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GUDLAVALLERU ENGINEERING COLLEGE
(An Autonomous Institution with Permanent Affiliation to INTUK, Kakinada)
Seshadri Rao Knowledge Village, Gudlavalleru — 521356
DEPARTMENT OF COMPUTER SCIENCE AND ENGIEERING

[ INSTITUTE VISION & MISSION ]

Institute Vision:

To be a leading institution of engineering education and research, preparing
students for

leadership in their fields in a caring and challenging learning environment.

Institute Mission:

e To produce quality engineers by providing state-of-the-art engineering
education.

e To attract and retain knowledgeable, creative, motivated and highly
skilled individuals whose leadership and contributions uphold the college
tenets of education, creativity, research and responsible public service.

e To develop faculty and resources to impart and disseminate knowledge
and information to students and also to society that will enhance
educational level, which in turn, will contribute to social and economic
betterment of society.

e To provide an environment that values and encourages knowledge
acquisition and academic freedom, making this a preferred institution for
knowledge seekers.

e To provide quality assurance.

e To partner and collaborate with industry, government, and R&D
institutes to develop new knowledge and sustainable technologies and
serve as an engine for facilitating the nation’s economic development.

e To impart personality development skills to students that will help them
to succeed and lead.

e To instil in students the attitude, values and vision that will prepare
them to lead lives of personal integrity and civic responsibility.

e To promote a campus environment that welcomes and makes students of
all races, cultures and civilizations feel at home.

e Putting students face to face with industrial, governmental and societal
challenges.
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DEPARTMENT VISION & MISSION

Vision

To be a Centre of Excellence in Computer Science and Engineering
education and training to meet the challenging needs of the industry and

society.

Mission
e To impart quality education through well-designed curriculum in tune
with the growing software needs of the industry.
e To serve our students by inculcating in them problem solving,
leadership, teamwork skills and the value of commitment to quality,

ethical behavior & respect for others.

e To foster industry-academia relationship for mutual benefit and growth.
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PROGRAMME EDUCATIONAL OBJECTIVES (PEOs)

PEO 1: Identify, analyze, formulate and solve computing problems both

independently and in a team environment using appropriate modern

tools.

PEO 2: Develop software systems with significant technical, legal, ethical,

social, environmental and economic considerations.

PEO 3: Exhibit commitment in lifelong learning, professional development

and leadership and communicate effectively with professional clients

and the public.

PROGRAM SPECIFIC OUTCOMES (PSOs)

1. Design, develop, test and maintain reliable software systems and

intelligent systems.

2. Design and develop websites, web apps and mobile apps.
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Program Outcomes (Pos)

(B.Tech in Computer Science and Engineering)

Engineering students will be able to:

1.

Engineering knowledge: Apply the knowledge of mathematics,
science, engineering fundamentals, and an engineering
specialization to the solution of complex engineering problems.
Problem analysis: Identify, formulate, review research literature, and
analyze complex engineering problems reaching substantiated
conclusions using first principles of mathematics, natural sciences,
and engineering sciences.

Design/development of solutions: Design solutions for complex
engineering problems and design system components or processes
that meet the specified needs with appropriate consideration for the
public health and safety, and the cultural, societal, and
environmental considerations.

Conduct investigations of complex problems: Use research-based
knowledge and research methods including design of experiments,
analysis and interpretation of data, and synthesis of the information
to provide valid conclusions.

Modern tool usage: Create, select, and apply appropriate techniques,
resources, and modern engineering and IT tools including prediction
and modelling to complex engineering activities with an
understanding of the limitations.

The engineer and society: Apply reasoning informed by the
contextual knowledge to assess societal, health, safety, legal and
cultural issues and the consequent responsibilities relevant to the
professional engineering practice.

Environment and sustainability: Understand the impact of the

professional engineering solutions in societal and environmental
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10.

11.

12.

contexts, and demonstrate the knowledge of, and need for sustainable
development.

Ethics: Apply ethical principles and commit to professional ethics and
responsibilities and norms of the engineering practice.

Individual and team work: Function effectively as an individual, and
as a member or leader in diverse teams, and in multidisciplinary
settings.

Communication: Communicate effectively on complex engineering
activities with the engineering community and with society at large,
such as, being able to comprehend and write effective reports and
design documentation, make effective presentations, and give and
receive clear instructions.

Project management and finance: Demonstrate knowledge and
understanding of the engineering and management principles and
apply these to one’s own work, as a member and leader in a team, to
manage projects and in multidisciplinary environments.

Life-long learning: Recognize the need for, and have the preparation
and ability to engage in independent and life-long learning in the

broadest context of technological change.
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Department of Computer Science and Engineering
GENERAL LABORATORY INSTRUCTIONS

1. Students are advised to come to the laboratory at least 5 minutes before (to
the starting time), those who come after 5 minutes will not be allowed into
the lab.

2. Plan your task properly much before to the commencement, come prepared
to the lab with the synopsis / program / experiment details.

3. Student should enter into the laboratory with:

a. Laboratory observation notes with all the details (Problem statement, Aim,
Algorithm, Procedure, Program, Expected Output, etc.,) filled in for the lab
session.

b. Laboratory Record updated up to the last session experiments and other

utensils (if any) needed in the lab. c. Proper Dress code and Identity card.

4. Sign in the laboratory login register, write the TIME-IN, and occupy the
computer system allotted to you by the faculty.

5. Execute your task in the laboratory, and record the results / output in the
lab observation note book, and get certified by the concerned faculty.

6. All the students should be polite and cooperative with the laboratory staff,
must maintain the discipline and decency in the laboratory.

7. Computer labs are established with sophisticated and high end branded
systems, which should be utilized properly.

8. Students / Faculty must keep their mobile phones in SWITCHED OFF mode
during the lab sessions. Misuse of the equipment, misbehaviors with the
staff and systems etc., will attract severe punishment.

9. Students must take the permission of the faculty in case of any urgency to
go out ; if anybody found loitering outside the lab / class without
permission during working hours will be treated seriously and punished

appropriately.
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10. Students should LOG OFF/ SHUT DOWN the computer system before
he/she leaves the lab after completing the task (experiment) in all aspects.

He/she must ensure the system / seat is kept properly.
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COURSE NAME: DATA MINING LAB

COURSE CODE: CS2514

COURSE OBJECTIVES:
To exercise the data mining techniques such as classification, clustering,
pattern mining etc with different datasets and dynamic parameters using

WEKA tool.

COURSE OUTCOMES:

Upon successful completion of the course, the students will be able to

 Learn to execute data mining tasks using a data mining toolkit (such as
WEKA) and visualize the results.
* Demonstrate the working of algorithms for data mining tasks such

association rule mining, classification, clustering and regression.

MAPPING OF COURSE OUTCOMES WITH PROGRAM OUTCOMES:

COURSE | po1 | PO2 | PO3 | PO4 | PO5 | PO6 | PO7 | PO8 | PO9 | P10 | P11 | P12
OUTCOMES

co1 Vo VoA v

CO2 Vo v v
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DATAMINING LAB INDEX

10

SNO Experiment Name Page No
1 Explore WEKA Data Mining/Machine Learning Toolkit 11
Perform data preprocessing tasks on
2 i. Add attribute ii. Add expression 31
iii. Copy attribute iv. Remove attribute
3 Demonstrate performing classification on data sets 49
Demonstrate performing association rule mining on
* data sets 62
5 Demonstrate performing regression on data sets 78
Demonstrate performing SVM classification on data
° sets 88
7 Demonstrate performing clustering on data sets 96
Demonstrate performing knowledge flow on WEKA 113
ADDITIONAL -EXPERIMENT LIST
SNO Experiment Name Page No
1 FILE FORMATS FOR WEKA 154
2 Perform Data Preprocessing tasks on Data Cleaning & 156
Noisy Data.
3 Demonstrate performing Hierarchal clustering on data 161
sets
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AlM:
i) Downloading and/or installation of WEKA data mining toolkit

Note: if weka installation package don’t have java included in it then compatible version of the
java has to be installed initially as given below.

Step 1: Select appropriate JAVA version (Here we are using:jdk1.8). Operate the executable file
of welcome window to the installation wizard of Development kit ,click next button

#3] Java SE Development Kit 8 Update 91 (64-bit) - Setup pd

Welcome to the Installation Wizard for Java SE Development Kit & Update 91

This wizard will guide you through the installation process for the Java SE Dewvelopment
Kit & Update 91.

The Jawva Mission Control profiling and diagnostics tools suite is now available as part of
the JDK.

Conce

Step 2: Custom setup window to select path and click next.

#28 Java SE Development Kit 8 Update 91 (64-bit) - Custom Setup >

Select optional features to install from the list below. You can change your choice of features after
installation by using the Add/Remove Programs utility in the Control Panel

Feature Description

Jawva SE Dewvelopment Kit 8

Cource Code Update 91 (64-bit), induding the
JavaFX SDK, a private JRE, and

Public JRE the Java Mission Control tools

suite. This will require 180MB on
your hard drive.

Install to:
C:VWProgram Files\Javalidk1.5.0_91% Change...

<oack Cance

Step 3: In the destination folder window we check java file stored location and click next.

Destination Folder

click "change” to install Java to a different folder.

Install ta: Change. .

CPragram FilestJavajrel . 2.0_91

< Back | ot =

Il B.Tech Il Sem Data Mining-Lab GEC




12

Step 4: Installation process completion window is displayed and click close.

#3 Java SE Development Kit & Update 91 (64-bit) - Complete >

Java SE Development Kit 8 Update 91 (64-bit) Successfully Installed

Click Next Steps to access tutorials, API documentation, developer guides, release notes
and more to help you get started with the JDK.

Mext Steps

Close

Weka —Installation:

Go to the Weka website, http://www.cs.waikato.ac.nz/ml/weka/, and download the
software.On the left hand side, click on the link that says download. Select the appropriate link
corresponding to the version of the software based on your operating system and whether or
not you already have Java VM running on your machine.Save the self extracting executable to
the disk and double-click on it to install weka.

Step 1: Welcome setup wizard window is viewed where next button has to be clicked

Lo Weka 2.8.2 Setup J— o

Yelcome o the Weka 3 .85 3 Setup
WWizard

This wizard will guide you through the installation of Weks
3.8.3.

It is recommended that you dose all other applicatons
before starting Setup. This will make it possible to update
relevant system files without having to reboot your
computer.

Click Mext to continue.

=

Step2: In the license agreement window accept the agreement with “I Agree” button.

e Weka 3.8.3 Setup — b

License Agreement
Please rewview the license terms before installing Weka 3.8.3.

Press Page Down to see the rest of the agreement.

GMU GEMERAL PUBLIC LICEMNSE -~
Version 3, 229 Juns 2007

Copyright {C) 2007 Free Software Foundation, Inc. <http://ffsf.orai>
Ewveryone is permitted to copy and distribute wverbatim copies
of this license document, but changing it is not allowed.

Freamble

The GMNU General Public License is a free, copyleft license for
software and other kinds of works. -

If you accept the terms of the agreement, dick I Agree to continue. You must accept the
agreement to install Wweka 3.8.3.

< Back Cancs!
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Step 3: The component window is displayed where the type of installation must be “Full” and

click on next.

& Weka 3.8.3 Setup

Select the type of install:

Or, select the optional
components you wish to
install:

Space reguired: 107.3MB

Check the components you want to install and uncheck the components you don't want to
install. Click Mext to continue.

Choose Components
Choose which features of Weka 3.8.3 you want to install.

Full

Description
Associate Files E

< Back

Cancel

Step 4: In the installation window to select the path where the software loads can be selected
through Browse button to the destination folder and click next button.

3 Weka 3.8.3 Setup

Destination Folder

Setup will install weka 3.8.3 in the following folder. To install in a different folder, dick Browse
and select another folder. Click Mext to continue.

Choose Install Location
Choose the folder in which to install Weka 3.8.3.

Browse...

Space required: 107.3MB
Space available: 354.6GB

< Back

Cancel

Step 5: To add to the list of programs from the start menu check the create shortcut and press

the Install button

) Weka 3.8.3 Setup

5

Select the Start Menu folder in which you would like to create the program's shortcuts. You
can also enter a name to create a new folder.

Choose Start Menu Folder
Choose a Start Menu folder for the Weka 3.8.3 shortouts,

eka 3.8.3

Accessibility
Accessories
Administrative Tools
Adobe

AQMEI Backupper
doPDF 7

Java

Java Development Kit
Macromedia
Maintenance
Microsoft Office

[ Do not create shortcuts

< Back

Install

Cancel
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Step 6: completion of installation is indicated in the window where the next button is selected.

& Weka 3.8.3 Setup -

Installation Complete
Setup was completed successfully.

Completed
Output folder: C:\Program Files (x88)\Weka-3-8 -~

Create shortcut: Cr\Program Files (x868)WWeka-3-8\Weka 3.8.Ink

Create shortcut: Cr\Program Files (x86)WWeka-3-8\Weka 3.8 (with console).Ink

Created uninstaller: C:Program Files {(x86)WWeka-3-8%uninstall.exe

Output folder: C:\ProgramDataWMicrosoft\Windows\Start Menu\ProgramsiWeka 3.8.3
Create shortocut: C:\ProgramData\Microsoft\Wwindows\Start MenuProgramsiWweka 3....
Create shortocut: Ci\ProgramData\Microsoft\wWindows\Start Menu'ProgramsiWeka 3....
Create shortout: C:\ProgramDataMicrosoft\Windows\Start Menu\Programsiweka 3....
Create shortout: Cr\ProgramDataMicrosoftWwindows\Start Menu\Programsiweka 3....
Completed o

= Back Cancel
Step 7: The setup wizard with the start up of Weka is chosen and finish the process.

(a Weka 3.8.3 Setup -

Completing the Weka 3.8.3 Setup
Wizard

Weka 3.8.3 has been installed on your computer.

Click Finish to dose this wizard.

Start Weka

%]
i

0

i

Step 8: An warning window tells about the feature of package manager, click ok.

Weka GUIChooser >

Weka has a package manager that you

can use toinstall many learning schemes and tools.

The package manager can be found under the "Tools™ menu.
|| Do naot show this message again
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Step 9: Weka home page is viewed.

& Weka GUI Chooser

Program Visualization Tools Help

The University
of Waikato

Waikato Envircnment for Knowledge Analysis
Version 3.8.3

{c) 1999 - 2018

The University of Waikato

Hamilton, New Zealand

— O

Applications

Explorer

Experimenter

KnowledgeFlow

Workbench

Simple CLI

Step 10: The installation process is completed fully.

2. Understand the feature of Weka toolkit

15

The Weka GUI Chooser (class weka.gui.GUIChooser) provides a starting point for launching
Weka’s main GUI applications and supporting tools. If one prefers a MDI (“multiple document
interface”) appearance, then this is provided by an alternative launcher called “Main” (class
weka.gui.Main). The GUI Chooser consists of four buttons—one for each of the four major

Weka applications—and four menus.

&3 Weka GUI Chooser

Program Visualization Tools Help

2 WEKA

The University
of Waikato

‘Waikato Envircnment for Knowledge Analysis
Version 2.5.3

{c) 1999 - 2018

The University of Waikato

Hamilton, New Zealand

- a X

Applications

Explorer

Experimenter

KnowledgeFlow

Workbench

Simple CLI
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The buttons can be used to start the following applications:

e Explorer An environment for exploring data with WEKA (the rest of this documentation deals
with this application in more detail).

e Experimenter An environment for performing experiments and conduct ing statistical tests
between learning schemes.

e KnowledgeFlow This environment supports essentially the same functions as the Explorer but
with a drag-and-drop interface. One advantage is that it supports incremental learning.

e SimpleCLl Provides a simple command-line interface that allows direct execution of WEKA
commands for operating systems that do not provide their own command line interface.

The menu consists of four sections:
1. Program

Logwindow  Chrl+L
Mermory usage ChrlHHM

Exit Crl+E

e LogWindow Opens a log window that captures all that is printed to stdout or stderr.
Useful for environments like MS Windows, where WEKA is normally not started from a
terminal.

e Exit Closes WEKA.

2. Visualization

Visualization

Flok CErl+P
ROz Ckrl+R
TreeVisualizer Chrl+T

iaraphtisualizer Crrl+G
BoundaryWisualizer Chrl+B

e Plot For plotting a 2D plot of a dataset.

e ROC Displays a previously saved ROC curve.

e TreeVisualizer For displaying directed graphs, e.g., a decision tree.

e GraphVisualizer Visualizes XML BIF or DOT format graphs, e.g., for Bayesian networks.

e BoundaryVisualizer Allows the visualization of classifier decision boundaries in two

dimensions.
3. Tools
arffiiewer kA
Sqlviewmer Chrl+5

Baves net editor Ctrl+h
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. An MDI application for viewing ARFF files in spread- sheet format.
° Represents an SQL worksheet, for querying databases via JDBC.
. An application for editing, visualizing and learn- ing Bayes nets.
4. Help
-
Weka homepage Chrl+H
HOWTOs, code snippets, ekbc, Chrl+Ww
Weka on Sourceforge Chrl+F
SystemInfo Chrl+I
. Opens a browser window with WEKA’s home-page.
° The general WekaWiki [2], con-taining lots of examples
and HOWTOs around the development and use of WEKA.
. project homepage on Sourceforge.net.
) Lists some internals about the Java/WEKA environment, e.g., the
CLASSPATH.

3. Navigate the options available in the WEKA (ex. Select attributes panel, preprocess panel,
classify panel, cluster panel, associate panel and visualize panel).

Explorer

1. The user interface

1.1 Section Tabs

At the very top of the window, just below the title bar, is a row of tabs. When the Explorer is
first started only the first tab is active; the others are greyed out. This is because it is necessary

to open (and potentially pre-process) a data set before starting to explore the data.
The tabs are as follows:

1. Preprocess. Choose and modify the data being acted on.

2. Classify. Train and test learning schemes that classify or perform regression.

3. Cluster. Learn clusters for the data.

4. Associate. Learn association rules for the data.

5. Select attributes. Select the most relevant attributes in the data.

6. Visualize. View an interactive 2D plot of the data.

1.2 Status Box

The status box appears at the very bottom of the window. It displays messages that keep you
informed about what’s going on. For example, if the Explorer is busy loading a file, the status
box will say that.
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e Memory information. Display in the log box the amount of memory available to WEKA.
e Run garbage collector. Force the Java garbage collector to search for memory that is no
longer needed and free it up, allowing more memory for new tasks. Note that the
garbage collector is constantly running as a background task anyway.
1.3 Log Button
Clicking on this button brings up a separate window containing a scrollable text field. Each line
of text is stamped with the time it was entered into the log. As you perform actions in WEKA,
the log keeps a record of what has happened.
1.4 WEKA Status Icon
To the right of the status box is the WEKA status icon. When no processes are running, the bird
sits down and takes a nap. The number beside the x symbol gives the number of concurrent
processes running.
1.5 Graphical output
Most graphical displays in WEKA, e.g., the Graph Visualizer or the Tree Visualizer, support
saving the output to a file. A dialog for saving the output can be brought up with Alt+Shift+left-
click. Supported formats are currently Windows Bitmap, JPEG, PNG and EPS (encapsulated
Postscript). The dialog also allows you to specify the dimensions of the generated image.

Simple CLI
The Simple CLI provides full access to all Weka classes, i.e., classifiers, filters, clusterers, etc.,
but without the hassle of the CLASSPATH (it facilitates the one, with which Weka was started).
It offers a simple Weka shell with separated command line and output.

=) SimpleCLI

WMelcome to the WERKA SimpleCLI

Enter commands in the textfield at the bottom of
the window. Use the vp and down arrows To nowe
through prewious commatnds.

Command completion for classnames atnd £files is
initiated with <TabX>. In order to discinguaish
between £iles and classnames, £ile names mastc

be either abhsolute or sStartc with '.%' or '~710

(the lattcer is a shorteocut for the home directcory) .
<alt+BackSpace> i3 used for deleting the text

in the commatidline it chunkz=s.

= help

Command mast be one of:
Jawva <classnamel> =—args> [ > £ile]
break
kill
cls
history
exit
help <commarnds=

Commands
The following commands are available in the Simple CLI:
e java <classname> [<args>]

invokes a java class with the given arguments (if any)
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e break stops the current thread, e.g., a running classifier, in a friendly manner.

e Kill stops the current thread in an unfriendly fashion

e cls clears the output area
e exit exits the Simple CLI

e help [<command>] provides an overview of the available commands if without a

command name as argument, otherwise more help on the specified command.

Invocation

In order to invoke a Weka class, one has only to prefix the class with “java”. This command tells
the Simple CLI to load a class and execute it with any given parameters. E.g., the J48 classifier
can be invoked on the iris dataset with the following command:

java weka.classifiers.trees.J48 -t c:/temp/iris.arff

& simplecCLI

50 u] oo a = Irisz-setosa
o a9 1 | b = Iris-wersicolor
u} 2 a3 | c = Iris-wirginica

=== Stratified cross-wvalidation

Correctly Classified Instances
Incorrectly Classified Instances
Kappa statistic

Mean absolute 2EXEor

Foot meat squared error

Felatiwve absolute serror

Foot relatiwe sogquared error
Total Number of Instances

=== Confusion Matrix ===

a h [=d «<—— classified as=s
49 1 0 | a = Iris-=zetosa
a 47 3 | b = TIris-wersicolor
[u} 2 48 | o = Iris-wirginica

144

o oo m

150

-9
035
1555
.&705
33,

5353

\o
d= M
E

Jawva weka.classifiers. tree=s.J45 -

Sdatasiris.arftf

Command redirection

Starting with this version of Weka one can perform a basic redirection:
java weka.classifiers.trees.J48 -t test.arff > j48.txt
Note: the > must be preceded and followed by a space, otherwise it is not recognized as

redirection, but part of another parameter.

WEEK 2:

iv) Study the arff file format

v) Explore the available data sets in WEKA.
vi) Load a data set (ex. Weather dataset, Iris dataset, etc.)
vii) Load each dataset and observe the following:

Il B.Tech Il Sem

Data Mining-Lab

GEC




20

a) List the attribute names and they types

b) Number of records in each dataset

c) Identify the class attribute (if any)

d) Plot histogram

e) Determine the number of records for each class.
f) Visualize the data in various dimensions

iv) Study the arff file format
Attribute-Relation File Format (ARFF)

An ARFF (Attribute-Relation File Format) file is an ASCII text file that describes a list of
instances sharing a set of attributes. ARFF files were developed by the Machine Learning Project
at the Department of Computer Science of The University of Waikato for use with the Weka
machine learning software. This document descibes the version of ARFF used with Weka
versions 3.2 to 3.3; this is an extension of the ARFF format as described in the data mining book
written by lan H. Witten and Eibe Frank (the new additions are string attributes, date attributes,
and sparse instances).

This explanation was cobbled together by Gordon Paynter (gordon.paynter at ucr.edu) from the
Weka 2.1 ARFF description, email from Len Trigg (lenbok at myrealbox.com) and Eibe Frank
(eibe at cs.waikato.ac.nz), and some datasets. It has been edited by Richard Kirkby (rkirkby at
cs.waikato.ac.nz). Contact Len if you're interested in seeing the ARFF 3 proposal.

Overview

ARFF files have two distinct sections. The first section is the Header information, which is
followed the Data information.

The Header of the ARFF file contains the name of the relation, a list of the attributes (the
columns in the data), and their types. An example header on the standard IRIS dataset looks like
this:

% 1. Title: Iris Plants Database

%

% 2. Sources:

%  (a) Creator: R.A. Fisher

%  (b) Donor: Michael Marshall (MARSHALL%PLU@io.arc.nasa.gov)
%  (c) Date: July, 1988

%

@RELATION iris
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@ATTRIBUTE sepallength NUMERIC
@ATTRIBUTE sepalwidth  NUMERIC
@ATTRIBUTE petallength NUMERIC
@ATTRIBUTE petalwidth NUMERIC
@ATTRIBUTE class {Iris-setosa,Iris-versicolor,Iris-virginica}

The Data of the ARFF file looks like the following:

@DATA

5.1,3.5,1.4,0.2,Iris-setosa
4.9,3.0,1.4,0.2,Iris-setosa
4.7,3.2,1.3,0.2,Iris-setosa
4.6,3.1,1.5,0.2,Iris-setosa
5.0,3.6,1.4,0.2,Iris-setosa
5.4,3.9,1.7,0.4,Iris-setosa
4.6,3.4,1.4,0.3,Iris-setosa
5.0,3.4,1.5,0.2,Iris-setosa
4.4,2.9,1.4,0.2,Iris-setosa

4.9,3.1,1.5,0.1,Iris-setosa
Lines that begin with a % are comments. The @RELATION, @ATTRIBUTE and @DATA
declarations are case insensitive.

Examples

Several well-known machine learning datasets are distributed with Weka in the
$WEKAHOME/data directory as ARFF files.

The ARFF Header Section
The ARFF Header section of the file contains the relation declaration and attribute declarations.
The @relation Declaration
The relation name is defined as the first line in the ARFF file. The format is:
@relation <relation-name>

where <relation-name> is a string. The string must be quoted if the name includes spaces.

The @attribute Declarations
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Attribute declarations take the form of an orderd sequence of @attribute statements. Each
attribute in the data set has its own @attribute statement which uniquely defines the name of
that attribute and it's data type. The order the attributes are declared indicates the column position
in the data section of the file. For example, if an attribute is the third one declared then Weka
expects that all that attributes values will be found in the third comma delimited column.

The format for the @attribute statement is:

@attribute <attribute-name> <datatype>

where the <attribute-name> must start with an alphabetic character. If spaces are to be included
in the name then the entire name must be quoted.

The <datatype> can be any of the four types currently (version 3.2.1) supported by Weka:

e numeric
e <nominal-specification>
e string

o date [<date-format>]

where <nominal-specification> and <date-format> are defined below. The keywords numeric,
string and date are case insensitive.

Numeric attributes
Numeric attributes can be real or integer numbers.
Nominal attributes

Nominal values are defined by providing an <nominal-specification> listing the possible values:
{<nominal-namel>, <nominal-name2>, <nominal-name3>, ...}

For example, the class value of the Iris dataset can be defined as follows:

@ATTRIBUTE class {Iris-setosa, Iris-versicolor, Iris-virginica}

Values that contain spaces must be quoted.
String attributes

String attributes allow us to create attributes containing arbitrary textual values. This is very
useful in text-mining applications, as we can create datasets with string attributes, then write
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Weka Filters to manipulate strings (like StringToWordVectorFilter). String attributes are
declared as follows:

@ATTRIBUTE LCC string

Date attributes
Date attribute declarations take the form:

@attribute <name> date [<date-format>]

where <name> is the name for the attribute and <date-format> is an optional string specifying
how date values should be parsed and printed (this is the same format used by
SimpleDateFormat). The default format string accepts the 1SO-8601 combined date and time
format: "yyyy-MM-dd T'HH:mm:ss".

Dates must be specified in the data section as the corresponding string representations of the
date/time (see example below).

ARFF Data Section
The ARFF Data section of the file contains the data declaration line and the actual instance lines.
The @data Declaration

The @data declaration is a single line denoting the start of the data segment in the file. The
format is:

@data

The instance data

Each instance is represented on a single line, with carriage returns denoting the end of the
instance.

Attribute values for each instance are delimited by commas. They must appear in the order that
they were declared in the header section (i.e. the data corresponding to the nth @attribute

declaration is always the nth field of the attribute).

Missing values are represented by a single question mark, as in:
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@data
4.4?1.5,? Iris-setosa

24

Values of string and nominal attributes are case sensitive, and any that contain space must be

quoted, as follows:

@relation LCCvsLCSH

@attribute LCC string
@attribute LCSH string

@data

AGb5, 'Encyclopedias and dictionaries.; Twentieth century.'
AS262, 'Science -- Soviet Union -- History.'

AE5, 'Encyclopedias and dictionaries.'

AS281, 'Astronomy, Assyro-Babylonian.;Moon -- Phases.'

AS281, 'Astronomy, Assyro-Babylonian.;Moon -- Tables.'

Dates must be specified in the data section using the string representation specified in the

attribute declaration. For example:

@RELATION Timestamps

@ATTRIBUTE timestamp DATE "yyyy-MM-dd HH:mm:ss"
@DATA

"2001-04-03 12:12:12"

"2001-05-03 12:59:55"

Sparse ARFF files

Sparse ARFF files are very similar to ARFF files, but data with value 0 are not be explicitly

represented.

Sparse ARFF files have the same header (i.e @relation and @attribute tags) but the data

section is different. Instead of representing each value in order, like this:

@data
0,X,0,Y, "class A"
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0,0, W, D0, “class B"

the non-zero attributes are explicitly identified by attribute number and their value stated, like
this:

@data

{1X,3Y,4"class A"}

{2 W, 4 "class B"}

Each instance is surrounded by curly braces, and the format for each entry is: <index> <space>
<value> where index is the attribute index (starting from 0).

Note that the omitted values in a sparse instance are 0, they are not "missing™ values! If a value is
unknown, you must explicitly represent it with a question mark (?).

Warning: There is a known problem saving Sparselnstance objects from datasets that have
string attributes. In Weka, string and nominal data values are stored as numbers; these numbers
act as indexes into an array of possible attribute values (this is very efficient). However, the first
string value is assigned index 0: this means that, internally, this value is stored as a 0. When a
Sparselnstance is written, string instances with internal value O are not output, so their string
value is lost (and when the arff file is read again, the default value 0 is the index of a different
string value, so the attribute value appears to change). To get around this problem, add a dummy
string value at index O that is never used whenever you declare string attributes that are likely to
be used in Sparselnstance objects and saved as Sparse ARFF files.

v) Explore the available data sets in WEKA.
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& Open =

LookIn: |[iF data TJ [@J[@J[JI || &l

i

|| airline.arff | ReutersCorn-test.arff L Invoke options dialog
| breast-cancer.arff __| ReutersCorn-train.arff
| contact-lenses.arff __| ReutersGrain-test.arff Mote:
L cpu.arft || ReutersGrain-train.arff Some file formats offer additional
| cpuwith.vendaor.arff || segment-challenge.arff | gptions which can be customized
|| credit-g.arff || segment-test arff when invoking the options dialog.
| diabetes.arff | soybean.arf
|| glass.arff || supermarketarf
| hypothyroid.adT .| unbalanced.arf
|| ionosphere.anf | vote.arf
| iris.2D.arf || weather.nominal.arf
| iris.arf __| weather.numeric.arf
| labar.arf
File Mame: C\Program FilesWeka-3-8\data
Files of Type: | All Files v

[ Open J |_ Cancel J

vi) Load a data set (ex. Weather dataset, Iris dataset, etc.)

