Data Mining

Lecturer:

Peter Lucas

Assessment:

e \Written exam at the end of part II

Practical assessment

‘Compulsory’ study material:

Transparencies

Handouts (mostly on the Web)

Course Information:
http://www.cs.kun.nl/~peterl/teaching/DM
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Data mining: what is it?

Knowledge/Patterns

if 11 and 12 then C1

Data if (I3 or 14) and not 12 then C2

f(x1,x2) =3x1 +2.4x2 -3

Process data, taking into account:

assumptions about data (meaning, relevance,
purpose)

knowledge about domain from which data
were obtained

target representation (rules, decision trees,
polynomial, etc.) — often called models
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Data mining is business — consultancy Data mining is business — software
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e Microarray: expression of genetic feature

e Analysis: data-mining, machine learning




Data mining — relationships

Machine

Learning

Data-mining draws upon various fields:

e Statistics — model construction and evalua-
tion

e Machine learning

Knowledge-based systems — representation

Database systems — data extraction

Datasets — ARFF: Attribute
Relation File Format

% Title: Final settlements in labor negotitions

% in Canadian industry

% Creators: Collective Barganing Review, montly publication,
% Labour Canada, Industrial Relations Information Service,

% Ottawa, Ontario, K1A 0J2, Canada, (819) 997-3117

Q@relation labor-neg-data

Q@attribute duration real

Qattribute wage-increase-first-year real
Q@attribute wage-increase-second-year real
Qattribute wage-increase-third-year real
Qattribute cost-of-living-adjustment {none,tcf,tc}
Qattribute working-hours real

@attribute pension {none,ret_allw,empl_contr}

@attribute contribution-to-health-plan {none,half,full}
Qattribute class {bad,good}

Q@data

1,5,7,7,7,40,7,7,2,7,11,average,?,?,yes,7,good
3,3.7,4,5,tc,?,7,7 ?,yes ?,7,7,7,yes,?,good
3,4.5,4.5,5,7,40,7,7,7,7 12 average ?,half,yes,half,good
2,2,2.5,7,7,35,7 ?,6,yes,12,average,?,?,?,?,good
3,6.9,4.8,2.3,7,40,7,7,3,7,12,below_average,?,?,7,7,good
2,3,7,7,7,38,7,12,25,yes,11,below_average,yes,half,yes,?,good
2,7,5.3,7,7,7,7,7,7,7,11,7,yes,full,?,?,good
3,2,3,7,tcf,?,empl_contr,?,?,yes,?,?,yes,half,yes,?,good
3,3.5,4,4.5,tcf,35,7,7,7,7,13,generous,?,?,yes,full,good

Problem types

Given a dataset DS = (A, D), with attributes
A and multiset D = (x3,...,Xy), instance x;

e Preprocessing: DS — DS/
e Attribute selection: A — A’, with A’ C A
e Supervised learning:
— Classification
fGxi) =ce{T, L}
with z; ; € {T, L}, and f classifier
— Prediction/regression
f(x;)=ceR
with x; € RP, and f predictor
e Unsupervised learning:
— Clustering
fx;)=ke{l,...,m}

with f clustering function, x; € RP and k
encoder

Learning and search

Structure Data

Best
Model

e Supervised learning:

— Output (class) variable known and indi-
cated for every instance

— Aim is to learn a model that predicts the
output (class)

Average | Rain | Pressure
Day | Temp. | (mm) (mb)

1 3 0.7 1011

2 2.1 0 1024
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WEKA — Classification by decision tree

Preprocess | Classify | Cluster | Associate  Select attributes  Visualize |

Classifier
HE-C0.25 -M2

Test options Classifier output

& Use training set EER S R T e -
Supplied test set Classifier model (full training set)
Cross-validation 148 pruned tree

Percentagespit e

wage-increase-first-year <= 2.5: bad (15.27/2.27)
wage-increase-first-year > 2.5

| statutory-holidays <= 10: bad (10.77/4.77)

More options...

Mom) dass w| ||| statutory-holidays > 10: good (30.98/1.0)
Stant Number of Leaves 3 ;

Result list 5ize of the tree : 3
[22:33:27 - j48.148 1
Time taken to build model: O.14 seconds

Evaluation on Training set ===
=== SUMMArY ===

Log

ZIT IS T BaAsE TRl on 15 NowW la0or-feq-oatd (> 7 (hstances)
22:29°54 Wworking relation is now labor-neg-data (57 instances)
22:33:27 Staned weka classifiers j48 48

223228 Finished weka classifiers. j48. 48

Status

o -

WEKA — Visualisation

Preprocess | Classify | Cluster | Assodiate rmm ! Visualize

X: wage- increase-first-year (Num) w  Y:wage-increase- second-year (WNum)

Colour: class (Nom) w | Select Instance

Clear | Save Jitter Q.

