patches of regiona
similarity, rather than trying to find the best alignment between

your entire query and an entire database sequence.

% Gapped alignments: Alignments generated with FASTA can

contain gaps.

% Rapid: FASTA is quite fast. You can either run the program

locally or send queries to an E-mail server

% Heuristic: FASTA is not guaranteed to find the best alignment
between your query and the database; it may missmatches

4.4.4 Limitations of FASTA

% Larger ktuple increases speed since fewer “hits’ are found bu it
also decreases sensitivity for finding similar but not identica
sequences since exact matches of this length are required

s FASTA can miss significant similarity since, for proteins, similar
sequences do ot have to share identical residues and for nucleic
acids, due to codon “woble’, DNA sequences may look like
XXyXXyXXy where X’s are mnserved andy’s are not.

< FASTA-DBS and FASTA-FILES have no locking mechanism. If
the data files were to change while someone had a FASTA-DB or
FASTA file open, that person would be hosed.



4.4.5 Improving Sensitivity of FASTA

It is almost aways advantageous to perform similarity searches with
protein rather than DNA sequences. This is true for three reasons: (1) The
information content per residue of protein sequence is greater than DNA
because the amino add alphabet is much larger than the DNA alphabet (ii)
No identicd amino acids can be scored for similarity using a mutation
frequency matrix such as PAM or BLOSUM; and (iii) The protein
databanks are much smaller than the DNA databanks, so the likelihood of
chance matches is reduced. So FASTA has better sensitivity than BLAST.
The problem of similarity searching with DNA sequences that contain
frameshifts has been addressed. FASTA 3.0 naov contains the program
TFASTX, which compares a DNA sequence to a protein database,
translating in three frames and allowing for frameshifts. FASTA 3.0 uses
the same methods and statistics as FASTA 2.0, but it is designed in a
modular fashion and runs nat only on conventional UNIX workstations but

also onmulti processors in parallel(16).

4.5 READSEQ

This program reads and writes nucleotide and protein sequences in various
useful formats. Its main contribution to bioinformaticsis it takes on the job
of guessing what your input biosequence data format is, and converting it
to what your software knows how to handle. Don Gilbert developed it.
Readseq was written ariginally around 1989a comporent of a sequence
analysis program, in Pascd. But now it is avail able in two versions(20).

i) Clasdc - the 1993release, in C code

i) Java - the 1999release, in Java wode

Readseq was converted to a C program in early 1990s. In the dassc
verson a smal, smple cmmand-line interface was added. It is
particularly useful as it automatically detects many sequence formats, and

interconvert among them.

45



45.1 Classic Version

/7
L X4

®.
°

®.

°

Fixed Olsen format input to handle files w/ more sequences, naot to
mess up when more than ore seq has same identifier, and to
convert number masks to symbols.

Added a few new formats like GCG MSF multi sequence file
format, PIR/CODATA format, NCBI ASN.1 sequence file format,
PAUP multi seq format, Phylip formats (interleave & sequential)
Phylip format can now be used as input. Options to reverse-
compliment and to degap sequences have been added. A menu
additionfor users of the GDE sequence ditor isincluded.

Reverted Genbank output format to fixed left margin (change in 0
Dec release), so GDE and athers relying onfixed margin can read
this.

45.2 JavaVersion

The java version 2, first available in 1999, continues suppat for the

"classic" C version, in that it includes the same command-line options. The

main addition in the Java version can be listed as following:

®.
°

®.
L4

®.
°

®,
°

This version handle sequence documentation; the original ignored
all but afew fields of information other than sequence data.
Version 2 added document and feaure table parsing, which hes
become a essential need in sequence manipulation. One @n
currently extrad sequence of a given set of feaures from a bio
sequence with feature tables Release 2.1 further enhances and
along with many other additions.

It has pretty print menu whose options st parameters for the
Pretty-print format, such as numbering and labels

It has new sequence format conversions, and alot of bug fixing.
Readseq handles sub ranges as the intersection with a given feature
location. Sub range math respeds complement orientation, as well

as the end value to specify end d a given location.
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®.
°

®.
°

®.
°

®.
°

The java version includes a classic Command line interface.
Besides command line interface it includes Graphic User Interface
for those who prefer not to learn the many command line options.
This version aso includes a Common gateway interface (CGl) for
use in web server. The options in this 'cgi' interface include dl of
the command line options. With afew additions.

A Perl script to convert readseq source to javac compatible form is
included.

Various bug fixes; Java 1.2/3 compatibility

This java version is aso more dficient, working faster than the

compiled C classic version.

4. 5.3 Features Of Readseq

ReadSeq hes lot of features. A few of them are listed bow:

Release 2 in Java of readseq has been completely revised to
objed-oriented and efficient data handling. It is faster than release
1, which was compiled C code, by afador of 2 to 4times.

It has user interface for those who prefer not to lean the many
command line options

Software is fredy available to the public for use.

It automaticdly deteds many sequence formats, and interconvert

among them.

4.5.4 Limitations Of Readseq

R/
0'0

®.
°

The main limitation is memory usage - it is nat optimized for large
data sets, but reads all of a sequence record in memory, generating
numerous objeds for documentation and a byte array for sequence.

It's not efficient enough to handle large sequences (genome sized
or full GenBank/EMBL datareleasefiles).

In its current Java incarnation, interfadng Readseq with other
languages is dore mainly through command-line cls to the main
program. If the programs are in Perl, we may want to use the
collection with its Seql O package.
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+» Readseq is currently not recommended for very large (100+MB)

sequence fil es, whether as asingle record or multiple records.

4.6 BLAT

BLAT (BLAST-Like Alignment Tool) is a very fast sequence dignment
tool similar to BLAST, but it is structured differently. BLAT was written
by Jim Kent. Blat is commonly used to look up the locaion d a sequence
in the genome or determine the exon structure of an mRNA. Blat produces

two major classes of alignments(11):

«» At the DNA level between two sequences that are of 95% or
greater identity, but which may include large inserts, and
% At the protein or translated DNA level between sequences that are

of 80% or greder identity and may also include large inserts.

The output of BLAT isflexible. By default it is a simple tab-delimited file
which describes the dignment, but which does not include the sequence of
the alignment itself. On DNA, Blat works by keeping an index of an entire
genome in memory. Thus, the target database of BLAT is not a set of
GenBank sequences, but instead an index derived from the assembly of the
entire genome. The index -- which uses less than a gigabyte of RAM --
consists of all nonoverlapping 11-mers except for those heavily involved
in repeds. This smaller size means that Blat is far more easily mirrored.
Blat of DNA is designed to quickly find sequences of 95% and geater
similarity of length 40 bases or more. It may miss more divergent or short
sequence alignments.

On proteins, BLAT uses 4-mers rather than 11-mers, finding protein
sequences of 80% and greaer similarity to the query of length 20+ amino
acids. The protein index requires slightly more than 2 ggabytes of RAM.
BLAT has sveral major stages. It uses the index to find regions in the
genome likely to be homologous to the query sequence. It performs an
alignment between hamologous regions. It stitches together these digned
regions (often exons) into larger alignments (typicdly genes). Finally,

BLAT revisits small internal exons possibly missed at the first stage and
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adjusts large gap boundaries that have canonical splice sites where
feasible.

