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Abstract. Time performance and precision became crucial factors in question-
answer applications. This research compares two ontology-based models of the
simple question-answer (QA) application. The domain of the application is movie
information. The first model used lightweight natural language processing (NLP)
and a detail movie ontology combination (shallow NLP movie ontology). The
other designed lightweight movie ontology was suitable with the IndoBERT
mechanism (IndoBERT movie ontology). The research used a run-time
experiment to get the best performance model using the IMDB dataset. The query
processing experiment controlled the amount of data, while the precision
experiment was based on the output generated by the Shallow NLP movie
ontology and the IndoBERT movie ontology. The results show that the Shallow
NLP movie ontology was better for the execution times and more precision (as
long as supported by valid ontology instances for all of the questions) than the
IndoBERT movie ontology. In contrast, the precision of IndoBERT movie
ontology was more powerful NLP than the Shallow NLP movie ontology. This
research is expected to provide an empirical contribution regarding building and
developing a simple QA application and ontology for closed domains.
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1 Introduction

A way to find the desired information is to utilize the Question-Answer (QA)
application. Generally, a QA system consists of three main modules: question
processing, document retrieval, and answer processing. A QA application receives
queries in the form of natural language questions. Then, look for answers in a set of
documents or the knowledge base of a domain. Finally, formulate a concise response

[1].

Most QA application group questions are based on the type of question [2]. If the
kind of question can be determined, then the type of answer can also be determined.
For example, if the question is "Who...", the desired response is a person or
organization. If the question is "When..." the expected answer is a time or date. This
research focuses on data mode analysis of a QA application that can provide relevant
information from an ontology-based knowledge base in response to queries provided
by users in natural language (NL).
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Utilizing an ontology to represent its knowledge base was necessary to improve
the quality of a QA application. Ontology connects symbols that humans understand
with their forms that machines can process. Thus, ontology bridges the gap between
humans and machines [3].

The current trend in QA research is towards open domain QA, which is based on
many documents on the web using IndoBERT. In contrast to this trend, several
studies focus on closed-domain QA research [4], [5][6]. The choice of a closed
domain is based on several reasons, including, first, exploitation of information in
web documents is often faced with the problem of the reliability of that information.
The information provided may need to be updated or corrected. Second, using formal
knowledge in closed domains can increase the accuracy of the QA system because
both questions and answers are analyzed based on this knowledge base. Third, an
institution may have and manage a limited knowledge base and only use it within its
scope.

Table 1 shows the research gap in this paper. The similarities lie in the use of
movie domain [7], closed QA [8], [4], IndoBERT in NL processing (NLP) [9], [4],
NLP framework [8], and the way of representing the knowledge base (ontology) with
data management [8]. Otherwise, the differences lie in expressing the knowledge base
of movie-ontology and IndoBERT combination using data management solutions for
QA closed domains.

TABLE 1. SIMILAR SCIENTIFIC WORKS.

Year Author Natural Knowledge Representation
Language
Kristoforus .
2010 Jawa Bendi Indonesian Ontology
2019 | M Syarief et al. Indonesian Ontology
M. Indah . Knowledge graph,
2021 Rahajeng et al. English IndoBERT
. . Sequence labeling tasks,
2022 Thiffany Indonesian IndoBERT
2 Methods

This paper applies a comparative study using two prototypes having different
ontology-based data models, as seen in Fig. 1. A simple QA application was built
using Python to compare the precision and the performance of the Shallow NLP and
the IndoBERT movie ontology with the Django framework, the Owlready?2 library to
import SPARQL function [8], and the transformers library for IndoBERT. The movie
ontology was managed using Protég¢.
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and Movie
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and Movie
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Fig. 1. Research methods.

This paper used one movie ontology for a simple question-answer application, which used
two models called Shallow NLP movie ontology and IndoBERT movie ontology. The
application follows the models and undergoes the NLP preprocessing. The movie ontology used
was from [7], adding the rangkuman data property in Movie classes. In this research, the movie
ontology ignores inference cases that require changing the SPARQL query.

The movie ontology consisted of the Person and Movie concept, as seen in Fig. 2. The
Movie class was related to the Person class through four properties: director, cast, writer, and
producer. These four relationships (Object property) explain the Persons who act as directors,
actors, screenwriters, and producers of a Movie. The Person has a name and gender, while the
Movie has the title, location, and rangkuman as Data property. Generally, BERT works on one
source text (summaries put together) [11], but it will be slow. Hence, the IndoBERT movie
ontology speeds it up by organizing through the formation of an Ontology, which requires
summary property data as a container for the source text to answer questions. So, the
preprocessing results are mapped to an entity (Movie class), and BERT only works on a specific
summary based on the name of the film title from the ontology created. Question processing
follows this model and undergoes preprocessing such as tokenizing, etc.

