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Tasks x Methods in Data Mining

Classification

Association Rules
Regression

Feature Selection &
Dimensionality Reduction

Clustering

Data visualization *

Decision trees (C4.5), Classification rules, k-nearest-neighboors,
Random forest, Support vector machine, Bayesian classifier,
Neural network, Adaboost

Apriori, FP-growth, Eclat, Zigzag
Linear Regression, Polynomial regression, Logistic regression

Principal component analysis (PCA), Chi-square, Entropy,
Information gain

K-means, Kohonen'’s self-organized map, Density-based scan,
Hierarchical grouping, t-SNE

Silhouette plot, scatter plot, heatmap, box plot, clusters, t-SNE



Advantages and drawback sof decision trees

e Advantages:
o Visual representation
o Compact representation of a rule set
o Fast classification of new instances
o It can deal with continuous of discrete atributes

e Drawbacks:

o lIrrelevant atributes can negativelly affect the construction of the .
tree and its understanding BAD
o Small variations in the data can result in significantly different trees
o A subtree can be replicated several times
o Decision trees are not adequate when having many classes




e C(lassify instances of a dataset using a set of n rules (n> 1) such as:

IF antecedent THEN
e Asetof “R'rulesis adisjunction®* of 7..nrules

e The antecedent is a conjunction* of 7.k triplets of the type: {Attribute,
Operator, Value}: {A;,Oj, Vj}, j=1.k

o The Operator depends on the type of atribute, it can be: {=, # >, < <, >, etc}
o Each Value is defined within the limits {max,min} of each attribute

e The represents the Class to which the instance belongs

* conjunction="AND" (), disjunction="OR" (v)



ney are as comprehensive as Decision Trees
ney are intuitively easy to interpret

ney are easy to generate from a dataset

ney can classify new instances quickly

neir classification performance is comparable to
Decision Trees

-4 4 4 =4 -



e Decision trees are criated top-down (“divide-and-conquer”), while

Decision Rules are created botton-up (by “coverage”)
e A decision tree has a set of equivalent decision rules and vice-

versa
e BUT:

o The set of rules generated by traversing a tree can be very large !!!

o Small sets of rules with many attributes can generate very complex trees



Important properties for a rule induction algorithm

e Quality:
o The set of induced rules should have a good accuracy (or other quality metric),
even in the presence of noise in the data
e Simplicity:
o In order to be humanly compreensible, the set of induced rules must be as
simple as possible
e Escalability:
o In real-world applications, datasets may be large and high-dimensional.
o The rule induction algorithm must be computational efficient



The Coverage of a rule is the fraction of instances that satisfy the
antecedent of the rule:
Coverage(R) = |A| / |T|
o Where: |A| is the number of instances that satisfy rule R, and |T| is the total number of
instances

The Accuracy of a rule is the fraction of instances that satisfy both, the
antecedent and the consequent of the rule;

Precision(R) = |ANnc| /|T|,

o Where |Anc|is the number of instances that satisfy the rule



Example of a rule-hased classifier

Cobertura | Décrs |  Ser Ser | Possui | Hibems | Rétuioda
de pete Aquético | Aéreo | Pemas Classe
1 Humano Sanguequents | Cabelo | sm | mao Nao Sim Nso | Mamifero

e Rule R1 covers 1/16 of 5 [ pwn | swowro | cares [Que)| Mo | Mo | o | so | rew
) ) 3 Saimdc Sanguefio | Escamas | (NZo) | Sim Nao Nac Ko Peixe
instances and hits 1/1 > [ owen | Swwewm | Cowo | Sm | sm | Mo | Mo | Mo | et

5 Sapo Sanguefio | Menhuma | (Nso) | Sim Nao Sim Sim Anfibio

G |DmssodeKomodo| Sengueino | Escamas (Mac) | mao Nao i Nao Reptl
7 Morcego Sanguequente | Cabslo | Sim | NBo @ Sm sim | Mamifero

3 Pomba Sangue quente penas |(Nac) | nao [ (Sm) | sm Nao Ave
9 Gato Sangue quente Pag Sm | Nao Nao sm Nao | Mamifero
10 Lecpardo Sangue io ™ sm | sim Nao Sim Nao | Mamifero

11 Tubaraa Sangue tio Escamas | (N&o) |  sim o o Nao Pacn

12 Tartsruga Sangue frio Escamas | (Mao) | semi N0 sim Nao Reptl

13 Pingism Sanguequente | Penas | (hsc) | sem Mo Sim Nao Ave
14 | Porcoespino | Sanguequente | Espinnos | Sm | Nao Néo Sim Sm | Mamifero

