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Abstract— This paper illustrates how data pre-processing
choices about author name disambiguation can affect research
findings about scholarly networks and hypotheses about
underlying social mechanisms. We have analyzed three big
scholarly datasets that were disambiguated algorithmically and
via two common initial-based disambiguation methods; namely
first-initial and all-initials disambiguation. The comparison of
resulting bibliometric and network properties revealed that
initial-disambiguation bears the prevalent risks of incorrectly
merging author identities, underestimating the number of unique
authors and inflating the average productivity and number of
collaborators per author. The gaps between outcomes of name
ambiguity resolution methods range from -4.23% to -87.36% per
dataset for the number of unique authors, from 3.75% to
691.20% for average productivity, and from 5.06% to 285.28%
for degree centrality for initial based methods compared to
algorithmic disambiguation. This calls for special attention to
data pre-processing choices in scholarly big data research.
Keywords— collaboration; network analysis; disambiguation;
bibliometrics

I.

INTRODUCTION

Since Mark Newman leveraged computational techniques
to study large-scale coauthorship networks, many scholars
have contributed to gaining a birds-eye view of the patterns
and dynamics of scientific collaboration in a wide range of
fields and publication venues [1]. For example, in a
coauthorship study of more than 210,000 articles in
neuroscience and 70,000 articles in mathematics, scholars were
found to select collaborators who have already many
collaborators [2]. The underlying preferential attachment
mechanism has been shown to lead to scale-free networks,
where the distribution of the number of coauthors per author
has a slope that can be described with a power law [2-4]. It has
also been shown that scholars can reach one another within a
few steps of collaboration relationship, which confirms the
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small world property of scientific collaboration [1, 5].
Such macroscopic views of the structure of scientific
collaboration have been usually obtained from analyses of
large-scale bibliometric data. For instance, more than 2 million
MEDLINE records published between 1995 and 1999 were
analyzed by [4]. Other prominent examples include studies of
coauthorship networks from specific fields, including
mathematics (1.6 million papers, 1940-1999) [6], computer
science (1.2 million papers, 1936-2008) [1], physics (458,799
papers, 1893-2009) [7], sociology (281,090 papers, 1963-1999)
[8], and specific geographical regions, e.g. Turkey (237,409
papers, 1980-2010) [9].
One common challenge for scholars dealing with these
instances of big data has been the problem of name ambiguity.
As pointed out as early as in the late 1960s [10], the tradition of
representing author names in the format of full surname
followed by first or middle name initials have been a source of
“ambiguity and confusion”. For example, this ambiguity
resolution convention for bibliometric records can cause two
truly distinct authors who happen to share the same surname
and first name initial, e.g., ‘Blake, Catherine’ and ‘Blake,
Cooper’, to be merged into one identity, in this case ‘Blake,
C.’. This effect can have repercussions on the networks
structure, conclusions we draw, and theories we build about the
patterns and evolution of co-authorship networks, including the
identification of main key players and sub-communities in a
field.
Several strategies for dealing with this issue inherent to
studying big bibliometric data have been established: For one,
people have relied on disambiguation conducted by data
providers, such as DBLP, and/ or devised (their own)
heuristics, rules, methods and algorithms of solving name
ambiguity in their datasets. Some scholars employed advanced
disambiguation algorithm [11, 12]. Many have, however, relied
on a simple heuristic, which can be considered common
practice in bibliometrics: namely, initial-based name