——director-

cast
Movie Person
——producer-

writer:

Fig. 2. Movie ontology snippet.

The two models were tested by two parameters, which were execution times and precision
using the IMDB dataset [10] and a question list from [7]. The total execution times were the
average of 10 times testing measured in ms. The experiment was tested in a single server
environment using a PC with Intel (R) Core (TM) specifications i5-8250U CPU @ 1.60GHz
1.80 GHz uses 12.0 GB RAM and uses the operating system MS Windows 10.

The five-question closed domain QA application used question words of who and where
(location) as single question sentences to limit the ontology of the Shallow NLP. Meanwhile, the
IndoBERT processed a compound sentence, not only a single sentence [11]. The five questions
are as follows [7]:

1. Who produced the Titanic film? (object property: producer)
2. Who is the director of the Harry Potter films? (object property: director)

3. Who wrote the screenwriter for the Titanic films? (object property: writer)
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4. Who are the players in the Slumdog Millionaire films? (object property: cast)
5. Where the Saving Private Ryan was made? (data property: location)

The execution times of query processing are critical in question-answer
applications because the longer the process takes, the higher the user's possibility of
abandoning the application [12]. Besides the execution times, the important thing
about a search engine is its usefulness. A search engine's effectiveness level is seen by
how relevant the search results produced are [13]. The story of relevance of search
results can be determined by calculating their precision. Two factors influencing
accuracy in this paper are the movie ontology and the NLP library for the Bahasa
language.

Precision is the ratio of the number of relevant documents retrieved to the total
number of documents retrieved [14]. This precision is used to measure the quality of
search results [15]. The following is the formula for calculating the percentage of
search engine precision [14]:

. Number of relevant news retrieved
Precision = - - -~ (1
Number of news retrieved in search

Assume that the application yields 100 responses, but only one is relevant (a fact-
based response to the question) answer. The precision value in that scenario is 0.01 or
1% [14]. The higher precision % determined the higher question-answer application
quality.

3 Results And Discussion

Fig. 3 shows the movie ontology used by the Shallows NLP movie ontology [7], while
Fig. 6 shows the movie ontology used by the IndoBERT movie ontology.

*7 User 4—‘

Question | Query
Processing " | Retrieval

Ontology

Fig. 3. Ontology-based QA application model of the Shallow NLP movie ontology [7].
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director
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Fig. 4. Protégé object properties.

The difference between the two models is in the class hierarchy. The NLP Lite movie
ontology used a Question Processing module to check question sentence validity and
get question keywords [14] after stopping word removal using a shallow NLP library.
Afterwards, the Query Retrieval module used the keywords to generate SPARQL query
statements [7]. The Query Retrieval module used the keywords to generate SPARQL
query statements [7]. Fig. 4 shows the object properties of the Shallow NLP movie
ontology. However, to answer the IndoBERT movie ontology, the data property called

rangkuman is needed to save all movie information in text description form, as seen in
Fig. 5.

V- owltopDataProperty
W gender

- I |gcation

- Il name

Rl r2ngkuman|

it

Fig. 5. Protégé data properties

Each movie had one the rangkuman consisting of all movie information: director,
cast, producer, and writer. Because IndoBERT would give the answer questioned by
the user obtained from one collected text description [9], while in the Shallow NLP
movie ontology, the answer is divided into pieces of text located separately in each
movie information.

User

IndoBERT

A

Ontology

Fig. 6. Ontology-based QA application model of the IndoBERT movie ontology.
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Resources for rangkuman were generated from ChatGPT [16]. The examples of

the rangkuman are seen in Fig. 7.
Data property assertion

B title " Saving Private Ryan”

B rangkuman " Saving Private Ryan adalah film drama p
Spielberg dan ditulis oleh Robert Rodat. Film ini berlat;
Perang Dunia Il tahun 1944, dan mengikuti misi sekelc
Kapten John Miller (Tom Hanks) untuk mengevakuasi
dari medan perang setelah tiga saudaranya tewas dal
Edward Burns, Tom Sizemore, Barry Pepper, Giovanni

dan Jeremy Davies.