& Weka Explorer — [m] >

J Preprocess | Classify | Cluster | Associate | Selectattributes | Visualize |

l Open file J L Open L Discover association rules 3. J L Generate J l Undo J l Edit J L Save J
Filter
Choose |InterguartileRange -R first-last-0 3.0 -E 6.0 Apply
Current relation _ Selected attribute
Relation: weather.symbolic Aftributes: 5 Name: outlook Type: Neminal
Instances: 14 Sum of weights: 14 Missing: 0 (0%) Distinct: 3 Unique: 0 (0%}
Attributes No. | Label | count | weight |
[ N 1 sunny 5 5.0
2 overcast 4 40
[ Al ] None ] Invert | [ Patem | 3 rainy s s0
Mo. | | Name |

2 [ temperature

3 [ humidity
4[] windy
5

| class: play (Nom) v“ Vvisualize All |

[ 5
- - -
1 Log e %0

Status

oK
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& Viewer =

Relation: weather.symbolic

1: outlook 2 temperature 3. humidity 4. windy 5. play

riomeinal rMMominal rMMominal rMominal Mombinal
| SunMny hot high FALSE no
2 sSunny hot high TRUE no
=2 overcast hot high FALSE ves
4 rainy rmild high FAalLSE vyes
5 rainmy ool normal FALSE ves
] rainmy ool normal TRUE no
- overcast cool marral TRUE =X=
=] SunMny mild high FALSE no
9 SunMny ool normal FALSE ves
10 rainmy mild normal FALSE ves
11 SunMny mild normal TRUE ves
12 owvercast rmild high TRIUE ves
1= overcast hot normal FALSE ves
14 rainy mild high TRIUE no
L Add instance J Uindo L Crisl J L Cancel J
&) Weka Explorer - [m] X
Preprocess | Classify | Cluster | Associate [ Select attributes T Visualize }
[ Openfile... ] | OpenURL J L Open DB... J L Generate. J L Undo J L Edit J L Save... |
Filter
| Choose ”ImerquanileRanue -RAfirstlast-0 3.0-E6.0 ‘ Apply | Siop
Current relation Selected attribute
Relation: iris Attributes: 5 Name: sepallength Type: Numeric
Instances: 150 Sum of weights: 150 Missing: 0 (0%) Distinct: 35 Unique: 9 (6%)
Attributes Stafistic | value
Minimum 43
L All J L None J L Invert || Patem | ;jzsggwum ;:43
StdDev 0828
1 1
iH :E‘"::‘;‘t:‘ | Crass: dass inom) 7| visualize A1 |
4[] petalwidth
5[ | class

2

Status B

oK Log ’W‘ x0

0
0
£y
T
L
it
i
5
0
T
1
!
]
]
]
]
-
5
E
1
]
]
L
¢
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7
0
fi
]
0
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|dddddddididdddiddddddddddiddddidsddadt
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vii) Load each dataset and observe the following:
a) List the attribute names and they types
b) Number of records in each dataset
c) Identify the class attribute (if any)
d) Plot histogram

e) Determine the number of records for each class.

f) Visualize the data in various dimensions

2 || temperature
3 || humidity

4 [ | windy

5[] play

Class: play (Nom)

& Weka Explorer — O Y
J Preprocess T Classify I Cluster TAssociate T Select attributes I Visualize }
[ Open file... J [ Open URL... J [ Open DB... J [ Generate... J { Edit... J [ Save... J
Filter
Choose ||None Apply
Current relation ~ Selected attribute
Relation: weather.symbolic Aftributes: 5 Mame: outlook Type: Nominal
Instances: 14 Sum of weights: 14 Missing: 0 (0%) Distinct 3 Unique: 0({0%)
Attributes No | Label | Count | Weight
[ 1 1 sunny 5 5.0
2 overcast 4 4.0
L All | L None | L Invert J L Pattern | 2 rainy 5 5.0
Mo. || Name |

v|| visualize A |
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d) Plot histogram:

29

o All attributes

preg plas

S5 3 6 3 37 0 1101

pres

T
423

||

1 [
246 i

class

500

3386

e) Determine the number of records for each class.

4 [ | windy

l Remove J

Status

oK

& Weka Explorer - [m| X
_[ Preprocess | Classiy | Cluster | Associate | Select atirioutes | visuaiize |
l Openfile... J l Open URL... j l Open DB... J { Generate... J Indo l Edit... J l Save... J
Filter
Choose |None Apply
Current relation Selected attribute
Relation: weather. symbalic Attributes: 5 Mame: play Type: Mominal
Instances: 14 Sum of weights: 14 Missing: 0 (0%) Distinct: 2 Unigue: 0 (0%)
Attributes Mo, | Label | Count | Weight
i 1 vyes 9 9.0
2 no 5 50
l All J l Mone J { Invert J l Pattern J
Mo. | | Mame |
1| outlook — . .
2 [ temperature |C\ass‘ play (Mam) 'Jl Visualize All J
3 || humidity

Log

-~
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f) Visualize the data in various dimensions

30

& Weka Explorer

J Preprocess | Classty | Cluster | Associate | Selectatrioutes | visuaize |

l Openfile... | l Open URL... | l Open DB... | { Generate...

Filter

Choose |None

Current relation Selected attribute

Relation: pima_diabetes
Instances: 768

Aftributes: 9
Sum of weights: 768

Mame: insu
Missing: 0 (0%)

Attributes Statistic

l Edit...

| l Save...

Distinct 186

| Value

Apply |

Type: Numeric
Unique: 93 (12%)

Minimum
Maximum
Pattern Mean

StdDev

l All | l Mone | { Invert | l

Mo. | | Mame |

1L preg
2 || plas
3] pres
4 ] skin

| Class: insu (Mum)

0

846
79.799
115244

¥|| visualize an |

6 |_| mass
7 pedi
8|_| age
9| | dass

l Remove

Status
OK

VIVA-QUESTIONS

WEKA Stands for

ARFF Stands for

CSV Stands for

Present Version of WEKA Software?

ok e

8.
9.

Which of the following is not a DATA Mining Software ?
A. WEKA  B.SPSS C. Orange

Which of the following is not a Data Type in Weka ?

A. Numeric B. String C. Date

Which of the following is not a support files in Weka ?

A. ARFF B. CSV C..cpp

The full form of KDD is

Data Mining helps in

D. Cogno’s

D. Real

10. Extreme values that occur infrequently are called as
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EXP2: Perform data preprocessing tasks on

i.Add attribute

ii. Add expression iii. Copy attribute

Filters

31

iv. Remove attribute

Step-1: - Go to start button then select All Programs and then select weka 3.8.3

Click on Explorer

£ Weka Explorer

& Weka GUI Chooser

Program Visualization Tools Help

- O X

'WEKA

The University
of Waikato

Waikato Environment for Knowledge Analysis
Version 3.8.3

(o) 1999 - 2018

The University of Waikato

Hamilton, New Zealand

Applications

Explorer

Experimenter

KnowledgeFlow

Workbench

Simple CLI

Preprocess |CIassiFy Cluster || Associate | Select attributes || Visualize
[ Open file. .. ] [ Open URL. .. ] [ Open DE... ] [ Edit... ] [ Save... ]
Filter
Add -M unnarmed -C last Apply
Current relation Selected attribute
Relation: STUDEMT Mame: SMO Type: Mumeric
Instances: 5 Attributes: 3 Missing: 0 {0%:) Distinck: 5 Unique: 5 (100%:)
Attributes Statiskic Walue
Minirnrm 1
[ All ] [ Mone ] [ Invert Maxirnurn 5
Mean 3
Mo. Mame StdDew 1.581
2 SMAME
EmE
Class: SAL (Mum) - |[ Yisualize all ]
4
[ Remove
T
1 ] ]
Skatus
oK Log w. x0
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To open the required file

32

Look in:

B

My Recent
Documents

My Mekbwork,
Flaces

|[E| WK A

= emp.arff

B ctudent1.arff
= ztudentz, arff
B ctudent3, arff
B ctudents, arff

File nare: | sku, arff

L

open ]

Files of type:

| ArfF data Files

]

Cancel

ADD ATTRIBUTE

Step-2: - Go to preprocess menu and choose then select attribute of Add option.

< Weka Exploren

Preprocess |Classify Cluster | Associate | Select attributes | Wisualize
[ Open file... ] ’ Open URL. .. ] [ Open DE... Edit... ] ’ Save... ]
Filcer
Add -M unnarmed -C last Apply
Current relation Selected attribute
Relation: STIDEMT Marne: SNO Type: Murneric
Instances: 5 Attributes: 3 Missing: 0 (0%} Distinct: 5 Unique: 5 (100%:)
Attributes Skatiskic ‘alue
Tinimum 1
Al ] [ Mo ] [ Irevert Maximum 5
Mean K]
Ma. Mame StdDew 1.581
2|L_|SMAME
3[C]5aL
Class: SaAL (Mum) - ” ‘isualize Al
k)
Remove
T
1 2 5
Skatus
ok Log w. x0
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Information _
)

MNAME
weka.filters. ansupervised.atctcrilbutce ., Add

STYHMOPSIS
An dinstance Lilter that adds 3 new attrilbute
to the dataset. The new attributce will

contain all missing wvalues.

QP TICONS

attributeIndex —— The position (starting from
1) where the attribute will khe inserted
[first and last are walid indices) .

attributellsatne —— St the new attribute!'s
ame .
nominallLakbels —— The list of walues lakbels -

Step-3: -To enter the required fields is added to table.

weka.pui.GenericObjectEditor

weka. filkers, unsupervised, attribute, Add
About

An instance filter that adds a new attribute to the dataset.

attributeIndes | Firsk| |

attributeManne | regno |

nominallabels | |

[ Cpen. .. ] [ Save... ] [ Ok ] [ Cancel ]

Click on ok button

Weka Explorer

Preprocess |C|assiFy Zluskter || Associake | Select attributes || Wisualize

[ Open Fils. .. ] [ Open URL. .. ] [ Open DE... ] [ Undo ] [ Edit... ] [ Save... ]
Filter
[ Chooee Jndd -n reana -c frsr Fopiy
Current relation Selected attribute
Relation: STUDENT-weka.filkers .unsupervised. attribute. Add-Mregno-. .. Mame: regno Type: Mumeric
Instances: 5 Attributes: + Missing: S {100%3 Diskinet: O Unique: O {0%s)
Attributes Statistic walue
rinimu m rdar
I all i rone i Irvert | Mairmum skl
Mean rdar
Ma. Mame StdDew s
z[Csho
3 |[ClsMAaME
4[IsaL Class: SAL (MU ~ |[ wisualize all ]
[ Remowe ]
T T d
MNa M MNa M MNa M

Skatus

oK Log w, =0

Click on Apply button.
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R elation: STLDERT-vueka . Filkers .unsupervised. akktribuke . Sdd-Fregrno-—Firsk
o, reano Srac SHLARE S
MHumeric | MHomeric Skrimg NHormeric
1 1.0CEEPTHI 1o00.0
= =Z.0|SIRI Z0ooo.o
= =.0|RaaT “0o0o0.0
<+ 4.OLAaKS. .. ===y =]
= S.0PR&S. .. sSooo.0

[FhHahe click Cor IsFE+SIE) For conksxk meru |

[ ok ] [ ==rnc= ]

Step-4: - if the index position is last to enter the fields

weka.pui.GenericObjectEditor

weka, filkers, unsupervised, atkribute , Add
About

An instance filter that adds a new attribute to the dataset.

atkributeInde:x | last |

attributerMame | awg |

rnominalLabels | | Set the new attribute's nar

[ Cpen. .. ] [ Save... ] [ Ok ] [ Cancel ]

Click on Ok button.

< Weka Explorer

Preprocess | Classify || Cluster | Associake | Select attributes | Wisualize
[ Cpen File. .. ] [ Open URL. .. ] [ COpen DE... ] [ Undo ] [ Edit... ] [ SaVE. .. ]
Filter
Current relation Selected atkribuke
Relation: STUDEMT-weka. filters unsupervised. attribute. Add-Mregno-. .. Mame: regno Type: Mumeric
Insktances: S Attributes: S Missing: 5 (100%:) Distimct: 0 Unigque: 0O (0%
Akkributes Skatistic Walue
Minimurm WER
[ Al | [ Mone | [ Invert | [maxmom Tian
Mean Mar
Mo. Mame StdDew Mal
z|[ 5o
3| 1SNAME
il = Sl |Class: avg {Mum) -~ |[ Yisualize all ]
S|_java
[ Remove o
P T i
HaM HaM HaM
Skakus
oK Log # x0

Click on Apply button.

Il B.Tech Il Sem Data Mining-Lab

34

GEC




35

Felation: STUDEMT-weka. Filkers, unsupervised. attribute, Add-Mreano-CFirst-weka. filters . uns. ..

Mo, reqno SO SMAME SaL avqg
Murneric | MMumeric | String FHurneric | MHurmeric
1 1.0|DEEFPTHI 1000.0
= =.0(5IRI z000.0
3 3.0RAIL 4000.0
4 4.0|LAaKS. .. s000.0
=1 S5.0PRAS... S000.0

Click on ok button.
Step-5: -if the index position is middle

weka.gui.GenericObjectEditor

wieka. Filkers, unsupervised. atkribute  Add

About

AR instance filter that adds a new attribute to the dataset.

atkributelnde:x | 4

attributeMame | maz sall

nominalLabels |

[ Qpen, .. ] [ Save... ] [ QK ] [

Cancel

Click on ok button.

=2 Weka Explorer

Preprocess | Classify || Cluster || Associate | Select attributes || wisualize
[ Open File. .. ] [ Open URL. .. ] [ Open DB... ] [ Undo ] [ Edit... ] [ Save... ]
Filter
Current relation Selected attribute
Relation: STUDEMT-weka.filkers . unsupervised, attribube, Add-MNawvg-Cla. .. Mame: regno Type: Mumeric
Instances: S Attribubes: & Missing: S (100%:) Diskinck: O Unique: O {0%:)
Attributes Statiskic wWalue
PAinimum Mar
I Al ] [ Mone ] Irrvert | [Maimom riard
Mean Mal
1
Fo. FMarne Inverts the current attribute selection | Mar
Z|[5Mo ‘
3|[]sMaME
2L Jmax sal [Class: ava frum) [ visualze st
s|[ClsaL
& Java
[ Remove ] 0
han Hat Hat
Skatus
@z Log # 0
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Click on Apply button.
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Felation: STUDEMT-weka. filters.unsupervised, attribute, Add-Mavg-Clast-weka.Filkers.unsup. ..

[Mo. | reqno SO | SMAME | ‘max sal SaL avqg
Murneric | Murneric | Skring Murneric | Mumeric | Mumeric
1 1.0(DEEPTHI 1000.0
z Z.0/5IRI 2000.0
3 3.0RAI 4000.0
4 4.0[Laks... 3000.0
S S.0PRAS... S000.0

[ (]9 ][ Zancel

Click on ok button.

Step-6: - click on choose button and then select AddExpression option.

£ Weka Explorer

Add Expression

Freprocess |CIassiFy Cluster | Associabe | Select attributes | Wisualize

[ Open file. .. ] [ Open URL. .. ] [ Open DE... ] [ Undo ] [ Edit... ] [ Save... ]
Filter
AddExpressinn -E a1--2 -M expression Apply
Current relation Selected attribute
Relation: STUDEMT-weka.fiters. unsupervised, attribute, Add-Mawvg-Cla. .. Mame: regno Twpe: Mumeric
Instances: 5 Attributes: & Missing: 0 {0%:) Distinck: 5 Unique: 5 (100%:)
Attributes Statiskic Walue
Flinirmum 12
[ all ] [ Mone ] [ Invert ] Maximum 16
Mean 14
M. Mame StdDew 1.581
ARETE
3|[J5HaME
il I LI sal |Class: avg [Mum) -~ |[ Yisualize all ]
5[J5aL
& Javg
5
[ Remove
T
12 14 16
Skatus
(o]

Log #, x 0
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< Information

NAME
weka.filters.unsupervised.attribute. idd

SYNOPSISE

Ly instance filter that adds a new attribute

to the dataset., The new attribute will
contain all wissing values.

OPTICHS

attributeIndex —- The position (starting from

1) where the attribute will he inserted
[fir=st and last are valid indices).

attributelName —-- S3et tLhe new attribute's
nare .

nominallabels —— The list of waluese labels

< Weka Exploren

COX)

Preprocess | Classify || Cluster | Associake | Select attributes || Wisualize
[ COpen file. .. ] [ Open URL,., ] [ Open DE... ] [ Undo ] [ Edit... ] [ Save,., ]
Filter
AddEHpression -E a4+a5 -N addtion Apphy
Current relation Selected attribute
Relation: STUDENT-weka,filkers unsupervised, attribute, Add-Mavg-Cla. .. Mame: regno Tvpe: Mumeric
Instances: 5 Attributes: 7 Missing: 0 (0%} Distinct: 5 Unique: 5 (100%:)
Attributes Skatiskic Walue
inimum 1z
[ all ] [ Mane ] [ Invert ] Ilaximum 16
Mean 14
Mo, Mame StdDew 1.581
2| ]5ho
3| |SMAME
4 L max =4l |Class: addtion {Murm) - ” ‘isualize Al
5[ ]5AL
6 Javg
7|[Jaddtion 5
Remove
T
12 14 16
Skatus
ok Log w, x0
Click on Apply option.
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Felation: STUDEMT-weka.filters,unsupervised, attribute, fdd-Mavg-Clast-weka, filkers . unsup. ..

Mo, | regno SMNO | SMAME | 'max sal' | SAL avg | addtion
Murneric | Mumeric | String | Mumeric | Mumeric | Momeric | Murmeric

1 12.0 1.0[DEEPTHI| 2000.0 10000 10.2 3000.0

2 13.0 2.0/5IRI 4000,0{ 2000.0 12.2 £000.0

3 14.0 3.0[RAII &000,0{ 4000.0 13.,3] 100000

4 15.0 4.0|LAKS, .. &000,0f  3000.0 14.2 Q0000

= 16.0 S.0(PRAS,.. | 10000,0) S000.0 15000.0

[ Ok H Cancel ]

Click on ok button.

< Weka Exploren

Preprocess |Classify Cluster | Associate | Select attributes | Wisualize

CEX

GEC

[ Open file... ] ’ Open URL. .. ] [ Open DE... ] ’ Undo ] [ Edit... ] ’ Save... ]
Filcer
AddEHpression -E a4-a5 -M subtraction Apply
Current relation Selected attribute
Relation: STUDEMT-weka. filters.unsupervised, attribute, Add-Mavg-Cla... Marme: regno Type: Murmetic
Instances: 5 Attributes: & Missing: 0 (0%} Distinct: 5 Unique: 5 (100%:)
Attributes Skatiskic ‘alue
Tinimum 12
[ Al ] [ Mo ] [ Irevert ] Taximum 16
Mean 14
Ma. Mame StdDey 1.581
R ETs]
3| ]snamE
4 L max sal |Class: subtraction {hum) - ” ‘isualize Al
5[ ]sal
6 Javg
7|[Jaddtion 5
3|[_]subtraction
Remove
T
12 14 16
Skatus
ok Log w. x0
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COPY

Step-7: - Click on choose button and then select copy option.

< Weka Explorer |Z| |E| rgl

Preprocess | Classify || Cluster | Associake | Select attributes || Wisualize
[ COpen file. .. ] [ Open URL,., ] [ Open DE... ] [ Undo ] [ Edit... ] [ Save,., ]
Filter
Current relation Selected attribute
Relation: STUDENT-weka,filkers unsupervised, attribute, Add-Mavg-Cla. .. Mame: regno Tvpe: Mumeric
Instances: 5 Attributes: & Missing: 0 (0%} Distinct: 5 Unique: 5 (100%:)
Attributes Skatiskic Walue
inimum 1z
[ all ] [ Mane ] [ Invert ] Ilaximum 16
Mean 14
Mo, Mame StdDew 1.581
2| ]5ho
3| |SMAME
4 L max =4l |Class: subtraction {hum) - ” ‘isualize Al
5[ ]5AL
6 Javg
7|[Jaddtion 5
3| ]subtraction
Remove
T
12 14 16
Skatus
K

< |nformation

conjunction with other filters that overwrite
attrilbute values during the course of their
operation —- this filter allows the original
attributes to be kept az well azs the new
attributes.

COPTICNS

attributeIndices —- Specify range of
attributes to act on. This is a comma
separated list of attribute indices, with
Ffirst™ and "last"™ wvalid wvalues. Specify an
inelusive range with -, E.g:
"first-3,5,6-10, last™.

invertielection —-- 3ets copy selected vs
unselected action. If set to false, only the

specified attributes will be copied; If set
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If the index place is any

weka.gui.GenericObjectEditor

weka.filkers, unsupervised, atktribute, Copy

About

An instance filter that copies a range of attributes in the
dataset.

attributelndices | Fir k| |

invertSelection | False w |

[ Qpen... ] [ Save. .. ] [ O ] [ Zancel ]

Click on ok button.

Weka Explorer

Preprocess | Classify || Cluster || associate || Select attributes || visualize

[ Spen Fils ][ Spen URL. 10 Spen B ][ U 10 Edie.. ][ e ]
Filter
[chosse Jcony = res Are
urrent relation Selected attribute
Relstion: STUDEMT-weka. filters .unsupervised . attribute. Add-Mava-Cl. .. Mame: regno Twpe: Murmeric
Instances: S Artributes: = Missing: O (o=} Distince: S Unique: S (100%%)
Arkributes Stakistic walue
Flimirnu 1=
[ anll JHl rMone JHl Ireert ] Flasirmurm |1e
Fean 14
Mo, Marme StdDew [1.s81
El [ ==
= []srAME
4 [ e sal
e |class: copy of regre crumm ~ |[visaslize an_|
&[=va
= [addtion s
5| Jsubtraction
S|[JSopw of reanc

[ Remove ]
= A "

e

ox Lo | g <O

Click On ok button.

Felation: STUDERT-veska. filters. unsuperwvised . atkribute . Add-Flawvg-Clast-veeka. Filker=s.unsup. . .

Sho SHAME | 'max sal' Sal awvg addtion | subktraction | Copy of regno
Murneric | String MHurneric rHurneric | Mumeric | Mumeric MHurneric HUmeric

0 1.0/CEEFTHI Z000.0 1000.0 10.= 0000 1000.0 1z.0
o =.0|SIRT <to00.0 Z000.0 1=.= &O00.0 Z000.0 1=.0
N S.0|RAaJ1 a00o.0 “400o.0 15.3| 10000.0 =Z000.0 1.0
O +4.0|LAakKS. .. So00.0 S0o0oo.0 14.=2 [S000.0 So00.0 1S.0
0 S.OPR&S... 100000 Soo0.0 1S000.0 Sooo.0 1.0
< >

[ ox ][ cancel ]

Click on ok button.
If the last position.
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weka.pgui.GenericObjectEditor

weka.filters, unsupervised. atkribute , Copy

About

An instance filter that copies a range of attributes in the
dataset.

attributeIndices | lask |

invertSelection | False w |

[ Open. .. ] [ Save. .. ] [ (o] 4 ] [ Zancel ]

Click on ok button.

£ Weka Explorer

Preprocess |ClassiFy Cluster | Associate | Select attributes | Wisualize

[ Cpen file. .. ] [ Open LRL... ] [ Open DE... ] [ Undo ] [ Edit... ] [ Save... ]
Filter
Current relation Selected attribute
Relation: STUDEMT-weka. filters unsupervised, attribute, Add-Mawvg-Cla. .. Mame: regno Twpe: Mumeric
Instances: 5 Attributes: 10 Missing: 0 {0%:) Distinck: 5 Unique: 5 (100%:)
Attributes Statiskic Walue
Minirnurm 12
[ all ] [ Mone ] [ Invert ] Maximum 16
Mean 14
Mo, Mame StdDew 1.581
HREE
3|[J5HaME
4| ]'max sal —
= f ol |Class. Copy of Copy of regno {Mum) - |[ Yisualize All ]
& Javg
7 |[Jaddtion 5
3| Jsubtraction
9| JCopy of regno
10| JCopy of Copy of regno

[ Remove

Skatus
oK

Click on Apply option.

Relation: S TUDEMT -—wweka. Filbers . unsupervised . attribute .. Add-MHava-Clast—veska. Filters. unsup. . .
= rac SraaraE | ‘mas salt Sal awa addrion | subtracrion | Copw of reano | Cop
rasric | Strimg MUra=eric Furaeric | Muraeric | MHomeric HUraeric ruraeric
1.0|CEEPTHI =0o0.0 1000.0 10.= S000.0 1000.0 1=.0
=.0|SIRT EY=T=T=Jye=] E==T=J=] 1=.= [EX=T=T=J=] E=I=T=1=] 1=.0
S.0|RAaJT [E=[=I=J=] 40000 1=.=| 10000.0 =Z0ooo.0 1.0
4. 0lLaKs. .. s000. 0 Soo0.0 1.2 Soo0. 0 S0o0.0 is.0
S.0PRAS... 10000.0 Soo0.0 1s000.0 soo0.o 16.0
-< | >
== | [ canc=l |
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Click on ok button.

If the index position is specified.

< weka. gui.GenericObjectEditor,

vaeka.filkers, unsupervised. attribute, Copy

Ahbouk

Aninstance filter that copies a range of atttibutes in the
dataset.

attributelndices | g

imvertSelection | False

[ open... ] [ Save... ] [ Ok l [

Cancel

Click on ok button.

< Weka Exploren

Preprocess | Classify || Cluster | Associake | Select attributes || Wisualize
[ COpen file. .. ] [ Open URL,., ] [ Open DE... ] [ Undo ] [ Edit... ] [ Save,., ]
Filter
Current relation Selected attribute
Relation: STUDENT-weka,filkers unsupervised, attribute, Add-Mavg-Cla. .. Mame: regno Tvpe: Mumeric
Instances: 5 Attributes: 11 Missing: 0 (0%} Distinct: 5 Unique: 5 (100%:)
Attributes Skatiskic Walue
inimum 1z
[ all ] [ Mane ] [ Invert ] Ilaximum 16
Mean 14
Mo, Mame StdDew 1.581
2| ]5ho
3| |SMAME
4 L max sal |Class: Copy of SAL {Mum) v ” Wisualize Al
5[ ]5AL
6 Javg
7|[Jaddtion 5
3| ]subtraction
3| ]Copy of regna
10(_|Copy of Copy of regno
11{]Copy of SAL
Remove
T
12 14 16
Skatus
ok Log W x0
Click on Apply option.
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Felation: STUDEMRT -vweka.Filbers.unsupervised. attribute., Aadd-MHawva-<last-veeka. Filters. unsuper vised. attribute. Add-MNregno-<Firsk-veeka Fil ...
L= regro p= i L) SrlariaE frace =alt saL awa addtion subktraction Copy of regno Copy of Copye Copy of San
oo || sommerns || St || s | | soammeses | | sommwesie || S| | Serns e i e R

1 i=.0 1.0|DEEFTHT Zoo0.0|  1000.0 10.2| =ooo.0 1000.0 i=.0 1=.0 1o00.0
= is.0 ENIET “o00.0| =ooo.o iz.2| sooo.o Zooo.o iz.0 is.0 Zooo.o
E 140 ENCIErE soo0.0|  =ooo.o 15.5[ 1ooo0o0.0 Zooo.0 it.0 140 “oo0.0
S is.o S olLaks. .. Eo00.0|  =000.0 i%.=| oooo.o So00. 0 is.0 is.o =o00.0
= 16.0 S.olPRras. .. ioo00.0|  sooo.o isoo0.0 Sooo.0 16.0 16.0 Sooo0.o
[ ox ][ <arcet |

Click on ok button.

If the index position range.

welka.gui. GenericObjectE

weka. Filkers .unsupervised. aktribute . Copy
About

Aninstance filter that copies a range of atiribute s in the
dataset.

atkributeIndices | 5-5 |

invertSelection |False |SpeciFy range of attributes t

[ orn.  J[ 5w J[__ox [ conce ]I

Click on ok button.

Weka Explorer

Preprocess | Classify || Cluster | Assaociate | Select attributes | visualize

[ open File. .. ] [ Open URL. .. ] [ Open DB... ] [ Undo ] [ Edit... ] [ Save... ]
Filter
Current relation Selected attribute
Relation: STUDEMT-weka. filters unsupervised, attribute, Add-Mavg-Cla. .. Mame: regno Twpe: Mumetic
Inskances: 5 Attributes: 15 Missirg: 0 {0%:) Distinck: 5 Unigue: 5 {100%:)
Aktributes Statistic Yalue
Flinirmum 1z
[ Al il Mone il Invert Maxirum 16
Mean 14
Ma. Marme StdDew 1.5581
4 : "max sal' has
BmEN
6| Java
7 |[_Jaddtion Class: Copy of subkraction {hum} Ers |[ Wisualize All ]
5| |subtraction

2|[|<opy of regno
10| JCopy of Copy of regno 5
11| JCopy of SaL
12| JCopy of SaL
13| JCopy of avag
14| JCopy of addtion

<

15| JCopy of subtraction
[ Remove
T
12 14 16
Skatus
oK
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Click on Apply option.

Relation: STUDEMT-weka. Filters . unsupervised, atktribute, Add-Mawvg-Clast-weka. Filkers. unsup. . .

E | 'max sal' SaL awvg addtion | subtraction | Copw of regno | Copy of Copyw of re
3 Furneric FMurneric | Murmeric | Mureric FMurneric FMurneric Fureric
HI =000.0 1000.0 10.2 S000.0 1000.0 1z.0
=000.0 =000.0 1z2.2 s000,.0 Z000.0 13.0
SO00.0  4000.0 13,3 10000.0 2000.0 14.0
s000,.0 S000.0 14.2 S000,.0 F000.0 15.0
10000.0 Soo0.0 15000.0 SO00.0 1&.0
< | >
[ Ok ] [ Cancel ]

Click on ok button.

REMOVE

Step-8:- Click on choose button and then select Remove option

£ Weka Explorer

Freprocess |CIassiFy Cluster | Associate | Select attributes | visualize

EBX

[ Open File. .. ] [ ©Open URL. ..

J

Cpen DE..

] [ Undao ] [

Edit... il Save...

Filter

Choose  |[Remove

Current relation

Relation: STUDEMT-weka. fiters. unsupervised. attribute. Add-Mawvg-Cla. ..

Selected attribuke

Marne: regno

Twpe: Murneric

Instances: S Attributes: 15 Missing: O (0%:) Distinck: 5 Unique: 5 {100%:)
Attributes Skatiskic Walue
Finirmum 12
[ all ] [ Mone ] [ Irvvert Maxirnurm 16
Mean 14
Mo, Marne StdDew 1.581
4| ]'max sal 25
S[C]saL
6| Javg
7 ; addtion Class: Copy of subkrackion (Mum} - |[ Yisualize Al ]
3| Jsubkraction
2] opy of regno
10| |Copy of Copy of regno 5
11| Copy of SAL
12| |Copy of SAL
13 |Copy of awvg
14| Copy of addtion B
15| ]<opy of subtraction w
[ Remove
12 14 15
Skatus
(0.4

Il B.Tech Il Sem

Data Mining-Lab

44

GEC




Information |
~

NALME —
weka.filters.. unsupervwised.attribute .. Remowe
SYNORPS IS
Al dinstance £ilter that remowes & rancgs of
attributes from the dataset.
COPTICHS
attributeIndices —— Specifvy range of
attcributes to act on. Thi=s i=s a comma
separated li=st of attribute indice=s, with
Frfirst™ and "last"™ wvalid wvalues. Specify an
inclusiwve range with -, E.g: =
Ffirst—-3,5,6—10, last ™.
inwvertielection —— Determines whether action
iz to select or delete. ILf =set Lo LTrue, only -

If the index position is first.

welka.gui. GenericObjectE

weka. Filkers .unsupervised. attribute . Remove

About

An instance filter that rermoves a range of attributes from the

dataszet.

atkributeIndices | Firsk |

invertSeleckion | False v |

[ open... ] [ Save... ] [ (04 ] [ Cancel ]

Click on ok button.