Plot: labor-neg-data

»

[«] I

Class colour

had oy

Log

LT ZFTHT UATE TRIGNON 15 NOW fE00r-neg-oara (5 7 TRSTancEs)
22:29:54: Working relation is now labor-neg-data (57 instances)
22:32:27: Sraned weka classifiers. j48 )48 |
22:32:28: Finished weka classifiers. j48 )48

Status

o <

WEKA — Classification by Naive Bayes

Preprocess  Classify | Cluster | Associate | Select atiributes  Visualize

Classifier

NaiveBayes

Test oplions Classifier output

® Use training set Class alive: Prior probability = 0,51 -
Supplied test set AGE: Normal Distribution. Mean = 7.1714 Standardbew = 2,342 WeightSum = 70 |

GENERAL-HEALTH-STATUS: Discrete Estimator, Counts = 1 1 67 (Total = 69)
BULKY-DISEASE: Discrete Estimator, Counts = 63 9 (Total = 72) |

Cross-validation

Percentage split HISTOLOGICAL-CLASSIFICATION: Discrete Estimator, Counts = 44 27 (Total =
5 CLIMICAL-STAGE: Discrete Estimator. Counts = 51 95 28 (Total = 75)
More options... CLINICAL-PRESENTATION: Discrete Estimator, Counts = 51 11 1 11 (Total = A
CT-RT-SCHEDULE: Discrete Estimator. Counts = 1 59 4 10 (Total = 74)
Nom) 5-YEAR- RESULT o | || SURGERY: Discrete Estimator, Counts = 59 11 3 (Total = 73)
Start

Class death: Prior probability = 0,49

o — AGE: Normal Distribution. Mean = B.3582 StandardDew = 2,2038 WeightSum = 6%

ZZIR2T - 9818 GENERAL-HEALTH-STATUS: Discrete Estimator, Counts = 1 17 51 (Total = 69) |

|231&11 - NaiveBayes BULKY-DISEASE: Discrete Estimator. Counts = 38 31 (Total = 63) |
HISTOLOGICAL-CLASSIFICATION: Discrete Estimator. Counts = 17 52 (Total =
CLINICAL-STAGE: Discrete Estimator. Counts = 33 11 11 3 14 (Total = 72) |
CLINICAL-PRESENTATION: Discrete Estimator. Counts = 40 12 4 15 (Total = j
CT-RT-SCHEDULE: Discrete Estimator. Counts = 4 42 9 13 (Total = 68) |
SURGERY: Discrete Estimator, Counts = 52 11 5 (Total = 68)

‘ | >
Log
ZJ3UFIE BAtE TRIEnon 5 oW non-HOO R -TATononTa (137 TNsTancesy
2309 38 Working relation is now non-Hodgkin-kmphoma (137 instances) o
22:10:11 Started weka classifiers NaiveBayes
22:10:11 Finished weka classifiers. NaiveBayes

Status

OK #.xl

WEKA — Attribute selection

Preprocess  Classify | Cluster | Associate  Select atuributes ~ Visualize |
Altribute Evaluator

CfsSubsetBwval
Search Method
BestFirst -D 1 -N 3

Attribute Selection Made Attribute selection output

® Use full training set. Best first, -
Start set: no attributes
Search direction: forsard
Stale search after 5 node expansions
Total number of subsers evaluated: 112
MNomy dass = Merit of best subset found: 0,363

Cross-validation

Artribute Subset Ewaluator (supervised, Class (nominal): 17 class):
Start CF5 Subset Evaluator

Result list

e - — - Selected arrributes: 2,3,11,13 @ 4
22:38:34 - BestFirst + CfsSubsetEval

wage-increase-first-year
wWage-1ncrease-second-year
sTatutory-holidays
longtern-disability-assistance

Log

L33 T STaNed Weka Classniers. J38 138

22:33:28 Finished weka classifiers j48 )48

22:38:24 Stared weka attributeSelection. CssubsetEval

22:38:34 Finished weka artribureSelection. CfsSubsetBval weka attributeSelection BestFirst

Status

oK ‘xxl]
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Data mining & ML cycle