Fig. 7. The ChatGPT example asserted in Protégé data property

Table 2 shows the experimental results for all questions tested by the two models.
The execution times of the Shallow NLP movie ontology was in the tens, mostly less
than 20, while the IndoBERT movie ontology needed thousands of time. Otherwise,
the IndoBERT movie ontology was 100% more precise than the Shallow NLP movie
ontology. It was because the movie ontology has the wrong description for the movie
director, as seen in Fig. 8, and the invalid answer result, as seen in Fig. 10, where four
directors were retrieved by application (25% precision). It should only get one director
(100% of precision), Chris Columbus, as seen in Figure 11.

TABLE II. EXPERIMENTAL RESULTS.
Question Shallow NLP Movie IndoBERT Movie Ontology
Number Ontology
Precision (%) | Execution | Precision (%) | Execution
Times (ms) Times (ms)
1 100 13.96 100 1640.61
2 25 17.95 100 533.57
3 100 15.55 100 2016.13
4 100 16.95 50 894.61
5 100 27.90 100 1695.47
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Individuals: harry_potter
& X

& academy_award

harry_potter

& Anil_Kapoor Property assertions: harry_potter
: ;::;:Fr:]t:':ms Object property assertions

& Dev_patel m= director David_Yates

& Freida_Pinto B director Alfonso_Cuardn

& Gary_Levinsohn mm director Chris_Columbus

® ghost W director Mike_Newell

Fig. 8. The unwell defined property assertion for question number two of the Shallow NLP
movie ontology.

Individuals: harry_potter
¢ X

& academy_award

harry_potter Property assertions: harry_potter
& Agus
. Alfonso_Cuaron Ohject property assertions
& Anil_Kapoor = director Chris_Columbus
& Boboiboy
: E:T_ P Data property assertions

Fig. 9. The well defined property assertion for question number two of the Shallow NLP movie
ontology.
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(D 127.0.0.1:3000/get_answer/manual/

Jawaban

Pertanyaan asli: Siapa sutradara film Harry Potter?
Pertanyaan setelah stop words dibuang: siapa sutradara harry potter?
pertanyaan ini valid (pola 4)

VP: harry_potter

Kata Kunci: sutradara
Subjek: ?movie

Predikat: director

Objek: ?person

Tipe Properti: objectProperty

Jawaban : Alfonso Cuardn, Chris Columbus, David Yates, Mike Newell
Metode : Manual

Waktu yang dibutuhkan: 0.03 detik (34.97 ms)

Fig. 10. The invalid answer result for question number two of the Shallow NLP movie
ontology.

After redefining the movie director in the movie ontology, as seen in Fig.9, the
answer was valid, as seen in Fig. 11, which was identical to the IndoBERT movie
ontology result, as seen in Fig. 12.

To get the answer to the question “Who is the director of the Harry Potter films?”,
the Shallow NLP movie ontology divided the sentences into three keywords: (1). Who;
(2). Director; (3) Harry Potter. Based on these keywords, the SPARQL statement was
created, matched each derived keyword, and searched manually from the ontology
structure provided. Whereas, the IndoBERT movie ontology only needed a keyword
(value property or VP or title of movie or individuals in protégé), which was Harry
Potter, to get its rangkuman. Therefore, there was only VP in the IndoBERT movie
ontology (Fig. 12 and Fig. 14). There were VP, keywords, subject, predicate, object, and
property types in the Shallow NLP movie ontology (Fig. 11 and Fig. 13). For example:

e Question: Who is the director of the Harry Potter films?
- Keywords: who the director of Harry Potter
- Subject: Movie
- Predicate: director
- Object: Person
- Property types: object property
e Question: Where the Saving Private Ryan made?
- Keywords: where was Saving Private Ryan made
- Subject: Movie
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- Predicate: location
- Object: Movie
- Property types: data property

(@ 127.0.0.1:8000/get_answer/manual/

Jawaban

Pertanyaan asli: Siapa sutradara film Harry Potter?
Pertanyaan setelah stop words dibuang: siapa sutradara harry potter?
pertanyaan ini valid (pola 4)

VP: harry_potter

Kata Kunci: sutradara

Subjek: 7movie

Predikat: director

Objek: ?person

Tipe Properti: objectProperty

Jawaban : Chris Columbus
Metode : Manual

Waktu yang dibutuhkan: 0.00 detik (0.99 ms)

Fig. 11. The valid answer result for question number two of the Shallow NLP movie
ontology.

A 127.000.1:8000/get_answer/findobert
Jawaban
Pertanyaan aslic Siapa sutradara film Harry Potter?

