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Quantitative Discriminant Rules

* Cj=target class

* (, = ageneralized tuple covers some tuples of class
— but can also cover some tuples of contrasting class

¢ d-weight

— range: (0, 1
ge: | ) count(q a € C;)

m

Z count(q « € Ci)
i=|

d — weight =

* quantitative discriminant rule form

V' X, target class(X) <= condition(X) [d :d weight]



Example: Quantitative Discriminant Discriminant Rule

Status Birth country [Age range [Gpa | Count
Graduate Canada 25-30 Good |90
Undergraduate | Canada 25-30 Good (210

Count distribution between graduate and undergraduate students for a generalized tuple

* Quantitative discriminant rule

VX, graduate studen(X) <<
birth countrX)="Canadd'rage rangd X)="25-30'rgpa(X)="good" |d :30%]|
— where 90/(90+120) = 30%



Class Description

* Quantitative characteristic rule
V X, target class(X) = condition(X) [t :t weight]
— necessary
* Quantitative discriminant rule
V X, target class(X) < condition(X) [d :d weight]
— sufficient
* Quantitative description rule
V X, target class(X) <
condition (X)[t: wi,d: w'i]v ...v condition »(X) [t : Wa,d : W's]
— necessary and sufficient



Example: Quantitative Description Rule

Count | t-wt d-wt | Count | t-wt d-wt | Count | t-wit d-wt
Europe 80 25% 40% | 240 75% 30% | 320 100% 32%
N_Am 120 17.65% |60% |560 82.35% 70% | 680 100% 68%
Both_ 200 20% 100% | 800 80% 100% | 1000 100% 100%
regions

Crosstab showing associated t-weight, d-weight values and tetal number (in thousands) of TVs and
computers sold at AllElectronics in 1998

* Quantitative description rule for target class Europe

V X, Europe(X) <
(item(X)="TV" )[t:25%,d :40%]v (item(X)="computer"” )|t : 75%,d : 30%]




Mining Data Dispersion Characteristics

Motivation

— To better understand the data: central tendency, variation and

spread

+ Data dispersion characteristics

— median, max, min, quantiles, outliers, variance, etc.

* Numerical dimensions -correspond to sorted intervals

— Data dispersion: analyzed with multiple granularities of precision

— Boxplot Boxplot or quantile quantile analysis analysis on sorted intervals intervals
* Dispersion analysis on computed measures

— Folding measures into numerical dimensions

— Boxplot or quantile analysis on the transformed cube



Multiple Choice Question

1. Various visualization techniques are used 4. Is used to proceed from very specific
in step of KDD. knowledge to more general information.

a) selection a) Induction

b) transformaion b) Compression.

c) data mining. c) Approximation.

d) interpretation. d) Substitution.

2. Extreme values that occur infrequently are 5. Describing some characteristics of a set of data by

called as : a general model is viewed as

a) outliers a) Induction

b) rare values. b) Compression

c) dimensionality reduction. c) Approximation

d) All of the above. d) Summarization

3. Box plot and scatter diagram techniques
are :

a) Graphical

b) Geometric

c) Icon-based.

d) Pixel-based.
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