4.6.1 BLAT Is Different From BLAST

« Speed (N0 gLeues, response in seconds) at the price of lesser
homology depth.

s The ability to submit a long list of simultaneous queries in fasta
format.

¢ Five convenient output sort options.

% A direct link into the UCSC browser.

«» Alignment block details in natural genomic order.

+«+ An option to launch the alignment later as part of a austom track.

% BLAT will do in a day what BLAST will do in a month, and in
many cases a single CPU will handle the load. The output is small
and easy to parse. Splice sites are foundwithout exon deed-over.

Give your staff and your server arest and switch to BLAT.

There ae three main programs in the BLAT suite: a stand-alone program
called ‘blat’. A server, which maintains an index of a genome in memory
called ‘gfServer’, and a client that, can query the index over the network
called ‘gfClient’. Since it takes some time (10 to 25 minutes) to index an
entire genome, the gfServer/gfClient model is best suited for situations
where interadive users wish to quickly locate a few sequences in the
genome. Blat source and executables are fredy available for academic,

nonpofit and personal use.

4.6.2 Steps For Running BLAT

BLAT is bioinformatics software a toal that performs rapid mMRNA/DNA
and crossspecies protein aignments. BLAT is more acurate and 500
times faster than popular existing toos for mMRNA/DNA alignments and 50
times faster for protein alignments at sensitivity settings typicdly used
when comparing vertebrate sequences. BLAT is not BLAST. All

alignment programs break the dignment problem into two parts:
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«» Initialy in a“search stage,” the program deteds regions of the two
sequences, which are likely to be homologous.

% The program then in an “alignment stage” examines these regions
in more detail and produces alignments for the regions, which are
indeed hamologous according to some aiteria. The alignment
stage performs a detailed alignment between the query sequence
and the homologous regions. For historicd reasons, the dignment
stage for nucleotide and protein alignments is quite different. Both
have limitations, and are good candidates for future BLAT
upgrades. On the other hand, both are quite useful in their present
form for sequences, which are not too dvergent.

The goal of the search stage is to detect the vast mgjority of homologous
regions while reducing the amount of sequence that is passd to the

alignment stage.

4.6.3 Resultsof BLAT Alignment

BLAT implements a very quick algorithm for finding multiple nearby
perfect matches, which allows the search stage to be spedfic enough that
the genome itself can be kept on disk and anly the index kept in RAM in
memory in the dient/server mode BLAT is able to ursplice dl the human
MRNA in GenBank, including the ESTS, in less than a day on a 100-CPU
computer cluster. BLAT working in translated mode is cgpable of rapidly

aligning data acrossvertebrate species without significant compromise.

4.6.4 Features Of BLAT

Some of the features of BLAT are:

s BLAT is a very effedive tool for doing nucleotide alignments
between mRNA and genomic DNA taken from the same species.

+» Genomic coordinates of MRNA or protein within a given assembly
can be foundwith the use of Blat.

¢ The exonstructure of agene can be determined.

% A coding region within a full-length geneis displayed.

¢ Itisolates an EST of special interest asits own trad.

¢ Itisused for searching of gene family members.
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+ Human homologs of a query from another spedes are easily found
with Blat.

4.6.5 Limitations Of BLAT

¢ Program-driven use of BLAT is limited to a maximum of one hit
every 15 seconds and nomore than 5,000 hts per day.

% For users with high-volume Blat demands, we recommend
downloading Blat for locd use.

¢ Up to 25 sequences can be submitted at the same time.

% The BLAT program requires approximately two bytes for each
base in the genome in DNA mode, and three bytes for each basein

translated mode. The other programs use relatively littl e memory.

4.6.6 Improving BLAT Sensitivity

Analyzing vertebrate genomes requires rapid mRNA/DNA and cross
species protein alignments. A new tod, BLAT, is more acurate and 500
times faster than popular existing tools for MRNA/DNA aignments and 50
times faster for protein alignments at sensitivity settings typicaly used
when comparing vertebrate sequences. BLAT’ s speed stems from an index
of al nonoverlapping K-mers in the genome. This index fits inside the
RAM of inexpensive computers, and reed only be computed once for each
genome asembly. BLAT has several major stages. It uses the index to find
regions in the genome likely to be homologous to the query sequence It
performs an alignment between homologous regions. It stitches together
these aligned regions (often exons) into larger alignments (typicdly
genes). Finally, BLAT revisits gmall internal exons possibly missed at the
first stage and adjusts large gap bouwndaries that have canonicd splice sites
where feasible.
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CHAPTER 5
COMPARISON OF TOOLSAND RESULTS

5.1 0OVERVIEW

Bioinformatics is a buzzword that is becoming increasingly audible in the
world. Bringing the life sciences and information technology together to
develop powerful, user-friendly software packages that enable scientists to
efficiently examine, interpret and store data to speed up discovery and
advance scientific knowledge. Various ftware packages of automated
tools have been developed that had improved the dficiency of much
biologicd research. One most important task in bioinformatics is DNA
sequence analysis. In this chapter DNA sequence analysis tools are
discussed.

5.2 NEED FOR SEQUENCE ANALYSISTOOLS

All speciesin the world are unique, yet there is some degree of relatedness
in al species. In order to fine that similarity we have to analyze the
underlined sequences, which make the species. These sequences may be
the most basic one like DNA sequences or the gene sequences. In recent
years, DNA sequencing has become a famili ar term to everyone. Thus the
analysis comparison d gene sequences or biologicd sequence analysis is
one of the processes used to urderstand sequence evolution. There is
variety of different tools available to perform sequence analysis.
Sequences can be digned acrosstheir entire length (global alignment) or

only in certain regions (local alignment).

5.3 COMPARISON CRITERIA

All known tools have some alvantages over the other. All have diff erent
functions, different areas of applicaions. So acwrding to the different

situations different tools are used. | am analyzing four tools BLAST,
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CLUSTERW, FATSA, and BLAT. | am analyzing these tods and the
criteriafor comparison are one from the following.

s Algorithmic Based

% Parameter Based

5.4 ALGORITHMIC BASED

All four tools have some underlined algorithm. So the algorithms are
compared to knaw that which algorithm is more efficient than the other.

What steps of the particular agorithm are diff erent and what are same.

5.4.1 BLAST Algorithm

BLAST (Basic Locd Alignment Search Tooal), is a sophisticated software
package for rapid searching of nucleotide and protein databases developed
by Altschul. BLAST uses a heuristic dgorithm, which seeks local as
oppased to gobal alignments and is therefore able to detect relationships
among sequences, which share only isolated regions of similarity. BLAST
searches the database in two phases. First it looks for short subsequences,
which are likely to produce significant matches, and then it tries to extend
these subsequences. In brief BLAST algorithm is described by three steps,
which are explained as follows(12):

(1) In step 1, BLAST filters low complexity regions removes them from
the query sequence. Next, BLAST generates a list of al of short
sequences, or words, that make up the query. Then, BLAST uses a scoring
matrix to determine all high-scoring matching words for each word in the
guery sequence There is a trade-off at this stage between speed and
sensitivity: a higher threshald gves greaer speed but increases the chance

of missing relevant pairs. The steps are:

<> For the query find the list of high scoring words of length w.
o For a given word length w (usually 3 for proteins) and a given
score matrix create alist of al words (w-mers) that can can score >T when

compared to w-mers from the query.
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-_— PQG 18 Word

PEG 15 _
PRG 14 \l;lve|gdhborhood
PKG14 OM0S
PNG13
PMG13

Below PQNI12

Threshold

(T=13)

Figure 5.1 Word Length for BLAST

Query Sequence of length L

Maximum of L-w+1 words

(typicdly w = 3 for proteins)

For each word from the query
sequence find the list of words
that will score at least T when
scored using a par score
matrix (e.g. PAM 250).