Weka Explorer

Preprocess |C|assiFy Cluster | Associake | Seleck attributes | Wisualize

[ Open File. .. ] Open URL... ][ Open DB... ] Undo ][ Edit... ] Save... |
Filter
Remave R first Apely
Current relation Selecked attribute
Relation: STUDEMT-weka. filters.unsupervised. attribute, Add-Mawvg-cCl... Mame: SHO Twpe: Mumeric
Instances: S Attributes: 14 Missing: O (0%} Distinck: 5 Unique: 5 {100%:)
Attributes Statistic walue
linirnrn 1
[ all ] [ Mone ] [ Inveert ] Maxirnum &l
Mean E]
Mo. Mame StdDew 1.581
-~
z|[[C]sMaME i
3 J'max sa
od I 2 [Class: Copy of subkraction (um} ~ [ wisualize &l ]
S[Javg
&|[_Jaddtion
7 |[Jsubtraction 5
s/ JCopy of reano
|[JCopy of Copy of regno
10| J<opy of SAL |
11| <opy of SAL
12 |[J<opy of avg B
[ Remove |
T
1 3 5
Status
oK
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Click on Apply option.

If the index position is last.

weka.gui. GenericObjectEditor

weka. Filkers .unsupervised. attribute . Remove
About

An instance filter that rermoves a range of attributes from the -m
dataset.

atkributeIndices | lask| |

invertSeleckion | False

J

Save...

[ open... (=] 4

I

Cancel ]

Click on ok button.

= Weka Explorer

46

Freprocess | Classify | Cluster || Associate || Select attributes || visualize
I Open File. .. I Open URL... ][ Open DB... I Undo ][ Edit... I Save... |
Filter
Remowe -R last Apply
Current relakion Selected atkribuke
Relation: STUDEMT-weka.filters unsupervised. attribute, Add-Mavg-Cla. .. Mame: SMO Twpe: Mumeric
Instances: S Attribubes: 13 Missing: 0 (0%} Distinck: S Unique: S {100%:)
Attributes Statistic walue
rinirnUrT 1
I Al ][ Forne ][ Irvvert | Maxirnum s
Mean E]
Mo, Mame StdDiew 1.551
z|[_]srarE s
3|[J'max sal'
4| ]saL
S[Javg Class: Copy of addtion (Mum) - |[ visualize Al |
& |[Jaddtion
7 [ subtraction
& _|Copy of regno 5
2|JCopy of Copy of regno
10|[J<opy of SAL
11|[ JCopy of SAL
1Z2|[JCopy of awvg 3
13| JCopy of addtion ~
[ Remove ]
T
1 3 5
Status

If the range .

weka.gui.GenericObjectEditor

weka.filkers ., unsuperwvised, attribute, Remove
Ahbouk

Aninstance filter that removes a range of attributes from the | more
An Insta [_tore ]

attributeIndices | &-13] |

invertSelection | False

J

v

Sawve...

[ Qpen... Ik

I

Cancel ]

Click on ok button.
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Weka Explorern

Preprocess | Classify || Cluster || associate | Select attributes || wisualize
[ open File, .. ] [ Cpen URL, .. ] [ 2pen DB... ] [ Undao ] [ Edit... ] [ Save. .. ]
Filter
Remove -R3-13 Apply
Current relation Selected attribute
Relation: STUDEMT-weka.fiters. unsupervised. attribube, Add-Mawvg-Cla. .. Mare: SMHO Type: Mumeric
Instances: S Attributes: 7 Missing: O (0% Distinck: 5 Unique: 5 (100%:)
Akkributes Statiskic walue
PAinirmum 1
[ all ] [ rone ] [ Invert Maxirmum B
Mean =
Mo, Mame StdDew 1.551
2| ISMAME
3 ‘max sal’
HLISAL |Class: subkraction (Murm) - |[ visuslizs all |
S Java
=) addtion
7 subkraction 5
[ Remave

Skatus
Ok

Click on Apply option.

Relation: STUDEMT-weka. Filters . unsupervised, atktribute, Add-Mawvg-Clast-weka. Filkers. unsup. . .

pi[=T8 Sk SHRAME | ‘max =al' Sal awvg addtion | subkraction
MHumeric Skrimg MHumeric MHumeric | Mumeric | Mureric MHurmeric
1 1.0|DEEFTHI Zoo0.0 1000.0 10.= Soo0.0 1000.0
= =.0|5IRI <000.0 Z000.0 1=.= so00.0 Z000.0
<) S.0|RA3T so00.0 <000.0 15.3| 10000.0 Z000.0
<+ +.0LAakKS. .. 000, 0 S000,.0 14.2 2000,0 S000, 0
=] S.0FRAS... 10000.0 Soo0.0 15000.0 SOo0o0.0
[ Lol ] [ Cancel ]

Click on ok button.
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VIVA - QUESTIONS

1.
2.

© N o w

10.

When to apply the data preprocessing techniques for mining the data
Which of the following is not a data preprocessing methods:

A. Data Visualization B. Data Discretization

C. Data Cleaning D. Data Reduction

Use the attribute mean to fill the missing value of data

1,2,3,4,5,6,_,7,8,9,10.

Data for Attendance : 50,55,60,65,70,75,80,85,90,95

Partition the above attendance data into equidepth bins of depth 5.

Data for Attendance : 4,8,15 Smoot by bin boundaries

Incorrect or invalid data is known as______

PCA stands for

The Minimum and maximum values for the attribute income are $12,000and
$98,000 , respectively. We would like to map income to the range[0.0,1.0].By
min-max normalization, a value of $73,600 for income is transformed to

The mean and standard deviation of the values for the attribute income are
$54,000 and $16,000 respectively. With Z-Score normalization a value of
$73,600 for income is transformed to

reduces the data set size by removing irrelevant or redundant
attributes(dimensions)
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Experiment No. 3: Demonstrate performing classification on data sets
A

49

i. Load weather dataset into WEKA and run 1d3, J48 classification algorithm. Study the classifier output.

Compute entropy values, kappa statistic.

ii. Extract if-then rules from the decision tree generated by the classifier, observe the confusion matrix
and derive Accuracy, F-measure, TPrate, FPrate, precision and recall values. Apply cross-validation

strategy with various fold levels and compare the accuracy results

ID3 Algorithm
Stepl:open the Notepad and create the ARFF File.

£l sai - Notepad
File Edit Format Wiew Help

% TITLE:decission TreeID3-Algorithm

%o Date:02-09-2014

% Creator by M. NANIK ANTA SAT

@relation j48

(@attribute age {<=30,31...40,>40}

(@attribute income {high medium_low}

(@attribute student{no,ves}

(@attribute credit_rating{excellent fair}

(@attribute buys_computer {yes_no }

L

%

(@data

<=30,high no fairno

<=30,high no.excellent.no

3140 high no fair, ves

=40 medimm no_fair. yes

=40 low, ves_excellent,no

3140 )ow.yes, excellent, ves
<=3 medimm no _fair no

<=30 low._ves fair.ves

=40, medimm, ves fair. ves

<=30_ medhmm_ves excellent ves
31...40.medium no.excellent, ves
31...40.high_ves fair.ves
>40=medhm:l=no=exce]1mt=nol

Step 2:To open All Programms—» weka3.8.3 —» weka3.8(with console)
STEP 3: Click on EXPLORER .

&) Weka GUI Chooser — O e

Program Visualization Tools Help
Applications

%" The University m‘
V) of Waikato
KnowledgeFlow ‘
Workbench ‘
‘Waikato Environment for Knowledge Analysis

Versicn 3.8.3

{c) 1999 - 2018 Simple CLI
The University of Waikato

Hamilten, New Zealand
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Step 4:open the ARFF file from the folder and click open.
Step 5: In the Preprocessor menu select open file and select Edit

Felation: 148
Mo, age income | student | credit-rating | buys-computer
Morminal | Mominal | Mominal MHarminal Maorminal

1 ==30 high o Fair no

z ==30  |high no excelent no

3 31..40  |high no Fair ves

4 =40 rmedium o Fair ves

5 =40 [[=IE1] wes Fair ves

& =40 I P-H excellent no

7 3140 [low wES excellent vES

3 ==30 medium o Fair no

2 ==30 low wes Fair ves

10 [=40 medium  |wes Fair vES

11 [«<=30 medium  |[wes excellent vES

12 [31..40  |medium |no excellent ves

13 [31..40  |high P-H Fair ves

14 [=40 rmedium o excellent no

[ 0] 4 ][ Cancel ]

Step 6: Go to classify menu click choose on that select trees Click 1D3

i Weka Explorer,

Preprncessl lC|El55i|:&-"|Cluster Associate | Select attributes || visualize

Classifier

| weka
=] classifiers
1 @] bayes
1 functions
] lazy =
) meta
#-- ] misc
-] trees
- BDTree
DecisionStump
145
LMT
MaP
METree
RandomForest
RandomTree
REPTree
UserClassifier
[ ] rules

il

| T
sssssesens

1|

L0

‘ Log #, x0
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Prepru:ucessl Classify |Cluster Associake || Select attributes || visualize

Classifier

Test options Classifier output

() Use training set

() Supplied test set

(%) Cross-validation  Folds
() Percentage split I:I

[ More options, .. ]

(Mo buys-computer w

Result lisk (right-click For options) <

£

Skatus
04

Preprocessl Classify |Cluster Associate | Select attribukes | visualize
Classifisr
Tesk opkions Classifier output
O Use kraining set Kappa statistic 0. 65859 ~
lied Mean absolute error 0.14z9
OSUDDIE el ek Root mean sdquared error 0.378
(3) Cross-validation  Folds Relative absolute error 30 %
H Foot relative squared error TE.6097 %
Percentage spli
© l:l Total Number of Instances 14
[ More opkions... ]
=== Detailed Accuracy By Class ===
{Mom) buys-compuker w o
TP Rate FF Rate FPrecision Fecall F-HMeasure Class
0.559 0.2 0.559 0. 859 0.8359 ves
0.8 0.111 0.8 0.8 0.8 no
Result lisk {right-click For opkions)
11:43:4+4 - krees. Id3 === Confusion Matrix ===
ab =-- clagsified az
81| a= ves
141 b =no
v
< | >
Skakus
: -
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J48
Stepl:open the Notepad and create the ARFF File.

= sai - Motepad
File Edit Format wiew Help

% TITLE:decission Tree:Jld48-algorithm

f2 DATEe::0Z-09-2014

X Creator by imM. MAMIKAMNTA SAT

arelation j43

Aattribute age {<=30,31...40,=40%}
Battribute ncome {high,maedium, Towl}
Aattribute studenti{ino,yest

Aatrtribute credit_ratingfexcellent,fair}
Battribute buys_ _computer{yes, no

high,no,Fair, no

high, no, e<cel1lant, no
A0, high, no, fair, yas
medium, no, Fair, yas

Tow, vwes,excellent, no

L0, low, ywes, excael laent, wes
medium.no, Tair.no

WWAY A A WY Y WA A
PEITETHEER D QB‘QB‘Q

Set Program Access and Defaults
Windows Catalog

Windows Update

Accassories
Acronis

ave

Coanos EP Serles 7
doPDF 7

Editpluz 3

Games

Java web Start
Micrasoft Office
Objectstore Win3z
SMADAY Antivirus
Startup

TeraCopy
Acronis True Image | Unistal Protegent PC
2009

& Documentation
| Editeius 3

WinRAR @ Uninstall Weka 3.4.11

Adobe Reader %

g Notepad
W2 microsort office wor
@ Port Locker

@ coonc: powerioy

All Programs I |

¥

WAEOBG06E6G06060800080 ¢80

Editblus 3
Internet Explorer

Microsoft Office Excel 2007
Mozilla Firefox

s

Outlook Express

Remote Assistance

Windows Madia Player

Program Files\Wela-3-4

»
Microsoft l "
indows

Professional

Windows Messenger

Windows Movie Maker

geworBde

» B

Apache Tomeat 5.5

STEP 3: Click on EXPLORER.

&3 Weka GUI Chooser — O *

Program Visualization Tools Help

Applications
-

Explorer

WEKA

The University
of Waikato

Experimenter

KnowledgeFlow

Workbench
Waikato Environment for Knowledge Ansalysis
Version 3.8.3
fe) 1393 - 2018 Simple CLI

The University of Waikato
Hamilton, New Zealand

Il B.Tech Il Sem Data Mining-Lab GEC




Step 4:open the ARFF file from the folder and click open.

Look in:

||,,i| 12fz1

6

Ry Recent
Diocurnents

)

Desktap

My Documents

%

Lk

0

omputer

d

Iy Mekwork
Flaces

Fil= pame:

Filss of bype:

[ sai.arff ] [ Spen ]

[arff data Files [ cancel ]

Weka Explorer

process | Classify || Cluster || Associate || Select attributes || Wisualize
[ Cpen fis.. ] [ _openumi.. 11 Cpen OB ] [ [T 11 oo ]
Filter
[ A
Surrent relstion  [Ciick to edit properties for this obiect | Selected attributs
Relation: j48 Mame: age vpe: Mominal
Instances: 13 Attributes: S Missing: O (0%} Distinck: 3 Unique: O (0%}
Attribubes Label Count
<=30 s
[ Al ][ Mone ][ Irvert ] S1...40 |+
=40 &
Mo, rame
2|[Jincome
=|[Jstudent
#|[_Jeredit_rating Class: buys_computer (Mom ~ [isnatiz= A |
5[ Ibus_computer
5
4 4
[ pers ]
Status
oK

Step 5:click on the classify from the menu and click on the choose.

Step 6:select the j48 from the tree and click on the start button.

Weka Explorer

Freprocess C|aSSiFY|CIuster Associate | Select attributes | Wisualize

Classifier

Test options

Classifier oukput

() Use training sek -~
) Supplied test set Correctly Classified Instances = 46.15358 %
Incorrectly Classified Instances 7 53.5462 %
(&) Cross-wvalidation Folds Kappa statistic _0.0954
3 Percentage split Mean absolute error 0.4167
FRoot mean soguared error 0.5451
[ el e[l dTelnhon Felative absolute error 84.2593 %
FRoot relative sSguared error 107.9923 %
(Mom} buys_computer 3 Total Number of Instances 13
=== Detailed &ccuracy By Class ===
(rtcsle st itgfe-liels (e Gpefemes) TF Rate FF Rate Frecision Fecall F-Measure Class
11:46 - kre 45 0.5 o.s 0,571 0.5 0.533 ¥es
0.4 0.5 0.333 0.4 0.364 no
=== Confusion Matrix ===
a b «<—— classified as
4 4 | a = yes
3 2 | b = no
-

Status
(=04
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Weka Explorer,

| Preprocess | Classify | Cluster | Assoriate | Select attributes || visualize |

Classifier

[ cheess |14 cozsmz

Tast options

Classifier output

[

Mare options... ]

(Mo} buys_cormputer
Correctly Classified Instances &
Incorrectly Classified Instances 7

Result lst (right-click Far options)

<

Vigw in main window
Wfiew in separate window
Save result buffer

Load model

Save model

Re-evaluate model on current test set

Visualize dassifier errors

Wisualize threshald curve
Visualize cost curve

ab <--
44| a-=
32 1b-=

@ U ERRE S Mwber of Leaves : 5
( supplied test set Set... Size of the tree : a
(%) Cross-validation  Folds

(@ Pt 3 I:l Time taken to build model:

Summary ===

Eappa statistic
Mean ahsolute error

0.02 seconds

Stratified cross-walidation ===

-0.0964
0.4167

or 0. 5461

br 84.2593

error 107.9923

aces 13

By Class ===

W

cecision Fecall F-Heasure

) ==

claszified as
yes
no

0.571 0.5 0.533
0.333 0.4 0.364

~
46.1538 %
53.8462 3%
Class
yes
no
~

Status
oK

Tree View

= gxcellent = fair

~ -
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B.

I. Load weather dataset into WEKA and perform Naive-Bayes classification
ii. K-nearest neighbour classification. Interpret the results obtained.

Naive Bayesian Classification

The naive Bayesian classifier, or simple Bayesian classifier, works as follows:

1. Let D be a training set of tuples and their associated class labels. As usual, each tuple is

represented by an n-dimensional attribute vector, X = (x1, x2, : : : , xn), depicting n
measurements made on the tuple from n attributes, respectively, A1, A2, :::, An.
2. Suppose that there are m classes, C1, C2, : : :, Cm. Given a tuple, X, the classifier will predict

that X belongs to the class having the highest posterior probability, conditioned on X. That is, the
naive Bayesian classifier predicts that tuple X belongs to the class Ci if and only if
PIG|X)=PCj|X) for 1 <j<mj#i

P(X|Ci)P(C;)

PCIX) =
(GX) P(X)

3. As P(X) is constant for all classes, only P(XjCi)P(Ci) need be maximized. If the class prior
probabilities are not known, then it is commonly assumed that the classes are

P(X|C) l_[ Plx|C)
k=]

_ Fl:_.rj CI_,: w0 PLT2|C- :| Woaaa FI:_,Tri CI'.::'

4. Given data sets with many attributes, it would be extremely computationally expensive to
compute P(X]jCi). In order to reduce computation in evaluating P(XjCi), the naive assumption of
class conditional independence is made. This presumes that the values of the attributes are
conditionally independent of one another, given the class label of the tuple (i.e., that there are no

dependence relationships among the attributes). Thus,

We wish to predict the class

label of a tuple using naive Bayesian classification, given the same training data as in Example
weather data set for decision tree induction. The training data are in weather data set. The data
tuples are described by the attributes age, income, student, and credit rating. The class label
attribute, buys computer, has two distinct values (namely, yes, no). Let C1 correspond to the
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class buys computer = yes and C2 correspond to buys computer = no. The tuple we wish to
classify is

X = (age = youth, income = medium, student = yes, credit rating = fair)

P(buys computer = yes) = 9=14 = 0:643

P(buys computer = no) = 5=14 = 0:357

To compute PXjCi), for i = 1, 2, we compute the following conditional probabilities:
P(age = youth|buys computer = yes) = 2=9 = 0:222

P(age = youth| buys computer = no) = 3=5 = 0:600

P(income = medium| buys computer = yes) = 4=9 = 0:444

P(income = medium| buys computer = no) = 2=5 = 0:400

P(student = yes | buys computer = yes) = 6=9 = 0:667

P(student = yes | buys computer = no) = 1=5 = 0:200

P(credit rating = fair | buys computer = yes) = 6=9 = 0:667

P(credit rating = fair | buys computer = no) = 2=5 = 0:400

We need to maximize P(XjCi)P(Ci), for i = 1, 2. P(Ci), the prior probability of each class, can be
computed based on the training tuples:

Using the above probabilities, we obtain

P(X|buys computer = yes) = P(age = youth j buys computer = yes) _

P(income = mediu| buys computer = yes) _

P(student = yes | buys computer = yes) _

P(credit rating = fair | buys computer = yes)

=0:222_0:444_0:667_0:667 = 0:044.

Similarly,

P(X|buys computer = no) = 0:600_0:400_0:200_0:400 = 0:019.

To find the class, Ci, that maximizes P(XjCi)P(Ci), we compute

P(X|buys computer = yes)P(buys computer = yes) = 0:044_0:643 = 0:028

P(X|buys computer = no)P(buys computer = no) = 0:019_0:357 = 0:007

Therefore, the naive Bayesian classifier predicts buys computer = yes for tuple X.
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Stepl: Open Notepad and write the

program and save with .arff
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B bayes - Notepad
File Edit Format Wiew Help

% TITLE:decission Tree:iBayes

¥ Darte:0S9-05-2014

% Creator by M. MANIREANTA SAT
arelation Bayes

Battribute age {<=30,31...40,=40%}
@attribute dncome {high, medium, Tow}
Battribute student{no,wes}

Battribute buys_computer{yes,no}
3

3

Adata

<=30, high, no, fair,no

<=30, high, no, excellent, no
31...40,high,no,fair, yes

=40, medium, no, fair,yes

=40, Tow,yes,excellent, no
31...40, low,yes, excellent, yes
<=30,medium, no, fair, no

<=30, Tow,yes, fair, yes

=40, medium, yes, fair,yes
==30,medium, yes, excallent, yes
31...40,medium, no, excellent, yes
31...40, high,yes,fair,yves
=40, medium, no, excellent, no

Battribute credit_ratingfexcellent,fair}

Step2: Go to Start menu and select Weka 3.8.3, on that select Weka 3.8(with console).

&3 Weka GUI Chooser

Program Visualization

Version 2.5.3

{c) 1999 - 2018

The University of Waikato
Hamilton, New Zealand

‘Waikato Envircnment for Knowledge Analysis

- ]
Tools Help
Applications

X

Explorer

' WEKA

The University
of Waikato

Experimenter

KnowledgeFlow

Workbench

Simple CLI

Step3:Go to Preprocessor and select the open file.

Il B.Tech Il Sem

Data Mining-Lab

GEC




58

Look in: |[E|12F21 V| 2 > E=E

L

o 103
My Fecent B 145
Documents B regression
=
Deskiop

My Docurnents

Lﬁi'l

My Campuker

‘g File name: | bawes.arff

o=
My Mebworlk,

J

Places Files of type: |.ﬁ.rFF data files w | Cancel

Step4: In the Preprocessor menu selectEdit.

= Weka Explorer

P"BDVOCBSSlCIassiFy Cluster || Associate || Select attributes | Wisualize

[ Open file. .. ] [ Open URL. .. ] [ Cpen DE. .. [

Edit... | [ Save. .. |
|Open the current dataset in a Viewesr For editin

Filtet

Current relation

Selecked attribuke

Relation: Bayes

Mame: age Type: Mominal
Instances: 15 Attributes: 5 Missing: O {0%:) Distinck: 5 Unique: 0 {0%:)
Attributes Label Count
==30 &
[ all ] [ Mone ] [ Invert ] S1...40 <+
=40 4
Mo, Marme
2|[Jincame
3| ]student
4 = credit_rating |C|ass: buys_computer (Mom) e ” Wisualize all
S| |buys_computer
5
[ Femove
Skatus
Ok

P
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Felation: Baves

Mo, | age income | student | credit-rating | buys-computer
Hominal | Mominal | FHominal Haorminal MHominal

1 =30 |high no f air no
2 «=30 |high no excellent no
3 31,40  |high no f air WES
4 =40 mediunm  [no f air WES
=3 =40 e ves F air ves
& =40 i ves excellent no
7 31,40 [low VES eccellent VES
| EE] =30  |medium |no f air no
9 =30 |low ves Fair ves
10 [=40 medium  |yes f air VES
11 [=£=30 |medium |ves enccellent =
12 31,40 |medium |no excellent ves
13 [31..40  |high WES f air WES
14 [=40 mediunm  [no enccellent no

[Right click {or leFt+alt)

[ 0] 4 ][ Cancel ]

Step5: Go to classify tab menu ,click no choose button and then select Trees from the list Click
on the NaiveBayes option.

£ Weka Explorer

PrEDr’Oce55| Classify | Cluster | Associate | Select attributes | wisualize

Classifier

Cjweka

S [) dassifiers
=) bayes ier aukpLUE
: % ACDE

Bayeshet

Complementhaiveayes

JrusiveBay=: |

NaiveBayesMultinomial

NaiveBayessimple

H - @ NaiveBayesUpdateable

1 Functions
B ) lazy
) mets

") mise
#-__|trees
" Jrules

Status

@re Leg < 0

Step 6:click on the start button to view the result.
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Weka Explorer
Preprocess | Classify | Cluster || associate || Select attributes ||

ClassiFier

[ choose ||MaiveBayes

Tesk opkions Classifier output

2 Use training set

2 Supplied test sek Sek. ..

&) Cross-validation Fold=

¢ Percentage splic [e=]
~

[ More options. ..

{Mom} buys-computer

Resulk list (righk-click. For opkions)

Skatus
L=l 9
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Weka Explorer

| Preprocess | ClassiFy | Cluster | Associate | Select attributes || visuslize |
ClassiFier

Test oprions Classifler oUEpUE

MNaiveBayes

£ Use training set = Run informartion

7 Supplied test set el

Soheme : welta.clasaifiers.bayes.NaiveBayes
o Crass-validation Falds | 10 | Relatdion: Bay
2 Percentage splic [ | Instances: i3
o m Atvributes 5
[ ore cptions. . ] e
imcome
CMom) buys_computer ~ student

eredic_rating
buys_computer
Test mode: 10-fold cross-walidetion

Result list (right-click For aptions)

Classifier model (Eull training set)

Maive Bayeas Clasaifier

Class yes: Frior probability = 0.6

age: Discrete Estimator. Counts - 3 5 3 (Tetal =
income: Discrete Eatimator. Counta = 3 5 3 (Total
srudent: Discrete Estimator. Counts = 4 6  (Tetal
credit_rating: Discrete Estimator. Counts = 4 6

Class no: Prior probability = 0.4

age: Discrete Estimator. Counts = 4 1 3 (Total =
Discrete Estimator. Counts - 3 3 2 (Total
Discrete Eatimator. Counts - &5 2 (Total
eredit_rating: Discrete Estimator. Counts = 4 3 (

Status

Weka Explo

- 11
= 10
Total

EH

- @
- 7
Toral

H

= 10)

= 7

Preprocess | Classify | Cluster || Associate | Selsct attributss | visuslizs |

Classifier

[ Cromee_NaiveBayes I
Test options Classifier output
[T —— income: DiscE Estimator. Counts = 3 3 2 (Total = &3
student: Discrete Estimator. Counts 5 2 (Total = 71
> Supplied test set Sek... credit_rating: Discrete Estimatcr. Counts — 4 3 (Total - 73
& Cross-validation  Folds
© Percertage spli [52 ] | Time vaken to build model: 0 secomds
[ More options... ]
Stratified cross-validation =
Summary
(Morn) Buys_cormpuksr -~
T — Correctly Classified Instances = 61.5385 =
3 Incorrectly Classified Instences s 5o.as1s =
Result list {right-click For options) Kappa statistic 0.0845
Mean sbhsolute errox o.4aso07
ROOT mesn squarsd error o.szs51
Relative absolute error 23,2301 %
Root relative squared erzox 103.8335 =
Total Number of Instances 1z
Detailed Accuracy By Class
TP Rate FP Rate Precision Recall F-Measure Class
0.875 0.8 0.5636 0.875 0.737 Fes
0.z o.12s o.s 0.z o.zss no

= Confusion Matrix

a B < classified as
T 1| &= yes
41 b no

Stakus
oK
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VIVA-QUESTIONS
Formulae for Information gain=

Formulae for GainRatio=
Compute entropy value 0f(9,5) =
Classification is supervised learning.
measure is used to select the test attribute at each node in the decision

ok N E

tree.

Posterior probability can be calculated by theorem.
Decision tree is a type of algorithm.

KNN stand for

. How does KNN calculate distance?

10. ID3 stands for

© o N
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Experiment No. 4: Demonstrate performing association rule mining on data sets
i. Load transaction dataset into WEKA and run Aprori algorithm with different support and confidence

values.
ii. The Apriori algorithm uses a generate and count strategy for deriving frequent items sets and
generate association rules.

The Apriori Algorithm

Apriori is a seminal algorithm proposed by R. Agrawal and R. Srikant in 1994 for mining
frequent itemsets for Boolean association rules. The name of the algorithm is based on the fact
that the algorithm uses prior knowledge of frequent itemset properties, as we shall see following.
Apriori employs an iterative approach known as a level-wise search, where k-itemsets are
usedtoexplore (k+1)-itemsets. First, the setof frequent 1-itemsets is found by scanning the
database to accumulate the count for each item, and collecting those items that satisfy minimum
support. The resulting set is denoted L1.Next, L1 is used to find L2, the set of frequent 2-
itemsets, which is used to find L3, and so on, until no more frequent k-itemsets can be found. The
finding of each Lk requires one full scan of the database.

Apriori property: All nonempty subsets of a frequent itemset must also be frequent. TheApriori
property is based on the following observation. By definition, if an itemset | does not satisfy the
minimum support threshold, min sup, then | is not frequent; that is, P(I) < min sup. If an item A
is added to the itemset I, then the resulting itemset (i.e., I [A) cannot occur more frequently than
I. Therefore, I [A is not frequent either; that is, P(I [A) < min sup

The join step: To find Lk, a set of candidate k-itemsets is generated by joining Lk(11 with itself.
This set of candidates is denoted Ck. Let |11 and 12 be itemsets in Lk(11. The notation li[ j] refers
to the jth item in li (e.g., 11[kJ2] refers to the second to the last item in 11). For the (k(11)-
itemset, li, this means that the items are sorted such that li[1] < li[2] < : : : < li[k(11]. The join,
LkJ1 on Lk[11, is performed, where members of Lk(J1 are joinable if their first (k(J2) items are
in common. That is, members 11 and 12 of Lk(11 are joined if (I11[1] = 12[1]) ~ (11[2] = 12[2]) ™: :
AI1[kD2] = 12[k02]) MI1[k21] < I12[k11]). The condition I11[kJ1] < 12[k11] simply ensures
that no duplicates are generated. The resulting itemset formed by joining 11 and 12 is 11[1], 11][2],
oo, 11[k02], 11[koa], 12[k01].

The prune step:Ck is a superset of Lk, that is, its members may or may not be frequent, but all

of the frequent k-itemsets are included inCk.Ascan of the database to determine the count of each
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candidate in Ck would result in the determination of Lk (i.e., all candidates having a count no less

than the minimum support count are frequent by definition, and therefore belong to Lk).

Transactional data for an AllElectron-
ics branch.

TID List of item_IDs
T100 I1, 12,15

T200 12,14

T300 12,13

T400 I1,12,14

1500 I1,13

Te00 12,13

1700 I1,13

T800 I1,12,13,I5
T900 I1, 12,13

In the first iteration of the algorithm, each item is a member of the set of candidate 1-itemsets,
C1. The algorithm simply scans all of the transactions in order to count the number of
occurrences of each item.

2. Suppose that the minimum support count required is 2, that is, min sup = 2. (Here, we are
referring to absolute support because we are using a support count. The corresponding relative
support is 2/9 = 22%). The set of frequent 1-itemsets, L1, can then be determined. It consists of
the candidate 1-itemsets satisfying minimum support. In our example, all of the candidates in C1
satisfy minimum support.

3. To discover the set of frequent 2-itemsets, L2, the algorithm uses the join L1 on L1 to generate
a candidate set of 2-itemsets, C2.8 C2 consists of [JjL1j 2 2-itemsets. Note that no candidates
are removed fromC2 during the prune step because each subset of the candidates is also frequent.
4.Next, the transactions inDare scanned and the support count of each candidate itemset inC2 is

accumulated.
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5. The set of frequent 2-itemsets, L2, is then determined, consisting of those candidate 2-itemsets
in C2 having minimum support.

