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1.

Vision of the Institution

To be part of universal human quest for development and progress by contributing high
calibre, ethical and socially responsible engineers who meet the global challenge of build-
ing modern society in harmony with nature.

2.

Mission of the Institution

To attain excellence in imparting technical education from undergraduate through
doctorate levels by adopting coherent and judiciously coordinated curricular and
co-curricular programs.

To foster partnership with industry and government agencies through collaborative
research and consultancy.

To nurture and strengthen auxiliary soft skills for overall development and improved
employability in a multi-cultural work space.

To develop scientific temper and spirit of enquiry in order to harness the latent
innovative talents.

To develop constructive attitude in students towards the task of nation building
and empower them to become future leaders

To nourish the entrepreneurial instincts of the students and hone their business
acumen.

To involve the students and the faculty in solving local community problems through
economical and sustainable solutions.



3. Department Vision

To contribute competent computer science professionals to the global talent pool to meet
the constantly evolving societal needs.

4. Department Mission

Mentoring students towards a successful professional career in a global environment
through quality education and soft skills in order to meet the evolving societal needs.

i



5.

Programme Education Objectives

. Graduates will demonstrate technical skills and leadership in their chosen fields of

employment by solving real time problems using current techniques and tools.

. Graduates will communicate effectively as individuals or team members and be

successful in the local and global cross cultural working environment.

. Graduates will demonstrate lifelong learning through continuing education and pro-

fessional development.

. Graduates will be successful in providing viable and sustainable solutions within

societal, professional, environmental and ethical contexts
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6.

10.

11.

12.

Programme Outcomes

. Engineering knowledge: Apply the knowledge of mathematics, science, engi-

neering 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 prin-
ciples 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 I'T tools including prediction and modeling to complex
engineering activities with an understanding of the limitations.

The engineer and society: Apply reasoning informed by the contextual knowl-
edge 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 contexts, and demonstrate the
knowledge of, and need for sustainable development.

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

. Individual and team work: Function effectively as an individual, and as a mem-

ber 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 com-
prehend and write effective reports and design documentation, make effective pre-
sentations, 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.

Lifelong learning: Recognize the need for, and have the preparation and ability to
engage in independent and lifelong learning in the broadest context of technological
change.

v



7. Programme Specific Outcomes

The graduates will be able to:

PSO1: Demonstrate understanding of the principles and working of the hardware and
software aspects of computer systems.

PSO2: Use professional engineering practices, strategies and tactics for the development,
operation and maintenance of software

PSO3: Provide effective and efficient real time solutions using acquired knowledge in vari-
ous domains.



Data Mining Lab Manual

8. Introduction

Data Mining is defined as the procedure of extracting information from huge sets of
data. In other words, we can say that data mining is mining knowledge from data. The
tutorial starts off with a basic overview and the terminologies involved in data mining
and then gradually moves on to cover topics such as knowledge discovery, query language,
classification and prediction, decision tree induction, cluster analysis, and how to mine

the Web.
Audience

This tutorial has been prepared for computer science graduates to help them understand
the basic-to-advanced concepts related to data mining.

Prerequisites

Before proceeding with this tutorial, you should have an understanding of the basic
database concepts such as schema, ER model, Structured Query language and a basic
knowledge of Data Warehousing concepts.

Applications

Data mining is highly useful in the following domains

e Market Analysis and Management

Corporate Analysis & Risk Management

Fraud Detection

Production Control

Science Exploration

Tools

Audience

This tutorial has been prepared for computer science graduates to help them understand
the basic-to-advanced concepts related to data mining.

Prerequisites

Before proceeding with this tutorial, you should have an understanding of the basic
database concepts such as schema, ER model, Structured Query language and a basic
knowledge of Data Warehousing concepts.

Applications

Data mining is highly useful in the following domains

e Market Analysis and Management

e Corporate Analysis & Risk Management

CSE Department, MJCET vi
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e Fraud Detection

e Production Control

e Science Exploration

Tools

Large variety of DM software is now available. Some more widely used software is:
e IBM - Intelligent Miner
e Weka(Waikato Environment of Knowledge Analysis)

e Cognos

Informatica

SAS - Enterprise Miner

Silicon Graphics Mine Set

Oracle - Thinking Machines - Darwin

Angoss knowledge SEEKER

Software and Hardware Requirements

HARDWARE SPECIFICATIONS:

Processor : Pentium Dual Core
RAM : 1GB
Hard Disk : 160GB

SOFTWARE SPECIFICATIONS:
Operating System : Windows XP
Utility Software : Java 5.0 and above

Data Mining Software : weka 3.6.13

CSE Department, MJCET vii
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What Motivated Data Mining

e Data collection and data availability

— Automated data collection tools, Database systems, Web, computerized soci-
ety

e Major sources of abundant data

— Business: Web, e-commerce, transactions, stocks,
— Science: Remote sensing, bioinformatics, scientific simulation,

— Society and everyone: news, digital cameras, YouTube

Architecture of Data Mining Process

Evaluation &
Presentation

Diata Mining

/’ patterns

Selection & i
Transfo rm!tinn/

Cleaning &
Integration

il
]

Flat files

Dtabases
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Program 1

DATA PROCESSING USING WEKA

Problem Definition

Perform data preprocessing using weka

Problem Description

Data Preprocessing in Data mining is a technique that involves transforming raw data
into an understandable form. It is used to filter out the data in the desired form by using
techniques like cleaning, normalization, transformation, feature extraction and selection,
ete .

e Data in the real world is dirty

— incomplete: lacking attribute values, lacking certain attributes of interest,
or containing only aggregate data
e.g., occupation==""

— noisy: containing errors or outliers
e.g., Salary=-10

— inconsistent: containing discrepancies in codes or names e.g., Age=42 Birth-
day=03/07/1997
e.g., Was rating 1,2,3, now rating A, B, C
e.g., discrepancy between duplicate records

Following is the demonstration with respect to preprocessing commands:
1. ADD:

DESCRIPTION: An instance filter that adds a new attribute to the dataset. The
new attribute will contain all missing values.

OPTIONS

Attribute Index — The position (starting from 1) where the attribute will be
inserted (first and last are valid indices).

Attribute Name — Set the new attribute’s name.

Attribute Type — Defines the type of the attribute to generate.

CSE Department, MJCET 1
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| Weka GU| Chooser
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Figure 1: Start Weka you get the Weka GUI chooser window.

b WEKA
The University
of Waikato

Wik ata Enviranrment for knowledge Analysis
Warsion 3.7.4

() 1999 - 2011

The University of Waik ata

Harniltor, Mew Zealand

Applications

f S
Explorer

Experimenter

knowledgeFlow

Simple CLI

Figure 2: Click on the Explorer button and you get the Weka Knowledge Explorer win-
dow.

(%) Weka Explorer

Freprocess:| i)
[ Open fie... ] [ Cpen URL. .. ] [ Open DB... ] [ Generate... ] Unda Edit. . Save..,
Fiter
[ Choose J‘Nune Apply
Currerit relation Selected attribte
Relation: Mone Attributes: None Mame: MNaons Type: Mone
Instances: Nons Sunn of weights: None Hissing; Mane Distinct: None Uniqus: Mone
Attributes
2l Hone Tnwvert Pattern
v [ visuglize Al
Remave
Status
Welcome to the Weka Explorer o | gl "

You see here the default parameters of this filter. Click on More to get more

CSE Department, MJCET
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Figure 3: Click on the Open File. button and open an ARFF file (try it first with an

example supphed in Weka-3-6/data, e.g. Weather.arff). You get the following:
e = Ei e

I Preprocess |dass|fy I Cluster | Associate I Select atiributes I V&suahze|

[__ Open fi... ] [ Open... ] [ Open ... ] [ Genera... ] i Undo Edit.... ] [ Save... ]
Filter
(o |
Current relation Selected atirbute
Relation: weather Attributes: 5 Mame: outlook Type: MNominal
Instances: 14 Sum of weights: 14 Missing: 0 {0%) Distinct: 3 Unique: 0 {0%)
Attributes Ma. Label Count Weight
[t J[ mone ][ mowert |[ Par. | Ljsunny = =8
: : 2|overcast 4 4.0
3| rairy 5 5.0 é
. |
SO Class: play {Mom) Visuaiize All i
mperature = ﬂ

“Jhumidity
[ jwindy
[ |play

Remioife

|| Status

3
- |
(o) 0

i Preprocess | Classify I Cluster I Associate | Select atiributes I \c'Jsualize|

[ Open fi... ][ Open ... ][ Open .., ][ (GENEra... ] Unido Edit... ][ Save,.. ]
Filter
e - =
B 1y filters B - f
@ AlFilter clected attribute
..... & MultFilter Mame: outlook . Type: Nominal
[ | supervised Missing: 0 {0%) Distinct: 3 Unique: 0 {0%)
=5 unsupervised _|[e. Label Bt Weight
-y attribute = FET: z =
i 2|overcast 4 4.0
- i AddCls 3(rainy = =
-4 AddExpression I
% AddID = &ay (Nm'nj
-4 AddValues
-4 Center
-4 ChangeDateFormat
- @ ClassAssigner
o
4 Copy
B - 4 Discretize
-4 FirstOrder
- @ InterquartileRange
— o i

information about these parameters.

Try other parameters for the filter and see how the Addition changes. Dont forget to
reload the original (numeric) relation or Undo the Addition before applying another
one.

CSE Department, MJCET
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Figure 5: Then

weka. filters, unsupervised. attribute. Add

click on the area right of the Choose button. You get the following:

AL =

About

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

attributeIndex ilast

attributellame  unnamed

attributeType | Numeric attribute

dateFormat E;wy-MM-dd'T'HH:mm:ss

nominallabels |

Figure 6: Click on the Apply button to do the Addition and see how it is Added in the

Preprocess | Classfy | Cluster | Associate | Select attibutes | visualze|

[ ] (oo ) [0 ) [ ) [ ] [ ] [ e ]
[_ C;ocse ]indd -N unnamed -C last ” Apply ]

Current relation ‘Selected attribute
Relation: weathe... Aftributes: & Marrie: unnamed Type: MN...
Instances: 14 Sum of weights: 14 Missing: 14(1... Distinct: Unigue: 0...

Attributes

Statistic Value
Minimum MNaM
Maximum NaM
Mean NaM

Mame

| Itemperature . {Ciass unnamed {Num} - i[ visualize Al ]

CSE Department, MJCET 4
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2. Discretization :

DESCRIPTION: An instance filter that discretizes a range of numeric attributes
in the dataset into nominal attributes. Discretization is by simple binning. Skips
the class attributes if set.

CSE Department, MJCET 5
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OPTIONS

Attribute Indices — 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”.

bins — Number of bins.

Desired Weight Of Instances Per Interval — Sets the desired weight of in-
stances per interval for equal-frequency binning.

Find Num Bins — Optimize number of equal-width bins using leave-one-out.
Doesn’t work for equal-frequency binning

ignore Class — The class index will be unset temporarily before the filter is applied.

Invert Selection — Set attribute selection mode. If false, only selected (numeric)
attributes in the range will be discretized; if true, only non-selected attributes will
be discretized.

Make Binary — Make resulting attributes binary.

Use Equal Frequency — If set to true, equal-frequency binning will be used
instead of equal-width binning.

CSE Department, MJCET 6
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a. Start Weka you get the Weka GUI chooser window.

41 Welca GLI| Chooser

i WEKA

The University
of Waikato

Wiaikata Enviranment for Knowledge Analysis
Version 3.7 .4

() 1999 - 2011

The University of Wil ata

Harnilton, Mew Zealand

applications

Ermilmemr
Explore:

Experimenter

KnowledgeFlauw

Simple CLI

b. Click on the Explorer button and you get the Weka Knowledge Explorer win-
dow.

(%1 Weka Explorer.

Freprocess]| o Visuialze |

[ Openfie... ][ Open URL... ][ Open DE... ][ Generate... ] Undo

Filter

Save..y

[ choose Jmone

Current relation Selected attribute

Type: None

Distinct: None Unigue: Mone

Relation: None Attributss: None Hame: Nons
Instances: None sum of weights: None Missing; Mone
Attributes
Al Hone Tnvert Pattern

o [ wisusliee &l

Remoive

Status
‘Welcoms o the Weka Explorer

Lag ‘W %0

c. VALIDATION : Click on the Open File. button and open an ARFF file (try
it first with an example supplied in Weka-3-6/data, e.g. Weather.arff). You

get the following:

CSE Department, MJCET
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Weka Explorer

q Preprocess | classify | Cluster | Associate | Select attributes | Visualize |
I
[ Openfie... | [ Oper LRI ] [ Cpen DB, ., ] [ Generate. ] [ Undo ] [ ] [ Save... ]
Filter
[ Choose ]!Nune \[ Apply ]
Current relation Selected attribute
Relation: Isbor-neg-data Attributesi 17 Name: duration Type: Numeric
Instances: 57 Sum of weights: 57 Pissing: 1 (2%) Distinck: 3 Unique: 0(0%)
Attribites [ statisic Value
| Minimum 1
B m J[ mens  J[ wwet [ pattem | [Pamom 5
[Mean 2161
|t Stdbev 0.708
&
crease-first-year 3
3[CIwage-increase-secand-year
4)_Jwage-increase-third-year
5 [ Jeost-of-iving-adjustment T T
i lass: class (Hom) vl[ isualize
7 Clpersion
8|_Jstandby-pay
5| ]shift-differential
10| Jeducation-allowance
11|TJskatotary-halidays =
12|[Jwacation
13| Jiongterm-disabilty-sssistance
14 Jeontribution-to-dental-plan i
Skatus
oK

CSE Department, MJCET 8



d. VALIDATION : Click on Choose and select filters/unsupervised/ attribute/Discretize.

