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S ABSTRACT
(@) Scholarly data is growing continuously containing information about the articles from a plethora
o of venues including conferences, journals, etc. Many initiatives have been taken to make scholarl
- g J y y
— data available in the form of Knowledge Graphs (KGs). These efforts to standardize these data
o and make them accessible have also led to many challenges such as exploration of scholarly arti-
[Q\| cles, ambiguous authors, etc. This study more specifically targets the problem of Author Name
(Q\| Disambiguation (AND) on Scholarly KGs and presents a novel framework, Literally Author Name
g y P y
5 Disambiguation (LAND), which utilizes Knowledge Graph Embeddings (KGEs) using multimodal
 —_— literal information generated from these KGs. This framework is based on three components: 1)
>< Multimodal KGEs, 2) A blocking procedure, and finally, 3) Hierarchical Agglomerative Cluster-
B ing. Extensive experiments have been conducted on two newly created KGs: (i) KG containing

information from Scientometrics Journal from 1978 onwards (OC-782K), and (ii) a KG extracted
from a well-known benchmark for AND provided by AMiner (AMiner-534K). The results show
that our proposed architecture outperforms our baselines of 8-14% in terms of F; score and shows
competitive performances on a challenging benchmark such as AMiner. The code and the datasets are
publicly available through Github (https://github.com/sntcristian/and-kge) and Zenodo
(https://doi.org/10.5281/zenodo .6309855) respectively.

Keywords Author Name Disambiguation - Bibliographic Data - Citation Data - Clustering - Knowledge Graph
Embeddings - Open Citations.

1 Introduction

Data available in Scholarly Knowledge Graphs (SKGs) —i.e., “a graph of data intended to accumulate and convey
knowledge of the real world, whose nodes represent entities of interest and whose edges represent potentially different
relations between these entities” |Hogan et al.| [2021] — is growing continuously every day, leading to a plethora of
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challenges concerning, for instance, article exploration and visualization in [Liu et al.|[2018], article recommendation in
Beel et al.|[2016], citation recommendation in Firber and Jatowt| [2020], and Author Name Disambiguation (AND) (see
Sanyal et al.| [2021]] for a survey), which is relevant for the purposes of the present article. In particular, AND refers to
a specific task of entity resolution which aims at resolving author mentions in bibliographic references to real-world
people.

Author persistent identifiers, such as ORCIDs and VIAFs, simplify the AND activity since such identifiers can be
used for reconciling entities defined as different objects and representing the same real-world person. However, the
availability of such persistent identifiers in SKGs — such as OpenCitations (OC) |Peroni and Shotton| [2020], AMiner
Wan et al.| [2019] and Microsoft Academic Knowledge Graph (MAKG) Farber [2019] — is characterized by very low
coverage and, as such, additional and computationally-oriented techniques must be adopted to identify different authors
as the same person.

In the past, many approaches have been developed to automatically address AND by using publications metadata (e.g.,
title, abstract, keywords, venue, affiliation, etc.) to extract features that can be used in the disambiguation task. These
methods vary widely from supervised learning methods to unsupervised learning including recently developed deep
neural network-based architectures. However, the existing SKGs do not provide all the relevant contextual information
necessary to effectively and efficiently reuse those approaches, which often rely on pure textual data.

This issue is represented by the fact that only a few bibliographic databases provide extensive access to full bibliographic
metadata, including abstracts, keywords and uniquely identified affiliations (e.g. with ROR ID, upon which many
current AND approaches heavily rely. As witnessed by the rise of Open Access initiatives such as the Initiative 4
Open Abstracts (I40, the availability of textual metadata such as abstracts, which are used by many machine
learning approaches for bibliometric studies (including AND)), is limited. As an example, in June 2020, on Crossref,
a non-profit DOI registration agency that openly provides high-quality metadata from most international publishers,
only 8% of journal articles had an abstract. This is of course a challenge posed by the infrastructure involved in
the provision of SKGs, such as OpenCitations, which usually collect these metadata from heterogeneous and openly
available bibliographic databases.

In contrast to many current approaches, this study focuses on performing AND for scholarly data represented as linked
data or included in SKGs, by considering the multi-modal information available in such collections, i.e., the structural
information consisting of entities (e.g., authors, publications, venues and affiliations) and relations between them as
well as text or numeric values associated with the authors and publications defined in the form of literals (family name,
given name, publication title, venue title, year of publication). In order to take into account discriminative features, such
as abstracts and keywords, we present a novel approach which models structural information encoded in the SKG and
exploits the semantics conveyed by potential literals to refine the structural representations.

The proposed framework to address this task is named Literally Author Name Disambiguation (LAND), which focuses
on tackling the following research questions:

* Can Knowledge Graph Embeddings (KGEs) —i.e. a technique that enables the creation of a “dense representa-
tion of the graph in a continuous, low-dimensional vector space that can then be used for machine learning
tasks” |Gesese et al.|[2021al] — be used effectively for the downstream task of clustering, more specifically for
author name disambiguation?

* Does the information present in attributive triples (i.e. titles, publication dates, etc.) in existing SKGs enhance
the aforementioned representations for AND?

The goal of this article is to provide a representation learning method for extracting entity features from SKGs which do
not require any labeled training data. To this end, LAND uses semantic matching models which incorporate literal
information, namely LiteralE [Kristiadi et al.|[2019]], to extract author-related features which can adapt to the sparsity of
metadata in SKGs. LAND further makes use of KGEs along with Hierarchical Agglomerative Clustering (HAC) and
Blocking (for a survey see|Backes [2018]]) in order to obtain final clusters of authors from the dense representations
learned directly from the SKGs.

The rest of the article is organized as follows. Section[2]discusses the related studies in the field. Section [3introduces the
SKGs created for conducting our experiments. Section 4] details the proposed framework, while Section [5|documents
the conducted experiments and the achieved results. Finally, Section [6] provides a summary of the work and gives some
future perspectives.
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2 Related Work

This section describes the studies related to author name disambiguation which are further divided into supervised
learning approaches, unsupervised learning, graph-based approaches. It also details the studies using KGEs for scholarly
data.

2.1 Author Name Disambiguation

Generally, name disambiguation, also called entity resolution, is the task of removing duplicates from large noisy
databases. This task is affected by ambiguity itself, due to the multiple names which are used to refer to it in database
theory: record linkage, deduplication, data matching, instance matching, and data linkage. A first definition of it was
provided by Dunn|[[1946]], in which record linkage is defined as the process of collecting pieces of information which
refer to the same individual into one single unit. Later, Fellegi and Sunter| [|[1969] provided a mathematical modelling of
the problem.

The relevance of name disambiguation is related to the fact that it is required in many scientific domains: not only
statistics but also political sciences and social sciences, medicine and epidemiology, demographic and human rights
statistics, bibliometric and scientometric analysis. For a recent interdesciplinary survey please refer to Binette and
Steorts| [2022]. In general, the problem of entity resolution can be tackled via two distinct approaches: either clustering
records according to the real-world entity to which they belong, or identifying coreferent record pairs.

Author Name Disambiguation (AND) is a subcategory of the name disambiguation task, concerned with the resolution
of records inside scholarly databases. In|Ferreira et al.|[2012]], the authors classify the existing AND approach into two
categories, i.e., author assignment and author grouping. The author assignment approach directly assigns a label to
every item corresponding to a real-world author. This approach is often difficult to implement since it requires the actual
list of authors to be mapped to specific classes a priori. The second method, author grouping, consists in clustering
the entries corresponding to authors via a similarity function which should produce output groups associated with
real-world entities. Author grouping may not require the number of authors to be known a priori and is consequently
easier to implement in most cases.

Moreover, in the aforementioned survey, the authors classify the evidence used according to three categories: 1)
web information (e.g., information extracted from web pages), 2) citation information (i.e. metadata associated with
publications), and 3) implicit evidence, such as topic modeling or graph embeddings. Additionally, a common strategy
in AND is to initially group author entries into subsets by looking at name compatibility, e.g., authors carrying the same
last name are grouped and disambiguation is performed within each group. This activity is carried out to reduce the
number of pairwise comparisons required by the task and is termed as Blocking (for details see Backes|[2018]]). One
of the simplest and most common approaches is to group authors by looking at the full last name and the first initial
(hereafter, LN-FI) of the given name, therefore called LN-FI blocking.

2.1.1 Supervised Learning Approaches

These approaches take into consideration several features extracted from scholarly metadata, such as publications’ title
words, keywords, coauthors, venues, etc., and a classifier is trained with labeled data pairs to estimate if a given pair of
publications belong to the same author or not. One of the seminal works in supervised AND is Author-ity, presented
in Torvik and Smalheiser| [2009]. Author-ity makes use of LN-FI blocking to preliminarily split publications related
to ambiguous author names into blocks; then, given a pair of publications p;, p2 corresponding to two author name
instances s1, so respectively in a block, it constructs a multidimensional similarity profile x(p1, p2), based on title,
journal name, co-author names, MeSH, language, affiliation, email, and other name attributes. The similarity profile is
the input feature of a classifier trained with Bayesian learning to estimate the probability of 2:(p1, p2), given that pq, po
are written by the same author or not. In the end, a maximum-likelihood-based agglomerative clustering is used in
order to group publications.

Another approach that makes use of supervised learning is BEARD, presented in [Louppe et al.|[2016]]. This method
adopts a phonetic-based blocking strategy to preliminarily group authors into blocks by looking at the phonetic
representation of the normalized surname (e.g., “van der Waals, J. D." to “Waals, J. D.”). Moreover, it associates a set
of features to each pair of author instances that are designed to be sensitive to the ethnic group of the authors. Then, a
classifier is trained on annotated data to learn a pairwise distance function using tree-based methods (i.e. Random Forest
(RF) and Gradient Boosted Trees (GBT)). Finally, author references are grouped using hierarchical agglomerative
clustering. The novelty of this method is to introduce for the first time ethnicity-sensitive features to make author
name disambiguation sensitive to the actual origin of the authors. However, the authors state that the impact of the
phonetic-based blocking strategy is not adequately addressed.
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In Tran et al.|[2014], a Deep Neural Network (DNN) is used to learn distinctive features for author disambiguation. By
using labeled pairs of publications related to an ambiguous author name, the neural network is trained to calculate the
posterior probability of the internal features, given basic features as input, such as the Jaccard distance between author
name, co-authors list, affiliation, keywords, and author interest keyword.

