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ABSTRACT

Scholarly knowledge graph is a knowledge graph that is used to represent
knowledge contained in scientific publication documents. The information we
can find in a scientific publication document is as follows: author, institution,
name of journal/conference, and research topic. A knowledge graph that has
been built is usually still not perfect. Some incomplete information may be
found. To add the missing information, we can use knowledge graph completion,
which is a method for finding missing or incorrect relationships to improve the
quality of a knowledge graph. Knowledge graph completion can be carried out
on a scholarly knowledge graph by adding new entities and relationships to
produce further information in the scholarly knowledge graph. The data added
to the scholarly knowledge graph are only other papers of first author entity, the

research field of first author entity, and a description of the conference/journal
entity. The result shows that the scholarly knowledge graph was completed by
adding 819% correct data for other papers of first author entity, 80.3% correct
data for the research field of first author entity, and 53.9% correct data for the
description of the conference/journal.

This is an open access article under the CC-BY-SA license.

1. Introduction

A knowledge graph is a representation of structured relational information in the form of Entities
and the relationships between them [1]. The graph is a multi-rational graph in which entities and
relationships are connected. An entity is a real object or abstract information. Entity and relation are
represented as triple [2]—-[8]. For example, (“Bandung”, “capitalOf”’, West Java) is a triple. “Bandung”
and “West Java” are entities that are connected by a relation named “capitalOf”. A knowledge graph
is formed from a combination of knowledge contained in a knowledge base or the results of a
reasoning system from the knowledge contained within it [9]-[12].

In 2012, Google introduced a knowledge graph on their finding machine as semantic evolved of
it. The knowledge graph makes their machine able to find a more real-world object. Since 2012,
similar applications have also used knowledge graphs, such as DBPedia, YAGO (Yet Another Great
Ontology), Freebase, and Wikidata [1], [13]-[16]. Knowledge graphs can be constructed with Natural
Language Programming (NLP) [17]-[21] and modules from graph databases such as Ontotext
GraphDB [22]-[25], Neo4j [26]-[28], and Cayley.

A knowledge graph that has been constructed is usually still not perfect [29]. Some information
still needs to be completed and can still be added. We can complete the information we have in a
knowledge graph by using knowledge graph completion, a method for finding missing or wrong parts
to improve the knowledge graph quality [29]. With this method, a knowledge graph can have more
information on it.

Besides representing and managing common information and encyclopedias, a knowledge graph
can also be used to manage scholarly data or bibliography, and it is called a scholarly knowledge graph
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[30]-[32]. The scholarly data can be obtained from papers. Data that can be found are authors,
institution, journal/conference, and topic of research [33]. Until now, there have been relatively few
research endeavors that employ knowledge graphs for scholarly data [34]. Some of them are [33] and
[35].

Scholar data at universities in Indonesia has been recorded by Directorate of Research and
Community Service (known as Direktorat Penelitian dan Pengabdian Masyarakat or PPM) in the form
of an Excel file. The data contains the title of the papers, the author of the papers, and the research
group of the author. Research group data describes the research focus of the lecturers in conducting
their research. However, there are areas for improvement in the data. Even though lecturers' research
fields are described in terms of their research groups, some still conduct research that does not match
the lecturers' research groups. So, it is still difficult to determine the actual focus of lecturers' research
fields.

On the other hand, Google Scholar, one of the most complete services related to researchers' data
and bibliography on the internet [36], [37], cannot accommodate the categorization of researchers'
research fields and the focus of research fields applied at each university. These conditions make it
difficult for PPM to identify suitable lecturer research fields to be included in a research scheme or
grant. Therefore, this research aims to help PPM overcome this problem by implementing knowledge
graph completion on the scholarly knowledge graph of universities in Indonesia.

There is usually some null data in scholarly data, so the data becomes meaningless after being
converted into a knowledge graph. In the Excel data used, null data is data that only contains the "-"
symbol. For example, not all papers have a third author. As a result, after being converted into a
knowledge graph, an entity with the value "-" is defined as the third author who wrote a paper ("-",
"authorOf", "paper"). The null data needs to be removed from the knowledge graph. Otherwise, the
triple data, like the previous example, is useless and becomes incorrect information in the knowledge
graph and affects the visualization of the knowledge graph. For example, a triple ("-", "authorOf",
"paper") could mean that an author entity "-" has written a paper, even though the author entity does
not actually exist. To avoid this kind of misleading information, null data and its relationship with
other entities will be removed using a special graph framework, GP2 [38], [39], which can remove
null data directly from graphs.

