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Abstract

Using a dataset of 26,228 Psychology document surrogates from Elsevier databases, we compare author
relatedness measure outcomes for 125 authors based on topic modelling to more traditional approaches that rely
on direct citation, co-citation and collaboration. Outcomes for the author topical similarity measure are compared
to existing co-authorships in the dataset using UCINET/NetDraw. We demonstrate how author topical similarity
outcomes provide a similar, but more complete, picture of author relationships than the co-authorship network.
Nonparametric correlation analysis results of author topical similarity, co-authorship, citation, and co-citation
were also compared for thirty author pairs of differing author topical similarity values. There is a significant
correlation between author topical similarity and co-authorship and direct citation-based measures for high
similarity author pairs, but not with co-citation measures. The author topical similarity measure, therefore, may
serve as a reasonable predictor of collaboration or direct citation for authors with high topical similarity. The
measure may also identify potential collaborators based on high author pair similarity values, where there is a
lack of existing collaboration, and serve as a complement to author relatedness based on co-citation analysis.

Conference Topic
Methods and techniques

Introduction

Understanding the relationships between authors is of great interest to researchers in scholarly
communication and informetrics. Author relatedness can be revealing of the membership of
research communities and potentially hidden similarities among authors that may not be
readily apparent. The relatedness of authors is a multi-faceted concept that can be determined
from different data sources, which include direct author citations, author co-citations (White
& McCain, 1998), author bibliographic coupling (Zhao & Strotmann, 2014), author topical
similarities (Lu & Wolfram, 2012), author collaborations (Glidnzel & Schubert, 2005), and
other derived measures (Jacobs & Wolfram, 2014; Jeong, Song, & Ding, 2014). These
measures can be discursively categorized into three groups: citation-based (author citation or
co-citation), content-based (author topical similarities), and collaboration-based measures (co-
authorship). Among developed measures, citation-based measures, especially based on author
co-citation analysis, are most influential and well-studied in the literature. The emergence of
topic modelling techniques (Rosen-Zvi et al., 2010) has reheated the interest in content-based
measures. Co-authorship has been widely used to understand scientific collaborations and
reveal research communities. It is well understood that these measures focus on different
aspects of author relationships and reveal different types of relatedness. However, the inter-
relationships among the different measures have been rarely researched. Are authors with
higher topical similarities more likely to collaborate with each other? Do they tend to cite
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each other more often? Are they more likely to be co-cited by others? These questions are not
adequately addressed in the literature. The purpose of this study is to examine the inter-
relationships among several measures of author relationships, including citation-based
measures, content-based measures, and collaboration-based measures. More specifically, the
research aims to address the following questions:
1) Does author relatedness assessed by author topical similarity reveal similar
relationships as a more traditional assessment approach based on co-authorship?
2) What is the relationship between author citation, author co-citation, author
collaboration and author topical similarity?
3) Can author topical similarity be used as a predictor for other relatedness measures such
as author collaboration, author direct citation or author co-citation?
Author topic modelling (Rosen-Zvi et al., 2010) will be used to determine author topical
similarity using bibliographic records for the field of Psychology. Understanding the inter-
relationships among the different author relatedness measures contributes to the better use of
them in revealing scientific structures.

Literature Review

The present study builds on existing research examining author similarity comparison by
employing topic modelling techniques and comparing outcomes to citation and co-citation-
based measures.

Measuring the relatedness between scientific entities (e.g. articles, authors, and journals) has
been studied for years. Typically, most similarity measures between units are based on
quantifiable assessments arising from citation practices that link authors or through direct
collaboration or other co-occurrence similarities (Borner, Chen, & Boyack, 2003). To date,
the relatedness or similarity between authors has been investigated mainly through five
perspectives: direct citation, bibliographic coupling analysis, co-citation analysis, co-
authorship analysis, and co-word analysis. Direct citation relationships are built on citation
behaviour when one author cites others’ work (Boyack & Klavans, 2010). Bibliographic
coupling relationships are measured by counting the same references two authors share in
their publications and have been studied recently by Zhao and Strotmann (2008, 2014).
Moreover, the most widely studied approach, co-citation analysis, assesses the association
between two authors by the frequencies they were co-cited by others (White & McCain,
1998). A co-authorship relationship results from a direct collaboration (Gldnzel & Schubert,
2005). Each of these methods relies on an explicit connection arising from citation or
collaboration. Without these connections, no relationship can be identified. Implicit
relationships can be revealed by comparing the content of documents authors have published.
Until recently, this has taken the form of co-word analysis, where words or index terms from
documents are used to determine how closely related entities of interest are (e.g., Law &
Whittaker, 1992).