Pertanyaan setelah stop words dibuang: siapa sutradara harry potter?
pertanyaan ini valid {pola 4)

VP: harry_potter

Jawaban : Chris Columbus (score: 0.08)
Metode : IndoBert

Waktu yang dibutuhkan: 1.08 detik (1077.41 ms)

Fig. 12. The answer result for question number two of the IndoBERT movie ontology.
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( :) 127.0.0.1:8000/get_answer/manual/
Jawaban

Pertanyaan asli: Siapa saja yang menjadi pemain dalam film Slumdog Millionaire?
Pertanyaan setelah stop words dibuang: siapa pemain slumdog millionaire?

pertanyaan ini valid (pola 4)
VP: slumdog_millionaire
Kata Kunci: pemain

Subjek: Tmovie

Predikat: cast

Objek: ?person

Tipe Properti: objectProperty

Jawaban : Anil Kapoer, Dev Patel, Freida Pinto, Irrfan Khan, Madhur Mittal
Metode : Manual

Waktu yang dibutuhkan: 0.03 detik (32.92 ms)

Fig. 13. The answer result for question number four of the Shallow NLP movie ontology.

127001

Jawaban

stelah stop wonds debuang: Siapa pemain slumdog millonan

pertarmyaan ini valid (pola 4)

WP slurmalad_millionasne

Jawaban ; Anil Kapoor sebagai Prem, pembawa acara kuis, dan brrfan Khan (score: 0.03)

Metode ; indoBert

Waktu yang dibutuhkar: 1.65 detik (1653.47 ms)

Fig. 14. The answer result for question number four of the IndoBERT movie ontology.

getManualAnswer(object, predikat, wvp):

WHERE {{
{vp} :{predi

11
¥J
wnn

results = list(default world.sparql(query))
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Fig. 15. A code snippet for the Shallow NLP movie ontology.

However, the IndoBERT resources were generated by ChatGPT. As long as the data
was complete (all answers to all questions are available) and valid, the answer would
also be correct. It happened because of the question, “Who are the players in the
Slumdog Millionaire?”” [10]. The Shallow NLP movie ontology had 100% precision
(Fig. 10). In comparison, the IndoBERT movie ontology had 50% of accuracy (Fig. 11).
It would have 100% of accuracy if the rangkuman had valid information about the movie
players [17].

lef getAutomaticAnswer(vp):
query = funm

PR

mnnn

results = list(default world.sparql(query))

Fig. 16. A code snippet for the IndoBERT movie ontology

A threshold for confidence score in IndoBERT had to be determined in supporting
the question's relevant answer [11]. For example, the threshold for response to question
two was 0.08 (Fig. 12), while for question number four was 0.03 (Fig. 14). The result
was 100% for question two and 50% for question four. Nevertheless, sometimes
answers considered less relevant still had a confidence score that exceeded the threshold
value [17]. Moreover, each BERT model has a different level of accuracy [18]. It causes
the model to be trained independently to be more accurate. It would be better if an in-
depth analysis were carried out regarding how a threshold was obtained and what its
relationship is with the use of the ontology that had been created.

4 Conclusions

This research experimented with an ontology-based QA application using a movie
dataset that can process single-question sentences. The Question Processing and
Query Retrieval algorithm required further research for compound sentence questions.
The study result showed that the Shallow NLP movie ontology for closed domain QA
application was a hundred times faster than the IndoBERT movie ontology. Print the
properties (object and data) after the node was found in the Shallow NLP movie
ontology. Meanwhile, in the IndoBERT movie ontology, there was still an IndoBERT
set process from the summary (the rangkuman data property) after the node met.

The IndoBERT movie ontology and the Shallow NLP movie ontology could have
a similar precision. As long as the Individuals of protégé were valid in the Shallow
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NLP movie ontology and the more question keywords arranged (to be a deep NLP
movie ontology) in the Classes, Object properties, and Data properties of Protege,
then the more the number of precision answers obtained (Individuals in Protégé).
Otherwise, the more complete, valid, and well-managed the data set in the rangkuman
data property, the more errors in the answers to IndoBERT movie ontology will be
avoided. Therefore, it is necessary to develop a movie ontology by creating special
classes (placed in the specified data property) to handle two types of data in one
question, for example, "When (Date) was the film Titanic released and how long
(Integer) is the duration of the film Titanic?". It is because IndoBERT movie ontology
only processes the rangkuman data property in the form of descriptive text (String)
and will display the first answer obtained after question keyword valid checking.
Since the Individuals inputed manually in the Shallow NLP movie ontology using
Protégé, how to map the data to ontology dynamically would support the data
validity. Meanwhile, the IndoBERT movie ontology used ChatGPT to create data
dynamically. Thus, the IndoBERT could be improved by the NLP retraining.
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