6. The generation of the set of candidate 3-itemsets,C3,. From the join step, we first getC3 =L2
onL2 = ffl1, 12, 13qg, fI1, 12, 15g, fI1, 13, 15g, fI2, 13, 14qg, fI2, 13, 159, fI2, 14, 159g. Based on the
Apriori property that all subsets of a frequent itemsetmust also be frequent, we can determine
that the four latter candidates cannot possibly be frequent.We therefore remove them fromC3,
thereby saving the effort of unnecessarily obtaining their counts during the subsequent scan
ofDto determine L3. Note thatwhen given a candidate k-itemset,we only need to check if its
(kr71)-subsets are frequent since theApriori algorithm uses a level-wise search strategy.

7. The transactions in D are scanned in order to determine L3, consisting of those candidate 3-
itemsets in C3.

8. The algorithm uses L3 on L3 to generate a candidate set of 4-itemsets, C4. Although the join
results in 11, 12, 13, 15gg, this itemset is pruned because its subset 12, 13, 15 is not frequent. Thus,

C4 =1, and the algorithm terminates, having found all of the frequent itemsets.

Cy L,
Scan D for Itemset | Sup. count | Compare candidate | Itemset | Sup. count
count of each {11} 4] support count with {I1} 6
candidate {12} 7 minimum support {12} 7
> {13} [§] count {13} 6
{14} 2 {14} 2
{15} 2 {15} 2
C, C, L,

Generate C, Itemset | Scan I for | Itemset | Sup. count | Compare candidate | Itemset | Sup. count
candidates from L; [{11, 12} | count of each [{I1, 12} 4 support count with | {T1, 12} 4
— |{I1,13}| candidate |{I1,I3} 4 minimum support | {11, I3} 4

{11, 14} » |{11,14} 1 count {1,15} 2
{11, 15} {11, 15} 2 — 5 |iI2,13} 4
{12, 13} {12, 13} < {12, 14} 2
(12,14} {12, 14} 2 {12,15) 2
{12, 15} {12, 15} 2
{13, 14} {13, 14} 0
{13, 15} {13, 15} 1
{14, 15} {14, 15} 0
G & Compare candidate Ls
Generate C; Itemset Scan D for | Ttemset [Sup. count support count with Itemset | Sup. count
candidates from [{11, 12, 13}] count of each [{I1, 12, 13} 2 minimum support {11, 12, 13} 2
Ly candidate count
— [{11, 12, I5}| — > |{I1, 12, 15} 2 —»[{I1, 12,15} 2
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Algorithm: Apriori. Find frequent itemsets using an iterative level-wise approach based on candidate
generation.

Input:

I, a database of transactions;

min_sup, the minimum support count threshold.
Qutput: L, frequent itemsets in .
Method:

(1) Ly = find_frequent_l-itemsets(D);
(2) for (k =2:Le 1 Fdik++) {

(3) Cy = apriorigen(fy | );
(4) for each transaction r = D { // scan D for counts
(5) C, = subset{Cy, t); // get the subsets of r that are candidates
(&) for each candidate ¢ = C,
(7} c.count+—-;
(8) s ;
(9) Ly = {¢  Ci|c.count = min_sup}
(10) }
(11) return L. = Ul ;
procedure apriori_gen(l; :frequent (k — 1}-itemsets)
(1) for each itemset i} = Ly
(2) for each itemset /2 = L¢ |
(3 if (1 [I B 4’3:1]1 A 2 = 13[2]1 Moo :k —2] = I :I( —2:': A [k — ]] < Iz [k — ]];: then {
(4) ¢ = {1 & [2; // join step: generate candidates
(5) if has_infrequent_subset{c, L, ;) then
(6) delete 3 // prune step: remove unfruitful candidate
(7 else add ¢ to C ;
(8) }
(9} returm Cg 3
procedure has_infrequent_subset(c: candidate k-itemset;
L frequent (k — 1)-itemsets); // use prior knowledge
() for each (k — 1)-subset s of
(2) ifs & Ly then
(3) return TRUE;
(4) return FALSE;

Association rule mining using the Apriori-Algorithm

Step-1: To Create an ARFF File.

File Edt Format Wew Help

%TITLE

: TRANSACTION -ITEM

:05-08-2014

@RELATION ITEM1

@ATTRIBUTE A1{T1,I2,I3,I4,I5}
@ATTRIBUTE A2{I1,I2,I3,I4,I5}
@ATTRIBUTE A34{11,I2,I3,I4,I5}
@ATTRIBUTE A44{11,I2,I3,I4,I5}
@ATTRIBUTE A54{I1,I2,I3,I4,I5}

, IS5
5 547
3,7,7
7514?
3,7,
3?
3?

..O ..\') \J-.-

65

~

Step-2: -Save as the file . ARFF file format
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Step-3: - Go to All Programs in the start menu bar and then choose weeka 3.8.3 in the weeka
3.8(with console).

Step-4: In the weeka window to choose the Explorer and then select the Preprocess in the weeka
explorer window.

(+1 Weka Explorer

iP pF‘B‘EE%‘é'él Classify | Cluster | Assaciate || Seleck attributes || Wisualize
[ Open file. .. ] [ Open URL. .. ] [ Open DE... ] [ Generate... [ Edit... ] [ Save... ]
Filker
Current relakion Selected attribuke
Relation: ITEM1 Aktributes: 5 Mame: Al Type: Mominal
Instances: 9 Sum of weighks: 9 Missing: 3 (33%%:) Diskimck: 1 Unique: 0 (0%}
Atkributes Ma. Label Counk Y'eighk
1|11 [=] 6.0
[ Aall ] [ Mone ] [ Inwert ] [ Pattern ] 2|1z [u) 0.0
3|13 [u] 0.0
Mo, Mame 4|14 [u] 0.0
S|IS [u] 0.0
z|[[]az
3 1az
i :":H |Class: AS (Mom) » |[ YWisualize All ]
s|Jas
=]
[1] o

Step-5: Go to Association option in the menu and then select choose button to select the Apriori
option.

#) Weka Explorer Zl |E| gl

Preprocess | Classify || Cluster | Associate | Select attributes | Visualize

Associator

L) weka -5-1.0-c-1
=3 associations
[ - akor oukput
o @ FilteredAssociator
. L

Close

Skatus

oK Log w =0

Step-6: - Click on Apriori field to configure the various options.
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weka.gui.GenericObjectEditor

weka.associations, Apriori

About

Class implementing an Apriori-type algorithm.

car |False A |

classIndex |—1 |

delta [0.05 |

lowerBoundMinSuppork |D.2 |

metricType |CDnFidence - |

minMetric 0.7 |

numRules | 10 |

outputItemsSets |False b |
removeslliMissingZols | False - |
significancelLewvel |—1 .a |
treaktZerofasMissing | False S |

upperBoundMinSuppork |1 .0 |

werbose |False e |

[ Dpen... ] [ Save... ] [ (o] 4 ] [ Zancel ]

Click on OK button.
Step-7: - Click on Start button in the Association menu then displays the output.

Weka Explorer

Preprocess || ClassiFy || Cluster | Associate |Se|e:tattr|butes wisualize

Associator

Apriori M10-TO-C0.7-00.05 -1 1.0-M0.2-5-1.0 - -1
Associator output

=== Fun information ===

[t

Result list (right-click For

4 - Apriori

Scheme: weka. associations.Apriori - 10 -T 0 -C 0.7 -D 0.05 -7 1.0 -M 0.2 -5 -1.0 —c -1
Relation: ITEML
Instances: ]
Atcributes: 5
A1
AZ
A3
A4
A5
=== Associator model (full training set) ===

Minimum support: 0.2 (2 instances)
Minimum metric <confidence>: 0.7
Mumber of cycles performed: 16
Generated sets of large itemsecs:
Size of set of large itemsets L({l): 5
Size of set of large itemsets L{Z): &
Size of set of large itemsets L{3): 2

Best rules Eound:

1. &5=T ==> Al=Il nE: (11> 1ift: (1.51 lew: (0,071 01 v (0,671

Status
ok
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Step-8: - Various options are calculated for minimum support value like this.

+ | weka.pgui. GenericObjectEditor

wieka. associaktions. Apriori

Abouk

Class implemeanting an Apriori-type algorithm.

More

Zapabilities

car |False ~ |
classIndex  |-1 |
delta [0.05 |
lowerBoundMinSuppaort [0, 3] |
metricType | Confidence ~ |
rinMetric (0.7 |
numRules |10 |
outputTtemSets | False ~ |
removealMissingCols | False ~ |
significanceleswel |-1.0 |
treatZeroAsMissing | False ~ |
upperBoundMinSupport 1.0 |
verbose | False ~ |

[ Cpen. .. ] [ Save. .. ] [ ok ] [ Cancel

68

Preprocess | Classify | Cluster | Associabe |Select atbributes || Visualize
Aszsociator
Apriori-NlD-TD-c 0.7-D0.05 U 1.0 M 0.5 5 -1.0 -1
Associator oukpukt
-~
Result list {right-click For Ad -
- AL

11:36:54 - Apriori === hzzociator model [full training ser)] ===
11:38:19 - Aprioti

Apriori

Minimuam support: 0.3 (3 instances)

Minimum metric <confidence>: 0.7

Munber of cycles performed: 14

Generated sets of large itemsets:

Size of set of large itemsets Lil): 3

3ize of =et of large itemsets LiZ): 3

Eest rulezs found:

v

< >
Skatus
ik Log # x 0
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weka.gui.GenericObjectEditor

waeka. associations. apriari

abouk

Class implementing an Apriari-type algarithm.

car |Fa|se e |

classInde:x |—1 |

delta (0,05 |

loveerBoundMinSuppork |D.4| |

mekricTvpe |CDnFidence - |

minMstric (0.7 |

numPRules | 10 |

outputItemSets | False — |
remowvedllMissingZals | Fal=ze - |
significancelLewel |—1 .Q |
EreatZerobsMissing | False b |

upperBoundrMinsupport 1.0 |

werbose |Fa|se s |

[ Qpen. .. ] [ Save... ] [ (o] 4 ] [ Cancel ]

! Weka Explorer,

Preprocess | Classify | Cluster | Associake | Select attributes || Visualize

Bssociatar

ﬂDriuri -N10-TO-CO7-DO0OS-U1.0-M0O4-5-1.0-c-1
fAssociator oubpuk
44 —

Result list (right-click. far W
AL

=== hzsociator model (full training set) ===

11:36:54 - Apriori
11:38:19 - Apriori
11:358:40 - Apriori

Apriori

Minimum support: 0.4 (4 instances)
Hinimum metric <confidence>: 0.7
Mumber of cycles performed: 12
Gernerated sets of large itemsets:
Gize of set of large itemsets L{l): 3

Gize of set of large itemsets L{2): 3

Bezt rules found:

|

Skatus

Ok Log # x0
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Iweka.gui.GenericObjectEditor

welka. associaktions., apriori

abouk

Class implementing an Apriori-type algorithim.

car |False - |

classInde:x |—1 |

delta [0.0s |

loveerBoundMMinSuppork |D.5| |

metricTvpe |CDnFidence - |

minMetric (0.7 |

nurmPRules | 10 |

outputIbemSets | Fals= L |
removealliMissingCols | False e |
significancelLewel |—1 .0 |
EreatZeroasmMissing | False= R |

upperBoundMinSuppore | 1.0 |

werbose |Fa|se A |

[ Dpen. .. ] [ Sawe. .. ] [ (] g ] [ —ancel ]

Weka Explorer,

Preprocess | Classify | Cluster | Associake | Select attributes || Visualize

Associatar

l“l:'l'ii:ll‘i -M10-TO-C07-D005-U1.0-M0,5-5-1.0-c-1
Stop fissnciator oukput

Result list (right-click for | === Fun information ===

11:36:54 - Apriori
11:35:19 - Apriori
11:35:40 - Apriori
11:35:54 - Apriori
11 riori

Scheme: weka.associations.&priori -N 10 -T 0 -C 0.7 -D 0.05 -U 1.0 -M 0.5 -5 -1.0 -c
Relation: ITEM1
Instances: ]
Attributes: 5
Al
Az
A3
A4
AG
=== Azsociator model (full training set) ===

No large itemsets and rules found!

Skatus

oK Lag # x0
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Graph for AEriori Ali;orithm: -
0
0.1 17

0.2 16

0.3 14
0.4 12
0.5 10
18

16 ——

14 \
12 \
10 \

g —Mmin-sup
6 no.of cycles
4
2
0]
1 2 3 4 5
FP-growth.

The first scan of the database is the same as Apriori, which derives the set of frequent items (1-
itemsets) and their support counts (frequencies). Let the minimum support count be 2. The set of
frequent items is sorted in the order of descending support count. This resulting set or list is
denoted L. Thus, we have L =12:7, 11: 6, 13: 6, 14: 2, 15: 2.

An FP-tree is then constructed as follows. First, create the root of the tree, labeled with “null.”
Scan database D a second time. The items in each transaction are processed in L order (i.e.,
sorted according to descending support count), and a branch is created for each transaction. For
example, the scan of the first transaction, “T100: 11, 12, 15,” which contains three items (12, 11, 15
in L order), leads to the construction of the first branch of the tree with three nodes, 12: 1, 11:1,
and 15: 1, where 12 is linked as a child of the root, 11 is linked to 12, and 15 is linked to I11. The
second transaction, T200, contains the items 12 and 14 in L order, which would result in a branch
where 12 is linked to the root and 14 is linked to 12. However, this branch would share a common

prefix, 12, with the existing path for T100. Therefore,we instead increment the count of the 12
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node by 1, and create a newnode, 14: 1,which is linked as a child of 12: 2. In general,when
considering the branch to be added for a transaction, the count of each node along a common
prefix is incremented by 1, and nodes for the items following the prefix are created and linked

accordingly.

Support

A ¥
12
Il
I3
14
5 !

Pt | Bt | S| O

ltem Conditional Pattern Base Conditional FPtree Frequent Patterns Generated

15
14
13
Il

12,11: 1}, {12, 11, 13: 1}} {12:2,11:2)
12,11:1}, {12:1}} (12:2)

12, 11:2}, {12: 2}, {11: 2}}  (12:4,11:2), (11: 2)
12:4}} {12:4)

12,15:2
12,14: 2
12,13: 4
12,11: 4

AL 15023, {12, 11, 15: 2}

{
{
{ AT, 1304}, {12, 10, 13: 2)
{

e, e, e, g,

{
{
{
{

[ e

Step 1: Select the ARFF file in the weka3-7 folder and in data folder supermarket.

EE=E)
Tools Help b
[ D search [ Folders | [T33]- | (R Folder svnc
Address I C:\Program FilesiWeka-S5-7idaks ~] o
-~

contack-lenses
ARFF Data File
= KB

cpu —
File and Folder Tasks AREE Data Fils
& KB

=] Fename this File
[ Mowe this File
[ =opyw this file

disbetes
ARFF Diaka File

cpu .tk vendar
ARFF Daka File

7 KB 37 KB
&M Fublish this Fils Fo Fhe web
I _ 5 glass e ionos phere
= | et s s ARFF Data File ARFF Data File
x Dreleke this File 15 KB TaKB

lab

iris ar
ARFF Data File ARFF Data File
8 KB 9 KB

ReutersCorn-test
ARFF Data File
s01 KB

ReutersCarn-train
ARFF Diaka File
1,198 KB

ReutersGrain-test
ARFF Data File
S01 KE

ReutersGrain-train
ARFF Diaka File
1,195 KE

segment-challenge
ARFF Data File

segrment-test
ARFF Daka Fils

Details

10000000

000000000

196 KB 108 KB
supermarket
ARFF Data File soyvbean
Date Modified: Wednesdasy, AR.FF Daka File
June 29, ZO11, 9:4F AM 199 KB
Size: 1.93 MB T Data File
woks Date Modified: 6/29/2011 9:43 AM
ARFF Data File Size: 1.93 MB
40 KE =

- ?%EE“SL}?ET.‘?' =
Double Click on the supermarket file and then open.
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Weka Explorer

ritl
departmentz
department3
department4
departments
departments
department?
departments
departments
grocery misc
department11
baby needs 2

Class: total {(Mom)

1047

=
=R R =R SRR —

—
r

Status
Ok

Preprocess | Classify || Cluster | Associate || Select attributes || visualize
[ Open file, .. ] [ Open URL. .. ] [ Open DE. .. ] [ Generate. .. ] [ Undo ] [ Edit... ] [ Save... ]
Filter
Current relation Selected attribute
Relation: supermarket attributes: 217 Mame: departmentl Type: Mominal
Instances: 4627 Sum of weights: 4627 Missing: 3580 (77%) Distinck: 1 Unique: 0 £0%:)
Aktributes Mo, Label Counk Weight
1t 1047 |1047.0 |
all ] [ Mone ] [ Irrvert ] [ Pattern ]
Mo Marne

Step 2: Go to the Association option in the menu bar

Weka Explorer,

Associate

Preprocess || Classify | Clusker Seleck attributes || Wisualize

Associator

Choose

i{|Apriori -N 10 -T0-C 0,92 -0 0.05-U1,0-M0,1-5-1.0-c-1

Feesult list (right-click For aptions)

Associakor oukpuk

Skatus
QK

g ="

Step 3: Click on choose button and configure the various options.
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I weka.gui. Generic@bjectEditor

wieka. associaktions. Apriori
About
Class implementing an Apriori-type algorithm,
car | False e |
classInde:x |—1 |
delta [0.05 |
lowveerBoundMinSuppork |D. 15| |
mekricType | Confidence v |
mintletric 0.9 |
numBRules | 10 |
autputItemSets | False .t |
removesliMissingCols | False s |
signiFicanceLewel |—1 .0 |
EreatZerossMissing | False - |
upperBoundMinSuppork | 1.0 |
werbose | False e |
[ Jpen. .. ] [ Sane. .. ] [ (w14 ] [ Cancel ]

Click on OK button.

Weka Explorer,

Prepraocess | Classify CIuster|-“550CiatE Select attributes | Yisualize

Assaciator

Result list {right-click for opkions)

Apriori M 10T 0-C0.9-D0.05-U1.0-M0.15 -5 -1.0 ¢ -1

Associator oukpuk

Skatus
Ok

Log

-~
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Weka Explorer

Preprocess | Classify | Clusker | Associabe | Select attributes | Wisualize
Associakar
[ choose Japriori-n 10 -T0-C 0.9 -0 0.05-U 1.0 -M 0,15 -5 -1.0 ¢ -1
Associakor autput
e m int . ___ ~
Result list {right-click For === Fun information === =
Scheme: weka.assgociations. Apriori -N 10 -T 0 -C 0.9 -D 0.05 -7 1.0 -M 0.15 -5 -1.0
Relation: supermarket
Instances: 4527
Attributes: 217
[li=t of attributes omitted]
=== Associator model (full training set) ===
Minimuam support: 0.15 (634 instances)
Minimum metric <confidence>: 0.9
MNumber of cycles performed: 17
Generated sets of large itemsets:
Size of set of large itemsets Li(l): 44
Size of set of large itemsets L(Z): 330 -
< >
Stakus

Give the lowerBoundMinSupport value.

weka.pui. GenericObjectEditor

weka, associations . FPGrowth

About

Class implementing the FP-arowth algarithm for finding larage itemn
sets without candidate generation. —

delta |0.05 |

FindallRulesForSupporkLewel |False L |

lowwer BoundMinSuppork |D. 1 5| |

maxMumberOFIkems |—1 |

mekricType | Confidence - |

minMetric (0.9 |

numPulesToFind | 10 |

positiveInde:: |2 |

rulesMustConkain | |

transackionsMusbConkain | |

upperBoundMinSuppork | 1.0 |

useR ForMuskZonkainList | False b |

[ opern. .. ] [ Save. .. ] [ (o] 4 ] [ Zancel ]

Step 4: Click on choose button and then select the FP-growth Algorithm and configure to
various minimum support values.
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Preprocess | Classify | Cluster | Associate | select attributes || wisualize

Associakbor

Choose | FPGrowth -F 2 -1-1 -M 10-T 0 -C 0.9 -0 0.05 -U 1.0 -M 0.15

Associator output

Fun informartion

Result list {right-click For

Scheme: weka.associations.apriori -N 10 -T 0O
supermarket

AGZE7T

zZ17

[list of attributes omitted]

Associator model

Relation:
Instances:
Attributes:

(full training set)

Apriori

Minimum support: 0O.15
Minimum metric <confidencel:
Muanber of cycles performed:

(694 instances)
0.9
17

Generated sets of large itemsets:
44

Gize of set of large itemsets L(1):

Fize of set of large itemsets LI(2): 350

<

Skatus
(=19

-C o.9

-Ir 0.05 -7 1.0 -M 0.15 -3

-1.0

Click on start

Weka Explorer

Preprocess | Classify | Cluster | Associate | select attributes | Wisualize
Associator
[ choose  |FPGrowth P 2-1-1-M10-T0-C0.8-D0.05-U1.0-M0.15
Associator output
-~
Resulk list (right-click For = Pun information ===
L1:00:09 - Spriori Scheme: weka. associations.FFGrowth -F 2 -I -1 -N 10 -T 0 -C 0.9 -D 0.05 -U 1.0 -M |
Relation: supermarket
Instances: a5z7
Attributes: z17
[list of attributes omitted]
- Associator model (full training ser) =
FPGrowth found 16 rules (displaying top 10)
1. Efrozen Foods=t, biscuits=t, total=highl: 788 ==> [bread and cake=t]: 723
2. [fruit=t, baking needs=t, biscuits=t, total=highl: 760 ==> [bread and cake=tl: 595
3. [fruit-t, baking needs-t, frozen foods=t, total-highl: 770 ==> [bread and cake=t]: 7!
4. [Eruit=t, wegetables=t, biscuits=t, total=high]: S1l5 ==> [bread and cake=t]: 746 <
5. [fruit=t, party snack foods=t, total=highl: 554 [bread and cake=t]: 779  <cont:
6. [vegetables-rt, frozen foods-t, biscuits-t, total=high]: 797 ==> [bread and cake=t]:
7. [vegetables=t, baking needs=t, biscuits—t, total=highl: 772 ==> [bread and cake=t]:
8. =t, biscuits=t, total=highl: 554 [bread and cake=t]: 566  <conf:(0.91)> 1:
a. t, wegerables—t, frozen foods=t, total-high]: 534 ==> [bread and cake-t]: 757
10. [Eruit=t, Eromen foods=t, total=high]: 968 ==> [bread and cake=t]: 877 <conf:(0.91
~
< >
Status
oK i

015 044 02
02 03 0.1
03 02 01
04 015 0.1
05 011 01
06 08 0.1
07 06 01
08 05 0.1
09 03 01
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VIVA-QUESTIONS
1. Market-basket problem was formulated by
The Market Basket Analysis is a typical example of
An itemset satisfying the support criterion is known as:
In Apriori algorithm, for generating k-item sets, we use:
Mathematically, Support({X} -->{Y}) is
All nonempty subset of a frequent itemset must also be frequent is property
FP-Growth algorithm is based on
The formula for Support(A = B)=
The formula for Confidence (A = B)=
10 Apriori method mines the frequent itemsets without candidate generation

© oo N O~ WD

Il B.Tech Il Sem Data Mining-Lab GEC




78

Experiment No. 5: Demonstrate performing regression on data sets
i. Load numeric dataset into WEKA and build linear regression model.

ii. Explore simple linear regression technique that only looks at one variable

Linear Regression
Straight-line regression analysis involves a response variable, y, and a single predictor variable,
X. It is the simplest form of regression, and models y as a linear function of x. That is,

y = b+wx;
where the variance of y is assumed to be constant, and b and w are regression coefficients
specifying the Y-intercept and slope of the line, respectively. The regression coefficients, w and

b, can also be thought of as weights, so that we can equivalently write,
Y = WO+W1X

These coefficients can be solved for by the method of least squares, which estimates the best-
fitting straight line as the one that minimizes the error between the actual data and the estimate of

the line.

wo =V —wX

where X is the mean value of x1, x2, : : :, xjDj, and y is the mean value of y1,y2, : ::, yjDj. The
coefficients w0 and w1 often provide good approximations to otherwise complicated regression
equations.

x yedars experience v salary (in $1000s)
3 30
s 57
L= (a8
1= T2
3 36
(&3 43
11 =1
21 =10
1 20
1 B3
100 —
<>
|0 — =
= -
= o0 - <
=]
= <
g <Ay — <
=4 <>
20 — <
L8] T T T T T
8] =] 10 15 20 25

Years experiernce
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Given the above data, we compute x = 9:1 and y = 55:4. Substituting these values into Equations

(6.50) and (6.51), we get
wl=3:5
w0 = 23:6

Thus, the equation of the least squares line is estimated by y = 23:6+3:5x. Using this equation,

we can predict that the salary of a college graduate with, say, 10 years of experience
is $58,600.

Stepl: Open Notepad and write the program and save with .arff

e regression - Notepad = E
File Edit Format View Help

26 TITLE:classification regression
% Date:09-09-2014

% Creator by M. MANIEKANTA SAT
@relation regression

(@attribute X numeric

@ attribute Y nmumeric

%

%

@ data

3.30

B.57

9.64

13,72

3.36

6,43

11.59

21.90

16.83

Step2: Go to Start menu and select Weka 3.8.3, on that select Weka 3.8(with console).select
Knowledge Flow.

& Weka GUI Chooser — O *

Program Visualization Tools Help
Applications

7 The University m|
of Waikato
KnowledgeFlow |
Workbench |
‘Waikato Environment for Knowledge Analysis

Version 3.8.3

{c) 1999 - 2018 Simple cLI
The University of Waikato

Hamilton, New Zealand

Step 3: In Weka Select Explorer window select preprocessor tab and select the open file for
selection of desired file.
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Weka Explorer

Froprocerd

| openfie..

J

Fiter | Copeen & st i irvstanaess froin & e |
hotse [ None
Currank relation

Redataan: Hons
Instances: Mone

Seleched atinbube
Mams: Ko

Mising: Hane
Aatrbakes

b

‘Wialcoma bo the Wieks Exploner

80

=Bk

i3
1

Dstinct: Mo

o i |

-

Lack in: |[h 12fz1

v 2 o EE
L o 103
4 o 145
My Recent * regressian
Dacurnents
®;
Deskiop
My Docurments
My Computer
‘5 File nanme: | regression, arff | [ Qpen ]
My Mekwmork,
Places Files of type: | ArfF data files v|

Cancel

Step 4: In the Preprocessor menu select open file and select Edit
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Relation: regression

Mo, Es T

FMMurneric | MMureric
1 3.0 0.0
=2 5.0 57.0
i< 2.0 &4.0
<+ 135.0 Fz.0
=] 3.0 S6.0
=] 5.0 3.0
7 11.0 59.0
=} =1.0 [0.0
= 16.0 S53.0

[ ol 4 ][ Cancel ]

Step 5: Go to classify menu click choose classifiers on that functions and that Linear
Regression.

Weka Explorer EEX|
Progeocess | Classly | Chugrer | Assonats | Select sttribubes | Wnalze
Classhoer

[ jweba

= ) classhiers

&) baywe o okt
S jhantices
® Leastheds
L nearf agrescon
# Logetic
® FultilayorPorcopboon
® PaceRegresson
 REFNstvork
& SenplelirearRagriisn
® Seghlogstic
® 540
# SHOreg
[ ® YotecdPerceptron
» Wirnow

W ey

o

* Jmeta
-y misc
 Jtrees
5 s

Sabus
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Weka Explorer

Preprocess | Classify | Cluster

Associakte

Seleck attributes || Wisualize

ClassiFier

Test options
2 Use training set
¢ Supplied test set

Folds

(&) Cross-walidakion

) Percentages =plit

[ More options. ..

Clurn) w

o U

LincarRegression -5 0 -F. 1.0E-5

[<lick ko edit properties For this objsck |

lassifier

Resulk list {right-click For options)

|*

Status
(=9

Log

weka. gui. GenericObjectEditor

About

Class for using

weka, classifiers. functions. LinearReqgression

linear regression for prediction.

attribureSelectiontethod | MS methad v|
debug | False v/
lininateColinearattributes | True v|
ridge | 1.0E-8 |
[ open... ] [ Save. .. ] [ K, ] [ Cancel ]

82

When we click on the Linear Regression option on the above the dialog box appears then click

OK,and click on start button.

Output:

Weka Explorer

Preprocess | Classify | Cluskter

Associake || Seleck atkbributes || Yisualize
Classifier
LinearRegression -5 0 -R 1, 0E-3
Tesk options ClassiFier autpuk
_» Use training set Linear Regression Model -~
» Supplied test seb
- =
(&) Cross-validakion  Folds
il F.5375 F M o+
_» Percentage split
[==_] so ooa
[ More options. .. ]
Time taken to build model: 0 seconds
Crun R
= Cross-wvalidation ===
-o- swmmery ---
Result list (right-click For options) Correlarion coefficient 0.o04a74
3 - Functions.LinearRegre: Mean absolute errox 5.0423
Root mearn sSogpiared =rror F.200z
FEelatiwve absolute error Z9. 35632 %
Roort relatiwe sSoquared error Z9.7254 %
Total MNumber of Instances 10 -
< | >
Status
Ok Log W =0
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Stepl: Open Notepad and write the program and save with .arff

B Regression - Motepad
File Edit

Format  Wiew Help

Title:Classification:Regression
%Date:09-09-2014

%sCreated by:Eswar

@relation Regression

@Gattribute X numerdic

@attribute vy numerdic

o
o

%

A@cdata
72,84
50,63
81,77
74,78
o4, 90
86,75
59,49
83,79
69,77
33,52
88,74
81 920

-~

83

Step2: Go to Start menu and select Weka 3.4.11, on that select Weka 3.4(with console) In Weka
Select Explorer and on that select preprocessor and select the desired file

= Weka Explorer, r._| |'E| E|
Preprocess |CIassiFy Cluster | Associate | Select attributes | Yisualize
I Cpen file. .. ] [ Cpen UR... ] [ Cpen DE. .. ] [ Undo ] [ Edit... ] [ Save... ]
Filter
Current relation Selected attribute
Relation: Regression Marne: Type: Murmeric
Instances: 10 Attributes: 2 Missing: 0 (0%} Distinct: 9 Unique: 8 (30%)
Attribukes Skatistic Yalue
Minirnurn 1 A
Al ] [ Mone ] [ Invert Maximum z1
Mean 9.1
Mo, Mare kD F.315 b
|Class: Y (Mum) w ‘[ Wisualize Al
ZIL ]y
T
3
Remaove
1 11 |
Status
o Liog #. 0

In the Preprocess open file is present on that select the desired file
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Abouk
Reads a source that is in adf (attribute relation file format) format.
Laak in: |E|12F21 v| T 2| EE
'E_ o 103
My Recent
Documents
?__.%
Desktop
My Documents
My Compuker
File name: | 148, arfF | [ open ]
My Mebwork
Places Files of type: |.¢\.rFF data Files ~ | Cancel

Step3: In the Preprocessor menu select open file and select Edit.