Although previous studies have used content-based methods to approach the relationships
between authors, documents and disciplinary areas, topic-based methods have rarely been
applied to date to capture the relationships between authors (Lu & Wolfram, 2012). Topic
modelling seeks to automatically reveal the latent topics from a set of documents through
machine learning. Hofmann (1999) first proposed a generative data model—called the
Probabilistic Latent Semantic Indexing (PLSI)—that represented each document as a
probability distribution over a set of topics. While Hofmann’s work provided some
advantages for document indexing, it may lead to serious problems of overfitting (Blei, Ng, &
Jordan, 2003). To overcome the limitations of PLSI, Blei, Ng, and Jordan (2003) presented a
three-level hierarchical Bayesian model, which is known as Latent Dirichlet Allocation
(LDA). In the LDA model, each document is modelled as a finite mixture over an underlying

900



set of topics, where each topic is modelled as a mixture over an underlying set of terms (Blei
et al., 2003). Follow-up efforts to extend content-level LDA modelling have been investigated
using different approaches, such as the Author-Conference-Topic (ACT) model (Tang et al.,
2008), correlated topic model (CTM) (Blei & Lafferty, 2006), interactive topic modelling
(Hu, Boyd-Graber, Satinoff, & Smith, 2014), and supervised Latent Dirichlet Allocation
(sLDA) (Mcauliffe & Blei, 2008). Most topic modelling studies explored the relationships
between documents and topics. However, few studies have employed topic modelling
methods to conduct author similarity comparison. The present study explores how topic
modelling-based author relatedness assessment may complement existing methods based on
citation and collaboration-based measures.

Method

Data collection

Elsevier, Inc. has provided a dataset consisting of selected data for 56,620 bibliographic
records from 118 Elsevier Arts & Humanities journals. Initially, the authors explored the use
of all the data, representing many disciplines within the humanities and social sciences.
Outcomes using the author topic modelling approach outlined below resulted in inclusive
topical assignments, likely due to the broad vocabulary represented that resulted in topical
assignments that combined terms from different disciplines. The subset of the data assigned
with Scopus subject classification code 3200, corresponding to “Psychology (all)”, was used
in this study. The Psychology subset represented the most frequent field appearing in the
dataset.

The Psychology subset includes bibliographic records of 26,228 publications written by
63,695 different authors. The authors were identified using the author id field included with
the data. An Author-Topic LDA model (Rosen-Zvi et al., 2010) was trained on the title and
abstract fields of the psychology subset. The number of topics (k) was set to 100 for
exploratory purposes. Other parameters of the model were set as follows: alpha equals 0.5
(50/k), beta equals 0.01 and the number of iterations is 1000. All terms were normalized to
lower case before processing. A standard list of English stop words were removed and Porter
stemming was applied when processing the text. The descriptive statistics of the psychology
subset are provided in Table 1. The document length is measured by the number of word
tokens in the title and abstract after removing stop words (i.e. common words that were
excluded). During the process, we found some authors were listed multiple times in an article
because of their multiple affiliations. This was counted as one occurrence in the study.

Table 1. Descriptive statistics of the psychology subset (title and abstract fields).

Measure Frequency/Value

# of documents 26,228
# of unique authors 63,695
Avg. document length 176.98
Title terms 349,410
Abstract terms 4,292,509

Author topical similarity measure

The author topical similarity measure is adopted from the topic-based author relatedness
measure proposed by Lu and Wolfram (2012). The measure uses the cosine similarity
between Author-Topic vectors from the training results of the Author-Topic modelling as the
topical similarity between authors. Given the topic features of the Author-Topic modelling,
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the author topical similarity measure is able to identify topical similarity even when the terms
do not match. As is the case in any other probabilistic model, the Author-Topic modelling
does not work well for authors with a limited number of publications. To ensure the quality of
the topical similarity measure, we focused on authors with at least 10 publications in the
Psychology subset. Higher cutoff values for the number of papers resulted in smaller numbers
of authors for comparison. The cutoff of 10 papers resulted in 125 authors and 7750 author
pairs. Table 2 provides descriptive statistics of the author topical similarities between the 125
prolific authors in the psychology subset.