There are several approaches to knowledge graph completion, like exBERT [34], [40], [41],
CoDEXx [42]-[45], and Transk [46]-[49]. Of the three knowledge graph completion models above,
there are several shortcomings in completing the scholarly data used in this research. First, the PPM
data in Excel form does not match the input data type of the three models, namely RDF. Second,
exBERT and TransE carry out completion by looking for new data from the entities in the scholarly
knowledge graph itself, while for problems with the PPM data other data is needed to complete the
existing gaps. Third, all these models also do not check for null data contained in the knowledge graph.
Meanwhile, the PPM data used still contains null data, which has no meaning.

The contributions of this paper are: (i) We develop a framework that can complete the scholarly
knowledge graph. (ii) We identified that not all sources related to researchers' data and bibliography
on the internet have complete data. (iii) We use a special graph framework GP2 to remove null data
in knowledge graph.

2. Method

2.1.Scholarly Knowledge Graph Construction

The dataset used for this scholarly knowledge graph is scientific paper publication data within the
Informatics Study Program at Telkom University in 2018. The type of the dataset is CSV file with
503 rows and 21 columns. The data contained in it includes the title of the paper, the author of the
paper, the author's research group, and the conference/journal publication. The dataset is collected
every year by the Telkom University Research Directorate. Beside this data, we also collect two other
data such as follows: First, the final assignment paper submission data in the Telkom University Open
Library application. Second, the files from all research groups at Telkom University that are filled by
the lecturers every semester. This research takes data from the Telkom University Open Library
application using the API. There is no biased data in the dataset because there is no omitted data or
filtered data.

Taufiqurrahman et.al (Knowledge graph completion for scholarly knowledge graph)
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We build the knowledge graph using Ontotext GraphDB and Ontotext Refine applications [50],
[51]. From the global point of view, there are two main steps as follows: First, using Ontotext Refine
for mapping the data into triple format. Second, using Ontotext GraphDB for converting the triple
format into a knowledge graph according to previously created mapping as show in Fig. 1.
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Fig. 1.Knowledge graph completion process

In more detail, the steps are as follows:
e Preprocessing

In the preprocessing process, several things are done, such as removing unnecessary letters,
punctuation marks and numbers. As well as replacing all existing spaces with "_" signs so that
the data is easy to be read in Ontotext GraphDB. This is because Ontotext GraphDB will
automatically change the spaces in the dataset into "%20".

e Construct Triple

The first thing to do in this step is to use Ontotext Refine for mapping the dataset into triple
format. Each table contained in the dataset will become an entity in the triple. Next, connect each
table to another table that has a relationship with that table. Entities we used are named in
Indonesian  language. “Penulis” means author, ‘“Makalah/Paper” means article,
“Konferensi/Jurnal” means conference or journal, and “Kelompok Keahlian” means research
group. For relations, “menulisMakalah” means author of, “memilikiKK” is part of research
group, “judulMakalah” means title of the paper, then “nama”, “tempat”, “tanggal” mean name,
place, and date (of conference or journal). For example, we connect the author entity with the
article and research group entities because both can form a triple relationship, namely author of
article and author is part of research group. The triples in scholarly knowledge graph as show in
Table 1.

Taufiqurrahman et.al (Knowledge graph completion for scholarly knowledge graph)
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Table.1 The triples in scholarly knowledge graph

195

No Entity Relation Entity

1 Penulis 1, Penulis 2, menulisMakalah Makalah

Penulis 3, Penulis 4,dan  PenulisTambahan
2 Penulis 1, Penulis 2, memilikiKK Kelompok Keahlian
Penulis 3, Penulis 4,dan PenulisTambahan

3 Makalah/Paper judulMakalah Judul Makalah/Paper

4 Makalah/Paper abstrak Abstrak

5 Makalah/Paper jenisMakalah Jenis Publikasi Makalah/Paper
6 Makalah/Paper dipublikasikanDji Konferensi/Jurnal

7 Konferensi/Jurnal namaKonferensi Nama Konferensi/Jurnal

8 Konferensi/Jurnal website Alamat Website Konferensi/Jurnal
9 Konferensi/Jurnal tempatKonferensi Tempat Konferensi/Jurnal
10 Konferensi/Jurnal tanggalKonferensi Tanggal Konferensi/Jurnal
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Fig. 2. The visualization of knowledge graph

2.2.Knowledge Graph Completion Process

Knowledge graph completion is carried out by adding information about other papers and research
fields related to the first author from Google Scholar. Additional information added is a description
of the journal or conference in the knowledge graph. This information is obtained from web scraping
the journal or conference website address.