Weka Explorer,

Freprocess | Classify | Cluster | Associate | Select attributes |

Fiter .. | [ Removefiter | [ close |

[ Cpen file. . ] [ Open URL, . ] [ Cpen DE... ] [ Generate... ] [ Unda ] [ Edit.., ] [ Save... ]
Fiter
) weka e 1 ety
- Filers
T # AlFiker Selacted attribite
& MulFier tiributes: 17 Hame: duration } Type! Humeric
Ml I weights: 57 Missing; 1 £2%) Distinct: 3 Unique: 0{0%)
=) unsupsrvisad | Statistic walue
= attribute = Winirmum 1
# add Fatten Masimum 3
i t - [Mean 2161
#® AddExpressian Stdbey 0o
# AddID [_«
% AddNaiss —
# Addvalues
-4 Center
% ChangeDateFormat
% G ‘Class:c\ass(Num) v [ visuaize Al
=R "
% o
3
- # FirstOrder
& InterquartieRangs -~
L 3
@ Makelndicator
- @ MathExpression 7
# MergeManyValues o

Status
oK

Log < %0

Data Mining Lab Manual
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e. Then click on the area right of the Choose button. You get the following:

= weka.guiGenericObjectEditor

weka. filters.unsupervised. attribute. Discretize
About

An instance filter that discretizes a range of numeric

attributes in the dataset into nominal altributes.

Capabilities.

attrbutelndices | first-ast
bins |10

desiredWeightOfinstancesPerinterval |-1.0

findMumBins :fallse v
ignoreClass ;-F-aise v
invertSelection False v
makeBinary ;False. v
useEqualFrequency :fallse v

Open... ] [ Save... ] [ Ok l [ Cancel

You see here the default parameters of this filter. Click on More to get more
information about these parameters.

f. VALIDATION : Click on the Apply button to do the discretization. Then
select one of the original numeric attributes (e.g. temperature) and see how it
is discretized in the Selected attribute window..

o Weka Explorer g@]gl

rapracers

ify | Cluster | Assoriate | Select attributes | tisudlie|

[ Operi file . ] [ Open URL... ] [ Open DEDeterming relevance of attributes | Unda ] [ Edit... ] [ Save... ]
Filer
:uum-etize 610 -M-1.0 - first-last |
Current relation Selected attribte
Relation; labor-neg-data-weka.filers. unsuper .. Attributes: 17 Hame: duration Type: Nominal
Instances: 57 Sum of weights: 57 Missing: 1 (2%} Distinct: 3 Unique: 0 (%)
Attrbutes ho. Label Count Weight
1 [(-nf-1.2] ‘10 10.0 @
[ Al J[ mone [ mwet | [ Pettem | S 214 5 o =
34-LeT i 0.0
ha. Mame 4|'1.6-1.8] 0 0.0
] A 5/(1.8-2] 7 270
2 [ Jwage-increase-first-year 6[(z-2.2] 1] 0.0 g
3[Jwage-increase-second-year 72224 il 0.0
4 Jwage-increase-third-year 742 1 i [} |
5[ Jrost-of -lving-adjustment I —i
[ it | [ o lom i T
7 Jpension
& Jstandby-pay 2
|[Jshift-differential
10[ Jeducation-allowance
11 [Jstatutory-holidays o i
12| Jracation
13[Jiongterm-disability-assistance
14 Teontribution-to-dertalolan )

Remove I
o o o o o o il
Status

CSE Department, MJCET 10
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g. Try other parameters for the filter and see how the discretization changes.
Dont forget to reload the original (numeric) relation or Undo the discretization
before applying another one.

3. Normalize:
DESCRIPTION:

Normalizes all numeric values in the given data set (apart from the class attribute,
if set). The resulting values are by default in [0,1] for the data used to compute
the normalization intervals. But with the scale and translation parameters one can
change that.

e.g., with scale = 2.0 and translation = -1.0 you get values in the range [-1,+1].

OPTIONS
ignoreClass — The class index will be unset temporarily before the filter is applied.
scale — The factor for scaling the output range (default: 1).

translation — The translation of the output range (default: 0).
STEPS

a. Start Weka you get the Weka GUI chooser window.

b WEKA

The University
T of Waikato Experimeriter
Wiaikata Enviranment for Knowledge Analysis krowledgeFlaw
Mersion 2.7 .4
() 1999 - 2011
The University of Wil ata Simple CLI
Harnilton, Mew 2ealand

CSE Department, MJCET 11
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b. Click on the Explorer button and you get the Weka Knowledge Explorer win-
dow.

[ Open fie... ] [ Open URL... ] [ Open DB... ] [ Generate... ] Unda Edit. . Save..,
Fiter
|

[ Choose J;None || app
Curreri: relation Selected sttribute

Relation; Hone Attributes: Mone Hame: Mene Type: Mone

Instances: Hons Sum of weights: Hone Hissing; Mone Distinct; Mone Uniqus: Mone
Attributes

2l tions Tnvert Pattern

o [ visuslizs A

Remive

Status
Welcome ko the Weka Explorer Log ‘. 20

c. Click on the Open File. button and open an ARFF file (try it first with an
example supplied in Weka-3-6/data, e.g. whether.arff). You get the following:

GEEEE =8| 2 )

Preprocess | Classify | Cluster | Associate | Sclect atiributes | Visualize|

T | = | e R = )
Filter = » [
(oo ]
Current relation Selected atirbute

Relation: weather Attributes: 5§ Mame: outlook Type: Mominal
Instances: 14 Sum of weights: 14 Missing: 0 {0%) Distinct: 3 Unigue: 0{0%)
Attributes Ma. Label Count Weight

) e ) (e (o) e

3| rainy 5 5.0

|
| Na. Name |
1

1 [ outioak 1 | Class: play (Nom) -
2{[jtemperature = ~ i
3 jhumidity
4 {windy
5[Clplay

Remaie

5 &
- |
(o) g

CSE Department, MJCET 12
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d. Click on Choose and select filters/unsupervised/attribute/Normalize.

Preprocess | Classify | Cluster | Associate | Select attributes | visualize |

[ -Open file... ] [ Open UR.... ] [ OpenDB... ] [ Generate... I Unda | Edit... ] [ Save... ]
Filter
8 At «1 | osiy_]
- @ AddExpression | Selected attrbute
-4 AddID Name: outlook Type: Mominal
-4 AddNoise = Missing: 0 {0%%6) Distinct: 3 Unique: 0 {0%%)
@ Addvalues
ot Corter No. Label Count Weight
-4 ChangeDateFormat ] 1}sunny 3 5.0
- @ ClassAssigner 2| overcast 4 4.0
. E E 3|rainy 5 5.0
& Copy 1
- & Discretize L
- 4 FirstOrder —
- 4@ InterquartileRange —
L —

# MakeIndicator
- 4 MathExpression
- & MergeManyValues
& MergeTwoValues
& NominalToBinary
& NominalToString
L Whormalize
& NumericCleaner

5

4
““I NumericToMNominal - i_
Fiter... | [ Removefiter | [ close | i

[ass: ply (om)

» || Vvisualize All
|

1

# NumericToBinary

Relation: weather
ﬁ 1: outook | 2: temperature | 3: humidity | 4: windy | 5 play
— MNominal Mumeric Murmeric Mominal | Mominal
1 sunny 5.0 85.0/FALSE no
2 sunny 80.0 S0.0TRLE no
13 |overcast 83.0 86.0/FALSE  lves
4 rainy 70.0 96,0 FALSE ves
is raimy 63,0 80.0/FALSE YES
fle lrainy 65.0 70.0TRUE  |no
7 overcast 54,0 &5.0TRLE yes
|2 sunny f2.0 95, 0FALSE [}
=] sunny 9.0 F0.0IFALSE ves
10 jrainy 7.0 80.0/FALSE ves
11  |sunny 75.0 JOLOTRUE WES
12  |owercast 720 0.0 TRUE ves
13 |owvercast 81.0 75.0[FALSE  iyes
1% rainy 71.0 S1.0TRUE N

CSE Department, MJCET 13
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e. Then click on the area right of the Choose button. You get the following:

Mormalizes all numeric values in the given dataset (apart from

the class attribute, if set).

ignoreClass :Faise

scale 10

translation (0.0

You see here the default parameters of this filter. Click on More to get more
information about these parameters.

f. VALIDATION : Click on the Apply button to do the normalization. Then
select edit tab to view data and see how it is normalized in the data window.

-
r-weka. filters. unsupervised. attribute Mormalize-51.0-T0.0

| 1:outlock | 2: temperature | 3: humidity | 4: windy | 5: play
Nomsinal Numeric Numeric Nominal | Nominsl

|8 1.0| 0.545161. .. |FALSE na
2 0.761904761. .| 0.806451... [TRLE no
I3 lovercast | 0.904751904...| 0.67741%... |[FALSE YES
14 rainy 0.285714285... 1.0|FALSE YES
a8 rainy 0.190475190.,.| 0.483870... |FALSE yes
& rainy 0.047519047...| 0.161290... TRUE no
7 overcast 0.0 0.0TRUE ves
3 SLNMY 0.380952380...| 0.967741.,.. |FALSE no
o sunny 0.238095233...| 0.161290... |FALSE ves
10 jrainy 0.523809523...| 0,483870... |FALSE yes
11 jsunny 0.523809523...| 0.161290... [TRLUE yes
12 jovercast 0.380952380, .. | 0.806451... [TRLE yes
13  jowercast 0.809523809,..| 0,322580... |FALSE yes
14 jrainy 0.333333333...| .838709, .. [TRLE no

CSE Department, MJCET 14
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g. Try other parameters for the filter and see how the normalization changes.

Dont forget to reload the original (numeric) relation or Undo the normalization
before applying another one.

CSE Department, MJCET 15
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4. Remove:

DESCRIPTION:

A filter that removes a range of attributes from the dataset. Will re-order the
remaining attributes if invert matching sense is turned on and the attribute column
indices are not specified in ascending order.

OPTIONS

Attribute Indices — 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 7-”. E.g: "first-3,5,6-10,last”.

Invert Selection — Determines whether action is to select or delete. If set to true,
only the specified attributes will be kept; If set to false, specified attributes will be
deleted.

STEPS

a. Start Weka you get the Weka GUI chooser window.

Welka G| Chooser

Applications

' ! KA Eplr

The University
of Waikato Expetimenter
s

Wraikiata Envvironrnent for knowledge Snalysis KnoviledgeF|avw
Wersion 2.7.4
(] 1999 - 2011
The University of Waik ata Simple CLI
Hamilton, Mew Zealand

b. Click on the Explorer button and you get the Weka Knowledge Explorer win-
dow.

CSE Department, MJCET 16
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| Weka Explorer

[ Open file... ] [ Cpen URL. .. ] [ Open DB... ] [ Generate... ] Unda Edit... Save..,
Fiter
[ choose|Mone : Apply
Currenit relation Seiected attribute
Relation; Hone Attributes: None Hame: Mene Type: Mone
Instances: Hons Sunn of weights: None Hissing; Mone Distinct: None Uniqus: Mone
Attributes
2l Hore Tnwvert Pattern
s [ visuslize a
Remave
Status
Welcome ta the Weka Explorer o | gl "

c. Click on the Open File. button and open an ARFF file (try it first with an
example supplied in Weka-3-6/data, e.g. Weather.arff). You get the following:

I Preprocess |CJESSIﬁ|' I Cluster | Assodiate I Select atiributes I Vasuahzel

[__ Open fi... ] [ Open ... ] [ Open ... ] [ Genera... ] ' bndo i Edit... ] [ Save.., ]
Filter »
| [ choose Jone [temty |
I Current relation Selected atirbute
Relation: weather Attributes: 5§ Mame: outlook Type: Mominal
Instances: 14 Sum of weights: 14 Missing: 0 {0%) Distinct: 3 Unigue: 0{0%)
Attributes Ma. Label Count Weight
[ ][ mone ][ mowert |[ Part. | Ly 2 il
2 = 2| overcast 4 4.0 f
3| rainy 5 5.0
: |
Class: play {om}) Visuzlize All Iﬂ
£

humidity

|| Status

3
4{["jwindy 5
5([|play 4
-

d. Click on Choose and select filters/unsupervised /attribute/Remove.
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Preprocess | Classify | Cluster I Select attnbutesl \ﬂsuahzel

Data Mining Lab Manual

[ Open file... ][ Open UR. .. ][ Open DB... ][ Generate... ] Urida

Filter

- 4 FirstOrder o

Edit...

- 4 InterquartileRange
.
- 4 MakeIndicator 4

Selected attribute
Mame: outiock
Missing: 0 {0%)

Distinct: 3

Type: Mominal
Unique: 0 (0%:)

- 4 MathExpression
- 4 MergeManyValues
- 4 MergeTwoValues

Label
1|sunny

Mo,

Count
5

Weight
5.0

- 4 WominalToBinary 2| overcast

4

4.0

- 4 NominalToString

5

5.0

- 4 Normalize

- 4 NumericCleaner
- 4 MumericToBinary
- 4 MNumericToNominal

- 4 MumericTransform
- 4 Obfuscate

- 4 PartitionedMultiFiter
- 4 PKIDiscretize

- 4 PrindpalComponents
- 4 RandomProjection
- # RandomSubset
.

- 4 RemoveByName

- 4 RemoveType

W,

] =
:

;C\ass: play (Morm)

& 5

- e |

e. Then click on the area right of the Choose button. You get the following:

weka filters. unsupervised. attributs,. Remaowe

About

attributelndices |5

invertselection :‘Ealsg

Afilter that removes a range of attributes from the dataset.