Figure5.2 List of HSPfor BLAST

(2) In the second step, BLAST searches for exact matches for the word
list. Because BLAST has aready pre-processed and indexed the databases
for the occurrence of al words in each sequence in the database, this

search is extremely fast.



X Compare the word list to the database and identify exad matches.

X3 Each neighbouhoad word gves all positions in the database where
it isfound(hit list).

PQG 18
PEG 15
PRG 14

PKG14
PNG13

PDG13
PMG13— PMG
Database

/

Figure 5.3 Exact Matches of Words Form Word List

(3) In the third step, the origina BLAST method tried to extend the
alignment from the matching words in baoth directions as long as the score
continued to increase.

For each word maich, extend alignment in bah directions to find
alignments tat score greaer than score threshold S. The program tries to
extend matching segments (seeds) out in both diredions by adding pairs of
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residues. Residues will be added until the incremental score drops below a
threshold

< —
Query: 325
SLAALNKTPQGQRLVNQWIKWLPDNRPDLEHNDENEA 365
+LA+ L+ TP G R++ +W+ P+ D +
A
Shjct: 290 TLASLKWTPM GSRMLKRWH K
KPLEAPDTQAGDAWA 330

High-Scoring Segment Pair (HSP)

g f—

Figure 5.4 Maximal Segment Pairs (MSFs)

The resulting alignment was called a high-scoring pair, or HSP. These
joined regions are then extended using the same method as in the original
BLAST. Next, BLAST determines whether each score found ty one of the
above methods is greater in value than a given cutoff score S. Finally,
BLAST determines the statistical significance of each score, initialy by
calculating the probability that two randam sequences, one the length of
the query sequence and the other the length of the database with the same

compasition could produce the cdculated score.

5.4.2 CLUSTERW Algorithm

Multiple dignments of protein sequences are important tods in studying
sequences. The basic information they provide is identification of conserved
sequence regions. Thisis very useful in designing experiments to test and modify

the function of specific proteins, in predicting the function and structure of
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proteins. ClusterW is a fully automatic program for global multiple dignment of
DNA and potein sequences. The dignment is progressve and considers the
sequence redundancy. ClusterW is a general purpose multiple sequence
alignment program for DNA or proteins. It calculates the best match for
the sel ected sequences, and lines them up so that the identities, simil arities
and dfferences can be seen. In brief clusterW agorithm is described by
three steps, which are explained as follows(15):

The basic multiple dignment algorithm consists of three main stages:

1) The distance matrix/pairwise alignments

In the original clusterW programs, the pairwise distances were @lculated
using a fast approximate method This alows very large numbers of
sequences to be aligned, even on a microcomputer. The scores are
calculated as the number of k-tuple matches in the best alignment between
two sequences minus a fixed penalty for every gap. We now offer a dhoice
between this method and the slower but more accurate scores from full
dynamic programming alignments using two gap pendties and a full
amino acid weight matrix. These scores are @lculated as the number of
identities in the best alignment divided by the number of residues
compared. In figure 5.5 we give the 7x7 distance matrix between the 7-

globin sequences cdculated using the full dynamic programming method

2) Theguidetree

The trees used to guide the fina multiple dignment processis cdculated
from the distance matrix of step 1 using the Neighbou-Joining method
This produces unrooted trees with branch lengths proportional to estimated
divergence along each branch. The root is placed by a"mid-point" method
a a position where the means of the branch lengths on either side of the
root are equal. These trees are dso used to derive a weight for each
sequence. The weights are dependent upan the distance from the root of
the tree but sequences, which have a common lranch with aher
sequences, share the weight derived from the shared kranch. In the
example in figure 5.5, the leghaemoglobin (Lgb2_Luplu) gets a weight of
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0.442 which is equal to the length of the branch from the root to it. The
Human beta globin (Hbb_Human) gets a weight consisting o the length of
the branch leading to it that is not shared with any other sequences (0.081)
plus half the length of the branch shared with the horse beta globin
(0.226'2) plus one quarter the length of the branch shared by al four
haanoglobins (0.061/4) plus one fifth the branch shared between the
haemoglobins and the myoglobin (0.015/5) plus one sixth the branch
leading to al the vertebrate globins (0.062). This sums to a total of 0.221.
The rooted tree with branch lengths and sequence weights for the 7 globins

isgiveninfigure5.5.

3) Progressive alignment

The basic procedure at this stage is to use aseries of pairwise dignments
to align larger and larger groups of sequences, following the branching
order in the guide tree. You proceed from the tips of the rooted tree
towards the root. In order to calculate the score between a pasition from
one sequence or alignment and e from another, the average of al the
pairwise weight matrix scores from the amino adds in the two sets of
sequences is used. If either set of sequences contains one or more gaps in
one of the pasitions being considered, each gap versus a residue is sored

as zero.
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Pairwise Alignment
Calculate Distance

Matrix
Y
Unrooted Neighbaur-
joining
Hbb_Human: 0.221
Hbb_Horse: 0.225
! Hba Human: 0.194
Rooted Tree (Gud Hba_Horse: 0.203
0 ree (Guide Myg_Phyca: 0.411
Tree And Sequence — .
Weights Glb5 Petma: 0.398
Lgb2_Luplu: 0.442
Y
Progressve
Alignment Align
Following The
Guide Tree
0.081
0.226 —
0.084
0.061 -
0.219
I— 0.055
0.065
0.398 —
0.62
0.389
0.442

Figure 5.5 The Basic Alignment Procedure
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5.4.3 FASTA Algorithm

FASTA compares a query string against a single text string. When
searching the whole database for matches to a given query, we mmpare
the query using the FASTA agorithm to every string in the database. The
algorithm uses a fast search to initially identify sequences from the
database with a high degree of similarity to the query sequence Then it
conducts a second comparison on the seleded sequences. While FastA is
actually just a fast approximation to the Smith-Waterman algorithm, it is
slower and more sensitive than the BLAST algorithm because FastA

tolerates gaps in the digned sequences(16).
The stages in the FASTA algorithm are afollows:

In step 1) We spedfy an integer parameter cdled ktup (short for k
respedive tuples), and we look for ktup-length matching sub strings of the
two strings. The matching ktup-length sub strings are referred to as hot
spots.

In step 2) In this stage we wish to find the 10 kest diagonal runs of hot
spats in the matrix. A diagonal runis a sequence of nearby hot spots onthe
same diagonal. A run need nat contain all the hot spots onits diagonal, and

adiagonal may contain more than one of the 10 best runs we find.

In step 3) A diagona run specifies a pair of aligned substrings. The
alignment is composed of matches and mismatches. We next evaluate the
runs using an amino acid (or nucleotide) substitution matrix, and pick the
best scoring run. The single best sub alignment found in this stageis cdled

initl.

