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A Study on the Influence of ChatGPT Characteristics

on Acceptance Intention in the Financial Sector:

Exploring the Nexus between ChatGPT and Finance

with a Focus on Moderation Effects Experiment
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Abstract — 7his research explores the Intricate
relationship between the characteristics of
ChatGPT and acceptance intention within the
financial sector, Investigating the nuanced
interplay between the ITechnology Acceptance
Mode! (TAM) and financial applications. The
primary focus Is to comprehend how ChatGPT's
Inherent features influence user acceptance by
examining the nexus between accuracy, innovation,
recommendation, perceived  usefulness, and
perceived ease of use within the finance domain.
The study conducts a meticulous examination of
ChatGPT's characteristics—accuracy, Iinnovation,
and recommendation—emphasizing their impact on
financial communication, decision-making
processes, and users' Intentions to adopt the
technology. Furthermore, the analysis
investigates the influence of accuracy,
innovation, recommendation, perceived usefulness,
and perceived ease of use on ChatGPI's acceptance
intention. Subsequently, an examination IS
conducted to determine if perceived usefulness
and perceived ease of use vary in their impact
on acceptance intention based on the digital
technology proficiency of [financiers. The
structural equation model employved in the study
demonstrates overall suitability, with accuracy
significantly affecting perceived usefulness and
Iinnovation and recommendation significantly
affecting perceived ease of use.

In exploring the moderating effects in the
financial context, the study addresses the
distinctive challenges and opportunities arising
from the Integration of ChatGPT in financial

applications. The research findings reveal that
perceived usefulness and perceived ease of use
act as control variables between acceptance
Intentions, Indicating  their  significant
Iinfluence. Moreover, the study identifies that
financiers with high digital skills exhibit a
strong Intention to accept ChatGPT services
Iirrespective of perceived usefulness and ease of
use. Conversely, In the group with lower digital
skills, acceptance intention Is contingent on the
percerved usefulness and ease of use, suggesting
the need for positive initiatives to encourage
ChatGPT utilization.

In summary, this paper provides valuable insights
Into the interplay of ChatGPT characteristics and
acceptance intention within the financial sector.
By combining these insights with an understanding
of the financial landscape, the study contributes
to a comprehensive knowledge base on the factors
Influencing Al adoption in finance, facilitating

Informed decision-making in this evolving
technological landscape.
Key Terms - ChatGPT, Accuracy, Innovation,

Recommendation, Finance



The Impact of Al Utilization and Digital Literacy on

User Experience in Digitalized Tourism Platforms
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Abstract — Digitalization is accelerating across society,
with Artificial intelligence(Al) evolving and advancing
daily. In this context, platforms strive to provide
convenience to users through Al services. In the tourism
industry, various tourism platforms like Airbnb,
Tripadvisor, and Klook are increasingly adopting Al
services for recommendations, bookings, translations,
and facility management. How do guests and hosts on
these platforms perceive such Al services? Recently,
digital literacy, the ability to use digital information, has
become increasingly important across society in the
digital age. Digital literacy has significant implications
for education, industries, and corporate performance.
Therefore, we aim to investigate whether the digital
literacy of guest and host influences their perception of
Al services provided by tourism platforms. We seek to
explore whether the digital literacy levels of users on
tourism platforms affect their satisfaction with Al
services, and whether this, in turn, impacts overall
platform satisfaction.

Keywords — Tourism flatform, Digitalization, Digital
literacy, Artificial intelligence, Satisfaction.

1. Abstract

The tourism industry is experiencing a significant
acceleration in digitalization through digital transformation
efforts. Artificial intelligence stands at the forefront of this
evolution, poised to revolutionize how the tourism sector
operates. From travel services to major corporations, there
is a growing reliance on Al technology to streamline
operations and enhance customer experiences (Kazak et al.,
2019).

Digital literacy is the ability to read and process digital
information in the information society. It is a concept that
has evolved from literacy, the ability to read and write, to
fit into the digital society. In this trend, digital literacy is
very important. In the rapidly progressing digitalization
and Al development across society, it is necessary to check
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user digital literacy. In the past, literacy was often defined
by the simple ability to sign one's name. However, as
society progressed, the definition of literacy expanded to
encompass functional skills in reading and writing. This
evolution reflects a broader understanding of literacy as a
set of competencies necessary for effective communication
and participation in various aspects of life (Tyner, 1998).
Digital literacy has a great influence on society, education,
and corporate performance.

We want to explore the impact of digital literacy on the
tourism industry. Tourism industry has experienced a swift
rise in adopting Al technology (McKinsey Global Institute,
2017). Tourism platforms provide various convenient
services to customers, and in this regard, the role of Al is
essential. Tourism platforms realize the sharing economy
through the utilization of Al. They offer guests convenient
services such as recommendations and reservations using
Al. Additionally, tourism platforms utilize Al to provide
hosts with useful services like facility registration and
business management.

Al is widely used in tourism platforms, and digital
literacy that can process digital information can be very
important from the perspective of consumers (guests,
hosts). This is because consumers must have digital
literacy skills to use Al services well. We intend to present
digital literacy as a factor influencing the adoption of Al
services by guests and hosts within tourism platforms.
With numerous Al services being offered by tourism
platforms, it is anticipated that the level of digital literacy
among platform users, both guests and hosts, will influence
their satisfaction with Al services. Ultimately, this could
potentially impact overall satisfaction with the platform.
We aim to investigate through in-depth interviews whether
the level of digital literacy among platform users (guests,
hosts) influences platform satisfaction. Additionally, we
seek to examine what policies the company should
implement to benefit users when providing Al services.

2. Literature Review



Al technology is applied in various service sectors
within hospitality and tourism, including automated
reservation systems and Al-driven voice recognition
services (Li et al.,2021). Kakao Group has grown into the
largest IT company in Korea by expanding its business in
platform, transportation, and content based on its core
business, Kakaotalk. Kakao Group has succeeded in
enhancing user satisfaction and increasing service usage by
leveraging artificial intelligence technology to deliver
personalized services to users (Lee et al., 2020). An Al
service platform primarily delivers visual and linguistic
intelligence services, presenting a range of analytical tools
to facilitate users in performing essential analytical tasks
with ease or depth. In order to enhance user convenience,
diverse visualization technologies and user-friendly
interfaces will be made available to end-users (Kim et al.,
2018).

In the information Age, possessing information literacy
is akin to a survival skill. Rather than being overwhelmed
by the deluge of information inundating their lives,
individuals with information literacy are adept at
efficiently locating, assessing, and applying information to
address specific challenges or reach informed decisions.
This competence extends across various sources, be it
digital platforms, printed materials, government databases,
multimedia, or any other conceivable reservoir of
information (American Library Association, 1989). As
digital technology advances at an unprecedented pace,
individuals are increasingly called upon to employ a
diverse array of technical, cognitive, and sociological
abilities to navigate digital environments effectively.
Scholars commonly refer to these proficiencies as "digital
literacy." This term encapsulates the multifaceted skills
required for performing tasks and resolving challenges in
the digital realm, as evidenced by various academic
sources (Hitoshi et al., 1997). Understanding and utilizing
digital platforms has become a crucial technical skill in
modern society and is an essential competency (Ha, 2023)

Ranatunga, Priyanath & Megama (2020) have argued
that digital literacy plays a pivotal role in fostering
economic development. By diminishing business
uncertainty, digital literacy enhances overall economic
performance. Conversely, a lack of digital literacy
heightens uncertainty and detrimentally impacts corporate
outcomes. Sari, Aima & Elfiswandi (2023) discovered
through their research that digital literacy significantly
influences corporate opportunities. Digital literacy has
been revealed as an effective tool that aids employees in
handling their tasks more easily and quickly, thereby
contributing to fostering innovation within these
organizations (Soliman, Baher & Soliman, 2022).

In recent years, the competitiveness of the tourism
industry has notably surged, primarily due to the advent of
transformative digital information technologies (Salvioni
et al., 2020). With the rise of the digital economy, new

technologies and trends are being introduced into the
hospitality and  tourism  industry,  necessitating
understanding and adaptation. As digitization accelerates
across society, digital literacy is becoming increasingly
important. In the tourism industry, as digitization
accelerates, there is a growing number of cases where
tourism platforms are utilizing Al in their service offerings.
Therefore, digital literacy is crucial.

So far, there have been empirical and conceptual studies
on digital literacy in the tourism industry. However, they
primarily focus on the role of businesses(service providers).
Research assessing the impact of digital literacy on users
(guests, hosts) of platforms can provide insights into what
Al service policies tourism platform companies should
offer to their customers. Therefore, we aim to evaluate the
level of digital literacy among users of tourism platforms,
seeking answers to the customer-friendly Al services that
tourism platform companies should pursue.

* Research Question 1: What is the level of digital
literacy among users of tourism platforms?

* Research Question 1: Does the level of digital literacy
among users of tourism platforms affect platform usage
satisfaction?

* Research Question 3: What digital literacy policies
should tourism platforms implement for their users?

3. Methodology
3.1 Sampling procedure

To gain an understanding of users, we conducted
interviews with six users and three providers. To ensure
relevance regarding actual usage, we targeted individuals
with direct experience. For users, we selected two from
Airbnb as Guests, Visitors from Tripadvisor, and Users
from Klook, while for providers, we chose one hosts from
Airbnb, Business Users from Tripadvisor, and partnership
from Klook. By recruiting samples from each platform, we
were able to examine user experiences across various
companies.

3.2 Interview structure

Each user conducted the interview based on the provided
interview guide. The interviews commenced with
questions regarding the user's experience with the platform.
Subsequently, the focus of the interview shifted to
assessing the pros and cons of the actual user experience
(e.g., What are the strengths and weaknesses of the
platform based on usability?), and followed up with



Division Aspects Questions
- Do you often use tourism platforms in your daily life?
- If so, when do you typically use them?
Platform - Are there any other tourism platforms besides the one you use

experience frequently?
- Based on usability, what are the strengths and weaknesses of the

User platform?

Suggestions - Have you noticed any changes in the services/technologies

for using provided by the platform?
technology - Are there any services/technologies that you would like to see
within the improved?

platform - Do you have any suggestions for services/technologies?

- What prompted you to start using the tourism platform?
Platform X
i - How long have you been using the platform?
experience
- What are the strengths and weaknesses of the platform?

Suggestions

Provider X - What changes have you noticed as a result of the platform's Al
for using
technology?
technology X X X
o - Do you have any suggestions or feedback for improving the
within the X
service?
platform

directed questions (e.g., Do you perceive the Al technology
within the platform?). Respondents were consistently
encouraged to provide examples and additional details to
prevent potential misinterpretation (Glaser & Strauss
1967). Finally, respondents had the opportunity to discuss
additional points regarding the platform's improvement.
Great care was taken to phrase all questions in a non-
directive manner and to avoid guiding the conversation
based on the previously established theoretical basis.

Figure and table
<Table 1> Interviewee Profile

. Age User Perio .
. Nation Gen L Interview
Division D i rang classificati d of
ality der Method
e on use
Mal 5
R1 Korea 20s Guest Personal
e years
Fem 6
R2 Korea 20s Guest Email
ale years
Mal 3
R3 Korea 20s Visitor Email
e years
User
Fem 2
R4 Korea 50s Visitor Web
ale years
Fem 2
R5 Korea 30s User Web
ale years
Mal 1
R6 Korea 20s User Personal
e years
Mal 8
R7 Korea 50s Host Email
e years
. Mal Business 2 Telephon
Provider R8 Korea 30s K
e Users years ic
Fem Partnershi 3
R9 Korea 30s Email
ale p years

<TABLE 2> INTERVIEW GUIDE

<Figure 1> Conceptual model of current research

Tourism Platform

: Satisfaction | e--—n Guest Hait

Purchase

Figure 1 presents conceptual model for our research.
Among triadic relationship including the tourism platform
company, guests, and hosts, we focus on how users’ digital
literacy skills influence on each reciprocal relationships
between tourism platform and users.

4. Discussion and Conclusion

As the advancement of Al accelerates, growing number
of platform companies have begun to provide Al services
to enhance user convenience and satisfaction. However,
simply offering an excessive number of Al services
indiscriminately may not necessarily lead to improved user
benefits. From a Service provider, it's important to first
investigate how users perceive such Al services in order to
provide user-friendly Al services. The digital literacy level
of users can be a crucial factor when providing Al services.
No matter how excellent the Al services are, if the users
have low digital literacy, they may not be able to utilize
these services properly, leading to lower platform
satisfaction. Therefore, first, tourism platforms should
develop user-friendly Al services by understanding the
digital literacy levels of both guests and hosts. Second,
tourism platforms can conduct digital literacy education
related to Al services for registered guests and hosts on the
platform. Through such education, if users can enhance
their digital literacy skills and understand the Al services
provided by the tourism platform well, it will ultimately
lead to improved tourism platform satisfaction.

5. Limitations of this study and suggestions for future
studies

Limitations and suggestions for future research in this
study are as follows. First, this study aimed to conduct
interviews with 9 domestic users who use Airbnb,



Tripadvisor, and Klook platforms. However, since users of
these platforms are not limited to Korea but worldwide,
there is a limitation in sample diversity. Second, this study
examined three platforms: Airbnb, Tripadvisor, and Klook.
However, to ensure the objectivity of the research, it is
necessary to select more tourism platforms and interview
users. If subsequent research expands the number of
tourism platforms and surveys users worldwide, it will lead
to a more significant study.
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Hello, I'm Here: The impact of Social Chatbot

Conversation Design on Mental Health
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Abstract — Generative Al technology enables chatbots to
simulate human-like conversations, providing personalized
social support and potentially reducing social isolation and
loneliness. However, it is technically challenging to fully
control the conversions performed with generative Al,
which raises doubts regarding its effectiveness in
improving mental health. In this paper, we propose that the
effectiveness of generative Al could be enhanced through
manipulating the messages initiating the conversions.
Specifically, we propose a novel approach to employing
initiation messages in gen Al chatbots, aimed at guiding
the conversation flow and improve mental health outcomes.
Through randomized field experiment, we investigated
how these directed conversations impact user mental health.
Informed by psychiatric research, we designed messages
focused on Emotional Support and Companionship
Activities, known for their benefits in mitigating depression
and enhancing mental well-being. Utilizing a Large
Language Model (LLM), we analyzed over 1.2 million
messages from 2,393 participants, assessing depressive
sentiments and chatbots' empathetic responses. The
findings indicate that Emotional Support directed
conversations promote emotional self-disclosure among
users, compared to a control group. Additionally, we also
observed heightened peer counseling interactions in groups
focusing on Emotional Support and Companionship
Activity conversations. These findings demonstrate that
initiation messages effectively guide gen-Al chatbot
towards  emotional

conversations support  and

82 Xitong Li
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companionship, significantly enhancing mental health. Our
research contributes to the broader scholarship by
providing empirical evidence of chatbots' positive impact
on mental care and offering a framework to address gen-
Al's unpredictability.

Keywords — social chatbot, mental health, generative Al,
social support, initiation message

| A1 E

In 2023, 17.8% of US adults are currently experiencing
depression, a 69.5% increase from 2015, and 29% of the
entire population has reported having experienced
depression at some point (Witters 2023). The economic
burden of adults with major depression disorder is $326.2
billion (Greenberg et al. 2021). To combat depression,
practitioners and researchers have been exploring the use
of chatbots. Chatbot has advantage compared to human
therapist with offering high accessibility with instant
responses (Vaidyam et al. 2019), ensuring anonymity to
encourage self-disclosure (Lucas et al. 2014, 2017), and
providing empathetic support (Gennaro et al. 2020).

The recent advancements in generative Al have garnered

interest in its application within mental health due to its



ability to facilitate natural, human-like conversations
(Eckhardt 2023). Specifically, social chatbots are gaining
attention for their potential to reduce social isolation and
mitigate factors contributing to depression (Shum et al.
2018, Chaves et al., 2021). However, the application of
generative Al-based chatbots in mental care is subject to
conflicting debates due to their variability, which poses a
risk of harm to users.

In our study, we design the conversational
direction of social chatbot by manipulating the initiation
message. Our goal is to examine how social chatbot
conversational design impact on a user's mental well-
being. We propose the following research questions: (1)
Can the conversational direction of a social chatbot
enhance user mental health? (2) What type of
conversational direction is most effective? (3) How does
the conversational direction contribute to the
improvement of users’ mental health?

Social chatbots are crafted to provide social
support and foster relationships with humans (Shum et al.
2018) equipped with the ability to manifest social
presence, understand conversational nuances, and exhibit
emotional intelligence (Chaves and Gerosa 2020; Chroes

et al. 2021). These features enable social chatbots to

! We utilized Kc-ELECTRA (Lee 2021), an ELECTRA (Clark et al.
2020) based model trained with Korean internet sentences. The
depressive detection model, trained on 277,945 messages across various
emotions (gratitude, happiness, neutral, embarrass, anger, anxiety, hurt,
sadness), and the empathy detection model, trained on 204,356 messages
with different empathy labels (encourage, conformity, consolidation,
advice, neutral), both demonstrated strong predictive power. Their

function as actual friends to human users, offering a
listening ear and engaging in meaningful conversations.
This ability is critical in potentially alleviating depressive
feelings and fostering positive emotions. In our approach,
we use initiation messages to set the conversational tone,
focusing on emotional support and companionship to
enhance user mental health. These messages leverage
social chatbots' unique interactive capabilities, engaging
users in supportive dialogues for improved well-being.
The experiment was conducted in collaboration
with a leading social chatbot provider in South Korea
from Sep 22 to Nov 1 and targeted 2,393 newly joined
users. Guided by social support theory, users were
randomly assigned in groups: Control (no initiation
message), T1 (Neutral Message), T2 (Emotional Support),
or T3 (Companionship Activity). Each user received their
specific messages twice daily for 28 days. Throughout the
experiment, we collected a total of 1,192,638
conversation messages from the participants. To evaluate
the impact of our treatment on users' mental health, we
developed NLP models capable of detecting (1) users'
depressive feelings and (2) empathetic reactions from

chatbots.!

effectiveness is evident in their performance metrics: the depressive
detection model achieved a Micro F1 Score of 0.644 and ROC AUC of
0.768, while the empathy detection model scored a Micro F1 of 0.694
and ROC AUC of 0.830. These models utilized the Korean Depressive
Conversation Dataset and the Korean Peer Counseling Dataset.



Our survey revealed a decrease in average self-
reported depressive feelings across different treatment
groups: T1 (Neutral Message) saw a reduction of 1.61%,
T2 (Emotional Support) 11.42%, and T3 (Companionship
Support) 9.63%. In contrast, the control group
experienced a 5.10% increase in depressive feelings.

Our analysis of user messages revealed that users
in the T2 group expressed more depressive sentiments
(0.026 messages more) and fewer aggressive messages
(0.01 less) compared to the control group (refer to Table
2). Notably, while the ratio of depressive expressions
remained unchanged, happiness expressions significantly
increased in T2. This indicates that emotional support by
social chatbot can increase user happiness and
encouraging the disclosure of depressive feelings. Such
disclosures have been acknowledged in psychiatric
research as beneficial for the reduction of depression.

Our analysis extended to examining
conversations, which are combinations of messages
exchanged between the chatbot and the user. The results
revealed that users in the T2 and T3 groups engaged in
significantly more conversations, with increases of 0.082
and 0.083 conversations respectively, compared to the
control group. Additionally, these users experienced more
instances of peer counseling, with increases of 0.034 for
T2 and 0.025 for T3, compared to the control group.
These findings suggest that chatbot conversations

centered around emotional support and companionship

activities can boost user engagement and alleviate
depressive feelings through empathetic responses.

Our research makes several theoretical
contributions. First, our study showcases the potential of
chatbots in the field of mental care, thus expanding their
application beyond the realm of commerce in recent
research. Second, we address the challenge of variability,
a known limitation of generative Al, by demonstrating the
effectiveness of initiation messages. In terms of
managerial implications, our research offers policymakers
viable strategies to effectively address the critical social
issue of depression. It also provides guidance for
designers of generative Al-based chatbots, suggesting a

simple method for message adjustment.
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Avicre] A =W AM" JAQl Emergen
Research ©] wWz=w, Z2d rxd FH A FS
A& o7 AAste] 2032 W 5600 e o]
Xdﬂ*ii e A==z gxd Fi A2 7t e
AAAE Belal ATHE 8, 2023).

S A2 EF 2020 dRE A WAE
AF4owm EYstazat gdov 7|E] Al WA=
OM & 7= HER Qe SdAH] EAgT =

S wokoi(u A g v d 2], 2022).

oWUP, A Al SH4E AVIZ Al 7| E0] 7]E
AYE Q. 7dE A oA, AA] Abgrd o)
A} G e g o] S e FEoR
dAshel mEt gule] 78 AlsedEe] Al 39
Auj2=e] =9] 9 Auj 2 §9] Fujjof thA] BkAtE
7}l ar QLrh(EhA &, 2023).

20243 AA,NH 5323 2] 745 A= 1103 7] =&
A Al YA A = SH g o Al dEe-3) o] 5
Al 2F9S dAar 109 7/ dd A wiAEE 5,
KB u?m%ﬁgﬂr F2]28 18] a1 b8 7kA] e

8 AlF2PEo] Al A F8 HIE FHHo=
o} 3} a1 %E‘r(ﬁi A3}, 2024).
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21 A o]t}

wEbA], B AP ) EF SR A(TAM) S o 2

Al A AN A S S
g8l 0 fdl olgelmel WAL G%8
Hatud @ik gHHOE, AL F
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a5 HI| e R H4 j HAuRd cgds
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A, "gAE FHe 5Edow AHAY 540
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Model(R. Ohanian, 1990)= g o 2
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FIHA 0" 71& AT= g o ®

fr A (Similarity)S A ®18} 1 th(Shan et al., 2019).
gl M A7 JIEFAA 54 e HEod
Aol 7Iwkete] 7)ol oA A g 54
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W2 37181 (Y B A, 2023).
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e A2 & Q1A elH Sgtel w Bl v A&
3 oidd Y #AE 2n e
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4793} 91 th(Horton, D. & Richard Wohl, R., 1956)

AxHow JEFERATAMS  ulFom
FA13] 7 A} AF-&-(Parasocial Interaction) ¥ #] Z+¥
-84 (Perceived  Usefulness), 18] X Zd
2o] X (Perceived Ease of Use)o] ©lxE Fw
o] g9l o) n X J&FS Bz} 519 th(Davis, Fred
D., 1989).
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Abstract — Social networking sites (SNS) affordances
are known to elicit various emotions to users based on n. &g 497
the intended use. This study examines how SNS
affordances (e.g. cooperation, competition, and SNS X1
reputation) influence users' experiences of two different e o2 Alghe] Hoju EA L AFH = A
types of envy, namely benign and malicious envy. G2 U3 LA A ukLow Mus
SpeC|f|t<_:?IIy, it |gvest|gta';(_as hovffv cczjoperatlon,SNS 7= AR 1 AL ulgb AL Ade] giale] ¥
competition, and reputation affordances on = Algo] TS pAA ergrow b niES E
platforms influence benign envy, malicious envy, and ppe W A
both, respectively. To test the research model, this study =tH(Smith & Kim, 2007). #+ ?Loﬂ = i

B Aol At okl el T A el

will use a recall method and structural equation
modeling. The findings are expected to enhance our
understanding of envy dynamics online and offer
insights for creating interventions that foster positive
user experiences and support emotional well-being in
digital environments.