Relaktion: Regression

Mo, - ¥

FHumeric | Huameric
1 F2.0 54.0
= s0.0 563.0
3 S1.0 Fr.a
%+ 4.0 FiE.a
5 S4.0 a0.0
& S6.0 F5.0
F 59.0 49.0
=] 53.0 .0
=] 53.0 Fr.a
10 33.0 52.0
11 S5.0 4.0
1= S1.0 a0.0

[ o] ] [ Cancel ]

Step4: Go to classify menu click choose

Regression

Il B.Tech Il Sem
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= Weka Explorer,

Preprocessl ICLﬁSSiF':-’lCIuster Associate | Select attributes | Yisualize

Classifier

| weka
=] classifiers
[#- | bayes
=] Functions
------ # LeastMed3q

------ # Logistic

------ # MultilaverPerceptron

------ # PaceRegression

------ # REFhetwork

------ # SimpleLinearReqgression

------ # SimpleLogistic

...... & SMO

------ # SMOreg

[ ------ # YotedPerceptron
------ # Winnow

: H- ] lazy

_| reka

_| mistc

- | trees

_| rules

|2

% Weka Explorer

F‘reprocess| Classify | Cluster | Assaciate | Select attributes | Wisualize

Classifier

Test options
() Use training set

() supplied test set
(%) Cross-validation  Folds

() Percentage split I:l

[ More options. .. ]

(M) v w

Resulk list (right-click For options)

LinearRegression -5 0 -F 1.0E-5

CIassiFiL(;IEE-.E_-DuLBdit properties For this object |

Skatus
0]

W*”

85

Step 5:When we click on the Linear Regression option on the above the dialog box appears then

click O.K
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2 weka. gui.GenericObjectEditor

weka, classifiers. functions. LinearReqgression

About

Class for using linear regression for prediction.

attributeselectionMethod  |MS method W
debug |False i
eliminateColinearattributes | True v
ridge | 1.0E-8
l Qpen. .. ] l Save... ] [ [o]'4 ] [ Cancel ]

Step 6: And then click OK. button, and then click start in the classify menu present in Weka

Explorer window.
Output:

Weka Explorer

sprocess | Classify | Cluster || Associate | Select attributes | visualize

assifier
Choose  |LinearRegression -5 0 -R. 1,0E-3
=5t options Classifier output

:} Ulse braining set Linear Regression Model

7 Supplied test set v =

%) Cross-validation  Folds | 10
0.5924 * ¥ +

i Percentage split 31.0497

Mare options...

um) w L

=== Jummary ===
Skart ¥

Correlation coefficient
Mean abzolute error

Root mean squared error
Relatiwe abszolute erraor

=sulk list (right-click For options)

Root relative scquared error
Total Number of Instances

akus

Time taken to build model:

=== Cross-wvalidation ===

0 zeconds

- "
P
0.7267
T.026
g.716:2
64,5921 %
62.8594 %
12
w
>

Log w =0
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VIVA-QUESTIONS

1.

w

10.

The process of constructing a mathematical model or function that can be used to predict
or determine one variable by another variable is called.

In the regression equation Y =12 - 21X, the slope is

In the regression equation Y = 55.65 + 0.50X, the intercept is

Which of the following methods do we use to find the best fit line for data in Linear
Regression

In the mathematical Equation of Linear Regression Y = B1 + 2X + €, (B1, B2) refers to

A regression between foot length (response variable in cm) and height (explanatory
variable in inches) for 33 students resulted in the following regression equation.
y =109+ 0.23 x

One student in the sample was 100 inches tall with a foot length of 29 cm. What is the
predicted foot length for this student?

Considerx1, x2 to be the independent variables and y the dependent variable, which of
the following
represents a linear regression model?

The sum of the squared residuals is called as:

The value of the coefficient of determination ranges between

How many coefficients do you need to estimate in a simple linear regression model (One
independent variable)?
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Experiment No. 6: Demonstrate performing SVM classification on data sets
i. Load each dataset into WEKA and run proximal SVM to find a classifiers.

ii. Load each dataset into WEKA and run liner classifier using linear Programming.

SVM
Support Vector Machines, a promising new method for the classification of both linear and

nonlinear data. In a nutshell, a support vector machine (or SVM) is an algorithm that works as
follows. It uses a nonlinear mapping to transform the original training data into a higher
dimension. Within this new dimension, it searches for the linear optimal separating hyperplane
(that is, a “decision boundary” separating the tuples of one class from another). With an
appropriate nonlinear mapping to a sufficiently high dimension, data from two classes can
always be separated by a hyperplane.

The Case When the Data Are Linearly Separable

Let the data set D be given as (X1, y1), (X2, y2), : : :, (XjDj, yjDj),whereXi is the setof training
tupleswith associatedclass labels, yi. Each yi can take one of two values, either+1 or11 (i.e., yi 2
f+1, [J1g), corresponding to the classes buys computer = yes and buys computer = no,

respectively.

A,

| .
: I : O class 1, y=+1 { buys_computer = yes )
| |
: | | O class 2, y=—1{ buys_computer = no )

"\\ [
I
SO
SN .
I\\.L IIJLJ G f.—_.!'
~ I | \]I
S [
- oot - o
st [ RN
'\\ | : : .
S
x\\\I I JI_ \‘\\
_________ S T I I N
o N =
\ [
o @ | Ik
D | | | \\
O ol “
O N S
| .
’1.]

Before we get into the definition of margins, let’s take an intuitive look at this figure. Both
hyperplanes can correctly classify all of the given data tuples. Intuitively, however, we expect

the hyperplane with the larger margin to be more accurate at classifying future data tuples than
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the hyperplane with the smaller margin. This is why (during the learning or training phase), the

SVM searches for the hyperplane with the largest margin, that is, the maximum marginal

hyperplane (MMH). The associated margin gives the largest separation between classes. Getting

to an informal definition of margin, we can say that the shortest distance from a hyperplane to

one side of its margin is equal to the shortest distance from the hyperplane to the other side of its

margin, where the “sides” of the margin are parallel to the hyperplane. When dealing with the

MMH, this distance is, in fact, the shortest distance from the MMH to the closest training tuple

of either class.

Il B.Tech Il Sem

W-X+b=0,

wp +wix) +waxz =0,

I I O class 1, y = +1 [ buys_computer = yes )
I O ,
I I O class 2, y=—1 ( buys_computer=no )

I SR

]
: O

small margin O
[} 1 1
1™
| |
| |
O | |
0 1 1
9] | [
O | |
) o '
|
| |

Ay
O class 1, y=+1 ( buys_computer = yes )
O
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Thus, any point that lies above the separating hyperplane satisfies
wig +wixy L woxn =0,
Similarly, any point that lies below the separating hyperplane satisfies

wi +wixy Fwoxn < 0.

i) class 1, y=+1 { buys_computer = yes )

n - D class 2, y=—1 ( buys_computer =no )

-;"Q':
o \
D@O\{
O 0™,

Ay

The weights can be adjusted so that the hyperplanes defining the “sides” of the margin
can be written as

H) :wp+wix; +waxa = 1 fory; = +1, and

Hy :wp+wix) +wax; < —1 fory, = —1.

IEW ={wi,wa,...,w, } then VW-W = /wi +wj+---+wy.

Algorithm
1 Define an optimal hyper plane: maximize margin

1 Extend the above definition for non-linearly separable problems: have a penalty term for
misclassifications.

1 Map data to high dimensional space where it is easier to classify with linear decision surfaces:
reformulate problem so that data is mapped implicitly to this space.

PROCEDURE:

1. We begin the experiment by loading the data (vote.arff) into weka.

2. Next we select the classify tab and click choose function button to select the Support vector
machine (SMO).

3. Now we specify the various parameters. These can be specified by clicking in the text box to
the right of the chose button.

4. Under the “text “options in the main panel. We select the 10-fold cross validation as our
evaluation approach. Since we don’t have separate evaluation data set, this is necessary to get a
reasonable idea of accuracy of generated model.
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5. We now click “’start” to generate the model .the ASCII version of the tree as well as evaluation
statistic will appear in the right panel when the model construction is complete.

6. Note that the classification accuracy of model is about 69%.this indicates that we may find
more work. (Either in preprocessing or in selecting current parameters for the classification)

7. The run information of the support vector classifier will be displayed with the correctly and

incorrectly classified instances.

STEPS:
Open Weka tool — click Explorer in Weka GUI Chooser.

&3 Weka GUI Chooser — O ®

Program Visualization Tools Help

Applications

Explorer

.aWEKA

The University
of Waikato

Experimenter

KnowledgeFlow

Workbench
‘Waikato Envircnment for Knowledge Analysis
Version 3.8.3
EiEE=alE Simple CLI
The University of Waikato
Hamilton, New Zealand
r d -~ ——— — -
& Weka Explorer = | (] S
— — - -
{Preprocess | | | | | |
[ Open file... ] [ Open URL... ] [ Open DB... ] [ Generate. .. ] Undo Ed Save...
Filter
Current relation Selected attribute
Relation: Mone Attributes: Mone Mame: Mone Type: Mone
Instances: Mone Sum of weights: Mone Missing: Mone Distinct: Mone Unigue: Mone
Attributes
- [ visualize al
Femowve
Status
Welcome to the Weka Explorer w x0

In preprocess tab click Open file.. — choose file name (vote.arff).
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Home | Insert Pagelayout  References Mailings Review

Status
Welcome to the Weka Explorer

| B % cut = las =l o= s=  a— |ze s=i(Aillarl % 44 Find -
815 copv] © Weka Explorer e =  AaBbCcD AaBbCcD  AaBbCeD — & Rantace
Past = _ - e o _ Ch
‘ : e fForm e ‘ = I I = = I == = [ = I Subtle Em...  Emphasis Intense E... = Styﬁ‘sg: ls Select -
| Clipboard ] Editing
[_openfie. ]| @ Open — — J =
o Lookin: [ |, data N = s = B
Choose _|None & contact-lenses ) vote Invoke options dialog
e T
—— S o G weather
o N RecentItems @@ cpuwithvendor & weather.nominal Note:
i diabetes
Inota b O glass Some file formats offer additional
Attributes - 9 options which can be customized -
g ionosphere when invoking the options dialog. I
Al [ Desktop. i
- & labor
= & ReutersCorn-test
{ 4l & ReutersCorn-train
My Documents (& ReutersGrain-test E
ReutersGrain-train u
& &) segment-challenge
: &9 segment-test
Computer &) soybean
&P supermarket
.
@ e [owarn | (o]
Network Ta ol
ok esoftyoe:  [afmaa =
—

Word:

Page: 2 of 2

6:35PM
6/21/2016

— — - —~— Rl
© Weka Explorer s e kil ST
- - P — . i -
Preprocess | Classify | Cluster | Associate | Select attributes | visualize |
[ openfie... | [ Open URL... ] [ Open DB... ] [ Generate. .. ] Undo [ Edit. .. ] [ Save... ]
Filter
[ Choose ]anne |[ Apply ]
Current relation Selected attribute
Relation: vote Attributes: 17 Mame: handicapped-infants Type: Nominal
Instances: 435 Sum of weights: 435 Missing: 12 (3%%) Distinct: 2 Unique: 0 (0%%)
Attributes Mo. Label Count Weight
i|n |236 |236.0
All ] ’ Mone ] [ Invert ] [ Pattern 2|y |18? |18?.0
MNo. MName
1 [ handicapped-infants -
2| water-project-cost-sharing W
3| |adoption-of-the-budget-resolution
4| |physician-fee-freeze r 1 :
5[ el-salvador=id 3 _Class. Class (Nom) T Wisualize All
6 |religious-groups-n-schoals 1
7| lanti-satellite-test-ban
a8 : aid-to-nicaraguan-contras
9 Imx-missile L8
10| Jimmigration
11| |synfuels-—corporation-cutback
12|~ |education-spending
12 leninar findarinhtato.e S
Remave
Status
Ok

Goto Classify tab - click Choose button — select SMO option.
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G v oo IR o=

| Preprocess | Classify | Cluster | Associate | Select attributes | Visualize |

Classifier

1 weka
- | dassifiers

Logistic
MultilayerPerceptron
sSGD

SimpleLogistic

votedPerceptron

-
b ol ol ol ol o

2
@
[al

-k "weka, classifiers. functions, supportVector . Polykernel -Z 250007 -E 1.0" |

r output

Close

Status
OK

[ ] o

T ameere)

| Preprooess| Classify | Cluster I Associate I Select attributes I \.ﬁsualize|

Classifier

[ Choose (SMOD-C1.0-L0.0010-P 1.0E-12 40 - -1 -W 1 -K "weka.classifiers. functions. supportyector . PalyKernel -C 250007 -E 1.0" |

Test options

() Use training set

() Supplied test set Set...
(@) Cross-validation Folds |10

(7)) Percentage split % |66

[ More options...

Classifier output

[ Start ] Stop

Result list {right-click for options)

Status

OK
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Click Start button.

— .
T W ——— ="
| Preprocess | Classify | Cluster I Associate I Select attributes I '\.l"lsualize|

Classifier

GMO -C 1.0 -L 0.0010 -P 1.0E-12 -M 0 ¥ -1 W 1 -K "weka. classifiers. Functions. supportiector . PolyKernel -C 250007 - 1.0"

Test options Classifier output

| Use fraining set

»

=== Run informaticn ===

() Supplied test set Set...
Scheme: weka.classifiers.functions.SM0 -C 1.0 -L 0.0010 -F 1.0E-12 -1
@ Cross-validation Folds |10 Relaticon- wate =
(7) Percentage split 5L |66 Instances: 435
- Attributes: 17 | 4
[ R ] handicapped-infantsa
water-project-cost—sharing

(Mom) Class - l adoption-of-the-budget-resclution

physician-fee-freeze

Stop el-zalvador-aid

Result list {right-dick for options) religicus-groups-in-schools
anti-satellite-test-ban
4 - functions.SMO

aid-to-nicaraguan—-contras

mE-missile

immigration

synfuels-corporation-cutback
education-spending

I superfund-right-to-sue I

crime

duty-free-exports

export-administration-act-south-africa

~

4 1 | +

Status
Ok

r hl
&3 Weka Explorer E@g

| Preprocess | Classify | Cluster I Assodate I Select attributes I Visualize

Classifier

SMO -C 1.0 -L 0.0010 -P 1.0E-12 -M 0 -¥ -1 -W 1 -K "weka. classifisrs . Functions. supportVector . PolyKernel -C 250007 -E 1.0"

Test options Classifier output

T —

Use training set export-administration-act-south-africa

Supplied test set Set... Class

Teat mode: 10-fold cross-validation
Cross-validation  Folds |10

) Percentage split % |66 === (Classifier model (full training set) ===
[ More options... ] MO
(Mom) Class - l Kernel used: 3
Linear Hernel: Hix,y) = <x,¥>
L
Result list (right-dick for options) Classifier for classes: democrat, republican
18 4 - functions.SMO Binary3M0

Machine linear: showing attribute weights, not support vectors.

‘ 0.0421 * (normalized) handicapped-infants
-0.2607 * (normalized) water-project-cost—-sharing
-0.7819 * (normalized) adoption-ocf-the-budget-resclution
2.363 * (normalized) physician-fee-freeze
*

0.3041 (normalized) el-salvador-aid

1 | F

S

4

Status
oK
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&3 Weka Explorer =

| Preprocess | Classify | Cluster I Assodiate | Select attributes I '\.l'is'.ualize|

Classifier

SMO -C 1.0 -L 01,0010 P 1.0E-12 -M 0 - -1 -W 1 -K "wiska. classifiers. functions. supportyector . Polykernel -C 250007 -E 1,0°

Test options Classifier output

() Use training set Time taken to build model: 0.05 seconds i

() Supplied test set Set...

. === Stratified cross-validation ===
@ Cross-validation Folds |10 — Summary —=
() Percentage split % |66
- Correctly Classified Instances 418 96.092 %

[ ST l Incorrectly Classified Instances 17 3.908 %
Kappa statistic 0.9178

(Mom) Class w || Mean absclute error 0.0391
Root mean sguared error 0.1977

Stop Relatiwve absolute error 2.2405

Result list (right-click for options)

18:43:04 - functions. SMO Mean rel. regicn size (0.95 level) 50

Root relative sgquared error 40.6018
Coverage of cases (0.95 lewel) 96.092

o o o o

Total Number of Instances 435

=== Detailed Accuracy By Class ===

m

TP Rate FF Rate Precision Becall F-Measure ROC Are:

0.963 0.042 0.973 0.963 0.968 0.98
0.958 0.037 0.942 0.958 0.95 0.98
Weighted Awg. 0.9681 0.04 0.961 0.961 0.961 0.98
4 L1 3

Status
OK

(o0 ]

e

n

VIVA-QUESTIONS

ok wnN

~

Support vector machine may be termed as:

What do you mean by generalization error in terms of the SVM?

Margin of a hyperplane is defined as:

In a hard margin support vector machine

The effectiveness of an SVM depends upon:

If the hyper plane WTX+b=0 coorectly classifies all the training points (Xi,Yi),
where Yi={+1,-1}, then

Support vectors are the data points that lie closest to the decision surface

Consider a two class problem, whose training points are distributed in the figure
below. One possible separating hyperplane.

For a two-class classification problem, we use an SVM classifier and obtain the
following separating hyperplane. We have marked 4 instances of the training data.
Identify the point which will have the most impact on the shape of the boundary on
it’s removal.
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Experiment No. 7: Demonstrate performing clustering on data sets

i. Load each dataset into WEKA and run simple k-means clustering algorithm with different values of k
(number of desired clusters).

ii. Explore visualization features of WEKA to visualize the clusters. Derive interesting insights and
explain.

CLUSTERING

Cluster analysis or clustering is the assignment of a set of observations into subsets (called
clusters) so that observations in the same cluster are similar in some sense. Clustering is a
method of unsupervised learning, and a common technique for statistical data analysis used in
many fields, including machine learning, data mining, pattern recognition, image analysis and
bioinformatics.

Types of clustering

Data clustering algorithms can be hierarchical. Hierarchical algorithms find successive clusters
using previously established clusters. These algorithms can be either agglomerative (“bottom-
up") or divisive (“top-down"). Agglomerative algorithms begin with each element as a separate
cluster and merge them into successively larger clusters. Divisive algorithms begin with the
whole set and proceed to divide it into successively smaller clusters.

Partitional algorithms typically determine all clusters at once, but can also be used as divisive
algorithms in the hierarchical clustering.

Density-based clustering algorithms are devised to discover arbitrary-shaped clusters. In this
approach, a cluster is regarded as a region in which the density of data objects exceeds a
threshold. DBSCAN and OPTICS are two typical algorithms of this kind.

Two-way clustering, co-clustering or bi-clustering are clustering methods where not only the
objects are clustered but also the features of the objects, i.e., if the data is represented in a data
matrix, the rows and columns are clustered simultaneously.

Many clustering algorithms require specification of the number of clusters to produce in the
input data set, prior to execution of the algorithm. Barring knowledge of the proper value
beforehand, the appropriate value must be determined, a problem for which a number of
techniques have been developed.

k-means clustering:

In statistics and machine learning, k-means clustering is a method of cluster analysis which aims
to partition n observations into k clusters in which each observation belongs to the cluster with
the nearest mean.

ALGORITHM:

Regarding computational complexity, the k-means clustering problem is:

e NP-hard in general Euclidean space d even for 2 clusters

e NP-hard for a general number of clusters k even in the plane
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e If k and d are fixed, the problem can be exactly solved in time O(ndk+1 log n), where n is the
number of entities to be cluster

Example

for example, if our class (decision) attribute is tumor Type and its values are: malignant, benign,
etc. - these will be the classes. They will be represented by clusterl, cluster2, etc. However, the
class information is never provided to the algorithm. The class information can be used later on,
to evaluate how accurately the algorithm classified the objects.

Curvature | Texture | Blood Tumor
Consump | Type
0.8 1.2 A Benign
0.75 1.4 B Benign —>
0.23 0.4 D Malignant
0.23 0.5 D Malignant
Curvature | Texture | Blood Tumor
Consump | Type
x1 | 0.8 1.2 A Benign
x2|0.75 1.4 B Benign
x3]0.23 0.4 D Malignant
x4 |0.23 0.5 D Malignant

The way we do that, is by plotting the objeéts from the database into space. Each attribute is one
dimension

s

r
Texturs
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After all the objects are plotted, we will calculate the distance between them, and the ones that
are close to each other — we will group them together, i.e. place them in the same cluster.

- Cluster 2
malignant

Cluster 1
1.2 benign @
A—:-—\ Blood
o \7 7/ Consump

-
Texture

Curvature

Problem: Cluster the following eight points (with (x, y) representing locations) into three
clusters A1(2, 10) A2(2, 5) A3(8, 4) A4(5, 8) A5(7, 5) A6(6, 4) A7(1, 2) A8(4, 9). Initial cluster
centers are: A1(2, 10), A4(5, 8) and A7(1, 2).

The distance function between two points a=(x1, y1) and b=(x2, y2) is defined as:
0@ b) = [x2 -x1|+|y2 - yi|.

Use k-means algorithm to find the three cluster centers after the second iteration.

Iteration 1

(2, 10) (5. 8) (1,2)
Point Dist Mean 1 | Dist Mean 2 | Dist Mean 3 | Cluster
Al|(2,10)
A21(2.5)
A3 (8.4)
A4 (5.8)
A5 (7.3)
AG|(6,4)
A7/ (1,2)
A8 (4.9)

First we list all points in the first column of the table above. The initial cluster centers — means,
are (2, 10), (5, 8) and (1, 2) - chosen randomly. Next, we will calculate the distance from the first

point (2, 10) to each of the three means, by using the distance function:
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point meanl
xt, v x2, vze
2, 10) 2. 10)

pla, b) = |x2 —x1| + |[v2 —l1]|
ppoint, meanl) = |x2 —x7| + |v2 —v7i|
= |2 — 2| + |10 — 10|
=0+ 0
= O

point mean?2
x/, vi x2,v2
(2. 10) (5. 8)

p(a, b) = |x2 —xI| + [y2 —yI|
ppoint, mean2) = |x2 —x1I| + [yv2 —vl|
=[5—-2| +|8 — 10|

=3 +2

=35
point mean3
x/, vi x2,v2
(2. 10) (1,2)

p(a, b) = |x2 —xI| + |v2 —yl|
p(point, mean?2) = |x2 —x1| + [v2 — /|
= |1 —-2| +|2— 10|
=1+8
=9

So, we fill in these values in the table:
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(2. 10)

(5, %)

(1.2)

Point

Dist

Mean

Dist Mean

2

Dist

Mean

Cluster

Al | (2,

10)

5

A2 | (2,

5)

A3 | (8,

4)

A4 (5,

8)

AS | (7,

5)

A6 | (6,

4)

A7 | (1,

2)

AS | (4,

9)

100

So, which cluster should the point (2, 10) be placed in? The one, where the point has the shortest
distance to the mean — that is mean 1 (cluster 1), since the distance is 0.

Cluster 1
(2, 10)

Cluster 2

Cluster 3

So, we go to the second point (2, 5) and we will calculate the distance to each of the three means,
by using the distance function:

point
x1,yl
(2,5)

meanl
X2,y2
(2, 10)

0@ b) = [x2 -x1|+|y2 - yi|
0 (point, meanl) = [x2 - x1| +|y2 - y1|

=2 - 2|+]10 - 5|

=0+5

=5

point mean2
x1,yl X2,y2
(2,5) (5, 8)

0@ b) = [x2 -x1|+|y2 - yi|
0 (point, mea) = |x2 - x1| + |y2 - y1|

=|5-2/+8
=3+3
=6
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point mean3
x1,yl X2,y2
(2,5) 12

0 (& b) = [x2 - x1|+1y2 -yl

0 (point, mear) = |x2 - x1| + |y2 - yi]
=11-2[+2 -5

=1+3

=4

So, we fill in these values in the table:
Iteration 1

(2, 10) (5. 8) (1.2)
Point Dist Mean | Dist Mean | Dist Mean | Cluster
1 2 3
5 9

6 4 3

o

Al |(2.10)
2

> 3)

V)]

A3 | (8, D)
A4 | (5.3
A5 | (7.3
A6 | (6,4
A7 | (1,2
A8 | (4,9

So, which cluster should the point (2, 5) be placed in? The one, where the point has the shortest
distance to the mean — that is mean 3 (cluster 3), since the distance is 0.

Cluster 1 Cluster 2 Cluster 3

(2, 10) (2, 5)

Analogically, we fill in the rest of the table, and place each point in one of the clusters:

Iteration 1

(2, 10) (5. 8) (1,2)
Point Dist Mean | Dist Mean | Dist Mean | Cluster
1 2 3
Al | (2,10) 0 5 9 1
A2 (2,5) 5 6 4 3
A3 | (8,4) 12 7 9 2
A4 | (5,8) 5 0 10 2
A5 (7,5) 10 5 9 2
A6 | (6,4) 10 5 2
A7((,2) 9 10 0 3
A8 | (4,9) 3 2 10 2
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Cluster 1 Cluster 2 Cluster 3
(2,10) (8, 4) (2,5)
(5, 8) 1,2)
(7, 9)
(6,4)
(4,9)

Next, we need to re-compute the new cluster centers (means). We do so, by taking the mean of
all points in each cluster.

For Cluster 1, we only have one point A1(2, 10), which was the old mean, so the cluster center
remains the same.

For Cluster 2, we have ( (8+5+7+6+4)/5, (4+8+5+4+9)/5) = (6, 6)

For Cluster 3, we have ( (2+1)/2, (5+2)/2) = (1.5, 3.5)

new clusters: 1: {Al}. 2: {A3. A4 AS AG. A8}, 3: {A2. A7}

b) centers of the new clusters:
Cl= (2. 10). C2= ((B+5+7+6+4)/5. (4+8+5+4+9)/5) = (6. 6). C3= ((2+1)/2. (5+2)/2)=(1.5. 3.5)

c)

—
-

0 o1 o
9 Jas ° Jas
A A4

8 - 8
7 7
6 6
- A2 AS - A AS
a3 2 =5 .
4 L AS A3 4 1 as A3
3 3 -
> AT 5 A7
1 1
0 0

o 1 2 3 4 5 6 7 8 9 10 o 1 2 3 4 5 6 7 8 9 10

AT\ /AT
10 - < 10 3
° 1 Jas ° 1l Jas
Ad A4

8 8
6 S 6 —
- A AS - A2 AS
2 5 ]
4 ~ A6 Al) s A6 A3
. f_;’ y 2 /= /
2 2
5 |’- A7 — 5 .." AT, N—
IRIAN 1
0 o

o 1 2 3 4 5 6 7 8 9 10 o 1 2 3 4 5 6 7 8 9 10

The initial cluster centers are shown in red dot. The new cluster centers are shown in red x.

That was Iterationl (epochl). Next, we go to Iteration2 (epoch2), Iteration3, and so on until the
means do not change anymore.

In Iteration2, we basically repeat the process from lIterationl this time using the new means we

computed.
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d)

We would need two more epochs. After the 2™

1: {Al. AB}. 2: {A3. A4, A5, A6}. 3: {A2. A7}

with centers C1=(3. 9.5), C2=(6.5. 5.25) and C3=(1.5. 3.5).
After the 3™ epoch, the results would be:

1: {Al. A4, A8}, 2: {A3, A5,  A6}. 3: {A2 AT}

with centers C1=(3.66. 9). C2=(7, 4.33) and C3=(1.5, 3.5).

epoch the results would be:

o Al ‘o (i Al
o L 3 lAS o ’J\}s*
8 —— ( A 8 ] A1
7 "._ D 7 ~1
6 - ﬂ ™ 6 —~
s / a2} \ x | as . / a2} as [N
4 / ‘_‘_-'&6 A3 i 4 / / ‘/nAé' \AS /
: S N Vi — .=
5 A7 T , |/ 1A
1 R AN
0 0
2> 3 4 5 6 7 8 9o 10 1 2 3 4 5 &6 s o 10

K-means: Problems and Limitations
Based on minimizing within cluster error -a criterion that is not appropriate for many situations.—

Unsuitable when clusters have widely different sizes or have convex shapes.

1

K-mediod method:

The k-medoids algorithm is a clustering algorithm related to the k-means algorithm and the
medoidshift algorithm. Both the k-means and k-medoids algorithms are partitional (breaking the
dataset up into groups) and both attempt to minimize squared error, the distance between points
labeled to be in a cluster and a point designated as the center of that cluster. In contrast to the k-
means algorithm kmedoids chooses datapoints as centers (medoids or exemplars).

ALGORITHM:

The most common realization of k-medoid clustering is the Partitioning Around
Medoids (PAM) algorithm and is as follows:

1. Initialize: randomly select k of the n data points as the mediods

Il B.Tech Il Sem Data Mining-Lab GEC




104

2. Associate each data point to the closest medoid. (“"closest” here is defined using any valid
distance metric, most commonly Euclidean distance, Manhattan distance or Minkowski distance)
3. For each mediod m

1. For each non-mediod data point o

1. Swap m and o and compute the total cost of the configuration

4. Select the configuration with the lowest cost.
5. Repeat steps 2 to 5 until there is no change in the medoid.
EXAMPLE:
Cluster the following data set of ten objects into two clusters i.e k = 2,
Consider a data set of ten objects as follows:

X1 2 6

X2 3 4

X3 3 8

X4 4 7

X5 6 2

X6 6 4

X7 7 3

X8 7 4

X9 8 5

X10 7 6
8 <>
7 (o] -
& o -
4 O O < -
3 < -
2 ~ L & 4
2 3 4 5 S 7 8

Step 1

Initialise k centre

Let us assume c1 = (3,4) and c2 = (7,4)

So here ¢l and c2 are selected as medoid.

Calculating distance so as to associate each data object to its nearest medoid. Cost is calculated
using Minkowski distance metric with r = 1.
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C1 Data Objects Cost
(Xi) (distance)
3 4 2 6 3
3 4 3 8 4
3 4 4 7 4
3 4 6 2 5
3 4 6 4 3
3 4 7 3 5
3 4 8 5 6
3 4 7 6 6
C2 Data Objects Cost
(Xi) (distance)
7 4 2 6 7
7 4 3 8 8
7 4 4 7 6
7 4 6 2 3
7 4 6 4 1
7 4 7 3 1
7 4 8 5 2
7 4 7 6 2

Then so the clusters become:

Clusterl = {(3,4)(2,6)(3,8)(4,7)}

Cluster2 = {(7,4)(6,2)(6,4)(7,3)(8,5)(7,6)}

Since the points (2,6) (3,8) and (4,7) are close to c¢1 hence they form one cluster whilst remaining
points form another cluster.

So the total cost involved is 20.

Where cost between any two points is found using formula

cost(x,c)=X|x-c| from i=1 to d

where x is any data object, c is the medoid, and d is the dimension of the object which in this
case is 2.