15 Enguia Sanguefic | Escames |(Nac) | Sim Naa Nao Nao Peixe

16 | ssamancra Sanguefio | Nenhuma &u} Semi | Ngo Sim Sim Anéitio

R1: (Da cria= ndo) AND (Ser aéreo = sim) = Ave

R2: (Da cria= nao) AND (Ser aquatico= sim) = Peixe

R3: (Da cria = sim) AND (Temp.corporal = quente) > Mamifero
R4: (Da cria = ndo) AND (Ser aéreo = nao) - Réptil

R5: (Ser aquatico = semi) > Anfibio




Example of a rule-hased classifier

Cobertura | Décrs |  Ser Ser | Possui | Hibems | Rétuioda
de pele Aquitico | Aéreo | Pemas Classe
1 Humano Sanguequente | Cabelo | Sim | Mo Nio Sim Nso | Mamifero

e Rule R2 covers 4/16 of 5 [ pwn | swwwro | cares [Que)| N0 | Mo | o | so | run
. . 3 Salmao Sangue frio Escamas | (N&o) | (Gm) | nao [T Nio | (Peine)
instances and hits 3/4 [ eaes | sgmwme | Cowo | Sm | Sm | Mo | W | wao | e
5 Sapo Sangue frio nerruma | (hso) | (Bm) | neo Sim s | @oiog

G |Drssodekomodo | Sangue o Escamas | (Nac) | mao Nao i Nao Regt!
7 Morcego Sanguequente | Cabslo | Sm | Mo Sim Sm Sm | Mamifero

3 Pomba Sangue quente penas | (Nac) | nao Sim sim Nao Ave
9 Gato Sangue quente Pag Sm Nio Nao sm Nao | Mamifero
10 Lecpardo Sangue fio P sm | sm | nao Sim Nao | Mamifera
11 Tubaro Sanguetio | Escamas [(huac) | (Sim) | mao | nao | nao | (o)

12 Tartsruga Sangue frio Escamas | (Mzo) | semi N0 sim Nao Reptl

13 Pingism Sanguequente | Penas | (hsc) | sem Mo Sim Nao Ave
14 | Poroespinno | Sanguequente | Espinnos | Sm | mao | mae Sim sm | Mamitero

15 Enguis Sangue frio Escamas ?g (sim) | nao Naa Nao &
16 | ssamancra Sangueiic | Nennuma |(Nac) | Sem | wao Sim Sim Anfitio

R1: (Da cria= ndo) AND (Ser aéreo = sim) = Ave

R2: (Da cria= nao) AND (Ser aquatico= sim) = Peixe

R3: (Da cria = sim) AND (Temp.corporal = quente) > Mamifero
R4: (Da cria = ndo) AND (Ser aéreo = nao) - Réptil

R5: (Ser aquatico = semi) > Anfibio




Example of a rule-hased classifier

e Rule R3 covers 6/16 of instances and hits 5/6
e Rule R4 covers 9/16 of instances and hits 3/9
e Rule R5 covers 3/16 of instances and hits 1/3

R1: (D& cria= nao) AND (Ser aéreo =sim) = Ave

R2: (Da cria= nao) AND (Ser aquatico= sim) - Peixe

R3: (Da cria = sim) AND (Temp.corporal = quente) > Mamifero
R4: (Da cria = ndo) AND (Ser aéreo = nao) > Réptil

R5: (Ser aquatico = semi) > Anfibio




Example of a rule-bhased classifier

e Analysing the whole dataset with all 5 rules:

m Coverage Accuracy

R1 1/16 =6,25%  1/1=100,0%
R2 4/16 =25,00%  3/4=75,0%
R3 5/16=31,25% 5/5=100,0%
R4 9/16 =56,25%  2/9=22,2%

R5 3/16 =18,75% 1/3=33,3%



Example of a rule-bhased classifier

e Which is the best rule (R1..R5) 7?

e The best means the rule that has, at the
same time, the maximal coverage and
maximal accuracy:

RI
R2
R3
R4
RS

1/16 = 6,25%
4/16 = 25,00%
5/16 =31,25%
9/16 = 56,25%

3/16 =18,75%

1/1=100,0%
3/4="175,0%

5/5=100,0%
2/9=222%
1/3=33,3%
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Problems with rule-hased classifiers

® Although classification rules are interesting for Descriptive Analysis, it does not always work correctly:
® (onsider the following set of rules and the new instances to be classified:

R1: (Da cria= ndo) AND (Ser aéreo =sim) = Ave

R2: (Da cria= nao) AND (Ser aquatico= sim) - Peixe

R3: (Da cria = sim) AND (Temp.corporal = quente) > Mamifero
R4: (Da cria = nao) AND (Ser aéreo = ndo) - Réptil

R5: (Ser aquatico = semi) = Anfibio

m
nao nao

lémure quente pélos
tartaruga frio escamas nao semi nao sim nao
tubardo frio escamas sim sim nao nao nao