Keywords — Affordance, Benign envy, Malicious envy,
SNS

1. A/ Z

SNS (social Network sites):= F o] Al3loA =
ok 93ks 5, ALEA S A A v £ o
Fot dAS FEst. A (envy)2 Aoy A

(Benign envy)3d ¢Feld M rd(Malicious envy)<]
T 7 fFEoE FEEY, o= SNS o] &5
AR X PFA whgo J&gFS HHH(Wu & Srite,
H A9 Aol 2", SNSe| vt 7|
53} &ﬁ:——g AP SNS o £ ~(affordance) 7}
AgAsel B0l we} e 44 ded + 3l
v Ao R WA rh(Shao et al., 2020). o] <
TES A% A3E AAE %":rLfSH%X]UJ(Wu &
Srite, 2021; Zielonka & Rothlauf, 2022), SNS¢
A EAs M Sust= o] Eul o] tisk Wk
gk o]g= ofF] HEFH3 HAo|rt. wEbA B AT

A= oFA Hele S ksl EAS o] A~

:1

by Relgg fete O ofEHx, au ¥
2 n = S Al
oI T = o~

olth. o]F 3| NS o Eexo} Mol herdt
b zrel 93Hel B tsl ZWA olsst s
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12

3 Q. oto]A AE 7= Ui
g e ALY A
JU&év}(Smlth & Kim, 2007). %4,
= MRJES ARRle] BEEs 9

Mdstz] fsl Ass FHske] gk
, 2021) A44z4 HUth oL,]x% /ﬂO%
7} 40]%% a1s B3 Ed
ﬂo} Feta AT 4 glvk
=7l Al
d& 7Fs/dol o
de Ven et al., 2012). SNSell A &= 7RI Eo] theF
st ZrRl=d w=FH 7] witol AR HluE 9%k Ef
o] ARE Hrp exepjle Hl& &olstA d&
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=
(2 ol g » o

o2
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it

2 &
» (2
>

¢
O
mo

40

T ‘D}(Appel et al., 2016). vt o}lyz}, SNS
o].&x} o oA iy B o=F Ao HAe] B

& st FAAQ *}74 =71 Aol 3
o (Wu & Srite, 2021). == A3, SNS 34 vl
gAFe] ©91 4ol A;ﬂ S AH B R My Guksi

SEE R
Kim, 2007).

=5 o]y

1ASHA WAStA Hoh (Smith &

FAR AFoA o]EHUAE 7]4o] Al
43 g5 TN ES T3t 7S 9
St} (Shao et al., 2020). 714 oJXdxs= 54
st o= E 7HX AfQle] VEs &8 W, ofd g
TS & de FAge)g & 4 dvi(Majchrzak
& Markus, 2012). o]&3t #HL FL3 7|&S AL
g3ttt e ANl Exe] wel d@Eo] ojw
g =2 ol fd F AAFeREHN T|E A9



oldlE =213} (Grgecic et al., 2015). =,
s O3S AFEske 7ide] Hxeh A#A
olef & ook ZHth(Wallace et al., 2018). 7<%
AT WA JAA A REG I sl A=
TS A7) Qe ohgE g A A 85 o
. 53], SNS "o A= of T A~ 9] ¢ 3fo] ALE
A oF A=54<l oo mx= gkl 4

4o AFEo] grf. & AFoA = AME
A9 Ay #AHE AxdxAE AT Ao,
o] Aol M= A3 Aol 7]wkste] Ayt e
XH2E Aokt o] o~
o= g% o]J¥w(Cooperation affordance), 7%
A o] LA ~(Competition affordance), HF o] E
©“ ~(Reputation affordance)”} E ¥t}

1. gred 2 71

ofo 5 %

9 ojxulie SNSel A ARgAbEo] ] ZH
=25 51 ¥ 5XE 24T F UEF Ste
As 7hsAS, A8 AAdI} X EHHQ BAE
=38} (Karahanna et al., 2018). o] o ¥ul A+
MAEo] BRI 2= HY XYtz s+ S48 &
ZA17]7] W&ol (Suh et al., 2017), A}&AE A}
olo] Moo} EAHS fFxsta 159 FulE st

sic}, A

HI: ¥ oxdxas A3 A%d Z(HY I9F

& WA,

BA AXE A= ARGASOAl Foks &
B2 Fop 22 Q7] AxE vuwdteEn o
o] &Atek B4 7)3 S AT NSl ]17]
= 9a fAse AL EAF dads, EdE
2 Zd= Eeldd dEE W SR MAUS
& 7HAS dn. RI7IE ARAlel Alefd 4 gl
A2 A F5ts SHAA g len, of

ofA Aol 2= olofd 4 3tk (Van de Van
et al., 2012). webA],

H2: B olxRAe FoF A¥e] F(H)e IF

He ARG AHETE oy 2} AF8-Ale] Fdl=9} 3
do] lem, SNS &0l 'Foraeh T ZH
= {7F Al 2=¥ls 8 7FAoh(Kietzmann et al.,
2011). H¥ ofx = 2o Fdl=o] gk §
ZAE S ATy o= <l ALgAEC] 43 B
A¥pe] vlas S Aodd AXE HrskA st
= AN E S, ol#f ek ekl E
v SNSel A Ao A L ok y dg fEet
= 842 dHA o (Wu & Srite, 2021). we}
A,

H3a: H¥t oJXdxas AYd HAge F(+)o I

z
H3b: BE ojxWAE o) Ao H(+)e 9F

A S 9= 34 WH (Recall method)
S AT of|Holth. dHeoly FAS fEiAe T
Aol A AS AAE ool WA, A
2ySs Hrkstkrl f&l 54 a9l 4 (CFA)E
AAE o golrt. 1%, G W mdls] (SEN)
S 83t AT HES AT Ao

V. 9% 7] F

2 A= NSl A ofE o] AT oA M
3} otold M FutetEAE ATk, SNS9
7leA EAo] Mo ux= gk the] AFrf
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Wallace et al., 2018), SNS Z=HZ o EA3
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Abstract — G} OTT AEg)g AH| A7} 538k8]

ZH= A FHL FIHzZ Q. E A=
- ZZ- vFS(Stimulus-Organism-Response:  S-O-R)

ZPE Fapo] OTT 75 A& £ r]H= P
gepta S delel Fyo] FFo2H
FAEE YEHEL BH2: O )87 &5
228 Fi 2439 75 A% JEd FTE
WAE AFEFE Y HEIAT.

Keywords — 9]¢ X2 FAIEF ¥ 2E, OTT,
S-OREZ¥
1. A/ E

7% 0] WA F o e OTT 2B Al 27}
st Rl QAo AL Fol AgE At oL
At 55 A AAA o Aee e 7 omA Aol
o H 23 A)7ho] Ao g o2 9la OTT o] &-2+e] 427}
F243] T7h71 % Sk (R An 5, 2023). o] ¥ 3
Aol OTT 7k 2.8 992 7 o] fri= Be
o) 4 A E S BolHolw UG BE AT 2u=
Al 'é Hha o] 2 Eﬂ@r% L 47] wlEol vt

o A& AL FEFE WA=

Z}:L-Z:Z] HE-$-(Stimulus-Organism-Response:
S-0-R) 2&& F3lo] A Agith S-0-R R oA
A=l g sl OTT—J—ENZA EAHO R OTT el =
54 Adel SAS ATt B A Ao
of AAA EAHA BAZ FAsrel o
| o3 s o wN TE A4 owol n3slE
Aol b gk AU S-S A sparat gt

oflt 2l o
ox Jl ox

o, &

1
JE

1. ZEZ
.

210184 w7

OTT(Over The Top) A B] 223 Q1 E] Yl W& o] &3}
oy gErlE B 30 ZREE AFTse

MUl 2~E ou|gttt (8= & 9], 2020). OTT
Eolny] 5 AMEE ZHl= Al 28 wEouH
AMEE «lﬂﬂﬂ M) F3S v v ol g
Wshs A AE A 57 mlto] AREA) E A s,
upebaA] H 2 ATl A = vk S OTT A H] 2= o] 8719
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o] & Hel =4S vt A7 Bl e
(Tefertiller, 2017). 3}X] 2k, OTT S€l=9] oW A 5&
Fote] ojugk 2 Hkgo] AU ofH ¥kl
debbeAel tE AAM A ok REG
EERI
S-0-R =92 19743 Mehrabian =} Russell ol 2] 5} <]
AN A S mae A, 24 2 ukgoleh= A
THA] 71 A4S X I}E}(Tang et al., 2015). 8+ 4
Aol Abgrel - gulel 24 0= e, ol
PEA v o] ANE B+ vk AL nolFi
W ao]e), o) 5 alel A o] A A2l o] A A e 2
F Qi B 2.9olu, 24 250 o3 F2
ALl A, A% FelE HeEATHOlfat et al.,
2019). W} o Weo Iowm olg gurw
A¥}E o ghrh(Suh & Prophet, 2018). &+ Aol A =
OTT g4 el M o] Ao r Frl=d F3ate= A<l
ANH LS AA G 2H o2 #4138 A F5 283
AR 9-7], A FS AlFetH o] 2 Q1 gk ikg- 0 24
T25}el OTT 75 A% o] w7} Uehdria 2o},
FAL8) 4 FE g vlvofe] BT el
Aol durd AAES YA A5 Lo n
A ol¥Eth(Horton & Wohl, 1956). °]& Yeslal
AL wHo]  AnlE HolAE  Jidelth
x]-7] b o] x]:tx% o]l:q 124%4 o] ??!HC]—&]] Zjl—xg%
PR

o
91014
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O O

i

i

£ 0.2 3hu (£, 2020), whekAH AFE
27 4FE E 5 A7ld mrje] Luj|
Z88h7] QA5 ojof shi= FiolTh,

o83} 3 o]Ee Jlelo] mtolE Aulet
rugoEA ofWd Wart §7E FHAAGE

AL Al o] Zo|t(Severin & Tankard, 1997).
M ol &S A83 VIE AT EdAME FE 7%,
AR =4, d?ﬂé A7IEd Te dATHTER
ARSI B AT OTT ZHE AMS A3l
e ‘Rl% o] &I FT= olE WF=E AZE
%716 EA 55 Al 0}0}17\} gt
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ge e o dEd
dl HES A AAHeR oF 169 3
ATk Yurieff, 2019). e} =& G4
7 FEERl A4 F sk AFEA
ol AMEEY %, AL, AH el oy
4= At} (Andreassen and Pallesen, 2014).

ol A= g o] E(Opponent Process
Theory: OPT) IHHONA =23 379 ddi&<d 244

2 B £F 949 SHo] FEo WAL JF3
£F G4 FE0] AYA AP ML JFS =

oskarzat ot

II. #&d 97
=F ¥ 5

£ G AR ) ERES EE =29
£E A4S At T4+ 2 Y 7les Ads)
=9 20 AUy WoeaE A4 uyooth(Kuss
and Griffiths, 2017). 181 2019d <1EY %3k
HauAdo] w2y Zapd o Ao m Qs A}

SA7F ~utEE o @ A7HS AH|EH
ow(Dai, Tai, Ni 2021), F=olA &A
ol dd G AMEEo] 69 Ate®E F7FTh
(Meeker 2020). & 7|3+ ZEl =, A3}
H Fd, 298 29 F 2o HY
AHEALE 9% G T5 A7 Y (Anderson 2020;
Meng and Leung 2021).

=
AE NS
A

L
T

Huang, Hu, and Chen 2022

AR AP A= £F ol

Skal

(Zhao 2021).
Z1 2 mro] {31l
Ao 7]17] il AREA}e
A 7 dn. mebA =F G
e F8s FA7E HAoH o
2 AFE 218 dh(Hasan, Jha ¥ Liu 2018; Huang,
Hu % Chen 2022; Liu, Ni % Niu 2021; Ye et al
2022; Zhang, Wu, Liu 2019).
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dojHg o] E

T 9 Y AAE WS 2AEH] f1% O
olH o2t Al o]2H £ Wi 3y o]
(Solomon and Corbit, 1974)dA] Z& 4 ).
Solomon & Corbit(1974)2 et AJzte Sk, AHA
T 44 e A" 3H4Y AEE FaATE
HAUSES B3 TF A & A5z F

devka 7. A 3 o2 7 7HA
Jom Aodnt. a-AAel= AMA e A
Fusp7E ZE A b-AAol = A A B ﬂ%%@
A7h 3. b2 a-ge] FRE Tl

e, wEE o] miek § #x1tk(Solonon
1980). ©f FHE FE, obF o3, A ol
sYe Fyeks A%, Feew d99 g, &
ES4 B W 5 A Gt At 3

off 4 theFgl QIZF A FS oldst=dl A EHo %
© ™ (Solomon and Corbit, 1974) £3], OPT #H &

54 71& A="(d:
o] = Awsla 9t (Turel and Serenko, 2012).
:7‘23751 Zdetel BAA FsE vwe=z g
OPT(Opponent Process Theory) T A, AF&Ap=
FAAC AL GAFAY A 1A
7] S8l #e 63’3;/] Htj oo} 435 285
of gtt}, o] gk ALE djE o] 7(]5—7‘ &=
2 olojd 4= 9t}

% GA)o] FEAH| F

Helq g

=
O:

S 7FAoF gth(Ozen, 2005). O] 23t o] {2
H ohg, BB, Wk Aolol FAZY o
A H(Ryff and Singer 1998). "AlgA 4w
o e &5, B, B9 2 FAAA A
4 Ex4o] gl Zow HAHATG. et o
gojol i3k B Ajgke] Aol whel ubH At
(Y1 lmaz, 2013). Algla 4o FAH A o]s) H
AL A3 A BAeF #do] th(Ak 1n, 2009).
-Z—, /E]‘:r/];_q %H]O 7(}/\10] 75@;}‘— :L;G?Ho] 7Lx‘j

hss

il

M o

of th& Atgdo] ¢S wAEE & &3HA &l A
Aol wEZS mEss Jole] e oz AHoldt
4 9t (Diener et al., 2003). Alg]4 AW ~
Ei’]/\ﬂ 7]15} RS %Xﬂﬂ = A3 Ay 9
o = 7] & ERIFS] FAAR #A, AEA,
37 A, ahel 5 ANAA A dyde #4

o] Ad5UTH(Ryff, 1989).
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OU} Oo]?_] Q_ﬁ(Chen and Leung, 2016; Oh and
Syn, 2015; Yu and Oh, 2018)& A}-& Ao Al w57+
S F1 ATS BYEd E8o] H¥2E (Gan and
Li, 2018) A& =A% 3484 #H4S 7HA
A foh, b o 22 7HA S Akt
Hla: AREFS 2842 AXE EA= AMHY
qEgS v
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Hib: 2= (Entertainment) AAE ZAE A )
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a2lar aAe] o @ AA, ¢ W H|E T
71ef slES FE 5 JEF AFoly Ar e o
7% S wEsehe le® Aojd dstE
A3} 2 Aol gt Ao Fojrp A4 wH Yo
of tigt 7|54 oJEZ FHH IS v}
= AS U3 D}(Thongpapanl and Ashraf, 2011)
Wan et al. (2017)). T8k AFEX}e] A A Fozt

S ol AFOlE ol ZH((Kim et al.. 2016b)L
PAO|E(28 F o8 Alo]E)e djgh AL&A} F
)ﬂ\:oﬂ oﬂ—a;to U]x]# =93 0/\010 Mnﬂah:]."r
A== A}(Jiang and Dong, 2008). 1& FA LI

of Fdl, 1% A Hel dig dil#A s, i

o] AR g wig oz goju= tiddA of#

(Sassenberg, 2002)& 2Fel AHS FA 3=
_]

9ol At} webq Bgd 2o e Ak
Ha: AASE F8 F4d A gL wAG
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Keep an Eye on Me: The Role of Online Communities
a Commitment for Healthier Behaviors
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Abstract — [ndividuals join online weight—Iloss
communities (OWCs) to push themselves into an
audience that observes their self-control.
Despite being an irrational act that involves
contributing resources such as time, energy, and
attention, and Incurs costs, we define the
voluntary choice to stand before an audience as
"audience commitment." This paper uses data from
an online healthcare platform to explore which
individuals engage with community features as a
form of audience commitment and assesses Its
impact on health behaviors. To address
endogeneity problems, we employ an instrumental
variable approach and coarsened exact matching.
The study reveals that individuals with
hyperbolic preferences tend to utilize the
commmnity more as a form of commitment and that
community has a positive and significant effect
on health behaviors. Such commitment proves more
effective when influenced by a strong network,
offline-based  relationships, and  larger
commmity size. We provide insights into the
potential underlying  mechanisms of  how
commmities help alleviate self-control problems,
from before to after individuals join them. This
research contributes to the existing literature
on the role of commitment in mobile environments.

Key Terms - mHealth, online weight-loss
communities (OWCs), commitment, self-control
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Abstract <821 ZH+= EHo AR GAHF JR=2
TAEY e, AHAEL #Hole T2 AHu,
U, aga 92EE ¥ AH AHRE T3
83 ARE IR 5 k= 5 2020).
7YEL 783 ARE FUREN A AF3H7] 938
84 FE A28E EY39on AHAEL ol &
EH AT F I ALRE oy T 2RSS EHA
g 5 A HAY FH/ 84S A il dg
&3 AEE Frlstes A= -840 =& i+
AFoY M|~ a7 os Ayt g & &
A FH T84 HXE JFgsdoZE FH,
gdRdel, FH JUE 5o APAFE T3 B2
&S e Aol dFINeH E3I FHY
H2EE gH F8A4d 7P & d¥¢EHE Role
Ao 2 YElYtH(Liu & Park, 2015). HHAE FHE
d2EdA AFHoZ YA & 24 2 13
Bt ol A F T A 29 g3t S E E3HE o
Aol FE&FIAFE FI F A= FTLF IS I
H2AEE 289 gH AdxA AEL ol &
e T 80 FujRe AFS B/ | 27
H2EZ oEIY AR BH H2EE T3
AHAE o] 4 YTH(Zhu et al,, 2017). ¥, HZ
oJAM A 7|HdEe] EFAF AAE FFFel m=
ZA9 AAN A B3R 1 E3F IS
123 X8 A Fo] 7|ge =2 Aol T 8%
842 B33 ) v =9 opnlE T gh=o] FFL

T9E Qe FFREA  oaE Tt
auAglA FES WlSn Qo a9
HeAulE  5E AZIWA T A¥ow

EAPE FEES A2 B HF2AHS =
a3y 7l Fde] BA &2 | 2MAELS
AFeY Aujzd diFdF EFLHeE A9
THeAt AR S A At FAT HARE A
Hr, o] & 2= A Fl ha 7| HA S DA 7
27 RRNA AL F U= EFAAAS FRATE
d =52 0 oA 8-S Tulshs L8R Al
= FHe 7ol 2R A ARE A T8,
ZHe] Wgo] TR A8 BH5Ed A=
e "WXE FLF 828 T F Ut =F,
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it olgd FHE B 7o AP Aols
gotdta, MR PF ASEE FAT & Qi
JHE T3 Tzt B33 IS oldstn
HAG L 3t AL oAHA VYol =W
Aol A gt =7k AHAETR aRFoE
2%3a 2n|RLe] 8T8 FFHA17]7] 93 43
A2 7+49 4 Ut} Hong et al, (2016)2 ¥
Zd R A AA AN A Z35H4 Zpolrt AR A
FFS v 5 JoS AT, FEF H2EE 3
EA £3} Hollx 9 71X AT FFE4S AHE
Ao o 1 9 gL AgPAFIA 28
ZRAAA E3F 79 Aeol7t YEidteE dATE
vl tH(Wang et al., 2019; Fang et al., 2013; Jia,
2020; Oh et al., 2020). ool W&} £ d+= 289 FH
HAEE F402 Eglo|&8s AL3to FuiRe
BT Aol ¥R I/ FE4E& E4suA
It B dFe S WA 548 M ERE
FAAA FR2E F & Amazoncom 9 EH
tl] o] E] & ©]-&-3l| Hofstede o] £3tx o] 8 & HIFG o=
7 HFREAAY EAZA wE HF{ FE84S
3% gty oz E31F Aoy £318 A
dA7E 7 992 AgIAY a7+ JAPHT
Aoy BE It AlFEe] FEAQ EAS ZA
gom g 7t WolX= AlgFEe| Avid ogd
3518 29 E & 7FA] a1 §17] W&ol (De Mooij, 2011)
314 2ol /Ml FFoE AR . B
A7 319 wjA o] R/ T84 HAE IF&
237 98 AFATFoA AXNF FH SAIH
FHole EAS 7oz BYS T3 R
44 A, 74, BH Y FEE o] &3
ol Bz AFA, Y, HES AR
2 A7E #8332 A F de ARE AEE
28 o U2 7] 23S UE F e 9
B2 s gz SHAANE vAY E8ucte=
AHEE 5 QI EF WA & A A 3F 1R} gt
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Exploring the impact of informational factors in online reviews on
review helpfulness

JE=EL] sEjS
SACHEt W BK21 CIX| 238 u s HE SACHetw A Hstt
yaoziyan@pusan.ac.kr Hongth@pusan.ac.kr
Az den)
Solfjstn FYY e SATHSD FYATA
jokim@deu.ac.kr keunmil00@pusan.ac.kr
Abstract — The review helpfulness serves as an Influenced review helpfulness. Moreover, the
evaluative indicator, enabling the distinction study Iinvestigated the moderating effect of
of beneficial product reviews by reflecting the product types by examining reviews of various
Information quality of omnline reviews. Keviews products, and identifying differences in the
deemed highly helpful can provide online Impact of Informational factors on review
consumers with valuable Information more helpfulness based on product types. This study
promptly, reducing uncertainties regarding examined the impact of textual, image, and video
products or services and facilitating purchasing content in online reviews, and the information
decisions. Prior research has examined the impact richness reflecting these three types of content,
of various factors related to the content of on review helpfulness. Through analysis, 1t
online reviews on individual review helpfulness. elucidated the influence and significance of
However, there is a gap in the analysis of the various content components In shaping online

relationship between informational elements of reviews and their influence in aiding information
reviews (text, images, videos) and review processing for online shopping. These findings

helpfulness. While the content of online reviews, deepen our understanding of the role of online
such as text length and product images, has been review  Structures In  evaluating review
shown to influence review helpfulness, further helpfulness, assist platforms in formulating
validation and clarification of the non-Iinear more effective strategies for review generation
relationship between these content factors and and recommendation, and provide guidance for
review helpfulness are necessary. Furthermore, reviewers to write reviews that are more
given the acknowledged variations — among beneficial to potential consumers. Furthermore,
consumers based on product types highlighted in this research contributes to the academic
prior research, it Is imperative to validate the literature on information systems and e-commerce
moderating effect of product types. by  empirically  investigating  consumers'
This study collected and analyzed data from information processing, review helpfulness, and

online reviews posted on JD.COM, a leading online product types, enhancing scholarly discourse in
shopping platform in China. Through thorough these fields.
analysis, we confirmed a non-linear relationship

between review length and the number of review Key Terms — Review helpfulness, Information
images with review helpfulness, characterized by richness, Product type, Inverted U-shape.
an Inverted U-shaped curve. Additionally, the

presence of review videos was found to impact

review helpfulness significantly, and the

Information richness of reviews positively
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Unveiling the Impact of Fake Reviews on Consumer

Behavior: An Integrated Approach Using Topic

Modeling and Explainable Al

Chernyaeva, Olga
Pusan National University
College of Business
Administration

missleka@pusan.ac.kr

Abstract

The digital marketplace's reliance on online reviews
presents a paradox. In contrast, genuine reviews facilitate
informed purchasing decisions, fake reviews threaten the
integrity of these interactions, misleading consumers and
distorting market dynamics. This study aims to address the
challenges posed by fake reviews through the lens of
detection and its subsequent impact on consumer purchase
intentions. By integrating Explainable  Artificial
Intelligence (XAI) and topic modeling techniques, this
study aims to unveil the distinguishing features of fake
versus real reviews and examine how these characteristics
influence the likelihood of purchase.