In Kim et al.| [2019], the authors exploit structure-based features, consisting of word embeddings modeling publications’
metadata using Term Frequency-Inverse Document Frequency (TF-IDF), to train four distinct architectures, a Support
Vector Machine (SVM), an RF, a GBT, and a DNN. These architectures are trained to determine whether a pair of
publications is related to the same author or not.

2.1.2 Unsupervised Learning Approaches

Due to the fact that human annotation of training data is a time-consuming task for digital libraries, many unsupervised
approaches have been devised for AND. One of the seminal works in unsupervised methods was presented in|Cota et al.
[2010]], where the authors propose an unsupervised heuristic-based AND approach. In their approach, publications
related to an ambiguous name are clustered together based on shared coauthors. Subsequently, the fragmented clusters
are linked together based on the cosine similarity between TF-IDF vectors of potentially weak features such as title
and publication venue. However, the drawbacks of this approach are mainly due to the fact that TF-IDF vectors do not
capture efficiently similarity between titles. Due to this reason, this method heavily relies on coauthorship information.
This may lead to false positives and data segmentation, especially when an author does not have the same set of
coauthors across multiple works.

Similar to|Cota et al.|[2010], the methodology presented |Liu et al.|[2015]] consists of an incremental clustering approach
where the authors rely on coauthorship information to create fragmented clusters, which are later merged by using
similarity in title and publication venue. More specifically, in the first step, coauthorship-based clusters are created by
using the Floyd-Warshall algorithm; then, in the second step, clusters are merged by using cosine similarity between
publication titles; in the last step relations between authors and venues are captured by using Latent Semantic Analysis
(LSA) to further merge fragmented clusters.

In|Caron and van Eck|[2014]], the authors adopt a predefined set of rules for scoring author similarity by taking into
consideration several metadata attributes of a pair of publications: for example, if one paper cites the other it gets a
score of 10. If the overall score of a pair of publications is above a certain threshold, the two publications are considered
as belonging to the same author. The results obtained after pairwise comparison are then aggregated using HAC. For
its simplicity and interpretability, this method was recently adopted effectively in|Firber and Ao|[2022]] to perform
large-scale author name disambiguation on MAKG |[Farber] [2019]. However, despite its scalability, this method does
not take into account higher-order relations between entities in a dataset, such as a coauthorship and citation patterns,
since it only takes into account the amount of shared information between the metadata of the publications. Moreover,
the use of predefined rules might not be effective for author name disambiguation on datasets affected by data sparsity
and therefore might not be flexible to different domains and data sources.

Recently in/Waqas and Qadir][2021]], a heuristic-based clustering framework was proposed to combine the information
coming from structure-based features (e.g. metadata such as title, coauthor names, venues, etc.) with global features,
which are distributional representations obtained using word embeddings, to perform AND in a multi-step algorithm.
Similar to other studies, the authors create initial clusters by using more discriminative features, such as co-authors,
author affiliation, and author email. In order to compare the information present in the structure-based features, the
authors apply several heuristic rules which vary with respect to the information considered. In the subsequent step,
the algorithm merges the obtained clusters by using similarity between word embeddings extracted from the stemmed
words in titles, abstracts, and keywords. In the end, the authors use venues and publication dates to merge together
unwanted split clusters. As for other heuristic-based methods, this approach does not capture higher-order relations
between publications, such as citation networks; moreover, the use of a multi-layer approach does not allow to improve
precision as further information is considered, such that coming from titles and venues, which is only used to merge
wrongly split clusters.

2.1.3 Graph-based Approaches

In|Fan et al.|[2011]], a graph-based method called GHOST is exploited to cluster publications using graph components.
In this method, a co-authorship graph is constructed for each instance s related to a queried author name by collapsing
all the co-authors with same name into one single node. The resulting graph contains all authors which are co-authors
with s and all authors which have co-authored a paper with the co-authors of s. Then, the similarity between two
instances of s is computed based on the number of valid paths and affinity propagation is used to group nodes into
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clusters. However, this method does not work for single-author papers, and information contained in other metadata
(e.g. publication titles, abstracts, or keywords) is not considered.

In|[Km et al.|[2020]], the authors present a graph-based approach where two graphs are combined together, a person-
person graph obtained by connecting papers with shared coauthors, and a document-document graph which models
similarity between publications’ content. The document-document graph is obtained by first modeling abstract keywords
with TF-IDF vectors and by drawing an edge between two nodes of the graphs when their similarity is higher than a
selected threshold; subsequently, this graph is pruned by removing connections between papers whose shared referenced
works are below a certain threshold. Then the person-person and the document-document graphs are merged together
and the connected components of the combined graph represent the final authors. This graph-based model takes into
account citation information from the two papers, however, the construction of the person-person graph might produce
false split clusters in datasets from the humanities domain, where the same coauthors might not appear in many papers.

Graph Embedding based Approaches Recently, graph embeddings on heterogeneous and non-heterogeneous
graphs have been implemented to solve the AND problem. In|Zhang and Al Hasan| [2017]], the authors propose an
AND approach that works on anonymized graphs by using relational information learned via network embeddings.
This method constructs three local graphs for a candidate set of documents: a person-person graph representing a
collaboration between authors, a person-document graph representing the association between authors and bibliographic
records, and a document-document similarity graph based on co-authorship relations. A representation learning model
is proposed to embed the nodes of these graphs into a shared low-dimensional space by optimizing a joint objective
function based on the pairwise ranking of similarity. The final results are generated by HAC. This method proposes a
new representation learning framework that is particularly suited for downstream clustering tasks. However, since this
approach is designed for anonymized graphs, it does not take into consideration many attributes of nodes instead it
considers co-author sharing for computing document similarity.

A network learning algorithm that models different types of relationships among publications, called Diting is proposed
in|Peng et al.|[2019]. This approach first builds different weighted networks for each paper belonging to an ambiguous
name, where each weighted network represents the similarity of the publications in a candidate set with respect to a
selected feature, such as title, coauthor, organization, venue, etc. Then, network embeddings are learned by maximizing
the gap between similar nodes and dissimilar ones, and graph coarsening is used to reduce the number of nodes. Final
authors are obtained by using HDBSCAN and Affinity Propagation (AP) to cluster the node embeddings. In the same
paper, the authors propose a semi-supervised version of their method, called Diting++, which makes use of information
available on the web to refine the final author’s clusters.

In|Zhang et al.|[2018]], the authors propose an AND method based on three components: a global learning module
which creates embedding representations for each document by leveraging structure-based features, a local-linkage
learning framework which exploits shared information to refine the embeddings related to an ambiguous name a,
and a Recurrent Neural Network (RNN) which estimates the number of clusters for each ambiguous name a. In the
global learning step, the authors refine structure-based features obtained from the metadata about the publication by
using labeled triplet samples. In the second step, these global features are refined after modeling the candidate set of
publications related to an ambiguous author name in a weighted network and by using a graph autoencoder to learn
node embeddings. The final partition of the candidate set is obtained by using HAC. Despite the high performance of
this model, its reproducibility is hindered by the fact that it requires labelled samples and complex feature engineering,
which can make the approach not flexible to data sparsity.

In|Zhang et al.| [2019], a simple graph embedding method based on Random Walk and Skip-Gram Mikolov et al.
[2013] is proposed to perform AND on co-authorship networks. |Qiao et al.|[2019] presents an AND methodology for
heterogeneous weighted graphs. In this method, publications are represented in vector space by using Doc2Vec Le and
Mikolov| [2014]); then, publication embeddings are refined by using information from a heterogeneous network that
links publications based on different weighted relations (e.g., CoTitle, CoVenue, CoAuthor). The information from this
network is used to refine the Doc2Vec embeddings by using a Heterogeneous Graph Convolutional Neural Network
(HGCNN).

In Wang et al.| [2020]], an author disambiguation algorithm for heterogeneous information networks is presented. In
heterogeneous information networks, relations between scholarly works, authors, and other entities are modelled with
nodes and relations of different types. In their method, the authors model the content of the article coming from literary
attributes such as titles and abstracts with Doc2Vec, in order to create a document embedding for each paper; moreover,
they encode the heterogeneous information network of scholarly publications into node embeddings by using Node2Vec
Grover and Leskovec|[2016]. The novelty of their method consists in using Generative Adversarial Networks (GANs)
to mutually exploit the information coming from document embeddings and node embeddings. By evaluating their
method on the AMiner benchmark [Zhang et al.|[2018], they outperformed the best model by +5.13% in Macro-F; score.
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In their paper, the authors also test the approach on a SKG called Ace-KG, however, the lack of a source code makes it
difficult to reproduce this methodology on other datasets.

Pooja et al.|[2021]] proposes an unsupervised graph embedding method to solve the AND task which exploits similarities
between publications on two different dimensions: on the content level (e.g. title, abstract, keywords, references) and
on the coauthor level. In order to do so, they use two different variational graph autoencoders and neural fusion to
combine multiple representations.

In|Chen et al.|[2021]], the authors propose an author disambiguation algorithm based on Graph Convolutional Networks
(GCNs) which takes into account attribute features as well as relation information. In their method, they first build
three graphs: a paper-paper, a person-person and a paper-person graphs, which are then fed to a specialized GCN that
outputs hybrid representation. The authors show that their method performs in a competitive way on multiple datasets,
including AMiner Zhang et al.|[2018]].

A detailed comparison of different graph embedding models, along with the information used and the respective
performances on different benchmark datasets is presented in Tuble[I] As shown in the table, the majority of these
methods do not apply representation learning directly on graphs but they preliminary require feature engineering to
measure the relatedness of a pair of publications. Moreover, only Chen et al.|[2021], Wang et al.|[2020], and Zhang and;
Al Hasan|[2017]] are tested on a scenario where few publication attributes are used (only titles, coauthors, venue, and
affiliation) and other textual information, like abstracts, is not considered.