In last step) In the last stage, the database sequences are ranked according
to init, scores or opt scores, and the full dynamic programming algorithm
is used to align the query sequence against ead o the highest-ranking

result sequences.

These steps for the algorithm are described using the following figure.
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FASTA Algorithm
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Apply "joining threshold"
to eliminate segments that

Use dynamic programming
to optimise the alignment in a

narrow band that encompasses

are unlikely to be part of the alignment
the top scoring segments.

that includes highest scoring segment.

Figure 5.6 FASTA Algorithm

5.4.4 BLAT Algorithm

BLAT is BLAST LIKE

ALIGNMENT TOOL, which performs rapid mRNA/DNA, and cross
species protein alignments. BLAT is more accurate and 500times faster

is bioinformatics software a tool and

than popular existing tools for MRNA/DNA alignments and 50 times faster
for protein alignments at sensitivity settings. BLAT is not BLAST. BLAT
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will do in a day what BLAST will do in a month, and in many cases a
single CPU will handle the load. The output is snall and easy to parse.
BLAT's geed stems from an index of al no owerlapping K-mers in the
genome.

The program rapidly scans for relatively short matches (hits), and extends
these into high-scoring pairs (HSPs). However, BLAT differs from
BLAST in some significant ways. Where BLAST builds an index of the
guery sequence and then scans linearly through the database, BLAT builds
an index of the database and then scans linearly through the query
sequence. Where BLAST triggers an extension when one or two hits occur
in proximity to each other, Where BLAST returns each area of homology
between two sequences as sparate alignments, BLAT stitches them
together into a larger alignment. BLAT has gecia codeto handle introns
in RNA/DNA alignments. Therefore, whereas BLAST delivers a list of
exons sorted by exon size, with alignments extending slightly beyond the
edge of each exon, BLAT effectively "unsplices' mRNA onto the
genome—giving a single alignment that uses each base of the mRNA only
once, and which corredly positions Plicesites(11).

BLAT Algorithm has following stages:

All fast aignment programs bre&k the alignment problem into two parts.
Initially in a "search stage," the program detects regions of the two
sequences, which are likely to be homologous. The program then in an
"dignment stage" examines these regions in more detail and produces

alignments for the regions

1) Search Stage

1.1 Searching With Single Perfect Matches

A simple and reasonably eff edive search stage is to look for subsequences
of a certain size, k, which are shared by the query sequence and the
database. In many practical implementations of this sarch, every K-mer in

the query is compared against al no overlapping K-mersin the database.

1.2 Searching With Single Almost Perfect Matches
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What if instead of requiring perfed matches with a K-mer to trigger an
aignment, we allow almost perfed matches, that is, hits where one letter
may mismatch? The probability that a no overlapping K-mer in a
homologous region of the database matches almost perfectly the
correspording K-mer in the query.

1.3 Clumping Hits and I dentifying Homologous Regions

To implement the match criteria, BLAT builds up an index of non
overlapping K-mers and their pasitions in the database. BLAT then looks
up each owverlapping K-mer of the query sequence in the index. In thisway,
BLAT builds alist of "hits" where the query and the target match. Each hit
contains a database position and a query position. Hits that are within the
gap limit are bundled together into proto-clumps. Hitswithin proto-clumps
are then sorted along the database @ordinate and put into real clumps if
they are within the window limit onthe database @ordinate. Clumps with
less than the minimum number of hits are discarded, and the rest are used
to define regions of the database, which are homologous to the query

sequence.

2) Alignment Stage

The alignment stage performs a detailed alignment between the query
sequence and the homologous regions. For historical reasons, the
alignment stage for nucleotide and protein alignments is quite diff erent.
Both have limitations, and are goodcandidates for future BLAT upgrades.

2.1 Nucleotide Alignments

The nucleotide dignment stage is based ona dDNA alignment program.
The algorithm starts by generating a hit list between the query and the
homologous region of the database. Because the homologous region is
much smaller than the database as a whole, the dgorithm looks for
relatively small, perfect hits. If a K-mer in the query matches multiple K-
mers in the region of homology, the K-mer is extended by ore repeatedly
until the match is unique or the K-mer exceeds a certain size. The hitsare

then extended as far as possble allowing no mismatches, and overlapping
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hits are merged. If there are gaps in the alignment on bah the query and
database side, the dgorithm recurses to fill in these gaps. This continues
until either the recursion findsno additional hits, or the gap is five bases or

less.

2.2 Protein Alignments

The protein alignment strategy is smpler. The hits from the search stage
are kept and extended into maximally scoring ungapped alignments (HSPs)
using a score function. A graph is built with HSFs as nodes. If HSP A
starts before HSP B in bah query and database coordinates, an edge is
placed from A to B. The edge is weighted by the score of B minus a gap
penalty based on the distance between A and B. In the cae where A and B
overlap, a "crossover" point is selected which maximizes the sum of the
scores of A up to the aossover and B starting at the crossover, and the
diff erence between thefull scores and the scores just up to the aosover is

subtracted from the adge score.

In step 3) stitchestogether these aligned regions (often exons) into larger
alignments (typically genes). These alignments are stitched together using
aminor variationof the algorithm used to stitch together protein HSPs.

In step 4) Finally, BLAT revisits snall internal exons possibly missed at
the first stage and adjusts large gap bourdaries that have canonical splice

siteswherefeasible.

5.5PARAMETER BASED

Different tools work according to the different parameters. These
parameters add to the performance of the algorithm. Parameters are the
options that are seleded for the more sensitive results. These ae set
according to the query and according to the requirements for the result.
Various parameters are compared to know that which parameter is used in

which tool andwhat is its function. What same parameters are used in the



diff erent algorithms and what is the particular use of that parameter in that

particular tool.

5.5.1 BLAST Parameters

BLAST uses various parameters and the importance of each ore is
disscussed below. The parameters are dissussd in the same order as they
are used in the algorithm. There are different types of parameters which
are used for example some parameters are used for the filtering and
masking. Some parameters are for selectivity, trandation. Some ae used
for the final score of the output. The results after the final alignment is
complete ae aso formatted using various options for the report
format(12).

IMAIN PARAMETERS

1.1 Blast program
Thefive BLAST programs described here perform the foll owing tasks:

+» Blastp compares an amino acid query sequence aainst a protein
sequence database

% Blastn compares a nucleotide query sequence against a nucleotide
sequence database

¢ Blastx compares the six-frame @nceptual translation products of a
nucleotide query sequence against a protein sequence database

+» Thlasth compares a protein query sequence against a nucleotide
sequence database dynamicdly translated in all six reading frames

¢ Thblastx compares the six-frame translations of a nucleotide query
sequence ajainst the six-frame trandations of a nucleotide
sequence database.