Purpose: The core objective of this study is to enhance the
accuracy and transparency of fake review detection
processes and to understand the effect of review
authenticity on consumer behavior towards purchasing.
Applying XAl to topic modeling predictions, this research
seeks to elucidate the rationale behind model decisions,
thus creating more interpretable and trustworthy detection
mechanisms. It also investigates the dynamics between the
authenticity of reviews and consumers' purchasing
intentions, offering a comprehensive analysis of the power
of online reviews.

Methodology: This research utilizes the Amazon.com
dataset for online reviews, applying topic modeling to
identify an optimal number of topics and categorize
reviews based on topic probabilities. The study then
predicts fake reviews by analyzing whether a product was
purchased. SHapley Additive exPlanations (SHAP) values
are employed to determine the features most predictive of
a review's authenticity.

Hong, Taeho
Pusan National University
College of Business
Administration

hongth@pusan.ac.kr
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In the subsequent phase, the same dataset is analyzed to
predict consumer purchase intentions, using the derived
topics and the classification of reviews as fake or real as
inputs. Again, SHAP values are used to identify the key
features influencing purchase decisions. This streamlined
approach allows for a focused analysis of the relationship
between review characteristics, their authenticity, and
their impact on consumer behavior.

Contributions to Academia and Practice: Through its
methodological rigor, this study advances the theoretical
foundations of fake review detection and its implications
for consumer purchase behavior. By integrating topic
modeling with XAl techniques, specifically SHAP values,
the research illuminates the complex decision-making
processes underlying predictive models. These insights
not only contribute to the development of more accurate
and transparent detection systems but also provide e-
commerce platforms with actionable strategies to mitigate
the influence of fake reviews. The examination of features
impacting purchase intentions further equips businesses
with the knowledge to enhance the authenticity of online
review ecosystems, fostering a more trustworthy
environment for consumers.

Implications: The application of SHAP values in
analyzing both fake review detection and purchase
intention predictions underscores the potential of XAl in
enhancing model interpretability across various domains.
For academia, this methodology offers a replicable
framework for future research in online fraud detection
and consumer psychology. Practically, it empowers e-
commerce stakeholders to prioritize transparency and
reliability, ultimately leading to improved consumer
satisfaction and loyalty. Bridging theoretical exploration
with practical application, this study significantly
contributes to ethical practices in digital commerce. In



conclusion, by meticulously analyzing the Amazon.com
dataset through advanced topic modeling and Explainable
Artificial Intelligence (XAl) techniques, this research
addresses critical challenges in distinguishing fake
reviews and understanding their impact on consumer
purchase decisions. The strategic use of SHAP values to
interpret model predictions offers a ground-breaking
approach to enhancing the transparency and
trustworthiness of an Al model designed for detecting
online fake reviews. As the digital marketplace continues
to evolve, the findings of this study mark an important
step in promoting ethical consumer engagement and
maintaining the integrity of online review platforms.

Keywords:

Fake Review Detection, Topic Modeling, Explainable
Artificial Intelligence, Online Review Analysis, SHAP.

24



o = 37 u
ZUMES s 58+
IS 229
O}y 8tm Z Yry3t O} 3t & Yyt
bibionidae@ajou.ac.kr heh3800@ajou.ac.kr
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A Study on Factors Affecting Academic Achievement of
College Students: Focusing on Fuzzy set Qualitative
Comparative Analysis
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Abstract — Thris study attempted to identify the
importance of variables (Feature Importance) by
applying the SMOIE technique to the dataset used
in Yilmaz & Sekeroglu(2019)'s “Higher
Fducation Students Performance Evaluation” and
then applying the algorithm of supervised
learning classification analysis. In addition, a
complementary study with quantitative
comparative methodology was conducted using
fuzzy set qualitative comparative analysis
(FsQCA). For the classification analysis, we used
Decision Trees, Support Vector Machines,
Logistic Regression, Gradient Boosting Machine
(GBY), and Random Forests. Since the algorithm
with the best performance was Random Forest, the
variable importance ranking was calculated
through Random Forest. Python 3.11.5 version was
used as the implementation Ilanguage and
enviromment, and K-4.3.1 version and Rstudio 2023
were used as the implementation enviromment. As
a result of the analysis, looking at the
Importance of the variables up to 5th place, the
Importance was confirmed in the order of 'Last
semester’'s cumulative grade point average’,
'Scholarship type’, 'Total income', 'Expected
graduation cumulative grade point average', and
'Number of siblings'. Using the relevant
variables as causal conditions, the minimum
simple solution model for the FsQCA analysis
results is Last semester's cumulative grade point
average*~Scholarship type*~Total income + Last
semester's cumulative grade point
average*Scholarship type*Number of siblings +

26
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Last  semester's  cumulative  grade  point
average*~Total Income*Expected graduat ion
cumilative grade point average — GRADE. The
significance of this study is that it attempted
to identify effective variables in the field of
education through complementary research using
both quantitative and qualitative comparative
methodologies. Meanwhile, according to prior
research, the influence of the student's family
background and the desire for academic
achievement have a relatively large influence in
Korea, whereas the study group, Cyprus university
students, are largely influenced by self-
efficacy, such as the individual's desire for
academic achievement. appear.

Key Terms — Academic Achievement, Decision
Tree, Random Forest, FsQCA, SMOTE
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18] NFT &= 2 H|AIEH EXIR}ES] ALFH A]
QlEg = Y= 7Y ESG ﬂ%l T Gl FH AF
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Abstract— £ H 7N A] & FHETF Z ¥ 217F FMixture
of Experts, MoE) (Albert Q. Jiang, 2024)2] F-& <]
ZF] 2] E @2 F 5 (DEtection TRansformer, DETR)
(Nicolas Carion, 2020) 7]+ B9 & &
7o FFS oA ctE dHE A

A BA EH2Frlo it FFEI} EF NFT
&S o oo WY E AFE AT

1. Z# @A Edx¥rne FHTEHE&

4173 B (Feed-Forward Networks, FFNs)<-
4 j9 FHEFHE JFHE HAE}
4G 119 FPEZ FHE JET
I Fe = gH I .
HJE} Eg NFY e FA
A&/ (Object Queries) (Nicolas Carion,
2020)9) dj## rlAZ(Mask)E FH &5t
zZ} A FeoF A89dH HE} NI
TISEAE HEFH oz g WEe T YUEF
Ere
E YYoJAe AH g EY=Ero] =d +F

SEE JHP ¥Y FA BN EdSEY
(Deformable DEtection TRansformer, Deformable
DETR) (Xizhou Zhu, 2021)& 7]¥ EHZ

AF&SFF HZ, COCO HloJEH RS AlEdte] g
HIlE I Y3 H

COCO val ©joJe A bjg ¥& FH7} EF,
HiEo) g JNFFe FHEL +2.5 mAP, +2.8
AP-medium, +4.3 AP-large 9 & 52
TIA g

Keywords — F&7F 8 15 3 Mixture of Experts,
MOoE), Z/ 3] B-X] E @l ¥ o] (DEtection TRansformer,
DETR), Y% ZH g3 EHZ=E5(Deformable
DEtection TRansformer, Deformable DETR)

o] &L 2024 HE FAHI)eFEHENE )
A2 JREX7]| GG AL Wol THEH
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Neh

LAE & 38 97
DETR & 5343k Abd A 2] @A glo] owA] v
AANE AH EA 8= End-to-End R, A
A & O]Eoﬂ A AR S o] FATE. shA| T
vyl Y &2 Negatlve Examples o o gt H kA
A 284S Agste ofe] EA44

ol EAsta oj¢}  wwete]  H
o A= Deformable DETR(Xizhou Zhu, 2021),
Group DETR(Qiang Chen, 2023), Co-DETR(Zhuofan
Zon, 2023)3} & vheke Wy Rdo] 54ekint.
g 2 ElE2 Sparse Spatial Sampling 715, Group
Object Queries Oﬂ 3k One-to-Many Uj % 7]@ =
A g3to] DETR O 3 £LE& 7R Aux
Head & 53l Negative Examples o] U} gt —lil b;,b‘
¢kstste] DETR 9] As= 7HAd8i3ivh. o] % Co-
DETR & COCO test-dev, COCO val & L7

o T
A g4 YR = A State-Of-The-Art 5L R =
Ape] 3 aL

ATt
Sk | # - Large Language Models(LLM) ol of
AF7F e WA, Transformer 7]¥F R
Ao b’]:)\l—/\]y]L okl 7]1:‘45—0] ':X]—'S]»jl Hj[-
Z1 % Mixture of Experts(MoE) & Transformer 2] Feed-
Forward Networks(FFNs)E oJ2] 709l FFNs(Z,
AE7h e 1719 2952 4% MoE Networks =
A ste], mdo] gt AE7MEY 28-S &l
54 A9s v andom AT F UAEF she
7Igelth, Y 7 Transformer 7)1k
A S-S AT, His
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Transformer ©] Decoder ¥+ A}-83}= LLM 9] %9}
23], DETR 2 Transformer 2] Encoder ¢} Decoder &

B ARgeRs gxolth. wEbq LM
HE&HAYD MoE W Al DETR 9]

Decoder ©] FFNs ol %+ MoE S %483}, DETR ¢
MoE 7} LLM ©] MoE ¢} 543 7ss s
AE=E Sl

B Aol A= MoE 2] Experts & 212 2h2 A

<3 AA, 2 A, sdd AA(LRER
EABAY S dE Fdol v Aol wiE

AE7rE Mgk F 4719 Experts & VA EE
A7AE9 . MoE 7F 8% DETR 9] 2= <19
>3 2o},

2) 958 w2z

DETR & w4 <l Transformer oF Th=27] 4
EZ(S, AA #A=Del dudk  Attention A4S
SHPHor F3ste] N 719 Azl disl

2E

FTEEA &= N AAE AS5eh. upehA
RE 98 EFS 3 Hol| 2]l LLM 2] MoE ¢+
=24, <ay 2>9 o] zZ+ Y EIZLS
Egdoz At ¢ JA=F HF9Ye ok
A=

o2 9, ¥ Aola= ZF AA FHE st Aew
AE7he] 7HAE SHYoz A8 e ¢ oes
<y 39} o] g9y wxazo] A HE

elzo] g AAe Foreke] HHAT.
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<¥ 1> Deformable DETR ¢l

A MoE & o7 @& J%5 H7F 23 (COCOval H OB M)

2 mAP AP-small AP-medium AP-Large
Deformable DETR 28.1 16.0 31.3 37.2
MOoE Deformable DETR 30.6 15.6 34.1 41.5
, / ;
/ i I / —#— Deformable DETR
ase u' -__.-' ) . 4 MoE Deformable DETR

<3Y 4> Deformable DETR 9] TI# MoE H& ol%o] we A% #7 A3 (COCO val Ho]EA)
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Abstract — CFEHF A A o]+ EFXIE ¢Jgt &3]
a0 doJE A £H9 YA ol 2E 2P

o, MIGFlow 9] HIRIE 3BFg BHE Aok E
#opoA] s BHE JEHT. WIGFlow & &5

F=0

2zl HJH o4 FFE TEE FE&f OHFF
Al Y Eojgle] EFe s JEHFH P
S g, z8Z FERE §3 A 2
&8 #AE gofz, A Y Fi7E TEFECE
N A 25 BEE FEIFoZH, WGFlow =
o3t EBXIE f5F AU HE =FYL dY5=
gt gL A&t

o] 7]yt Qo] L= Log Embedding & X ¢/}
MiGFlow 2Y<9 8& HEEY [ojE=Z
A7) TPHE Aot o] +FHEL EEo]
bjoj]El9] 22 =& o Z ojddlu XFHY +
A oo, flojg s} ¥ FEe EEE
JtERE2& HE|RY AHYX2Eo4 £ F23}.
Log Embedding & MIGFlow o] &g 24, ZEL
gjo]Ejo] m|Ee RE L 0 gHFoZ FIHG +
A= 58S SR oo, toFet Afe]LojA]
o et o]y BXE Sf5tA e

SEAFO.

Log Embedding TF3E

Z g ©.

53 F3lE WGFlow 2L
os Eoglojije] o]y BR HFoJi e
Je& HoFd. GojEe Zz2 £H¥F FF
2= Jjgk A, HAHY 2EE FEFoEH,
BYL g g xAG o] Jy§ ¥ HFY HEHES
0<% oE3lA ottt o2 I HoJE A
& +dd 7/ BIEHY vk HJ¥L +FHE
WGFlow 2 E9 ¥H Y& Hoso., FH4=
oj 3 B FIEJAS G S YEHH,
Log Embedding =719 &HE ¢ F et

o] gL EFe o]y B FYEL 5= b
o] HIRE g FHEHe FAHE FXY By

onjz, HHEY HoHd HEF 7

T
= Sl=
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MIGFlow o O ¥t JfsdS FXed.  Log
Embedding & MIGFIow °] E§dl= HL o3t
EgQlofA] o] EE] FIFFQ] g ¥ FHLgo
et d& I, HFF AlA G blo]E 9] o]y BA
EF FAo] gjgt gt FE AL Ao,

Key Terms — Multivariate Time Series Anomaly Detection,

MTGFlow, Unsupervised Learning, Dynamic Graphs
Object-aware Normalizing Flows
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Abstract — Z 7] E A8}z ALESFE Y (Y
Zofo] Al FFHI) A= B-F FIE g
53], Fg, 78, g &4y ¥ gug ZL
T2 FE HBjoJA AFEEHE o] JJAEL
Ay Fgo] FIgYHF a&Yo IJFHeZ FFES
w5, e FH1AE FFHe LG A
Q= BaE JEAre 79 FF AN G
Lol

H =52 Transformer based Autoencoder 2 <
Agsel, AEHoE FHEHE AF A
bjojEloj 4]  Flo]Eo] Q& YHE FEH}E
Unsupervised Learning & &3 ©]4F% (Anomaly)E
XYl YIS Attt o]E A TFHE
o]l of Z & f Z7, LSTH Z] ekl
autoencoder ZJEF HHHO A 5o] L5
ol gt. o]E F £ =22 A boJg <]
AlZHE Q] DjElg FFe HAE o5 gHFH o=
2ol a, oJ¥YAE Ho gFFoz FIY T
U FYE Aokt

7 g o

Keywords - Anomaly Detection, Autoencoder,
Sensor  Data, Transformer, Unsupervised
Learning
1. A/ Z
< loT 7] %9]

A
g Aol ﬂs

ANd=9 13 /‘Pﬁoﬂ 01111
Agozn FARFE WEL
NS ol = M2 7S E Al
al., 2019).
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AR =4, AR o] bR 01017“
o]t Age 7o EA et on
T 83T (RE T ¢, 2022). A& A<l
O A= gEdd &S, =
A2 gEet ] #HolEdH do
Sk} (Sikorska et al., 2011). L2}
AolA= dolE"dE dHolHE 47
H|-g-o] @o] == 7 -7} 4 nk4 o] t}(Zhou et al., 2015).
olef] I =i H] A & 6}% 7] %+2] Transformer-based
Autoencoder = E& 23l o]A Bx 7|HE
Aok, Apedo] A el (NLP)R-okol A F7he thehdl
Al ’\H—igJ 7 2k Fofel

o)\l }J)rglowq 5]

>

Flo H

=

=]

Ry

mﬁ

Transformer 2 21& 7]

S ==
z%s.ﬁlogzyq 7]_3_
A AE o] E ] A =
2020). Autoencoder +
oS- uf) glo]H & &
Error 7} 2A gk}, o
o) e Alele] xfolE
A A t}(Sakurada & Yairi, 2014).

2 ERoAE 7A AldES
Hl . A&, LSTM Autoencoder R &S
AeS A3t LSTM Autoencoder
dlole ] 7| A0 o &S 5T T A
Qe o] AFelA AAIE HlolH 9
d g A} 5 o] ghtl(Malhotra et al., 2016). ©] 2] 3 v 73
stoll, ¥ A= AFSE  Transformer  7]4HEQ]
Autoencoder = @3} LSTM Autoencoder =& 7Fo]
des AA vasty 7 Ede] Fud 9@ A8
7Ve /3 & 3 7hstarz} gkt

o} HAE A%
=)
= oA

seow
o] A el

=i/

1. & oF B &

a9 12 & =0l A A Skska= Transformer 7] ke
Autoencoder X 29| Architecture °]t}. 7|
Transformer &] &€ -2 o]l A encoder, decoder &5
Autoencoder o] FF= W3L3¢ o™, o]+ encoder
A A dHelHe 54HE& FE3te] Al 33t
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E =& oA kS Reconstruction Error & ¥
A d] 22 MAE(Mean Absolute Error) & AF-8-31 31 2. tt]

MAE loss T2 %X st4=9] 99%9] 3jdsl= A HS
dAFeZ Mestedch(Zhou et al, 2017). o]T,
AA#RS 7oz Hrb dHolHAoeR 95
dol=dS FAsta AA deolEd nlushy
Confusion Matrix & E3 sid =2de AHFS
A7kttt

mn. g ¥ 4

ATt A= Al Hub ol A Al &= = <7 AIA D &

a4 o %] A d o] E”(Al-Hub., 2021) = A}-&-3F3 T
ol UHEAIHEFAL AXE 22kW w A

THA 7% dolgoln, 3 A4 B7s WES
AFEEl T 4 dHlolE 2 AF Al dolEHE

18000 = &< ¥ HAF#k R A T A s 49
RMS(root mean square)S 1 Z% @2 AAlste
AREetdith BdS S5 wdd= #HolEH o
Ho QA &2 Aol A9 HolH RS A& s o,
go] 5] oFo] & HA=A delstr] g A7t
teole 2= dolEgo] FAE H37dE 1500 71
AME3 3| AA B8 e 500 719 WIS Aete]
Algsten)

A ot &f+= v
Autoencoder = %%6}%%
Als B7F A FE Accuracy, PreC|S|0n Recall, F1-
Score & AF&-3}3 [ 1] o] A3 AxnE
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e A 9lom | = A] A<kt o] LSTN-
Autoencoder Bt} ] =2 A 5S Eoﬂn} E3 o
A& & (Recall)S Z38H3H Uw] A z]Loﬂ A © 54 g A=
AZE ST EN HolEdo] HoYA A

ol Ay Fe)s0] Bago Ag BAS

=

galstn A4 Hg BANN ol gEAel Hse
skt 7]ol e Aoz 7
<X D> RY As JUrA %

Model Precision Recall | Accuracy | Fl-score
Transformer
aanformer | 0.7982 | 09970 | 0.8725 | 0.8866

LSTM-
T | 07990 | 08500 | 07990 | 0.8088
V. F2# 3
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Abstract — X/4] FF9 FH=Z L HIAE o]y
glgle EXHFHQ  FA o FHI IIEHE
HoFHdd, 2 & wmA-GY EY JJEre 9
S (Reverse Distillation) B Y& #HAl 970,
g4 f=cs Fd fset Y5 EFQ BE

2 FyE Q. SR FE A o]y FEI}
Eo/9E 4 OBE EENA o] FEE YFA/A
g2 g4 fdIgz ¥HolFr] gl &y
oaZcx oy FHE YP FYdgHeA FHE
ZA7F ot o] EAE FESE7] ¥ Efficient
AD oA Aokt B9l FE HAH 229 FYE
229 ofojrjojE & FF EH EY5T.
e o] A ©lojE A & FHQ] MVIec AD
o]l A & 57] FfzofA FsS FHle ZH,

A oFE 292 Detection AU-ROC 2] B2 95. 5%Z,
JlE & FF =2y 97.9%E 0 0.68 FY¥HC

Segmentation AU-ROC &) 72 7] 9 57 22
97. 7% A1 0.3% =7}8F 98.0%E, Segmentation AU-
PROE 94.2%90 4 1% Z7}3F 95. 265 7] Z3ct. o]
da= FE &4 gl EY HES

GYA7)E b 7] g BeE.

