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Input examples (1)

= Czes (465 102 710)
= Context: word1l word2 word3 class word4 word5 word6;
class € {k3c4, k7c7}

4212257

Baseline: 93,5197
Total: 4 511 196
k3c4: 4 218 857

k7¢c7: 292 339
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Input examples (2)

Significant values
of attribute (word4):
kilc7, k2c7,k3c7

lIII---..._I__.Il-l-._____;'18_-_ SAD  EERE SOMOS 1201

Significant values
of attribute (word5):
klc7

III-I.II-_I.-I.I---._Ill_ll-..-.__ —_ __ &z;enm
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Input examples (3)
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kic kedc k2¢ kic [l kdc klc l2¢ ks kic kdc kdc kdc ledc ledc ledc k7 k1
k2o kFC

c

k2

el

k1

k5

klc kel (L] k2¢ klc k3 k2¢ k2¢ ke e, klc ledc klc k3 k7 ke L] kY k1

word5, Y

kFc

X

word4 € {k4c7, k4, k1c7, k3c7, k2c7} — k7c7
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Results (1)
ZeroR J48 |1d3 RF PART JRIp NB SMO IB3 | BFTree
4500 [93.5 |98.2 |96.95 98.2 |98.3 96.9
1000 [93.8 |98.1 98.2
100 193.8 |97.5 951 97.6 97.7 96.8

10 93.8 |97 93.6 |96.7 96.7 |96.4 96.8 97.8 96.4 97.2

wordl, word2, word3, word4, word5, word6, class
klcl, k7c2, klc2, k2c7, kic7, kl, k7c7
kicl, kI, k5, k1c2, k2c2, ki1c2, k3c4
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Results (2)

J48 NB *  pos4, case4, posS, cased, pos6, caseb, class
k2, 7, k1, c7, kI, ?, k7c7
4500* 97 96.2 k1, c2, k2, c2, k1, c2, k3c4

4500*%* 97 96.1 ** word4, word5, word®6, class
k2c7, kic7, kl, k7c7
klc2, k2c2, klc2, k3c4
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Further work

= |nductive Logic Programming
= Data stream mining
= Testing different parameter settings for the algorithms
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