disambiguation. With one version of this approach, author
names overlapping in surname and first name initial are
considered to refer to the same person (‘first-initial method’
hereafter, e.g., [13, 14]). A more common strategy is to
consider all initials of first and middle names: author names
with the same surname as well as same all given name initials
are seen to represent the same author (‘all-initials method’
hereafter, e.g., [3, 15]).
Overall, using initial-based name disambiguation for preprocessing big data bears the risk of misidentifying authors by
incorrectly merging or splitting author names. This is a natural
yet problematic side effect of the author name ambiguity
resolution. For example, ‘Blake, C. L.’ would be the same
person as ‘Blake, C. S.’ according to the first-initial method.
This is a ‘merging’ error. Also, while ‘Blake, C.’ and ‘Blake,
C. L.’ would be different authors according to the all-initials
method, they would be the same person as ‘Blake, C. L.’ in
cases where the middle name initial is omitted. This is a
‘splitting’ error. The merging and splitting errors have been
well acknowledged by scholars who have used name initials
for identifying authors in bibliometric data. They have,
however, justified their initial based disambiguation with the
following explanations. First, even the most advanced
disambiguation algorithms do not guarantee perfect
disambiguation. This is further pronounced by the common
effect that publication information is often imperfect due to
missing or inconsistent recording [16-18].
Second, it has been assumed that such misidentification
errors do not affect research findings too drastically in terms of
both macroscopic and microscopic views [2, 14, 19]. The
problem with this justification is that the argument is often
based on (1) an assumption that numbers of authors identified
by all-initial methods and first-initial method respectively
represent the upper and lower bound of the ‘true’ number of
authors and (2) prior empirical work showing that statistical
properties of coauthorship networks generated from these two
sets of authors show errors of ‘an order of a few percent’ [2, 3,
13, 14].
Recently, some scholars have tested this assumption by
comparing the statistical properties of networks generated from
bibliometric data that were disambiguated by algorithmic
solutions versus by initial-based disambiguation [12, 19-21].
These studies have shown that initial-based disambiguation can
misrepresent network properties to a non-negligible extent.
One example is that the number of unique authors (3.2 million)
identified by algorithmic disambiguation was twice the number
(1.56 million) identified by first-initial method in MEDLINE
data [20]. Another study, however, found that, based on
simulated authorship data across five fields, initial-based
disambiguation to be ‘quite accurate’ at identifying authors,
and that first-initial method is superior to all-initials method
[19]. Similarly, another study argued that the influence of name
ambiguity on research finding is limited, e.g., if only authors
who appear as the last author in each paper are considered [12].
In this way, the effect of pre-processing method on research
output in bibliometric data analysis is still controversial and not
sufficiently understood. Considering the fact that initial-based
disambiguation is a dominant method in bibliometric studies

[12, 19, 21], testing the effect of name ambiguity on statistical
characteristics of data is of great importance. This paper aims
to enrich this discussion by illustrating how the choice of data
pre-processing methods affects our understanding of
productivity and collaboration pattern in selected bibliometric
dataets. The contribution with this study lies in providing a
better understanding of the impact of name disambiguation
methods in two scientific fields (computer science and
physics), which have been a frequent subject in bibliometric
research, and domestic-level collaboration among Korean
scholars.
II.

DATA

A. DBLP
The Digital Bibliography & Library Project (DBLP)
database provides publication records of conference and
journal papers in computer science. DBLP has been used by
many computer and information scientists to study
collaboration structure, test name disambiguation algorithms,
or data management (e.g., [1, 21-23]). Such a wide use of
DBLP is partially due to its data quality: author names are
disambiguated both algorithmically and manually by the DBLP
management team [24, 25]. For our study, we retrieved
publication records of 315,828 journal papers between 2005
and 2009 (5 year window). As DBLP does not distinguish
surname and given name parts of each name instance, we
followed the method described in [21] to format each name
instance into a surname followed by a given name.
B. APS
The second dataset was obtained from the American
Physical Society (APS), who provides publication records of
the Physical Review journals; a family of journals published by
the APS covering all subfields of physics. The dataset has been
used by numerous scholars to map scientific collaboration in
physics and to test theories or algorithms related to the study of
complex dynamic networks (e.g., [7, 15, 26, 27]). As author
names in the raw APS data are not disambiguated, we applied
the same algorithm described in [7] for name disambiguation,
where names were clustered based on the similarity of name
string, coauthor name, affiliation, and venue information. From
the disambiguated dataset, we selected publication records of
90,784 papers spanning from 2005-2009.
C. KISTI
Nation-level publication data for scholars in Korea was
obtained from the National Digital Science Library (NDSL).
This dataset was built and managed by the Korea Institute of
Science and Technology Information (KISTI), a governmentfunded organization gathering, analyzing, and distributing
scientific publication information abroad as well as
nationwide. Asian names such as Chinese and Korean names,
are known to be more difficult to disambiguate than Western
names, which is mainly due to the large ratio of shared
surnames and given names [12, 28]. KISTI went through a
two-step process to disambiguate author names. First, author
name instances were clustered based on algorithms using

feature vectors like full name string, affiliation, coauthor
name, title, and publication outlet. Then, the suspicious
clustering results were manually verified by human specialists.
For this study, we collected publication records of 161,569
journal papers published in Korea from 2005 to 2009. The
majority of author names in the KISTI data are also recorded
in English. Some names in Korean were automatically
changed into English.
III.