Taufiqurrahman et.al (Knowledge graph completion for scholarly knowledge graph)

Next, using Ontotext GraphDB, the dataset is converted into a knowledge graph according to
previously created mapping. From Ontotext Refine, we will get a SPARQL query that is ready
to run on Ontotext GraphDB. The results of the knowledge graph that has been built can be seen
with visualization from Ontotext GraphDB. The visualization capabilities of Ontotext GraphDB
helps us in seeing the data more clearly. Data and the relationships among them become more
visible than just seeing the data in its original form after it becomes a graph. Some data is in the
form of a URL, whereas in the visualization, the data is displayed directly in the form of a string.
The visualization of knowledge graph as show in Fig. 2.
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¢ Knowledge Graph Completion by Retrieving Information from Google Scholar

In the Google Scholar search feature, retrieving data from Google Scholar is done by searching
for the name of the author of each paper in the dataset. All data on the first author's name in the
dataset is used as a search query with the words "Telkom University" added behind it. So, the
query you are looking for is "name of first author Telkom University". The data taken is the
paper's title and the first author's research field that appears from the search results. So, in the
knowledge graph, the entity of the first author will have new information about other papers and
the author's research field. The data retrieval process uses go language programming code. This
stage's output is a dataset equipped with search result data from Google Scholar.

¢ Knowledge Graph Completion by Web Scraping

In this process, the data that we want to retrieve is the description of a conference or journal
contained in the dataset so that later, the conference or journal entity will have new information
regarding the description of the entity. The web scraping process is carried out by using website
address data for each conference or journal in the dataset. The web scraping technique used is
HTML parsing by using Python programming code with the BeautifulSoup library. In the HTML
parsing process, data is taken from the HTML tags 'hl’, 'div', 'p', 'text', and 'span’. This tag was
chosen because, generally, the text contains a description of the conference or journal website
address in that tag. Then from the data in the tag, only data that contains the words "journal" or
"conference" will be retrieved. The output from this stage is a dataset that has been equipped with
web scraping data.

2.3.Removing Null Data

The process of removing null data is carried out by utilizing graph transformation in GP2. First,
the data in the dataset is converted into a syntax format acceptable to GP2. The dataset that is converted
into GP2 syntax is only entity data that has null data. When converting a dataset to GP2 syntax, the
value of an entity is changed to the text “Entity name is not null”. This is done because of GP2's
limitations in storing text and entity values, which are also not needed in the process of removing null
data. The replaced value after the null data has been removed will be changed back to its original
value.

The syntax format for entities (nodes) is "(node id, data)", and the syntax format for relationships
(edges) is "(edge id, node id, node id, relationship name)". The output of this process is a host-type
file whose data is a graph of entities and their relationships. This file becomes one of the inputs for
the running process on GP2. Another input is a file of type gp2, which contains rule syntax to
transform the input graph into a graph without null data. The rule applied to remove null data is from
the input graph contained in the previous host type file, looking for all nodes that have "-" data. Then,
all edges connected to that node are removed. After that, all nodes that have "-" data are removed from
the knowledge graph.

Next, after the running process is carried out on GP2, we will get an output file of text type which
contains a graph that no longer has null data. The data in the file is then converted back from GP2
syntax format into a CSV type dataset so that it can be processed again by Ontotext Refine and
Ontotext GraphDB.

2.4. Feading the Data into the Scholarly Knowledge Graph

The dataset after the completion process that no longer contains null data is returned to Ontotext
Refine. Then, the data is mapped again by importing the mapping results that were created during the
previous stage of developing the scholarly knowledge graph, plus new mapping data from the
completion results to make it a triple. Triples added from data completion as show in Table 2.