2.2 Knowledge Graph Embeddings and Scholarly Data

Few studies have been made recently on the use of KGEs with an application on scholarly linked data. In Mai et al.
[2018]], an entity retrieval system for the scholarly domain was proposed, combining information coming from textual
embeddings and structural embeddings trained from the KG IOS Press LD Connect’} In this paper, the authors evaluate
the quality of low-dimensional representations of papers and entities (i.e. authors, organizations, etc.) by extracting
two benchmark datasets: 1) a benchmark dataset collected from Semantic Scholar in order to evaluate the semantic
similarity of papers, and 2) a second benchmark dataset extracted from DBLP used in order to evaluate co-authorship
recommendations based on KGEs. The authors extract paragraph vectors for representing papers’ content by using
Doc2Vec and train TransE [Bordes et al.| [2013]] for extracting embeddings of entities in the SKG of IOS LD Connect.
In order to build the entity retrieval model, a logistic regression model which takes as input features both paragraph
vectors and structural embeddings. It is trained on a dataset of similar papers automatically collected from Semantic
Scholar. Reported results show that KGEs do not have a significant impact on paper similarity classification, whether
textual embeddings alone achieve robust results. As a second step, a co-author inference evaluation is carried out by
using a benchmark dataset extracted from DBLP to demonstrate the ability of TransE for predicting coauthorship links
based on the observed triples.

In|Nayyeri et al.|[2020]], embeddings have been used to generate coauthorship recommendations on SKGs. One of
the aims of this work is to propose a novel approach for training KGE models on SKGs where 1-to-N, N-to-1, and
N-to-N relations are frequent (i.e. authorship relations or citation links). In order to address this issue, the authors
present a reimplementation of TransE Bordes et al.|[2013]] and RotatE Sun et al. [2019]] by using a newly proposed loss
function optimized for many-to-many relations, i.e. Soft Margin (SM) loss. The results of their study show how the
models equipped with SM loss outperform the original models. The novelty of this study is to propose a loss function
that mitigates the adverse effects of false-negative sampling and to investigate the use of KGEs for co-authorship
suggestions.

3 Creation of the Scholarly KGs

This section introduces the benchmark datasets OC-782K and AMiner-534K which are created for evaluating the
LAND framework. OC-782K is a subset of the Scientometrics Knowledge Graph available from Massaril [2021]],
which is built in compliance with the OpenCitations Data Model (OCDM) |Daquino et al.|[2020]. On the other hand,
AMiner-534K is a KG generated from a well-established benchmark datase{’|for AND made available by AMiner in
the AND paper|Zhang et al.|[2018]]. The two KGs are available on Zenod(f] at|Santini et al.|[2021] in order to allow the
reproducibility of the studies herein described.

*http://1d.iospress.nl/
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Figure 1: A Graffoo diagram [Falco et al.|[2014] describing the data Model used for OC-782K.

Table 2: The number of entities and triples in OC-782K.

Object triples | Textual triples | Numeric triples | Entities
620,321 104,621 56,975 293,186

3.1 The OC-782K Knowledge Graph

In this paper, the Scientometrics KG from |[Massari| [2021] is referred to as Scientometrics-OC. This publicly available
KG contains bibliographic information about the articles published by the journal Scientometrics®|from 1978 to the
present, along with bibliographic information of all the academic works cited by the articles published by that journal.
The dataset named OC-782K is created from Scientometrics-OC by modeling entities related to authors, publications,
and venues with different data models suited for the task of AND.

This data model contains three types of entities: fabio:Expression, which represents articles, books, conference
papers, and other academic works, fabio: Journal for representing journal venues (if the related fabio:Expression
is a journal article), and authors which are described as foaf : Agent. The data model is an abstraction of the OCDM
Daquino et al.|[2020] and is created for two reasons: i) for collecting triples only related to the entities of interest (e.g.
bibliographic resources, venues, and authors), ii) create an abstract representation of Scientometrics-OC in order to
perform representation learning more efficiently. The data model of OC-782K is represented in Figure [I]

OC-782K is extracted from Scientometrics-OC by first collecting information about the bibliographic resources with at
least a title and an author. Then, the publication dates and journal venues of these works (if available) were collected. A
foaf :knows relation is added between two authors who have co-authored the same work, and the relation between two
bibliographic resources, a citing expression and a cited one, is represented with the cito:cites relation. Attributive
triples were extracted along with triples connecting different entities by following part of the guidelines presented in
Gesese et al.|[2021D]].

The dataset consists of 781,917 triples, with 620,321 structural triples (i.e. triples with object relations). In the original
Scientometrics-OC, while duplicate bibliographic resources and journals were merged by using the DOIs associated
with each article, authors are not disambiguated (i.e., there is one author for each dcterms: creator relation.) Statistics
of the dataset are reported in Table [2|and Table

®https://wuw.springer.com/journal/11192

Table 3: The number of entities and relations is counted by type in OC-782K.

Entities Relations
Publications | Venues | Authors | dc:creator | foaf:knows | cito:cites | frbr:partOf
57,266 47,355 | 188,565 | 188,565 253,942 128,738 49,076



https://www.springer.com/journal/11192

LAND - Literally Author Name Disambiguation

fabio:Journal ¢ dcterms:title--[:i‘ rdfs:Literal /

frbr:gartOf

dcterms:title

foaf:Organization

schema:affiliation

fabio:Expression dcterms:creator »| foaf:Agent

prism:publicationDate

" xsd:date or xsd:gYearMonth or xsd:gYear -

Prefixes
cito: http://purl.org/spar/cito/
dcterms:  http://purl.org/dc/terms/
fabio: http://purl.org/spar/fabio/
foaf: http://xmlns.com/foaf/0.1/

frbr: http://purl.org/vocab/frbr/core#

prism: http://prismstandard.org/namespaces/basic/2.0/
rdfs: http://www.w3.0rg/2000/01/rdf-schema#
schema: https://schema.org/

xsd: http://www.w3.0org/2001/XMLSchema#

Figure 2: A Graffoo diagram [Falco et al.|[2014] describing the data model used for AMiner-534K.

Table 4: The number of entities and triples in AMiner-534K.

Entities
179,377

Numeric triples
35,021

Object triples
428,473

Textual triples
70,046

3.2 The AMiner-534K Knowledge Graph

In order to evaluate the generalizability of the proposed approach on a different dataset, a second scholarly KG named
AMiner-534K is extracted from the AMiner AND benchmark dataset introduced in Zhang et al.| [2018]]. The AMiner
benchmark for AND contains a sub-set of publications from AMiner and sampled from 100 ambiguous Asian names.
This dataset contains the following information for each scholarly article: title, publication date, venue, keywords,
authors, and affiliations. The AMiner-534K KG is created by extending the data model of OC-782K with the additional
author affiliation information (using the property schema:affiliation). A representation of the data model is
available in Figure[2] However, for AMiner-534K the cito:cites and the foaf : knows properties are absent since
these properties are not present in the original benchmark.

Moreover, we did not add abstracts and keywords, even though they are present in the benchmark Zhang et al.|[2018]].
This is due to the fact that this information is often not given in many of the available scholarly datasets and using this
information to train a model may lead to results which are not reproducible on datasets not as rich as the benchmark in
Zhang et al|[2018]. Statistics of the dataset are reported in Table[d] and Table 3]

4 Literally Author Name Disambiguation (LAND)

In this section, the different components of the proposed framework, Literally Author Name Disambiguation (LAND),
are described in detail. Figure[d|shows the overall architecture of the approach which is based on three main components:

* Multimodal KG Embeddings. This strategy is aimed at learning representative features of entities and

relations in a KG by taking into account the structure of the graph itself along with the semantics contained in
the literal about these entities (e.g., titles of academic works or publication dates).

Table 5: The number of entities and relations is counted by type in AMiner-534K.

Entities
Publications | Venues | Authors | Organizations
35,023 5,889 | 110,837 27,628
Relations
dc:creator | schema:affiliation frbr:partOf
197,249 196,201 35,023
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Figure 3: The overview of the LAND architecture

* Blocking. This strategy is used to reduce the number of pairwise comparisons required by the AND task by
initially grouping authors into blocks characterized by name similarity, so that disambiguation is carried within
each block. LAND uses a rather simple but effective blocking strategy called LN-FI blocking.

* Clustering. Hierarchical Agglomerative Clustering (HAC) is used to group the embeddings associated with
each author to be disambiguated into k-clusters by using a vector-based similarity measure (e.g., cosine) along
with a distance threshold.

The output of these components is then used for refining the original KG. In the following, each of these components is
discussed in detail.

4.1 Multimodal Knowledge Graph Embeddings

The first step of the LAND framework is to learn the latent representation of the KGs described in Section[3|including the
representations of the authors. To this end, the Multimodal KGEs component of LAND is designed to learn embeddings
of entities and relationships in a KG by combining the structural information and literal associated with the entities
such as a string or a date value. LAND adopts LiteralE Kristiadi et al.| [2019] embedding model in this component to
learn the KGE:s. It incorporates literal information into entity representations by using a learnable mapping function
where the literals can either be numeric or text.

More specifically, LiteralE is a multimodal extension of semantic matching models for learning KGEs, such as DistMult
Yang et al.[[2015]). DistMult scores each triple in the KG with a simple bilinear transformation f(h,r,t) = h” diag(r)t.
The representations are then learned during a training phase which is aimed to maximize the score of existing triples
in the KG and by minimizing the score of non-existing triples, i.e. negative examples. Meanwhile, LiteralE aims to
modify the scoring function f by using for the head % and tail ¢ entities of each triple hybrid representations which
combine the information coming from the entities’ relations with the information coming from their literal values. At
the core of this method is the mapping function ¢ : R" x R¢ — R" which takes as input an entity embedding e € R"
and a literal vector 1 € R? and maps them to a new embedding of the same dimension as the entity embedding.

