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ABSTRACT
We demonstrate the utility of word embedding-based semantic
similarity methods for Author Name Disambiguation.

CCS CONCEPTS

•Computing methodologies → Lexical semantics; Supervised

learning by classification; • Information systems → Similar-
ity measures;
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1 INTRODUCTION
For both older and more recent approaches to Author Name Dis-
ambiguation (AND), co-author similarity is still among the most
prominent features:1 When deciding if two identical author names
observed in two publications refer to the same person, overlap
between the two publications’ co-authors can provide strong posi-
tive evidence. At the same time, lack of overlap between two lists
of co-authors of sufficient length can provide strong negative evi-
dence. Publication content similarity is another widely used AND
feature. Normally, the publication title is taken as a proxy for publi-
cation content, because, unlike e.g. abstracts, it is always available.
However, due to the nature of the AND task, content similarity is in-
ferior to co-author similarity, and comes into play only when there
is no, or only very weak, co-author evidence: Sufficiently strong
co-author similarity does not require corroboration by content sim-
ilarity, while sufficiently strong co-author dissimilarity can hardly
be overruled by content similarity. In most AND approaches, con-
tent similarity is captured by means of string or n-gram matching,
sometimes enhanced with TF-IDF weighting or similar methods
1See the overviews in [2, 3]. [5] is a recent paper which relies exclusively on co-author
evidence.
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([2]), while methods from Natural Language Processing (NLP), in
particular those based on word embeddings, have not been applied
to this task, with [6] being the only exception we know of. The
present work is an ongoing follow-up study to [6], in which we
take a more focussed look at the contribution of word level seman-
tics to AND. We limit ourselves to only six same name groups (or
blocks) from the KISTI data set [4], which were selected on the
basis of number of records, number of distinct authors, and average
number of papers per author. We also exclude word embeddings
trained on other data sources than DBLP, which is in line with
our findings in [6], and we perform a more rigorous evaluation
involving 50% train, 30% dev-test, and 20% eval data, with averaged
results over ten randomized runs. Due to the ongoing nature of the
work, we report results on dev-test only, and leave the eval data for
the final evaluation. Our motivation is that automatically assessing
genuine semantic similarity of publications with ambiguous author
names can provide additional positive evidence of a nature that
surface-level similarity cannot provide. As an example, consider
the following example from the KISTI AND data set. Here, the name
A. Kumar refers to the same person, but there is neither co-author
nor surface-level content similarity evidence.

A. Verma, A. Kumar (2004):a
Articulatory class based spectral envelope representation for voice fonts.

A. Karmakar, A. Kumar, R. K. Patney (2006):b
A multiresolution model of auditory excitation pattern and its application to objective
evaluation of perceived speech quality.

ahttp://dblp.org/rec/conf/icmcs/VermaK04
bhttp://dblp.org/rec/journals/taslp/KarmakarKP06

We combine advanced semantics methods from NLP with in-
sights from the AND domain, in order to make them available to
practical AND in digital libraries and other institutions.

2 FEATURES & EXPERIMENTS
We propose two simple features that are sensitive to local, single-
word similarities that are observed in publication titles. For training
and testing, we use a sub set of the KISTI AND data set [4]. Initially,
we create instances for each of the six selected same name groups,
by pairing all publication records containing the same ambiguous
author name with each other, and labelling the resulting pairs as
positive when the ambiguous author name in both refers to the
same person, and as negative otherwise. Due to the combinatorial
nature of data generation, the resulting data instances are highly
skewed towards the negative class. Each training and test data
instance is represented as a list of features. Since we want to fo-
cus on content similarity, we capture co-author similarity in a
very simple, local manner only, by just considering the Jaccard
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SNG d.liu h.lee j.kim r.smith s.kumar w.chen

# Pubs, #Authors, Mean Pubs/Author 66, 15, 4.4 (3.07) 81, 30, 2.7 (2.48) 149, 57, 2.61 (2.13) 54, 15, 3.6 (3.42) 71, 20, 3.55 (3.04) 97, 25, 3.88 (3.73)
Mean maj. BL ACC 91.74 (2.26) 95.40 (2.13) 97.76 (0.72) 87.28 (4.15) 93.00 (2.20) 93.72 (1.63)

BL 1 mean MCC 0.4986 (0.165) 0.4732 (0.151) 0.4220 (0.076) 0.3261 (0.202) 0.5686 (0.124) 0.4053 (0.110)
BL 2 mean MCC 0.5264 (0.148) 0.5315 (0.122) 0.6499 (0.099) 0.3644 (0.190) 0.5743 (0.126) 0.4626 (0.088)