¢ Psi-blastn compares a protein query sequence against a nucleotide
sequence database dynamicdly translated in all six reading frames
(both strands) using a position specific matrix created by PSI-
BLAST.
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blast nucleatide query translated { protein dhb j Blast program
blasth: nucleatide query f nucleotide db
blastp: amino acid query / protein db

blaste nucleotide query translated / protein dhb

thlastn: protein queny f translated nucleotide dib

thlaste nucleotide query trans!. / transl. nucleotide db Browse.. |

sl protein gueny: eleotidedd =]
2 orthe actual data here: =l

(secuence format)

I Start of required reglon i query sequence (-L)

I End of required region i query sequence (-L)

protein db:
Mon-Redundant Protein Dat
SWIES-PROT release
SWISS-PROT update
TREMBL(SF) releasze
TREMBL(SP) update d

® micleotid db:
Mon-Redundant Mucleotide Database (MBnuc)
Maon-Fedundant EST Database (NRest)
MNon-Redundant HTG Database (NRhig)

EMBL Database release

EMEL Database update =

Figure 5.7 Main Parameters Of BLAST

1.2 Enter Either the Name Of A File Or The Actual Data

You can select afile by typing its name, or better, by selecting it with the
Netscape file browser (Browse button) OR you can type your data in the

next areg or cut and paste it from another application.

1.3 Protein Db

Chocse aprotein db for blastp or blastx.
Please note that SwissProt usage by and for commercial entities requires a

li cense agreement.

1.4 Nucleotide Db

Choaose anucleotide db for blastn, thlastn or tblastx
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2. FILTERING PARAMETERS

« The -F argument can take a string as inpu specifying that seg
shoud be runwith certain values or those other non-standard filters
shoud be used.

s It is possble to specify that the masking shoud orly be dore
during the process of building the initial words by starting the
filtering command with 'm’, e.g.: -F 'm S which spedfies that seg
(with default arguments) shoud be used for masking, but that the
masking should orly be done when the words are being built.

2.1 Sequence for mat

The sequence will be austomaticaly converted in the format needed for the
program providing you enter a sequence ether in plain (raw) sequence
format or in ore of the following: GenBank, NBRF, EMBL, GCG, DNA
Strider.

Filtering and masking options

¥ Filter query secuence (DUST with blastn, SEG with others) (-F)

I j Filtening options (-F must be true)
[T Tze lower case filtering (-1

[Return to the main part with your faveorite browser's Back function]

Selectivity options

|1 a Expect: upper bound on the expected frequency of chance occurrence of a set of HEP:
| Word Size (W) (zero mvokes default behawor)

Multiple Hits window size (zere for single it algonthm) (-4
Threshold for extending huts (-f)
H dropoff for blast extention in bits (0.0 inwolees default behavior) (-y)
Mumber of best hits from region to keep (K

¥ Perform gapped alignment (hot available with thlasts) (-2)

I ¥ dropolt value for gapped alignment (n bits) (-3

I ¥ dropoff value for final alignment (in bitz) (-Z)

Figure 5.8 Filtering, Masking And Selectivity Parameters of BLAST
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3. SELECTIVITY PARAMETERS

3.1 Expect Upper bound on the expeded frequency of chance
occurrence of a set of HSPs (-e)

The datisticd significance threshold for reporting matches against
database sequences; the default value is 10, such that 10 matches are
expected to be foundmerely by chance, according to the stochastic model
of Karlin and Altschul (1990).

3.2 Threshold for extending hits (-f)

Blast seeks first short word pairs whose aligned score reaches at least this
value (default for blastp is 11)

3.3 Number of best hits from region to keep (-K)

If thisoptionis used avalue of 100is recommended.

3.4 X drop-off valuefor gapped alignment (in bits) (-X)

This is the value that controls the path graph region explored by Blast
during a gapped extension (default for blastp is 15).

Scoring options

|‘3 Penalty for a nucleotide mmsmatch (blastn) {-o)
|1 Reward for a nucleotide match (blastn) (-r)

[BLOSUMB =] Matrix (-1

Cost to open a gap (-G)
I Cost to extend a gap (-E)

[Return to the main part with your favaorite browser's Back funciion]

Translation options

|1: Standard =l Cuery Genetic code to use (blastz) (-Q)

|1: Standard j DE Genetic code (for thlast[nx] only) (-D)
Query strand to search against database (for blastz and thlastz) (-5 7 € [default] © 1top © 2:bottom @& 3Fboth

[Return to the main part with your favorite browser's Back funciion]

Figure 5.9 Scoring and Translation Parameters of BLAST
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4. SCORING PARAMETERS

4.1 Cost to gpen a gap (-G)

Default is5 for blastn, 10 for blastp, blastx and tblastn
4.2 Cost to extend a gap (-E)

Default is 2 for blastn, 1 for blastp, blastx and thlastn

Limited values for gap existence and extension are suppated for these
three programs

Report options

|5|:IEI How many short descriptions? (-v)
[250 How many alignments? (-b)
ID: pairvise j Alignment view options (not with blastz/tblastz) (-m)

[T Show GI's in deflines {only available for BT db such as nrprot) (-T)
I Seqdhgn file (-T option must be true) (-0

[T Believe the query defline (-1

¥ Himl output

HTML output options (htmldblast)

[ Return to the main pare With your favorite browssr's Back function]

HTML output options (html4blast)

[T Use external web sites for databases entries retrieval links (- instead of -5)
[T Draw one HSF per line in image instead of putting all HSF in one hne (-)
[T iGenerate images names based on corresponding query (-q)

[ Return to the main part with your favorite browser's Back funciion]

Figure 5.10 Report and Output Parameters Of BLAST

5. REPORT PARAMETERS
5.1 How many short descriptions? (-v)

Maximum number of database sequences for which ore-line descriptions
will be reported (-v).
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5.2 Show GlI'sin defines (only available for NCBI db such asnrprot) (-
)

Causes NCBI gi identifiers to be shown in the output, in addition to the
accession and/or locus name.

5.3 SegAlign file (-J option must betrue) (-O)

SegAlignisin ASN.1 format, so that it can be read with NCBI tools (such
as sequin). Thisallows oneto view the resultsin dfferent formats.

6. HTML OUTPUT OPTIONS(HTML4BLAST)

6.1 Use external web sites for databases entries retrieval links (-e
instead of -9)
-soption will use SRS for databases entries retrieval links, whereas -e will

use the original database site links.
6.2 Draw one HSP per linein image instead of putting all HSP in one
line (-1

Useful for genomes seaching, where there is only one sequence in the
database.

5.5.2 CLUSTERW Parameters

Parameters are the options that are seleded for the more sensitive results.
These are set aacording to the query and according to the requirements for
the result. ClusterW uses various parameters and the importance of eat
one is disscussed below. The parameters are disscussed in the same order
as they are used in the algorithm(15).

YOUR EMAIL

Y ou must type your email address in this text box if you are running ajob
via email. It is not necessary to fill in the box if you are running your

search interadively.
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OUR EMAIL ALIGHNMEMNT TITLE RESLILTS ALIGHMEMNT CRUMODE
| |Sequence |interactivej |fu|| j |sing|e j
KTLIF W1 DY SCORE TYPE TOFPDIAG PAIRGAF
AORD SIZE) LEMGTH
MATRL: GAP OFEM EMND GAF GAF
GAPS EXTEMSION DISTAMCES
OUTPUT PHYLOGEMETIC TREE
QUTFLIT QUTPUT TREE TYPE CORRECT DIST. IGMORE GAPS
FORMAT ORDER
aln wnumbers j |a|ignedj |n|:|ne j off = off =
Enter or Paste a set of Sequences in any supported format; Help
-
[~
Upload a file; | Browse... | Reset |

Figure 5.11 Parameters of ClusterW

ALIGNMENT TITLE

Y ou may type aly text you want to help you identify your search results.