Total cost is the summation of the cost of data object from its medoid in its cluster so here:
Totaol cost={cost((3,4),(2,6)) +cost((3,4),(3,8))+cost((3,4),(4,7)) }
+cost((7,4),(6,2))+cost((7,4),(6,4))+cost((7,4)(7,3))

+cost((7,4),(8,5))+cost((7,4),(7,6))}

=(3+4+4) +(3+1+1+2+2)

=20
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Step 2

Selection of nonmedoid O’ randomly

Let us assume O’ = (7,3)

So now the medoids are ¢1(3,4) and O'(7,3)
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If c1 and O’ are new medoids, calculate the total cost involved By using the formula in the step 1

C1 Data Objects Cost
(Xi) (distance)
3 4 2 6 3
3 4 3 8 4
3 4 4 7 4
3 4 6 2 5
3 4 6 4 3
3 4 7 4 4
3 4 8 5 6
3 4 7 6 6
o1 Data Objects Cost
(Xi) (distance)
7 3 2 6 8
7 3 3 8 9
7 3 4 7 7
7 3 6 2 2
7 3 6 4 2
7 3 7 4 1
7 3 8 5 3
7 3 7 6 3
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total cost=3+4+4+2+2+1+3+3

=22

So cost of swapping medoid from c2 to O’ is
S=current total cost-past total cost

=22-20

=2
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So moving to O’ would be bad idea, so the previous choice was good and algorithm terminates

here (i.e there is no change in the medoids).

It may happen some data points may shift from one cluster to another cluster depending upon

their closeness to medoid.

1.0Open weka tool and click Explorer.

& Weka GUI Chooser

Program Visualization Tools Help

The University
of Waikato

‘Waikato Environment for Knowledge Analysis
Version 3.8.3

(c) 1999 - 2018

The University of Waikato

Hamilton, New Zealand

— O

Applications

Explorer

Experimenter

KnowledgeFlow

Workbench

Simple CLI

*
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2. clickOpen file...in Preprocess tab.- choose vote.arff

2 Weka Explorer | | e | 5|
Preprocess ]
L Open file... || openurc.. | | Cpen DB... I Senerate... |
Filter Open a set of Instances from a Me
| choose |Mone
Current relation Selected attribute
Relation: MNone Attributes: Mone Mame: Mone Type Mone
Instances: MNone Sum of weights: None Missing: MNone Distinct Mone Unique: MNone
Attributes
| - || wisualize an |
Status
WWelcome 10 the Weka EXplorer l Log I - O

-

G open =]
Lookln:[ﬁ‘data nlﬁjlﬁjlﬁjl I[&J

[ Recent L i i
- (& Deskiop i || Invoke options dialog
[ﬁ Computer fr Note:
ey Local Disk (C2)
~orm-test. [E&§ Program Files jal.at | gome file formats offer additional
Corn-train (5 Weka-3-8 ric.arff options which can be customized

when invoking the options dialog.

\ey GO Dirive (D7)

File Name: vote. arff

o

Files of Type: | Arff data files (*.arff) L

[ Open J [ Cancel J

& Open @

Lookin: | [ data v |G| & @ E] s
it | ReutersGrain-testarf | *| supermarket arff L Invoke options dialog

__| ReutersGrain-train.arff | | unbalanced.arff

|| segment-challenge.arff | | | vote.arf LI
sorn-testarf || segmenttestant | weather.nominal.arff Some file formats offer additional
corn-train.arff | | soybean.arf || weather.numeric.arff options which can be customized

when invoking the oplions dialog.
- ¥ L s

File Mame: vote. arff
Files of Type: | Arft data files (*.arff) 'J

[ Open J [ Cancel J
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&F Weka Explorer

J Preprocess | Classify | Cluster | Associate | Select attributes | Visualize |

handicappe:
water-project-cost-sha
adoption-of-the-budge
physician-feefreeze
el-salvador-aid
religious—groups-in-schools
anti-s atellite-test-ban

N OB W
COCCCO

Status

O

-
g
)
]
[+

-resolution

| Openiile. . || ©openurL_. || OpenDB | | ocenerate_. | | Edit._. | L Save.
Filter
Choose | Mone Apply |
Current relation Selected attribute
Relation: vote Attributes: 17 NMame: handicapped-infants Type: Mominal
Instances: 436 Sum of weights: 435 Missing: 12 (3%) Distinct: 2 Unigue: O (02)
Attributes Mo, | Labet | count | weight |
I 1 N 236 236.0
2 ¥ 187 187.0
| All |1 MNone | L Invert |1 Pattern |
Mo rame |

| ©lass: Class (Mom) > || wisualize Al

Log | e

Choose cluster tab — click choose button — choose SimpleKmeans

& Welka Explorer

[ Preprocess T Classify T(:Juste.r T Associate T Select attributes T Visualize ]

Clusterer

v (&% weka
¥ [E&& clusterers

| | Canopy

| | Cobweb

5 EM

5 FarthestFirst

| | FilteredClusterer

| | HierarchicalClusterer
MakeDensityBasedClusterer
SimpleKMeans

g

O

0O -periodic-pruning 10000 -min-density 2.0 -11 -1.25-t2-1.0 -1 2 -A"weaka.core.Ev

Clusterer output

=

& Weka Explorer

[ Preprocess T Classify T(:Juste.r T Associate T Select attributes T Visualize ]

Clusterer

Cluster mode

Use training set

Supplied test set

Percentage split

Classes to clusters evaluation
Store clusters for visualization

L lgnore attributes

L Start |

Result list {right-click for options)

Status

O

Il B.Tech Il Sem

Choose SimplelkMeans -init 0 -max-candidates 100 -periodic-pruning 10000 -min-density 2.0 -t1 -1.25 -t2 -1.0 -F 2 -A"weka. core. EL

Clusterer output

=

W\

Log | wuo
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Click Start button

I Weks EnpioTer P | e e
[ Preprocess | Classity [RGiuslams] Associate | Seisct atiributes | Visuatize |
Ciusterer

| cneese || -init 0 -max-car 100 -periodic-pruning 10000 -min-density 2.0 41 -1.26 2 -1.0 -N 2 -A "weka.core EuclideanDistance -R first-last’ -| 500 -num-si|
Cluster mode Clusterer output
Dt i) - Run information — I8
Supplied test s et set
Scheme: weka.clusterers.SimplelMeans —init 0 —max—candidates 100 —periodic-pruning 10
Fercentage split k Relation: vote
) Classes to clusters svaluation Instances: 435
Artributes: 17

(Mom) Gl

- handicapped-infantsa
WaTer-project-cost-sharing
adoption—of-the-budget—resslution
] physician-fee-freeze L%
el-aslvador-aid

/] Store clusters for isualization

| lgnore attribute

religicus—groups-in-schools
| Start 1 anti-satellite—test—ban

Result list (rght-click for options) o icaraguan-contEas

13:40:24 - SimpleKMeans Lot gratdon
AynTuela-corporation-cutback
education-spending
superfund-right—to—sus
crame
duty-free—exporcs
export-administration—
Ciaaa
Test mode: evaluaste on training data

ct-south-africa

— Clustering model (full Ccraining set)

.
- v -
’su-mu .
o | ros
— - p—— o—— —
€@ Weks Explorer = = =]
_ [ Preprocess | Ciassiy | Cluster | Associate | Select stmbutes | wisuanze |
Clusterar
l Choose ]| it 0 crmax-car 100 -parodic-pruning 10000 -rmin-dansity 2.0 =11 1256 12 -1.0 N 2 -4 weka. core BEuclideanDistance -R first-last -1 500 —nurn—sll
Cluster mode Clusterer output
(= Use training set jerasans -
L) Suppliedtest set Set T
orcont " N Number of iterationa: 3
R L : Within cluater aum of agquared €rrora: 1510.0
) Classes to clusters evaluation
Norm) Cla Initial scarcing points (random :
4] Store clusters for Visualization Cluster 0: 0,0, ¥, ¥, ¥, ¥, 0,0, ¥, 0,0, 0, ¥, ¥, ¥, ¥, democrat
Clumcar 11 momayom v r e, v m T m, m YT, ¥, demooras
[ lgnore attribute s |
Mimming valuca globally replaced with mean/mode
s Final cluster centroidm:
Result list (right-click for options) Cluster#
Avtribuse Full Daca a .
13.40:24 - SimpleMeans tass-0) (214.0) (221.0)
nenaicappes intance = n v
i v v -
o L on o —the et reaclutien v - v
Ervelotan- fee freese - v -
Siraalvador-at v v n
T liaiona aretpa-in-schools v ¥ n
ARl matelllce. tenn ban v n v
aia-co-nicaraguan-—concras v n v
—mimtie v n v
inaigracion v v v .
- v -

Status

oK 1 Lag e ,E

&d “Weka Explorer = | S|

[ Preprocess | classity | Gluster | Associate | Selectatributes | Visualize |

Clusterer
| Choose '! i -init 0 -max-car 100 -periodic-pruning 10000 -min-density 2.0 -11 -1.25 -t2 -1.0 -N 2 -A "weka.core. EuslideanDistance -R firstlast’ |5un—num—s||
Cluster mode Clusterer output
=) Use training set PRySIGL = - — -
. el-salvador-aid ¥ ¥ n -
Se:
() Suppliedtest set Set religicus—groups—in-schools ¥ ¥ B
O3 Porcentage spit e anti-satellitetest-ban ¥ n ¥
- aid-to-nicaraguan—contzas ¥ n ¥
() Classes to clusters evaluation mx-missile ¥ n ¥
(Nom) Class immigraticon ¥ ¥ v
synfuels—corporation—cutback n n n
/] Store clusters for visualization . e
education—spending n ¥ n
superfund-right—to—sue ¥ ¥ n
L Ignore attributes | crime ¥ ¥ n
duty-free—exports n n ¥
Start o exportc-administration-act-south—africa ¥ ¥ ¥
= Class democrat republican — democrat
Result list (right_click for
13:40:24 - SimpleKMeans
Time taken to build model (full training data) : 0.02 seconds '
Model and evaluation on training set
Clusterea Instances
214 ( a93)
1 221 ( s13)
L%
|Ed
= S
Status
= Log

Goto - Visualize tab- click one box any visualize.
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&4 Weka Explorer — | (eS|

| Preprocess | classity | Ciuster | associate | Select attributes | wisualize |

Plot Matrix _proij; pri S eceze -aid __ religi

Clase

X handicapped-infants Y: Class (click to enlarge)

export-administra

duty fres-suports

A -
- ] Fast scrolling (uses more memory)
PlotSize: [100] )
. Update |
PointSize: [11 <
Jitter: < A M k==
| Colour- Class (Nom) [*] | subsamplese: | 100
Class Colour
Ademocrac republican
Status Li
oK Loo | s
Z kS = =) | = =) IS "
| 2| Weka Explorer: Visualizing vote | | = |
| % handicapped-infants (Mom) TJ | ¥ c1ass guomy TJ
| Cotour: Class (Mom) jJ | setect nstance tj
l Clear | L Open | L Save | Jitter O
 oaemrE [ 8 3 e
-
== B ¥ LY
w Eo 3 3
H 3
x &
H i
3 2
i 3
g %
£ 3
4 %
= .4 3
: L
E ¥
k-1 %Y
Class colour
democrat re publican

VIVA-QUESTIONS
1. A good clustering is one having

2. Which of the following is an exploratory data mining technique?
A. Classification B. Clustering C. Regression
3. Which of the following tasks can be best solved using Clustering.
A. Predicting the amount of rainfall based on various cues
B. Detecting fraudulent credit card transactions
C. Training a robot to solve a maze

Given two objects represented by the tuples (22, 1, 42, 10) and (20, 0, 36, 8);

ok~

Compute the Manhattan distance between the two objects
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6. Consider a set of five 2-dimensional points p1=(0, 0), p2=(0, 1), p3=(5, 8), p4=(5, 7), and
p5=(0, 0.5).
Euclidean distance is the distance function. The k-means algorithm is used to cluster the
points into two clusters. The initial cluster centers are pl and p4. The clusters after two
iterations of k-means are:

7. Clustering is a

8. Which of the following algorithm is most sensitive to outliers?
K-means clustering algorithm
K-medians clustering algorithm
K-modes clustering algorithm
K-medoids clustering algorithm

9. K means and K-medioids are example of which type of clustering method?
P1 P2 P3 P4
P1 0 1.000 1414 1.000
P2 1.000 0 1.000 1.414
P3 1.414 1.000 0 1.000
P4 1.000 1414 1.000 0
The Euclidean distance matrix between four 2-dimensional points, pl, p2, p3, and p4, is
shown below. A possible set of co-ordinate values of these points are:

10. Consider a set of five 2-dimensional points D1=(2,0), D2=(1,3), D3=(3,5), D4=(2,2) and
D5=(4,6).
Euclgdea)n distance is the distance function. The k-means algorithm is used to cluster the
points into two clusters. The initial cluster centers are D2 and D4. The clusters after two
iterations of k-means are:
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Experiment No. 8: Demonstrate performing knowledge flow on WEKA
i. Perform pre-processing tasks. ii. Perform decision-tree iii. Perform clustering

KnowledgeFlow
Introduction
The KnowledgeFlow provides an alternative to the Explorer as a graphical front end to WEKA’s
core algorithms. The KnowledgeFlow is a work in progress so some of the functionality from the

Explorer is not yet available. On the other hand, there are things that can be done in the
KnowledgeFlow but not in the Explorer.

o6

|—§e| [ DataSources | DataSinks Filters Classifiers Clusterers Associations Evaluation Visualization Plugins | |[k

— —

FEI| %. DataSources 1 |

—l = et
Z| = A e e

o | g‘ <% g s 2 <5 O <% € | =

| 1 1 1 —

Z | A Eas [T Dambase  Libsvm Serialized TextDiractary T
Z| Loader Loader Loader Loader Loader InstancesLoader Load Loader

-Knowledge Flow Layout

€ =] <fw>
fStatus | Log |

Component Parame ters Time Status
[KnowliedgeFlow] 0:0:49 Welcome to the Weka Knowledge Flow

The Knowledge Flow presents a data-flow inspired interface to WEKA. The user can select
WEKA components from a tool bar, place them on a layout canvas and connect them together in
order to form a knowledge flow for processing and analyzing data. At present, all of WEKA’s
classifiers, filters, clusters, loaders and savers are available in the Knowledge Flow along with
some extra tools.

WEKA there are ten classifiers that can handle data incrementally:

*+ AODE

«IB1

* IBk

» KStar

* NaiveBayesMultinomialUpdateable

* NaiveBayesUpdateable

* NNge

» Winnow

Features

The Knowledge Flow offers the following features:
« intuitive data flow style layout
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* process data in batches or incrementally

» process multiple batches or streams in parallel (each separate flow executes in its own thread)

« chain filters together

« view models produced by classifiers for each fold in a cross validation

« visualize performance of incremental classifiers during processing (scrolling plots of
classification accuracy, RMS error, predictions etc.)

« plugin facility for allowing easy addition of new components to the Knowledge Flow

KNOWLEDGE FLOW FOR PRE-PROCESSING
ADD ATTRIBUTE
Step-1: - Click on start button and then select All Programs and choose WEKA 3.8.3 in the
WEKA 3.8(with console).

£ Weka GUI Chooser — O X
Program Visualization Tools Help
Applications
Explorer

The University
of Waikato

Experimenter

KnowledgeFlow

Workbench
Waikato Environment for Knowledge Ansalysis
Version 3.8.3
fe) 1393 - 2018 Simple CLI

The University of Waikato
Hamilton, New Zealand

Step-2: - In the WEEKA GUI to select the knowledge flow.
Step-3: - Select the data sources and then select ARFF loader and dragon knowledge flow layout.

B Weka KnowledgeFlow Environment _ @ |
r:\k DataSources | Datasinks || Filters || Classifiers || Clusterers | Evaluation || visualization 13
DataSources
=)
a | & | & | & | s | o
ares cas oo Databaze  Sezialised
i Leadez  Loadez  Loader  Loades )
< b
Knowledge Flow Layouk
~
>
AR
zzzzzzzzzz
-
< >
Status
Welcome to the Weka Knowledge Flow Log

Step-4: - Select ARFF File right click in click configure to attach the file.
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About
Reads a source that is in arff (attribute relation file format) format
Lookin: |2 24-6-14
Y B iisema
X2 w SEMZ
My Recent o semz1
Documents
=
Desktop

My Documents

P

My Cormputer

;_£ File name: student. arff
My Metwark
Places Files of bvpet | arff data files

Click on open button.
Step-5: - Go to Filters and select unsupervised in the Add Field and dragon knowledge flow
BE

layout.

Weka KnowledgeFlow Environment

supervised

@ Datasources | Datasinks | Fiters | Classifiers | Clusterers | Evaluation | Wisualization
unsUpervised

?“

Spread

Sub=awple RemowveFolds

ooooo

ToBinary  Resample

A EDNAEEL

Attribute
Ordex Discre tize

Belection

<
Knowledge Flow Layout
A
L ARFF i ! ._5
s AN
ArifLoader )
2dd
v
< »
Status
Welcome ko the Weka Knowledge Flow Log

Step-6: - Select ARFF loader mouse right click in the connection to select data set and

connection between ARFF loader to Add.
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Weka KnowledgeFlow Environment

rl DataSources | DataSinks | Filters | Classifiers | Clusterers | Evaluation | Yisualization

aaaa

R
g I 5 ” 5 “ 5 " £z ” £ H 5 " & ‘ ‘ o H L " £ H i)

amp: Subsawple  Fem

>
Knowledge Flow Layout

>

D& S S8

~
< >
Status
Fiker  itoing traiing dats (SAMPLE-weka.fi tirbute. At egro-Cest-weka i tiribute AdeN2-Clst-wek. it

Step-7: - Select Add and mouse right click on in the select configure.

weka,filkers, unsupervised, attribute, Add

Ahouk

&h instance filter that adds a new attribute to the dataset.

attribukelndesx | last
attributeMame | tokal

narminallabels

[ Qpen... ] [ Save. .. ] l (o4 I l Cancel ]

Click on ok button.

Step-8: - Go to Evaluation menu and select Test set Maker and dragon knowledge flow layout.

Weka KnowledgeF low Environment (=13
%, | Datascurces | Datasinks || Fiters | Classifiers | Clusterers | Evaluation | visualization |[k |

B : Evaluation

] = = = =2 2 =y o

: b, =), b, Ppr==1u [==T0 = =18 == 51 e
= gl ‘ol Lol =29 = —he i) ¥ sl 7=l

© Training  TesuSes Gal idation TrainTest  Class Clas=ifalume  Clas=ifiex mcremental  Clusber

: crraren - To atraeas I Semimmer  Pickes BerfommansaBal s - Faimarar F B

< >
Knowledge Flow Layout

-
M e T |
| < >
aaaaaaaa
&d4  reseSec
e
2

< >
Status
Filter : Filtering Eraining data (SAMPLE-weka. Filkers. Unsupervised. attribute . Add-Mregro-CFirst-weka . Filkers . unsupervised. attribute . Add-MM2-Clast-weka. Filkers. unsupe. . . Log

Step-9: - Select Add in the knowledge flow layout and mouse right click in the connection data

set and connection between Add to Test Set Maker.
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Weka KnowledgeFlow Environment

% | patasources || Datasinks | Fikers | Classifiers | Slusterers | Bralation | visualization |[k |
= Evaluation 7-
== = == =] ==, 5h S b e
=N Ul ” Lol H Casldl l “tols l pi=. ] H =1 " - &l - &) gy ]
Training  TesoSew =Val idavion TrainTesw  Clas= Claz=talu = iex  Inczemenwal  Cluswes
© Seceraker Macex To1amakax P2 sterae as=igne Fickez = mans eEwal uar assifierEwaluar = mancas
< >
Knowledge Flovw Layout
~
datazar
S\g;n‘ —————datagey i"‘: 'S Aavazes
& EJ > 4 .
Azffloadez
2aa TeswZew
frtsgn
~
< >
Stakus
Filter : filtering training data (SAMPLE-weka. filters. unsupervised. attribute. Add-Mregno-Cirst-weka. filters. unsupervised. attribute . Add-rrM2-Clast-weka. filters.unsupe... tog

Step-10: - Go to Visualization menu to select Test Viewer and dragon knowledge flow layout.

Weka KnowledgeF low Environment

r;\k DataSources | DataSinks || Filkers | Classifiers | Clusterers | Evaluation | Yisualization
“isualization =
& o . =l
| [l " Car “ { Qf “ IE'@-J H {E'QI ” {Eﬁ‘ll " {E@-J 1.7
Dava fmezibuve Modal Tasew craph Sezip
,,,,,,,,,, amana PezfirmanceChazs Tiswaz Tismaz Chaze
< >
Knowledge Flow Layout
-~
S. K davases
s Smey ————f=tadey 1) dacaser =
sEf T ‘%T‘ 42«@ b
: 2y
AzffLleadax e -
Te=sSes  TaneViswer
fetives
-
< >
Status
Filter ; filtering training data {(SAMPLE-weka. filters unsupervised. attribute. Add-Mregno-Cfirst-reka. Filkers unsuper vised. sttribute. Add-NM2-Clast-rreka, Filters unsupe. . Log
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Step-11: - Select Test Set Maker in knowledge flow layout and mouse right click in connection

to select test set and connection between test set to Text viewer.

Weka KnowledgeFlow Environment

EEIX

r;\k DataSources | DataSinks || Filkers || Classifiers || Clusterers | Evaluation | Wisualization |[§ |
© Wisualization =
= |
= |: T " = “ LY, “ Y, ” £ ” = H fa ]
: Dava Scasvver svsribuse  Model Texs Graph Sorip
H Visnalimer FlocMarcrix amanar i FerformanceChart Hiewer Viewaxz Chare
< >
Knowledge Flow Layout
-~
davaser
S\,K ———asmmamey iﬁ (Y P =] =
ST E; IZI_J e | L3 s u@ b
e J
xxxxxxxxxx o -
BTl Tanwliiswas
et
~
< >
Status
Filter : Filtering training data (SAMPLE-weka.filkers unsupervised . attribute . Add-Mregno-CFirst-weka. Filters. unsupervised. attribute . Add-MNM2-Clast-weka . Fikers. unsupe. . Log

Step-12: - Select ARFF Loader in the knowledge flow layout in the action select start loading.
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Weka KnowledgeFlow En

DataSources | Datasinks | Filters | Classifiers | Clusterers | Evaluation | visualizakion
= pp—

=

E e jez= N (- = &y
< 2 o E] s et | Gl i =) (lF 2

Toecd CEce(ER oo B T G

rofle GeomAe S o Giomee  Toeeeto  Goite  Grbomencs Tobesmn G Dioeenis e

< >
e T AT

E
S: e ¥=gA
i §
30|
sTunEaT & [@] asvases
sas ‘%ﬂ
Tenoismes
Teruses
=

< >
Status
Filter : Filtering training data (STUDENT

Step-13: - Select Text Viewer in the knowledge flow layout mouse right click in the action to
select show result.

Text Viewer

Result list Texk

Brelation STUDENT-weka.filters.unsupervised.attribute,add-Ntotal-Clast

Battribute SN0 string
Battribute SNAME string
Battribute ENGLISH numeric
Battribute CPDS numeric
Battribute CO mumeric
Battribute DEGT numeric
Battribute P&3 numeric
Battribute AsFM numeric
Battribute CPDE-LAE numeric
Battribute CO-LAB mmeric
Battribute total numeric

BFdata

12481F0001 ,RLAKSHMI ,74,75,79,80,85,78,74,80,7
12481F0002 ,BLAKSHMI ,74,75,79,80,85,78,74,80,7
12481F0003, JEEVAN,54,85,89,80,86,77,74,80,7
12481F0004, PHANT 74,88 ,659,80,65,88,84,80, 7
12451F0005, PAVANT ,74,75,79,80,85,758,74, 72,7
12451F0006, TRINADH, 74,75,79,80,85,78,74,75, 7
12451F0007, GOUTHAMT ,74,75,79,80,585,78,74,80,7
12451F00058, LAKSHNL, 74,75,79,80,85,78,74,60, 7
12451F0009,GIRISH,74,75,79,80,585,75,74,70,7
12451F0010,GRACE, 74,75,79,80,585,78,74,76,7
12451F0011,DLAKSHMI ,74,75,79,80,585,78,74,75,7
12451F0012, S¥AM,54,85,79,80,62,85,74,85,7
12481F0013, SPARTAN, 74,75 ,78 ,60,85,78,74,70, 7
12481F0014,ESWAR, 74,75,79,80,85,78,74,70, 7
12481F0015, SUBHADRA,74,75,69,580,85,78,74,70, 7
12481F0016, PHANT, 74,75,79,60,85,78,74,70, 7
12481F0017,BRAMAHYA,74,75,89,580,85,78,74,70, 7
12481F00158,DEEPTHI, 74, 75,70, 80,85, 78,74,70, 7
12481F0019, SRAVYALLTHA, 74,75, 79,580, 55,78,74,70, 7
12481F0020, NAGAEAEY,74,75,79,580,85,78,74,70, 7
12481F0021, 'MANTKANTA SAI',74,75,79,80,85,78,74,70, 7
12481F0022, RAMAKRISHNA, 74, 75,589,580, 85,78,74, 70, 7
12481F0023, NAGARIUNA, 74, 75,79, 80, 85,78,74,70, 7
12481F0024, BHULAKSHNI , 74,75, 69,580,585, 78,74, 70, 7
12451F0025, PLAKSHMT 74,75, 79, 70,85,78,74,70, 7 bt
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Add Expression.

Step-1: - Click on start button and then select All Programs and choose WEKA 3.8.3 in the

WEKA 3.8(with console).
&3 Weka GUI Chooser — O ®
Program Visualization Tools Help
Applications )
Explorer

'aWEKA

The University
of Waikato

‘Waikato Envircnment for Knowledge Analysis
Version 2.5.3

{c) 1999 - 2018

The University of Waikato

Hamilton, New Zealand

Experimenter

KnowledgeFlow

Workbench

Si

imple CLI

Step-2: - In the WEEKA GUI to select the knowledge flow.

119

Step-3: - Select the data sources and then select ARFF loader and dragon knowledge flow layout.

rl Datasourcss | Datasinks | Fikers | Classifiers | Clusterers | Evaluation | Visualization

E :  DataSources
& |

&1 6 | & | &

P

|

H Loader Loadez Loader Loader
L3

Knowledge Flow Layout

&
“ARFF

Arffloader

<

Status
Welcome to the Weka Knowledge Flow

ArEf cas o3 Databass

Serialized

InstancesLoader

Weka KnowledgeFlow Environment g@@

N

Log

Step-4: - Select ARFF File right click in click configure to attach the file.

Il B.Tech Il Sem Data Mining-Lab

GEC




Abouk
Reads a source that is in arf fattribute relation file farmat) format,
Look in: |@ 24-6-14 vl T 2 EE
) B iisema
My Recent A semzZl
Daocurments = student
=
Deskiop
My Documents
w9
My Compuker
‘% File mame: | SEMz.ARFF | [ Open ]
My Metwork, .
Places Files of bype: |P.rFF data files hd | Cancel

Click on open button.

Step-5: Go to Filters and then select Add Expression and dragon knowledge flow layout.

Weka KnowledgeF low Environment

BED

r;e DataSources DataS\nks|Fi|t975|C|assiF\ers Clusterers | Evaluation | Yisualization |[k |
:  supervised unsupervised
B
YRV AR R R R R R
=1k ‘ i H g H fra H g H Kl H u) H &) o | Gest | Cemt | 2P
i | acozibuse Class Keominal Spread Stravified add add add
Selection Uzder Discretize ToBinary  Resample  Subsanple RemoveFolds add Cluster  Expression  Neise
4 | >
knowledge Flow Layout
A
S'\,Anrr 1 B
& + @
IR
ArffLoader v
add
Expression
~
£ »
Status
‘Welcome to the Weka Knowledge: Flow Log

Step-6: - Select Add Expression and right click on select configure.
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weka.filkers, unsupervised. attribute, AddExpression

Abouk

&ninstance filter that creates a new attribute by applying a

mathematical expression to existing attributes.

debug |False v
expression | a3-+ad+aS+ac+ar

name | total
[ Open... ] [ Save... ] [ oK ] [ Cancel ]

Click on ok button.

Step-7: - Select ARFF file to connection between the Add Expression to right click on ARFF

file to select Data set.

Filker : filtering training data (Studenk

(][
rl Datasources | DataSinks | Fiters | Classifiers| Clusterers | Evaluation | Visuslization |[k |
¢ supervised unsupervised
=
A AR R R AR
ﬁg‘ i H ) ‘ 2 H & H 3] H up | 0 @ | w | G | O
| heeribues o Meminal Spread  Stratified add Add add
 Seleskion  Ozder  Disczevime TeBinary  Besanple  Subsample  RemoveFolds add Cluster  Epzession  Heize
LS >
knowledge Flow Layout
A
S\dm dataSer 1
+&h
1]
Arffloader
Add
Expression
v
< >
Status
Log

Step-8: - Go to Evaluation and select Test Set Maker drag on knowledge flow layout.
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Filker : Filtering training data {Student

r?% Datasources | Datasinks | Fiters | Classifiers | Clusterers | Evaluation | visualization [k
Evaluation —
=] 7
SETET & [SHlaETE] = - on
= = = =5 Ao g 2
& arhy @ o ek 16 =11 T 3] wl| [
Training  Test3et  Cressialidation TrainTest Class ClassValue Classifier Inczemental Cluster
| SatMaker Maker ToldMakez SplitMaker  Assignes Picker  PerformanceEvaluater ClassifisrEvaluater PerformanceE
< >
Knowledge Flow Layout
Py
ey Tt ?‘
+ @ I,
1) <
ArffLoader Za
il TestSes
Expression Tinees
~
< >
Status
Log

Step-9: - Select Add Expression and right click on to select Data set option to connection

between the Add Expression and Test Set Maker.

|—§e DataSuurces | DataSinks | Filters | Classifiers | Clusterers | Evaluation | visualization

E Evaluation B
£\ E £ i.,. £ == g:rr‘;:, glf".' gn':‘;: -
L= {_ L= L L {: [3. &7 2. & 4, 2
| by e b Ealy ¢ =1 Ll Tl T
Training  TestBet  Cressialidabion TrainTess Class  ClazsWalue Clazsifies Inczemental Cluster
SetMakez Maker FoldMakez SplitMaker dsrignez Picker  ParformancsEvaluaver ClassifissEvaluater Pezfozmancels
< >
A

Enawledge Flow Layaut

Arffloader

aad
Enpression

<

Status
Filter ; Filtering training data (Student

A datages
S ARFF w’ b et ‘ S
i: — ammabes
1 [Exp]

TestZat
Maher

Log

Step-10: - Go to visualization and select Text Viewer to drag on knowledge flow layout.
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DataSources | Datasinks | Fikers | Classifiers | Clusterers | Evaluation | Visualization [y
S visualization
=
s alalal & [ala]a]
Data Seatter atbzibubs Madel et Graph Sezip
: Wisualizer PlotMatziz Sunmarizer PezformanceChart Viemer Viewer Chart
4 >
Knowledge Flow Layout
~
gvi’nirr Tt B
- +¥h —__d“ﬁ;ﬁ_, I
i) \
Arffloader y [ u.@ b
& Teszaer = —J
Expression e :
Texviismer
v
< >
Status
Filter ; Filtering training data (Student Log
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Step-11: - select Test Set maker to right click on to select test set to connetion between Test Set

Maker and Text Viewer.