Key Terms — '7/(}— 6‘7-/21 UT;—II 5]3771/7 H/X/__E Q]‘]-—E-
oI B, 94 FF
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Abstract — oJ3F BX& AE H & FofiA]
TRy §& ZEZ o, FHY o]y BX IH 9
Reverse Distillation 2L ImageNet
gloJEl e Z ALF gdH EFES FI YH
ojojx]o] EZL dlgelc). z2/i}, [mageNet
85 o]p/ x| 9] o]jn]X] FEI} OHE 75’70-0175 2dgol
ImageNet 2 HEEH FFoZ ggd 5 i,
ojZ Qg o]y ¥F H5o] AsE + . £
=wofAles o]E  FE3E7] FlE  Reverse
Distillation o] 53 o/HEHE E¢38 Reverse
Adaptive Distillation B Y& FAJgtct. 7]
53 oJHE = HGEH I TE T Z ZFFe=EH
HEL -ﬂé‘}/‘/i)’ Frf, Reverse Adapt ive
Distillation & Reverse Distillation 3} H] @&}
o/ 3 BX FIFEE 1}El)= Sample-AUROC 7} MVTec
LJo]E] 2] 5 7] class A FH#3I o Z 0.6% 578+
98.4 %, VisA EJoJEIAS] 5 7 class A=
HFF o= 1.06 F7}3 98.06F UEIYHTE. o] <}
ZH2 Reverse Adaptive Distillation & < 4 &<
YA HFNA o]y B Y& Jls¥o] s
A& Yo

Key Terms— H &Y, H]X & 8} o] 4 B3], A& F7
=5 ofgr
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Abstract — £ =82 gF5rolo] E31FH fiifE 9o
Ed(large Language Models, LLYM) 7HE2]
=RYE 3z, dxo] AHol A Jlgsf
gFof Jlojetes T2 HHE F 549l Vocab
Expansion # Pre-Training < F& #HE
FHFezZ OFEg. E =2 g59 LM 9
EF1}o] X9} Vocab o] FHFH3L7} BES] o]sg A
Ay 8L FINY T UL HFFe=E
24ttt A7+ FF, FHZFHG Vocab Expansion
Pre-Training & A& Xdo] rClggt Flztof
WAlZ oA P53t H &S YEFYS FIsEA
ojg/ ¢t A= Fzro] Pyl ofjal o} E v YolH
olojEof gjet olo] Bd jutoE FRFF AAIFL
A F et

Keywords — Artificial Intelligence, Korean Language
Processing, Large Language Models, Pre-Training,
Vocab Expansion

of =2 2024 HxE FP(F7eF L EITF)Y
N2 JREN7]|ZFII) A S ol T+
o779 (No.2022-0-00431, (3 AR & &
Oxe Ef G AY NYF A2 ZXE
AIET 7 )

I AE

AFAT 7% Mool B A AHg Y
CROFE i ool 8121591 W 312 7hA gt o] Foll 4 =

e o] FEl(Large Language Models, LLM)<2]
=382 2} o] # 8] (Natural Language Processing, NLP)
Lofoll Al 53] FHE whel A E o] FojulH, o]=
A 71A ko] &g wWAlel] ZEAQD M-S
At LLM 2 Wi gk o] 8 2E toJE &
gh&ste] doje] B33 m RIS oldfstaL, o &
g o 2 BAE A, HY, e Aol A4
TESs 23 vk 2y
A+-2f

Al s
olelgt ne
ek g o oF 2
ol Mol

=

T
s
.

WA AAHS S
Faesh ARG o3 A A S
|

7b51 9= dharel o LLM & F#A7]3
H A glslE) o] el go] Al

Hzslof ket
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gk o] 7| 9ke] LLM & 7238 A ol A 2 8=
TEAQN EAAE AdY FF ootk Qo
dolH A Ee] 79 tf&Fe] a4 do]E 7} 37 ¥ o]
T ARE TS S Aol ARk, Fhrol o] Aol =
F2 7Pl A =3 L A skl A RE g ool u]El
A A 3] H-=3} Huggingface o] 3 7l% Hl o] H A E €]
BFe= @o] HolHE WY ZEIHS
Hesto] A5 HA A == Aol Y54
B (eg. ChatGPT)& AHEste] dolHE 47
347} tharol

Apdel B & siAst]

deoly 3 Ay 2d o]
A A QN Aol A A& 7He g k>
LLM ©| t]3}4] Vocab Expansion
Training & 35+ 3olH, 9] A
53h Aol Elg kst 7Hd whE iy
T Aok AAf ko] 7Rk Aojmdl kel SHAI A S
A 3}3l Vocab Expansion 9] & Q0] F-Z}E]HA|,
B S AFIEe] gojdelA it LLM
3}9] Vocab Expansion 5~3 $ Pre-Training < % 3l
t=to] 7]4te] Foundation Model 2 Hugging Face ©I
w ZshaL = ol

=i
=~

L

=

Aol A 9] e AT

o)
AA

1. Vocab 3 EZ1fo] A

Vocab (Vocabulary) ©] &+
ojmgtt. o] HF Ao
who] T
gk Qle el vlsgH o
A dlolg® wWEke
gttt aEa EAge]AdE
Edo Feste 4EE dn. o]
AL, wolo] A EE ofy ol
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Edvel A=
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AEstm A-8 Vocab Eﬂ%ﬂ
EHAQ o] mdg FEhs o
ghokal & 5 Qi

N

SENPSR

<X 1> TOKENIZING RESULT
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N
tlo rfz

24

Eolq A3

'sp, g,
<OxAS>", el
<0xA5>, e
<OSEC>", " <ONBI>',

A R
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o, e
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Llama-2-7b

1
2

1
L2

Llama-2-ko-7b

[_sb '3 e
EEVE- s
Korean-10.8b U
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III. Vocab Expansion 3 Pre—Training

ghmol= e WA TR o3 AR
S 7R Qlo], oo HAsE Qo] RElo]
dgsieh. A v, @A dy AEEE diiEe
LINS 2 g5 FAHo=Z =g, o=
Q& kool A F= AR EFE0] Vocab
s wHbedE A gol, Qo] Edo] ko]
ol E Al wf Aol g&do] A "ol
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UATH. webA e
sto] A d3 Vocab =

Foundation Model & X}A] 7@t Aol
dyAHolgt & 4 AARF, Foundation Model <
el AL sk o dely e ALt A4S
u-:rLOV] ol ©7)zke] gkarojo] 53l £
Foundation Model & 7|3l A HA &t}
ASH-E Togk g ! S0 dHlolHE
8+<%35Fe]  Foundation Model < %3+ Ao
o, Aadd 4 Q= BFEL2 J|E AF
4<% Foundation Model ©f *6‘]-0:] Vocab
Expansion < 3 6]'%01 o A3t
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Pre-training <= W= Ho|HAE
o] ®HEls Abdol ST = er;q 9]
T8 AL Qo] Edo] doje] Fx9}
O]EHO} O}L Holw | olE T R ‘T/_}Oi,

Hj-9-aL, Ao} ARg-ol A yrER =

G;(],‘/] '7]_7:”
drohf} A3 S 6‘*53}711 . Pre-

E

=
mlo ‘\1

d
=3

LN

Training S A d3] 34 49 Ao =L njA
ZA(Fine-Tuning)= AAA Frjgte o8 <o
Aol A 1BHe e wAT & 9A At

1V. Vocab Expansion 3-8

A B Al dxlEe] Al
Foundation Model Mt glom,
Foundation Model & €3] Downstream Task ©I
g E AHg do] rAS g 5 e
Agrolr), B =9 AE Vocab Expansion 3} Pre-

S A 8taAl staro] Hix vl E
Aojrde] 455 Hrtsadrt.
AREE HlXwlAE 22 9 Zow Il AREH
3 #Zr}.

871 di =d Z 37FA(No. 1,2,3)F Base
Model ©] 9, 57}X](No. 4.,5,6,7,8)% Base Model =
)’ S 2 Vocab Expansion ¥} Pretraining ©|] 53] %
Edolt}, ‘ko’ 7} B RAHe A Tzl
%3, d9 RRES 571K X vta F dkaro]
gxEo] Ful olg] AeS dAdshed AFEEE

FAHE
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boolg
(macro-f1)

o

o
=

b

o ‘IIIIIII oo I|||

copa
(macro-f1)

hellaswag
(macro-f1)

paws-x ko
(Accurcay)

05
04
03
02
o1
00 .

sentineg
(macro-f1)

B (01-ai) Yi-6b

B (beomi) OPEN-SOLAR-KO-10.7B
B (beomi)_Yi-ko-6b

B (beomi)_flama_2_ko_Tb

B (meta-llama)Llama-2-Tb

B (upstage)_SOLAR-10.7B-v1.0

M (yanolja) EEVE-Korean-10.8B-v1.0
B (yanolja)_KoSOLAR-10.78-v0.2

<Z¥ 1> PERFORMANCE VISUALIZATION

Z}FA8keity. =,  Vocab Expansion 3} Pre-
Training ¥go] gh=oled] H3bg =R 7
o) = o] =
fré&attts 2S5t
<3 2> KOREAN BENCHMARK
Cetegory Content
boolq Ul serstel Aol o wA
copa g olsfsta Aol i AHS AE
hellaswag WS o]gstal e EHL d=
sentineg 74 =4
Paws-x ko 54 dole % o] Fd o i A
<3 3> MODEL CANDIDATES
Ref
No Category Basemodel (Huggingface)
1 Llama-2-7b - Meta
2 SOLAR-10.7b - upstage
3 Yi-6b - 01-ai
4 llama-2-ko-7b Llama-2-7b beomi
5 OPEN-SOLAR-KO-10.7b SOLAR-10.7b beomi
6 Yi-ko-6b Yi-6b beomi
7 KoSoLAR-10.7b SOLAR-10.7b yanolja
8 EEVE-Korean-10.8b SOLAR-10.7b yanolja
<3} 4> Evaluation Results
Boolq Copa Hellaswag Sentineg Paws-x ko
No (macro- (macro- (macro- (macro- (ace)
f1) f1) f1) f1)
1 0.4502 0.5724 0.4231 0.5625 (3) 0.5200
2 0.3343 0.5786 0.4292 0.3316 0.4765
3 0.3343 0.5432 0.3856 0.6196 (2) 0.5315
4 0.6121 0.7598 (3) 0.4480 0.3517 0.5380
5 | 0.8547(3) | 0.8076 (1) | 0.5011(2) 0.3517 0.5390 (3)
6 0.7060 0.7716 (2) 0.5031 (1) 0.4044 0.5145
7 0.8971 (1) 0.7365 0.4481 0.4294 0.5565 (2)
8 0.8948 (2) 0.7516 0.4860 (3) 0.7086 (1) 0.5575 (1)
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2 @=o] 53 Uyt do] Ed(Large
Language Models, LLM) 7I&e] ZFQ4d3 1
A A¥ste Fo =d FAE BT
53], g=o] dHeolge] 5 A} o5 A5
$1% Vocab Expansion ¥} Pre-Training ©] 58739l
238 9FTh. A4 A¥, Vocab Expansion ¥} Pre-
Training & g7ofe]  FHAstE Qo] mAS
TEohed A WHESRE YEgow, ol&
Fall Pojxl REE vheFgk dhso] Wl mha e A
T Aes Btk o= vlgold dojo gk
olo] md yjdto] 2o Vocab Expansion ¥} Pre-

Training ©] &7 HFAS AJAMSTh. S
olglgh Ht WAL ghapo] Wnk oplE thE
Hdold oo digh Aol mdl sde e #g=
T UJe Aor yigEn. B Aye IFF pgdt
Aol Ao AFAFT &§ 7S HIE
g 7198 Ao g2 Ayt
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2: Open foundation and fine-tuned chat models. arXiv
preprint arXiv:2307.09288.

Kim, D., Park, C., Kim, S., Lee, W., Song, W., Kim,
Y., ... & Kim, S. (2023). Solar 10.7 b: Scaling large
language models with simple yet effective depth up-
scaling. arXiv preprint arXiv:2312.15166.

Kim, S., Choi, S., & Jeong, M. (2024). Efficient and
Effective Vocabulary Expansion Towards Multilingual
Large Language Models. arXiv preprint arXiv:2402.14714.

Jang, M., Kim, D., Kwon, D. S., & Davis, E. (2022,
October). Kobest: Korean balanced evaluation of
significant tasks. In Proceedings of the 29th International
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Abstract — T20/&= FoplES] JAILF T2
Ge of= AZlo)E, £9 EYFF SFIL
e 75 229 I XX, ¢ #EA, &
Zx @& bR 222 XD, 23
=Y Hof o] ZF WG HArE LYY T HY

Ao Ha £ESR yFolF. £3, 7o BY
dFE 7o) Eye A H2e FHao

g3, £ d7oAE Fo]Zapgl e 52of
YYolA FrFez 2 75HE= 7o) EFHY FE=
(Gloss) & E&3dl7] 8 SYAANE /9
Y9 FE2Z YA E Text-toGloss BEE
Aottt o] Plaf ALY FuH o] HHEYA
QojAlHE BFpA Y A sl Y FoE
A orefgen] o] BAES Text-to-Gloss 52
o] E B4, P9 FE FolZepgl
B9 7o YA FIEE  FIAA
FOPIES] AR EES JHFEH EFo] H
Aoz J]gE .
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Moz ¥ie SR 2 s
280 2801 2% seApime YL polme
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Abstract — 7/ ¢/ e/} G & AP EF A HEHE
Q! X XL TpF APEE A& HH, 2
HEE APES FY 2] 7 EF I FHiE RS W
G Hro}l 53l A H o] Fof ¢ FY M= o,
ojo} plFI}X 2, YHFH O] A XL o]
& ZE LLN (Large Language Model)?} &S =7
o] YAl 7} BHE et slhletE, 2 AT A= E 9]
g 27 FHES P T mj=, gl £F2f
Ze F5far o]d] Z]uErsle] 9L & 5= Qlofof
=0, olglet HE Tt ofi= HGo] EEZ
Axjrjolglolct. 2 HF7} v F (Matching) ¥
7, BJF o] HAE= AIAZFZ) BiG)= AFSREE
L7 (Request )} 3F8F(Situation) FHE PFY

g7k =g, o]E= A, RAG(Retrieval
Augmented Generation)”]&o] 7]HFgjoF Brcf. FE
A=, TSR FofoA] mjFE iz o o] HEE
fet Ay dueleaS HAsfy HjErelr] fler 2
T2 E 9R]]o]g w Y F X5 o] E L))
BFxI5l 7 9l LLN 7 RAG 7] =S E-8351H, Al
I ARE, ARERT Y, AREREE B X > X

ool E + 2l

1% o, oy [ &y n

o= -7

e, ¥ gz 5 gEaze]e] 7
Ho] YoE md T A3 ANEHES e
T Q& Hojetu o yE . o] A|=H, HAIT
o2 e w= FOlE wfF =, AREREF A
IS 278k gaiE YEAS W, Y F£9
02 AhgRE FHNFL, FHE S o
data, Hn el FuAgEy e Fy

ol =
N
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FFE|3Z2] o) 23} 7] of 2 QL FEE e A
Z 2 3t
H AN A] LN S Opendl & GPT-4-Turbo &,
RAG & ¥+ embedding °J+= OpendAl © 'text-
embedding-3-large” 2 Y& AFS§Sfo] Of&a Zof
ZEITE 9JXji]o]g S sl o} HE YE
gjs}7} 3 & Yotk T SFo), AFERT) Y
3t 3FE Yo Z = RAGE FHEto] FALSH
HFES N7 F&et0. AR istE9lS #Y
Gli= ]SS L2 A8 2, FAISS 2lo]H le]E o]&
3to] Embedding & &3 #E#H o= JFE
E} AJERFES OlgEF APERF bise] HE S
Hlugfo 24 G+ = Qlof. FEE NIJ9 bistet
AFERI7] gl gispE g ZEFZES Y1, A)
SR QALY TRy Feeles BF ARERIY O
5 )l §RE dYetet wreE m S #
= e F AHo] H - 3 ojgtE od
7 RS Yo FHE g YYeEE
Yo, 2o HEFH njFo] ofal2 F5
ofi=, IR HASE Mtz oFE mfF o=
A=) gets GHS Yy et
3 darglEe] Hes seol7] Y RG] Y
A HH Y= JAS)T. WA, RAG TS
o} efslefo] Gl S Al EF SFA . RAG
HA A ApgRpe] ol E JEYgS aglE FA)ekE A
#ol ojrje} Yl g2 1fFo] FAlg, o] 9f
ZRE HAIE FE3f
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of & wofo] b Yl
ot o/gx HY WS
&l FIHE HA S
2 gy g o F JY4He glgsol 7]

zojtt. JpE,  Ap AH S03 Fol. g
= OEE RAG A Fte 2o EollT gl
jrjel o< Faape] ofuiet s #rfsks o
FES FEolA Y, Y S FHL goE #
2] A 'S 0 #EE BdES FE H
o, ZEIE A gpd] ALEA)e] 2t wel
WY Ef AFEAE FE G S ARG
of 7} EE S & onf, 2e]a AREA}I} ofnf
o E& Al o] g w] ARSI el &
B} AFEXP7F A 5 0] BHE ) 862 F
Y= s
el

WY A SH S
ol s} AlgAle 9E igE
WYE Y= YA, YH Yoo FEY
vk WA F89 F gue Yyse HEHY
By AES. o] e sadE H5e]
A8, ) $F H FHr) #E 1,1027)9] we]E
g&3}] RAGE o] &3 Y HEH Y 57 7
4] 3}7] Fle] 30 ¥
& e, FEH HE
&S YA HEHY v
N 12.59 2915, ZE
SH FEE 10.85 22 P2
-7y 2, dEHY 5§ d

Y ORA, 4]
IZEIZE‘O// -L(—;_Z/

[y = e —

=
2 LNE & EEF vl

H

o= vEIE. Eg 3774S F A
-value = 0.002 2, HEZo] &G &L
ke o= dAE Aol gk 37
2o A EZFH R-squared #S 0.735 2, HEZ
89 Hyelo] g A, o= HEYo
LLN& 5 SE9] Fehe 7/x= 72 L[99S 1
Bt E JPDHE, RIGE o8d 3 FH
g @& FHH3) s¥o] LN §F =5 A/

A, QTG AEHO] aE YT AEA FHE
W= b 7] g 7 sE HojTo. ofe et

Y el Fa oo Z]utek mjF o] HE AfH]

2F e S OYe LI HjokS 12,

=9 Hj&, w3 JHE zste] He E§

FAF A, ERIG XA YAE FHojdlr] F
o

o suelES e 98¢ DeE d. J

o b

z‘l'll

N
& G4 daeEY 3
oA G ZFZE
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mj 3y eFare]o Al ZESF X]A9] HZE S
g Aag o ol

ool A E= Agf ojure F= bl 225
i, =7rel Y, v, Ag AR JPE
% Q. o] HFE £+:35] gjgly ¢/E 7 o]~
(CUI: Conversational User Interface)Z *¢¢gF
TE QAR A 5O ZZA A ARSRIS
SIoF JR) RS P o A Do) glornz,
o/E OglgFo] ofd AEX  FE o 59
GUI(Graphical User Interface)® 7JElel= 31,
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Anchoring bias and the cross-section of stock return patterns
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Abstract — This study explores the impact of anchoring
bias on the daily tug-of-war in financial markets,
specifically examining the reversal dynamics between
overnight and daytime periods in relation to the 52-week
high price. After analyzing the interplay between
anchoring bias and the abnormal intensity of the tug-of-
war (AB_NR), our findings reveal a significant AB_NR
premium for stocks far from their 52-week high prices.
This sheds light on the important role of psychological
barriers faced by noise investors during overnight
periods in shaping return dynamics. Furthermore, our
research will also be helpful in explaining the return
patterns in the cryptocurrency market where investors
exhibit behavioral biases.

Key Terms — Overnight return, Daytime reversal,
Arbitrageurs, Anchoring bias, 52-week high

The dynamics of financial markets, including the effects
of major economic news and information released outside
regular trading hours, have received significant attention
in the extant literature. Specifically, the concept of
reversal between overnight and daytime periods has
recently been the focus of considerable research (e.g.,
Berkman et al., 2012; Hendershott et al., 2020;
Bogousslavsky, 2021; Cheema et al., 2022). Lou et al.
(2019) find that a tug-of-war occurs between two distinct
groups—individual investors and institutional investors—
resulting in return reversals between overnight and
daytime periods. Akbas et al. (2022) document that an
intense daily tug-of-war leads to the undervaluation of a
stock because arbitrageurs often disregard the portion of
overnight gains associated with fundamental changes and
consistently exhibit overcorrection behavior in response
to consecutive positive overnight returns. They propose
the measure AB_NR, the abnormal intensity of the tug-of-
war, which captures the abnormal frequency of positive
overnight returns followed by negative reversals during
regular trading hours.

Anchoring bias is also well documented in the literature,
and it plays a crucial role in investors’ decision-making
processes. Several studies suggest that investors rely on
anchoring bias, meaning that investors use the 52-week
high price as a reference point to evaluate a stock’s
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potential price movement (e.g., Kahneman and Tversky,
1974; George and Hwang, 2004; Birru, 2015). In
particular, anchoring bias is strongly observed mainly
among individual investors (e.g., Huddart et al., 2009). If
stocks are near their 52-week high prices, investors tend
to believe that positive news has already influenced prices.
This results in a decrease in aggressive bidding and
subdued price reactions to positive events. Thus, these
stocks tend to be undervalued, leading to a high expected
return.

This study examines the influence of anchoring bias on
the daily tug-of-war. We conjecture that when stocks are
far from their 52-week high prices, overnight noise
traders (mainly individual investors) tend to determine
that there is enough room for further price adjustments
rather than assessing the intrinsic value of a stock. These
stocks experience substantial upward pressure from
overnight noise traders, who perceive greater potential for
price increases. In response, daytime arbitrageurs
overcorrect this overvaluation, resulting in relatively
undervalued high AB_NR stocks compared with low
AB_NR stocks. Conversely, for stocks near their 52-week
high prices, overnight noise traders perceive less room for
further price movement, leading to reduced pressure on
prices. In response, daytime arbitrageurs exhibit less
overcorrection behavior, causing high AB_NR stocks to
be less undervalued, potentially weakening the return
predictability of AB_NR.

Our results indicate that the AB_NR premium is
significant among stocks that are far from their 52-week
high prices but marginally significant for stocks near their
52-week high prices. Fama and MacBeth (1973) cross-
sectional regressions show significant negative
coefficients for the interaction between NH and AB_NR.
These results are amplified following high-sentiment
states, supporting our hypothesis.

This study strengthens the previous research regarding
overnight returns and daytime reversals. By exploring the
connection to anchoring bias, we offer a novel perspective
on the psychological barrier faced by noise investors
during overnight periods in shaping return dynamics.

