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Proposal of a New Clustering Method for Name Disambiguation in
Author Citations
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1 National Institute of Informatics Hitotsubashi 2-1-2, Chiyoda-ku, Tokyo, 101-8430 Japan
E-mail: {{masada,takasu,adachi}@nii.ac.jp

Abstract In this paper, we propose a clustering method for author name disambiguation in citation data. Most
article citations include first names of authors with their initials. Therefore, we need to disambiguate the abbrevi-
ated author names and to find the correct full name for each of them when constructing a bibliographic database.
In this paper, we obtain a clustering of citation data, which consist of the three fields, i.e., co-author names, title
words, journal or proceeding title words, with the two probabilistic models. The one model is a standard naive
Bayes mixture model. For each citation data, we regard the most probable value of the hidden variable as the ID
of the cluster to which the data belongs. Then all abbreviated name instances appearing in the same citation data
cluster are taken as the abbreviation of the same full name. The other is a newly proposed model, which has two
hidden variables. We partition citation data into clusters according to the most probable combination of the two
hidden variable values. In the experiment, we used the DBLP bibliographic data set and selected 47 abbreviated
author name to which more than or equal to 50 full names correspond. For each abbreviated name, we collected
all citation data including the name and partition the citation data into clusters. The result of experiments shows
that our new model can achieve a better balancing of precisions and recalls than the naive Bayes mixture model.

Key words clustering, unsupervised learning, name disambiguation
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Table 1 Abbreviated names used in our experiment.

ooo 000000 oooo |(godg goooooo booo
s.lee 161 1067 | j.park 68 397
j-lee 134 934 | y.liu 67 313
j-kim 129 822 | c.wang 65 366
j-wang 112 583 | s.chen 64 309
s.kim 108 625 | h.li 63 220
h.kim 100 550 | j.liu 63 409
y.wang 100 557 | z.wang 63 142
h.lee 99 349 | j.li 61 314
j-chen 86 493 | j.zhang 60 308
X.wang 86 322 | sli 59 245
s.wang 84 274 | j.wu 56 329
y.zhang 83 412 | z.1li 56 210
k.lee 81 386 | j.lin 55 196
y.chen 81 531 | h.liu 54 197
h.wang 79 389 | s.liu 54 122
y.1i 76 261 | z.zhang 54 255
c.lee 75 480 | d.kim 53 334
h.chen 74 419 | c.chen 51 483
y.kim 74 406 | x.liu 51 187
x.zhang 72 287 | y.yang 51 250
k.kim 71 333 | j.yang 50 310
y.lee 71 385 | Lwang 50 253
s.park 69 397 | m.lee 50 315
x.1i 69 321
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Fig.2 Number of full names and number of obtained clusters.
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Table 2 Evaluation results under the assumption that the correct

number of clusters is unknown.

Pmac | Rmic  Rmac
0.6295 0.8653 | 0.1477 0.3845
0.8595 0.9013 | 0.0784 0.2610
0.7866 0.8720 | 0.1034 0.3109

oo Proic
NBMa
NBM
TVM

Fric
0.2312
0.1415
0.1784

Frac
0.5274
0.4019
0.4539
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Fig.4 Comparision of microaveraged precisions.
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Fig.5 Comparision of microaveraged recalls.
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Fig.6 Comparision of macroaveraged precisions.
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Fig.7 Comparision of macroaveraged recalls.
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Table 3 Evaluation results under the assumption that the correct
number of clusters is known.

oo Pmic  Pmac | Bmic  BRmac | Fmic  Fmac
NBMa | 0.5506 0.7687 | 0.1813 0.4189 | 0.2638 0.5378
NBM | 0.5566 0.5627 | 0.1283 0.3060 | 0.2037 0.3935
TVM | 0.5680 0.6620 | 0.1453 0.3478 | 0.2252 0.4527

number of found full names

[ x_# of full names —NBMa — - NBM —TVM]

abbreviated author name
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Fig.8 Number of full names and number of found full names un-

der the assumption that the correct number of clusters is

known.
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Table 4 Comparison of our evaluation results with those reported

in [5].

ooo [5] NBMa NBM TVM
s.lee 0.464 | 0.426 0.502 0.495
jlee 0.495 | 0.462 0.464 0.453

y.chen 0.490 | 0.521 0.456 0.462

c.chen 0.382 | 0.446 0.422 0.418

a.gupta | 0.476 | 0.661 0.586 0.606
k.tanaka | 0.595| 0.774 0.714 0.742
j.smith | 0.617 | 0.556 0.569 0.560
j.martin | 0.656 | 0.608 0.597 0.571
a.kumar | 0.463 | 0.590 0.618 0.604
m.brown | 0.660 | 0.606 0.686 0.669
m.miller | 0.598 | 0.722 0.624 0.642
j.robinson | 0.571 | 0.818 0.789 0.761
d.johnson | 0.445 | 0.658 0.686 0.671
m.jones | 0.657 | 0.639 0.557 0.569
Avg 0.541 | 0.606 0.591 0.587
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