Initial Model (Assumptions)

Training Trained Model Testing
I &
— Process Process
Tested Model
Training Data Test Data

Datasets:
e training data: used for model building
e test data: used for model evaluation

e preferably disjoint datasets

What constitutes a good model?
— training

e Suppose a process is governed by the (un-
known) function f(z) = -1z + 4

e Training data:

‘ ~0.97*x +3.9 ——
L LI - 45X + 52 ——

e Fitted (least squares) functions:
f(z) = —0.97z + 3.9
g(z) =1.172°2 — 452 4+ 5.2

What constitutes a good model?
— testing

e Suppose a process is governed by the (un-
known) function f(x) = -1z + 4

e Testing data:

~0.97*x +39 —
§LATRXM2 - 45% +52 ——

e Fitted (least squares) functions:
f(x) = —-0.97x+ 3.9
g(z) = 1.172° — 452+ 5.2




Flexibility of model

e Compare:
f(x) = a1z +ag
g(z) = a2x2 + a1z + ag

then f(z) = g(x), Vx € R, if ap = 0 (func-
tion f special case of g)

e [More parameters = more flexibility |

e Danger that model overfits training data

e Bias-variance decomposition: analytic
description of sources of errors:

— model assumptions

— adaptation to data

Basic tools

e X: random variable (discrete or continuous)
e Probability distribution:
— Discrete: P(X)

— Continuous: f(z) probability density func-
tion:

P(X <z)= /IOO f(z)dx

e Mathematical expectation of g(z) given prob-
ability distribution P

— Discrete case:
E(9(X)) =) g(X)P(X)
X

— Continuous case:

E(9(xX) = |

o0

g(z) f(z)dx
o
e Example: discrete mean:

E(X) =Y XP(X)
X

Properties

e E(X) expresses that the values observed for
X are governed by a stochastic, uncertain
process

e E(ag(X) + bh(X)) = aE(9(X)) + bE(h(X))
Proof (for continuous case):

E(ag(g) +bh(X)) =
— / _lag() + bh(2)] f(2)dz

=a [ g@f@de+b [ h@)f()d

= aE(g9(X)) + bE((X))
e E(c) = ¢, with ¢ constant
Proof (for continuous case):

E(c) = /o:ocf(x)dx

c/oooo f(z)dz

= c¢-1

Bias-variance decomposition

T: training dataset

Y = f(X) is predictor of the process

7 = fr(x): prediction of y based on training
data T

e Mean squared error:
M7 = E([£60 - Fr()])
with expectation E over training data T'
e Bias:
Br(x) = E(f(x) — fr(x))
model assumption effects
e Variance:
- N 2
Vi = E ([fr0o - EGreo)]”)

effects of variation in data




Bias-variance decomposition

e Mean squared error:

Mp(x) = E([f(x) — fr(x)]?)
= E([f(0)]? = 2f(x) fr(x) + [Fr(x)]?)
= [f()]? = 2f(E(fr(x)) +
E([fr(x)]?)
= [Br(x)]? + Vp(x)
e Bias (note that E(c) = ¢):

Br(x) = E(f(x) - fr(x))
= E(f(x) — E(fr(x))
= f(x) — E(fr(x)

= [Br(0))? = [E(f&) — fr(x)]?
= [f()1? = 2f(OE(fr(x)) +
[E(FrG))I?

e \Variance:

Vr(x) = E([fr(x) — E(fr(x))]?)
= E([fr()]?) = E(fr(x))E(fr(x))

Bias-variance decomposition

e Mean squared error:

Mp(x) = E([f(x) — fr(x)]?)
= E([f(x)]? = 2f(x) fr(x) + [F7(x)]?)
= [F()12 = 2f(E(fr(x) +
E([fr(x)]1?)
= [Br(X)]? + Vi (x)
e Bias:
[Br(x)]? = [f()12=2f()E(fr())+[E(Fr(x))]1?

e Variance:

Vr(x) = E([fr(x) — E(fr())1?)
= E([fr(x)]?) = 2E(frG)E(fr(x)) +
[E(fr(x))]?
= E([fr(x)]?) — E(fr(x)E(fr(x))

Note that E(E(fr(x))) = E(fr(x)) =c

Course Outline

Theory:
e Learning classification rules (supervised)

e Bayesian networks (from simple to complex)
(partially supervised)

e Clustering (unsupervised)

Practice:
e Data-mining software: WEKA
e BayesBuilder

e Practical assessment

Tutorials:

e EXxercises