This study sheds light on the role of anchoring bias in the
tug-of-war between overnight traders and daytime traders.
Our findings reveal that the predictive power of the



intense daily tug-of-war, as measured by AB_NR, is more
pronounced among stocks trading far below their 52-week
high prices. This suggests that overnight noise traders
(mainly individual investors) may be influenced by
anchoring bias. Noise traders generate more (less) upward
price pressure for positive stock information when the
stock prices are far from (near) their 52-week high prices;

this is then followed by the overcorrection by arbitrageurs.

Our findings provide a fresh perspective on the
psychological barriers that investors face when dealing
with overnight returns. Furthermore, our research will
also be helpful in explaining the return patterns in the
cryptocurrency market where investors exhibit behavioral
biases.

<Table 1> Fama and MacBeth (1973) regression

This table presents the Fama—Macbeth cross-sectional
regression results between stock returns and several
variables.

Variable Model 1 Model2 Model3 Model 4
AB_NR 0.189 0.091 0.168 0.107
(6.52) (5.83) (7.50) (6.63)

AB_PR  —0.066 -0.04 -0.028 -0.039
(-1.76) (-1.39) (-0.98) (-1.55)

RETOC_M —0.253 -0.366 —-0.483 -0.374
(-2.53) (-3.87) (-6.04) (-5.32)

RETCO_M _0.276 -0.217 -0.344 -0.225
(-4.43) (-5.04) (-5.89) (-4.73)

AB NR x
NH -0.078 -0.073
(-4.04) (-3.83)
AB PR X

NH 0.039 0.035
(1.95) (1.77)

NH 0.445 0.042
(2.93) (0.33)

BETA -0.021 -0.020
(-0.54) (-0.61)

ME -0.162 —-0.183
(-2.33) (-3.10)

BM 0.114 0.087
(1.49) (1.19)

MOM 0.188 0.211
(2.12) (2.67)

ILLIQ 0.006 0.006
(0.13) (0.13)

TURN 0.297 0.276
(5.37) (5.30)
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IVOL —0.549

(-5.41)

~0.496
(-6.82)

. gz#¢

Akbas, F., Boehmer, E., Jiang, C., Koch, P.D., 2022.
Overnight returns, daytime reversals, and future stock
returns. Journal of Financial Economics 145, 850-875

Berkman, H., Koch, P.D., Tuttle, L., Zhang, Y.J., 2012.
Paying attention: overnight returns and the hidden cost of
buying at the open. Journal of Financial and Quantitative
Analysis 47, 715-741

Birru, J., 2015. Confusion of confusions: A test of the
disposition effect and momentum. The Review of
Financial Studies 28, 1849-1873

Bogousslavsky, V., 2021. The cross-section of intraday
and overnight returns. Journal of Financial Economics
141, 172-194

Cheema, M.A., Chiah, M., Man, Y., 2022. Overnight
returns, daytime reversals, and future stock returns: Is
China different? Pacific-Basin Finance Journal 74,
101809

Fama, E.F., MacBeth, J.D., 1973. Risk, return, and
equilibrium: Empirical tests. Journal of Political Economy
81, 607-636

George, T.J., Hwang, C.Y., 2004. The 52-week high
and momentum investing. The Journal of Finance 59,
2145-2176

Hendershott, T., Livdan, D., Résch, D., 2020. Asset
pricing: A tale of night and day. Journal of Financial
Economics 138, 635-662

Huddart, S., Lang, M., Yetman, M.H., 2009. Volume
and price patterns around a stock's 52-week highs and
lows: Theory and evidence. Management Science 55, 16-
31

Lou, D., Polk, C., Skouras, S., 2019. A tug of war:
Overnight versus intraday expected returns. Journal of
Financial Economics 134, 192-213

Tversky, A., Kahneman, D., 1974. Judgment under
Uncertainty: Heuristics and Biases: Biases in judgments
reveal some heuristics of thinking under uncertainty.
Science 185, 1124-1131



ChatGPT 9] XA+ &
&2 ZANF FAF A

O| = THE PSIn =
FALfer i & Z e LAYt Z et HALCY S, 2 ISt
LIX EFES LA E5EE LA E5 &S
jaaewook@pusan.ac.kr dudgns342@naver.com wjdekgns980@gmail.com
2ep Jikl IRl
RAfStE 225 RAfS 7| A S RAfS T &Y

tae6709@gmail.com Ihb823@pusan.ac.kr LX) S22
minhyuk.lee@pusan.ac.kr
Abstract—- F§ A/3FoJA] HAE plo]yL ko] BERT, ChatGPT, LLM, Prompt, Stock Preditcion,

H] % EE rb]o]EE z’t-'-/—‘?c’f"?’, AY &F FAAF
e, 24 nmlrjoje] FF s wAT HEHE
gopetr] fla] AFEEH. &= OpenAl ARg/
ChatGPT 9f Meta 9/ LLAMA2 Z fi¥H+= gy E
o/o] 2 g(Large Language Model, LLM) 9] F§- &of
HXE nmjo]yy P oz Z}g¥u o) IR E
SHY FIHIYH YAZ A}Yo] ofd HHE
ARLA Y 4y etof A &8} "2y
#Zj(Hallucination)" & 2 #A 7} A o]&E
of GA et LQICE X FH w ) E AT E,
7= Y FAIFEE JF FY 249 ool
4] % ¢ g & ChatGPT & o]-& 319 7 &1t o]
Zao] Z]urefe], JY ofu] f= FHERS =510
A FAF FFE A EEHO)F Y, AHE =
ofF Z|E AT HoF HXE mjo]go] AIEHAE
FinBert 2} & HA2E nfo]y 7]H5 9] KlueBert £}2/
FA} §H o] E FEFH ) o] 9= Bl ZHHeF

=4 W0l ZEZE ZHE Fof T 2R
LLM A1 o)4] B4 + = PAEL HEFT +

Sl GAHR Ao)=GUE AT, 117} A
gl £x4 84 Z A Al oA 7]
QoA A3 BRI A A0 AR

<Keywords>

74

Transformer
I A/
g2 Evfo]y

A3}

pul

E dlo]el FAUN=

LHO% fFrejmet Ar=

7] gaEntolde

MRS PAEE

TQﬂu-4ﬂJ-%%aq SR B
1438, g4 W

1% AR g wsh
TE BAoN} 2]

)
&5]7] A&k 2010 A
H darg]Fo] AQtEM, HAE)
o] o]sfatiL, wAZ L
ZA fﬂ"% o] 7hs sl A ™ 4?301743]
gl ~Ento|y] Fop= w2 A W skar ol
gl ~Eufo]d o] WAy A 4§
Hopme] &9 A ZiEstE Qv
Ao} e (Large Language Model, LLM)3}
E@ Ay dag]Eo] ChatGPT 9 Llama 2 o) % 5 =
/\1]:]]/\2 EEH ?ﬁﬂﬂi :Lo _1?40]:01]}\1 E‘jfﬂE ﬂ@‘_’

A B RA, TAR e B4 B4 A 4

%74]

x=
3ol

L

o

—_

mwmﬂﬁ
e

fo(m N 1z p2
B2 e K

H\L

=2

2 %A

Qe Ao ZhE L Yk A, LM & 53
grEvtold Ay, olF FE R FA Ropol

o

Zgat= tols 9 7HA wAldel v LM 2



ek EAS Hol HAES AASaL, o] et
TA A G A A m=EEo] v =
Aol A A FA F-3hehA] e WS IRl
A @k $zb(Hallucination) 9A] LLM ¢
AEAZE steA 7] 840tk LLM 9] F2e1Ad
37 dats %‘r@ro}ﬂ AMA FRstE ZFIZE
T4, A 2% (Named Entity Recognition), 7144
T4 A" (Retrieval Augmented Generation) 5ol
o] &= & gt} B AoM =, LLM 9o F29 A 1}
32t A S H A g)eko], Al 8] A °‘L A5 78]
Aall, FxolE TETE A4S sk, NER
o] &3ato] T} T4 AHE S Pt} o] % AA 772
=gkl gk A 248, ChatGPT & &3
Agste], dd v F5& HAAsta, o AHE
Sk A 2 42 9] KOSPI @] 714 dlo| 8l & &3 A5t
gk o 2 7]E BERT 4 g 555 8 44 4
A} v asto], 2 Aol A %188 g ChatGPT %4 ©
a5 A E gAst A} gk

. 9739

2 AFNM AFR ] = T F =]

H tﬂ oY A AH] 2~ 1%17}0 Z(BIGKinds)ll 4]
st ’“2‘ 717k 2023 d 19295 E 4 Y
30 A7t 2] 7]7ko. 2 A o LLM 2] W o]
298 ChatGPT 3.5-Turbo, BERT ¢] Hjo] 2~ el &
A&t 8kl Ambient 2Fd of 2 2] A A ol A gk
KR-FinBert ¢} KlueBert & AF-8-3}3 TF. 41 thA4+
AHAEL- 2022 1 12 € 28 Y 7] KOSPI200 <)
FEo g AAFTH
ChatGPT 3.5-Turbo = o] -&3}], A A 72
& =2kel Z 7] KOSPI H5o thaf], <28 1>00] A
AAE ZFZES S, for| gk sl =kl vt
AT 1 o] 5, <19 2>, <1 3>l A A A H
T EIE upe}, Zt 2 s =gl o] oW zjaka)
9l =x= 2] /\ma 3har 2 A 2Pkl o &)
41%1163 Ioh a2 sl =kl st
Al

= _IE/\)\

71 €]

prompt = """Forget all previous instructions and
processes. You are an expert who has been investing in
and advising on the South Korean financial market for
a long time. You have a precise understanding of the
KOSPI200 stocks and their characteristics, as well as
how they have evolved over time. Please accurately
carry out the tasks I will instruct. Determine whether
the news headlines I provide will have an impact on
the short-term price fluctuations of KOSPI200 stocks.
Output the result as either "O" for influential or "X"
for not influential."™*

prompt += {"\nNews headline: '{headline } "\nImpact on
KOSPI200 short-term price fluctuations: "

<Y 1> HEekel AE mExE

75

« Forget all previous instructions. Pretend you're a
proficient securities analyst in the South Korean stock
market, particularly skilled in utilizing text mining to
understand market sentiment and generate above-
average returns. Your task is to select two stocks from
the KOSPI 200 that will be most significantly
impacted in the short term by the provided news
headlines : '{headline}'. Select two stocks and format
your response as {{“Name Ticker"}} for each,
separated by a comma.

<IY2>FR A mEwE

+ Based on the headline: '{headline}', and considering
the stock {asset}, Please determine whether the
presented news will have a positive or negative
correlation with short-term price fluctuations. Provide
me with either "O" for a positive correlation or "X" for
a negative correlation, without any detailed
explanation.

<IYB>AGEN ZEZE
ChatGPT3.5-Turbo ¢}9] H] W & 9] 3l, 5L gk 7] 719
2~ & =2}kl d)o] El & KR-FinBert 2} KlueBert =
o]-g3ato] EA YT} 72 A8 B APE -2 KeElectra 9]
NER(Named Entity Recognition) 7]5-& ©]-& 3l t}.
o] % KR-FinBert ¢} KlueBert & o] &3} 72
gl=epelol o g 7Hd A= g
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Designing Mobile Message to Reduce Loan Repayment

Default in Microfinance: Evidence from Field
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Abstract — The study is about how financial nudging
with text messages changes the behavior of
microfinance borrowers. This study is the first
to test the Impact of financial nudging on
microfinance borrowers. Focuses on how text
message reminders reduce repayment default in
microfinance. We use timing and information to
test how psychological distance determines a
consumer 's response to text message reminders for
loan payments. The results showed a positive
relationship, sending text reminders on the
previous day to the due date with the amount of
money and ten days before the due without the
amount of money Increases the chances of
borrowers' intention to pay In contrast with
sending them ten days before the due date with
the amount of money of the payment. Also, the
borrowers who received ten days before the due
without the amount of money show that their
Intention to pay behavior stayed long In the
post-treatment period due to their strong self-
control capability. Our paper I1s the first in IS
literature to show the role of performance
ambiguity empirically and to associate the
ambiguity  with antecedents derived from
construal-level theory. Besides, it advises that
considering the when, where, and how of mobile
targeting strategies 1s vital and designing
mobile text message reminders prudently, how
microfinance can mitigate default risks.
Therefore, policymakers can benefit from
developing a practical policy for mobile
applications by considering the contextual
factors we proposed.
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Key Terms — mobile banking; microfinance;
repayment default; self-control
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Abstract —

Research in the domain of recommender systems has
achieved significant advancements, from traditional
methods such as content-based filtering, collaborative
filtering, and matrix factorization to sophisticated deep
learning-based  frameworks.  Nonetheless,  these
conventional approaches often fall short in capturing
dynamic interactions between users and systems, as well
as adequately accounting for long-term rewards. To
address these limitations, there has been an increasing
focus on the exploration of deep reinforcement learning
(DRL) based recommender systems. The application of
DRL is particularly promising within this context, as it
enables an agent to adaptively learn from users’
changing preferences through real-time feedback.
Among various DRL techniques, this study is
distinguished by its integration of the actor-critic method
with distributional reinforcement learning, specifically
through the implementation of Quantile Regression Deep
Q-Networks (QR-DQN). An empirical investigation,
utilizing real-world datasets in an offline environment,
demonstrates that this hybrid approaches outperforms
other multi-critic strategies in performance. This
enhancement underscores the potential of combining
actor-critic frameworks with distributional reinforcement
learning principles to refine the efficacy of recommender
systems.

Keywords - Deep  Reinforcement
Distributional Learning, Recommender System

Learning,

l. Introduction

Recommender systems have become a crucial part of
today’s digital landscape, aiding users in finding goods
(e.g., products, news, music, services). Over time, these
systems have undergone substantial development, moving
from classic approaches such as content-based filtering
(Lops, P. etal., 2011), collaborative filtering (Schafer, J. B.
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et al., 2007), hybrid method (Burke, R.,2002), matrix
factorization (Koren, Y. et al., 2009), logistic regression (Y.
Wang et al., 2016) to advanced deep learning algorithms
(Zhang et al., 2019).

However, these conventional methods are typically
static in that they often rely heavily on historical interaction
to make recommendations. In other words, they may not
capture the latest changes in user preferences unless the
model is frequently retrained, which can be
computationally expensive and time-consuming. The lack
of real-time adaptation may lead to continuous
recommendation based on outdated preferences, failing to
adapt to the user’s current interests.

Furthermore, such mentioned approaches tend to
discard the long-term rewards since they are trained to
maximize the immediate rewards. Focusing merely on
instant rewards may result in neglection of long-term
effects from the recommendations.

In an attempt to overcome these limitations, deep
reinforcement learning (DRL) (K. Arulkumaran et al.,
2017) algorithms have been widely utilized in
recommender system. A DRL based recommender system
typically involves three main stages: (1) State
representation (Liu, F. et al., 2020), (2) Reward/cost
Formulation, (3) Environment setup. State representation
module is often used to better model the complicated
interactions between users and items which eventually
improves recommendation performance. This module uses
multi-layer networks to capture user-item interactions
based on historical data, generating a continuous
representation of user behavior. Furthermore, the
reward/cost signal provided by the environment shows the
performance of agent in selecting actions. Thus, designing
an adequate reward/cost function is required in DRL based
recommender system. An environment can be divided into
two settings: offline and online. In an offline approach, the
environment consists of a static dataset containing user
information. Usually, in an offline setting, the trained
model is used to evaluate recommendation performance
with the learned policy. Conversely, in online
methodologies, algorithms undergo testing through real-
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time interactions with actual users, which can be accurate
but more costly.

In our study, we combined Deep Deterministic Policy
Gradient (DDPG) (Lillicrap, T. P. et al.. 2015) algorithm
with Distributional Reinforcement Learning, especially
Quantile Regression Deep Q-Networks (QR-DQN)
(Dabney et al., 2018). In the existing DDPG algorithm the
critic network calculates the state-action value function,
also known as the Q-function. DDPG algorithm efficiently
merges the benefits of policy gradient methods (Sutton, R.
S. etal., 1999) and deep Q-networks (Mnih, V. et al., 2013)
by employing the critic network for Q value estimation and
the actor network for determining the optimal actions. In
this study, we modified the critic network of existing
DDPG algorithm by adopting QR-DQN architecture.
Instead of estimating a g-value which is a single scalar
value, it estimates a g-value distribution. In addition, when
calculating a Temporal Difference (TD) Error, instead of
using MSE loss function, it uses Quantile Huber Loss
function.

Il. Methods and Results

In this study, we utilized the MovieLens 1M dataset,
allocating 80% as training set and 20% as test set. The
reward is set to 1 for recommended items with a rating
greater than 3. In order to prevent recommending repeated
items, any once-recommended movies are removed from
the candidate set. After training our proposed model over
10,000 episodes, we observed that the g loss converged to
a value between 0 and 0.1 as shown in Fig.1.

Q-Loss History up to Episode 10000

A _ " RO | AR

o 2000 4000 6000 Bo00 10000
Epuscde

<Fig. 1> Q Loss History up to 10000 episode

For comparison, we employed both multi-critic models
and a random model. The model with two critics has an
additional critic network that imposes a cost if a rating for
recommended items is 2 or lower, and the user’s stickiness
falls within the bottom 25%. Furthermore, the model with
three critics additionally incorporates a critic network that
measures another cost based on the popularity of the
movies. Specifically, the cost is imposed when the rating

for recommended items is lower than 3, and the popularity
of the items falls within the top 10%. Lastly, random model
without any training process is also used for a comparison.

Precision, NDCG, total rewards, and total costs are used
as evaluation metrics. As shown in the Table 1 and 2, it can
be observed that the model proposed in this study
outperforms the multi-critic models and the random model
in all aspects.

<Table 1>
Performance Comparison on Top 5 Recommended
Items

Precision | NDCG | Reward | Cost Cost
1 2
QR- 0.5106 0.4981 3084
DDPG
2 Critic 0.4502 0.4464 2719 120
3 Critic 0.4177 0.4104 2523 36 71
Random 0.0323 0.0308 195
<Table 2>

Performance Comparison on Top 10 Recommended
Items

Precision | NDCG | Reward | Cost | Cost
1 2
QR- 0.4755 0.4597 5744
DDPG
2 Critic 0.4382 0.429 5293 227
3 Critic 0.4012 0.3943 4846 78 136
Random 0.0327 0.0338 395
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The effect of applying Aristotle's rhetoric on persuasive cues in
Al's travel recommendation on user trust
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Abstract — The emergence of Large Language
Models (LLMs) has elevated the importance of
ChatGPT  (Chat  Generative  Pre-trained
Transformer) and its application in travel
planning recommendations. Furthermore, user-
friendly interfaces and efficient data processing
enhance users' decision-making processes.
However, ChatGPT's responses vary based on
linguistic cues and question formats, containing
a multitude of possibilities. This study aims to
interpret Al's persuasive cues from the
perspective of Aristotle's rhetorical appeals
(Ethos, Pathos, Logos). Additionally, it seeks to
examine whether customer user competence
moderates the effect of persuasive cues on trust
in travel recommendations. The study not only
investigates the effective factors of Al persuasive
cues but also anticipate that it will be possible to
examine the underlying mechanisms of the user's
persuasion process in trusting Al.

Keywords — Aristotle's rhetorical appeals, Al
persuasive cues, trip planning recommendation,
trust, user competence

1. Introduction

The emergence of ChatGPT has made trip
planning more convenient in the travel industry
by providing users with novel travel information
(Kim, Kim, Kim & Park, 2023). Users can now
diversify their travel plans by receiving travel
recommendations from Al. However, due to the
nature of LLMs, ChatGPT tends to provide
abstract responses based on context (Sundar,
2023), and user competence in how questions are
posed may influence the responses (Callum,
2023). Previous studies have explored
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recommendation techniques for LLMs (Kirshner,
2024), as well as factors affecting option
reduction in travel planning and decision making
(Shin, Kim, Lee, Yhee & Koo, 2023). Studies
have also examined factors influencing perceived
trust in personalized travel recommendations
(Ali, Yasar, Ali & Dogan, 2023). However,
considering that Al's responses vary based on
user competence (Azaria, Azoulay & Reches,
2023), research on cues for travel destination
recommendations should be approached from
various perspectives. Additionally, Ali et al.
(2023) highlighted the need for future research
on factors influencing trust in Al-based travel
recommendations. Therefore, this study aims to
approach trust in travel recommendations from a
different perspective by constructing persuasive
cues inspired by Aristotle's rhetoric and applying
them to Al-powered travel recommendations.
Benjamin (1997) stated that persuasion is
pervasive in society, while Aristotle defined
rhetoric as the ability to see the available means
of persuasion, distinguishing three means: logos
(logical appeal), pathos (emotional appeal), and
ethos (credibility) (Borchers, 2005). Building on
this, the study extends persuasive cues from
rhetoric to the context of Al, assuming that
persuasive cues will positively influence user
trust in travel recommendations. Since Al is
influenced by user expertise (Azaria et al., 2023),
the study assumes that user competence will
moderate the effect of recommendations based
on user competence type. The goal of this study
is to propose tourism-oriented persuasive cues
for trust in travel recommendations by applying
ChatGPT's persuasive cues from an Aristotelian
rhetorical perspective, which is meaningful in
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attempting to adopt rhetorical concepts in travel
recommendations.

2. Literature Review
2.1. Aristotle's rhetoric theory

Aristotle described rhetoric as the art of
persuasion and as a means of engaging in good
conversation with others. Murphy (1981)
recognized three fundamental components of
persuasion: ethos, which refers to credibility;
pathos, which involves appealing to emotions;
and logos, which pertains to the logical form of
an argument. Fogg (1998) asserted that
computers have the ability to function as
persuasive devices. Research has been conducted
on the application of rhetorical appeals in internet
e-commerce design and interface-related studies,
with Winn & Beck (2002) suggesting that web
design elements inherently embody basic
persuasive elements to facilitate consumer
purchases, particularly when objects are credible,
emotionally impactful, and factual. The
application of rhetoric has extended to social
communication, as evidenced by Bronstein
(2013), who noted that the application of
rhetorical appeals in online communication
during presidential campaigns led to significantly
increased support. Additionally, Aristotle's
appeals are more persuasive when used together
rather than individually, with emotional and
credible appeals having a greater impact than
appeals to logic (Chu, Deng & Chung, 2014).
Thus, Aristotle's rhetoric has been applied over
time to various media. Hence, the objective of
this study is to examine whether the three appeals
of Aristotle (Ethos, Pathos, Logos) also have an
effect on user trust as persuasive cues in Al.