Table.2 Triples added from data completion

No Entity Relation Entity
1 Penulis 1 makalahLain Journals
2 Penulis 1 memilikiBidang Research Fields
3 Konferensi/Jurnal memilikiDeskripsi Deskripsi Konferensi/Jurnal

Taufiqurrahman et.al (Knowledge graph completion for scholarly knowledge graph)
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Next, the mapping results are feeded into Ontotext GraphDB to be constructed into a scholarly
knowledge graph, which has been completed. The new data resulting from knowledge graph
completion can be seen in Fig. 3 and Fig. 4. The graph also no longer has null data, as in Fig. 2.

nama $ paperLain $ researchFields ¢
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Fig. 3. The example of data completion results from google scholar
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y ‘International Journal on Advanced Science, Engineering and Information Technology (1
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Fig. 4. The example of data completion results from web scraping

The visualization of the knowledge graph after the completion process looks like in Fig. 5.
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2.5. Evaluation of Knowledge Graph Completion

The knowledge graph completion process carried out will be evaluated by measuring the coverage
and correctness of the completed scholarly knowledge graph [52], [53]. Evaluation of coverage is
carried out by comparing the completed scholarly knowledge graph data and the data source. Next,
the correctness evaluation is carried out by comparing the knowledge graph completion data with
comparable external data.

3. Results and Discussion

3.1.Data Coverage

The evaluation of data coverage is carried out by comparing the results of the scholarly knowledge
graph data query after the completion process with the data source CSV file. In the experiment, a
random sample of data was taken, each with triple data showing the relationship between The first
author and Journals containing other papers related to The first author (“Penulis 17, “makalahLain”,
“Journals”); The relationship between The first author and the Research field (“Penulis 17,
“memilikiBidang”, “Research Fields”); and the relationship between the conference/journal and the
description of the conference/journal (“Konferensi/Jurnal”, “memililkiDeskripsi”, “Deskripsi
Konferensi/Jurnal”). Each triple data mentioned before has 50 random data. The process of querying
the scholarly knowledge graph is carried out in the Ontotext GraphDB application using SPARQL as
show in Fig. 6.
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Fig. 6. (a) Example of random data for The first author and Journals containing other papers related to The first
author, (b) Example of random data for The first author and the Research field, (c) Example of random

data for The conference/journal and The description of the conference/journal
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The data samples that have been taken from the knowledge graph are then compared with the data
in the CSV file data source. The coverage measured by calculating the amount of data found that is
the same, compared to the number of data samples.

We can see from Table 3, after comparing the data, the data obtained from the knowledge graph
query results can also be found in the CSV file data source. So, from the test results, the data
completeness (coverage) value is 100%. This means all data from the CSV file data source is already
contained in the scholarly knowledge graph.

Table.3 Data coverage testing results

No Triple Result Percentage
1 (Penulis 1, makalahLain, Journals) All data is same 100%
2 (Penulis 1, memilikiBidang, Research Fields) All data is same 100%
3 (Konferensi/Jurnal, memililkiDeskripsi, Deskripsi ~ All data is same 100%
Konferensi/Jurnal)

3.2. Data Correctness

e Other Related Papers from the First Author

Other related papers from The first author that have been included in the scholarly knowledge
graph are searched for the title of the paper on dblp (https://dblp.uni-trier.de) and Scopus
(https://scopus.com) using the API service from both sites. The comparison method carried out
with dblp is to take author data contained in the paper search results data. The author's data is
compared with the paper author's data in the scholarly knowledge graph. If the author's data is
the same, then the completion data is correct. From the results of the comparison with dblp, it
was found that 25% of the data was correct and that the added paper data had the same author
data in the scholarly knowledge graph and in dblp. The factor for the very low percentage is the
large number of papers that have yet to be recorded on the dblp site, while the completed data
comes from Google Scholar, which has more paper data as show in Table. 4.

Table.4 Correctness testing results of other related papers from the first author data

No Comparison Percentage
dblp 25%
2 Scopus 81%

Because the percentage could have been better, the data was also compared with other
sources, namely Scopus. The method used is almost the same. In the results of searching for
papers in Scopus, the data of the paper's author is taken and then compared with the author's data
in the scholarly knowledge graph. However, the data obtained from Scopus only has the data of
the first author of the paper being searched, while the data of the authors to be compared could
be the second author, third author, and so on. So, another condition is added here, namely, if the
search result paper is affiliated with Telkom University, then it is considered correct. From the
comparison results with Scopus, 81% of the data was correct, and the paper data added had the
same author data in the scholarly knowledge graph and in Scopus. The better factor in the
comparison percentage with Scopus is because more paper data overlaps between Google Scholar
and Scopus. So, comparing data on scholarly knowledge graphs taken from Google Scholar is
more effective with Scopus than dblp.