LAND makes use of SPECTER |Cohan et al.|[2020], a pre-trained BERT Devlin et al.|[2019] language model for
scientific documents in order to encode the textual attributes of the entities (e.g., publication titles) in the vector space
R? before incorporating them into entity vectors with the g function. Each title in our scholarly KG is mapped to a
768-dimensional sentence embedding by utilizing this model. Meanwhile, the numeric datatypes such as xsd:gYear are
converted to a literal vector as described in LiteralE.

In this study, the following two varieties of the DistMultLiteralE model are used and compared against their correspond-
ing base (unimodal) model DistMult.

e LAND-g;;,,. This architecture incorporates textual embeddings extracted from the titles of the entities
(scholarly articles) into their representations by means of a linear transformation defined as follows:

Jlin (ev l) = W[e7 l]a

where e € R" is the vector associated to the ith entity in a KG, 1 € R? is the title embedding, W € R(h.d+h)
is a linear transformation matrix and [e,1] € R("+4) is the concatenation vector of the entity embedding e and
the literal embedding 1. With this operation, the entity vector is combined with the textual vector encoded by
SPECTER into a multi-modal representation of the same dimensionality of the original entity representation e.

10
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* LAND-g,,,. The goal here is to leverage both text (titles) and numeric literals (publication dates). This
architecture combines the information coming from numeric and textual literals into the entity representations
by means of a Gated Recurrent Unit (GRU), defined as follows:

ggru(€,l,n) =zoh+(1—2z)oe
z=0(W,.e+W_14+W_,n+ b)
h = h(Wy,[e,1,n]),

where o is the element-wise multiplication, o(-) is the sigmoid function, W,. € R W, €
RWh+d) W_ ¢ RM and W), € RUh+d+1) are linear transformation matrices, b is a bias vector, h(-)
is a component-wise nonlinearity (e.g. the hyperbolic tangent) and [e, 1, n] is the concatenation of the entity
vector, the textual vector and the numeric literal value. With this operation, the entity vector is combined with
the textual vector and the numeric literal associated to the publication date into a multi-modal representation
of the same dimensionality of the original entity vector e.

Finally, after having each model trained on a given KG, every author A’s embedding E is modified by concatenating it
with the embedding D of the document D (i.e. scholarly article) associated to the author A, in order to obtain feature
F where F = E + D. This is carried out to reflect both the structural information of the two entities (the author and
the document) and the literal information present in the document attributes (i.e. title and publication date) in the
embedding of the author.

4.2 Blocking and Clustering

Blocking is a strategy that is widely used in AND systems. The idea is to split the set of features F' related to authors
into separate groups, also called blocks denoted by Fy, , Fy,, ..., Fp,, each one associated with an ambiguous name, so
that AND is carried out independently within these blocks. LAND uses the common LN-FI blocking, which divides the
set of author features into blocks by looking at the full last name and the first initial of the given name of each author.
This blocking technique is chosen since it’s computationally less expensive than other blocking approaches which are
based on distance measures or string normalization and it’s also compliant with the way publishers often mention author
names in the metadata of the publications.

The clustering algorithm in LAND helps in grouping together the author features in each block F}, into k-clusters
{C1, ...Cy} where all the features in C;, where j = 1, ..., k, ideally belong to the same real-world author. HAC [Ward
[1963] is used which builds clusters of features in a bottom-up manner. The approach conceives each embedding in a
block as a singleton cluster and works by iteratively merging the two most similar clusters until all features have been
merged in one final cluster.

Even though it has been studied that HAC suffers from scalability issues in|On et al.|[2012]], we decided to adopt this
clustering method for two main reasons: (i) for its simplicity; (ii) for the fact that it is the most common clustering
method used by graph embedding AND approaches (see Section[2.1.3)) and allows us to compare LAND with other
methods tested on the AMiner benchmark, such asZhang and Al Hasan|[2017]],|Zhang et al.|[2018]],|Wang et al.|[2020],
Pooja et al.|[2021]] and |Chen et al.|[2021].

In our implementation of HAC, similarity among clusters is computed with a single linkage strategy which, at each step,
merges the clusters whose two closest members have the smallest distance, based on cosine similarity. In order to get
the final clusters, a threshold on the maximum distance is defined and clusters above this threshold are considered to be
corresponding to different authors. The threshold is defined globally over all the blocks by testing different values over
the evaluation blocks, more details are provided in Section

5 Experimental Results

This section discusses the empirical evaluation of the LAND framework. It first shows how the ground truth is generated
for the task of AND, then it presents the achieved experimental results of LAND on the newly generated dataset
OC-782K and on a KG extracted from a widely used AND benchmark, i.e. AMiner-534K (refer to Section 3] for more
details). In addition, an error analysis is carried out for the results on OC-782K.

5.1 Generation of the Ground Truth

In order to obtain the ground truth for testing LAND on OC-782K, a list of (author, ORCIDiD) pairs is extracted.
This is performed for the purpose of having an evaluation dataset of scholarly articles labeled with a unique identifier

11
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Table 6: 10 largest blocks on OC-782K evaluation dataset

Name # of records
Liu W 28
Park H 27
Wang X 27
KimJ 23
Zhang L 15
Zhou'Y 14
Cabanac G 13
Cai X 12
Kong X 12
Wang J 12

Table 7: 10 largest blocks on AMiner-534K evaluation dataset

Name # of records

Lei Song 879
Yun Zhou 834
Jia Xu 780
Lin Huang 749
Song Chen 744
Ping Sun 742
JYu 726
Yang Shen 700
Xu Xu 699

Jie Jian 689

associated with their real-world authors. In order to handle the unbalance in the dataset, only those authors whose last
name and first initial are associated with at least two different ORCID iDs are considered. The final evaluation dataset
contains 630 bibliographic works organized into 184 blocks and 497 different ORCID iDs. Sizes of the largest blocks
in this ground-truth are reported in Table|[6]

For measuring the generalizability of the proposed approach, another manually-labeled benchmark dataset is used, i.e.,
AMiner-534K. This evaluation dataset is larger than the one extracted for OC-782K, with 35,023 scholarly articles and
6,395 unique authors. As for the previous dataset, each ambiguous name is considered a block, and disambiguation is
performed within each block. This evaluation dataset contains 35,129 records divided for 100 ambiguous Asian names.
In this dataset, disambiguation is carried independently for each ambiguous name. Sizes of the largest blocks in this
ground-truth are reported in Table[7}

5.2 Experimental Setup and Ablation Study

The performance of LAND is evaluated based on three variants of the KGE models: LAND, LAND-g;;,,, and LAND-
9gru- The first variant consists of a unimodal KGE model, i.e. DistMult, which only considers the structural relations
between entities in the KG, and no literal (e.g., text or publication dates) is considered. The second variant LAND-
Jiin incorporates titles of papers into the embeddings modeled by DistMult by learning the parameters of a linear
transformation. The third variant LAND-g,,.,, uses numeric attributes of the nodes (e.g., publication dates) along with
titles and it incorporates them into entity representations by using a GRU function|Cho et al.|[2014]]. The implementation
of the multimodal KGE models is made compatible with PyKEEN (v.1.4.0) |Ali et al.|[2021]]. The source code of
different variants as discussed previously is available on Githutﬂ The KGE models are trained and evaluated using
Colab Pro notebooks with ~ 24GB of RAM and Nvidia Tesla T4/K80 GPUs.

Two major tasks are involved in these experiments, i.e., i) an evaluation of LAND against a candidate set of authors
associated with an ORCID iD in OC-782K and ii) a generalizability analysis of LAND on the benchmark dataset
provided by AMiner in [Zhang et al.| [2018]], where LAND is compared to the SOTA models surveyed in Section [2}
Inspired by [Zhang et al.|[2018]], the evaluation metrics pairwise Precision, Recall, and F; are used. For studying the
generalizability of LAND, these metrics are macro-averaged across all 100 test names.

"https://github.com/sntcristian/and-kge
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Table 8: Hyper-parameter ranges for the HPO studies.

Hyper-parameters Ranges
Embedding dimension 128, 256, 512
Learning rate (log scale) [0.0001, 0.01)
Number of negatives per triple (log scale) [1,50)
Batch size 128, 256, 512
Smoothing coefficient (log scale) [0.001, 1.0)

In addition, we have to state the generalizability study is unfair since the other graph embedding models make use of
more features because AMiner-534K does not include abstracts and keywords. The reason why we wanted to test our
model on an extracted KG and compare the results with those obtained on a bigger benchmark is to test the hypothesis
that our architecture maintains competitive performances even on a more challenging benchmark where the number of
authors is relevantly higher.

5.3 Model Selection and Threshold Analysis

The models are trained using the Binary Cross Entropy (BCE) loss function, the Adam optimizer, the Stochastic Local
Closed World Assumption (SLCWA) training approach, and label smoothing as a regularization technique. Note that
for training, each KG is split with a ratio of 64% training, 16% validation, and 20% testing. Random search has been
used to perform the hyper-parameter optimizations over the range of values given in Table[§] Each model is trained for
a maximum of 1000 epochs and early stopping is applied to speed up the optimization process and avoid overfitting.

Note that due to the limitation of resources, we ran the optimization study only for the unimodal model (i.e., DistMult)
on both datasets and chose the set of optimal hyperparameter values which gave the best results, and then decided
to apply them also for training the multimodal models. The optimal hyper-parameters are as follows: for OC-782K,
embedding dimension: 512, learning rate: 0.0003, number of negatives: 12, batch size: 512, smoothing coefficient:
0.001, epochs: 120; for AMiner-534K, embedding dimension: 128, learning rate: 0.0001, number of negatives: 32,
batch size: 512, smoothing coefficient: 0.1, epochs: 300.

For HAC, we define the distance threshold for the final clusters experimentally by trying to find a trade-off between
Precision and Recall, by finding the threshold which gives the best F; score. However, since high recall systems tend
to group different authors together and this negatively affects the performances for AND, we decided to favor high
precision over recall. For OC-782K, the resulting best threshold is 0.6, while for AMiner-534K it is 0.26.