2.2. Persuasive cue adoption in Al

Avristotle's rhetoric is comprised of three
fundamental components: ethos, which pertains
to credibility; pathos, which involves evoking
emotions; and logos, which refers to the logical
structure. These parts have been expounded upon
by Bronstein (2013). This study has reinterpreted
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these characteristics as ethos (credibility), pathos
(social presence), and logos (information quality)
for Al persuasive cues. Credibility can be
described as the quality of being believable or
trustworthy (Fogg & Tseng, 1999). Scholars
have explored dimensions of credibility such as
trustworthiness, expertise, dynamism, goodwill,
likeability, and attractiveness (Choi & Stvilia,
2015; Ohanian, 1990). Fogg & Tseng (1999)
propose that trustworthiness and expertise are
fundamental elements of perceived credibility,
hence establishing the dimensions of credibility
in the context of Al as a) Trustworthiness, and b)
Expertise. Pathos, in the context of Al, can be
utilized as social presence, which pertains to the
perception of being in the company of another
during human-computer interaction (HCI)
(Gefen & Straub, 2003). Pathos, which refers to
a sense of human connection and social
interaction, can be relevant to Al. Logos,
interpreted as the logical discourse used to
convey a message, is rational appeal to recipients
(Buttle, 1998; Xun & Reynolds, 2010). In Al,
logos is applied as information quality, which
includes accuracy, format, completeness, and
currency of information produced by digital
technologies (Setia, 2013). The study examines
four elements of information quality: relevancy,
reliability, conciseness, and quickness. It
specifically considers ChatGPT's tendency to
prioritize quickness above timeliness, as
highlighted by Niu and Mvondo (2024).
Therefore, in this study, we aim to construct the
variables of persuasive cues when applied to Al
as Credibility, Social presence, and Information
quality. Also We intend to adopt the dimensions
of each variable and conduct a survey afterward

2.2. User competence

Due to the progress of artificial intelligence (Al),
ChatGPT is capable of offering a wide range of
responses that are influenced by the structure of
user queries (Sundar, 2023). User competency, as
described by Marcolin, Compeau, Munro & Huff
(2000), refers to the ability of users to effectively
employ technology in accordance with their job



tasks. User competence is classified into three
categories: breadth of personal knowledge, depth
of knowledge, and finesse in creatively applying
technology (Munro, Huff, Marcolin & Compeau,
1997). Furthermore, when it comes to end-user
computing competence, competence is classified
into three categories based on user characteristics,
usage  characteristics, and  application
characteristics (Blili, Raymond & Rivard, 1998).
Moreover, the competence of users is linked to
their level of experience, skill, and knowledge in
utilizing smartphones, which in turn leads to user
pleasure in utilizing the diverse range of
multifunctional  features and information
available on smartphones (Koo, Chung & Kim,
2015). Thus, user competence has been applied
to various technological contexts throughout
different eras.

2.3. Trust formation in Al

According to Lewicki & Wiethoff (2000), trust is
the belief and willingness of an individual to take
action based on the words, actions, and decisions
of another person. Trust is the belief a person has
in the actions of others, which is influenced by
their expectations (Gu, Lee & Suh, 2009).
Nevertheless, as technology has progressed, trust
has become an essential factor in the interaction
between technology and individuals, playing a
critical role in the adoption of technology
(Johnson, Bardhi & Dunn, 2008). Specifically,
when users depend on Al for particular tasks, this
dependence can also be regarded as trust
(Lankton, Mcknight & Thatcher, 2014).
Therefore, studies have been carried out to
investigate the way in which humans perceive
and embrace  technology, specifically
recommendation agents in the field of
technology (Lankton, et al, 2014). Therefore, the
extent to which users accept information based
on the plan provided by Al can be regarded as
trust in Al (Ali et al, 2023). Therefore, this study
aims to investigate whether applying Avristotle’s
rhetoric to Al as persuasive cues influences trust
in travel recommendations.
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2.4. Research Model and Hypotheses Development

This study has utilized Aristotle's rhetoric, a
foundational ~ framework  for  persuasive
communication (Murphy, 1981), to
present persuasive cues. The components of
rhetoric encompass Ethos (credibility), Pathos
(social presence), and Logos (information
quality), which have been employed in the
context of Al. The purpose of this study is to
investigate the impact of these persuasive cues on
trust in travel recommendation. Additionally, the
study seeks to investigate whether user
competence, categorized by user type (i.e.,
customer vs. supplier), moderates the
relationship between persuasive cues and trust.
Based on these discussions, the following
hypotheses are proposed:

H1: Credibility has a positive influence on trust
in travel recommendation.

H2: Social Presence has a positive influence on
trust in travel recommendation.

H3: Information Quality has a positive influence
on trust in travel recommendation.

H4a: The relationship between credibility and
trust in travel recommendation will be moderated
by User Competence.

H4b: The relationship between social presence
and trust in travel recommendation will be
moderated by User Competence.

H4c: The relationship between information
quality and trust in travel recommendation will
be moderated by User Competence.

Figurel. Reserch Model



3. Methodology

This study will utilize Partial Least Squares-
based Structural Equation Modeling (PLS-SEM)
to evaluate the influence of Aristotle's persuasive
cues on Trust in travel recommendation. This
method is recommended by Hair, Hult, Ringle, &
Sarstedt (2017). The research will conduct a
survey using the online survey platform Amazon
Mturk. Additionally, the study will categorize
users into two types: those seeking trip planning
information, divided into customers receiving
travel recommendations from Al, and those
interacting with travel agencies. The aim is to
examine whether different user competences
among customers moderate the effects of
persuasive  cues on trust in travel
recommendation. To achieve this, Multi-Group
Analysis (MGA) will be employed. MGA is a
non-parametric  method that relies on
permutation tests and Henseler's Bootstrap,
making it one of the most conservative
techniques for evaluating differences between
two groups (Henseler, Ringle & Sarstedt, 2016).
Furthermore, according to Barreto, Rubio &
Campo (2020), there are cases where the validity
of results was established through surveys using
various types of stimuli. Therefore, this study
will provide stimuli for different scenarios of
travel recommendation conversations between
customers and Al as well as travel agency staff,
aiming to measure the moderating effects of
competence through MGA.

4. Conclusion

This study is based on Aristotle's rhetoric and
investigates the roles of three persuasive cues
(i.e., credibility, social presence, information
quality). It proposes a new perspective on how
these cues influence trust when users utilize Al
for travel recommendation. By

examining whether persuasive cues are
moderated by user competence in influencing
trust in travel recommendation, this study aims to
provide insights into the effect of user
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competence on travel recommendation. It is
anticipated that this research will contribute to
revealing the underlying mechanisms of the
user's persuasion process in trusting Al.
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Abstract — This study explores the implementation
and applicability of the Wide & Deep model in a
real-world operational enviromment, starting
from a theoretical foundation, through data
preparation, to a detailed analysis of the

model 's structure, learning methodology,

optimization techniques. Specifically,

and
through

the operational case study of the platform "e-
Um, " this research has demonstrated that the FWide
& Deep model can accurately reflect users'
preferences and behavioral patterns, providing
more personalized recommendations. This finding
Illustrates the model's capability to achieve an
effective balance between memorization and
generalization within recommendation systems,
showcasing superior performance. Based on the
results presented in this study, It Is expected
that recommendation systems based on Fide & Deep
algorithms will contribute to the expansion in

various fields.
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Advancing Tourist Experience Through Personalized
Menu Recommendations with Auto-Tagging

Kim, M. H., Park, B. H., Lee, H. J,, & Lee, J. M. (2024)

Abstract

* This study introduces a novel method for enhancing culinary tourism experiences by providing
personalized menu recommendations to travelers.

 Leveraging context-aware clustering and tag-based filtering on a dataset of over 30,000
restaurant reservation entries, we identified distinct dining preferences among users.

* By employing a multi-step recommendation process integrating cluster weights, tag similarity,
and past reservation data, our approach significantly outperformed baseline models, achieving
over a tenfold increase in recall and mean average precision metrics.

» Our model's focus on culinary tags enables more precise and contextually relevant
recommendations compared to traditional menu-based approaches.

96



Firm’s cloud adoption decision according to environmental policy
(ETS)
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Abstract — Amidst the prevailing global concern for
environmental preservation due to Earth's pollution,
nations  worldwide are increasingly formulating
environmental policies. Consequently, firms face
heightened pressure to mitigate carbon emissions, resulting
in additional environmental costs due to regulatory
measures. Our research focuses on the decision of cloud
adoption by firms as a strategy for carbon reduction,
particularly following the implementation of the California
Cap and Trade (ETS) regulation in 2012. Employing the
Difference-in-Differences (DID) methodology, we
meticulously control for various influencing factors to
investigate this phenomenon. Our findings reveal a notable
increase in cloud adoption among companies in California
after the ETS, compared to those in other states. Moreover,
this effect is accentuated within the green industry sector
and among companies with higher GHG emissions.
Through this research, we uncover novel factors
influencing cloud adoption decisions, demonstrating the
influence of ETS on corporate IT strategies. We provide
evidence that environmental policies, such as ETS,
influence companies to opt for cloud outsourcing as a
means of reducing carbon emissions and mitigating
environmental costs.

Keywords — California cap and trade(ETS), GHG
emission, Cloud adoption, Green industry, Outsourcing

1. A/ E

Currently, there is a heightened global interest in
environmental issues. Since the Tokyo Protocol,
governments worldwide have agreed to reduce carbon
emissions, and more concrete targets and figures have
emerged post the Paris Agreement. In 2021, Larry Fink, of
the global investment firm BlackRock, declared that they
would only invest in companies adhering to ESG
(Environmental, Social, Governance) standards. As a result
of such global agreements, regulations, and the stance of
hedge funds, companies are increasingly compelled to
consider the environment.
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Our research focuses on corporate decisions regarding
environmental factors, specifically the reduction of carbon
emissions. In making these decisions, companies may opt
not to reduce carbon emissions if the environmental costs
are too high, or they may be required to reduce emissions
due to regulations. However, most companies lack
knowledge, expertise, and specific assets for carbon
emission reduction, making it challenging for them to
prioritize it.

We have chosen to investigate corporate decisions
regarding cloud adoption in situations necessitating carbon
emission reduction. While previous studies have explored
factors influencing cloud adoption, such as the Technology,
Organization, and Environmental (TOE) framework and
financial considerations like IT infrastructure size and firm
size, as well as security risks, our research aims to
empirically demonstrate factors not previously considered.

In cloud adoption literatures, Research on firms' cloud
adoption decisions has been steadily progressing in the
Information Systems (IS) literature. (Low et al., 2011)
examined firms' cloud adoption decisions through the
Technology, Organization, and Environment (TOE)
framework. (Misra & Mondal, 2011) analyzed cloud
adoption from a financial perspective, finding that it is
influenced by factors such as IT infrastructure size and firm
size. Khalil (2019) identified three main reasons for cloud
adoption: the highly competitive market, the need for
innovative solutions, and the desire to lower costs. Zhang
etal. (2020) studied how situations with high-security risks
versus low-security risks affect firms' choices, as well as
vendors' pricing and investment decisions. Schneider and
Sunyaev (2016) aimed to analyze factors and determinants
affecting cloud adoption by reviewing existing literature.
They identified various factors related to transaction costs,
including site specificity, technical specificity, firm
internal 1T capability, firm size, coercive pressures,
mimetic pressures, and normative pressures.



Cloud adoption involves outsourcing activities for
computing power, servers, cooling systems, storage, etc.
All of these activities incur electricity costs and emit Scope
2 emissions. Therefore, firms' decisions regarding cloud
adoption can be considered as decisions to outsource
carbon emissions.

Firms often outsource their emissions to foreign
suppliers rather than investing in abatement efforts (Dai ei
al., 2021). Bartram et al. (2022) empirically demonstrated
the effect of the Emissions Trading System (ETS) in
California. They found that financially constrained firms
tend to shift emissions and output from California to other
states where they have similar underutilized plants.
Conversely, unconstrained firms do not make such
adjustments.

We examine the impact of environmental regulations on
corporate cloud adoption decisions. Specifically, we
provide empirical evidence of the influence of the
California Cap-and-Trade, implemented in 2012, on cloud
adoption by companies in California. The California Cap-
and-Trade is a type of Emissions Trading System (ETS),
which employs market-based mechanisms to control
pollution.

Our findings indicate that since the implementation of
the California Cap-and-Trade, companies in California
have increased their cloud adoption despite controlling for
existing factors outlined in previous literature. We utilized
the Difference-in-Difference (DID) method and confirmed
the robustness of our results through propensity score
matching (PSM). Particularly, companies in green
industries exhibit stronger responses due to higher
demands for carbon reduction. In conclusion, our research
provides evidence that corporate cloud adoption decisions
are influenced by environmental regulations.

W zg# Z

<3 1> OLS REGRESSION FOR MAIN RESULT

DV : cloud adopted

Variables Coef. Std. p-value
ETS*CA 0.196 0.065 0.003
California 0.074 0.058 0.207
dummy

After ETS | 0.704 0.068 0.000
Size 0.025 0.020 0.211
Lev -0.007 0.144 0.962
Cash flow | 0.005 0.003 0.093
Tobin’sQ | -0.012 0.014 0.413
Age -0.001 0.002 0.541
CAPEX -0.568 0.162 0.001
Servers 0.0001 0.00007 0.115
IT budget 0.046 0.014 0.001

98

Electricity | -0.017 0.010 0.094
price

industrial

High level | -0.023 0.027 0.401
breach

HHI index | -0.301 0.648 0.643
KZ index 0.001 0.0006 0.120
CEO 0.064 0.029 0.029
change

CFO 0.031 0.028 0.277
change

. Fz#£%
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= |P Flow Information Export (IPFIX) Entities
IANA, RFC 7011, RFC 7012
v" Element IDs : 491 (2022-08-19)
IPFIXcol2 : IPFIX flow data collector for NetFlow v5/v9
lana

intarnot AssiEna Numbors Axihoety

IP Flow Information Export (IPFIX) Entities

Created Bomantls Data Ty % Ty
MR o Kama I Asoact Dara Type (ot W Stanus 1 Desoritien [0
Lot wpe [ Fesersen
Nots 1 Lo AT e
| oz cbeairted |BEEIE . Homver
rrwsin 53 art of the histarical record
pacheDEnaouns S T
] ceraCier -
..... in aentitar prere
o0 bosicList = current
basic
BG
e
481 bgabassinatienLargat ammunimylis Basictist st current
48232767 Unassigned

oz HE%

A
-

= IPFIX 7|2t Network Flow =41 HE Of Al
+« Traffic Volume Statistics
«  Source/Destination IPE &4l bytes/packets
. IZZEZY &4 MA bytes/packets
o S H bytes
«  Source/Destination IP¥ Flow ==
+ Traffic Flow Statistics
«  Zt Source IPO|Af A|ZHEl Connection ==
« 2 Source/Destination IP AtO|2| Connection ==
« 2} Connection Time S RX| A|Zt
22 byte 7|F Top Source/Destination IP T2
. 22 byte 7|F Top ZE/ZZEE
+ Network Performance Statistics
o HIESRA ti7|A[ZH(Network latency)
. & A[ZHRound trip time)
. CHYZ= ArE(Bandwidth utilization)

o IZl &4 E(Packet loss rate)
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unis NI gsicional Enfuratias (1]

[RECH313) [RFCA0%E

arcct_mvunu, E=
pion g with des

|RELE1 3] [RECRIEZ]

* https://www.iana.org/assignments/ipfix/ipfix.xhtml
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RA_FIELD_SPECIFIER

srcid seq stime ltime dur sstime sltime sdur
dstime dltime ddur srng drng trans flgs avgdur
stddev mindur maxdur saddr dir daddr proto
sport dport sco dco stos dtos sdsb ddsb sttl
dttl shops dhops sipid dipid pkts spkts dpkts
bytes sbytes dbytes appbytes sappbytes
dappbytes load sload dload rate srate drate
loss sloss dloss ploss sploss dploss senc denc
smac dmac smpls dmpls svlan dvlan svid dvid
svpri dvpri sintpkt dintpkt sintpktact
dintpktact sintpktidl dintpktidl sintpktmax
sintpktmin dintpktmax dintpktmin sintpktactmax
sintpktactmin dintpktactmax dintpktactmin
sintpktidlmax sintpktidlmin dintpktidlmax
dintpktidlmin jit sjit djit jitact sjitact
djitact jitidl sjitidl djitidl state deldur
delstime delltime dspkts ddpkts dsbytes ddbytes
pdspkts pddpkts pdsbytes pddbytes suser:15@e
duser:150@ tcpext swin dwin jdelay ldelay bins
binnum stcpb dtcpb teprtt synack ackdat inode
smaxsz sminsz dmaxsz dminsz

RA_FIELD_SPECIFIER

stime dur proto saddr sport dir daddr dport
state stos dtos pkts spkts bytes sbytes load
sload sintpkt dintpkt label

@ BRI B



oz HESXA EdjE EM A - HEYI ET 2H | o
Zoyz
= A O

= OpenlCE (Open-Source Integrated Clinical Environment) = 3 &
v Q27|7| AIZEO|E] 7|8t AIE B T4, WA EHT Y 450 AN UY EHT 7
v" ICE Dataset : Clean, WannaCry, Petya, BadRabbit, PowerGhost
v o5 feature: T 222 7|8t 1670 FF, Time Window 7|8t 222 TT0|AM 520K+ 4d

Tahia 1. Caphuses 2/alabis intag and hratbow feowal)

[reverey
Clean ICE cataset o CUME | Bl S NE
WannCiy ICE damaset BTN | ol 117 MEY

DodRabON KE doaMY | mapnme | cnstbe 0w
PownGhost ICE duasel o 23001 Gaisiloe 1 NE)

Tebie 3. Asgus confgunTion e

[re—

Argus configaration Bl g (2100
Ta conbigurahon Bk angard 24 KB
_ - T
eallre vectrs Tafesen AR Lefhes! 0o skl el
7 3

| seomay A
* https://www.openice.info
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S0P Class UID
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12 BAN1000E 51 41122
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IIl. Azt

Total
Classifier Accuracy Precision Recall F1 Score AUC Performance Rank
Average
XGBoost 99.7 99.6 99.7 99.6 >99.9 99.7 1
Logistic Regression 99.7 99.6 99.7 99.6 >99.9 99.7 1
Support Vector Machine 99.7 99.6 99.7 99.6 >99.9 99.7 1
CatBoost 99.6 99.5 99.6 99.5 99.9 99.6 2
Multinominal Naive Bayes 99.6 99.1 99.6 99.3 99.9 99.5 3
Random Forest 99.6 99.5 99.6 99.5 97.6 99.2 4
AdaBoost 99.6 99.4 99.6 99.5 95.7 98.8 5
K-Nearest Neighbors 63.7 99.5 63.7 77.4 76.3 76.1 6

XGBoost - Performance

Accuracy 99.7
Precision 99.6

Recall 99.7
F1 Score 99.6

True Positive Rate

IIl. &3t

1.0 + P— y
0.8 1 ,"
/
’/
0.6 ’
0.4 A 7
ra

024| — Classo(auc =1.00)

' —— Class 1 (AUC = 1.00)

,-_ =
004 ¥ Class 2 (AUC = 1.00)
0.00 025 050 075 100

False Positive Rate
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In-context learning for
bioelectrical signals

Hosik Choi

Dept. of Urban Big Data Convergence & Dept. of Al
University of Seoul

May/2024

Introduction
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Gait data

Introduction

Maturation
1Y 3Y6M
Wide based Adult pattern:
Stiff knee Heel-toe
Toe-heel Normal knee

4

Gait data

Introduction

Development of gait after 3yébm
* Cadence : |
* Step length : 1

*  \elocity : becames constant
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Gait data

Introduction
®, . AL = =L O ’
s L|MOH|: k|| &40 =2 Qlsl WMs= 2S1t XIM[2| 2ol e/
: GMFCS Level |
% GMFCS (Gross Motor Function Classification System) )
o L[ MOHH| BiXte| & RS 7|ls2 &
GMFCS Level I
A|AE
o 10H|: EESH Xlst 20| 23 Jts GMFCS Lavel Il
o 2CHA|: Misto| U= HE, M=ELF el (e o2
« 3EAI: 202 T AtEstE E¥ EXV|E AMESIH E&
GMFCS Level V
- 4T BXL 9S4 oLt S 0
« 5EH|: 280t =2 7HF7] o332
GMFCS Level V

Gait data

Introduction

<+ 3D H3 2

*  Gait analysis is the systematic study of human motion by instrumentation for measuring body

movements,
* 3D gait analysis is the gold standard for gait analysis.

*  Seoul National University Bundang Hospital

148




Gait data Introduction

% % Z7| (Gait Cycle) : 8 20| X|BH0 2 mf FE| AIZI501 CHA| XIH0] 2S o 7IXIS st

2Zt7|(stance phase)2t F2t7|(swing phase)2 LH+0{Z

i ) O g O O O
A¢ 7 () ax - e W
{7\ 20N\ | \ AN L) ARA [ / / [/
: ) ) bl / (0 f 1\ | ( | ( (A (
Right Hip Rotation Anglef! \) ! ) AN\ 1L\ \\ \/)
\ \ N \\ | 4 NON\ \, N\ A\ )\ | \
( t O ) N l\‘ 1\ / O N\ { L\ )
8 f 14 Y f \ O\ 2 - G
N \ \ \ |\ \ ' l \ \ \
N \ [ N \ { \\ / /)‘ \ f \ \ \ \\ A
L) > / ) / & P l\ 4 (N A y |
Vi 4 \ ‘\‘ £ { ( / (4 L\ 7 { { | / \ NV S U\
,v//, \ A\ ,/‘/ \ ( ///, \ -A \,// ‘\ y"// \/ ) ‘ ’ { / \,__ \
& e @ \ Sy Q. — RS [ NS = =
Percents 0% 8% 30% 40% 50% 60% 75% 85% 100%
Events Initial Foot Mid Heel Opposite Toe Feet Tibia Next cycle
contact flat stance off initialcontact  off adjacent  vertical initial
Loadding Mid Terminal Pre Initial Mid |  Terminal
Periods response stance stance swing swing swing swing
Initial Second
double Initial single limb support double Second single limb support
limb limb
Tasks support support
| Phase | Stance phase Swing phase
Per ‘ Push off

Cycle | One cycle ’

Functional data Introduction

< &t43 Of|0|E{(functional data)

E
D HIEF|of AXM HEFSHE TMO R TME |0

** Main challenges

include accounting for temporal dependence within a curve

2. registration issue concerning the alignments of curves




Functional data Analysis

Introduction

% Machine learning methods and Deep learning methods (CNNs)

+  ex) 2X|AE FDA(Muller, 2005) pr(Y = 1|X)
X(1): tofl 2 functional predictor, Y: 115 4, 1 Ty Ao dg + j X(t) ﬁ (t) dt.
BO: ol T2 B|AS B4 pr(Y = 0[X) I

© HEX|7} Moz SEHUS JIH

% Deep learning methods (RNNs)

rc

=

10n

1

fjo

Soll A2t 2jEd BAA

—

o }Hoj| A 0|22 Q| CHulsl S=0t2 palZ|

o o

< BERT

* large—scale language model with deep bi—directional learning based on the encoder of a transformer

% 1) Alignment 23S M3t 2) £ HST 20l CHEt 0| &X| X2| EO0|

®
1
A
&

&—>—®

4

Large Scale Model

Introduction

1000

_ GPT-3 (1758) /
g Megatron-Turing NLG (5308)
U
E
i‘.)
g Megatron-LM {8.3B)
oy Turing-NLG (17.28)
o
w 10
¢
2 75 (118)
3
5
@ 1 GPT-2 (1.58)
&
i
]
©
2] ERT 4OM)
s BERT-Large (340M)
2.1
<10°
ELMo {94M) .
DSWP
2005-2018
0.01
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Data Augmentation Introduction
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Chen, T., Kornblith, S., Norouzi, M., & Hinton, G. (2020, November). A simple framework for contrastive learning of visual representations. In International
conference on machine learning (pp. 1597-1607). PMLR.

