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Arboles usando 
una distribucion
de Dirichlet
n Distribución de 

Dirichlet
n Parametros s,t
n Probabilidad usando 

Distribución Dirichlet
n Entropía y entropía 

siguiente nivel
n Nueva condición de 

parada

∏ −∝
k

j

st
j

j 1)( θθπ

ms

cts
p jj

j +

+
=

·

)/1,...,/1( nnt =2=s



Metodos de poda

n Reduced Error Pruning
n Pessimistic Error Pruning
n Minimum Error Pruning
n Critical Value Pruning
n Cost-Complexity Pruning (CART)
n Error Based Pruning



Problemas

n Problemas de 
UCI usados 
por Acid y 
Abellán.

n Conjuntos de 
datos 
preprocesados

n Varios 
dominios

1935188374683soybean-large 

435163147soybean-small 

216145290435Vote-irvine

26432169601Monks2 

26432124556Monks1 

214230460690Australian 

2243306701000German 

712108215323Flare1 

2192753155Hepatitis 

21390180270Heart 

28256512768Pima 

51397200300Cleveland 

5799202303Cleveland-nom 

210266457699Breast 

2993184286Breast-cancer 

ClassesVar. Test Train.Total Data Set 



Experimentos: Error de Entr.

0.15280.19810.11470.07220.03970.0389Average Error

0.06140.02940.00260.06140.00260.0026soybean-large

0.00000.00000.00000.00000.00000.0000soybean-small

0.03790.03790.03790.00680.00000.0000Vote-irvine

0.37860.37860.06500.06500.05910.0650Monks2

0.12900.26610.10480.00000.01610.0161Monks1

0.10000.14130.05860.04780.00430.0043Australian

0.30590.30590.30590.03880.00000.0000German

0.16270.15340.09760.16270.09760.0976Flare1

0.01880.07540.13200.01880.00000.0000Hepatitis

0.08880.22220.13880.02770.00550.0055Heart

0.20500.24410.21870.16600.16010.1503Pima

0.45000.45000.00000.12000.00000.0000Cleveland

0.29700.45040.21780.28210.21280.2079Cleveland-nom

0.03060.03280.03060.01530.01510.0131Breast

0.17930.18470.30970.07060.02170.0217Breast-cancer

Dirichlet+REPC4.5+EBPID3+REPDirichletC4.5ID3 Data Set



Experimentos: Error de test (I)

0.22540.24430.2503Average Error 

0.10630.06380.1489soybean-large 

0.00000.00000.0000soybean-small 

0.04820.04820.0620Vote-irvine

0.32630.32170.3333Monks2 

0.08330.15270.1342Monks1 

0.17390.20430.2000Australian 

0.33030.30600.3424German 

0.37030.36110.3611Flare1 

0.14810.18510.1851Hepatitis 

0.23330.27770.1888Heart 

0.27730.27730.2929Pima 

0.47420.50510.5257Cleveland 

0.49490.53530.5252Cleveland-nom 

0.03530.03980.0353Breast 

0.27950.38700.4193Breast-cancer 

DirichletC4.5 ID3 Data Set 



Experimentos: Error de Test (II)

0.21020.22590.2372Average Error

0.10630.05850.1489soybean-large 

0.00000.00000.0000soybean-small 

0.04820.04820.0482Vote-irvine

0.32870.32870.3333Monks2 

0.13880.25000.1620Monks1 

0.16950.15210.1565Australian 

0.28780.28780.2878German 

0.37030.37030.3611Flare1 

0.14810.18510.2222Hepatitis 

0.24440.22220.2333Heart 

0.26560.21870.2578Pima 

0.48450.48450.5257Cleveland 

0.49490.47470.5151Cleveland-nom 

0.03980.03980.0486Breast 

0.23650.26880.2580Breast-cancer 

Dirich.+REPC4.5+EBPID3+REPData Set 



Experimentation: Nodes Number (I)

90.46185.80188.73Average Error

66183220soybean-large 

686soybean-small 

284646Vote-irvine

118142146Monks2 

798788Monks1 

165406383Australian 

303511493German 

34234301Flare1 

71711Hepatitis 

62116110Heart 

137247273Pima 

106305193Cleveland 

60152160Cleveland-nom 

336359Breast 

153270342Breast-cancer 

DirichletC4.5 ID3 Data Set 



Experimentos: Número de Nodos (II)

22.4316.0089.73Average Error

6685220soybean-large 

686soybean-small 

777Vote-irvine

11146Monks2 

28553Monks1 

183156Australian 

111German 

3438301Flare1 

751Hepatitis 

371037Heart 

47553Pima 

11193Cleveland 

411150Cleveland-nom 

171521Breast 

48551Breast-cancer 

Dirich.+REPC4.5+EBPID3+REPData Set 



Experimentos: Métodos de Poda

0.21960.22590.2375Test Error with EBP 

0.21020.23830.2372Test Error with REP 

0.22540.24430.2503Test Error(unpruned) 

0.19560.19810.2111Train. Error with EBP 

0.15280.08610.1147Train. Error with REP 

0.07220.03970.0389Train. Error(unpruned) 

Dirich.C4.5 ID3 Data Set 



Conclusiones

n Núevo método para construir árboles de 
clasificación

n Más Simple (entropía vs gain ratio)
n Genera árboles más pequeños (y es más 

simple) => más rápido
n Mejor error de test
n Peor error de entrenamiento => menor 

sobre ajuste
n Menos nodos en la construcción del árbol



Trabajo Futuro

n Tratar datos continuos
n Aplicación selectiva de la distribución de 

Dirichlet
n Probar más métodos de poda
n Aplicaciones para éste método: 

Imputación de datos perdidos