Table 2. Descriptive statistics of the author topical similarity values
(author publication count > 10).

Measure Value

# of author pairs 7,750
Mean 0.108
Standard deviation 0.166
Minimum 0.003
Maximum 0.997
Median 0.049

The similarity measures for the 7,750 author pairs were mapped using UCINET 6.0/NetDraw 2.1
network analysis software (https://sites.google.com/site/ucinetsoftware/home; Borgatti, Everett,
& Freeman, 2002) and compared to a co-authorship map for the same authors using the data
from the Elsevier Psychology dataset. The software allows the strength of ties between nodes to
be represented by line thickness. Because each author topical similarity pair had essentially a non-
zero similarity, the mapping of all possible author pairs resulted in an incomprehensible map
filled with edges. Another advantageous feature of the software is that the display of edges may
be controlled using a cutoff value. To allow the stronger relationships to be represented on the
map, a similarity cutoff value of 0.5 was selected. The use of a cutoff value did not remove any
data in the similarity calculation. It affected only the display of edges between author pairs by
removing the edges for author similarity values below the cutoff value. Other cutoff values could
have also been selected based on the strength of similarity sought. The 0.5 cutoff value resulted in
10 of the 125 authors not being included in the generated map. A co-authorship map of the
Psychology authors was also generated from the Elsevier data and served as a comparison for
similarity using a more commonly used measure of author similarity. There were far fewer co-
authorship pairs generated from the dataset resulting in a much larger number of authors being
excluded from the map because there were no collaborations present in the dataset to be
represented in the map. Also, because the 0.5 cutoff value excluded 10 of the 125 authors, the
same 115 authors were included in the co-authorship map. The map for the author topical
similarity pairings and co-authorship relationships were compared visually for common groupings
and differences.

Sampling and other data collection

To explore how the author topical similarity measure compares to other measures of similarity, a
stratified random sample of 30 author pairs that spans the full range of author similarity measures
was compared. Three pairs of authors were selected from each 0.1 similarity level stratum. The
author topical similarity measure for each of these author pairs was compared to more commonly
used similarity assessment measures including co-authorship, co-citation and mutual citations by
the author pairs. The Elsevier dataset did not provide citation data and the authors did not have
access to Elsevier Scopus. Citations between each author and co-citations were collected
manually using Thomson Reuters Web of Science (WoS). Co-authorship data from WoS was also
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incorporated because it included possible additional co-authored publications beyond those
included in the Elsevier dataset. Nonparametric correlation outcomes were calculated for each
measure due to the skewed distribution of the data.

Results

A histogram of the distribution of calculated author topical similarity values appears in Figure 1.
Note that a logarithmic scale is used due to the large number of low similarity values.
Approximately 25.7% of the similarity values exceed 0.1, and only 4.4% are above 0.5, indicating
that high similarity measures may provide good discriminative capacity in distinguishing between
author pairs with high and low levels of relatedness.
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Figure 1. Histogram of calculated author topical similarity values

The UCINET map of the author topical similarity pairings with a 0.5 cutoff value appears in
Figure 2. The node sizes and colours highlight comparable numbers of edges where the author
similarity values are greater than 0.5. One can see that distinctive clusters of author groups are
formed, with two relatively large clusters, a third mid-sized cluster and three smaller clusters
with several authors. The large cluster on the right side of the map reveals an author, “Leino-
Kilpi H.”, who topically serves as a bridge between two parts of the cluster. The topical
connection of this author to others in the cluster is missing in the co-authorship maps below
due to a lack of collaboration evident in the dataset. The largest node with the greatest number
of edges, “Keser H.” near the centre of the large cluster to the left, indicates a high level of
similarity with a large number of surrounding authors, which is also reflected in Figure 4
below.
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Figure 2. Author topical similarity map (similarity cutoff = 0.5).