Capabilities

Open...

f. VALIDATION : Click on the Apply button to do the remove.

You see here the default parameters of this filter. Enter the Indices of attribute
to be remove Click on more to get more information about these parameters.

Preprocess |Qassify_ |CJustEf. I Associate I Sejectatn'ibu.tesl Vssualizel
[ openfie.. ][ opentr.. |[ OpenpBi.. ][ Generate.. ][ unde | [ Edt. |[ sae. |
Filter
Choose ;Remnve RS
Current relation Selected attribute
Relation: weather-weka. filters.un. .. Attributes: 4 Name: outlook Type: Nominal
Instances: 14 Sum of weights: 14 Missing: 0 (0%;) Distinct: 3 Unigue: 0 {0%:)
Attributes Mo, Label Count Weight
[ all ][ HNong ][ Invert ][ Pattern - i d 5 20
2{overcast 4 4.0
3|rainy & 50
i
2 perature
3 |humidity
4 hwindy
| Class: windy (Mom) v | visusize Al |
— —

CSE Department, MJCET
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Data Mining Lab Manual

g. Try other parameters for the filter and see how the remove changes. Dont

forget to reload the original (numeric) relation or Undo the remove before
applying another one.
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Data Mining Lab Manual
h. Replace Missing Values

Description: Replaces all missing values for nominal and numeric attributes
in a dataset with the modes and means from the training data.

OPTIONS

Ignore Class — The class index will be unset temporarily before the filter is
applied.

STEPS
i. Start Weka you get the Weka GUI chooser window.

Applications

. W E K A Explorer

The University
of Waikato Expetimenter
o

Wiaik ato Enviranment For Knowledge &nalyisiz krowledgeFiaw
Wersion 2.7.4
[ 1999 - 2011
The University of ailato Simple LI
Harnilton, Mew Zealand

ii. Click on the Explorer button and you get the Weka Knowledge Explorer
window.

EEE

(Broprocess ster yisualze |
[ Open file... ] [ Open URL.. ] [ Open DB... ] [ Generate... ] Unda Edit... Save..,
Fiter
[ Choose J‘Nune | apply
Currenit relation Seiected attribute
Relation; Hone Attributes: None Hame: Mene Type: Mone
Instances: Hons Sunn of weights: None Hissing; Mone Distinct: None Uniqus: Mone
Attributes
il Hore Tnwvert Pattern
s [ visuslize a
Remave
Status
Welcome ta the Weka Explorer o | g "
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iii. Click on the Open File. button and open an ARFF file (try it first with
an example supplied in Weka-3-6/data, e.g. weather.arff). You get the
following;:

Preprocess | Classify | Cluster | Associate | Select attributes | Visuzize|

(T T | =P T | s | o
Filter
[ Choose. ],ReplaceMissingValues -Unset-rlass-tempor arily ‘[ Apply ]
Current relation Selected attribute
Relation: marks-weka. filters.unsupervised.atiri... Attributes: 2 Mame: Mame Type: Nominal
Instances: 7 Sum of weights: 7 Missing: 0 (0%) Distinct: 7 Unique: 7 (100%)

Attributes M. Label Count Weight

Al ][ mone ][ nvet ][ Patterm | Liiotd g L0 -

3 2[ray 1 10 =
3|rohit £ 10
Mo, Name S
I Name: dass st marks (Num), VlsuakzeM
2| marks

Remove

Status
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Data Mining Lab Manual
iv. Click on Choose and select filters/ unsupervised/attribute/ReplaceMissing Values.

Preprocess | Classlfy [oluster [Assocaze [oslecr stnites [Umuzlzz |

[ Openfie.. |[ OpentRl.. |[_ OpenDB.. |[ Geneate.. || Undo Edt... Save...

Filter

#® NumericCleaner = |~ appiy
& NumericToBinary = -

# NumericToNoming!

# NamericTransform

# Obfuscate

# PartitionedMultFilter

# PKIDiscretize

# PrincigalComponents

# RandomProjection

# RandomSubset

& Remove

# RemoveByName

& RemoveType

# Removelseless o
# RenameAtiibute

# Reorder

L WR cplaceMissingValues
# Sortlabels

# Standardize

# StringToNomingl

# StringToWordvector
# SwapValues

Selected attrbute
butes: Mone Hame: Hone Type: MNone
ights: None Missing: None Distinct: None Unique: None

Pattern

il

v. Then click on the area right of the Choose button. You get the following;:

weka. filters unsupervised attribute . ReplaceMissingValues

About

Replaces all missing values for nominal and numeric atiributes
in a dataset with the modes and means from the training data.

ignoreClass | True !

Open... ] [ Save.., ] [ oK ] [ Cancel

You see here the default parameters of this filter. Click on more to get
more information about these parameters.
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vi. VALIDATION : Click on the Apply button to do the Replace Missing
Values. Then select edit tab to view data and see how it Replaced missing
values in the data window.

2 marks
Mureric

57,25

55.0

22.0

a87.0

97,25
05,0
9725

[iree | 06 ) [Ccanet

vii. Try other parameters for the filter and see how the replace values changes.
Dont forget to reload the original (numeric) relation or Undo the replaced
before applying another one.
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i. Standardize:

DESCRIPTION:

Standardizes all numeric attributes in the given dataset to have zero mean and
unit variance (apart from the class attribute, if set).

OPTIONS

Ignore Class — The class index will be unset temporarily before the filter is
applied.

STEPS

i. Start Weka you get the Weka GUI chooser window.

Aa— L

1% Welka GLU| Chooser

Applications
W E K A Explorer

The University

of Waikato Experimenter
Wik ata Enviranrment for knowledge Analysis knowledgeF|ow
Werzion 3.7.4
() 1999 - 2011
The Uriversity of urailato Simple CLI
Harniltor, Mew Zealand

ii. Click on the Explorer button and you get the Weka Knowledge Explorer
window.

iii. Click on the Open File. button and open an ARFF file (try it first with
an example supplied in Weka-3-6/data, e.g. Weather.arff). You get the
following:

iv. Click on Choose and select filters/unsupervised/attribute/Standardize.

v. Then click on the area right of the Choose button. You get the following:

You see here the default parameters of this filter. Enter the Indices of
attribute to be remove Click on more to get more information about these
parameters.
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| Weka Explorer

[ Open file... ] [ Cpen URL. .. ] [ Open DB... ] [ Generate... ] Unda Edit... Save..,
Fiter
[ choose|Mone | apply
Currenit relation Seiected attribute

Relation; Hone Attributes: None Hame: Mene Type: Mone

Instances: Hons Sunn of weights: None Hissing; Mone Distinct: None Uniqus: Mone
Attributes

il Hore Tnwvert Pattern

s [ visuslize a

Remove

Status
Welcome to the weka Explorer Log w x0

Guwspee SIS

Preprocess | Classify | Cluster | Assodiate | Select attributes | Visualize|

[__ Open fi... ] [ Open... ] [ open ... ] [ GENera... ] i Undo i Edit.... ] [ SaEve... ]
Filter
(o |
Current relation Selected atirbute
Relation: weather Attributes: 5 Mame: outlook Type: MNominal
Instances: 14 Sum of weights: 14 Missing: 0 {0%) Distinct: 3 Unique: 0 {0%)
Attributes Ma. Label Count Weight
[ a [ more ][ mvert ][ Patt. | Lysmny 2 50
: : 2|overcast 4 4.0 !
3 rainy 5 5.0 i
| Ma. Name (|

o ‘(.:Ia&‘;: play {rom;) g‘ ‘Visualize All :
L d |
H

5 5

vi. VALIDATION : Click on the Apply button to do the Standardization.
Then select edit tab to view data and see how it standard the values in
the data window.

mab.lre
“Jhumidity
[ jwindy

[jplay

Remioife

Status

vii. Try other parameters for the filter and see how the standardize changes.
Dont forget to reload the original (numeric) relation or Undo the stan-
dardize before applying another one.
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i 1: outlook | 2: temperature | 3: humidity | 4 windy | 5 play
I MNeominal Numeric MNumeric Newminad | Nominal
|1 lsunny 85.0 B5.0FALSE  |no
2 SUNRY 80.0 20.0TRLE no
3 overcast 3.0 36.0|FALSE Ves
[4  lrainy 70.0 95.0|FALSE  lyes
|5 lrainy 8.0 BO.0|FALSE  |yes
ls  Irainy 5.0 FO.00TRUE  Ina
|7 lovercast 4.0 65.0TRUE  lyes
3 sUnny 72.0 95.0|FALSE no
] sSunny 89.0 F0.0|FALSE yes
10 jrainy 75.0 50.0|FALSE V=
11 {sunmy 75,0 70.0[TRUE V=
12 jovercast F2.0 90.0[TRUE Ves
13 |owvercast 1.0 75.0{FALSE yes
14 frainy 71.0 91.0TRUE no

Openfle.. | [ OpenlRL.. |[ OpenDB.. |[ Generate.. || Unde Edt... [ s

% NumericCleaner = [ aemty |
© NumericToBinary =
@ NumericToNominal
@ NumericTransform

@ Obfuscate

. @ PartitionedMultFiter
® PrDiscretize
@ PrindpalCompanents

. # RandomProjection

- # RandomSubsst
@ Remove
® RemoveByName

. # RemoveType

- # Removellseless o

# RenameAtiribute
® Reorder = '_EM]
& ReplaceMissing¥alues
- @ Sortiabels
W starcardize
# StingToNemnal
# StingToWordvector

Selected attribute
butes: None Hame: Nane Type: None
sights: Nane Missing: Nane Distinct: None Unique: None

[Pattern

m

weka. filters unsupervised, attribute, Standardize

About

Standardizes all numeric attributes in the given datasetto have
Ezrt? mean and unitvariance (apar from the class attribute, if i o
).

ignoreClass Ir!:ahe |

[ | = | —— —
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1: outlook | 2: temperature | 3: humidity | 4: windy | 5: play
| Nominal MNumeric Numeric MNominal | Nominal
1 |sunny 1.739067215...| 0.326404... |[FALSE o
2 leunny 0.978225308, .. | 0,812539... [TRUE o
3 overcast 1.434730452... | 0.423631... FALSE Vi
Ei rainy -0.543458504. .. | 1,395900... [FALSE YES
4] rainy 0.847/35267... | H.15972... |FALSE YES
& rainy -1.304300411...| -1.13199... [TRUE o
7 overcast  |-1,456466792...| -1.61813...[TRUE YES
8  |sunny 0.239121742... | 1.298673... [FALSE o
9 SUNMY -0.695026830,..| -1.13199... [FALSE YES
1 jrainy 0.217383401...| -0,.15972... |FALSE Vi=
11 |sunny 0.217383401...( -1.13199... [TRUE Vi=
12 jowercast |-0.239121742...|0.8125359...[TRUE YES
13 |overcast 1, 130393690, .. | -0.64586... FALSE Vi
14 jrainy -0,391290123.,.| 0.909756... [TRUE o
| undo || oK || Cancel

Data Mining Lab Manual
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Program 2

OBTAIN DECISION TREE FOR DIFFERENT DATA SETS USING
WEKA

Problem Definition

Obtain decision tree for different data sets using WEKA

Problem Description

Class for generating a pruned or unpruned C4.5 decision tree. Ross Quinlan (1993).
C4.5: Programs for Machine Learning. Morgan Kaufmann Publishers, San Mateo,
CA.

OPTIONS

Binary Splits — Whether to use binary splits on nominal attributes when building
the trees.

debug — If set to true, classifier may output additional info to the console.
Min Num Obj — The minimum number of instances per leaf.

Num Folds — Determines the amount of data used for reduced-error pruning. One
fold is used for pruning, the rest for growing the tree.

Reduced Error Pruning — Whether reduced-error pruning is used instead of C.4.5
pruning.

Save Instance Data — Whether to save the training data for visualization.

seed — The seed used for randomizing the data when reduced-error pruning is used.
Sub tree Raising — Whether to consider the subtree raising operation when pruning.
Un pruned — Whether pruning is performed.

Use Laplace — Whether counts at leaves are smoothed based on Laplace.

Click on classify, then choose

Click on start
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Weka Explorer

ieprocess | Classity | Cluster | Associate |

Select attibute

Visuslize|

[ Openfie ][ Open URL ][ Open DB ][ Gererate. J Unda [ Edit ][ Save ]
Filter
[ Choose ];Nnne [ Apply ]
Curtent relation Selected atiibute
Fielation; weather Name: outlock Type: Nominal
Instances: 14 Attributes: § Missing: 0[0%) Distinct 3 Unique: 0(0%)
Atibutes No Label Count
1[sunny 5
[ ] J[ Mene ][ mwen ][ Patem | 2| overcast 4
E B
[ Mo Name
2 Jremperature
3 humidity
A Jwindy [Cisse: ey (o] o[ viusizear ||
5[py
&
Flemove ]
Status
oK.