® The “lémure” instance triggers rule R3 (= “mamifero”): OK!
® The “tartaruga” instance triggers rule R4 (=>"réptil”) and R5 (=>"anfibio”): CONFLICT!
® The “tubardo” instance do not trigger any rule, so there is an INDETERMINATION !



e If asetofrulesis NOT mutually exclusive, then an instance
could be covered by multiple rules

e There are two approaches for solving a possible rule conflict

problem:
o Ordered Rules: rules are ordered in descending order of priorit (based on
a quality metric such as accuracy or coverage)

o Unordered Rules: an instance can trigger multiple rules and each
consequent has a vote. The highest number of votes for the class labels
determines the instance’s class



Individual rules are ranked according to their quality, considering a
specific metric, but this may be difficult to interpret in the real-world
Example: consider the original rules ordered by Coverage or Accuracy

R7: (Da cria=sim) ” (Temp.corporal=quente) = Mamifero Regra ordem ordem
R11: (Cobertura=escamas) * (Aquatico=sim) - Peixe

R8: (Da cria=ndo) * (Temp.corporal=quente) = Ave 31,25% 100% 1
R12: (Cobertura=nenhuma) = Anfibio o o

R10: (Cobertura=escamas) * (Aquatico=nao) > Réptil RIT - 18,75%  100% 3 2

R6: (Cobertura=penas) * (Ser aéreo=sim) = Ave R8  12,50% 100% 5 3

R9: (Ser aquatico=semi) = Anfibio R12  12,50% 100% 6 4

Accuracy R10 25% 50% 2 5

R6 12,50%  50% 7 6

i l > RO 1875% 3330% 4 7

Different ordering !!!



In general, ordering by classes is the most usual method for classification
rules

Rules that belong to the same class are grouped together

Relative ordering inside the same class is not importante, as long as one
of the rules is triggered

Sorting from the original rules:

R6: (Cobertura=penas) * (Ser aéreo=sim) = Ave

R&: (Da cria=nao) * (Temp.corporal=quente) 2> Ave

R7: (Da cria=sim) * (Temp.corporal=quente) > Mamifero
R12: (Cobertura=nenhuma) = Anfibio

R9: (Ser aquatico=semi) = Anfibio

R10: (Cobertura=escamas) * (Aquatico=nao) = Réptil
R11: (Cobertura=escamas) * (Aquatico=sim) = Peixe




Each rule is obtained b starting from the root node and ending with a leaf
node in the tree. This procedure is repeated for all leaf nodes
Using first-order logic it is possible to simplify the set of rules

R1: (P=Nao) A(Q=Nao) - classe =
R2: (P=Nao) * (Q=Sim) > classe +
R3: (P=Sim) * (R=Nao) - classe +

R4: (P=Sim) A (R=Sim) * (Q=N&o) - classe =
R5: (P=Sim) ” (R=Sim) * (Q=Sim) = classe +




Baseline Algorithms IMPORTANT

o Objective: to provide a benchmark against which to

compare other classification algorithms

o ZeroRule algorithm (or “no rule”)
= This algorith Simply predicts the class of the majority of instances
= If the number of instances per class is balanced, any class can be
used
o OneRule algorithm (or “single rule”)
= Applies the classifier using only the atribute of greatest
importance (which minimizes the entropy or othe measure)




Case study #3: Iris dataset with baselines

e ZeroRule algorithm (“no rule”)

o Since classes are balanced, it is enough to choose any class
= = 0,
© Accura Cy 50/150 = 30% # In.in ¥ Gini ANOVA Ve Relieff FCBF
PY O ne RU I ea |80 rlth m (“Si ngl eru I e") 1/@ petal length 1.086 0423 1179034  98.946 0369 1542
. ) h 2 [0 petal width 1.059 0407  959.324 94.162 0.389 1451
o Use Only the most importante atribute .,
o 3/ [ sepal length 0.624 0247 119.265 79.243 0.115 0.000
(? Th,e One at the, FO p Of the deC|S|on-tree 4@ sepal width 0361 0154 47.364 50.082 0.146 0.255
£ Box Plot - Orange _ . . . - -
Variable Iris-setosa
- 33.3%, 50/150
[Fiter. = Model ¥ AUC CA F1 Precision Recall ¢
m sepal length i petal length
) seot wicrn Iris dataset 0988 00953 0953 0.953 0,953 21e T
Iris-versicolor
m petal width '—ll'l-' petal length
= 1':1';;5“ 247 ."_"'-—--—._._____> a7
Order by relevance to subgroups T Tris-virginica
sUbgmups Iris-versicolar: 4.2]60 £0.47 891%, 45(5 O
[Fitter.. N _l-l.l-_ . petal length
None > B s e 245
iris Tris-virginica: 5‘5‘52&(:.55 Iris-virginica Iris-virginica o
|_\|.| 55.6%, 5/9 ® 95.7 %, 4446
5.1 5.550 5.850 DEG' Iength
S4B e e 248
1.0 2.0 3.0 4.0 5.0 6.0 7.0 Iri-swnsicdoro L m s aCE O
Order by relevance to variable ANOVA: 1170.034 (p=0.000, H=150) 50.0%, 2/4 60.0%, 3/5