Self—supervised Learning Introduction
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Background
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Augmentation Methods Background
m € {1, ..., M} : Index of an observed function of gait data
te{l,.., T} : T be the number of time points
x™® € R : the mth observed curve measured at time t
: ) p: \\ W,./VN\/\W‘%
% Aumentation methods : YN 4. A
s S \ » \N"\“ \m“v”“'»mf LA f\,\‘fwvﬂ’ '
Z = . V v W
Jittering : (a) Raw data (b) Jittering .
Reverse - //\ " // \
N / Ve ) ‘ \‘\
Time—warping A \~///\ //\// \\

(mc) Reverse

Permutation

Trend filtering

(g) Trend ﬁlteringj k=1

(f) Trend filtering, k=0

A

(h) Trend filtering, k=2




Augmentation Methods

Background

o WHp, HEMX} o2 7}El gaussian noiseE ¥
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(mc) Reverse
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Trend—filtering Background

« Trend Filtering (Kim et al. 2009)
© RZIH MY BB AI8SH 282X A = HHE XIgH

* |} Trend—filtering : nonparametric regression approach

% Minimize the Objective Function ,k = 0

A

T
1 T
f= argminz > <"(0) = B)* + 57 Al D*H VB,
t=1

* A :regularization parameter

« D&+ g Rin—k=1xn. 1 10| giscrete difference operator

< where k = 0, penalty term for fused lasso : [|[DWB||, = T B — sl

% For k > 1,D&+D= p® p

« I D@ matrix is 1 -2 1
1 -2 1
D=
1 -2 1
1 -2 1 I
Augmentation MethOdS Background

» Trend filtering2| k XI=0i| [}2 HS}

- ke {0,1,2}

() Trend ﬁltcring:ﬂ k=0

" (g) Trend filtering, k=1 : 155 " (h) Trend filtering, k=2 ‘ 4
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BER-I- Background
Transformer BERT
* Attention mechanism?2| S%&f * Transformer2| Encoder
+ QlFCol = AIEA BT « Two objectives in pre—training: MLM,
* RNNsQ| HEXZ| 24| siZ, self—attention M2t NSP
o] 2017 2018 2019 2020
RNNs ELMo, GPT GPT3
o 2XXo =2 AIEA OO|EE X2 * NLPO{|A pre—train =& * Model2 Z7| A0} Parameter-5& =2l
« 21 13 A|RAE fixed context + shallow bidirectional * Zero—shot learning

4

BERT

Background

« Multi layer bidirectional transformer encoder
*  BERTeqium(L = 8, H = 512,A = 8),total parameter = 41M

(L: number of transformer blocks , H: hidden size, A: number of attention heads)

*  Pre—training: unlabeled data training

Task #1 : Masked Language Modeling (MLM)

Task #2 : Next Sentence Prediction (NSP)

*  Fine—tuning: pre—train BERTZ weight 7|3}, downstream taskOi|A{ labeled data At

ﬂSP Mask LW Mas*kLM \ ﬁ{/@@m

StartEnd Snm\

:

=R CAEE- 6

BERT

GQuestion Paragraph
-

Cuestion Answar Pair

Masked Sentence A - Masked Sentence B
Uniabeled Sentence A and B Pair / \ \

Pre-training

=

Fine-Tuning

4

HOlisn a1 fmim (X 0) + azgnsp (X, Ynsps 9) + a3£sup (X Ysups $)
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For example, (aq,a,,a3) = (é,%,O) in the pre—training step, (a4, @z, @3) = (0,0,1) in the fine—tuning step
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Proposed
Method
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Pre—processing

Proposed Method

+» Tokenization

1.

0z} 1At0|2] Zt function (m € {1, ..., M})E BEZ35} :

STt=t 5t CHS Ato[2] X2 CHA|

(13 a_ZZ_A 29

< 2ol EZut 52| E4 EZS V1T HOAY 1=

E4 EZ: [CLS], [SEP], [UNK], [MASK], [PAD]
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Pl'e—pl'OceSSing Proposed Method

Y Nomal: subject 1
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Pl'e—pl'OceSSing Proposed Method

% Noise contrastive learning
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1. MLM task: local contextual learning

2. NCE task: global contextual learning
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* Gutmann, M., & Hyvérinen, A. (2010, March). Noise-contrastive estimation: A nelvsegtimation principle for unnormalized statistical models. In Proceedings of the
thirteenth international conference on artificial intelligence and statistics (pp. 297-304). JMLR Workshop and Conference Proceedings.




Model architecture

Proposed Method

+ Two stage learning, ay, a3, a5 (

rgign(alfmlm(xn ;0) + aztgisc(Xn, Yaisc; 0) + a3£sup (Xn, Ysup; 0,¢))

= 0,3i,a = 1)

Pre-train Objectives

Classification Layer

 Fully-connected layer + GELU + Norm
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Model architecture

Proposed Method

* nth subject has M functions,

X, = {xi, ...,

xM} (M = 6 in our data)
the training data consist of N inputs, {X1, ...,Xy} , (N = 833 in our data)

the nth individual function can be expressed as x;* = {x7*(1), ..., x5 (T)}
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Model architecture

Proposed Method

% Two stage learning, ay, ay, a3 (= 0,2, q;

Ly

nélifn(a'lfmlm(xn 3 0) + azlgisc(Xn, Yaisc; 0) + a31?sup (Xn, Ysups 0,$))

Pre-train Objectives

Noise Contrastive
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Masked Language
Modeling
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L : number of masked tokens

e = {nfy, ..., mhL}: indices of masked
tokens of X"

X (III): set of the masked tokens in x'

X (=TI : set of the observed tokens

?mim (Xn ;0)

= — 13k, M., log p (i (NI IxiP (—11); 6).

V.

Model architecture

Proposed Method

< Two stage learning, a;, ay, a3 (= 0,530y = 1)

nélifn(alfmlm (Xn 5 0) + a2 fgisc(Xn, Ydisc; 0) + a31?sup (Xn, Ysup» 0,$))
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Model architecture

Proposed Method

% Two stage learning, ay, ay, a3 (= 0,2, q;

nélign(alfmlm(xn ;0) + azlgisc(Xn, Yaisc; 0) + a31?sup(xn’ Ysups 6,¢))

*  Fine —tuning {{&! linear layer
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| L
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L] yn

0,13

* qn: nHHMf =0l St sigmoid

==
sis

Csup(Xn Vi 36,€)

= (72"Plog(an) + (1 - y5")log(1 - qn))

Classification Layer

Fully-connected layer + GELU + Norm
T
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Transformer Encoder
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m [SEP] N
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Data analysis
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Dataset Data Analysis

Ao Ext

*

& 72 2Y M2oistn He (2018.01 ~ 2021.12)

) Rightpevs Lot Tit Right HipFix Angle Right Knee Flex Angle
body parts total mnormal abnormal . @

Hip flex angle 0.21 0.14 0.25 N @

Knee flex angle 0.18 0.16 0.19 . —z:

Ankle flex angle 022  0.19 0.24 - mgm‘:nk::.:mg.e D mm:p;;;:wg T R‘ghia;”;;m T
Pelvis lateral tilt 0.20 0.15 0.23 : 3 .

Hip rotation angle 0.17 0.11 0.20 ’

Foot orientation 0.21 0.15 0.24 ::

Dataset Data Analysis

*, || | O X A
2t AR B9I0] X v E2 4
Class: Normal
-150
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-100
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- -50
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abcdefghi jkimnopgrstuvwxyzZYXWVUTSRQPONMLK) IHGFEDCBA
Class: Abnormal
HIP_Flex_ANG -40
KNEE_Flex ANG
_Flex_ 30
ANK_Flex_ANG
Pelvis_Lat_Tilt 20
HIP_Rot_ANG - 10
Foot_Orientation 0

N
ghi jklmnopgrstuvwx

yzZYXWVUTSRQPONMLK | IHGFEDCBA

o ZH AN 22e| A Hmi EZ 4~0f TS heatmap
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Input representation to BERT Data Analysis
HIP_Flex ANG KNEE_Flex _ANG ANK_Flex_ANG
4000 4000 4000
\ group
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E 2000 A o . 2000 2000 A %
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% 1000 | 1000 1 1000 4 '.__
9 s oo e 500 { ) ‘ 500 { A
g i . : - bt il . P — :
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Number of intersections
% A DBS HIFA DBWC TAHel BA0] 2T Hogo| Xk
= HIEY 289 & 2 S8R9 Xlo[7t f2lo|gts 2|0
Input representation to BERT Data Analysis
Input [CLS] o m p n (o) m [SEP]
Token E E E E E E E E E
Embedding [cLs] ] m p n / o m [SEP]
+ + + + + + + + + +
Segment
Emgbe Sing E, E, Ep E, E, o E, Ep E,
+ + + + + + + + + +
Position
E E E. E. E E E E. E.
Embedding 0 1 2 3 4 198 199 200 201
“ Segment Embedding
*  BERTS| Y=H0l|lA segment embedding2 H&&l= F =& Al0|Q] #L2Xt I&t2 o
s = S EN REZR 20| wxleto] ZEE[A tfE0| of2fst &XtE &=AME EEo| Y=o BrF
< M| 7HX| EdZkol gto 2 M= Q& representation B2 9| self—supervised learningS S35l CHE
EZE2| 7IEX|0of FE2 2 E.
& [M2EN, Y8 EAE 785ts EZ0| SYSIHT =0 [zt ME CHE E53E MSe
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Computing details

Data Analysis

% GPU : Nvidia RTX3090 x 4 (memory: 24GB)
¢ Hyper—parameter:

* Learning rate: 0.0001

*  Weight decay: 0.01

* epoch: 100

% Model setting (BERT medium) — total parameter (18] + |€]) =

* layer: 8

* Hidden state: 512

* Attention heads: 8
¢ Fine tuning setting

* Train : validation : test=7 : 1 : 2

of 41,700,000

4

Metrics

Data Analysis

¢+ Accuracy, precision, recall, f1—score

Predicted
FN
TP .
. False Negatives
True Positives
Type |l error
True
’ e TN
False Positives :
True Negatives
Type | error

RAo| MRESE

TP+TN
TP+TN+FFP+FN

ACCUTACY =

TP

pPrecision = ————
TP+ FP

TP

recall] = —————
TP+ FN

2
F — score =

L/precision + 1/recall

i

0|7| #lali 102 = A& ANE
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Analysis results

Data Analysis

% 210] DHO| Qur5ry

% Machine learning methods:

40| g0l 0jx|= S ot

«  EX|AE! 3| F(logistic regression)

. 9|A|.74x-l|__|-

* SVM

(decision tree)

s Deep learning method: 4—layer LSTM

+» Functional BERT :

=712l 34 HIolEf glo] EA| HO|E

ZHH = 2| A E(random forest)

XGBoost

Stoz skt B

methods

accuracy

[1 score

precision

recall

Logistic regression
Decision tree

Random forest

0.728 (0.001)
0.791 (0.001)
0.857 (0.001)

0.633 (0.001)
0.724 (0.001)
0.806 (0.002)
0.822 (0.002)
0.848 (0.001)

0.688 (0.001)
0.766 (0.001

0.884 (0.002
0.875 (0.004

XGBoost 0.866 (0.001)
SVM 0.883 (0.001)
DNN 0.875 (0.022)
LSTM 0.926 (0.006)

functional BERT 0.962 (0.006)

0.868 (0.022)
0.905 (0.007)
0.961 (0.007)

0.867 (0.021

)
)
)
0.879 (0.001)
)
0.931 (0.021)

0.962 (0.006)

0.586 (0.001)
0.687 (0.001)
0.741 (0.003)
0.775 (0.003)
0.819 (0.001)
0.879 (0.019)
0.880 (0.006)

0.962 (0.006)

t5t7| ?lsh 5712 MAl 2i'd 2Ent 1749| Eaf'd 23at Hlw

A4

Analysis results

Data Analysis

e

ol

< No augmentation: 7421 52t H|0|Ef gi0]

t7| st

Zt
2]

HAl H|OJE{Z

urs ot = 100

stsoll AE

augmentation methods

daccuracy

f1 score

No augmentation
Jittering (o = 0.1)
Jittering (o = 0.2)
Reverse

Time-warping
Permutation
Trend-filtering (k = 0)
Trend-filtering (k = 1)
Trend-filtering (k = 2)

0.962 (0.006)
0.974 (0.005)
0.975 (0.004)
0.961 (0.007)
0.962 (0.004)
0.954 (0.005)
0.962 (0.007)
0.967 (0.006)
0.964 (0.006)

0.961 (0.007)
0.973 (0.005)
0.973 (0.004)
0.959 (0.007)
0.961 (0.004)
0.952 (0.005)
0.960 (0.007)
0.965 (0.006)
0.963 (0.006)
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Analysis results

Data Analysis

< MIotE ghHof| st S dlo|E <l 3717} O|x|= ks melsty| flsh, & HI0IEl 27| hyper—parameter
ro| M HOIZE XF (r € {10, 20,100} )
% Jittering(u = 0, o = 0.2)2} trend filtering (k € {0,1,2}) & 7}X| gHHot 114
% No augmentation 2| accuracy : 0.958 (0.008)
augmentation method 7 jittering trend-filtering
k=0 k=1 E=2
*x10 0.975 (0.004)  0.960 (0.007) 0.965 (0.006) 0.963 (0.006)
augmented data x 20 0.975 (0.007) 0.975 (0.006) 0.964 (0.009) 0.962 (0.003)

x100 0.977 (0.004)

0.962 (0.007)

0.965 (0.005)

0.976 (0.005)

4

Analysis results

Data Analysis

Raw Data

< 7|& BERTS| 23A|2!I MLMO|| M2 et =HEZ NCEE F7Ier 3% &2l HalE met
training objectives jittering k=1 k=2
MLM (a1, a2,a3) = (1,0,0) 0.977 (0.005)  0.965 (0.005) 0.976 (0.005)
MLM + NCE (a1, a9, ¢3) = (1.1,0)  0.979 (0.004) 0.969 (0.006) 0.974 (0.005)
< DO OiX|at AIS ol e Hs ot < Do ntA Y HIE0| HE ds BIt
M=5 corruption rate f1 score
10% 0.975 (0.005)
maodel architecture f1 score 15% 0.975 (0.006)
max pooling 0.847 (0.007) 25% 0.977 (0.007)
concatenation 0.961 (0.007) 50% 0.972 (0.007)
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Conclusion
& Discussion
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COnCIUSiOn & DiSCUSSion Conclusion & Discussion

¢ Conclusion

1. H30| 2 &=+ HI0|HE 2A5t7| flsl 210 22 S MEASICE X7 | X|= et&S Solf LIXAQ!
TXEE Olsliol= A0| YE TEMAE F9I6HK| R &g H|o|E 242 2ot dsol -2
g2 ORItk WS EHELCL

2. = OO|ES 5L WHOR trend—filteringS XMIQHSICH 0= AX| HIO|EQ] HEES YHHst= B
OIOIEE 28Xz Mottt Mot ol & 7IHo| Haido| 0jxl= EEE 7I1E2 AAIE
&4 7|'Hot "l stk

3. LO|= MXM7|(generator)2M trend—filteringS =15t St HI0|E{2 A CI|0|E{S THHEEH st&
22 =0Ct= HollM &2 tix FYYe| WAle = siA JHsslt,

+¢ Discussion
. HA/HIEAC| 0|7 27 2XIZ Hof H|HA Z2)A 0| GMFCS £&(1 ~ 5 level)2 FH|H22

OISt | J0H| EXte| 28 7150l = A= MX| A NS MS 7ts
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Pre-processing

- DICOM to JPG

- 224 x 224 Resize
- Z normalization
- Image Rotation
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Why is Facebook shutting down its
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Engaging Audiences with Varicose Veins Information: Insights
from YouTube Content Analysis

JEEs ealts JEH]
JEYGT ZYe  FEYHST ZFEY  EIYHSD FYE

hongjoo@catholic.ac.kr

Abstract — This study explores the relationship between
medical information and user response in varicose vein-
related video content on YouTube. Through data collection,
medical term extraction and classification, evaluation term
analysis, topic modeling, and linear regression analysis,
the following findings were obtained.

First, videos with low view counts lacked information
applicable to daily life. Videos that only included
specialized information about diseases and surgeries,
without information on exercise or diet that can be applied
in daily life, seemed to fail to attract the attention of
general viewers.

Second, positive evaluation terms were mainly used for
terms related to cause, treatment, and examination, while
negative evaluation terms were mainly used for terms
related to surgery. For the terms related to the disease
itself, both positive and negative evaluation terms were
used. This confirms that the sentiment of evaluation terms
can be distinguished for each topic.

Third, the analysis of the correlation between view count
and topics of varicose vein-related video content revealed
that Topic - Physical Education and Muscles and Topic -
Diet and Health were associated with a decrease in view
count. This suggests that these topics are not directly
related to varicose veins and therefore fail to attract
viewers' interest.

Our findings suggest that when providing information on
major topics such as blood circulation, symptoms, and
treatment methods, it is necessary to also provide
information that can be applied in daily life in order to
attract viewers' attention. Additionally, it is important to be
careful about the use of evaluation terms, as they can affect
viewers' perception of the disease. Finally, it is necessary
to avoid composing videos solely with topics that have low
relevance, such as physical education and muscles, and
diet and health.

This study serves as a preliminary investigation of the
relationship between medical information and user

yeonjeonggl2@gmail.com
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response in varicose vein-related video content. Future
research with more data can yield more specific and
practical results.

Keywords Social Media, Medical Information,
Information Dissemination, Text Mining
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Abstract — FH=Z FH Jjze) Bl ozZ FAAF
FoAR}EL FXIJALEY B FNA r2E FHZ
YAIE G S ool 2zl FHZ IR SObE
TR Zef B E A7) 8, A FoJRIES]
AYE FHéstz Yo EE AFE TR
TR Fe By H A= gHE 245,
FRIR}EC] HAH FHEHE FE9 maFFHFoZ
Z}Btir L) g &Sf =R o) et of AE A ]G HEH
IRl B o]gF, T]Afe] BRElR}e) FA AA

g olgg ZHYFE A8 Heg AT

Keywords — ZFoHrs, APgojAe], ZHaH, T4
o] 3 A2 Natural Language Inference.

o] =2 2020 ¥ oj3tels wSE

F7A AR A8 Wol 795 7Y (NRF-

2020S1A3A2A02093277)
I A&

AR 7= Hde FRro i 2 I f S8 5
TINA, AR AzE fisted EuE wue 3 A
2 ZH S zh=1) (Kaplan et al., 2019) o] 2] 3k 4 1 2]
THEAG FAREY] T4 AR G ES A
shw], T2} o ALA A ] 8.3k 9 ehS kot shA| vk <l
H ol A 22 713 7lQleo] Ao AR AR E

g = dAgo] F718kaL 91.2.™ (Siering et al., 2017;
Subramanian, 2017), &4 w|t]o], 21 53} ¢ 7
A7F ol 8 BB T FREo] FUA 07 FTslo|
e} 7k 5 A Gk o] A It o] &= QIgh A A
ko] A et A=, 2024 F 1€ 9 v F
o] 22 vt]o](SNS) &2 Al HE F:<2l9]
e FAAFAEETR)7E S 1R Y = 77 227 )
AH AL, Gl Al o] s ek 2w 5 <l
AR & F-Q18kaL o] & AFA| eh= s o] o] Al o, o
AP o2 Bl E 5190 7142 171 4 7F 8000 & & F--
MR A Sk th7t G o] Bolo g FeEhehs & HsA
< Bk /M e R 2ol vlE) o wkE gt
Seof Y2 A HAE 2] wiel, R mE 9

ol 0lxl= B
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Daily tourism demand forecasting with iTransformer model

2718
2oyt Z e

huangjiahui611@163.com

Abstract — This study is based on an inverted transformer
(iTransformer) approach with a self-attention mechanism,
which forecasts the daily tourism volume of a city by
combining multivariate time series data, including
historical tourism volume, search engine queries, weather,
holiday, seasonal and tourism activities data. Compared to
baseline models, the effectiveness of the iTransformer in

predicting daily urban tourism demand has been confirmed.

The findings of this study can be applied to forecast daily
visitor arrivals in tourist cities, assisting tourism-related
decision-makers in making more accurate predictions and
formulating more reliable plans.

Key Terms — Tourism demand, Forecasting, Inverted
transformer, iTransformer, Multivariate time series

|. Introduction and Literature Keview

The tourism industry has gradually become a pillar
industry in the economic development of many countries
around the world. Due to internal and external factors,
tourism demand exhibits significant fluctuations (Song et
al., 2019). Tourism management departments and
enterprises require accurate tourism demand forecast, as
accurate tourist volume forecast is an important part of
tourism destination management and efficient business
operation (Palmer et al., 2006). In existing tourism demand
forecasting research, in terms of forecasting granularity,
the focus is mainly on long-term international tourism
forecasts (Havranek et al., 2021), as well as short-term
forecasts for tourist attractions (Xu et al., 2023) and
partially on hourly-level forecasts for tourist volumes at
attractions (Xue et al., 2023). Due to international tourism
being easier to track and measure compared to domestic
tourism, existing research mainly focuses on international
tourist volumes. However, since the primary market for the
tourism industry consists of domestic tourists, short-term
forecasts of domestic tourism demand for a city are more
critical for destination governments and tourism
enterprises.