Weka Explorer.

| Prepincess| Classify | Clu

Classifier

[ weka

(5] funclions
@ JythonClassifier

DecisionStump

J48graft
L&D Tres
LT

MNBTree
FRandomForest
Randomn T ree
REPTree

ier output

~

Fiter.. | [ Remavefiter | [ Close |

Status

Click on percentage split

Click on 102415-treesJ48

Data Mining Lab Manual
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Weka Explorer

| Preprocess| Classily | Cluster]| Associate |

Select attibutes || Visualize|

Classifier

[ Choose Juas-cnasmz

Test pfians Classiier autput

() Use training set
© Supplied test sst Sel..
(3 Cross-validation  Folds | 10 |

) Percentags spit

[ Ware options. ]

{Nom) play -

Result list [right-click for options]

Status

Weka Explorer.

elect allibutes

| Preprocess| Classily | Cluster | Associate

Classifier

[ Chonss Juascnosae |

Test options: Classifier output

() Use biaining set

Pun information

) Supplied test set Set
Scheme: weka.classifiers.trees.J48 -C 0.25 -1 2
@ Crossvalidation Falds (10 | | poyorsons s

(2 Percentage split 5 | Instances: 14 =
. Attributes: S

LEMpETATUrE
[Nom) play v T di by -
windy
Test mode: 10-fold cross-validation

Result list [right-click for options)

Classifier model (full training set)
148 pruned tree
outlook = sunny
| humidivy <= 75: yes ([2.0)
| humidity > 75: no {3.0)
outlook = overcast: yes (4.0) v
RN >

Status

Weka Explorer

| Preprocess| Chassiy | Cluster| Assaciate | Select attibutes | Visualize|

Classifier
[ Choose Jusg-co25M2Z
Test options Clarssifier autput
Creciiy vrassinied toscam .

-
© Use tiaining et Incorrectly Classified Instances 5 35.7143 % =
) Supplied test set Kappa statistic 0.186

Mean absolute error 0.2657
O G yalidation Eoot mean swuared error 0.4818
(3 Percentage split % Relative ahsolute error 60 5
_ Root relative squared error 97.6586 %
Total Muuber of Instances 14

[Wom) play v |-

= Detailed Accuracy By Class

Stop TP Rate FP Rate Precision Recall F-Neasure ROC hre

Result list [right-click for aptions] 0.778 0.6 0.7 0.778 0.737 0.789
0.4 0.222 0.5 0.4 0.444 0.7a9
! Wies in main WI;’!dDW 543 0,465 0.629 0.643 0.632 0.789

Wiew in separate window

Save result buffer

Delete result buffer =

Load model
Save model

Re-eval

Wisualiza classifier arrars

i | 3
St Wisuslize margin curve
0K wisuslize threshold curve »
Cost/Bensfit analysic 3

== Wisualize cost curve b

Data Mining Lab Manual
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x|

£ Weka Classifier Tree Visualizer: 10:24:15 - trees.J48 {weather) |;||§

Tree Yiew
=sunny = owercast = rainy
? |
==7h =>TH =TRUE = FALSE
] wwisn) o) )
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Second data set:

Bankprediction data set

Preprocess | Classity| Cluster | Associate| Select attnbutes | Visuslize|

=)
e

[ Openfie. ][ OpenURL. ][  OpenDB.. |[ Gereae. [ Wndo [ Edt.  J[  Gae=. ]
Fier
Choose | Nane el
Curent relation Selected atribute
Flelation: bank_predicted Name: Instarice._number Tope: Humeric
Istances: 300 Attibtes: 11 Missing: 1{0%) Distinet. 300 Urique: 300 (100%)
Atributes Statistic Walue
Minirm 0
[ Al J [ mone [ ewen ][ Patem | Masimum 233
Mean 1435
[ Mo Name | [GdDev B5.747

[region
[Jincome

| Class: pep Hom)

v [ Visualize A |

[ married
chidien 43 43
Cear

[ Jmortgage

10 ]predictedpep
11[pep

00l il | 0| |

|

[ Femove ]

43

Status
0K

Click on classify

Then click on choose and in trees choose j48

Weka Explorer

Wisualize|

| Frepiocess| Classily | Cluster | Assuciate | Select atibutes

Classifier

) weka P

=] classifiers

1 bapes

er output

] functions
it JythonClassilier
-] ley

-] meta

= i

) mise

] rules

(] iees

ADTree
BFTree
DecisionStump
FT

J4Baiaft
LADTree
LMT

L

7

-

NETree

RandomForest

RandomTree

REPTiee e

Fiter.. | [ Removefiter | [ Clss ||

it S A EEEEEEE R R

Status
oK

Click on start

Data Mining Lab Manual
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Weka Explorer

| Preprocess| Classify | Cluster |

| Wisualize|

Classifier

[ Choose J44gcoas M2

Test options

() Use training set

© Supplied test set

@ Crossvalidstion  Folds [10 |
O Percentage spit \ J'

{Nom) pep ~

Result list fright-click
11 -

Stop

for options]

Classifier cutput

Scheme:

Relation: henk_predicted
Instances: 300
attributes: 11
Instance number
age
sex
region
income
narried
children
car
mortgage
predictedpep
pep
Test mode:

148 pruned tree

£

Classifier model (full training ser)

weka.classifiers.trees.J48 -C 0.25 -1 2

10-fold cross-validation

Status

0K

Click on percentage split

| Select atributes | Visualize|

| Preprocess | Classiy | Cluster || Associat

Status

oK

Visualize margin curve
Visualize threshold curve »
Cost{Benefit analysis

Visualize cost curve >

Classiier
Choose | J48-C0.25 42
Test options Classiler output
e : =
Ol Incorrectly Classified Instances 62 20.6667 % =
) Supplied test set Kappa statistic 0.5804
Mean absoluce erzor 0.3117
Cross-validat
SR Root mean squared error 0. 4096
(@ Percentage splt Relative absolute error 62.7394 %
_ Root relative scquared error 82.1827 %
Total Number of Instances 300
[Nom] pep % | === Detailed Accuracy By Class
Stop TP Rate TP Rate Precision Recall F-Measure ROC Ate
e eE btk o psoe) 0.717 0.14z 0.811 0.717 0.752 0.7
0.858 0.283 0.781 0.858 0.818 0.76
Wiew in main window 13 0.218 0.795 0.793 0.732 0.76
View i separate window
Save result buffer
Delete resul buffer
Load madel L -
Save mode|
R e on current test set
Visuslize classfier errors ~
»

Data Mining Lab Manual

CSE Department, MJCET

33



Data Mining Lab Manual

£ Weka Classifier Tree Visualizer: 11:23:34 - trees.J48 {bank ... |;||_E||Z|

Tree Yiew

= SLBURBEAN

»

= MALE = FEMALE
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Third data set:

Sleep data set

- Weka Explorer

Freprocess | Classily | Cluster | Associate | Seleet atiibutes | Visualize |

[ Open e ] [ Open URL ] [ Open DB ] [ Generate. ] Unda [ Edit ] [ Save ]
Filter
)
Curtent relation Selectad atiibute
Relatior: ifis Mame; sepallength Type: Mumeric
Instances: 150 Altrbues: 5 Missing: 0 (0%) Distinet, 35 Unique; 5 (6%)
Altributes Statistic Walug
Minimurn 43
[ Al J [ mone [ nwet ][ Patemn | Masimum 73
Mean 5843
| Mo Name StdDev 0.828
2[Jsepalvidth
3[Jpetallength
A lpeialyidh | Cless: class (Nom) [ Veudieear |
ERE

I Femove

Status
0K

= Weka Explorer

Prepiocess| Classify | Cluster| Assosiste| Select attibutes | Visusize,
Dlsssifer

S classifiers A
| bapes i
] functions ier Dutput

# JythonClassifier

] lazy

-] meta

e jmi

] misc:

B tules

= tess

BFTres
DecisionStump

J48graft
LADTree
LMT

METiee
FiandomForest
RandomTres
REPTree
SimpleCart 2]

Fitsr. | [ Removsfitsr ] [ Closs ]

Status

. o

A S EEEE SRR R R R
-

Click on start and then click on percentage split

VALIDATION :
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| Preprocess| Chassify | Clhuster | desaciate]| Select attibutes | Yisualize]
Classifier
[ Chonse JuaB-cozsmz
Test options Classifier output
O Use brainig set Mean ahsalute error 0.038 o |
O Sppled tos zet S Root mean squared error 0.1585
Relative ahsolute error 7.8705 &
(3 Cross-validation 1 Root relative sguared error 33,6353 %
@ Percentagesplt. % |66 Total Humber of Instances 150
Detailed Accuracy By Class ==
{Nom) class 7 TP Rate TP Rate FPrecision Recall F-Measure ROC Are
0.98 il 1 0.98 0.99 0.99
0.94 0.03 0.94 0.94 0.54 0.952
0.96 0.03 0.941 0.96 0.95 0.961
Fiesultlist [nght clicks for aptions) Teighted dvg. 0.9 0.02 0.98 0.96 0.98 0.958
| ¥iewin main window
Yigw in separate windaw £A5
Save result buffer N——
Deleks resut buffer
Iris-setosa =
Load mode! Iris-versicoler
Save model Iris-virginica
Re-avaliiabe model an curentbest set
visualize classifier errors &
| S
Wisualize margin curve
Stalus visualize threshold curve »
0K CostjBenefit analysis »
¥isualize cost curve »

', Weka Classifier Tree Visualizer: 10:20:57 - trees.J48 (iris)  [= |[B[X]

Tree View

=17 =17

==1.5 =1.4

Data Mining Lab Manual
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Program 3 CLASSIFICATION ALGORITHMS USING WEKA

Problem Definition

(Classification algorithms using WEKA
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Bank prediction data set using nb tree:

=+ Weka Explorer

Preprosss :Classwfy I Chster I Associate i Select attibutes é:"\u"\éuah.zéi

[_ Open fie... ] l Open URL.. I [ Open DB. . ] [ Generate.. } [ UUndo ] [ Edit. ] [ Save. I
Filker
[ GooeJtone =]
Current relatior Selected atibute
Relation: bank_predicted Mame: |nstance_number Type: Mumeric
Instances: 300 Attributes: 11 Missing: 0[0%) Distinct; 300 Unique: 300 [100%)
Abtributes Shatistic Valug
Minimuim 0
[ Al ] [ None ] l Invert I [ Patteiry ] M aimum 2939
Mean 1435
| Mo |Irwverts khe current atbribube selection |y, AE.747
' 1
2L
El
! = .regwon Class: pep [Nom) ¥ |[ Wizualize All I I
5[ Jincome
B Jmarried
#[childien
8 Jear
9 | mortgage
10/ ] predictedpep
M pep
Remove ]
1] 140.5 209
Status
K. Log w wll

Bank prediction data set using j48graft :
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Weka Explorer,

| Pleprocess| Classify | Cluste

Classifier
A |
-] lunctiors TASTILIEU LIS Case oo I
JythonClassifier Classified Instances 62 20,6667 % =
a2y istic 0.5804
1te error 0.3117
4 Squared error 0.4096
_.|m|sc zolute error 62.7394 %
F--:_'JI :[uelzss iwe squared error 82.1827 %
= e DT _pr of Instances 300
# BFTiee
[ # DecisionStump =2d Accuracy By Class ===
# FT
[: - TP Rate FP Rate Precision Recall F-Neasure ROC Are
® )48 0.717 0.142 0,811 0,717 0.762 0.76
e JABgat 0.858 0,283 0.781 0.858 0.8l 0.76
i -4 L&D Tree d. 0.783 0.z15 0,795 0.793 0,792 0.76
# LMT
» h ion Matrix
o =
# RandamForest <-- classified as |
# FRandomTree a = YES =
# REPTiee ¥l p-m
[ Filter... ] [ Remove filker ] [ Cloze ] L
il - | B

Status

QK W:(D

Weka Explorer

| Preproces§! Classiy | Cluste

| Associate| Select attributes| Yisualize|

Clazsifier

[ Choose ENBTlee |

Test options Classifier output
(O Use traitiing set Incorrectly Classified Instances 22 21,5686 % 2
() Supplied test set Sat Kappa statistic 0.5584
— Mean absolute error 0.3211
O Cross-validation -! Foot mesn squared error 0,4105
(3) Percentage spli % 66 J' Relative absolute error 64,6668 %
- Root relative scgquared error §2.528 %
[ Mgie ptionc, ] Total Number of Instances 1oz
[Mam] pep 4 | === Detailed kccuracy By Class ===
Stop TP Rate FPF Rate Precision BRecall F-Measure ROC ire
: : T 0.711 0.158 0.73 0,711 0,744 0.816
Rezult list [right-click for options) 0842 0,280 0,787 0. a4z aald 0816
|T1:23134-tleeS.J48 Weighted Awg. 0.7584 0.231 0.754 0,754 0.783 0.516
=== Confusion Matrix ===
a b <-- classified as
3213 | a = YES
945 | b =ND
< il

Status
oK

Bank prediction data set using NBtree :
Bank prediction data set using nb tree:

CSE Department, MJCET 39



'eka Explorer

Data Mining Lab Manual

| Prepmcess.} Classity | Cluster | Associate | Select attibutes| Visualize|
Clagsifier
Choose ENBTlee
Test options Clazsifier autput
(O Use trairing set Incorrectly Classified Instances 2z 2L.5686 % .
() Supplied test set Sel. Kappa statistic 0.5584
: Mean absolute error 0.3z11
O Crossvalidation i | |Root mesn squared error 0.4105
(5) Percentage solit = (66 Relative absolute error 64,6668 %
Root relative sgquared error g82.528 %
[ e LIS ] Total Number of Instances 1oz
[Mom) pep 4 | === Detailed hccuracy By Class ===
TP Rate FP Rate Precision Recall F-Measure ROC Are
—— - 0,711 0.158 0.78 0,711 0.744 0.816
Resultlist [right-click for optiong] 0,54z 0,289 0787 0,542 0,814 0.8L6
11:23.34 - trees. 48 Weighted Awg. 0,754 0,231 0.7584 0,754 0,733 0.8le
Wigw in main window '
View in separate window ponsllateixssss
Save result buffer |
I I b - classified as
F)egt_e re.s_L.!_t uffer 4 - ES
Load model o= HO &
Save model |
Re-g | v
Visualize classifier ervars | l Eill
Status = =
i Visualize margin curve
Visualize threshold curve ]