Case study #4: Titanic dataset with baselines

ZeroRule: survived=no 809/1309=61,8% Model ~ AUC CA  F1 | Precision  Recall
. Tree 0.930 0.868 0.865 0.869 0.868
OneRule: If sex=female then survived=yes .. .. . o oo e oase

1021/1309=78% Tree size: 275 nodes, 141 leaves

Decision-tree  m—)p Edgitw;dﬂ-s:ﬁelaﬁvemmm
arg dSs5: NOone

no
61.8%, B9
sex

yes
T2.7%, 33

pdis

1
no
65.0%, 1
age
_ s <90
o o o
60.5%, 7§ 62.1%, 1§ 85.0%, 27
parents-o E




IEREEEEEE

(ase study #

Tree 0930 0868 0.865
CNZ2 rule inducer 0883 03845 0.841

Model ¥ AUC

CN2 algorithm

IF conditions

sex=female AND Port-embarked=C AND age=32.0 —
sex=female AND pclass=1 AND agez14.0 —

sex#female AND pelass=2 AND age<140 -

pclass=2 AMD parents-or-children-aboard22.0 -

pclass=2 AND parents-or-children-aboard=1.0 AND agez310 -
pclass=2 AMD parents-or-children-aboardz1.0 -

pclass=2 AND age=57.0 AND age<22.0 -

pclass=2 AND Port-embarkedzC AND age=37.0 —

pclass£3 AND age=<17.0 AND sexzfermale —

ages17.0 AND Port-embarked=C AND ages6.0 -

sex#female AND pclass=3 AND agez23.0 -

Port-embarked=0 AND age=31.0 AND siblings-spouses-aboard21.0  —
Port-embarkedz5 AND age=17.0 —

Port-embarked=C AND age<29.89770554493308 AMD parents-or-children-aboard21.0 —
pclass=1 —

age233.0 AND Port-embarked=5 —

Port-embarked=C -

age222.0 AND age<23.0 —

age=29.89770554493308 AND Port-embarkedz5  —
parents-or-children-aboardz 1.0 AND sex=female AND parents-or-children-aboard22.0 -
parents-or-children-aboardz 1.0 AND sexzmale  —

Port-embarked=5 —

siblings-spouses-aboardz4.0 AND Port-embarkedz5 -

sexzfernale AND siblings-spouses-aboard250 —

siblings-spouses-aboard2 3.0 AND siblings-spouses-aboard25.0 —
cevtfemale AND Part-emharked= AND nelass=2 -

CA

THEN class ¥

survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=1.0
survived=0.0
survived=0.0
survived=0.0
sunsived =00

F1 Precision

Distribution

Recall
0.869 0.868
0.847 0.845
Probabilities [%] Cuality
7:93 -0.00
4:96 -0.207
14: 86 -0.414
5:95 -0.00
11:89 -0.00
21:79 -0.650
15:85 -0.439
20: 80 -0.702
22:78 -0.592
22:78 -0.592
10: 90 -0.00
22:78 -0.592
33: 67 -0.890
30:70 -0.811
29: 71 -0.722
25:75 -0.650
25:75 -0.650
33:67 -0.896
33:67 -0.906
38:62 -0.918
38:62 -0.946
41:59 -0.971
86:14 -0.00
91:9 -0.00
88:12 -0.00
AR 14 -nnn

Length

[ R R N Ll L S T S R W R S R Wy U ¥ Ry W Ry WX e W R W Ry R VE Ry R W R U R FE)

4- Titanic dataset with baselines

Rule ordering: ordered
Covering algorithm: exclusive
Gamma: 0.7

Evaluation measure: entropy
Beam width: 5

Minimum rule coverage: 5
Maximum rule length: 3



(ase study #¢: Titanic dataset

e (ase distribution by port of embarkation and by
survival

Southampton
Cheerbourg
Queenstown




© Cross validation Evaluation results for target (None, show average over classes)

Number of folds: 10~ Maodel AUC CA F1  Prec Recall MCC

[ ] [}
L4 H H
L4 () Cross validation by feature CN2 Rule Induction 0.815 0.765 0.764 0.763 0.765 0.498

"

() Random sampling
® Pruned decision tree obtained with the full dataset Repeat rainviest |10 v
Training set size: 66 %

@ Stratified

0.0
61.5%, 609/13#

male

ﬁgg
7

< 9.0000

> 23.2500 = 31.6792 = 31.6792

> 21.075 31,3875 = 1. = 15.2458 > 152458 3.0000 > 30000 32.0000
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