Figure 3 summarizes the author collaboration map for the Psychology authors. One can
immediately see one drawback of using co-authorship only to assess author relatedness. Fifty-
six of the 125 authors were excluded because they did not collaborate with any of the other
authors in the dataset. Those connections that do exist are much more limited than for the author
topicality similarity outcomes, with two larger clusters and many smaller groups of two to six
authors. The members of the two largest clusters in Figure 3 are almost identical to the two
largest clusters in Figure 2, but represent only a fraction of the authors that appear in the Figure
2 clusters. Only three of the 10 authors excluded in Figure 2 are included in Figure 3, indicating
that these three authors had no topical similarity values above 0.5 with the other authors.
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Figure 3. Co-authorship map for all author pairs

The map in Figure 2 shows relationships only for authors with a topical similarity of greater
than 0.5. Figure 3 does not take into account the topical similarity of authors. Figure 4
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provides the co-authorship map that includes only author pairs with a topical similarity of
greater than 0.5. This eliminates a further 21 authors (77 total) from inclusion on the map. It is
essentially the same map as Figure 3 flipped along the horizontal axis and, but with fewer
edges arising from the removal of the additional authors.

Figure 4. Co-authorship map for author pairs (Author topical similarity cutoff of 0.5)

To examine how the author topical similarity measure correlates to other author relatedness
measures, 30 pairs of authors were randomly selected as described above. Outcomes for the
author topical similarity, co-authorship, mutual author citing and co-citation values were
compared using Spearman’s rho nonparametric correlation coefficients (Table 3). There are
significant, mid-level correlations observed between the author topical similarity measure and
co-authorship for both the Elsevier and WoS data, as well as the mutual citing data for each
author. However, there is not a significant correlation with the co-citation counts from WoS.
Due to the lack of co-authorship observed for the selected author pairs for author topical
similarity values below 0.5, the correlations were also run and included in Table 3 using the 15
similarity values above 0.5 (High) and the 15 values below 0.5 (Low). The positive correlations
remained for high similarity author pairs but were not significant for low similarity author pairs.

Discussion

Outcomes of the author topical similarity measure provide a richer method by which author
relationships may be mapped and assessed. Unlike co-authorship, direct citation and co-
citation networks, where a linkage is created only through collaboration or citation
behaviours. The lack of collaboration or citation does not indicate that there is no relationship
between two authors; it may simply indicate that the research community has not yet
recognized such a relationship. This is most evident when comparing the resulting edges
based on author topical similarity and co-authorship. Even when limited to author topical
similarity values of greater than 0.5, representing only 4.4% of all possible network
connections, the resulting network is rich and demonstrates clusters of author relationships.
The richness of the linkages in the resulting network may also be controlled by setting
different cutoff values for the author topical similarity. The co-authorship map, conversely, is
much sparser and only reveals explicit relationships. The relatively high correlation measure

905



implies that the author topical similarity measure may serve as a good predictor of existing
collaboration. This is more evident for authors with higher topical similarities. Although one
would expect there to be a high correlation between collaborating authors, in the Author-
Topic model each word is generated from each author according to the author's profile,
modelled as a distribution of topics. So, even though collaborating authors tend to be more
similar, they may still be generating different words in the titles and abstracts. Excluding co-
authored papers in these cases for topic modelling may be attempted, but this could result in
less reliable outcomes if the majority of the text on which the models are based is removed.

Table 3. Spearman’s rho correlation outcomes for author relatedness measures

Author Co- Co- A Cites B B Cites A Co-
Topical authorship  authorship WoS WoS citation
Similarity Elsevier WoS WoS

Author All 1 568" 660" 452" 445" 255
Topical High 1 7107 762" 694" 6917 311
Similarity | Low 1 NA NA 141 .099 373
Co- All 1 816" 414 490" 415°
authorship | High 1 812" 5317 607" 573"
Elsevier Low NA NA NA NA NA
Co- All 1 472 374" 336
authorship | High 1 583" 398 492
WoS Low NA NA NA NA
ACitesB | All 1 669" 587"
WoS High 1 8127 505
Low 1 492 728"

B Cites A | All 1 536"
WoS High 1 451
Low 1 650"

Co-citation | All 1
WoS High 1
Low 1

** Correlation is significant at the 0.01 level (2-tailed).
* Correlation is significant at the 0.05 level (2-tailed).

In the absence of existing collaborations, high author similarity values could serve as an
indicator for possible future collaborations. We recognize that the motivations for
collaboration are complex and go beyond authors having similar interests. Collaboration may
also be prompted by the complementary areas of expertise collaborators bring, which would
not be reflected using topic modelling techniques alone. Still, the similarity measure may be
used to identify research “birds of a feather” that may not be evident using similarity
measures based on collaboration or citation data.