MEASUREMENTS

A. Network Generation
Each data (we refer them to DBLP, APS, and KSITI
hereafter) was furthermore disambiguated by first- and allinitials methods. In total, we generated three coauthorship
networks from for each of the three datasets: (1) the first ones
by algorithmic disambiguation performed by DBLP
management team (DBLP), Newman’s team (APS), and KISTI
team (KISTI), respectively, (2) the second ones from the
DBLP, APS, and KISTI data disambiguated by first-initial
method, (3) while the third ones were disambiguated by allinitials method.
B. Measures
We use the following state of the art network metrics for
assessing the structure of the generated network datasets.
•

Number of Unique Authors: This represents the
number of unique author identities identified by
algorithmic, first-initial, and all-initials disambiguation
methods.

•

Productivity: An author’s productivity is the total
number of papers per unique author. This is calculated
as the name frequency of an author who is uniquely
identified per disambiguation method.

•

Degree (Number of Coauthors): Two authors are
connected by a coauthor relationship if they appear as
coauthors on the same paper. The degree centrality (in
short, degree) of an actor is the number of direct
connections that he or she has. Here, only the existence
of collaboration ties between authors is considered
following the convention of previous coauthorship
network studies [2, 4, 8].
IV.

ANALYSIS

A. Number of Unique authors
Table 1 shows the numbers of unique authors in each
dataset identified by the different disambiguation methods:
algorithmic, first-initial, and all-initials methods. Here,
algorithmically disambiguated data serves as baseline data
against which we compare the initial-based disambiguation
approaches.
Overall,
initial-based
disambiguation
underestimates the numbers of unique authors by 4.23% (APS,
all-initials method) to 87.36% (KISTI, first-initial method).
This implies that if bibliometric data is pre-processed by
initial-based disambiguation, researchers may discover smaller
scholarly communities than there actually are. In addition, the

overall underestimation implies that merging is more prevalent
than splitting. This argument is, of course, based on the
assumption that algorithmically disambiguated data
approximate ground-truth data. Interestingly, KISTI seems to
be an extreme case showing how distortive the effect of name
disambiguation methods can be. This might be due to the fact
that almost half of the Korean people share the same three
surnames, i.e., Kim, Lee, and Park [29].
TABLE I.
NUMBER OF UNIQUE AUTHORS PER DISAMBIGUATION
METHOD (RATIO OF CHANGE AGAINST ALGORITHMIC DATA IN PARENTHESES)
Data

Algorithmic

First-initial

All-initials

DBLP

354,764

227,661
(−35.83%)

271,179
(−23.56%)

APS

101,455

83,914
(−17.29%)

97,168
(−4.23%)

KISTI

164,351

20,778
(−87.36%)

41,425
(−74.79%)

Another noticeable finding is that the upper-bound
provided by all-initials method is smaller than that of the
algorithmically disambiguated data (see ‘All-initials’ column
in Table 1). This confirms the findings of some prior works
(e.g., [20]), but contradicts other work based on the assumption
that the all-initials method can provide the upper-bound for the
number of unique authors (e.g., [4]).
B. Productivity
Table 2 shows the average productivity, i.e., the number of
papers, per author in each dataset. Across all datasets, initialbased disambiguation overestimates the average productivity
by 4.46% (APS, all-initials method) to 691.20% (KISTI, firstinitial method). This phenomenon is expected: as initial-based
disambiguation mostly merges different author identities into a
single author, publications of merged authors will be assigned
to a single person.
TABLE II.
AVERAGE PRODUCTIVITY OF AUTHORS PER
DISAMBIGUATION METHODS (RATIO OF CHANGE AGAINST ALGORITHMIC
DATA IN PARENTHESES)
Data

Algorithmic

First-initial

All-initials

DBLP

2.44

3.81
(+56.15%)

3.20
(+31.15%)

APS

3.59

4.34
(+20.89%)

3.75
(+4.46%)

KISTI

2.84

22.47
(+691.20%)

11.27
(+296.83%)

