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In this paper, we investigate which features are efficient on toponym resolution of words in newspaper articles.
Speriosu’s TRIPDL algorithm are used in the investigation, and an extension version of TRIPLD is also used to
diminish data sparseness problem. We focus on nouns and four types of named entity classes (ORGANIZATION,
PERSON, LOCATION, and ARTIFACT), which are used in standard named entity recognition task. Through the
experiments, it turns out that using only LOCATION words achieves better performance in terms of both accuracy
and computational complexity.
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2:

POPULATION 57.0 56.9 985 207 388 152

63.5 56.2 974 279 327 152

TRIPDL( ) 67.4 67.0 1,161 124 295 152

TRIPDL(O) 62.1 61.8 1,071 190 319 152

TRIPDL(P) 60.1 59.8 1,035 233 312 152

TRIPDL(L) 68.9 68.6 1,188 97 295 152

TRIPDL(A) 55.4 55.2 956 205 419 152

TRIPDL(OPLA) 68.0 67.6 1,171 114 295 152

( ) 59.4 57.2 991 505 84 152

(O) 44.8 43.0 745 735 100 152

(P) 32.5 30.5 528 956 96 152

(L) 59.9 58.0 1,004 492 84 152

(A) 32.6 31.3 542 847 191 152

(OPLA) 59.8 57.5 996 500 84 152

( ) 61.8 53.7 930 650 0 152

(O) 43.7 38.3 664 916 0 152

(P) 30.8 25.6 443 1,137 0 152

(L) 64.0 56.3 975 605 0 152

(A) 22.2 17.8 309 1,261 10 152

(OPLA) 64.2 56.8 983 597 0 152

MENTION COUNT 72.1 66.7 1,156 364 60 152
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