RESULTS (EMAIL OR INTERACTIVE)

This option lets you choose between email and interactive runs. The email
run regquires you to type an email addressin the email text box, and your
results will be delivered when they are ready to your email address thus

avoiding waiting for your results as with an interadive run.The default is
interadive.
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ALIGNMENT (FULL OR FAST)

Y ou may choacse to run afull alignment or using a stringent algorithm for
generating the tree guide or afast algorithm.
CPU MODE (SINGAL ORMULTIPLE)

The multiple CPU option run a spedal version of ClustalW using several
Linux pc nodes in a paralel fashion to increase the speed of the job
without compromising the quality of the results. This option is to be
chosen when the user has a large number of sequences (50+ but less than
500 to aign. However, care should be taken nd to overestimate the
guantification d the results. A very large alignment is difficult to read and

handl e by other software.

KTUP (Def, 1, 2, 3, 4, 5)

This option alows you to chocse which 'word-length’ to use when
calculating fast pairwise dignments.

WINDOW (Def, 0-10)

Use this option to set the window length when calculating fast pairwise

alignments.

SCORE (PERCENTAGE OR ABSOLUTE)

This option allows you to dedde which score to take into acaunt when
calculating afast pairwise alignment.

PAIRGAP (Def, 1,2,3,4,5,10,25,50,100,250500)

Select here to set the gap penalty when generating fast pairwise

alignments.

MATRIX (Def, BLOSUM, PAM, GONNET, ID)

This option allows you to choose which matrix series to use when
generating the  multi ple sequence alignment. The program goes through

the chosen matrix series, spanning the full range of amino add distances.
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< BLOSUM. These matrices appea to be the best available for
carrying  out data base similarity searches.
The matrix used is Blosum30.

« PAM. These have been extremely widely used since the late
"70s. We use the PAM 350 matrix.

+» GONNET. These matrices were derived using almost the same
procedure as the BLOSUM but are much more up to date and
are based on a far larger data set. They appear to be more
sensitive than the Dayhoff series. We use the GONNET 250
matrix.

< IDENTITY MATRIX. We aso supdy an identity matrix
which gves a score of 10 to two identical amino acids and a

score of zero otherwise. Default values are:

DNA: DNA ldentity matrix and for Protein it is Gonnet 250.

GAPOPEN (Def, 1, 2, 5, 10, 25, 50,100

Y ou can set here the penalty for opening a gap. The default valueis 10.

ENDGAP (Def, 10, 20)

Y ou can set here the penalty for closing a gap.

PHYLOGENETIC TREE

Phylogram is a branching diagram (tree) assumed to be an estimate of a
phylogeny; branch lengths are propational to the amount of inferred

evolutionary change.

UPLOAD A FILE

Y ou may upload afile from your computer which containing avalid set of
sequences in any format (GCG, FASTA, EMBL, GenBank, PIR, NBRF,
Phylip or UniProt/Swiss-Prot) using this option.
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5.5.3 FASTA Parameters

FASTA (pronournced FAST-Aye) stands for FasT-All, refleding the fact
that it can be used for a fast protein comparison a a fast nucleotide
comparison. This program achieves a high level of sensitivity for
similarity searching at high speed. The high speed o this program is
achieved by using the observed pattern of word hits to identify potential
matches before attempting the more time consuming optimised seach.
Parameters not only make the search fats but also make it more
efficient(16).

YOUR EMAIL SEARCHTITLE RESLILTS PROGRAM DATABASES
| Seguence interactive = |F'rntein j
fastad
tastyd | | |0nirefion
UniRefd0 =]
GAP FEMALTIES SCOREE & KTURS DA STRAMD MATR
ALIGMMEMTS HISTOGRAM
OPEM |-10 »| | sCORES|s0 = | KTUR|Z =] [none =] ||BLOSURSD =l
rResiDUE[2 =] |aucn [s0 =] |HIST [no =]
EXPECTATICN EXPECTATION SEQUEMNCE DATABASE MOLECULE
LIPPER waLUE LOWWER WALLIE RAMGE RAMGE TYPE

[ioo =] [default | | [START-END |[START-END | Protein |
Enter or Paste a I PROTEIN 'I Sequence in any format:

[ -
Lipload a file: Browse.., | Fun Fasta3 | Reset |

Figure 5.12 Parameters of FASTA

YOUR EMAIL

You must type your email address in this text box, it must be avalid

internet email address. It is nat necessary to fill in the box if you are
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running your search interadively, where your results will be delivered to
the browser window when they are ready.
SEARCH TITLE (INTERACTIVE OR EMAIL)

Y ou may type any text you want to help you identify your search results.

RESULT S

This option lets you choose between email and interactive runs. The email
runreguires youto type an email addressin the email text box, The default
value is email. You will be delivered your results to your browser, when

they beamme available with an interadive job.

PROGRAM

The programs avail able and their uses:

Program | Function Submission Type

fasta3 scan a protein or DNA |interadive/emall
sequence library for similar
sequences

fastx/y3 | compare a DNA sequenceto a | interadive/email
protein sequence database,
comparing the trandated
DNA sequence in forward and
reverse frames.

tfastx/y3 | compares a protein to a|interadive/email
translated DNA data bank

fasts3 compares linked peptides to a | interadive/email
protein databank

fastf3 compares mixed peptides to a | interadive/email
protein databank

Table 5.1 Programs of FASTA

DATABASES

Choaose here the databases you which to run yaur protein sequence against.

Y ou can choacse multiple databases by clicking on them. The choices will
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appea highlighted. To deseled a database simply click onit again. There
is large number of databases available but some of them are listed in the
table.

Abbreviation Database Name

UniProt UniProt is the central access point for
extensive curated protein information,
including function, classification, and cross-
references. Search UniProt to retrieve
"everything that is known" about a particular
sequence.

UniRef The UniRef databases combine closely
related sequences into a single record to
speed searches. There are three different
non-redundant databases with different
sequence identity cut-offs. In  UniRefl100,
UniRef90 and UniRef50 databases no pair of
sequences in the representative set has
>100%, >90% or >50% mutual sequence
identity. The three UniRef databases allow
the user to choose between a fast search and
a truly comprehensive one.

UniParc UniParc contains available protein sequences
collected from many different sources. The
sequence data are archived to facilitate
examination of changes to sequence data.
Search UniParc if you want to examine the
"history" of a particular sequence.

UniProt/Swiss-Prot | UniProt/Swiss-Prot Protein Database

prints FingerPrints

IPI International Protein Index

EURO patents European patents database.

JAP patents Japanese patents database.

USPTO patents | American patents database.

SGT Structural Genomic Targets Database

PDB Protein Database of Brookhaven

Table 5.2 Databases Available With FASTA

ALIGNMENTS (10, 20, 30, 40, 50, 60, 70, 80, 90,100)
Setting these options to any number avail able in the menu allows you to
set the maximum number of reported alignments in the output file. Note

that matching sequences are mnreded with a" |" symbad. Mismatches
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would be conreded with a space A gap would be represented witha " -
symbol.

KTUP (1, 2)

Change this value to limit the word-length the search shoud use. A word-
length of 2 is sensitive enough for most protein database searches. The
thumb rule is that the larger the word-length the less sensitive, but faster

the search will be.