Figure 1 shows the distributions of productivity in a
cumulative log-log plot. In each subfigure, the distribution of
algorithmically disambiguated data is shown in blue circles,
all-initials method in black crosses, and first-initial in red dots.
One common feature of plots across all subfigures is that the

distribution of algorithmic disambiguation data shows more
negative curvature when compared to first- and all-initials
disambiguated versions of data. The interpretation of this
finding is that, for a given value (x) of productivity, the
proportion of authors who have the given value (X = x) or
values higher than the value (X > x) is increased by initialbased disambiguation. The reason for this phenomenon is the
same shown above in Table 2: initial-based disambiguation
mostly consolidates different author identities into one, which
inflates the number of papers per author. In terms of graphical
movement, this merging effect pushes the distribution curves
both upwards and to the right. Overall, the distribution plots of
first-initial method in each data shows more upward and to-theright movement than all-initials method, which indicates that
the merging errors in first-initial disambiguation occur more
severely than in all-initials method.
Fig. 1. Cumulative Log-Log Plot of Productivity Distributions in Each Data.

C. Degree (Number of Collaborators)
Table 3 shows the average degree (i.e., the number of unique
collaborators) of authors in each data. The average degree of
authors in algorithmically disambiguated datasets decreased
by 5.06% (all-initials in APS) up to 255.28% (first-initial in
KISTI). The overall interpretation is the same as average
productivity detailed above for Table 2. As initial-based
disambiguation merges different author identities into a single
person, collaborators of those merged authors get connected to
an author who they did not actually collaborate with.
TABLE III.
AVERAGE DEGREE OF AUTHORS PER DISAMBIGUATION
METHODS (RATIO OF CHANGE AGAINST ALGORITHMIC DATA IN PARENTHESES)
Data

Algorithmic

First-initial

All-initials

DBLP

5.52

8.26
(+49.64%)

7.12
(+28.99%)

APS

13.44

15.92
(+18.45%)

14.12
(+5.06%)

KISTI

6.15

20.75
(+237.40%)

21.85
(+255.28%)

This mechanism also produces the upward and to-the-right
moved curves in Figure 2 for the cumulative log-log plot of
average degree in each dataset. Authors are shown to have
more collaborators when the data are disambiguated by initialbased methods. The gaps between plots are pronounced in the
tail area. This indicates that the merging effect can be more
easily seen in the top author groups. For example, in DBLP,
the most collaborative author (highest degree) has 212
coauthors in the algorithmically disambiguated data, 1,684 in
first-initial data and 1,390 in all-initials data. Interestingly, in
DBLP, for the majority range of values and in APS for certain
range of values, the first-and all-initials methods produce
straighter lines than algorithmic disambiguation does, which
can be fit by the so-called power distribution with certain “cutoffs”.

Fig. 2. Cumulative Log-Log Plot of Degree Distributions in Each Data

incorrectly merge a substantial amount of different author
identities. Due to this effect, the size of the scholarly
community is underestimated, while the average productivity,
connectivity and embeddedness of authors are artificially
inflated. These methodologically induced biases can lead to
finding incorrect pattern in the data, e.g., a power-law
distribution of node degree.
We are not refuting any previous studies where initialbased disambiguation has been used. Also, the selection of
datasets and time period (5 year window) entails idiosyncrasies
that might not generalize to other data. As we have shown, the
magnitude of the effect heavily depends on the data. In other
words, each scholarly dataset may have distinct levels or
features of name ambiguity, which may reduce the effect of
name disambiguation choice to a negligible extent. For
example, in APS, all-initials method was found to approximate
algorithmic disambiguation with a few percent of errors, while
in KISTI, the difference was tremendous. In case like the latter,
making an effort to conduct accurate ambiguity resolution will
make a big difference in terms of findings and conclusions. In
addition, the disambiguation results from three different
methods should be compared to ground-truth data to measure
the extent of author misidentification, which can provide
scholars a guideline on conditions about when to use each of
methods safely or avoid one.
The main take away from this study is that research
findings from scholarly data should be consumed and assessed
with caution when details on the employed name
disambiguation strategy are missing. To look at this from a
proactive side, our findings call for well-designed, rigorous
studies that include the identification of the possible distortive
effect of name ambiguity on knowledge discovery in scholarly
data. Especially, bibliometric studies of large-scale scholarly
data or data on fields where authors with ambiguous names are
dominant (e.g., nanoscience) are advised to pay more attention
to the importance of data provenance management. This
argument is further supported by the fact that name ambiguity
increases with the number of author names [20] and certain
names such as Asian or Hispanic names are more relevant with
respect to ambiguity than others [12, 21].
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