Weka Classifier Tree ¥isualizer: 11:30:11 - trees.NBTree (ba... E|@E|

Tree View
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| Wisualize|
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OpenyEdit/Save instances
Open e penURL.. ] [ OpenDB.. ] [

Remove ]

Generate.. } [ Unda ] [ Edit.. ] [ Save. ]
Filter
[ Chioose ]ENnne ,[ Apply ]
Cunrenit relation Selected atribute
Relation: bank_predicted Mame: |nstance_number Type: Mumeric
Instances: 300 Altrbutes: 11 Missing: 0 [0%) Distinct: 300 Unique; 300 [100%)
Abtributes Statistic Walue
Minimnum 0
[ Al ] [ Hone ] [ Irvvert ] [ Fatten ] M aimuirn 299
Mean 1435
StdDev 86.747
2 Nage
3 Jsex
1 — .reg\on Class: pep [Mom] ~ |[ Visualize &ll ] I
5[ Jincome
B[ | married
7 Jchildien
8 Jear
9 Jmartgage
10 predictedpep
11 Jpep

140.5

Status
oK

Weka Explorer

repmcessi Classify
Classifier
~
] functions
& JythonClassifier 7 Classified Instances zl 20,5882 % i
istic 0.5755
Ate error 0.3lz8
zemared error 0,405
azolute error 63,0032 %
iwve sgquared error 81,4272 %
=r of Instances Loz
- BDTiee
| . BFT_'E_E =d Acouracy By Class ===
-4 DecisionStump
[ : FT_ TP Rate FP Rate Precizion  PRecall F-Measure ROC Are
18 0. 689 0.123 0.816 0.689 0.747 0.783
. 0.877 0,311 0,751 0,877 0.826 0.783
g T 0,734 0,228 0.796 0.754 0.791 0.783
i L M ion Matrix
-4 NBTiee L)
-4 RandomForest -- classified as
-4 RandomTree a = ¥E§
-4 REFTree ¥ho= N0
l Filter... ] [ Remaove filter I [ Cloze ] [ il
| : = | 2
Ta
Status
0K
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Weka Explorer.

| Pleprocess| Classify] Cluster ” Agsociate| Select sttibutes H Visualize|

Classifier

| Chooss Jdsgraft-cO25M 2

Test options

(73 Use training set

) Supplisd test set Seb.

() Crossvalidation  Folds. D
(&) Percentage splt %

l Mare options... ]

[Nom) pep

'

Fesult list right-click for options)

11:23:34 - rees. )48

11:30:17 - rees: NB Tree
11:31:30 - rees. J4Bagraft
i3 (it
Vigw in main window

Stop

= Ires

View in separate window
Save result buffer
Delete result buffer

Classifier output

Incorrectly Classified Instances
Fappa statistic

Mean absolute error

Root mean squared error
Belative absolute error

Root relative squared error
Total Number of Instances

=== Detailed &ccuracy By Class

TP Rate  FP Rate

0,689 0.123

0.877 0.311

Weighted Avy. 0.754 0,225

=== Confusion Matrix

-- clazsified as
a = TE3
1 (1]

Load model
Save model

Re-gvaluate mac

Statuz
ok

Visualize classifier ervars

|
21 20,5882 % &
0.5755
0.3128
0,405
63.0032 %
§1.4272 %
102
Precision PRecall F-Measure ROC Are
0,818 0,689 0.747 0,733
0,751 0.877 0.826 0,783
0.798 0.794 0.791 0,783
]
&
<

Tree View

== 24 94.1

=YEZ MO
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Weka Explorer

| Preprocess| Classify | Cluster| Associate] Select atiibutes | Visualize)

Clazsifier

[ Choose IiNBTlee |

Test options Classifier output
) Use biaining set Mesn absolute error 0.0475 &
O Supplied test st Cel . Root mean squared error 0.1621
— Relative absolute error 10.7474 %
@ Crossvalidation Falds | 10 | Root relative squared error 34.3307 %
() Percentage spit o J' Total Number of Instances 150
[ Mate optiars... ] === Detailed dccuracy By Class ===
[Mam] pep A TP Rate  FPF Rate Precision Recall F-Measure ROC Are
1 0 1 1 1 1
Stop 0.9z 005 0.902 0.92 0.911 0.991
: : T 0.9 0.04 0.918 0.9 0.509 0.983
Result lst [right-click for options] Weighted Avg.  0.94 0.03 0,94 0.94 0,94 0,001
=== Confusion Matrix ===
a b ¢ <-- classified as
50 0 0] a= Iris-setosa
046 4| b = Iris-versicolor
0 545 | ¢ = Iris-virginica
i | ¥

Status
; -

Weka Explorer

\-F-‘.r.eprocess.g .C|338‘.f}' iCIust 5 T \u"-\.suai\.zx;,‘

Clazsifier

[ Choose IiNBTlee

Test options Classifier output
(O Use traitiing set Mean absolute error 0.0478 L
) Supplied test zet Cal Root mean squared error 0.1821
— Relative absolute error 10.7474 %
() Cross-validation Folds | 10 | |Root relative scquared error 34.3807
) Percentage spit T J Total Number of Instances 150
[ More options... ] === Detailed dccuracy By Class ===
[Mom) pep i TP Rate FP Rate Precision BRecall F-Measure ROC ire
1 0 A8 1 1 1
Stop 0.9z 0.05 0.902 0.92 0.911 0.991
z E % 0.8 0.04 0.918 0.9 0.908 0.983
Result i [Se21ts the casshication Weighted Avg.  0.94 0.03 0.94 0.94 0.94 0.991

=== Confusion Matrix ===

a b ¢ <-- classified as

50 0 0] a= Iris-setosa
046 4| b = Iris-versicolor
0 545 | ¢ = Iris-virginica

Slatug
oK.
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Data Mining Lab Manual

11:17:49 - trees.NBTree (iris)

Tree View
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Data Mining Lab Manual
Program 4

OBTAIN THE ASSOCIATION RULES FOR GIVEN DATASET
USING WEKA

Problem Definition

Obtain The Association Rules For Given Dataset Using WEKA.

Problem Description

Class implementing an Apriori-type algorithm. Iteratively reduces the minimum
support until it finds the required number of rules with the given minimum confi-
dence.

The algorithm has an option to mine class association rules.

R. Agrawal, R. Srikant: Fast Algorithms for Mining Association Rules in Large
Databases. In: 20th International Conference on Very Large Data Bases, 1994.

Bing Liu, Wynne Hsu, Yiming Ma: Integrating Classification and Association Rule
Mining. In: Fourth International Conference on Knowledge Discovery and Data
Mining, 1998.

OPTIONS

car — If enabled class association rules are mined instead of (general) association
rules.

Class Index — Index of the class attribute. If set to -1, the last attribute is taken as
class attribute.

delta — Iteratively decrease support by this factor. Reduces support until min
support is reached or required number of rules has been generated.

Lower Bound Min Support — Lower bound for minimum support.

Metric Type — Set the type of metric by which to rank rules. Confidence is the
proportion of the examples covered by the premise that are also covered by the
consequence(Class association rules can only be mined using confidence). Lift is
confidence divided by the proportion of all examples that are covered by the conse-
quence. This is a measure of the importance of the association that is independent
of support. Leverage is the proportion of additional examples covered by both the
premise and consequence above those expected if the premise and consequence were
independent of each other. The total number of examples that this represents is

CSE Department, MJCET 45



Data Mining Lab Manual
presented in brackets following the leverage. Conviction is another measure of de-
parture from independence. Conviction is given by P(premise)P(lconsequence) /
P(premise, !consequence).

min Metric — Minimum metric score. Consider only rules with scores higher than
this value.

Num Rules — Number of rules to find.

Output Item Sets — If enabled the item sets are output as well.

Remove All Missing Cols — Remove columns with all missing values.
Significance Level — Significance level. Significance test (confidence metric only).

Upper Bound Min Support — Upper bound for minimum support. Start itera-
tively decreasing minimum support from this value.

verbose — If enabled the algorithm will be run in verbose mode.

STEPS
Choose a data set

Iris data set

% Weka Explorer

Fieprocess | Classify| Cluster | Associate| Select attributes | Visualizs|

EEX

[ Openfie. ||

Open URL

)

Open DB

il

Generats.

Fiter

Current relation

Attributes

Relation; iriz
Instances: 150
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Missing: 00%]

Shatistic
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(

Edit

[ ses. |

Digtinct: 35

Walue
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Urique: 9(6%)
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I
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]

Ineert

J

Fattern

J

M axirnum
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Mean

5.843

| Ho

Name
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i
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Remove

StdDew

0828

| Class: class [Mom)

|| Wisualize &l
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Click on classify and choose ZeroR
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VALIDATION :

Weka Explorer

Preprcess) Clssly | Cht

te| Seect s | Visualze

Testoptons

O Usetaiingse!.

O Suppiedtontsal | et
© Clossvadaon Fokds [ 10

© Percentage it

Hon cass

Resu it gt lk o ptore)

o1 e

Clssfo utp
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o 0 o 0 o 0.5 Iris-versicolor
0 0 o o o 0.5 Inisvirgmica
eignced Ave. 0333 0335 0.0l 0.3 057 0.5
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Program 5

PERFORM DATA TRANSFORMATIONS USING ETL TOOL

Problem Definition

Perform data transformations using an ETL tool.

Problem Description

Extraction, Transformation, and Loading (ETL) Processes

e The plumbing work of data warehousing
e Data are moved from source to target data bases
e A very costly, time consuming part of data warehousing

Sample ETL Tools

Tera data Warehouse Builder from Tera data

Data Stage from Ascential Software
SAS System from SAS Institute

Power Mart/Power Center from Informatica

Sagent Solution from Sagent Software

Hummingbird Genio Suite from Humming bird Communications

Introduction to MySQL:

e MySQL is a very popular, open source database.
e Officially pronounced my Ess Que Ell (not my sequel).
e Handles very large databases; very fast performance.
e Why are we using MySQL?
— Free (much cheaper than Oracle!)
— Each student can install MySQL locally.
— Easy to use Shell for creating tables, querying tables, etc.
— Easy to use with Java JDBC
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A) For products and orders

mysql> use nida;
Database changed

mysql> create table orders(orderid varchar(5),
-> productid varchar(5),quantity int(5),
-> unitsaleprice int(5),discountprice int(5),
-> numoffreeservice int(3));

Query 0K, O rows affected (0.09 sec)

mysql> desc orders;

Field Type Null | Key | Default | Extra
orderid varchar(5) | YES NULL
productid varchar(5) | YES NULL
quantity int(5) YES NULL
unitsaleprice int(5) YES NULL
discountprice int(5) YES NULL
numoffreeservice | int(3) YES NULL

6 rows in set (0.01 sec)

mysql> insert into orders values(’0101’,’p121’,10,5000,10,2);
Query OK, 1 row affected (0.01 sec)

mysql> insert into orders values(’0101’,’p121’,10,5000,10,2);
Query 0K, 1 row affected (0.02 sec)

mysql> insert into orders values(’0101’,°’p01’,1,234,5,3);
Query OK, 1 row affected (0.01 sec)

mysql> insert into orders values(’0101’,’p180’,2,4000,12,3);
Query OK, 1 row affected (0.03 sec)

mysql> insert into orders values(’0102’,’p02’,5,2500,3,2);
Query 0K, 1 row affected (0.02 sec)

mysql> insert into orders values(’0102’,’p122’,2,2800,3,2);
Query OK, 1 row affected (0.03 sec)
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mysql> select * from orders;

orderid | productid | quantity | unitsaleprice | discountprice | numoffreeservice
0101 pl21 10 5000 10 2
0101 pl21 10 5000 10 2
0101 p01 1 34 5 3
0101 p180 2 4000 12 3
0102 p02 5 2500 3 2
0102 pl122 2 2800 3 2

6 rows in set (0.00 sec)

mysql> create table products(productid varchar(5) primary key,
-> companyid varchar(5),
-> productname varchar(10),
-> producttype varchar(10),
-> productprice int(5),
-> productdom date,
-> productinstock int(5));

Query 0K, O rows affected (0.06 sec)

Field Type Null | Key | Default | Extra
productid varchar(5) | NO | PRI | NULL
companyid varchar(5) | YES NULL
productname | varchar(10) | YES NULL
producttype varchar(10) | YES NULL
productprice int(5) YES NULL
productdom date YES NULL
productinstock | int(5) YES NULL

7 rows in set (0.02 sec)

mysql> insert into products values(’P01’,’30’,’CABLE’,121,234,
71991-01-097,25) ;
Query OK, 1 row affected (0.03 sec)

mysql> insert into products values(’P02’,’28’,’0PCABLE’, 122,500,
?1998-08-04",35) ;
Query 0K, 1 row affected (0.01 sec)

mysql> insert into products values(’P121’,’12’,’MONITOR’,147,5000,
’2001-09-257,19) ;
Query 0K, 1 row affected (0.02 sec)

mysql> insert into products values(’P122’,°11’,’BATTERY’,124,1400,
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’2003-08-15",15) ;
Query 0K, 1 row affected (0.03 sec)

mysql> insert into products values(’P180°,’2’,’FAX’,168,2100,
’2003-03-12",12);
Query OK, 1 row affected (0.03 sec)

mysql> select * from products;

product | company | product product | product | product | product
id id name type price dom instock
P01 30 CABLE 121 234 1991-01-09 25
P02 28 OPCABLE 122 500 1998-08-04 35
P121 12 MONITOR 147 5000 | 2001-09-25 19
P122 11 BATTERY 124 1400 | 2003-08-15 15
P180 2 FAX 168 2100 | 2003-03-12 12