5.4 Baseline Methods

To better assess the performances of the LAND framework, two baseline methods are implemented: (i) a rule-
based method originally proposed in|Caron and van Eckl [2014]], which assigns a pairwise score of similarity to two
publications based on several rules; and (ii) a simple disambiguation algorithm based on blocking and clustering of
sentence embeddings extracted from titles.

We selected the rule-based method inspired by (Caron and van Eck]|[2014], hereby mentioned as Score-Fairs, for three
main reasons: (i) for its simplicity and scalability; (i7) for the fact that it was recently used effectively on a SKG in
Farber and Aol [2022]); (iii) for the fact that it has an open implementation on GitHu Moreover, other methods
surveyed in Section 2| present issues in reproducibility, since most of them do not have an open-source implementation,
some of them are supervised or they rely on many hidden parameters that need to be tuned for OC-782K.

Score-Pairs classifies if two publications belong to the same author or not by looking at several features (e.g., shared
words in title, co-authors, citations, etc.) and computes an affinity score for each one of these features based on a list of
criteria, i.e., exact string matching or the number of co-occurrences. A list of the features compared, along with the
respective comparison criteria and scores are reported in Table[9 Then, a threshold on the sum of the affinity scores is
chosen in order to decide whether the publications, given the similarity of their attributes, belong to the same author or
not. In our experiments, the value of the threshold is 10.

The second baseline Title-Similarity is chosen to estimate the representativeness of textual embeddings for the task of
AND. This baseline performs HAC on the title embeddings encoded by the SPECTER language model presented in
Cohan et al.|[2020] and can be looked at as a variation of our architecture which uses only title embeddings. The results

$https://github.com/lin-ao/enhancing_the_makg

13


https://github.com/lin-ao/enhancing_the_makg

LAND - Literally Author Name Disambiguation

Table 9: Rules to compute the similarity of two pairs of publications for the baseline Score-Pairs. This table is a subset
of the rules originally introduced in|Caron and van Eck| [2014]

Field Criterion Score
Shared words in titles 1/2/>2 3/5/8
Shared coauthors 1/2/>2 4/7/10
Journal Exact match 6
Shared cited works 1/2/3/4/>4 2/3/6/8/10
Self-citation one publication citing the other 10

Table 10: Results of AND on OC-782K. The best results are highlighted in bold.

Model Precision | Recall F,
Score-Pairs 84.66 50.20 | 63.03
Title-Similarity 71.56 66.64 | 69.02
LAND 91.71 67.11 | 77.50
LAND-g;;p, 89.63 66.98 | 76.67
LAND-g44 82.76 67.59 | 74.40

of this baseline are reported to test the influence of using structural information of a KG over just textual information;
which, in the case of titles, might be not so much discriminative.

The clustering algorithm of Title-Similarity is implemented as follows: single linkage as linkage method, cosine
similarity as affinity measure, and a threshold of 0.18. As for the architecture using KGEs, the threshold for clustering
is selected by maximizing the F; score while favoring Precision over Recall.

In the generalizability study, our architecture was compared with several baselines tested on the AMiner benchmark
Zhang et al.|[2018]], including the graph based model |Fan et al.|[2011]], the supervised learning model Louppe et al.
[2016]], and the graph embedding models|Zhang and Al Hasan|[2017]], Zhang et al.| [2018]], Wang et al.| [2020], Pooja
et al.|[2021]] and|Chen et al. [2021]]. A description of each of these models is provided in the respective subsections of
Section

5.5 Results

Evaluation on OC-782K This section compares the results of different LAND variants, i.e., DistMult + HAC,
DistMultLiteralE-g;;,, + HAC and DistMultLiteralE-g,,,, + HAC, on OC-782K with the two previously described
baseline models.

Table |10 shows the results of the experiments. The embedding-based models outperform the two baseline methods
except for the precision of LANDg,,,,. More precisely, there is an increment in the pairwise F; score of the best
performing model LAND, i.e., more than 14% and 8% as compared to the baselines Score-Pairs and Title-Similarity
respectively. The best precision of 91.71 and the best F; score of 77.50 is obtained by LAND. The best recall is 67.59
obtained by LAND-g,,.,. However, the difference in the recall as compared to LAND is marginal.

The improvements over the baseline Score-Pairs show that KGE embeddings are capable of modeling very discriminative
representations if compared with the rule-based method (Caron and van Eck| [2014] and |[Farber and Ao|[2022]. Indeed,
the cost of using a representation learning architecture that requires training on unlabelled data is repaid by the fact
of obtaining more efficient features to cluster for AND, given the same amount of information, i.e. titles, coauthors,
citations, venues, and publication dates.

Moreover, the low precision of Title-Similarity if compared to our LAND variants shows how beneficial is considering
the whole information from the KG, with an increment in Precision of 28,16% if compared to our most precise model.

For the multimodal models LANDg,,,, and LANDg;;,,, the absence of improvements in the results is surprising and
they show that for datasets belonging to one specific domain (i.e. Scientometrics), literal information does not add
much information to the embeddings but rather introduces some noise.

As it is noticeable in Table|! I} the performances of LAND with respect to recall are far from being optimal, since our
models ignored a relevant number of matching authors (> 30% avg.) in the evaluation dataset. However, we decided to
avoid higher thresholds in order to reduce the number of false positives produced by our clustering algorithm and, as a
consequence, to avoid attributing papers written by different persons to the same author. A plot of Precision and Recall
curves for OC-782K is available in the Figure
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Table 11: Confusion matrix of LAND on OC-782K with high precision setup.

Positive label | Negative label | Total
Positive Classification 996 90 1086
Negative Classification 488 1582 2030
Total 1484 1672 3110
100
904
801
—— Precision
70 A — Recall
60 1
a0

0.500 0.525 0550 0575 0600 0.625 0.650 0.675 0.700

Figure 4: The plot of the precision and recall curves of our best AND system on different distance thresholds.

By applying LAND to the whole set of authors in OC-782K with the high precision setup, we are able to reduce the
author entities from 188,565 to 135,325 (a reduction of more than 28%). This shows how relevant KGEs can be for
AND on SKGs and how they can be effective in removing duplicates.

Evaluation on AMiner Dataset We tested the generalizability of our approach on a newly collected KG extracted
from the AMiner benchmark dataset for AND |[Zhang et al. [2018]]. The results of LAND are compared to the
performances of SOTA AND models reported in the benchmark study Zhang et al|[2018]] and with other graph
embedding models which were tested on the AMiner benchmark (a description of these models is provided in Table|/).
However, we remark that this comparison is not entirely fair, due to the lack of certain information, e.g., abstract and
keywords, in AMiner-534K. For more details on why we did not add this information see Section[I|and Section[3| The
results of [Fan et al.| [2011]], Louppe et al.|[2016]], Zhang and Al Hasan|[2017]],Zhang et al.|[2018]] are taken from|Zhang
et al.|[2018]]. The other results are taken from the respective papers.

LAND-g;;,, outperforms other SOTA models which do not use embedding methods, such as|Fan et al.|[201 1] and|Louppe
et al.| [2016]. This shows how encoding structural information from linked data with knowledge graph embeddings
is more effective than supervised methods or predefined heuristics, even when we do not use abstracts and keywords.
Moreover, it’s interesting to see how LAND-g;;,, also outperformed |Zhang and Al Hasan| [2017]], which is a graph
embedding method based on coauthorship information, suggesting the advantage of our architecture which models also
relations between publications and venues, and relations between authors and affiliations.

Table 12: Results of author name disambiguation for the AMiner benchmark [Zhang et al.|[2018]]. The best results are
reported in bold and the underlined results show the second-best result.

Model Precision | Recall F
Fan et al.|[2011]] 81.62 40.43 | 50.23
| [Louppe et al.|[2016] 57.09 77.22 | 63.10
| /Zhang and Al Hasan|[2017] 70.63 59.53 | 62.81
B Chen et al.|[2021]] 65.59 69.96 | 65.71
Pooja et al.[[2021]] 62.6 76.1 66.9
| [Zhang et al.[[2018]] 77.96 63.03 | 67.79
| [Wang et al|[2020]] 82.23 67.23 | 72.92
LAND 78.36 59.68 | 63.36
LAND-g;n 77.24 61.21 | 64.18
LAND-g4,. 77.62 59.91 | 63.07
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However, as a negative result, we see that our method is outperformed by other graph embedding techniques such
as [Zhang et al.| [2018]], |Chen et al.| [2021]], |Pooja et al.| [2021]] and Wang et al.| [2020]] in terms of F;. Nonetheless,
our LAND architecture which does not make use of literal achieves the second best Precision score among the graph
embedding models, while the Recall is considerably lower than that of the other models. However, the low recall of the
model is explained by the fact that our LAND architectures are trained on a KG which does not contain information
from abstracts and keywords.

Moreover, we claim that the relatively lower performances of our model are compared with the architectures of |[Zhang
et al.| [2018]], |Chen et al.|[2021], [Pooja et al.|[2021]] and [Wang et al.|[2020] are balanced by the following advantages of
our architecture:

* The approach by Zhang et al.|[2018]] require human-annotated data in the training process in order to learn
structure-based features from the dataset. Instead, our LAND architecture learns discriminative features for
AND from an SKG without needing human supervision.

* [Zhang et al.|[2018]], [Pooja et al.| [2021]] and |Chen et al.| [2021] make use of complex feature engineering
methods in order to create scholarly networks from bibliographic metadata. This feature engineering methods
include document encoding by means of Doc2Vec, document similarity estimation and coauthorship similarity
estimation in order to create content or coauthorship graphs from bibliographic metadata. This process is
not only time-consuming but requires many parameters to be tuned for each dataset, and this hinders the
reproducibility of their approach. Instead, our approach does not need feature engineering and learns node
embeddings directly from the relations made explicit in the KG.

* |Wang et al.|[2020] is the most similar architecture if compared to ours. The astonishing performances of this
model suggest the advantages of using GANSs to incorporate content information into relational information
from heterogeneous graphs. However, this architecture employs two different modules, a discriminative
module, and a generative module, to refine node embeddings in an adversarial fashion. Moreover, the lack
of available source code makes this complex architecture difficult to reuse. Instead, our model incorporates
content information along with relational information in only 1 model, i.e. DistMultLiteralE Kristiadi et al.
[2019], of which we provide an open-source implementation.