BL 2 + Semantics mean MCC 0.5382 (0.151) 0.5520 (0.155) 0.6660 (0.087) 0.3515 (0.195) 0.5666 (0.125) 0.4766 (0.092)

Table 1: Results

similarity of the two publications’ co-author name lists ca1 and
ca2. Each list contains the initialized, non-disambiguated names
of one publication’s co-authors. This way, the minimum similarity

is actually 0.0. Positive, and in particular negative, co-author evi-

dence is interpretable only if both len(ca1) and len(ca2) ą“ 1: A
high co-author similarity score of two publications with e.g. three

co-authors is more relevant than that of two publications with only

one co-author each. Therefore, we provide len(ca1), len(ca2), and
min(len(ca1),len(ca2)) as further features, to enable the classi-
fier to assess the weight of the co-author similarity score. These four

features are used in BL 1. String-level content similarity is repre-

sented as the IDF weighted cosine similarity of the normalized pub-

lication title token lists tokens1 and tokens2. Normalization includes
lower-casing, stemming, and removal of stop-words. IDF weights

are computed from a data set of 3.5 million publication titles from

DBLP2, from which publications contained in the KISTI data set

were removed. This feature plus the features of BL 1 are used in BL

2. For representing genuine semantic content similarity of two

publications, we define two novel, light-weight semantic features

based on the cosine distance of the word embedding vectors of se-

lected tokens from tokens1 and token2. For both features, we use one
set of 200-dimensional word embeddings trained with word2vec3

on the DBLP-derived data set mentioned above. Training was done

for 50 iterations with the CBOW algorithm, using a window size of

5 and a min_count 5. For the first feature, we remove common to-

kens4 from tokens1 and tokens2, and then select from each the token
with the highest IDF scoremax_id f _token1 andmax_id f _token2.
We then use the pre-computed word embedding set to retrieve one

vector formax_id f _token1 andmax_id f _token2 each, and com-
pute the feature value as the cosine distance of the two vectors:

MaxIDFPair_CosDist = CosDist(WE(max_idf _token1),WE(max_idf _token2))

For the second feature we just compute the pairwise cosine dis-

tance for all pairs in tokens1
Ś

tokens2 (again excluding identical
tokens), and use the overall lowest distance as the feature value:

Global_MinCosDist = Min(CosDist(WE(tokens1),WE(tokens2))) Our classi-

fier is a simple one-layer neural network with twelve hidden units

with tanh activation and a final two-unit softmax output layer,
all implemented in Keras [1] and Tensorflow5. We use the Adam
optimizer, train for 300 epochs and report the best result on dev-test

reached during training.

3 RESULTS, DISCUSSION, & FUTUREWORK

The top row in Table 1 provides some basic statistics of the same

name groups (averaged over ten runs, stddev given in parentheses).

2http://dblp.uni-trier.de/xml/
3https://radimrehurek.com/gensim/models/word2vec.html
4The non-identity constraint on the selected tokens ensures that the feature does not re-
produce string-matching functionality by selecting identical tokens as the semantically
most similar ones.
5http://tensorflow.org

In order to emphasize the effect of our features and to avoid dis-

torting effects caused by extreme variation in the mean number of

publications per author, we chose the groups in such a way that

there was no dominating author in each group. This is noticable in

the stddev values, which are generally smaller than the mean val-

ues themselves. The second row shows the mean majority baseline

accuracy, which is generally very high due to the high number of

negative instances. Results are reported using the Matthews Corre-

lation Coefficient (MCC), which is particularly suited for scoring

binary classifications in highly skewed class distributions. The BL

1 row shows that, at least for some groups, even very simple co-

author features already produce reasonable results, which supports

the predominant role of co-author features in AND. The differ-

ences among groups (from 0.3261 for r.smith to 0.5686 for s.kumar)

can be seen as characteristics of the respective authors, who tend

to have more or less recurring co-authors. The BL 2 row shows

that adding surface-based content similarity consistently (though

not significantly) improves results, which is also in line with our

expectations. However, the improvement varies strongly among

groups, from less than 0.01 for s.kumar to more than 0.20 for j.kim.

Finally, the BL 2 + Semantics row shows the effect of adding our

similarity features. Here, improvements can only be found in four

out of six groups, and the strength of the improvement is about

0.015 only. While these results show that semantic features can

indeed contribute to AND, more detailed analysis of the results is

required and currently under way. Also, we currently experiment

with different ways of computing light-weight semantic features,

including other similarity measures besides cosine, and more varied

word embeddings.
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