5 rows in set (0.00 sec)

B) For birth certificate

mysql> use nida;
Database changed

mysql> create table birthcertificate(name varchar(30),
Fathername varchar(30), Birth date,Location varchar(30),

SSN varchar(3), primary key(SSN));

Query OK, O rows affected (0.09 sec)

mysql> insert into birthcertificate values(’KLM’,’STR’,’1988-03-27’,
’Delhi’,’665°);
Query 0K, 1 row affected (0.02 sec)

mysql>insertintobirthcertificatevalues(’ABC’,’XYZ’,’1989-05-03",
’HYDERABAD’,’6677) ;
Query 0K, 1 row affected (0.03 sec)

mysql> select * from birthcertificate;

Name | Fathername Birth Location SSN
GHI | MNO 1990-11-17 | BANGLORE | 645
KLM | STR 1988-03-27 Delhi 665
ABC | XYZ 1989-05-03 | HYDERABAD | 667

3 rows in set (0.00 sec)
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mysql> insert into birthcertificate values(’DEF’,’PQR’,’1987-06-07",
’HYDERABAD’,’7857) ;
Query 0K, 1 row affected (0.02 sec)

mysql> create table college(Name varchar(30),Fathername varchar(20),
Birth date, SSN varchar(3),Rollno int(3));
Query 0K, O rows affected (0.06 sec)

mysql> insert into college values(’ABC’,’XYZ’,’1989-05-03’,°667°,10);
Query OK, 1 row affected (0.03 sec)

mysql> insert into college values(’KLM’,’STR’,’1988-03-27’,°665’,11);
Query 0K, 1 row affected (0.01 sec)

mysql> insert into college values(’GHI’,’MNO’,’1990-11-17’,°645’,15);
Query OK, 1 row affected (0.02 sec)

mysql> insert into college values(’DEF’,’PQR’,’1987-06-07’,’785’,14);
Query 0K, 1 row affected (0.03 sec)

mysql> insert into college values(’GTH’,’THR’,’1989-06-01’,’765’,12);
Query OK, 1 row affected (0.02 sec)

mysql> insert into college values(’RTU’,’YHN’,’1994-07-24°,°378’,19);
Query OK, 1 row affected (0.03 sec)

mysql> create table addrproof(Namel varchar(30),Name2 varchar(30),
Address varchar(30),SSN varchar(30) references

birthcertificate(SSN));

Query 0K, O rows affected (0.08 sec)

mysql> insert into addrproof values
(?ABC’ ,’XYZ’ ,’HYDERABAD’ ,’667°) ;
Query 0K, 1 row affected (0.02 sec)

mysql> insert into addrproof values
(’RTU’,’YHN’ , ’HYDERABAD’,’3787) ;
Query OK, 1 row affected (0.02 sec)

mysql> insert into addrproof values
(’GHI’,’MNO’,’DELHI’,’645’);
Query OK, 1 row affected (0.02 sec)

mysql> insert into addrproof values
(’KLM’,’STR’, ’BANGLORE’, 6657 ) ;
Query 0K, 1 row affected (0.02 sec)
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mysql> insert into addrproof values

(°GTH’,’THR’ , ’BANGLORE’ ,’7657) ;

Query OK, 1 row affected (0.01 sec)

mysql> insert into addrproof values

(’DEF’,’PQR’,’CHENNAI’,’785");

Query 0K, 1 row affected (0.02 sec)

mysql> SELECT * FROM ADDRPROOF;

6 rows in set (0.02 sec)

Namel | Name2 | Address SSN
ABC XYZ HYDERABAD | 667
RTU YHN HYDERABAD | 378
GHI MNO | DELHI 645
KLM STR BANGLORE 665
GTH THR BANGLORE 765
DEF PQR CHENNAI 785

mysql> create table citizeninfosystem as
(select birthcertificate.Name,birthcertificate.Fathername,

birthcertificate.Birth, birthcertificate.SSN,

(birthcertificate.Location) as birthloc,addrproof.Address,
college.Rollno from birthcertificate inner join addrproof on
birthcertificate.Name=addrproof.Namel inner join college on

birthcertificate.Name=college.Name) ;

Query 0K, 4 rows affected (0.08 sec)
Records: 4 Duplicates: 0 Warnings: O

mysql> select * from citizeninfosystem;

Name | Fathername Birth SSN | BirthLocation Address RollNo
ABC | XYZ 1989-05-03 | 667 | HYDERABAD | HYDERABAD 10
KLM | STR 1988-03-27 | 665 DELHI BANGLORE 11
GHI | MNO 1990-11-17 | 645 | BANGLORE DELHI 15
DEF | PQR 1987-06-07 | 785 | HYDERABAD CHENNAI 14

4 rows in set (0.00 sec)

mysql> select * from birthcertificate;
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Name | Fathername Birth Location SSN
GHI | MNO 1990-11-17 | BANGLORE 645
KLM | STR 1988-03-27 | Delhi 665
ABC | XYZ 1989-05-03 | HYDERABAD | 667
DEF | PQR 1987-06-07 | HYDERABAD | 785
4 rows in set (0.00 sec)
mysql> select * from college;
Name | Fathername Birth SSN | RollNo
GHI | MNO 1990-11-17 | 645 10
KLM | STR 1988-03-27 | 665 11
ABC | XYZ 1989-05-03 | 667 15
DEF | PQR 1987-06-07 | 785 14
GTH | THR 1989-06-01 | 667 12
RTU | YHN 1994-07-24 | 785 19
6 rows in set (0.00 sec)
mysq> select * from birthcertificate;
Name | Fathername Birth Location SSN
GHI | MNO 1990-11-17 | BANGLORE 645
KLM | STR 1988-03-27 | Delhi 665
ABC | XYZ 1989-05-03 | HYDERABAD | 667
DEF | PQR 1987-06-07 | HYDERABAD | 785
4 rows in set (0.00 sec)
mysql> select * from addrproof;
Namel | Name2 | Address SSN
ABC XYZ HYDERABAD | 667
RTU YHN | HYDERABAD | 378
GHI MNO | DELHI 645
KLM | STR BANGLORE 665
GTH | THR | BANGLORE 765
DEF PQR CHENNAI 785

6 rows in set (0.00 sec)

c) For bank table

mysql> create table bank(Custname varchar(20), Bankname varchar(20), Accno
int(10)); Query OK, 0 rows affected (0.13 sec)

mysql> desc bank;
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Field Type Null | Key | Default | Extra
Custname | varchar(20) | YES NULL
Bankname | varchar(20) | YES NULL

Accno int(10) NO | PRI 0

3 rows in set (0.00 sec)

mysql> insert into bank values(’JOHN’,’SBH’,123);
Query OK, 1 row affected (0.02 sec)

mysql> insert into bank values(’MARRY’,’SBI’,346);
Query 0K, 1 row affected (0.02 sec)

mysql> insert into bank values(’DANY’,’SBH’,768);
Query OK, 1 row affected (0.02 sec)

mysql> insert into bank values(’NEHA’,’SBH’,512);
Query OK, 1 row affected (0.02 sec)

mysql> select * from bank;

Custname | Bankname | Accno
JOHN SBH 123
MARRY | SBH 346
NEHA SBH 512
DANY SBH 768

4 rows in set (0.00 sec)

mysql> create table customer(Custname varchar(20),Address varchar(20),
Accno int(10)

references bank(Accno));

Query 0K, O rows affected (0.06 sec)

mysql> desc Customer;

Field Type Null | Key | Default | Extra
Custname | varchar(20) | YES NULL
Address | varchar(20) | YES NULL
Accno int(10) YES NULL

3 rows in set (0.02 sec)

mysql> alter table customer add foreign key(Accno) references
bank (Accno) ;
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Query OK, O rows affected (0.16 sec)
Records: O Duplicates: 0O Warnings: O

mysql> desc customer;

Field Type Null | Key | Default | Extra
Custname | varchar(20) | YES NULL
Address | varchar(20) | YES NULL
Accno int(10) YES | MUL | NULL

3 rows in set (0.00 sec)
mysql> alter table customer add Balance int(30);
Query 0K, O rows affected (0.16 sec)

Records: O Duplicates: 0 Warnings: O

mysql> desc customer;

Field Type Null | Key | Default | Extra
Custname | varchar(20) | YES NULL
Address varchar(20) | YES NULL
Accno int(10) YES | MUL | NULL
Acctype | varchar(20) | YES NULL
Balance int(30) YES NULL

5 rows in set (0.00 sec)

mysql> insert into customer values(’JOHN’,’HYDERABAD’,123,
>CURRENT’,8000) ;
Query OK, 1 row affected (0.03 sec)

mysql> insert into customer values(’MARRY’, HYDERABAD’,346,
’SAVINGS’,10000) ;
Query OK, 1 row affected (0.02 sec)

mysql> insert into customer values(’NEHA’,’NARAYANAGUDA’,512,
>SAVINGS’,100000) ;
Query OK, 1 row affected (0.02 sec)

mysql> insert into customer values(’DANY’,’MEHDIPATNAM’,768,
>CURRENT’, 15000) ;
Query 0K, 1 row affected (0.03 sec)

mysql> SELECT * FROM CUSTOMER;
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Custname | Bankname | Accno |  Acctype | Balance
JOHN SBH 123 | CURRENT | 8000
MARRY | SBH 346 SAVINGS 10000
NEHA SBH 512 SAVINGS | 100000
DANY SBH 768 | CURRENT | 15000

4 rows in set (0.00 sec)

mysql> select distinct bank.Custname,bank.Accno,Balance from bank
inner join customer where bank.Accno=customer.Accno;

Custname | Accno | Balance
JOHN 123 8000
MARRY | 346 10000
NEHA 512 100000
DANY 768 15000

4 rows in set (0.02 sec)
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PROGRAM-6:

Write a program to implement star schema.

DESCRIPTION:

The star schema (sometimes referenced as star join schema) is the simplest style
of data warchouse schema. The star schema consists of a few fact tables (possibly
only one, justifying the name) referencing any number of dimension tables. The
star schema is considered an important special case of the snowflake schema.

products
time dim ension tahle
dimension table
roducts key
time kay roducts name
day roducts category
day of the week products fypa
ek size
rriahth fact table olok
yuartar imatenal
tima key
products key
suppliers key
retailars hey
Bum =
units
retailers suppliers
dimension table dir erision table
retailers key
suppliers kew
lrect
st pel
ity ity
c ountry couritry
oiigil peison contact person
fone bt one
price category
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SOURCE CODE:

#include<stdio.h>
//#include<conio.h>

struct location

{

int 1_key;

char street[30];

char city[30];

char p_st[100];

char country[30];

}1[10];

struct sales_fact

{

int 1_key;

int p_key;

int unitsold;

int amount;

}s[20];

struct product

{

int p_key;

char p_name[30];

char pur_date[30];

int cost_price;

int sell_price;

Ypl10];

void main()

{

int i,j,n2,n3,k,nl;

//clrscr();

printf ("s*x***xlocation tablexx*xxx*");
printf("\n enter the number of entries\n");
scanf ("%d",&nl);

for(i=0;i<n1;)

{

printf ("enter the values for 1[)d]\n",i+1);
printf ("enter the location key");
scanf ("%d",&1[i] .1 _key);

if (i>0)

{

for(j=0;j<i;j++)

{

if (1[i].1_key==1[j].1_key)

{

printf ("\n dups are not allowed");
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break;

}

}

}

if (i==j1i==0)

{

printf("enter the street:");
scanf ("%s",1[i] .street);
printf ("enter the city");
scanf ("%s",1[i] .city);
fflush(stdin);

printf ("enter the country");
scanf ("%s",1[i].country);
i++;
}

}

printf ("s*x**x*x*production tablexx**xx") ;
printf("\n enter the number of entries\n");
scanf ("%d4",&n2) ;

for(i=0;i<n2;)

{

printf ("enter the values for p[%d]l\n",i+1);
printf ("enter the product key");

scanf ("%d" ,&p[i] .p_key);

if (i>0)

{

for(j=0;j<i;j++)

{

if (p[il.p_key==p[j].p_key)

{

printf("\n dups are not allowed");

break;

}

}

}

if (i==j1i==0)

{

printf ("enter the p_name");

fflush(stdin);

scanf ("%s",p[i] .p_name);

printf ("enter the pur_data");

scanf ("%s",p[i] .pur_date);

fflush(stdin);

printf ("enter the costprice");

scanf ("%d",&p[i] .cost_price);

printf ("enter the sellprice");
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scanf ("%d",&p[i] .sell_price);
i++;
}
}
printf("\n enter the no fact table entries:");
scanf ("%d",&n3) ;
for(i=0;i<n3;)
{
printf ("enter the values for s[%d]\n",i+1);
printf ("enter the location key");
scanf ("%d",&s[i] .1_key);
printf ("enter the product key");
scanf ("%d",&s[i] .p_key);
for(j=0;j<nil;j++)
{
if(s[i].1_key==1[j].1_key)
break;
}
for(k=0;k<n2;k++)
{
if (s[i].p_key==p[k] .p_key)
break;
}
if (! (j<n1&&k<n2))
printf ("\n he daa must be there in the d tables:");
else
{
printf("\n accept nth units sold:");
scanf ("%d",&s[i] .unitsold);
s[i] .amount=s[i] .unitsold*p[k].sell_price;
i++;
}
}
printf("\n \n the entries of location table is: \n");
for(i=0;i<n2;i++)
{
printf ("%d\t %s\t %s\t %s\n",1[i].1_key, 1[i].street,
1[i].city, 1[i].p_st, 1[i].country);
}
printf("\n entries of product table is: \n");
for(i=0;i<n2;i++)
{
printf ("%d\t %s\t %s\t %d\t %d\n",pl[i].p_key,pli].p_name,
pli] .pur_date, pl[i].cost_price, pli].sell_price);
}

printf("the entries of fact_sales table:");
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printf ("%d\t %d\t %d\t %d\n", s[i].l_key, s[i].p_key,

s[i] .unitsold, s[i].amount);

In function ‘main’:
lschemaprg.c:2?: warning: return type of ’main’ is not “int’
[csell7BiEcse 4-21% ./a.out
location tahlessesese
enter the number of entries
2

the values for 1011

the location key 2

the street:hyderabad

the city hyderabad

the country india

the values for 1[2]

the location key 3

the street:hyderabad

the cityhyderabad

the countryindia
ecooamppoduction tahleseeooe:
zenter the number of entries

the values for plil
the product keyl

the p_name raju

the pur_data 18-2-20814
the costprice3Bd

the zellprice35d

the values for pl2]
the product key3

the p_nameravi

the pur_datal@-3-2814
the costpricedi

the sellprice4B@

enter the no fact table entries:i
enter the values for s[1]

lenter the location key2

lenter the product keyl

accept nth wnits sold:l

the entries of location tabhle dis:
hyderabad hyderabad
hyderabad hyderabhad

entries of product tabhle is:

raju 18-2-2014 308
3 i 18-3-20814 358
the entries of fact sales tahle:2
[csell7BBcse 4-215
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PROGRAM-6A:

write a program to implement K-Means algorithm.