e Research Field from the First Author

The research field data from each first author, that is already contained in the scholarly knowledge
graph, is compared with the research field data for each author contained in Sinta Kemdikbud
(https://sinta.kemdikbud.go.id). The comparison was carried out using web scraping to the search
results page for the author's name. Furthermore, from the scraping results, data containing the
author's research field was taken. The data is then compared with data from the scholarly
knowledge graph. If the author's research field on the scholarly knowledge graph is the same as

Taufiqurrahman et.al (Knowledge graph completion for scholarly knowledge graph)
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that obtained from the Sinta Kemdikbud website, then the data is considered correct. The
comparison results found that 80.3% of the data was correct that the first author in the scholarly
knowledge graph had a research field like the one on the Sinta Kemdikbud website. This large
amount of correct data is because the author's research field data in Sinta Kemdikbud quite
closely overlaps with that in Google Scholar, which is a source of completion data for field
research.

e Description of Journal/Conference

The conference/journal description data obtained from the website data in the scholarly
knowledge graph is compared with the conference/journal name data in the scholarly knowledge
graph. The comparison process is carried out using the API service from OpenAl. The
comparison is done by querying OpenAl to check whether the description text truly describes the
relevant conference/journal. OpenAl will give “yes” if correct and “no” if not. The comparison
results found that 53.9% of the description data matched the name of the conference/journal.
Several factors cause some descriptive data that does not match the conference or journal. First,
the limitations of data retrieval through web scraping, which is only based on HTML tags from
conference/journal sites, make the data retrieved inappropriate. Second, there is a
conference/journal website address in the scholarly knowledge graph that does not match the
name of the conference/journal. The second factor is that the name of the existing
conference/journal does not match the website address of the conference/journal. The third factor,
OpenAl, which is used to compare, is also partially correct. The use of OpenAl as a tool to
compare whether the description data matches the name of the conference/journal was carried
out because we had not found comparable data that had a similar form to the description data in
this scholarly knowledge graph. Retrieving data by scraping directly to the conference/journal
site is still not optimal. It would be better if scraping could directly identify data that is actually
a description of the conference/journal, not just based on html tags from the scraping results.

e Null Data

Evaluation of null data is carried out by querying the scholarly knowledge graph to check whether
there is still null data. The way to check this is to look for triples in the scholarly knowledge
graph that have the entity "-" in the subject or object position. The data query process for the
scholarly knowledge graph is carried out in the Ontotext GraphDB application using SPARQL.
After carrying out the query, the result obtained is "'no result”. This means that there are no triples
with the entity "-" in the subject or object position. Thus, the percentage of null data that is
successfully removed is 100%. Based on the percentage results, it was found that GP 2 can be
used to remove null data in the scholarly knowledge graph. But, the condition is that a knowledge
graph needs to be changed first according to the GP 2 syntax, and if necessary, it is changed back
to the previous form so that queries and visualization of the scholarly knowledge graph can be
carried out.

4. Conclusion

This research develops a framework that can complete the scholarly knowledge graph. We
successfully get 100% for the value of the coverage parameter. This means that the scholarly
knowledge graph contains all data from CSV files of scientific paper publications within the
Informatics Study Program at Telkom University in 2018, Google Scholar, and web scraping.
Furthermore, for the correctness parameter, it was found that for knowledge graph completion data
from Google Scholar, in the data from papers related to The first author, 25% of the data was correct
based on comparison with dblp and 81% of the data was correct based on comparison with Scopus.
So, comparing paper data taken from Google Scholar is more effective with Scopus than dblp. In
research field data, which was also taken from Google Scholar, 80.3% of the data was correct based
on comparison with Sinta Kemdikbud. Furthermore, for conference/journal description data taken
from the web scraping process, each site obtained 53.9% correct data based on comparing the
description data with the name of the conference/journal using OpenAl. Retrieving data by scraping
directly to the conference/journal site is still not optimal because it is based on the html tags in the
scraping results. For the process of eliminating null data using GP2, it was found that 100% of the
null data was successfully removed. For the future work, we are planning to incorporate machine
learning methods into our knowledge graph completion to obtain more accurate data.
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