5.6 Error Analysis

We randomly sampled a subset of 50 wrongly matched pairs (i.e. false positives) from the disambiguated OC-782K in
order to analyze the most frequent errors produced by our AND system. We found out that most of the wrong matches
are related to Asian authors with common surnames and first initials, like “Chen B”, “Kim S”, “Li Y”, “Wang J”, “Li J”,
“Hu Z” and “Chen J”. This is probably due to the fact that LN-FI blocking tends to create huge blocks for very frequent
surnames and this causes wrong authors to slide inside the final clusters, especially when they share some features
(like references or publishing venue). However, we found out that it is possible to remove all these errors by using a
post-blocking strategy which poses the condition that fullname; = fullname; before merging two authors. Indeed,
we found out that all the wrongly matched pairs in our sample which share the same full name are the same person
and their entities are wrongly labeled due to the fact that they used multiple ORCIDs across different scholarly works.
However, this post-blocking strategy was not included in our framework since was tested only on a small number of
false positives and it is limited to the availability of at least a last name and a full name for each author reference, which
is not always the case, especially for old publications.

6 Summary & Future Perspectives

This article has introduced a framework, named LAND, to perform Author Name Disambiguation (AND) for scholarly
data represented as linked data or included in SKGs by developing KGE models based on relationships between entities
and the related literal information associated with them. We have demonstrated that these models can be used in the
downstream task of clustering for AND effectively. The proposed framework outperforms state-of-the-art methods on a
newly created benchmark dataset defining an SKG (named OC-782K) compliant with the OpenCitations Data Model
(OCDM) as well as another SKG (named AMiner-534K) created using an existing benchmark dataset, i.e., AMiner.
Our method is able to maintain competitive levels of precision, recall and F; even when dealing with more complex
models. Moreover, LAND is designed for dealing with data within knowledge graphs.

In the future, we plan to extend our approach to include also author collaboration network information along with the
topic of interest/area of expertise extracted by processing the author’s publications via deep learning approaches. Having
such additional data will allow us to test if they can improve the results for the task of author name disambiguation.

16



LAND - Literally Author Name Disambiguation

Acknowledgments

This study was partially funded by the “Scholarship for research periods abroad aimed at the preparation of the master
thesis" by the department of Classical Philology and Italian Studies, University of Bologna (https://ficlit.unibo,
it/it).

References

Aidan Hogan, Eva Blomqvist, Michael Cochez, Claudia d’Amato, Gerard de Melo, Claudio Gutiérrez, Sabrina
Kirrane, José Emilio Labra Gayo, Roberto Navigli, Sebastian Neumaier, Axel-Cyrille Ngonga Ngomo, Axel Polleres,
Sabbir M. Rashid, Anisa Rula, Lukas Schmelzeisen, Juan F. Sequeda, Steffen Staab, and Antoine Zimmermann.
Knowledge graphs. ACM Comput. Surv., 54(4):71:1-71:37, 2021. doi:10.1145/3447772. URL https://doi.org/
10.1145/3447772.

Jiaying Liu, Tao Tang, Wei Wang, Bo Xu, Xiangjie Kong, and Feng Xia. A Survey of Scholarly Data Visualization.
IEEE Access, 6:19205-19221, 2018. ISSN 2169-3536. doi:10.1109/ACCESS.2018.2815030. Conference Name:
IEEE Access.

Joeran Beel, Bela Gipp, Stefan Langer, and Corinna Breitinger. Research-paper recommender systems: a literature
survey. International Journal on Digital Libraries, 17(4):305-338, November 2016. ISSN 1432-5012, 1432-1300.
doiq10.1007/s00799-015-0156-0, URL http://link.springer.com/10.1007/s00799-015-0156-0.

Michael Farber and Adam Jatowt. Citation recommendation: approaches and datasets. International Journal on
Digital Libraries, 21(4):375-405, December 2020. ISSN 1432-1300. doii10.1007/s00799-020-00288-2, URL
https://doi.org/10.1007/s00799-020-00288-2.

Debarshi Kumar Sanyal, Plaban Kumar Bhowmick, and Partha Pratim Das. A review of author name disambiguation
techniques for the PubMed bibliographic database. Journal of Information Science, 47(2):227-254, April 2021.
ISSN 0165-5515, 1741-6485. doii10.1177/0165551519888605. URL http://journals.sagepub.com/doi/10!
1177/0165551519888605.

Silvio Peroni and David Shotton. OpenCitations, an infrastructure organization for open scholarship. Quantitative
Science Studies, 1(1):428-444, February 2020. ISSN 2641-3337. doii10.1162/qss_a_00023. URLhttps://direct.
mit.edu/qss/article/1/1/428-444/15580.

Huaiyu Wan, Yutao Zhang, Jing Zhang, and Jie Tang. AMiner: Search and Mining of Academic Social Networks. Data
Intelligence, 1(1):58-76, March 2019. ISSN 2641-435X. doi:10.1162/dint_a_00006, URL https://doi.org/10.
1162/dint_a_00006.

Michael Firber. The Microsoft Academic Knowledge Graph: A Linked Data Source with 8 Billion Triples of
Scholarly Data. In Chiara Ghidini, Olaf Hartig, Maria Maleshkova, Vojtéch Svatek, Isabel Cruz, Aidan Hogan,
Jie Song, Maxime Lefrancois, and Fabien Gandon, editors, The Semantic Web — ISWC 2019, Lecture Notes in
Computer Science, pages 113—-129, Cham, 2019. Springer International Publishing. ISBN 978-3-030-30796-7.
doi:10.1007/978-3-030-30796-7_8.

Genet Asefa Gesese, Russa Biswas, Mehwish Alam, and Harald Sack. A survey on knowledge graph embeddings with
literals: Which model links better literal-ly? Semantic Web, 12(4):617-647, June 2021a. ISSN 22104968, 15700844.
doii10.3233/SW-200404. URL https://www.medra.org/servlet/aliasResolver?alias=iospress&doi=
10.3233/SW-200404.

Agustinus Kristiadi, Mohammad Asif Khan, Denis Lukovnikov, Jens Lehmann, and Asja Fischer. Incorporating Literals
into Knowledge Graph Embeddings. arXiv:1802.00934 [cs, stat], July 2019. URL http://arxiv.org/abs/1802,
00934l arXiv: 1802.00934.

Tobias Backes. The Impact of Name-Matching and Blocking on Author Disambiguation. In Proceedings of the 27th
ACM International Conference on Information and Knowledge Management, pages 803—812, Torino Italy, October
2018. ACM. ISBN 978-1-4503-6014-2. doi:10.1145/3269206.3271699, URL https://dl.acm.org/doi/10!
1145/3269206.3271699.

Halbert L. Dunn. Record Linkage. American Journal of Public Health and the Nations Health, 36(12):1412-1416,
December 1946. ISSN 0002-9572. URL https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1624512/,

Ivan P. Fellegi and Alan B. Sunter. A Theory for Record Linkage. Journal of the American Statistical Association,
64(328):1183-1210, December 1969. ISSN 0162-1459. doi:10.1080/01621459.1969.10501049. URL https:
//www.tandfonline.com/doi/abs/10.1080/01621459.1969.10501049. Publisher: Taylor & Francis _eprint:
https://www.tandfonline.com/doi/pdf/10.1080/01621459.1969.10501049.

17


https://ficlit.unibo.it/it
https://ficlit.unibo.it/it
https://doi.org/10.1145/3447772
https://doi.org/10.1145/3447772
https://doi.org/10.1145/3447772
https://doi.org/10.1109/ACCESS.2018.2815030
https://doi.org/10.1007/s00799-015-0156-0
http://link.springer.com/10.1007/s00799-015-0156-0
https://doi.org/10.1007/s00799-020-00288-2
https://doi.org/10.1007/s00799-020-00288-2
https://doi.org/10.1177/0165551519888605
http://journals.sagepub.com/doi/10.1177/0165551519888605
http://journals.sagepub.com/doi/10.1177/0165551519888605
https://doi.org/10.1162/qss_a_00023
https://direct.mit.edu/qss/article/1/1/428-444/15580
https://direct.mit.edu/qss/article/1/1/428-444/15580
https://doi.org/10.1162/dint_a_00006
https://doi.org/10.1162/dint_a_00006
https://doi.org/10.1162/dint_a_00006
https://doi.org/10.1007/978-3-030-30796-7_8
https://doi.org/10.3233/SW-200404
https://www.medra.org/servlet/aliasResolver?alias=iospress&doi=10.3233/SW-200404
https://www.medra.org/servlet/aliasResolver?alias=iospress&doi=10.3233/SW-200404
http://arxiv.org/abs/1802.00934
http://arxiv.org/abs/1802.00934
https://doi.org/10.1145/3269206.3271699
https://dl.acm.org/doi/10.1145/3269206.3271699
https://dl.acm.org/doi/10.1145/3269206.3271699
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1624512/
https://doi.org/10.1080/01621459.1969.10501049
https://www.tandfonline.com/doi/abs/10.1080/01621459.1969.10501049
https://www.tandfonline.com/doi/abs/10.1080/01621459.1969.10501049

LAND - Literally Author Name Disambiguation

Olivier Binette and Rebecca C. Steorts. (Almost) all of entity resolution. Science Advances, 8(12):eabi8021, March 2022.
doi:10.1126/sciadv.abi8021. URL https://www.science.org/doi/10.1126/sciadv.abi8021. Publisher:
American Association for the Advancement of Science.

Anderson A. Ferreira, Marcos André Gongalves, and Alberto H.F. Laender. A brief survey of automatic meth-
ods for author name disambiguation. ACM SIGMOD Record, 41(2):15-26, August 2012. ISSN 0163-5808.
doi:10.1145/2350036.2350040. URL https://dl.acm.org/doi/10.1145/2350036.2350040.

Vetle 1. Torvik and Neil R. Smalheiser. Author Name Disambiguation in MEDLINE. ACM transactions on knowledge
discovery from data, 3(3):11, July 2009. ISSN 1556-4681. doi;10.1145/1552303.1552304.