PROBLEM DEFINITION: write a program to implement K-Means algorithm.

SOURCE CODE:

#include<stdio.h>

int mod(int k)
{

if (k>0) return k;
else return -k;
}

int small(int b[],int n)
{

int m,pos,r=0; m=b[0];
for(pos=0;pos<n;pos++)
{

if (m>b[pos]) { m=b[pos];
r=pos;
}
}

return r;
+
void main()
{

int n,j,s=0;

int x=0,y=0,z=0;

int obj[20],c[20] [20] ,mean[20],a[20];
int i,nc,k,m,min,count;

printf ("\n\n Enter no. of items");
scanf ("%d",&n) ;

printf("\n Enter n items");
for(i=0;i<n;i++)

scanf ("%d",&obj[i]);

printf("\n Enter no of clusters");
scanf ("%d4",&nc) ;

for(i=0;i<nc;i++)

for(j=0;j<n; j++)

{

clil [j1=0; alil=0; }
for(i=0;i<nc;i++)

{
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c[i] [0]=0bj[i];
mean[i]=obj[i];

+

for(i=0;i<nc;i++)

for(j=0;j<n;j++)

if(c[1] [j1>0)
printf (" I:%d",cl[il[j1);

j=nc;

for(i=1;i<n;i++)

{

if (j<n)

{

for (k=0;k<nc;k++)

al[k]=mod(obj[j]l-mean[k]);
min=small(a,nc);

c[min] [i]=0bj [j];

for(k=0;k<nc;k++)

{

s=0;count=0;

for (m=0;m<n;m++)

{

if (c[k] [m]>0)

{

s=s+c[k] [m] ;

count++;

+

+
mean [k]=s/count;

}

for (k=0;k<nc;k++)

printf ("\n mean values..%d\t",mean[k]);

printf ("\n");

jtts
}

}
for(i=0;i<nc;i++)
{

printf("\n");
for(j=0;j<n;j++)
{

if (c[i]1 [j1>0)
printf ("%d\t",c[i] [j1);
+

}

Output:
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"kmeans.c' [dos] Y8L. 1398C wreitten

[ceeli7BBcse programsls cc kmeans.c

kmeanz.c: In function “main’:

kmeans .c:17: warning: return type of ‘main® is not
[csell1?8fcse programs15 ./a.out

Enter no. of items
2

Enter n items

Enter no of clusters

1:3 I:4
K]

“int*

Data Mining Lab Manual
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PROGRAM-6B:

K-Means algorithm for two dimension data items.

PROBLEM DEFINITION: K-Means algorithm for two dimension data items.

SOURCE CODE:

#include<stdio.h>
#include<math.h>
double distance(int al[][2],double b[][2],int j,int k)
{
double n=0,x1,yl,total;
int x,y;
x=al[j]l [0]-b[k] [0];
y=aljl [1]1-b[k] [1];
x1=x*x;
yl=y*y;
total=x1l+y1l;
n=sqrt (total);
return n;
}
int small(double b[],int n)
{
int pos,r=0;double m=b[0];
for(pos=0;pos<n;pos++)
{
if (m>b[pos])
{
m=b [pos] ;
r=pos;
}
}
return r;
}
void main()
{
int n,j,s=0;
int x=0,y=0,z=0;
int x1,y1;
int obj[20] [2],c[20] [20] [2];
double mean[20] [2];
double a[20];
int i,nc,k,m,min,count;
printf ("\n\n Enter no. of items");
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scanf ("%d",&n) ;
printf("\n Enter n items");
for(i=0;i<n;i++)

for (k=0;k<2;k++)

scanf ("%d",&obj [i] [k]);
printf("\n Enter no of clusters");
scanf ("%d",&nc) ;
for(i=0;i<nc;i++)
for(j=0; j<n; j++)

{

for (k=0;k<2;k++)
c[i1[j1[x1=0; alil=0;

}

for(i=0;i<nc;i++)

{

j=0;

for (k=0;k<2;k++)

{

c[i] [j] [k]=o0bj[i] [k];
mean [i] [k]=obj[i] [k];

+

+

for(i=0;i<nc;i++)

{
printf ("\nI%d:",1);
for(j=0;j<n; j++)

for (k=0;k<2;k++)

if (c[i] [] [k]1>0)
printf("%d ",cl[il [j]1[kx]);
printf ("\n");

+

for(i=0;i<nc;i++)

{

for (k=0;k<2;k++)
printf ("\n mean values...%1lf ",mean[i][k]);
printf("\n");

+

j=nc;

for(i=1;i<n;i++)

{

if (j<n)

{

for (k=0;k<nc;k++)
alk]=distance(obj,mean,j,k);
min=small(a,nc);

c[min] [1] [0]=0bj [j] [0];
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c[min] [i] [1]=0bj [j]1 [1];

for (m=0;m<n;m++)

{

x1=0;y1=0; count=0;
for(k=0;k<nc;k++)

{

if (c[m] [k] [01>0] | c[m] [k] [1]1>0)
{

x1=x1+c[m] [k] [0];

yil=yl+c[m] [k] [1];

count++;

+

}

if (count>0)

{
mean [k] [0]=x1/count;

mean [k] [1]=y1/count;

}

+

jt+;

+

}

for(i=0;i<nc;i++)

{

for(j=0; j<n; j++)
for(k=0;k<2;k++)

printf("%d ",cl[i][j1[k]);
printf ("\n");

}

printf("final kmean values are....\n");
for(i=0;i<nc;i++)

printf ("%1f....%1f\n" ,mean[i] [0] ,mean[i] [1]);
+

Output:
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"kmeans2.c" [dos] 117L,. 2291C written
[cseli?BBcse programsl% cc kmeans2.c —1lm
kmeans2.c: In function “main’:

means2.c:29: warning: return type of ‘main
[csell?BBcse programs1s .- a.out

! is not Tint’

Enter no. of items

Enter n items

Enter no of clusters

I8:3 4

mean values...3.080088
mean values...4.0008800
4 5 &

final kmean values are....
-AABEEA. . . . 4. 000088
[csell7BPcse programs 15

PROGRAM-T:

a program to implement k-mediod algorithm

PROBLEM DEFINITION: Write a program to implement k-mediod algorithm

SOURCE CODE:

#include<stdio.h>

#include<math.h>

int distance(int [],int []);

int i,j,n,nc=3;

void main()

{

int j,count,t;

int obj[10][2],c[10] [10] [2] ,mean[10] [2],c1[10] [10] [2];
int i,k,m,cost=0,costl;

printf("\n enter the no. of items:");
scanf ("%d",&n) ;

printf("\n enter the items(%d)",n);
for(i=0;i<n;i++)

for(j=0;3j<2;j++)

scanf ("%d",&obj[1] [j1);
for(i=0;i<nc;i++)

for(j=0; j<n; j++)

for(k=0;k<2;k++)

{

cli] [j]1 [k]1=0;

c1[i] [j] [k]=0;

}
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printf("\n enter center points");
for(i=0;i<nc;i++)
for(j=0;3j<2;j++)
{
scanf ("%d",&mean[i] [j1);
c[i] [0] [j1=mean[i] [j];
}
j=0;
for(i=1;i<=n;i++)
{
if (j<n)
{
if (distance(obj[j] ,mean[0])<distance(obj[j],mean[1]))
if (distance(obj[j] ,mean[0])<distance(obj[j],mean[2]))
for (k=0;k<2;k++)
{
c[0][i] [k]=obj [j] [k];
cost=cost+distance(obj[j],mean[0]);
}
if (distance(obj[j],mean[1])<distance(obj[j],mean[0]))
if (distance(obj[j],mean[1])<distance(obj[j],mean[2]))
for(k=0;k<2;k++)
{
c[1]1[i] [k]=obj [j] [k];
cost=cost+distance(obj[j],mean[1]);
}
if (distance(obj[j] ,mean[2])<distance(obj[j],mean[0]))
if (distance(obj[j] ,mean[2])<distance(obj[j],mean[1]))
for (k=0;k<2;k++)
{
c[2] [i] [k]=obj [j] [k];
cost=cost+distance(obj[j],mean[2]);
}
Jjtts
}
}
printf("\n enter the next center points:");
for(i=0;i<nc;i++)
for(j=0;3j<2;j++)
{
scanf ("%d" ,&mean[i] [j]1);
c1[1] [0] [jl=mean([i] [j];
}
j=0;
for(i=1;i<=n;i++)

{

CSE Department, MJCET 71



Data Mining Lab Manual

if (j<n)
{

if (distance(obj[j] ,mean[0])<distance(obj[j],mean[1]))

if (distance(obj[j],mean[0])<distance(obj[j],mean[2]))

for (k=0;k<2;k++)
{

c1[0] [i] [k]l=obj [j] [k];

costl=costl+distance(obj[j],mean[0]);
}

if (distance(obj[j],mean[1])<distance(obj[j],mean[0]))

if (distance(obj[j],mean[1])<distance(obj[j],mean[2]))
for (k=0;k<2;k++)

{

c1[1] [i] [k]l=obj [j] [k];

costl=costil+distance(obj[j],mean[1]);

}

if (distance(obj[j] ,mean[2])<distance(obj[j],mean[0]))

if (distance(obj[j] ,mean[2])<distance(obj[j],mean[1]))
for (k=0;k<2;k++)

{

c[2][i] [k]=obj[j][k];

costl=costl+distance(obj[j],mean[2]);

}
Jjtt;
}

}

if (cost<costl)

{
for(i=0;i<nc;i++)
{
printf("\n");
for(j=0;j<n; j++)
for (k=0;k<2;k++)
{

if (c[i] [] [k]>0)
printf ("%d\t",c[i] [j]1[k]);
}

}

}

else

{
for(i=0;i<nc;i++)
{
printf ("\n");
for(j=0;j<n;j++)
for (k=0;k<2;k++)
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{

if (c1[i] [j] [k]>0)

printf ("%d\t",c1[i] [j1[k]);
}

}
}
}

int distance(int obj[],int mean[])
{

int x1,x2,y1,y2,dist;

x1=0bj [0];

x2=mean [0] ;

yil=obj[1];

y2=mean[1];
dist=(sqrt (pow((x1-x2),2)+pow((yl-y2),2)));
return dist;

}

Output:

[cse11PBBcse programs1$ cc kmediod.c —1m

mediod.c: In function ‘main’:

mediod.c:?7: warning: return type of ‘main’ is not “int’
[czell?@Bcse prograns1s . sa.out

enter

enter

enter
3

enter

the no. of items:2

the items(233 4

center points2

the next center points:3

[csell?BBcse prograns 1§
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CASE STUDY 1- K-NEAREST NEIGHBOR

DEFINITION:

Nearest-neighbor classifiers are based on learning by analogy, that is, by comparing
a given test tuple with training tuples that are similar to it. The training tuples
are described by n attributes. Each tuple represents a point in an n dimensional
space. In this way, all of the training tuples are stored in an n dimensional pattern
space. When given an unknown tuple, a k nearest neighbor classifier searches the
pattern space for the k training tuples that are closest to the unknown tuple. These
k training tuples are the k "nearest neighbors” of the unknown tuple.

WORKING:

The K nearest-neighbor method was first described in the early 1950s. The method
is labor intensive when given large training sets, and did not gain popularity until
the 1960s when increased computing power became available. It has since been
widely used in the area of pattern recognition.

"Closeness” is defined in terms of a distance metric, such as Euclidean distance.
The Euclidean distance between two points or tuples

XQ=(x11, x12 x1n) and

X2 = (x21, x22... x2n), is

. - " 2 = 2 B 2
i(i,J}—J(Ixi.l x_,ril +|xl.2 xﬁl +...+|x£.p xj_p|}

In other words, for each numeric attribute, we take the difference between the
corresponding values of that attribute in tuple Xi and in tuple X2, square this
difference, and accumulate it. The square root is taken of the total accumulated
distance count.