STRAND

This option lets you choose which DNA strand to search with when you
are using a DNA seguence to compare against the DNA databanks. 'Top’
means the sequence will be searched, asit isinput into the form. 'Bottorm’

means:. reverse and complement your input sequence.

SEQUENCE RANGE
This option alows the user to denote which region within the query
sequence should be searched. The default is to seach using the whole

query sequence.

DATABASE SEQUENCE RANGE TO SEARCH

This option is similar to the &ove except that it sets the sequence range to
search within the database. The default is to search against the whole

database entry

UPLOAD A FILE

You may upload a file from youwr computer which containing a valid
sequence in any format (GCG, FASTA, EMBL, GenBank, PIR, NBRF,
Phylip or UniProt/Swiss-Prot) using this option.

55.4BLAT Parameters

BLAT on DNA is designed to quickly find sequences of 95% and greater

similarity of length 40 bases or more. It may miss more divergent or
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shorter sequence alignments. In practice DNA BLAT works well on
primates, and protein blat on land vertebrates(11).

BLAT Search Genome

Genome: Azzembly: Chuety type: Sort output: Cratpt type:
|Human j |May 2004 j |DNA j |query,scure j |ps| no headerj
[
=
subimit I'm feeling lucky | clearl

Paste in a query sequence to find its location in the the genome. Multiple sequences may be searched if
separated by lines starting with ">' followed by the sequence name.

File Upload: Father than pasting a sequence, vou can choose to upload a text file contaming the sequence.

Upload sequence: Browse... | submitfile |

Figure 5.13 Parameters Of BLAT

GENERAL OPTIONS
t=type Databasetype.
Typeisone of:

+ dna- DNA sequence

¢+ prot - protein sequence
+» dnax - DNA sequence trandated in six frames to protein

The default isdna
Thefollowing files are available:
¢ Human Genome, May 2004 kuild in /fdb/genome/human-aug2003

s Mouse Genome, June 2004 buld in /fdb/genome/mouse-oct2003
¢ Other nucleotide databases in /fdb/fastadb, updated weekly:

-tileSize=N

Sets the size of match that triggers an ali gnment.
Usually between 8 and 12
Default is11for DNA and 5for protein.

-minMatch=N
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Sets the number of tile matches. Usually set from 2 to 4

Default is 2 for nucleotide, 1 for protein.

-minScore=N

sets minimum score. Thisis the matches minus the

mismatches minus some sort of gap penalty. Default is 30

5.6 SUMMARY OF COMPARISION

Each tool has ssme best featuresin it, which can be used in prior to the
other. Brief summary of which tool is used urder which condition is
given here. Further advantages of one tod over the other are dso
discussed.

5.6.1 BLAT Is Preferred For
From apradicd standpaint, Blat has several advantages:

s Speed (N0 qleues, resporse in seconds) at the price of lesser
homology depth

*

The ability to submit a long list of simultaneous queries in fasta

.

format

R/
£ X4

Five mnvenient output sort options
s A direct link into the UCSC browser

% Alignment block detailsin natural genomic order

5.6.2 BLAST Is Preferr ed For

% The BLAST program is preferred it executes much faster than
FASTA. A typical BLAST search dore locally will execute in less
than a minute, whereas a local FASTA seach will take abou 30 to

60 minutes or more.

% The BLAST program is usualy more sensitive than the FASTA
program for detecting protein sequence similarity when both
programs are used with their default parameters because it does not

require a perfect match in the first stage of the search.
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7
L X4

The BLAST program can drectly translate a nucleotide sequence
into six frames and search a protein database. This would require

Six separate searches with FASTA.

5.6.3 FASTA Is Preferred For

7
°0

*,
°

The long word size in a BLAST DNA sequence similarity search
allows the program to execute extremely fast, but the price of speed
is aloss in sensitivity. The FASTA program will show some weak
DNA hits that will not be foundin your BLAST report.

It is preferred for availability of various variants of FASTA under

diff erent situations.

An advantage of FASTA is that it provides relatively timely results
while missing less homolog than BLAST. Due to its gnaller word
size when searching DNA, it is also better than BLAST at deteding
longer regions of lesser homology. FASTA is a good choice for
runnng DNA queries, and overall it performs well for stringent

comparisons where accuracy concerns are moderately important.

5.6.4 CLUSTERW IsPreferred For

®.
°

It shows good performance on potein and it has high quality in
stringent comparison where accuracy is essential.

It is dynamic dgorithm used for multiple sequence ali gnment.

It is computationally intensive and rigorous and takes longer time to
compute than the heuristic, but the sensitivity of resultsis more.

It is preferred when we have to identify short identical sequences.

It compresses information even further while giving the final results
by not only removing comments, but also transforming the plain text
of sequences into a compressed, more efficient bit code that can be
read faster.
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CHAPTER 6
CONCLUSION

Biosequences searching poses a particular challenge to the bioinformatics.
The basis for measuring sequence similarity is rooted in evolutionary
dogma. DNA holds the information d a protein’s sequence, structure,
folding, and ultimately, its function. Changes to a unique nucleotide or
amino acid sequence, however, do not necessarily render the protein
inactive. In fact, several conservative substitutions may occur in a given
sequence without disrupting protein function. In light of this, a methodis
needed to determine just how similar two sequences redly are when such
variations exist. Generaly, sequence searchers assume the tool provided
by a database is sufficient for all seaching puposes. This tool, known as
an agorithm, determines squence similarity. A problem encountered by
searchers is that databases often contain limitations as to which agorithms
may be used to conduct the analysis.

Algorithms are the programs that run the sequence analysis, they perform
the crunching that yields the best alignments and, thus, the final results.
Most biosequences algorithms create local alignments (analyzing part of a
sequence) or global aignments (anayzing over the whole sequence) and
are typicdly charaderized as heuristic or dynamic. There is vast variety of
tools available that can be used and In this regard, there are often user-
defined criteriato be set before a sequence is queried: picking the scoring
matrix, setting the gap penalties, adjusting e-scores, filtering low-
complexity regions, and determining word size, to name afew. Though
algorithms are indispensable toadls for determining homologies, they are
not without their flaws. Heuristic programs, for example, can produce
variable results depending on how the search parameters are set. Further,
inconclusive results may be obtained if the default parameters are not
adjusted prior to a seach.

| had compared four sequence analysistools. The summary of the results

obtained isbelow. | have used two criteriafor comparison ane is algorithm
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based and the other one is parameter based. Here | am concluding the
comparison d both criteria

% Conclusion of Comparison of TodsBased On Algorithm

% Conclusion of Comparison of Toos Based On Parameters

A COMPARISON OF FOUR MAJOR BIOSEQUENCE ALGORITHMS

CLUSTERW | FASTA BLAST BLAT
Introduced 199G 19805 199G 2000
Type Dynamic, Heuristic, Heuristic, Dynamic,
Locd Locd Locd Best-fit
Works best Protein Protein Protein, DNA and
for DNA Protein
lded Very short to Average Average | Very short to
sequence long length length long
length
Speed Slower than medium very fast Generally
BLAST slower than
CLUSTERW
Reliability | Highly reliable | Moderately Least to Highly
for reliable moderately reliable
homology reliable
opinions
Default 1,1 6,2 11,3 11,3
word size
for DNA,
Protein
Comment | USPTO “Gold Goodfor Speedy; Most
standard” for generad goodfor promising
alignments searches or generad new
finding searchesor | algorithm and
seguences finding arguably most
of smilar | sequences powerful
homology of high agorithm
homology

