
1Arbres de décision

• Objectif

• classification en utilisant une séquence de questions fermées

• les questions sont organisées dans un arbre

2Arbres de décision
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FIGURE 8.1. Classification in a basic decision tree proceeds from top to bottom. The questions asked at
each node concern a particular property of the pattern, and the downward links correspond to the possible
values. Successive nodes are visited until a terminal or leaf node is reached, where the category label is read.
Note that the same question, Size?, appears in different places in the tree and that different questions can
have different numbers of branches. Moreover, different leaf nodes, shown in pink, can be labeled by the
same category (e.g., Apple). From: Richard O. Duda, Peter E. Hart, and David G. Stork, Pattern Classification.
Copyright c© 2001 by John Wiley & Sons, Inc.

3Arbres de décision

• Avantages

• fonctionnent avec des données non-métriques

• invariabilité par translation, par changement d’échelle, par transfor-
mation monotone des coordonnées

• interpretabilité

• entraı̂nement efficace

• classification très efficace

• Désavantages

• instabilité

4Arbres de décision

• Algorithmes de CART (arbres de classification et ŕegression)

• combien de découpages par noeud?

• quel attribut faut-il tester à un noeud?

• quand arrêter de découper?

• si l’arbre est trop grand, comment élaguer?

• si une feuille est non-pure, comment choisir la catégorie?

5Arbres de décision

• Nombre de découpages

• tous les arbres de décision peuvent être représentés par un arbre de
décision binaire

• Affectation de catégorie

• vote par majorité

6Arbres de décision

• Sélection de test

• objectif: un arbre simple (rasoir d’Occam)

• choisir le découpage qui augmente le plus la pureté



7Arbres de décision

• L’impureté du noeud

• fréquence de classe: µ j =
#{classe = C j}

n

• impureté d’entropie: i(N) = −∑
j

µ j lgµ j

• impureté de variance (deux catégories):

i(N) = µ1µ2

• impureté de Gini: i(N) = ∑
i6= j

µiµ j = 1−∑
j

µ2
j

• impureté de mauvaise classification:

i(N) = 1−max
j

µ j

8Arbres de décision

• L’impureté de noeud
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FIGURE 8.4. For the two-category case, the impurity functions peak at equal class fre-
quencies and the variance and the Gini impurity functions are identical. The entropy,
variance, Gini, and misclassification impurities (given by Eqs. 1–4, respectively) have
been adjusted in scale and offset to facilitate comparison here; such scale and offset do
not directly affect learning or classification. From: Richard O. Duda, eter E. Hart, and
David G. Stork, attern Classification. Copyright c© 2001 by John Wiley & Sons, Inc.
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9Arbres de décision

• Sélection de test

• chute d’impureté:

∆i(N) = i(N)−µ(g)i(N(g))− (1−µ(g))i(N(d))

• approche gloutonne

• Forme générale de la fonction

• découpage sur un attribut simple −→ arbre monotétique

• découpage linéaire

10Arbres de décision

• Quand arrêter

• un point par feuille: overfitting

• trop tôt: grande erreur d’entraı̂nement

• technique générale: validation/validation croisée

• chute d’impureté < seuil

• nombre de points < seuil

• principe de MDL (minimum description length): minimiser

α · taille+ ∑
feuilles N

i(N)

• méthodes statistiques pour mesurer la signification de la réduction
d’impureté

11Arbres de décision

• Élaguer

• l’effet d’horizon

• pousser l’arbre jusqu’à un point par feuille

• supprimer (unifier) les noeuds si le pureté ne diminue pas

• pas de validation croisée

• plus de calcul

• élaguer les règles pour simplifier la description
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Training data and associated (unpruned) tree are shown at the top. The entropy
impurity at non-terminal nodes is shown in red and the impurity at each leaf is 0. If
the single training point marked * were instead slightly lower (marked †), the resulting
tree and decision regions would differ significantly, as shown at the bottom.



13Arbres de décision

• Complexité: O(dn lgn)

• Choix de traits

• Arbres multivariés
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FIGURE 8.5. If the class of node decisions does not match the form of the training data,
a very complicated decision tree will result, as shown at the top. Here decisions are
parallel to the axes while in fact the data is better split by boundaries along another
direction. If, however, “proper” decision forms are used (here, linear combinations of
the features), the tree can be quite simple, as shown at the bottom. From: Richard O.
Duda, Peter E. Hart, and David G. Stork, Pattern Classification. Copyright c© 2001 by
John Wiley & Sons, Inc.
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FIGURE 8.5. If the class of node decisions does not match the form of the training data,
a very complicated decision tree will result, as shown at the top. Here decisions are
parallel to the axes while in fact the data is better split by boundaries along another
direction. If, however, “proper” decision forms are used (here, linear combinations of
the features), the tree can be quite simple, as shown at the bottom. From: Richard O.
Duda, Peter E. Hart, and David G. Stork, Pattern Classification. Copyright c© 2001 by
John Wiley & Sons, Inc.

16Arbres multivariés
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FIGURE 8.6. One form of multivariate tree employs general linear decisions at each
node, giving splits along arbitrary directions in the feature space. In virtually all inter-
esting cases the training data are not linearly separable, and thus the LMS algorithm is
more useful than methods that require the data to be linearly separable, even though the
LMS need not yield a minimum in classification error (Chapter 5). The tree at the bottom
can be simplified by methods outlined in Section 8.4.2. From: Richard O. Duda, Peter
E. Hart, and David G. Stork, Pattern Classification. Copyright c© 2001 by John Wiley &
Sons, Inc.