Typically, we normalize the values of each attribute before using Equation This
helps prevent attributes with initially large ranges (such as income) from outweigh-
ing attributes with initially smaller ranges (such as binary attributes). Min-max
normalization, for example, can be used to transform a value v of a numeric at-
tribute A to v’ in the range [0, 1] by computing
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V— ity

E

FdXq — M

where minA and maxA are the minimum and maximum values of attribute A. For
k-nearest neighbor classification, the unknown tuple is assigned the most common
class among its k nearest neighbors. When k = 1, the unknown tuple is assigned the
class of the training tuple that is closest to it in pattern space. Nearest- neighbor
classifiers can also be used for prediction, that is, to return a real-valued prediction
for a given unknown tuple. In this case, the classifier returns the average value of
the real-valued labels associated with the k nearest neighbors of the unknown tuple.

To compute for attributes that not numeric, but categorical, such as color The above
discussion assumes that the attributes used to describe the tuples are all numeric.
For categorical attributes, a simple method is to compare the corresponding value
of the attribute in tuple X1 with that in tuple X2. If the two are identical (e.g.,
tuples X1 and X2 both have the color blue), then the difference between the two
is taken as 0. If the two are different (e.g., tuple X1 is blue but tuple X2 is red),
then the difference is considered to be 1. Other methods may incorporate more
sophisticated schemes for differential grading (e.g., where a larger difference score
is assigned, say, for blue and white than for blue and black).

The procedure to compute if the there are missing values In general, if the value of a
given attribute A is missing in tuple X1 and/or in tuple X2, we assume the maximum
possible difference. Suppose that each of the attributes have been mapped to the
range [0, 1] . For categorical attributes, we take the difference value to be 1 if
either one or both of the corresponding values of A are missing. If A is numeric
and missing from both tuples X1 and X2, then the difference is also taken to be
1. If only one value is missing and the other (which we’ll call v’) is present and
normalized, then we can take the difference to be either

[1 v’| or |0 v’
(i.e., 1 v’ or v’), whichever is greater.

To determine a good value for k, the number of neighbors

This can be determined experimentally. Starting with k = 1, we use a test set to
estimate the error rate of the classifier. This process can be repeated each time
by incrementing k to allow for one more neighbors. The k value that gives the
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minimum error rate may be selected. In general, the larger the number of training
tuples is, the larger the value of k will be (so that classification and prediction
decisions can be based on a larger portion of the stored tuples). As the number of
training tuples approaches infinity and k = 1, the error rate can be no worse then
twice the Bayes error rate (the latter being the theoretical minimum). If k also
approaches infinity, the error rate approaches the Bayes error rate.

DISADVANTAGES OF KNN AND TECHINIQUES TO OVERCOME
THEM:

Nearest-neighbor classifiers use distance-based comparisons that intrinsically assign
equal weight to each attribute. They therefore can suffer from poor accuracy when
given noisy or irrelevant attributes. The method, however, has been modified to
incorporate attribute weighting and the pruning of noisy data tuples. The choice
of a distance metric can be critical. The Manhattan (city block) distance or other
distance measurements may also be used.

Nearest neighbor classifiers can be extremely slow when classifying test tuples. If D
is a training database of || D||tuplesandk = 1, thenO(||D||)comparisonsarerequiredinordertoclass

Parallel implementation can reduce the running time to a constant that is 0(1), which is
independent of || D||.

Other techniques to speed up classification time include the use of partial distance cal-
culations and editing the stored tuples. In the partial distance method, we compute the
distance based on a subset of the n attributes. If this distance exceeds a threshold, then
further computation for the given stored tuple is halted, and the process moves on to the
next stored tuple. The editing method removes training tuples that prove useless. This
method is also referred to as pruning or condensing because it reduces the total number
of tuples stored.
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CASE STUDY 2 - KDD PROCESS

DEFINITION:

KDD Process is the process of using data mining methods (algorithms) to extract (iden-
tify) what is deemed knowledge according to the specifications of measures and thresholds,

using database F along with any required preprocessing, subsampling, and transformation
of F.

KDD:

e In a multistep process many decisions are made by the user (domain expert):
e [terative and interactive loops between any two steps are possible

e Usually the most focus is on the DM step, but other steps are of considerable
importance for the successful application of KDD in practice

GOALS:

Verification of users hypothesis (this against the EDA principle)

Autonomous discovery of new patterns and models
Prediction of future behavior of some entities

Description of interesting patterns and models

STEPS OF DM:

Domain understanding and goal setting
Creating a target data set

Data cleaning and preprocessing

Data reduction and projection

® &0 T

Data mining
e Choosing the data mining task
e Choosing the data mining algorithm(s)
e Use of data mining algorithms

f. Interpretation of mined patterns

g. Utilization of discovered knowledge
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a. Domain analysis

e Development of domain understanding

e Discovery of relevant prior knowledge

e Definition of the goal of the knowledge discovery
b. Data selection

e Selection and integration of the target data from possibly many different
and heterogeneous sources

e Interesting data may exist, e.g., in relational databases, document collec-
tions, e mails, photographs, video clips, process database, customer trans-
action database, web logs etc.

e Focus on the correct subset of variables and data samples

e FE.g.. customer behavior in a certain country, relationship between items
purchased and customer income and age

c. Data cleaning and preprocessing

e Dirty data can confuse the mining procedures and lead to unreliable and
invalid outputs

e Complex analysis and mining on a huge amount of data may take a very
long time

e Preprocessing and cleaning should improve the quality of data and mining
results by enhancing the actual mining process

e The actions to be taken includes
e Removal of noise or outliers

e (Collecting necessary information to model or account for noise
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Using prior domain knowledge to remove the inconsistencies and duplicates
from the data

Choice or usage of strategies for handling missing data fields

d. Data reduction and projection

Data transformation techniques
Smoothing (binning, clustering, regression etc.)
Aggregation (use of summary operations (e.g., averaging) on data)

Generalization (primitive data objects can be replaced by higher level
concepts)

Normalization (min max-scaling, z score)
Feature construction from the existing attributes (PCA, MDS)

Data reduction techniques are applied to produce reduced representation of
the data (smaller volume that closely maintains the integrity of the original
data)

Aggregation

Dimension reduction (Attribute subset selection, PCA, MDS,)
Compression (e.g., wavelets, PCA, clustering,)

Numerosity reduction

parametric models: regression and log linear models

non parametric models: histograms, clustering, sampling
Discretization (e.g., binning, histograms,cluster analysis,)

Concept hierarchy generation (numeric value of age to a higher level concept
young, middle aged, senior)

e. Choice of data mining task

Define the task for data mining
Exploration/summarization

Summarizing statistics (mean, median, mode, std,..)
Class/concept description

Explorative data analysis

Graphical techniques, low dimensional plots,
Predictive

(Classification or regression

Descriptive

Cluster analysis, dependency modelling, change and outlier detection

f. Choosing the DM algorithm(s)

Select the most appropriate methods to be used for the model and pattern
search

Matching the chosen method with the overall goal of the KDD process
(necessites communication between the end user and method specialists)

Note that this step requires understanding in many fields, such as computer
science, statistics, machine learning, optimization, etc.
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g. Use of data mining algorithms

Application of the chosen DM algorithms to the target data set

Search for the patterns and models of interest in a particular representa-
tional form or a set of such representations

(Classification rules or trees, regression models, clusters, mixture models
Should be relatively automatic

Generally DM involves:

Establish the structural form (model/pattern) one is interested
Estimate the parameters from the available data

Interprete the fitted models

h. Interpretation/evaluation

The mined patterns and models are interpreted
The results should be presented in understandable form

Visualization techniques are important for making the results useful math-
ematical models or text type descriptions may be difficult for domain ex-
perts

Possible return to any of the previous step
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CASE STUDY 3 DECISION TREE INDUCTION

DEFINITION:

Decision tree induction is the learning of decision trees from class-labeled training tuples.
A decision tree is a flow chart like tree structure, where each internal node(non leaf node)
denotes a test on an attribute , each branch represents an outcome of the test and each
leaf node(or terminal node) holds a class label. The topmost node in a tree is the root
node.

EXAMPLE:

A decision tree for buys _ computer , indicating whether a customer at AllElectronics
is likely to purchase a computer. Each internal node represents a test on an attribute.
Each leaf node represents a class (either buys _ computer=yes or buys _ computer=no)

youth middle_aged o

ALGORITHM:

A machine researcher named J. Ross Quinlan in 1980 developed a decision tree algorithm.
This Decision Tree Algorithm is known as ID3(Iterative Dichotomiser). Later he gave
C4.5 which was successor of ID3. ID3 and C4.5 adopt a greedy approach. In this
algorithm there is no backtracking, the trees are constructed in a top down recursive
divide-and-conquer manner.

Generating a decision tree form training tuples of data partition D
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Algorithm : Generate_decision_tree

Input:

Data partition, D, which is a set of training tuples

and their associated class labels.

attribute\_list, the set of candidate attributes.
Attribute selection method, a procedure to determine the
splitting criterion that best partitions that the data
tuples into individual classes. This criterion includes a
splitting\_attribute and either a splitting point

or splitting subset.

Output:
A Decision Tree

Method:

create a node N;
if tuples in D are all of the same class, C then
return N as leaf node labeled with class C;
if attribute_list is empty then
return N as leaf node with labeled
with majority class in D; || majority voting
apply attribute_selection_method(D, attribute_list)
to find the best splitting_criterion;
label node N with splitting_criterion;
if splitting_attribute is discrete-valued and
multiway splits allowed then
// no restricted to binary trees
attribute_list = splitting attribute;
// remove splitting attribute
for each outcome j of splitting criterion
// partition the tuples and grow subtrees
for each partition
let Dj be the set of data tuples in D
satisfying outcome j;
// a partition
if Dj is empty then
attach a leaf labeled with the majority
class in D to node N;
else
attach the node returned by Generate
decision tree(Dj, attribute list) to node N;
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end for
return N;
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TREE PRUNING

Tree Pruning is performed in order to remove anomalies in training data due to noise or
outliers. The pruned trees are smaller and less complex.

Tree Pruning Approaches
Here is the Tree Pruning Approaches listed below:
e Pre pruning - The tree is pruned by halting its construction early.

e Post pruning - This approach removes sub-tree form fully grown tree.

COST COMPLEXITY

The cost complexity is measured by following two parameters:

e Number of leaves in the tree
e FError rate of the tree

ADVANTAGES OF DECISION TREE

e [t does not require any domain knowledge.
e [t is easy to assimilate by human.

e Learning and classification steps of decision tree are simple and fast.
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CASE STUDY 4 APRIORI

Problem Definition

Apriori is an algorithm for frequent item set mining and association rule learning over
transactional databases. It proceeds by identifying the frequent individual items in the
database and extending them to larger and larger item sets as long as those item sets
appear sufficiently often in the database. The frequent item sets determined by Apriori
can be used to determine association rules which highlight general trends in the database:
this has applications in domains such as market basket analysis.

WORKING:

Apriori is designed to operate on databases containing transactions (for example, collec-
tions of items bought by customers, or details of a website frequentation). Other algo-
rithms are designed for finding association rules in data having no transactions (Winepi
and Minepi), or having no timestamps (DNA sequencing). Each transaction is seen as a
set of items (an itemset). Given a threshold , the Apriori algorithm identifies the item
sets which are subsets of at least transactions in the database.

Apriori uses a ”bottom up” approach, where frequent subsets are extended one item at a
time (a step known as candidate generation), and groups of candidates are tested against
the data. The algorithm terminates when no further successful extensions are found.

Apriori uses breadth-first search and a Hash tree structure to count candidate item sets
efficiently. It generates candidate item sets of length from item sets of length . Then it
prunes the candidates which have an infrequent sub pattern. According to the downward
closure lemma, the candidate set contains all frequent -length item sets. After that, it
scans the transaction database to determine frequent item sets among the candidates.
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EXAMPLE:

Consider the following database, where each row is a transaction and each cell is an
individual item of the transaction:

alpha beta epsilon
alpha beta Theta
alpha beta epsilon
alpha beta Theta

The association rules that can be determined from this database are the following:

a. 100% of sets with alpha also contain beta
b. 50% of sets with alpha, beta also have epsilon

c. 50% of sets with alpha, beta also have theta we can also illustrate this through
variety of examples

LIMITATIONS:

Apriori, while historically significant, suffers from a number of inefficiencies or trade-offs,
which have spawned other algorithms. Candidate generation generates large numbers of
subsets (the algorithm attempts to load up the candidate set with as many as possible
before each scan). Bottom-up subset exploration (essentially a breadth-first traversal of
the subset lattice) finds any maximal subset 2sup |S| — lonlyafterallofitspropersubsets.

Later algorithms such as Max-Miner try to identify the maximal frequent item sets with-
out enumerating their subsets, and perform ”jumps” in the search space rather than a
purely bottom-up approach.
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ANNEXURE I
List of programs according to 0.U. Curriculum
WITH EFFECT FROM THE ACADEMIC YEAR 2013-2014
DATA MINING LAB CS 481

Instruction 2  Periods per week
Duration of University Examination 3  Hours
University Examination 50 Marks
Sessional 25  Marks

1. Implement the following Multidimensional Data Models

i. Star Schema

ii. Snowflake Schema

iii. Fact Constellation

2. Implement Apriori algorithm to generate frequent Item Sets
Implement the following clustering algorithms

i. K-means

ii. K-mediods
Implement the following classification algorithms

i. Decision Tree Induction

ii. KNN

5. Perform data Pre processing using WEKA

6. Perform Discretization of data using WEKA

7. Classification algorithms using WEKA

8. Apriori algorithm using WEKA

9. Perform data transformations using an ETL Tool

10. A small case study involving all stages of KDD.
(Datasets are available online like UCI Repository etc.)
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