In answer to the research questions posed at the beginning of this paper: 1) mapping of author
relatedness based on author topical similarity can reveal a richer network of relationships
between authors not evident through a more traditional relationship assessment based on co-
authorship and can identify topical bridges; 2) co-authorship, co-citation and mutual citation
between authors are significantly correlated, in particular for authors with high topical
similarity, so authors with similar topical interests may be more likely to collaborate or cite
each other; 3) high author topical similarity values can serve as a reasonably accurate
predictor of co-authorship and mutual citation, but not of co-citation activity. The lack of a
significant correlation between author topical similarity and co-citation provides evidence that

906



the topical similarity measure offers a different perspective on author relationships that
complements the more traditional co-citation approach. The significant correlations observed
between the author topicality similarity and other citation and co-authorship measures
indicate that topicality may be a weak to moderately strong predictor of these other more
traditional measures for authors with high topical similarity. This positive correlation between
author topicality and co-authorship is not unexpected given that co-authored publications
would result in more similar topical assignments.

The findings of this study have implications for author relatedness assessment. As the author
topical similarity measure does not depend on collaboration or citation behaviour, it can serve
as an alternative author relatedness measure where there is a lack of collaboration or citation
connections. Even if the collaboration and citation connections exist, the topical similarity
measure can provide complementary evidence of relatedness from the content perspective. In
addition, the significant correlations between author topical similarity and collaboration shed
light on recent developments in predicting and recommending collaborations. Most existing
methods for predicting and recommending collaborations are based on the topological
features of collaboration networks (Yan & Guns, 2014). The level of correlations between
topical similarity and collaboration, particularly for authors with high similarity, provide
strong evidence of including content-based predictors for this problem.

Topic modelling offers the ability to reveal relationships between authors that may not be
evident through more traditional methods of similarity assessment, but it does have its
limitations. The computational overhead associated with topic-based author relatedness
modelling is more substantial than for citation and collaboration-based data. Also there must
be a sufficient body of text to train the topic model and to accurately represent author
relationships; therefore, this method may not be suitable for authors with a more modest
publication record. In this case, analysis using citation-based methods may be more fruitful.
Other limitations arise from the dataset itself. In identifying works attributable to an author,
we have relied on the supplied Scopus author identifier. We recognize that author name
disambiguation, regardless of the method used, may not be 100% accurate. In addition, the
present study has limited itself to data from a single discipline. Furthermore, the dataset itself
was not complete for the discipline of Psychology, but rather a subset. We cannot conclude
that the outcomes for other disciplines will be similar. Outcomes would depend also on the
collaboration traditions and citing behaviours of those disciplines. The computational
overhead and limited ability for topic modelling to be able to produce meaningful topics with
multidisciplinary datasets may limit the application of this approach beyond the disciplinary
level.

Conclusions

Author topical similarity provides a novel way to assess author relatedness that complements
existing methods based on co-authorship, direct citation or co-citation. While other methods
require an existing form of connection based on collaboration or citations, author topical
similarity assesses author relatedness based on the language used by the authors themselves.
The small percentage of author pairs with high similarity values indicates that the measure is
discriminating in the assessment of author relatedness. The present study has demonstrated
how author relatedness based on topic modelling can provide a richer method to assess how
closely related authors’ research contributions are. Although significantly correlated with co-
authorship and direct citation measures, author topical similarity between authors was not
found to be significantly correlated with co-citations, which has been commonly used to
assess author relatedness. Author topical similarity outcomes may serve as a reasonably
accurate predictor of existing collaborations between authors, or an indicator of potential
future collaborators in the absence of existing collaboration. Future research may investigate
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how author topical similarity measures compare to other existing author relatedness measures
for other disciplinary areas including the humanities and sciences, where collaboration and
citation patterns may differ.
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