Gilles Louppe, Hussein T. Al-Natsheh, Mateusz Susik, and Eamonn James Maguire. Ethnicity Sensitive Author
Disambiguation Using Semi-supervised Learning. In Axel-Cyrille Ngonga Ngomo and Petr Kfemen, editors,
Knowledge Engineering and Semantic Web, volume 649, pages 272-287. Springer International Publishing, Cham,
2016. ISBN 978-3-319-45879-3 978-3-319-45880-9. doij10.1007/978-3-319-45880-9_21. URL http://link!
springer.com/10.1007/978-3-319-45880-9_21. Series Title: Communications in Computer and Information
Science.

Hung Nghiep Tran, Tin Huynh, and Tien Do. Author Name Disambiguation by Using Deep Neural Network. In
Ngoc Thanh Nguyen, Boonwat Attachoo, Bogdan Trawiiski, and Kulwadee Somboonviwat, editors, Intelligent
Information and Database Systems, Lecture Notes in Computer Science, pages 123—132, Cham, 2014. Springer
International Publishing. ISBN 978-3-319-05476-6. doi:10.1007/978-3-319-05476-6_13.

Kunho Kim, Shaurya Rohatgi, and C. Lee Giles. Hybrid Deep Pairwise Classification for Author Name Disambiguation.
In Proceedings of the 28th ACM International Conference on Information and Knowledge Management, pages
2369-2372, Beijing China, November 2019. ACM. ISBN 978-1-4503-6976-3. doij10.1145/3357384.3358153, URL
https://dl.acm.org/doi/10.1145/3357384.3358153.

Ricardo G. Cota, Anderson A. Ferreira, Cristiano Nascimento, Marcos André Gongalves, and Alberto H. F. Laender.
An unsupervised heuristic-based hierarchical method for name disambiguation in bibliographic citations. Journal
of the American Society for Information Science and Technology, 61(9):1853-1870, 2010. ISSN 1532-2890.
doi;10.1002/as1.21363. URL https://onlinelibrary.wiley.com/doi/abs/10.1002/asi.21363. _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1002/asi.21363.

Yu Liu, Weijia Li, Zhen Huang, and Qiang Fang. A fast method based on multiple clustering for name disambiguation
in bibliographic citations. Journal of the Association for Information Science and Technology, 66(3):634—644, 2015.
ISSN 2330-1643. doii10.1002/as1.23183. URL https://onlinelibrary.wiley.com/doi/abs/10.1002/asi|
23183. _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1002/asi.23183.

Emiel Caron and Nees-Jan van Eck. Large scale author name disambiguation using rule-based scoring and clustering:
International conference on science and technology indicators. Proceedings of the Science and Technology Indicators
Conference 2014, pages 79-86, 2014. URL http://sti2014.cwts.nl. Place: Leiden Publisher: Universiteit
Leiden.

Michael Farber and Lin Ao. The Microsoft Academic Knowledge Graph Enhanced: Author Name Disambiguation,
Publication Classification, and Embeddings. Quantitative Science Studies, pages 1-44, February 2022. ISSN
2641-3337. doi:10.1162/gss_a_00183. URL https://doi.org/10.1162/qss_a_00183.

Humaira Waqas and Muhammad Abdul Qadir. Multilayer heuristics based clustering framework (MHCF) for author
name disambiguation. Scientometrics, 126(9):7637-7678, September 2021. ISSN 1588-2861. doi:10.1007/s11192+
021-04087-7. URL https://doi.org/10.1007/s11192-021-04087-7.

Xiaoming Fan, Jianyong Wang, Xu Pu, Lizhu Zhou, and Bing Lv. On Graph-Based Name Disambigua-
tion. Journal of Data and Information Quality, 2(2):1-23, February 2011. ISSN 1936-1955, 1936-1963.
doij10.1145/1891879.1891883. URL https://dl.acm.org/doi/10.1145/1891879.1891883,

Pooja Km, Samrat Mondal, and Joydeep Chandra. A Graph Combination With Edge Pruning-Based Approach for
Author Name Disambiguation. Journal of the Association for Information Science and Technology, 71(1):69-83, 2020.
ISSN 2330-1643. doij10.1002/as1.24212. URL https://onlinelibrary.wiley.com/doi/abs/10.1002/asi!
24212, _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1002/asi.24212.

Baichuan Zhang and Mohammad Al Hasan. Name Disambiguation in Anonymized Graphs using Network Embedding.
In Proceedings of the 2017 ACM on Conference on Information and Knowledge Management, pages 1239-1248,
Singapore Singapore, November 2017. ACM. ISBN 978-1-4503-4918-5. doii10.1145/3132847.3132873, URL
https://dl.acm.org/doi/10.1145/3132847.3132873.

Liwen Peng, Siqi Shen, Jun Xu, Yongquan Fu, Dongsheng Li, and Adele Lu Jia. Diting: An Author Disambiguation
Method Based on Network Representation Learning. IEEE Access, 7:135539-135555, 2019. ISSN 2169-3536.
doi:10.1109/ACCESS.2019.2942477.

18


https://doi.org/10.1126/sciadv.abi8021
https://www.science.org/doi/10.1126/sciadv.abi8021
https://doi.org/10.1145/2350036.2350040
https://dl.acm.org/doi/10.1145/2350036.2350040
https://doi.org/10.1145/1552303.1552304
https://doi.org/10.1007/978-3-319-45880-9_21
http://link.springer.com/10.1007/978-3-319-45880-9_21
http://link.springer.com/10.1007/978-3-319-45880-9_21
https://doi.org/10.1007/978-3-319-05476-6_13
https://doi.org/10.1145/3357384.3358153
https://dl.acm.org/doi/10.1145/3357384.3358153
https://doi.org/10.1002/asi.21363
https://onlinelibrary.wiley.com/doi/abs/10.1002/asi.21363
https://doi.org/10.1002/asi.23183
https://onlinelibrary.wiley.com/doi/abs/10.1002/asi.23183
https://onlinelibrary.wiley.com/doi/abs/10.1002/asi.23183
http://sti2014.cwts.nl
https://doi.org/10.1162/qss_a_00183
https://doi.org/10.1162/qss_a_00183
https://doi.org/10.1007/s11192-021-04087-7
https://doi.org/10.1007/s11192-021-04087-7
https://doi.org/10.1007/s11192-021-04087-7
https://doi.org/10.1145/1891879.1891883
https://dl.acm.org/doi/10.1145/1891879.1891883
https://doi.org/10.1002/asi.24212
https://onlinelibrary.wiley.com/doi/abs/10.1002/asi.24212
https://onlinelibrary.wiley.com/doi/abs/10.1002/asi.24212
https://doi.org/10.1145/3132847.3132873
https://dl.acm.org/doi/10.1145/3132847.3132873
https://doi.org/10.1109/ACCESS.2019.2942477

LAND - Literally Author Name Disambiguation

Yutao Zhang, Fanjin Zhang, Peiran Yao, and Jie Tang. Name Disambiguation in AMiner: Clustering, Maintenance,
and Human in the Loop. In Proceedings of the 24th ACM SIGKDD International Conference on Knowledge
Discovery & Data Mining, pages 1002-1011, London United Kingdom, July 2018. ACM. ISBN 978-1-4503-5552-0.
doij10.1145/3219819.3219859. URL https://dl.acm.org/doi/10.1145/3219819.3219859,

Wenjing Zhang, Zhongmin Yan, and Yongqing Zheng. Author Name Disambiguation Using Graph Node Embedding
Method. In 2019 IEEE 23rd International Conference on Computer Supported Cooperative Work in Design (CSCWD),
pages 410-415, May 2019. doi;10.1109/CSCWD.2019.8791898|

Tomas Mikolov, Kai Chen, Greg Corrado, and Jeffrey Dean. Efficient Estimation of Word Representations in Vector
Space. In Yoshua Bengio and Yann LeCun, editors, /st International Conference on Learning Representations, ICLR
2013, Scottsdale, Arizona, USA, May 2-4, 2013, Workshop Track Proceedings, 2013. URL http://arxiv.org/
abs/1301.3781.

Ziyue Qiao, Yi Du, Yanjie Fu, Pengfei Wang, and Yuanchun Zhou. Unsupervised Author Disambiguation using
Heterogeneous Graph Convolutional Network Embedding. In 2019 IEEE International Conference on Big Data (Big
Data), pages 910-919, December 2019. doij10.1109/BigData47090.2019.9005458,

Quoc Le and Tomas Mikolov. Distributed Representations of Sentences and Documents. In Proceedings of the 31st
International Conference on Machine Learning, pages 1188-1196. PMLR, June 2014. URL https://proceedings,
mlr.press/v32/lel4.html. ISSN: 1938-7228.

Haiwen Wang, Ruijie Wan, Chuan Wen, Shuhao Li, Yuting Jia, Weinan Zhang, and Xinbing Wang. Author Name Disam-
biguation on Heterogeneous Information Network with Adversarial Representation Learning. Proceedings of the AAAI
Conference on Artificial Intelligence, 34(01):238-245, June 2020. ISSN 2374-3468. doi:10.1609/aaai.v34101.5356.
URL https://ojs.aaai.org/index.php/AAAI/article/view/5356. Number: O1.

Aditya Grover and Jure Leskovec. node2vec: Scalable Feature Learning for Networks. In Proceedings of the
22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, KDD ’16, pages 855—
864, New York, NY, USA, August 2016. Association for Computing Machinery. ISBN 978-1-4503-4232-2.
doi:10.1145/2939672.2939754. URL https://doi.org/10.1145/2939672.2939754|

KM. Pooja, Samrat Mondal, and Joydeep Chandra. Exploiting similarities across multiple dimensions for author name
disambiguation. Scientometrics, 126(9):7525-7560, September 2021. ISSN 1588-2861. doi:10.1007/s11192-021+
04101-y. URL https://doi.org/10.1007/s11192-021-04101-y.