Table 6.1 Comparison Based On Algorithm
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Summary of Comparison Based on Parameters

BLAST CLUSTERW FASTA BLAT
Variety of programs Variety of programs Mainly three
isavailable: available: programs are

BlastN, FastA, available:
BlastP, No variants are FASTX, A stand-alone
BlastX, present. Only FASTY, program cdled
ThlastN, different versions are TFASTA, ‘blat’,
ThlastX. there. Fasta3, GfServer,
Fastx/y3, GfClient
Tfastx/y3, '
Fasts3.
Filtering and
masking optionsare | No filtering and No filtering and No filtering and
present in arder to masking optionsare | masking options are masking options
have more dficient | present. present are present.
results.
Protein and
Nucleotide
databases are
Database selection No database seledion | Database selection seleded spedfied
type: Protein and optionis present. options allowsto seled | by:
nucleotide databases from protein databases | DNA,
are selected Prot,
DNAX (DNA
sequences
translated to six
frames to
protein).
Inpu query can
Inpu sequencescan | Only Protein and Inpu sequences can be | be DNA, RNA,
be nucleotide or DNA sequencesare | DNA, Protein, DNAX | dnax, RNAX,
proteins. entered. Protein
Sequence format can | Sequence format can | Sequence format can be | Sequence format
be one from the be one from the one from the following: | can be one from
following: following: GCG, the following:
Plain text, FASTA, Pdl,
GenBank, ALN, EMBL, Pslx,
EMBL, GCG, PIR, Axt,
NBRF, Phylip, NBRF, Maf,
GCG, PIR, Phylip, Sim4,
DNA strinder, GDE. UniProt, Wublast,
Fitch, Swiss-Prot. Blast.
Fasta.
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BLAST CLUSTERW FASTA BLAT
Selectivity options Selectivity options Selectivity options are: | Selectivity
are: are: options are:
Exped (e), Gap Penalties (openor | Word size,
Word size (-w), Alignment (full or residue), X Drop-off value
Threshald for fast), Expedation upper for gapped
Extending hits (-f), CPU Mode (Singleor | value, alignment (X),

X drop-off value for
gapped alignment
(x),

X drop-off valuefor
final aignment (in
bits)(-t).

Multiple),
Window size
TOPDIAG,
PAIRGAP,
GAPOPEN,
ENDGAP,
GAPNEXT,
GAPDIST.

Expedation lower
value

SequeOnce range,
Database range to be
searched.

X Drop-off value
for final
alignment (in
bits),
-Titlesize=N Sets
the size of match
that trigger an
alignment.

Results are obtained
direaly from NCBI
site and kept using
specific ID For a
particular sequence
for 24 hours.

Results can be either
obtained using email
or can betaken
diredly using
interadive mode.

Results can be either
obtained using email or
can be taken diredly

Results can be
taken from UCBC
website that hosts
BLAT tool.

Scoring options are:

Penalty for a
nucleotide
mismatch,

Reward for a
nucleotide match,
Cost to open agap,
Cost to extend the

gap.

Scoring options are:

Score (Percentage or
Absolute),
Alignment score (full
or fast),

Sequence No,
Sequence Name,
Seguence length.

Scoring options are:

Scores(set to max no.
Of reported scores),
Alignment (set to max
no. Of reported
alignment).

Scoring options
are:
Cost to extend a

gap,
Cost to open a

gap,

-minscore=N sets
the min score
[(Matches-
mismatches)-
some sort of gap
penalty].

CPU Mode=single or

No parallel CPU is | multiple. Allows No parallel CPU are No paralel CPU
used. increasing speed used are used

without

compromising the

quality.
No phylogenetic tree | Phylogenetic treeis Phylogenetic treeis No phylogenetic
is generated generated. generated. tree is generated.




BLAST

CLUSTERW

FASTA

BLAT

Diredion d search
is described for the
DNA strand.
Whether to search
from topor in the

No dredion
specificaion gotion
isavailable. No
DNA strand qotion.

Diredion d searchis
described for the DNA
strand. Whether to
search from top a in
the reverse using DNA

No direction
specificaion gotion
isavailable. No
DNA strand qotion.

reverse using DNA strand option.

strand qotion.

Thereisnolimiton | Thereisnorange There is parameter Thereisnorange

the range of specification for specifying therangeto | specificaionfor

databases to be DNA query range | be searched for DNA query range

searched. and database range. | databases and for the and database range.
input query.

Wordsizeis KTUPisused to limit Word size

changed to make KTUPisused to the word length the parameter is used

search fast, but choose word length | search should useword | instead of KTUP.

search can be made

that is used for fast

length of 2 for protein

less sensitive in this | pairwise databases for DNA
manner. alignments. databasesit is 6.
MATRIX parameter | MATRIX MATRIX parameter is | MATRIX

is used to define
which matrix series
to use. Options
available are:
BLOSUM 80
BLOSUM 62
BLOSUM 45
PAM 30
PAM 70

parameter is used to
define which matrix
seriesto use when
generating multiple
alignments.
BLOSUM

PAM

GONNET

Identity Matrix is
used which gves
score of 10 to two
identica amino
acidsand d 0
otherwise.

used to define which
matrix comparison
matrix should be used
when searching the
database. The default
matrix isBLOSUM 62.
Theses matrices cover
various evolutionary
constraints.

parameter is used to
define which matrix
seriesto use.
Options avail able
are:
BLOSUM 80
BLOSUM 62
BLOSUM 45
PAM 30
PAM 70
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BLAST CLUSTERW FASTA BLAT
Molecule spedfier is Thereisno
here and available molecule type
optionsfor thisis specified in
Thereisno Thereisno molecule | Prot BLAT. But DNA,
molecule type type specified in DNA Proteins and dchax
specified in CLUSTERW. But DNAX areused for
BLAST. But DNA | only Proteins are MRNAX molecule type
and Proteins are used for moleaule MRNA
used for moleaule | type. TRNA
type. But mainly proteins and
nucleotide molecules are
used.
Report and format Report and format
options are No such optionsare | No such ogtions are used. | options are

availablefor the
final formatting of
the result report.

used.

available for the
final formatting
of theresult
report.

Table 6.2 Comparison Based On Parameter

It is evident that searches condicted here often vary from those condwcted
by investigators. The goal of the search should indicate the choice of the
algorithm used, and careful measure should be used in determining the
optimal algorithm. The aim of the algorithm used should be not to let
sequences of significant homology fall through the cracks. Since diff erent
results are obtained with dfferent algorithms, it is important to have a
hedthy distrust of what the results indicate about the query sequence
homology. If theinitial results do ot meet expedations, particularly with
one agorithm, it is advisable to repeat the search with a different
algorithm or tune the user-defined parameters. Finally, it is important to
redize achoice dgorithm is only part of the requirements in providing a
Without

comprehensive and consistent updating of the database being searched,

definitive answer as to the true novelty of a sequence.

valuable at will be missed nomatter which algorithm is employed.
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