D’% DataSources | Datasinks | Fiters | Classifiers| Clusterers | Evaluation | Yisualization [k
:  Misualization
®
a | & & Q] & & & | &
Data Beatter astribute Hodel Tent Graph Serip
: Visualizer Plotatziz Summazizer Pezformancelhat Hiewer Viewez Chart
< b3
Knowledge Flow Layout
A~
B
+ @) datadat A
' - pesed (B
Azifloades E m@l' |
B Testet . —J
Eapression Tofem
Tentiewer
v
< b3
Status
Filter : filkering training data (Student Log

Step-12: - select ARFF Loader to right click on start loading.
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|—§E DataSources | DataSinks | Filkers || Classifiers || Clusterers || Evaluation | Yisualization
|—£| : - wisualization

(lalala] =

o

iy

Data Scatter At ibute Model
Fisualizer FlotMarrix Sunmarizer PerformanceChars

<

Knowledge Flaw Layout

s‘v!»!j" Tt

&a3 TestSe
Expzession frati

<

Status
Filker : Filtering training data (Student

Text
Viewez

Graph
Viewer

ﬁJi%“%\.(@

TextUiswes

Step-13: - select Text Viewer to right Click on show result.
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Text

Battribuce 3N0 string

Battribute 3NAME string
Battribute JAVA mmeric
Battribute COBOL mumeric
Battribute 03 numeric

Battribute OSHRM numeric
Battribute OR numeric

Batteibute ad+ad+aS+as+a? numeric

Bdata
12451F0001 ,RLAKSHMI, 55,56,87,79,89, 426
12481F0002,BLAKSHMI 80,81, 82 ,82,70,395
12451F0003, JEEVAN,79,75,85,86,90,415
12481F0004, PHANT , 85,79,78,75,92, 410
12451F0005, PAVANT,55,54,585,84,83,421
124581F0006, TRINADH, 79,75, 76, 74,80, 364
12481F0008, LAKSHNI, 78,86,88,75,90,417
12451F000% ,GIRISH,50,60,80,85,85,410
12481F0010,GRACE , 85,86, 85,80,85,421
12451F0011, LAKSHMI, 85,51,580,79,380,415
12481F0012, $¥AM,79,80,75,80,79,393
12451F0013, SPARJAN,95,76,80,75,79,405
12451F0014,ESWAR, 90,79,79, 76,80, 404
12481F0015, SUBADHRA , 85,80, 76,80, 70, 391

Brelation STUDENT-weka.filters.unsuperwised.attribute,AddExpression-Eai+ad+aS+ad+a?-Nexpreasion
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Step-1: - Click on start button and then select All Programs and choose WEKA 3.8.3 in the

WEEKA 3.8(with console).

&3 Weka GUI Chooser

Program Visualization Tools

Version 2.5.3

{c) 1999 - 2018

The University of Waikato
Hamilton, New Zealand

'aWEKA

‘Waikato Envircnment for Knowledge Analysis

Copy Attribute.
- O *
Help
Applications )
Explorer

The University -

of Waikato

KnowledgeFlow

Workbench

Simple CLI

Step-2: - In the WEEKA GUI to select the knowledge flow.
Step-3: - Select the data sources and then select ARFF loader and dragon knowledge flow layout.

Weka KnowledgeFlow Environment

E . DataSources
& |

<

Knowledge Flow Layaut

<

Status
Welcome to the Weka Knowledge Flow

r?ée DataSources | Datasinks | Filters | Classifiers | Clusterers || Evaluation | Yisualization |[k |
“ane “ane i RiAL |
S ¢ | & | & | &
ATEE £4s BV Database Serial imed
Loader Loader Loader Loader InstancesLoader
4
~
S\,Anrr'
Arffloadar
w
¥
Log

Step-4: - Select ARFF File right click in click configure to attach the file.
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Mare

v| 2 EE

About
Reads a source that is in arff (attribute relation file format) format.

Look in: |E| 24-6-14
=Y B isema
6] - SEM2
My Recent B semzl
Documents =
=

i
&
- IS
a

My Documents

My C—;rleter
‘g Filz name: | student, arff | [ Cpen ]
My Metwork
Places Files of bype: |ArFF data files 4 | [ (e ]
option and dragon knowledge flow layout.
BEE
L

Click on open button.
Step-5: - Go to Filters and then select cop

&% %]

Cluster
Dis

Weka KnowledgeFlow Enviranment
DataSources DataSlnks‘ Filters ‘Classmers Clusterers | Evaluation | Visualization

unsupervised
add add Changs
i Hoize DateFormat Menbership
¥

B
T ;
a [0 H % H
eminal Spread Brravified Add
cBinary  Resanple  Subsawple RemoveFolds Add Cluster  Ezpressien
¢ |
Knowledge Flow Layout
-

I
’ 5

Arffloader
Copy

Lag

<

Status
Filter : filtering training data {Student

Step-6: - select the ARFF Loader and right click to choose Data Set to create connection between

ARFF Loader and copy.

GEC

Data Mining-Lab
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Weka KnowledgeFlow Environment |Z”E|E‘
’—l DataSources DataSmkslF‘ltafslclasswfiers Clusterers | Evaluation | Yisualization ‘[k_|
unsupervised =
& =
AN ENESIEN N EN NN oy
a% %% B % %% % & %%
ominal Spread  Suravified add add Add Change Cluster
Einary  Besample  Jubsanple RemoveFolds add Cluster  Expressien  Meize  DabeFozmat Membership Copy Dis
< | b3
Knowledge Flow Layout
A

- ARFF
datale
. ?‘ iL
ArifLoadez I"
Copy

<

Status
Filker : filtering training data (Student
N =13

Step-7: - select copy and right click on to choose configure option .

weka, filkers, unsupervised, attribute, Copy

Ahbauk
Aninstance filter that copies a range of attributes in the

dataset.
attributelndices | 1-2

invertSelection | False w |

[ CIpEn. .. ] [ Save,.. ] [ Ik ] [ Cancel ]

Click on ok button.
Step-8: - Go to Evaluation and select Test Set Maker drag on to knowledge flow layout

Data Mining-Lab
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Weka KnowledgeFlow Environment

<

Status
Filter : filtering training data (Student

TTTTT

rl DataSources | DataSinks | Fikers | Classifiers | Clusterers | Evaluation | visualization |[§
™= Evaluation 7-
== == H == == == == £ ‘1:?“‘ o =
[= =T = =R B 455k = =1 Pl==T8 e = i
| todet [ ‘ool || Cerlal ol pi= =1 i) T Tm
Tzaining TescSer  CrossUalidacion TrainTesc class —eva1 Classifiezr  Imczemencal  Clusces
eMaks Makez Falifakez SplicMakaz  Assimnes Picksz mancsEvaluaves 01 v = PazfozmanceEn
< >

¥
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Step-9: - select copy and right click on to choose Data Set to connection between the copy and

Test Set Maker.

Weka KnowledgeF low Envirenment
S
=) = ~ > =S T~ = P = =
s [&@]|]E] & | &&= == | #F | =
e e T e e N
e e B miiviaiar  Aeeipmes | Bidees N |
< >
waleds o
=
Sv!.!i-: w‘ i::A
.
i) SIS S
ety
< >
ssssss
;;;;; (i oo it s

es | DataSinks | Filters

Classifiers

Clust

terers

@ @ | &

Visaalizez Plowtfats ix

<

Stakus

Filter © Filketing training data (Student

ibuee [

EEEEEEE

:::::

| | =
>
.
1
,

Step-11: - select Test Set Maker and right click on to choose Test Set to connection between Test

Set Maker to Text Viewer.
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r?k DataSources | DataSinks || Filters | Classifiers || Clusterers | Evaluation | Wisualizstion

wisualization

=

= L& | [ & | & [ & | & |
e o1 oot n i S Dazfemmamenthaze o e aane |

Knowledge Flow Layout

< >v

Status

Filter : Filtering kraining data {Student

Step-12: - select ARFF Loader and right click on to choose Start Loadin

[ | Dotosources | Dokasinks | Fiters | Classifiors | Chusterers | Evalustion | visuslization [ |
[ | v [
— - e # - =
= (IR IR - =
: -

Enowladge Flow Layout

- -

Filter : Filtering Eraining data (Student

Step-13: - Select Text Viewer and right click on to choose show

Result lisk Text

Brelation STUDENT-weka.filters.unsupervised.attribute.Copy-RL-2

Battribute SNO string
Farctribute SNAME string
Battribute ENGLISH numeric
Bartribute CPDS numeric
Battribute CO numeric
Battribute D3GT numeric
Battribute P&¥ numeric
Battribute AsFM nuneric
Battribute CPDS-LAE mumeric
@Battribute CO-LAE numeric
Batrribute 'Copy of 3M0' string
Battribute 'Copy of 3NAME' string

Edata
12481F000L ,RLAKSHNI , 74,75,79,80,85,78,74, 60, 12451 FO001 , RLAKSHIT
12481F0002, BLAKSHNI, 74,75,79,80, 65,78, 74, 60, 12461 F0002, BLAKSHMI
12481F0003, JEEVAN, 584, 85,85,80,56,77,74,50,12451F0003, JEEVAN
12481F0004, PHANI, 74,88, 69,60,65,88, 84,80, 12481F0004, PHANT
12451F0005, PAVANT, 74,75,79,80,85,75,74,72,12451F0005, PAVANT
12481F0006, TRINADH, 74,75,79,60,85,78,74, 75, 12481 F0006 , TRINADH
12481F0007, GOUTHAMI , 74,75,79,50, 85,78, 74, 80, 12451 F0007,, GOUTHAMI
12451F0008 , LAKSHMI , 74,75,79,80,85,78,74, 60, 12481 FOO05 , LAKSHNT
12481F0003, GIRISH, 74,75,79,60,65,76,74,70, 12481F0003, GIRISH
12451F0010, GRACE, 74,75,79,580,85,78,74,76, 12481F0010, GRACE
12481F0011,DLAKSHNI , 74,75,79,80,85,78,74,75, 12461 FO011, DLAKSHMI
12481F0012, 5¥AM,54,85,79,80,62,58,74,85,12431F0012, SYAN
12451F0013, SPARTAN, 74,75,79,580,85,78,74,70,12481F0013, SPARTAN
12481F0014,ESWAR, 74,75,79,60,85,78,74,70, 12481F0014, ESWAR.
12451F0015, SUBHADRA, 74,75,69,50,585,73,74,70,12451F0015 , SUBHADRA
12481F0016, PHANI, 74,75,79,60,85,78,74,70, 12481 F0016 , PHANT
12481F0017, BRAMAHYA, 74,75,89,50,585,78,74,70, 124531 F0017, BRANAHYA
12481F0018, DEEFTHI, 74,75,70,80,85,78,74, 70, 12481F0018 ,DEEFTHL
12481F001S, SRAVYALATHA, 74,75,79,60,85,78,74,70,12481F0019, SRAVYALATHA
12451F0020, NAGABABU, 74,75,79,50,55,78,74,70,12451F0020, NAGABARY
12481F0021, 'MANIKANTA SAI',74,75,79,80,85,78,74,70,12461F0021, ' MANIKANTA SAL'
12451F0022 , RAMAKRISHNA, 74,75,59,50,85,78,74,70,12481F0022 , RAMAKRT SHNA
12481F0023, NAGARJUNA, 74,75, 79,80,85,78,74,70, 12481 FO023 , NAGARIUNA
rESU|t 12451F0024, BHULAKSHNI, 74,75, 89,80, 85,78, 74,70, 12481F0024, EHULAKSHNI 4
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Remove Attribute

Step-1: - Click on start button and then select All Programs and choose WEKA 3.8.3 in the

WEKA 3.8(with console).
&3 Weka GUI Chooser — O ®
Program Visualization Tools Help
Applications )
Explorer

'aWEKA

The University
of Waikato

Workbench
‘Waikato Envircnment for Knowledge Analysis
Version 2.5.3
(3 TEEE= A Simple CLI

The University of Waikato
Hamilton, New Zealand

Experimenter

KnowledgeFlow

Step-2: - In the WEEKA GUI to select the knowledge flow.

130

Step-3: - Select the data sources and then select ARFF loader and dragon knowledge flow layout.

r;é DataSources | Datadinks || Filters | Classifiers | Clusterers | Evaluation || Yisualization

B :  Datasources

g1 86 [ & | & |

"

|

ATEf 48 oY Databasze
Loader Loadex Loader Loader

5

Enowledge Flow Layout

6‘_
“~ARFF

Arffloadex

<

Status
‘Welcome to the Weka Knowledge Flow

Serial imed

InstancesLoader

Weka KnowledgeFlow Environment g@gl

x|

Step-4: - Select ARFF File right click in click configure to attach the file.
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Abouk
Reads a source that is in anf (attribute relation file Tormat) format.
Look in: |@ Z4-6-14 Vl T =2 EE
My -, jisemna
My Recent B cemZl
Documents g student
=
Deskkop
My Documents
g
My Computer
1 File name: | sEMz.aRFF | open |
My Mebwork,
Flaces Files of type: |.ﬂ.rFF data Files - | Cancel

Click on open button.

Step-5: - Go to Filters and then select Remove and dragon knowledge flow layout.

Weka KnowledgeFlow Environment

|—§e DataSources DataSinksl Filters‘Classifiers Clusterers || Evaluation | Visualization
5
B
A T o o o - o
& mj ‘ st H ! H it H at | Test | Tiat H e H = | %
PRI Randem Remowve Remsve Replac Svzing
inary Transform Obfuscate Discre tize Projection  Remowe Type Useless  Missingalues BStandardize ToNominal  Wozdi
< | >
Knowledge Flow Layout
A
S'\,A!nrs
= 1 -
Lh
Arfiloader | '|§|
Ramowve
At
< >
Status
Filter : filtering training data (Student Log

Step-6: - select ARFF Loader and right click on to choose Data Set to connection between the

ARFF Loader and Remove.
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Weka KnowledgeFlow Environment

’—l DataSources DataSinkslF”thS‘CIass\ﬁers Clusterers | Evaluation | Visualization

B =
11 13 e JE 1 1 e Il LY e ]

& il ’ & “ T H Rt H % \ fa ‘ R ’ % ” i H Tt H % l :
aric Wameric PEI Eandom Eemove Remowve Replace String stri
inary  Transform Obfuscate Discre tize Projection  Remove Type Useless  Missingifalues Standardize ToNominal Wordl
< | ¥

Knowledge Flow Layout

-~
S'\dnrr \‘
datafet ?‘ i
1
1
ArffLoader ':DI"
Remove
bt

4 | ¥

Status

Filter : filtering training data (Student Log

Step-7: - Go to Evaluation and select Test Set Maker and drag

layout

Weka KnowledgeFlow Environment

on to knowledge flow

Dk DataSources | DiataSinks | Fikers | Classifiers Clusterers‘E\’ﬂklatiﬁn ‘V\suahzation |[‘ ‘
E Evaluation
ATa&]l & [&ATAT & e A &5 -
| ady @ @ e i =1 2] 31 ]
Training  TestBet  CrossValidabion TrainTest  Class  ClassValue Classifier Incremental Cluster
Bettlaer Makez TeldMaker  SplitMaker Assigner  Pickes  PesfermanceEvaluator ClaszifierEvaluater PecfemmanceDn
< | ¥
Knowledge Flow Layout
A
\AREF
dataZat .
L .
Ly %
Arffloader 'D |‘)
Remove v,
Tert3et
Maker
v
< >
Status
Filter ; filtering training data (Student Log

Step-8: -select Remove and right click on to choose configure .
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weka.filkers, unsupervised, attribute. Remove

Abouk

&ninstance filter that removes a range of attributes from the

dataset.

attributeIndices | 1-2

invertSelection | False

[ Open. .. ] [ Save... ] [ 04

Click on ok button.
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Step-9: - select Remove and right click on to choose Data Set to connection between to Remove

and Test Set Maker.

Weka KnowledgeF low Environment

D‘e DataSources | Datadinks | Filters | Classifiers C\usterers|EVa|Uati0n ‘V\sua\ization |[‘ |
[E Evaluation
4""'5 1"!‘_1 1"!‘_1 F't‘b 4'_!‘_‘ 4'_?_‘ i?Axa 7 9‘.;‘— :
& o | ‘ed « b | ¢ | Y= 3 al 3
Training  TestSet  CrossValidation TsainTest  Class  ClassWalue Classifiez Incremen al Cluster
SetMaker  Makez Foldfakez  JplitMaker Assigner  Picker  PecformanceBvaluater ClassifierEvaluator PecformanceEs
< >
Knowledge Flow Layout
A
U ARFF
datalet
1
Ly
arffloader 'D datader
Test,
Remove ’
Testlet
Mz
v
< >
Status
Filter ; filkering training data {Student Log

Step-10: -Go to Visualization and select Text Viewer drag on to knowledge flow layout.
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Weka KnowledgeFlow Environment

’—:\% DataSources | Datasinks | Filters | Classifiers | Clusterers Eva\uat\oan\Suaﬁzat\On‘

e ela]l & [ &

Data Scatter sttribute Model Text Graph

HER

mE 7

Serip
Wisual iser FlosHasrix Summar izer PerfornanceChars Viemer Viewer Chare
A >
Knowledge Flow Layout
~
\ARFF
datafet ;“
“ : 3
]
v =21, a
S ¢ i
Remove Ly
Tentismer
Te=tSet
Maker
v
4 »
Status
Filter : filtering training data (Student Log
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Step-11: - select Test Set Maker and right click on choose Test Set to connection between Test
Set Maker to Text Viewer.

r?k DataSources || DataSinks | Filters | Classifiers | Clusterers Evaluati0n|V|5U3||26tlon|

Weka KnowledgeFlow Environment

H_I—_Il : Misualization
&

(& [a]a)

{F‘E; {_EFEJ

Data Scatter

PlotMatrix Summariser

attribute Model Text Graph Strip
PerformanceChart Viemer Viemer Chart

Knowledge Flow Layout

A
S LARFF
dataSet )
) v i —
< gy |
ArffLoad. - dataZet 1 i 123
sifloader lf | D} N;‘nl‘)d______cﬁm ﬂ® p
. 0 B
o Test ~
eeeeee =
: TextPiewer
Tast3at
Maker
v
< | >
Status
Filter : Filkering training data {Student Log

Step-12: - Select ARFF Loader and right click on start loading.
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Weka KnowledgeF low Environment

|—§e DataSources | Datasinks | Fiters | Classifiers || Clusterers | Evaluation | Visualization |
HEI Yisualization
Y - - ol
= ‘ {a H {a H {3 H al £ i H
Data Scacver Avtribuce Model Text Fraph
: Tisualizer FlocMavr ix Sunmarizer FerformanceChars Tiewer Viewer
< ¥
Knowledge Flow Layout
A
S’\aur:
dataSet
% 1 S
1
G T B e 0
=18 oy
Remove R :
TextUismer
Testlet
Makex
v
< ¥
Skatus
Filker : Filtering training data {Student

Step-13: - select Text Viewer and right click on the show result.

< Text Viewer

Resul lisk

Text

[@relation STUDENT-weka,filters.unsupervisged.accribuce,Renove-R1-Z

Batrribute JAVA mumeric
Battribute COBOL numeric
Battribute 0% mumeric
@attribute OSHRM numeric
Battribute OR numeric

Bdata

85,86,87,79,89
80,81,82,82,70
79,75,85,86,90
86,79,78,75,92
565,584,85,84,83
79,75,76,74,80
78,86,858,75,90
80,80,80,85,85
85,86,85,80,85
85,81,90,79,80
79,80,75,80,79
95,76,80,75,79
90,79,79,76,80
85,80,76,80,70
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KNOWLEDGE FLOW FOR DECISSION TREE
Knowledge flow for ID3 .
Step 1: open the Notepad and create the ARFF File.

I D3 - Notepad

136

File Edit Format Wiew Help

% TITLE:decission Tree:ID3-algorithm
% Date:02-05-2014

% Creator by :M.MANIKANTA SAT
@relation ID3

@attribute age {<=30,31...40,>407%}
Gattribute Tncome {high,medium, Tow}l
gdattribute student{no,yes
Gattribute credit_ratingf{excellent,fair}
@attribute buys_computer{yes,no}

k4

=1

@data

<=30, high, no, fair,no

<=30, high, no, excellent, no
31...40,h7gh, no, fair,yes

=40, medium, no, fair, yes

=40, Tow, yves, excellent, no

31...40, low,yes, excellent, yes
<=30,medium, ho, fair, no

<=30, low, yes, fair, yves

=40, medium, yes, fair,yes
<=30,medium, yes, excellent, yes
31...40,medium, no, excellent, yas
31...40,high,yes,falir,yves

=40, medium, no, excellent, no

Step2: To open All Programms —»weka3.8.3 —» weka3.8(with console) .
Step 3:click on the Knowledge Flow.

£ Weka GUI Chooser — O X
Program Visualization Tools Help
Applications
Explorer

7 WEKA

The University
of Waikato

Experimenter

KnowledgeFlow

Workbench
Waikato Environment for Knowledge Ansalysis
Version 3.8.3
fe) 1393 - 2018 Simple CLI

The University of Waikato
Hamilton, New Zealand

Step 4: click on the Datasources tab and drag the Arff Loader ,Right click over the Arff loader

and select “configure” from the pop menu.
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< Weka KnowledgeFlow Environment £
r:}e q ataSinks || Filkers | Classifiers | Clusterers | Evaluation | Yisualization | [k |
DataSources
=]
a| & | & | & | s | & |
ATff cas cEv Database Serialized
: Loadex Loadex Leadex Loadax InztancesLoades
< >
Knowledge Flow Layout
~
S'\,Anr:
w 3
arffloader
As
< ¥
Skatus
‘welcome to the Weka Knowledge Flow Log

Click on open.

Abouk

Feads a source thatis in arff (attribute relation file format) farmat.

Laok in: |[f‘—;'| 12F21

My Recent
Crocurments

By

Desktop

&

My Documents

@

My Cornpuker

File name: | 1Dz, ARFF |

(o ]

My Mebwork

Places Files of bvpe: |.¢\.rFF data Files ~ |

Cancel

Step 5:click on the Evaluation tab at top of window,choose class Assigner,
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2L Weka KnowledgeFlow Environment

r; DataSources || Datasinks || Filters | Classifiers | Clusterers | Evaluation | visualization | D |
3 Ewaluation
(=N . .
=N =N =N =N =N e & &
= ar) ) «'a) Gedn || =S¢ =74 <oz el 3
Training TestSer  Czeossvalidavion TrzainTest Cla=s Classtralue Classifiez Inczemental Cluswez
SavMakaz Makaz Folafakez SpliuMaker  Assignes Fickez FerformanceEvaluaver ClassifiezBvalusver Pazfozmancabs
< | >
Knowledge Flow Layout
-~
<5 e
_—— b 5
Arffloades Clase
Az=ignaz
>
< >
Status
welcome to the Weka Knowledge Flow Log

Step 6: Right ¢

lick on Arff loader and select the “Data Set”.

W Lnvironmen

r?k DataSources | DataSinks | Filters | Classifiers Clusterers| Evaluation |Visualizati0n |[k |
HEI ¢ Evaluation
et [ & & [ & S S afie &2 &
& | ] @ ) dado e = ol ol 3]
Training TestSet  CrossValidation TrainTest Class ClassValue Classifiex Inczemental Clustez
: SetMakez Makez FoldMakez SplitMaker  Assignez Picker  PerformanceEvaluater ClassifierEvaluator PerfozmanceEs
< | >
Knowledge Flow Layout
-~
- —_Mi ‘ k ClassAssignerCustomizer
Ll | ¢ Choose class attribute
» 4
- < m— =
Arffloadex flass =
Azsignez
v
< >
Status
‘Welcome to the Weka Knowledge Flow Log

Step 7 : Choose cross validation fold maker, component from the evaluation toolbar
Step 8: connect class assigner to cross validation fold maker and right click over class assigner,
select dataset under the connection menu.
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|—§$ DataSources | DataSinks | Filters | Classifiers | Clusterers | Evaluation | yisualization Y |
:  Ewaluation
E |
A== = =% = =G = =T | = =X afe e
&3 |: ] ) tado = =1 =l ol
Training TestSer  Czosstalidavion TrainTase Clas= Clas=valus Classifisz Clustaz
- SetMakex Maker FoldMakex SplitMaker  As=signer Picke: PerformanceEvaluator ClassifierBwvaluator FerformanceEs
< | >
Enowledge Flow Layouk
4 daraze: %l‘) datas |.>
ey % 4 —dacaley o %
S\ pl=: 4 i
arffLoadax Class Crossialidation
assignaz Foldakez
-
< | >
Skatus
welcome bo the Weka kKnowledge Flow Log

Step 9: click on classifiers tab on the window scroll the toolbar, specify 1D3.

Step 10: connect the cross validation fold maker to ID3 by first choosing training set and then
text set for the cross validation fold maker.

£ Weka KnowledgeFlow Environment

r:;; DatasSources | DataSinks | Filters | Classifiers | Clusterers | Evaluation || Yisualization ‘ [k ‘
misc trees
=
@ “*’r H'PJ' ‘:'pf' n: un» "" .';:‘L. "'°-m‘r @
Hyper an Deci=ion
Pipas VEI Trzz o J4E LMT
£ | >
knowledge Flow Layout
toad &
Y =
¥ m
1 | 4 'ty u}
F__—/___q;:a.a 1 ——dap (EiEd
S AREE Delete
4 . Configure...
Tlass Cres==Val iy onnections
ArffLoader Az=ignec FoldMal
trainingSet
b
< | 2
Skakus
welcome ko the Weka Knowledge Flow Log

Il B.Tech Il Sem Data Mining-Lab GEC




= Weka KnowlzdgeFlow Environment

Dk DataSaurces | DataSinks Filters| Classifiers | Clusterers | Evaluation | Yisualization
[B misc lrees
o= { (" 4 45 Ga Py et |48t ey |4
ﬁ "':'.nr ‘”f BP[ i 'ﬁL o uunrn "fEL '.::L o '.‘n.ir ‘i m:r-mrn
Hypez & Decision ¥NE Random
Vot e Pipes VI Trze Stunp 142 143 LT L5 Trae Fozest
< | >
Knowledge Flow Layout
~
trainin
& —Ey 4%& —1 4% s ‘T*?\:
Arffloader flass CzossVal idation .
Bozignes FoldMakez
¥
{ 4
Status
Welcome ko the Weka Knowledge Flow Log

Step 11: Go to evaluation tab and place a classifier performance evaluator component on the
layout Connect 1D3 to this component by selecting the batch classifier entry from the popup

menu for ID3.

; DataSources || DataSinks | Filkers || Classifiers Clusterersl Evaluation | Wisualization
E : Ewaluation
3 £ == == = == S FS & T
== N L Fi=="1Y% 45596 == Flmaris W pory W
= azin ) Gk = = = 7zl g
Training TestSet  Crossifalidation TrainTest Class Classtalue Classifiex Incremental Cluster
SetMaker Maker ToldMaker SplitMaker Assigner Picker PerformanceEvaluatsr ClassifisrBwaluator PerformanceEs
< | >
Enowledge Flow Layout
~
1 trainin
datafe |~ datadsf Lb) o= S
€ e B 2F m-w -
. = ¢ ian W&Ef ~
= - ek
Arffleoader Class Cras=ifalidation B -
as=i ToldMakex
s ianer Clas=ifier
ParformanceEvaluator
v
< | >
Status
“Welcome ba the Weka Knowledge Flow Log
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£ Weka KnowledgeFlow Environment

r?ee DatsSources | DataSinks || Filers | Classifiers | Clusterers | Evaluation | visualization | & |
¢ Evaluation
Bl — ES S ES = ==
| Gs b b 453k = 5k i i e
= adn| oo s ado £ =3 ] | =l al
Trainin, TesbSet  CrossUalidavion TrainTess c1a Classalu. Clamsifie Incremensal Cluss
SetMak Mak Fol dak Splictlak A= ign. Pick PezformancsEvaluater ClassifiesEvaluatesr PazfozmanceE
< >
Enowledge Flow Layout
~
trainin “
davads — -
ﬁ —teadsy 4%‘* ——==sh (o) N (R e @i
LS
v P |
Az£fLeade - sval idation a2
e igmes et laenis
PerformanceDvaluavoz
~
£ >
Status
Welcome to the Weka Knowledge Flow Log

Step13: Go to visualization toolbar and place text viewer component on the layout. connect the
classifier performance evaluator to the text viewer by selecting the text entry form the popup for
classifier performance evaluator.

stepl4: Now start the flow executing by selecting start loading from the popup menu for
arffloader we also see some progress information in the status bar and log at bottom of the
window.

< Weka KnowledgeFlow Environment

r}k DataSources | Datasinks | Filters || Classifiers || Clusterers | Evaluation | isualization |[k |
. Misualization
(=N E
& | X " s " s “ Y ” = " (e " Lal l
Data Bcattez Zttxibut e Modal Texns Graph Strip
isualimez Plottatz ix Summazizez PerformanceChart Viemez Viewaz Chazt
< >
Knowledge Flow Layout
~
nnnnnn e
darazs dataSe A
Q‘ ety 1%“\ i —“=_=_=§ 4;,":::; b —
X 7 12
= mx[
BaEEtentn Cla== Cro==ifal idatien Laz et
assignez To1amana c1 £ F=‘=|
as=sifisz
PerformanceEvaluatez .ur@\
=
Textiiem
v
< ES
Skatus
‘Welcome ko the Weka Knowledge Flow Log

step15: when finished, you can view the results by choosing show results from the popup menu
for the test viewer component.
Output:

Il B.Tech Il Sem Data Mining-Lab GEC




£ Text Viewer

Result lisk Text

L === Evaluation result ===

Scheme: Id3
Relation: ID3

Correctly Classified Instances 10
Incorrectly Classified Instances 3

Kappa statistic 0.4935
Mean shsolute error 0. 2308
Root mean squared error 0.4304
Relative ahsolute error 46. 1538 %
Root relative sgquared error 96,0769 %
Total Huwber of Instances 13

=== Dertailed Accuracy By Class ===

TP Rate FP Rate Precizion Recall F-Measure
0.5875 0.4 0.778 0.5875 0.524
0.6 0.125 0.75 0.6 0.667

=== Confusion Matrix ===
ahb <-- classified as

711 a= yes
231 b=no

T6.9231 %
23.0769 %

Class
Fes
no

Knowledge flow for decision tree J48.

Step 1: Select knowledge flow in Weka GUI chooser and click on it.