Ya Chen, Hongliang Yuan, Tingting Liu, and Nan Ding. Name Disambiguation Based on Graph Convolutional
Network. Scientific Programming, 2021:¢5577692, May 2021. ISSN 1058-9244. doii10.1155/2021/5577692. URL
https://www.hindawi.com/journals/sp/2021/55677692/. Publisher: Hindawi.

Gengchen Mai, Krzysztof Janowicz, and Bo Yan. Combining Text Embedding and Knowledge Graph Embedding
Techniques for Academic Search Engines. October 2018.

Antoine Bordes, Nicolas Usunier, Alberto Garcia-Duran, Jason Weston, and Oksana Yakhnenko. Translat-
ing Embeddings for Modeling Multi-relational Data. In Advances in Neural Information Processing Sys-
tems, volume 26. Curran Associates, Inc., 2013. URL https://papers.nips.cc/paper/2013/hash/
1cecc7a77928ca8133fa24680a88d2f9-Abstract.html.

Mojtaba Nayyeri, Sahar Vahdati, Xiaotian Zhou, Hamed Shariat Yazdi, and Jens Lehmann. Embedding-Based
Recommendations on Scholarly Knowledge Graphs. In Andreas Harth, Sabrina Kirrane, Axel-Cyrille Ngonga Ngomo,
Heiko Paulheim, Anisa Rula, Anna Lisa Gentile, Peter Haase, and Michael Cochez, editors, The Semantic Web,
Lecture Notes in Computer Science, pages 255-270, Cham, 2020. Springer International Publishing. ISBN 978-3-
030-49461-2. doi:10.1007/978-3-030-49461-2_15.

Zhiqing Sun, Zhi-Hong Deng, Jian-Yun Nie, and Jian Tang. RotatE: Knowledge Graph Embedding by Relational
Rotation in Complex Space. arXiv:1902.10197 [cs, stat], February 2019. URL http://arxiv.org/abs/1902|
10197, arXiv: 1902.10197.

Arcangelo Massari. Bibliographic dataset based on Scientometrics, containing provenance information compliant with
the OpenCitations Data Model and non disambigued authors, August 2021. URL https://zenodo.org/record/
5151264, Type: dataset.

Marilena Daquino, Silvio Peroni, David Shotton, Giovanni Colavizza, Behnam Ghavimi, Anne Lauscher, Philipp Mayr,
Matteo Romanello, and Philipp Zumstein. The OpenCitations Data Model. arXiv:2005.11981 [cs], August 2020.
URL http://arxiv.org/abs/2005.11981l arXiv: 2005.11981.

Cristian Santini, Mehwish Alam, Genet Asefa Gesese, Silvio Peroni, Aldo Gangemi, and Harald Sack. Dataset for
paper: "Knowledge Graph Embeddings based Approach for Author Name Disambiguation using Literals", November
2021. URL https://zenodo.org/record/6309855, Type: dataset.

19


https://doi.org/10.1145/3219819.3219859
https://dl.acm.org/doi/10.1145/3219819.3219859
https://doi.org/10.1109/CSCWD.2019.8791898
http://arxiv.org/abs/1301.3781
http://arxiv.org/abs/1301.3781
https://doi.org/10.1109/BigData47090.2019.9005458
https://proceedings.mlr.press/v32/le14.html
https://proceedings.mlr.press/v32/le14.html
https://doi.org/10.1609/aaai.v34i01.5356
https://ojs.aaai.org/index.php/AAAI/article/view/5356
https://doi.org/10.1145/2939672.2939754
https://doi.org/10.1145/2939672.2939754
https://doi.org/10.1007/s11192-021-04101-y
https://doi.org/10.1007/s11192-021-04101-y
https://doi.org/10.1007/s11192-021-04101-y
https://doi.org/10.1155/2021/5577692
https://www.hindawi.com/journals/sp/2021/5577692/
https://papers.nips.cc/paper/2013/hash/1cecc7a77928ca8133fa24680a88d2f9-Abstract.html
https://papers.nips.cc/paper/2013/hash/1cecc7a77928ca8133fa24680a88d2f9-Abstract.html
https://doi.org/10.1007/978-3-030-49461-2_15
http://arxiv.org/abs/1902.10197
http://arxiv.org/abs/1902.10197
https://zenodo.org/record/5151264
https://zenodo.org/record/5151264
http://arxiv.org/abs/2005.11981
https://zenodo.org/record/6309855

LAND - Literally Author Name Disambiguation

Riccardo Falco, Aldo Gangemi, Silvio Peroni, David Shotton, and Fabio Vitali. Modelling OWL Ontologies with
Graffoo. In Valentina Presutti, Eva Blomqvist, Raphael Troncy, Harald Sack, Ioannis Papadakis, and Anna Tordai,
editors, The Semantic Web: ESWC 2014 Satellite Events, volume 8798 of Lecture Notes in Computer Science,
pages 320-325, Cham, 2014. Springer International Publishing. ISBN 978-3-319-11954-0 978-3-319-11955-7.
doi:10.1007/978-3-319-11955-7_42. URL https://doi.org/10.1007/978-3-319-11955-7_42,

Genet Asefa Gesese, Mehwish Alam, and Harald Sack. Literallywikidata - A benchmark for knowledge graph com-
pletion using literals. In Andreas Hotho, Eva Blomqvist, Stefan Dietze, Achille Fokoue, Ying Ding, Payam M.
Barnaghi, Armin Haller, Mauro Dragoni, and Harith Alani, editors, The Semantic Web - ISWC 2021 - 20th Interna-
tional Semantic Web Conference, ISWC 2021, Virtual Event, October 24-28, 2021, Proceedings, volume 12922 of
Lecture Notes in Computer Science, pages 511-527. Springer, 2021b. doi:10.1007/978-3-030-88361-4_30. URL
https://doi.org/10.1007/978-3-030-88361-4_30.

Bishan Yang, Wen-tau Yih, Xiaodong He, Jianfeng Gao, and Li Deng. Embedding Entities and Relations for Learning
and Inference in Knowledge Bases. arXiv:1412.6575 [cs], August 2015. URL http://arxiv.org/abs/1412,
6575. arXiv: 1412.6575.

Arman Cohan, Sergey Feldman, Iz Beltagy, Doug Downey, and Daniel S. Weld. SPECTER: Document-level
Representation Learning using Citation-informed Transformers. arXiv:2004.07180 [cs], May 2020. URL
http://arxiv.org/abs/2004.07180. arXiv: 2004.07180.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. BERT: Pre-training of Deep Bidirectional Trans-
formers for Language Understanding. In Proceedings of the 2019 Conference of the North American Chapter of the
Association for Computational Linguistics: Human Language Technologies, Volume 1 (Long and Short Papers), pages
4171-4186, Minneapolis, Minnesota, June 2019. Association for Computational Linguistics. doi:10.18653/v1/N19-
1423, URL https://aclanthology.org/N19-1423.

Joe H. Ward. Hierarchical Grouping to Optimize an Objective Function. Journal of the American Statistical
Association, 58(301):236-244, March 1963. ISSN 0162-1459. doi;10.1080/01621459.1963.10500845. URL
https://www.tandfonline.com/doi/abs/10.1080/01621459.1963.10500845. Publisher: Taylor & Fran-
cis _eprint: https://www.tandfonline.com/doi/pdf/10.1080/01621459.1963.10500845.

Byung-Won On, Ingyu Lee, and Dongwon Lee. Scalable clustering methods for the name disambiguation problem.
Knowledge and Information Systems, 31(1):129-151, April 2012. ISSN 0219-3116. doi:10.1007/s10115-011-0397-1.
URL https://doi.org/10.1007/s10115-011-0397-1,

Kyunghyun Cho, Bart van Merrienboer, Dzmitry Bahdanau, and Yoshua Bengio. On the Properties of Neural
Machine Translation: Encoder-Decoder Approaches. arXiv:1409.1259 [cs, stat], October 2014. URL http!
//arxiv.org/abs/1409.1259. arXiv: 1409.1259.

Mehdi Ali, Max Berrendorf, Charles Tapley Hoyt, Laurent Vermue, Sahand Sharifzadeh, Volker Tresp, and Jens
Lehmann. PyKEEN 1.0: A Python Library for Training and Evaluating Knowledge Graph Embeddings. Journal of
Machine Learning Research, 22(82):1-6, 2021. ISSN 1533-7928. URL http://jmlr.org/papers/v22/20-825|
html.

20


https://doi.org/10.1007/978-3-319-11955-7_42
https://doi.org/10.1007/978-3-319-11955-7_42
https://doi.org/10.1007/978-3-030-88361-4_30
https://doi.org/10.1007/978-3-030-88361-4_30
http://arxiv.org/abs/1412.6575
http://arxiv.org/abs/1412.6575
http://arxiv.org/abs/2004.07180
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://aclanthology.org/N19-1423
https://doi.org/10.1080/01621459.1963.10500845
https://www.tandfonline.com/doi/abs/10.1080/01621459.1963.10500845
https://doi.org/10.1007/s10115-011-0397-1
https://doi.org/10.1007/s10115-011-0397-1
http://arxiv.org/abs/1409.1259
http://arxiv.org/abs/1409.1259
http://jmlr.org/papers/v22/20-825.html
http://jmlr.org/papers/v22/20-825.html

	1 Introduction
	2 Related Work
	2.1 Author Name Disambiguation
	2.1.1 Supervised Learning Approaches
	2.1.2 Unsupervised Learning Approaches
	2.1.3 Graph-based Approaches

	2.2 Knowledge Graph Embeddings and Scholarly Data

	3 Creation of the Scholarly KGs
	3.1 The OC-782K Knowledge Graph
	3.2 The AMiner-534K Knowledge Graph

	4 Literally Author Name Disambiguation (LAND)
	4.1 Multimodal Knowledge Graph Embeddings
	4.2 Blocking and Clustering

	5 Experimental Results
	5.1 Generation of the Ground Truth
	5.2 Experimental Setup and Ablation Study
	5.3 Model Selection and Threshold Analysis
	5.4 Baseline Methods
	5.5 Results
	5.6 Error Analysis

	6 Summary & Future Perspectives