Version 3.8.3

{c) 1999 - 2018

The University of Waikato
Hamilton, New Zealand

& Weka GUI Chooser — O X
Program Visualization Tools Help
Applications
Explorer

WEKA

The University
of Waikato

‘Waikato Envircnment for Knowledge Analysis

Experimenter

KnowledgeFlow

Workbench

Simple CLI

Step 2: click on data source tab and choose arff loader from the tool bar
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Step 3: The arff loader component on arff area clicking somewhere on layout

Weka nowieage OW ENWIronmen

?k DrataSources | DatasSinks | Filters || Classifiers || Clusterers || Evaluation || Wisualization
ﬂ Datasources
LS | & | & | B | B
AzfE cas cav Databa=-= Serialim=d
H Loadex Loadex Loadex Loadexz In=tancesLoadexz
<

aovaledge Flovs Layouk

s z
- ARFF

ArffLoader

<

tatus

velcome to Ehe Weka Knowledge Flowvs

3

Log

143

Step 4: specify j48. arff file to load by right clicking mouse over the arffloader icon on the

layout.A popup menu will appear select configure.

Weka Rnowledgel low ELnvironmen =[]

DataSources | Datasinks | Filkers | Classifiers | Clusterers | Evaluation | visualization

B
#
Il ¢ DataSources
|

[e]o]o|6 ] &

ACEE cas cav Dacabas=e Ferialized

mE

: Loader Loader Loader Loader InstancesLoader
< >

aowledge Flow Layout

~
Configure. ..
Connections
instance
datasSet
Actions
w
£ >
zatus
velcome to the Weka knowledge Flow Log
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Abouk

Reads a source that is in adf (attribute relation file format) format.

Loak in: |E| 12F21

o

My Recent
Documents

3

Desktop

My Documents

My Compuker

ar

File name: | 148, arfF

My Mebwork

[ oen ]

Places Files of bype:

| ArfF data Files

|

Cancel

Click on open button.
Step 5: Click on evaluation tab, at the top of window, choose Class Assigner.

Step6: Now connect arff loader to Class Assigner , first right click over Arffloader and select

dataset under connection in the menu.

< Weka KnowledgeFlow Environment

FEX
r:?e DataSources | DataSinks | Filkers | Classifiers Clusterersl Evaluation | Visualization | [k |
[IEl Ewaluation
£ N £ £ = = -
ey ey ey = h LI LI Y
= ‘ ot || ‘o Ced ey || (e || ke
Training Test3et Cros=zsifal idatrion TrainTest Cla== Cla=sifalus
: SetMaker Maker FoldMaker Spl itMaker A==zigner Picker Per
4 | >
Knowledae Flow Layout
A
' F;,;BHQ ‘%%
L-KRFF K <
2 A #
Clas=
Arffloader Arsigner
b/
4 >
Skatus
Welcome ko the Wweka Knowledge Flow Lag
Step7:click on class assigner configure menu, choose specify columns is the class in our data

given as(buys-computer).
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2 Weka KnowledgeFlow Environment

[

DataSources | DataSinks || Filters | Classifiers | Clusterers | Evaluation | Visualization | [k ‘
:  Ewaluation
@ |:
= ad fre. oy b ¢ ¢
Training Testlat Cre=sValidavieon TrainTes=e Class Cla==Valus
JetMaker Makez FoldMakerz Spl itMaker As=igner Ficker Fer
< | >
Knowledge Flow Lawouk
~
L EEA
LA RFF /M | CEdit
v Delete
B  Configure...
ArffLoadez Sl :
Connections
bt
< >
Skatus
dakaset lg
Welcome ta the Weka Knowledge Flow J

ClasshssignerCuskamizer

Choose class attribuke

| (Mo buys-computer i |

< Weka KnowledgeF low Environment

[

DataSources | DataSinks || Filters | Classifiers 'Clusterersl|':‘~“EI|UEI'IiD"I |'\.-'isua|i2ati0n

Step 8: Choose cross validation fold maker, component from the evaluation toolbar
Step 9: connect class assigner to cross validation fold maker and right click over class assigner,
select dataset under the connection menu.

3

- BX

L

nE

Pl==11 Pl s Pl 5k ?‘E&Q ?ﬁ:
= «h et i =T o -]
ressWalidation TrainTes=t Cla== Cla==ifalus Cla=z=ifier Incremental
FoldMakez Spl itMaker As=zigner Picker PerformanceEwvaluator ClassifierBvaluator
< | >
Knowledge Flow Lawvout
~
: __dr,_;‘—-““” 4%'3 — darg &%@
LS '\.
Cllass Cros==ifal idation
arffLoadaz Azsigner FaldMaker
b
< >
Skatus
welcome to the Weka Knowledge Flow Log
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Step 10: click on classifiers tab on the window scroll to the toolbar, specify j48

146

Step 11: connect the cross validation fold maker to j48 by first choosing training set and then

text set for the cross validation fold maker

< Weka KnowledgeF low Environment
‘ L % | DataSources || Datasinks || Filkers | Classifiers | cluskerers Evaluation | visualization
f "o "8 — misc trees =
ir - i-' Jan = x N pe—— = - = — e 2]
{ == gl gl 120 i 4 I o 15 A Lo 1
o o Socacas
Edt Tipes wrr Tree oy as Fas Lerr o
< | >
DEH B Knowledas Flow Layout
Crossial el =
Fal 1 2 ERFA J‘.F =
4 Configure. ..  aen o SR ==t
S = e’ Delete
Cennections — | ceonn
AxfflLoadex Essignex ‘“;z):ﬂ;cnnn
trainingSat
.
bestSat = : &
Status
wrelcome to the weka Knowledge Flow Log

£ Weka KnowledgeF low Environment

DataSources || DataSinks Filters| Classifiers |Clusterers Evaluation | Yisualization

G

Ll

WWelcome ko the Weka Knowledge Flow

iz trees
[
4% 4% 427 47 e 417 49 o) 'K
@ %Dr 'Pr :D-‘T;L o uunt- "fal - ::-L e -!
Hzper &0 Decizion
Pipaxs VI Tres Stunp Idz JaE LT
4 |
Krowledge Flow Lavaout
b b
N =
4 [ ®,
. as. - ¢' ‘ L] dbk =
h trai: gdet dag
Y t ot
- ARFF Clas=
’ Ar=igner JEE
arffloadar
b
< | >
Skatus
Log

Step 12: Go to evaluation tab and place a classifier performance evaluator component on the
layout Connect j48 to this component by selecting the batch classifier entry from the popup

menu for j48
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< Weka KnowledpeFlow Environment

15inks || Filters || Classifiers Clusterersl Evaluation |\p'isuali2ation

BEE
r

% - 7 &
] h * LI Y ?ﬁg:
| 7= 2 ‘ 1 ‘ e ‘ -] H -] ‘[
inTest Clas= Clas=sWalus Clas=sifiec Incremental
ldMakez Spl itMakez As=igner Picker PerformanceEwvaluator ClassifierEwvaluatoer FPe
< | >
knowledge Flow Lawout
33 (L3 1
trainifigfet \—J‘Edit
dataSet {oet ‘ Delierke:
==
mez _ W Canfigure. ..
& Caonnections
- h ket z
< >
batchClassifier
Status graph
welcome to the weka Knowledge Flow Log

< Weka Knowledgef low Environment

r?k DiataSources | DataSinks || Filkers | Classifiers CluslzererslE‘t"a|'-|~?l'5i'2'|'I |'u'isua|ization

L

&
£ R = 2
= || a5 | S| S e g
&1 |Lead e =i =7 - 2 5
Talidarion TrainTes=t Clas= Clas=falue Clas=ifisr Incremental
l1dMakezx SplicMakezx Azzigner Picker PerformanceEwaluator ClassifiesrEvaluatcer FPo
< | >
Knowledge Flow Lawout
b e =
- Fy 1
$ [T}
trainifgSer o148 BatchCl:
datadet et - s
e | P+ ok
= - 0%
Pl==| N < v
< | >
Status
welcome to the Weka Knowledge Flow Log

BE
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Step 13: Go to visualization toolbar and place text viewer component on the layout.connect the
classifier performance evaluator to the text viewer by selecting he text entry form the popup for

classifier performance evaluator
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BEE

£ Weka KnowledgeF low Environment

[ | Datasources | Datasinks | Fikers | Classifiers | Clusterers Evaluation | Visualization | | & |
Visialization
=]
ek bk Y =" ol b L
= ‘ {E.-*SB._ ‘ ﬁﬁu H { Q] ‘ { o), H {E'QJ H {Eﬁ‘l‘q Enaj
Data goattar Attributs Medzl Tant Fraph gErip
3 Fisualiser FPlotMatrix Summariser PerformanceChart fiemer fimmer Chart
< ?
Krnowledge Flow Layout
fred™ o
4 % =
" s ur@ b
trainifighet o148 batchCl: | i 0
’ 23 k)
tEet F - / =
§ e s?‘_'_ ,Ed": sifiemer
] \5 ‘-. Delete
JZonnections
< Cla==3j
’ Performance  visualizableError
Wal 1dakien
ldMakeaz )
< thresholdData ¥
Skatus
Walrmraa ko Fha el s Fresladne Ela Log

step14: Now start the flow executing by selecting start loading from the popup menu of
arffloader. step15: when finished, you can view the results by choosing show results from the

popup menu for the test viewer component

[\‘ Datasounces | Datatrka | Plters | Oaseliers | Oustorers | Evabuntion | Ywastasten

sif®m | & | &) & | & | & | & |

o3 |
o PYP T medsd ¥ Py e
.......... Phovian Pantsmmancathan Wi Vivene o
. »!
rorves
T
‘ Outete - IR
o (o, B
adsk  Corfuse & tmerer
Carewm s fu “amin —
L | PN
P dal «'s g8 yoxine QO % I
dataser ous . 3
B et LY 4 R :;;r
Feyamanes s
IR i Quassisiea YeswViewes

<

2 atun
Wekcome to the Weka ¥rowkedon Fiov
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OUTPUT:

< Text Viewer
Result lisk Text

=== Evaluation result ===
Scheme: 748

Relation: 45

Correctly Classified Instances ] 46,1538 %
Incorrectly Classified Instances 7 53.8462 %

Kappa statistic -0.0964

Hean ahsolute error 0.4187

Root mean scuared error 0.5461

Relative absolute error §3.3333 3

Root relative squared error 108.2276 %

Total ¥uwber of Instances 13

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision  Recall F-Measure Class
0.5 0.6 0.571 0.5 0.533 ¥es
0.4 0.5 0.333 0.4 0.364 no

=== Confusion Matrix ===

ab <-- classified as
44 ] a-=yes
321D =nmno

KNOWLEDGE FLOW FOR CLUSTERING
First start the Knowledge Flow.

Next click on the Data Sources tab and choose "ArffLoader" from the toolbar (the mouse
pointer will change to a "cross hairs").

Next place the ArffLoader component on the layout area by clicking somewhere on the
layout (A copy of the ArffLoader icon will appear on the layout area).

Next specify an arff file to load by first right clicking the mouse over the ArffLoader icon
on the layout. A pop-up menu will appear. Select "Configure” under "Edit" in the list
from this menu and browse to the location of your arff file.

Next click the "Evaluation” tab at the top of the window and choose the "Class Assigner"
(allows you to choose which column to be the class) component from the toolbar. Place
this on the layout.

Now connect the ArffLoader to the Class Assigner: first right click over the ArffLoader
and select the "data Set" under "Connections” in the menu. A “rubber band” line will
appear. Move the mouse over the Class Assigner component and left click - a red line
labeled "data Set" will connect the two components.
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> Next right click over the Class Assigner and choose "Configure™ from the menu. This
will pop up a window from which you can specify which column is the class in your data
(last is the default).

> Next grab a "Cross Validation Fold Maker" component from the Evaluation toolbar and
place it on the layout. Connect the Class Assigner to the Cross Validation Fold Maker by
right clicking over "Class Assigner™" and selecting "dataset™ from under "Connections™ in
the menu.

> Next click the “Clustrer” tab the top of the window and choose the "SimpleKMeans"
component from the toolbar. Place this on the layout.

» Connect the CrossValidationFoldMaker to SimpleKMeans by first choosing “training
Set" and then "test Set™ from the pop-up menu for the CrossValidationFoldMaker

> Next go back to the "Evaluation” tab and place a "ClustererPerformanceEvaluator"
component on the layout. Connect SimpleKMeans to this component by selecting the
"batch Clusterer” entry from the pop-up menu for simpleKMeans.

> Next go to the "Visualization" toolbar and place a "Text Viewer" component on the
layout. Connect the ClustererPerformanceEvaluator to the Text Viewer by selecting the
"text" entry from the pop-up menu for ClustererPerformanceEvaluator.

> Now start the flow executing by selecting "Start loading™ from the pop-up menu for
ArffLoader.

» When finished you can view the results by choosing show results from the pop-up menu
for the TextViewer component.

Output:

B Weka KnowledgeFlow Environment

— -
r= Start
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Text Viewer

Result list

Text

=== Evaluation result for training instances ===

Gcheme: JimplekMeans
Relation: cpu

Mumber of iterations: 17

Within cluster sum of squared errors:

Cluster centroids:

Cluster 0O

Hean/Mode: 25,7075 1548,
3td Deva: 285.9676 1348,

Cluster 1

Hean/Mode: 49,1707 7862,
3td Deva: 34.008 61089,

Clustered Instances

Tnclustered instances : 1688
kMeans

Humher of iterations: 4

Within cluster sum of squared errors:

Cluster centroids:

Cluster 0
Mean/Mode: 121.6471 3159,
std Deva: 95,3727 4131,
Cluster 1

Mean Mode: G35.5556 653,
Std Deva: 202,491 448,

17.681682670930194

2789 7129.6327 10,1038
555 4989.5954 16.307
3415 28345.8537 80,5854
2962 14976, 0028 57.47
19, 50617730173854

9294 12690.6118 27,4624
1216 11538.21 41,1982
3333 4584 Z.8863

0924 3048.8873 7.

7375

A
2.3537 11,9184
22446 17,1038
11,9024 40,2927
9.1373 38.7132
5 18,4765
6.3925 24,0835
0.9444 2.1687
0.6391 17573
v

Naive Bayes

Click Knowledge Flow in Weka GUI Chooser

&) Weka GUI Chooser

Program Visualization Tools Help

Version 2.8.3
(c) 1999 - 2018

WEKA

The University

of Waikato

Waikato Environment for Knowledge Analysis

The University of Waikato
Hamilten, New Zealand

Applications

Experimenter
KnowledgeFlow
Workbench

Simple CLI

1l
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To create the following and click Run button and Right click the TextViwer and select Show

Result.

Draw ArrfLoader and select the filename.

ADout

Torrmat.

Reads a source that is in arff (attribute relation fle format)

retainsStringwals | Falss

useRelativePath | False

Filename  COProgranm Filesawwe ka-3-Swdatawweath er.noninal . art

| O

1L

€3 Weka KnewledgeFlow Envirenment

Program File Edit Insert View

&3 Weka KnowledgeFlow Environment

= | ey =>==)
Frogram File Edit Insert View
|4 (o Data mining il Scatter plot matrix || SOL Viewsr €2 Simple OLI
[ - Tl o L = e =2 i =
_Dosign .
~ [E DataSources L-\ L\
S, (T
% CasLoader =y 4%
% csvioader [EP——
g JD::::Laae:oaaer Eros s samiction
€M LibSVMLoader
£ Matabloader
% SerializedinstanceslLoader
€% svmMLightLoader
OB TextDirectond oader
€M XRFFLoader
W Datacrd n
- g Datasinks
- DataGenerators -
~ [ Fiters Tater
~ i Classiners
~ @l bayes
- [ functions =
- [ 1azy = v
= [ meta ==
- @ s [ Staws | Loo |
oS e Componaent | Parameters [ Time Status
- Clusterers [KnowledgeFlow] - o
-l Azsociatons Cinsennaigner E Fimanod
- E IE\nslnmﬂnmn Srossvaldationsol = Finished
- valuation ayeste -

Untitled1 =

|.+(& Data mining | ol v Scatter plot matrix | | SOL Viewer &3 Simple CLI
by b M Qi lad Ol wWw il JHB E: & e
Design

v E DataSources
@ ArfiLoader
@ C45L oader
@ CSVLoader
{" Databasel oader
<% JSONLoader
<% LibSVMLoader
@ MatlablLoader

&
Q_‘ SVMLightLoader
Q_‘ TextDirectoryl oader
% XRFFLoader
<% DataGrid

» B DataSinks
L ﬁ DataGenerators
> ﬁ' Filters
v E Classifiers

Lg ﬁ‘ bayes

> ﬁ' functions

> ﬁ' Clusterers

L ﬁ Associations
> ﬁ' AttSelection
v E Evaluation

[l B.Tech Il Sem

SerializedinstancesLoader

ActfLoader

. '\:.-n,"‘ wi 1_}:

dataset
‘ testSet
L} training Set .*
S Preie

Class Assigner

Cross\alidation
Foldhilcer

PL

L |
aayewismer
.
o Eu.@ L
pee Ed
.
Textwewy COPY
Delete
Setname
Configure... L
Connections v
-\ e
J Status Log
C P Time
[KnowledgeFlow] - OK.
ArfiLoader = Finished.
ClassAssigner - Finished.
CrossValidationFol = Finished.
BayesNet -D -Q weka. classifiers_baye. - Finished.

QO
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| £ Text Viewer EI@
Result list Text
11:22:39.615 — BayesNet === Evaluation result =—= r:\

Scheme: BayesNet
Options: -D -0 weka.classifiers.bayes.net.search.local.K2 —- -P 1 -3 BAYES -E wek
Relation: weather.symbolic

Correctly Classified Instances ] 57.1429 %
Incorrectly Classified Instances [ 42.8571 %
Kappa statistic -0.0244

Mean absolute error 0.415

Root mean sgquared error 0.45909

Relative absolute error 87.1501 %

Root relative sguared error 99,5104 %

Total Number of Instances 14

=== Detailed Accuracy By Class =—

TF Rate FP Rate Precision BRecall F-Measure MCC ROC
0.778 0.800 0.636 0.778 0.700 -0.026 0.622 [y
< i T

| Close || Sefings || Clearresults |

VIVA-QUESTIONS
1 Is the graphical representation of information and data.

2Which types of chart shows the relationship between a numerical variable and categorical
variable?

A. Line B. Bar C. Pie D. x-y plot
3Which of the following are Data sources of Knowledge Flow?
A. CSV B. Notepad  C. Excel D. Acess

4Data Visualization in mining cannot be done using
5A bubble chart is a variation of
6Which method shows hierarchical data in a nested format?
7Data visualization is also an element of the broader
8Which of the following is a Trees in data visualization
A. B-Tree B. B+-Tree  C. Heap-Tree D. AD-Tree
9which of the following not support data source
A. ARFF Loader B. CSV Loader C. Access Loader D. XML Loader
10what is use of class assigner in weka
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ADDITIONAL EXPERIMENTS
FILE FORMATES FOR WEKA

1. Create CSV(Comma Separated Values) file.

Stepl: Create an excel file and save with specified format as CSV(Comma Delimited).
Step2: Now open with notepad and check the values.Here,the fields of data in each row
are delimited with a comma and individual rows are separated by new line.

2. Create arff(Attribute Relation File Format) file.

Step1l: Open a notepad and type the data as instructed below:

ARFF files have two distinct sections. The first section is the Header information, which is

followed the Data information.

The Header of the ARFF file contains the name of the relation, a list of the attributes (the

columns in the data), and their types. An example header on the standard IRIS dataset looks like
this:

%
%
%
%
%
%
%

1. Title: Iris Plants Database

2. Sources:
(a) Creator: R.A. Fisher
(b) Donor: Michael Marshall (MARSHALL%PLU@io.arc.nasa.gov)
(c) Date: July, 1988

@RELATION iris

@ATTRIBUTE sepallength NUMERIC
@ATTRIBUTE sepalwidth  NUMERIC
@ATTRIBUTE petallength NUMERIC
@ATTRIBUTE petalwidth NUMERIC
@ATTRIBUTE class {Iris-setosa,Iris-versicolor,lris-virginica}
The Data of the ARFF file looks like the following:
@DATA

5.1,3.5,1.4,0.2,Iris-setosa
4.9,3.0,1.4,0.2,Iris-setosa
4.7,3.2,1.3,0.2,Iris-setosa
4.6,3.1,1.5,0.2,Iris-setosa

B
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5.0,3.6,1.4,0.2,Iris-setosa

5.4,3.9,1.7,0.4,Iris-setosa

4.6,3.4,1.4,0.3,Iris-setosa

5.0,3.4,1.5,0.2,Iris-setosa

4.4,2.9,1.4,0.2,Iris-setosa

4.9,3.1,1.5,0.1,Iris-setosa
Lines that begin with a % are comments. The @RELATION, @ATTRIBUTE and @DATA
declarations are case insensitive.

Step 2: Save the file as .arff.
Step 3: Open with Weka Explorer and check the file values.

3. Convert CSV to ARFF file format.

Step 1: Open CSV file with notepad

Step 2: To fill header and data section in CSV file.
Step 3: save the file type as arff.

Step 4: Open with Weka Explorer.
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Ignore the tuple (Remove Missing Data)

1.0pen the Weka Explorer.
2.Load the Student Data set

3.Click the “Choose” button for the filter and select “Remove with values” as under

Unsupervised instance.Remove withValues.

ﬁ Information

MAME
weka filters.unsupenvised.instance RemoveWWithValues

SYMNOPSIS
Filters instances according to the value of an attribute.

OPTIONS

dontFilterAfterFirstBatch — Whether to apply the filtering process
to instances that are input after the first (training) batch. The
defaultis false so instances in subsequent batches can
potentially get ‘consumed by the filter.

debug — If set to true, filter may output additional info to the
console.

splitPoint — Mumericvalue to be used for selection on numeric
attribute. Instances with values smaller than given value will be
selected.

matchMissingValues — Missing values count as a match. This
setting is independent of the invertSelection option.

nominalindices — Range of label indices to be used for selection
on nominal attribute. First and last are valid indexes.

madifyHeader — When selecting an nominal attributes, removes
header references to excluded values.

attributelndex — Choose attribute to be used for selection (default
last).

doMotCheckCapabilities — If set, the filter's capabilities are not
checked before itis built. (Use with caution to reduce runtime.)

invertSelection — Invert matching sense.

Pt

A

[

v

4. Set Match Missing value to “True”
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&3 weka.gui.GenericObjectEditar =

weka filters.unsupenvised.instance RemoveWithValues

About

Filters instances according to the value of an attribute.

More
Capabilities

attributelndex 2
debug |False TJ
doMotCheckCapabilities | False TJ
dontFilterAfterFirstBatch | False TJ
invertSelection | True TJ
matchiMissing\alues |_True 7]
modifyHeader | False TJ
nominallndices | first-last
splitFoint 0.0
|_ Qpen... J |_ Save. .. J |_ Ok J |_ Cancel J

5. Click the “OK” button to use the configuration for the filter.
6. Click the “Apply” button to apply the filter click .

157

& Viewer

=

Relation: reportl-weka filters . unsup: instan Rem hwvalues-S0.0-C2-Lfirst-1 -\ ka filters.unsup instan Rem hvalues-S0.0-C2-Lfirst-last-v-M
Mol 1: SNO 2: SNAME 3 M1 4: M2 5 M3

B o
1 1.0 balu 10.0 200 30.0
2 2.0 siva 100.0 40.0 50.0
3 3.0 raja 40.0 40.0 60.0

Addinstance oK Cancel
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Impute Missing Values
How to Impute mean values for missing values
1.0pen the Weka Explorer.

2.Load the Student Data set

3.Click the “Choose” button for the filter and select “ReplaceMissingValues™ as under

Unsupervised attribute.ReplaceMissingValues.

&3 Information =

MNAME "
weka filters. unsupemnised. atiribute ReplaceMissingWalues R\,
SYMNOPSIS

Replaces all missing values for nominal and numeric attributes
in a dataset with the modes and means from the training data.
The class attribute is skipped by default.

OPFTIOMNS

debug — If set to true, filter may output additional info to the
console.

dorlotCheckCapabilities — If set, the filter's capabilities are not
checked before itis built. (Use with caution to reduce runtime.)

ignoreClass — The class index will be unset temporarily befare
the fiteris applied.

L 4
G weka.gui.GenericObjectEditor =
weka fiters.unsupervised. attribute ReplaceMissingWalues
About
Replaces all missing values for nominal and numeric attributes More |
in a dataset with the modes and means from the training data.
Capabilities
debug |False ‘FJ
doMotCheckCapabilities | False YJ
ignoreClass | True v |
[ Cpen... | L Save. . | L OK | L Cancel |

5. Click the “OK” button to use the configuration for the filter.
6. Click the “Apply” button to apply the filter click .

=1
rao

How to Impute constant values for missing values
1.0pen the Weka Explorer.
2.Load the Student Data set
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3.Click the “Choose” button for the filter and select “ReplaceMissingWithUserConstant” as
under
Unsupervised attribute.ReplaceMissingWithUserConstant.

& Information >

A

SYMNOPSIS
Replaces all missing values for nominal, string, numeric and
date attributes in the dataset with user-supplied constant values.

OPTIONS
numericReplacementyalue — The constant to replace missing
values in numeric attributes with

debug - If set to true, filter may output additional info to the
console.

nominalstringReplacement'alue - The constant to replace
missing values in nominalistring attributes with

doMotCheckCapabilities — If set, the filter's capabilities are not
checked before itis built. (Lse with caution to reduce runtime.)

dateFormat — The formatting string to use for parsing the date
replacementvalue

ignoreClass — The class index will be unset tempararily before
the filter is applied.

dateReplacementialue — The constant to replace missing
values in date attributes with

attributes — Specify range of attributes to act on. This is a comma
separated list of attribute indices, with “first” and "last™ valid
values. Specify an inclusive range with ™", E.g:

“first-3,5,6-10 last”. Can alternatively specify a comma separated
list of aftribute names. Mote that you cant mix indices and
attribute names in the same list
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&3 weka.gui.GenericObjectEditor pad
weka.fiters.unsupervised.attribute ReplaceMissingWithUserConstant

About

Replaces all missing values for nominal, string, numeric and date More
aftributes in the dataset with user-supplied constant values.
Capabilities

attributes  first-last

dateFormat  yyyy-MM-ddTHH:mm:ss

dateReplacementvalue

debug |False

doMotCheckCapabilities | False

RIgEIREl

ignoreClass [True

nominalStringReplacementvalue Man

numericReplacementvalue 0

[ Open... J [ Save... J [ OK J [ Cancel J

5. Click the “OK” button to use the configuration for the filter.
6. Click the “Apply” button to apply the filter click .

Il B.Tech Il Sem Data Mining-Lab GEC




161

HIERARCHICAL CLUSTERING

Hierarchical clustering is a method of cluster analysis which seeks to build a hierarchy of
clusters. Strategies for hierarchical clustering generally fall into two types. Agglomerative is a
"bottom up" approach: each observation starts in its own cluster, and pairs of clusters are merged
as one moves up the hierarchy. Divisive is a "top down" approach: all observations start in one
cluster, and splits are performed recursively as one moves down the hierarchy.

1.0penWeka tool and choose Explorer.

Q Weka GUI Chooser E@

Program Wisualization Tools Help

Applications

EWEKA | [ coow |

The University :
of Waikato |_ Experimenter ]

L KnowledgeFlow |

Waikato Environment for Knowledge Analysis

Version 3.8.0 L Workbench [
{c) 1999 - 2016
The University of Waikato L Simple CLI [

Hamilton, New Zealand

2.Click - Open file... in preprocess tab —choose vote.arff.

€3 Weka Explorer B | B | =< =]
Preprocess | Classify | Cluster | Associate | Select attributes | Visualize |
| oOpenfie_ || openurL_. | | oOpenDB | | ©cenerate_. | L Edit._. | [ Save
Filter
Choose | Hone Apply |
Current relation _ Selected attribute
Relation: wote Attributes: 17 Mame: handicapped-infants Type: Mominal
Instances: 435 Sum of weights: 435 Missing: 12 (3%) Distinct 2 Unigue: O (0%)
Attributes Mo | Label | Count | wweight |
" 1 n 236 2360
2 ¥ 187 187.0
L Al | L Mone | [ Invert | | Patterm |

Mo |

handicapped-infants I~ | class: Class @q4omy vJ | wisualize An |

235
127
) _
Status

o Lo | g <©

3.Goto Cluster tab — click choose button - select HierarchicalClusterer.
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Status

Ok

5.Click Start button

© wekn Explorer e e ]
[ Preprocess | ciassity | Cluster | Associate | Select attributes | Visualize |
Clusterer
Choose HierarchicalClusterer - 2 -L SINGLE -P -A"weka core EuclideanDistance -R first-last"
Cluster mode Clusterer output
(=) Use training set Yy
) Supplied test set i
_.) Percentage split
) Classes to clusters evaluation
[»¥] Store clusters for visualization
| Ignore attributes
| Start |
Result list (right_click for options}
=
-

too | g xo

G Weka Explorer

f=lle ==

[ Preprocess T Classify Tﬂuste{ T Associate T Select attributes T Wisualize ]

Clusterer

Cluster mode
®) Use training set
() Supplied test set

(_J) Percentage split

i) Classes to clusters evaluation

[+f] Store clusters for visualization

| lgnore attributes

| Start |

Result ist (nght-click for options)

14:51:46 - HierarchicalClusterer

Status

Ok

| Choose |HierarchicalClusterer -1 2 -L SINGLE -P -A "weka.core EuclideanDistance -R first-last!

Clusterer output

Test mode: evaluate on training data

=== (Clustering model (full training set) =———

Cluster 0O

L O A O A O O o A A A A O A O o OO R A A

Time taken to build model (full training data) : 0.85 seco

=== Model and evaluation on training set =——

Clustered Instances

[u] 435 (100%)

-7 T

2o | o

6. Visualize the tree by right clicking and choose Visualize Tree option.
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€3 Weka Explarer

[ Preprocess | Classify | Cluster | Associate | Select attributes | Visualize |

Clusterer

Cluster mode
Use training set
Supplied test set Set
Percentage split

Classes to custers evaluation

(Mom) Class

B 000®

Store clusters for visualization

[ ianare atributes

[ choose JlHl-rar:mcalclun-r-r SMZ L SINGLE -F -A "weka cars EuclideanDistance -R frstast

Clusterer output

b

Teat mode: evaluate on training darta

Clustering model (full training =ses)

ciuarer o

N N R ey Y]

Time taken to build model (full Ttraining data) : 0.85 seco

Stant
Result list (rght-click for options)

Cluaterea Inatances
1

Model and evaluation on training set

c lest s et
Re-apply this model's configuration

14:51:46 - Hier ar
View in main window
View in separate window
Save result buffer
Delete resull buffer

Status Load model
r Save model
oK

Re-svaluate

5 “isuali

Fage:4 of 5 | wwards: 248

Visualize cluster assignments

= Weka Clusterer Visualize: 14:51:45 - HierarchicalClusterer (wote)

l}(_' Instance_number {(Murm)

| "J [Y: religious—-groups-in-schools {(Momj)

lCoI our: Cluster (Mom)

| "] lSelect Instance

Reset | Clear || Open [| Sawve | Jitter «_»

Plot: vote_clustered

w =

oH

=17 <5<l

_<

>
3
8
$
:
5
4

Fa VI A, P T e T, Y

4

clusterd clustexl
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