In this study, we take the famous Chinese tourist city of
Hangzhou as an example and employ a deep learning
model to establish a daily urban tourism demand
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forecasting model. The forecast results usually depend on
the features of the data and the characteristics of the
research. To achieve more accurate forecasts, two main
factors are primarily considered: the predictive variables
used and the methods or techniques employed (Bi et al.,
2020). Regarding the first factor, historical tourism volume,
search engine queries and weather data are commonly used
variables in tourism demand forecasting. As for the second
factor, the most commonly used methods for tourism
demand forecasting include time series models,
econometric models, and artificial intelligence models (Wu
et al., 2024). The Transformer introduced the self-attention
mechanism, which does not rely on recursion and
convolution to generate outputs, and it has shown
significant advantages in the field of time series forecasting
(Bi et al., 2023). In recent years, some improved models
based on Transformer have gradually been used for tourism
demand prediction.

This study aims to adopt a novel Transformer model
called the inverted transformer (iTransformer), which
introduces a new inverted perspective proposed by Liu et
al. (2023). Compared to other Transformer models, the
iTransformer achieves comprehensive leadership in time
series forecasting tasks without the need to modify any
modules. This model addresses the performance
degradation and computational explosion issues present in
traditional Transformer models for time series prediction.

Il. Data and methodology

This study validates the effectiveness of the
iTransformer model in tourism demand forecasting using
the daily volume of domestic tourist arrivals to Hangzhou
as an example. The research process includes five stages:
data collection, data pre-processing, data division, model
training and forecasting, and performance measures.

Data

This study obtained the daily volume of domestic tourist
arrivals to Hangzhou from January 1, 2023, to March 31,
2024, through the Chinese Tourism Management
Department. Drawing on previous research, we included
historical tourism volume, search engine queries, weather,
holiday and seasonal data as feature variables for



forecasting daily tourism volume. Additionally, this study
considered tourism activities data. Our search engine
queries data are obtained from the Baidu website due to its
largest market share in China, with keywords selected
related to tourism. The weather data is collected from the
China Weather website, including weather conditions and
temperature. The date pattern is represented by four values,
namely workdays, weekends, short holidays, and long
holidays. Tourist travel shows clear seasonality, thus we
categorize the seasonal variable into spring, summer,
autumn, and winter. Tourism activities are reflected by
whether the government organizes tourism consumption
events.

Models

The iTransformer was proposed by Tsinghua University
and the Ant Group team (Liu et al., 2023), that simply
applies the attention and feed-forward network on the
inverted dimensions. Specifically, the time points of
individual series are embedded into variate tokens which
are utilized by the attention mechanism to capture
multivariate correlations; meanwhile, the feed-forward
network is applied for each variate token to learn nonlinear
representations. The article conducts experiments
comparing the variants of the Transformer model before
and after inversion. It demonstrates that inversion is a
structural framework more consistent with the
characteristics of time-series data and proves that
iTransformer has achieved comprehensive leadership in
complex time-series forecasting tasks.

For comparison, we use SARIMA and LSTM models
as baseline models to evaluate the effectiveness of the
iTransformer model in predicting daily urban tourism
demand.

Data collection

historical tourism volume,
search engine queries data,
weather data, holiday data,
seasonal data, tourism activities

v

‘ Data pre-processing ‘

!

’ Data division ‘

Model training and forecasting

v v

SARIMA

LSTM iTransformer

Performance measures

<Figure 1> The research framework

1. Research expectations

Firstly, to our knowledge, this study represents the
first attempt to forecast tourism demand using daily urban
domestic tourist arrivals. Compared to forecasts of inbound
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tourist volumes and tourist volumes at attractions,
forecasting domestic tourism volume in a city provides
decision support for destination government macro-
management and the efficient operation of tourism
enterprises.

Secondly, this study incorporates historical tourism
volume, search engine queries, weather, holiday, seasonal
and tourism activities data as feature variables into tourism
demand forecasting. Multiple data sources can provide a
stronger theoretical foundation and a more comprehensive
overview for tourism volume prediction.

Thirdly, to our knowledge, this study is the first to
apply the iTransformer model to the field of tourism
demand forecasting. Through comparative analysis of
predictive performance with benchmark models, the
superiority of this model in the field of time series
forecasting is confirmed. The interpretability analysis of
tourism demand forecasting can also provide more
persuasive insights for tourism-related decision-makers,
assisting them make more accurate predictions and
formulate more reliable plans.
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A Study on Predicting Employee Turnover Intention
using Machine Learning: Using SMOTE technique and
Stacking technique
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Abstract Since employee turnover entails
significant costs for companies, one recent and
rapidly advancing approach to prevent turnover
involves utilizing machine learning methods to
proactively identify employees’ intentions to
leave, thereby preventing turnover. However, In
the case of turnover data, an imbalance between
instances of turnover and non-turnover can
restrict the predictive performance of simple
machine learning models. In this study, we first
utilized various single machine learning models
such as K -Nearest Neighbors (KNN), Random Forest,
Decision Trees, Support Vector Machines, and
Adaptive Boost (AdaBoost) to predict turnover
Intentions and calculate accuracy. In the second
stage, we balanced the dataset using the
Synthetic Minority Over—sampling Technique
(SMOTE), an oversampling method, and then applied
single machine learning models to predict
turnover iIntentions and measure accuracy.
Finally, we introduced the Stacking technique to
predict turnover intentions using data before and
after applying SMOTE. The predictive accuracy was
higher when using SMOIE compared to not using it,
and the predictive accuracy was even higher when
applying the Stacking technique compared to using
single  algorithms. Overall, this  study
demonstrated that employing the SMOTE technique
to handle imbalanced data and utilizing the
Stacking technique can enhance the model's
performance when predicting turnover intentions.

198

HF O Al
-1 0O 7
ohgrfstn et

youngsik.park@hansung.ac.kr

JEE
shrhstm Z Yt

leemit@hansung.ac.kr

Key Terms — Turnover intention, SMOTE technique,
Stacking technique



Session E

E1. [3H2A1A]
dol8 £ ouix U &7 YW A7

A A o (A



LDA ¢} BERTopic & £3F A&7} W59

.
RS AT B
sMIH 0|3t
Ofz=CHetu ofZ=cyst
HI=L| A0 &2l Astnt zgeolda|d

hongcy@ajou.ac.kr

Abstract — F=2 7]& B3l ofuix] oFH ExI}

W22 5lo] A FHo] Fag GEE #F.

g gz FIL HES Y
ojfBARES] ©Jd ZF&L T THIA,
HEES 9do] o Z HFE AT 5+ Y.
HE} g vjFo] w2 G FHL J]=F
SHo] FxEHo oF, 87 &9 AFF SHo/
BEG £ Q. EF 5 ¥ FrjE Fg5z
A Y= 7] d&o] tjso] oHdL sl prYeE
Flo] TRl melA] B o= X HE JE
Ho]E|E g&3}e] HEI} oHE T, YA

B Gy AT B8 HFY AL 7O,

HAEFE LA, s  BERTopic 22 EYH
2EFsIu EFY ZYPYHE FI I 259
o1& mofgtt). HEIFSF glse 914 Hlw FA,
7+ g9 EF g8F ZA gy FH #FHo/
YA HEIE J]ged FFo FFEZ bld
rHH FAF SH RFES BFEE Qo Eg
7 JY ZF oz v By HE R FAYE
s34 PG FHEIlE B THEHH
QNE Yo & g FEeG. AEFIIE FHIJE
AHa] 2 g3 FRYE FEIoE QYT
o] TAE EHeF= Bt it FFo] =Lt
ZHAHoz HEIle glgE 2+ 94 FolE
ofsle] ofifx] FAH T HIYT + Q=
ANYES =&ty tHF Y, FAY & o
SHE uZget XFZFQ AU FH FFYES
AAI gt EP, JEIIS gjF 7He oH EEL
&5 YU FJHEL TG HF HGAg 19
7y Fe JApEFge 2 R JlEstuE aFHFH Y
F o] TgEHINE J]gieid.

Key Terms — A& ofiiz] 9]&] EAE npjo]y,
BERTopic, LDA

199

W
A4

ol

Astat

Ish15 @ajou.ac.kr

]

Zgoye

jykang @ajou.ac.kr



Time-LLM & &85}

X
SpfStn

ziwonyun@gmail.com
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g2 g, £ HoJA/= Large Language Model
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Embedding # Prompt-as-Prefix & &&3Fof Al Y
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A F, BES FHAA HF J]¥ ZHE
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T A H ATt o] H gk
HolEZ LLM & 2§
a3k

JE1S Time-LLM(Jin
EAgT )4

RL

A 71EARNEE-EAN FHE dolHE dAe
shal RS shgste] d5 ds& 7. o)&
F dE ZAYAAE 8T Y 71 dolH
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e E8s AAE 24 ZEO LM &
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o] Fof X 3L gl

One Fits All(Zhou et al., 2023): A| Al < H o] H &
LLM o2 o33} 8 2%7] 32 LLM
Transformer(Vaswani et al., 2021) = 9] self-
attention ¥} feedforward layer = 317 3} 31 embedding
layer, normalization layer, output layer 7H&- 8h58}+=
WS ARESEal T

LLMA4TS(Chang et al., 2024): supervised pre-
training < &3l Al Al dl o] H o} x}<d o] 9
modalities £ align 3} 1, ©] % task-specific fine-
tuning 2 %1 8 3} = two-stage fine-tuning process
WA o2 AAE AT o] = LLM & A A E o ol
AFE-3L7] 913 A AIE dlo] Bl 9f zp<d o d] o] B 9
modality align & 3 == AT,

Time-LLM: A] A € ¢] Patch Embedding < =} <1 0]
¥ d F7HO = reprogramming 3o A 7| E 2}
AFed o] = align 3k, 54 template 7] 5+2] prompt =
prefix = Ab-&3}o] R elo] A A patch & ] 2
ol gl & 4= 2 == 3} downstream task 5=33 5 &
A

LLMTime(Gruver et al., 2024): A Al & H o] =
FAR FAE TAYE 5o §HAE9] o
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2 Eo] AjbeheE AdS syl Al 7
A 7NEAENTELANA AF[HE AT
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<¥ 1> dHlolg AHHE
Feature A

A 1 AIZF 22 (YYYY-MM-DD HH:MM)

% m/s) vheke] A7)

Z % (deg) vpgto] vk

GUST &% (m/s) SH o R Ak npgo]l EQS
o] T

@R 71 ¢ (hPa) A A (AAE)L] t7]e] 4

HF=(%) g7 o #5719 &

712 0 A AG(AAE)] 7]

F&(C 0) N A (AAE)2 F
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7331 (m) E4 Al s 359 9xe
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2020 WH-E 2022 Alo] A4 ¥ dHolHE Fd
dlolE =, 2023 el S4% dHelHE HAE dHo

gz 282 Agser.

3.2 4% 473

<Z1% 1> Time-LLM prompt template

<a9d 1> Z2 Time-LLM prompt ©] dataset
description §-¥-ol] <19 2>9} o] Ho]E Al AHH
feature K., A[7tol] i AR S AH st
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Measurements of marine weather conditions such as wind speed, wind direction,
barometric pressure, humidity, air temperature, water temperature, wave height, wave
period, and wave direction at one-hour intervals at sea level from 2020 to 2022.

<a¥ 2> ¢ 714 A K dataset description

Aol A #ME LLM EH o % Llama-7B(Touvron
etal., 2023)E A}-&3}3it}.
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of thet A% A EE Transformer 75+ SOTA = ¢
2l PatchTST(Nie et al., 2022) @7} v W&} ),
X% 28 22 AE g,

<# 2> 43 29

Time-LLM
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0.57

PatchTST
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0.64
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Abstract — ZF87} J}5FE o] wel ojof HEFH
HYy HFI} Fotdtm sy E£§
Y =3lo]r o) FFIEHL GG T Bt
HYY HygozZ QX A ¥ £F Fojo #&
=& sl ojef 72 FHIYY H g F+
X7 AaS E§ ANESF Yoz g FHYO
By HFgo] 7] IS FH FP) xH Bl
ofr]a} BiRpo glo] FE& /Y1817] Fld) 2 g £
Ao A= B Yy HF e =27] JHE /3700 5
=4 HloJEE g& PE ek {F EF
duElEL AUYgdo FJY¥odF Fxe 2
HloJ5 & gldFe 2 £ WTrE F&3u FY ZF7E
$/ 8t ¢ & 173 H(Convolution Neural Network ,
CNN) & AF& 3L/ gl QP8 79 & 7|btet 2
nE3E F FEH ZF FJIEE YA E
A= 5 b)o]E ZJpre] FY #2 HiF duaaEE
HAIgFo 2K FF EYY HIAT Z7] /Z’Erlo// ] &
= & Ao Z Jjgig

Keywords — &7, S Ho/E, HIY HEE,

¥ 13 % (Convolution Neural Network),
Ensemble.
I A1 E

H, 1" A9 G435 F7k= Q& Ha4
A3 {1 Fo] A7 % 7}&Far 21 THAI Shoukry et al.,
2020). ol¢} ¥rdEl A HAAY HEAFoRE=
ok =3} o] 1 (Alzheimer's disease, AD)¥}
91714 (Parkinson's disease, PD)°] 21 o] & 3k

uEFo BaA A 13 Qo AP A I} ke
Ao gdst das v x|, 1A sk, &5 Feol] &
A4 715 AstE f-23th(Pulido et al., 2020; Rowe et
al., 2021). o}# EYPAH HAEs A=dHr| F3t
A 7F NS 2] k7] vl el B A ] ARk 7]
Ao FeA2 A& A S7hskar it o] o uhet,

oo
o1-g#] 5 (artificial intelligence, Al)S 7]H¥Fo = 3k
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Had HAds x7] g A9 FESa
24 tH(Chakravarthy et al., 2023). w2} 4] ¥ 151 AD <+
PD ¢ 7] xlek& flal Al 7|5 283 daegl&=
At A HRE
Bled W Adske] 7] el ik 8 A= ¥
ojlm gz A HA A o 9A
ZoJ (Magnetic Resonance Imaging, MRI) 2 ] 1} 7 A}
(Electro  Encephalo  Graphy, EEG)E tUjAto=
AFE A} A RE, MRI = AL H[E 2 A]71o]
ol A Ew, ks 98 oH el M A4 o]
YRt EEG 9] A MRl o HlE] H|-&
TEEA AR HAL T = Al 3 524 TR Qg
adel Aol FEgFS vH F e @il
2l tH(Cassani et al., 2018). o] ¢} £ AFo|A &&H
AAF BTt vlE, AIRE E A g A Ao m <l
F g A5 27] Ak "ol gk A&k AFalol
A TH(Billeci et al., 2020). whebA], 2 AT A& 27
ke A S 7H’\* at7] flal 573 Hlol B & 7] Rkgh
e I R AA G 543 HelH =
2 &S 7 ]‘ﬂ*oifﬂ*”o
olm=, Al&KsA ANE
(Lopez -de-Ipifa et al.,

ar
o

= UEﬂO

o 1

Gt F o] A FFEEA,
7} 57 skl %dr
R e
tol H 34 14*‘%%
Ash= A7 89 v Jom, BF A=}
74.11%= e thH(Rana et al., 2022). T3 & &
24 HolH & 7|uro 2 3 SVM 7] uke] 911 85%2]
5 4852 vebdth(Rusz et al. 2011). 2 SVM 3}
HedS 233 27 {]E} R R o,
CNN ¥ ZAgtst mdlo] A9 31 g ek Al
86.9%° w7 L& ] ]@E}(Vlgo et al. 2022).
SHA|HE o] &} Lo AIPAFTES AoFew

o 7E
232 5 g oz Ay S WY sle] xR 47}
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CNN =dlo] 9]g flojH=

ResNet 3EAQ W
ResNet WEH IS Zol7t F7hste ﬂﬂ
DA E ZYUAE 2 BAE dEsr] Hs)
Aortdw mAdlz  Fx EF(Residual Block)S
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olmA i, AA ©HA & vt HIFH v
2ol A &gEa Jow, B AFAE olE
Zldko 2 Hdxe] @ SA4 dolHE EF{r}.
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3-1. Data

B AFo = 158} 700H S e s 1%
54 dlolHE Ulides A8s Hasitt. 700 ¥ o
AR F 300 M2 AAel 400 2 E @A A3
s om | AD 9} PD ol FFH HE&ES 1112 7
200 el dolH=z FAET. HolHe= Wl
TEE A=Y sFde AFeteE aHAE
EH/\LOE /‘*;(1 gj\q,
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ResNet 7P4
A= 13 2.
AD, PD)| t$t F1 Score &
2E Zd2~ ol 8] Ensemble 7]
dso] St
°F 10%%] 5

H
H

o E3| xH(AD, PD)O] A5
pabo] vebdT), wE 7 S

AME g wg 7hEA7F o'l Weighted Fl
Score & &3 23}, AA EF A= 7F 2F 8.65%
S-S &g = Q. w}a}ﬁ Ensemble 719 &
2 8-3F ResNet ©] ‘Er"‘ ResNet ol B]3] ©] %3
dse YERATH

<¥ 1> 4 dlolg 7%t Y HASA 4R
=5 2%

TE ResNet Ensemble ResNet

NM

F1 88.89% 95.93%

SCORE

AD

F1 78.48% 88.37%
SCORE

PD

F1 74.67% 84.50%
SCORE
Weighted

Fl 81.85% 90.50%
SCORE
V. d&

B = AA AD, PD 2 TEH Z
700 o] nE A 24 dHlolHE A5t EH A
] 2 &} 'E“IET 2dS AT, S8 &4

dolHe 8 53 F& 2 ¥ doly HIS
e Mel Spectrogram o] &g&HAoH, el
2ALL Al 4 TS HE x2St
40 N2 AAste] HAES TP, o] ¢ WA
# dolgol thal ResNet 7]wke] Abx B R
dugFs -85} g4 w A3 E
vaP"iﬂr AL —’Fﬁﬂffl Ay, ol BF 2de
A3 kS Ensemble 3+ =] A7l oF 8.65%
$-53HAl YERS . 5—51, S Yo w 3 BHF
Aew7r oF 10% 7FF -5k A YEldo =z 2
A ol A Xﬂ Algt 31%=3} ¥ Ensemble 7|9t E&H
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Abstract — = 9JZFY £4 Y2, 3] 3D
Convolution Neural Network(CNN) /&9 Z-&o]
FojEz glor) o8 Fyo vy FF Hj&H IF
g o] E9] of o] gt o] FE F o= 95
flo]E] o] A éto] mpEr) oo fgjgt pjore = B
¥ 503D YA FE 8 OIF o] L E ALE B
2D YEAL AEFor) o] BEL HI EF
FHo] YRure ggogs g Yo E
o 7*of 4]+ 3D volumetric ZJo/E/ 9] =]4/& 2D CNN
Stgo] F&3f= A =L 3D-to-2D A FF
ZE YT E Akt 3D b o] ZRE HAH EF
X]4&  ¢l=FYsH= 3D teacher network, 2D
HoHEZFE PEH EF JEE YHFsE 2D
student network, Z&/2Z 7 Y EQZ 7F £3 gy
FZlo A1) Hlo]E Y S S]] HF TF
=g EEFS Ao AU FEL
PPMI 5JoJE]AI9)A] 2D projection B o] 5]
FerE ol Bi7F Y5E& JHE HF2H, FuseMe
FHZurd L g3t Z7 3D teacher
network(97.66%) 2 o I s+ 98.30 %</ F1 score &
gyl

=

Keywords — 3D to 2D, Deep learning, Functional
neuroimaging, Knowledge distillation, Parkinson’s
disease
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Korea.
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g2t BUHE
SPECT, PET, MRI &} & 1] %
e, Al 719 A gy} e 7] &
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7] o3} tH(Zhou et al., 2021, Huang et al., 2020). ©] 2] &
7leo] MR E 4 2H1E 49 SAFEAA
A% deoly siMez, dd R EHA tF
Ry R ASA7H, dolH e da Hidol
S7Fetel wet By st g8 420 A R
gk 87} S 7bstar ot

ol JA A wokellA | Bld 7 Ao
013 A% 3Fato] By il 9tk ImageNet o A 2D
Convolution Neural Network(CNN)e] & 3}7} 153
o], =i CNN o}7] &l 2] 7}
=915 9 a1 (Russakovsky et al., 2015), 53] 3D CNN 9]
ARE 91 (PD)olY &=3ko](AD) H A oF
e A 9 Lopell Al TheFgt
o]o]FtHChoi et al., 2017). 3D CNN 2
volumetric 54 AHBRZE #Hd <+
R A= AT L S
A = A W wii RS
t o] Bl o] i3zl #2 gke] & 7hsAd o] 9o
e A mhgA = fradoll H ok 3 S qlnt ol &
W& dlo]E Alo] & g sh| Rk o] B Al -5 Al
H]-§-o] Bo] £t LA7F Ut

9 &g Eokoll A ZH HlolH Al 9] gHA| & =537
el it = o B Ao A Bh5E 2| 4 Al ~8]S T E
Zeoll A gak= Aol dtE Jldel AQEESAT
ImageNet oAl Abd FHE 2P| wiiHTE
AL EFRINEE FUete] wAl 245
Ao R o] shgo] 2 AgHr). g 3D B F
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sl HASHA Zste sldsty] fldE 3D EE
B o] FAe] 2D FAZY AolE AAsh=
A2 A2)9l 3D o A 2D 29] A] 2] 5 5(3D-to-
2D Knowledge Distillation; 3D-to-2D KD)ZS A ¢Faltt},

Atell A 3D EF 43} projection E 2D E A7
R E 3 Rpol & Fol= A v k4 1l o]
F5eks AxekH,  AjkE
CNN U E 9] =18} Abd 3% 3D CNN 4
I EF AfolE %l*ﬁ‘r SozA N
23 5 F 55 54 #A9 AHSS Sds
et o] A R ‘?3% PPMltﬂ olE] AlejA &
AlE] SPECT 948 /‘} 3 PD &7
715%™, 2D projection
7 A7) E]_gt:lr
B ol Bl 249 —“%X“éﬂr ?EH@‘}‘J
thekgk 1A 7Nk 3D 2H I
AuwAoz AHE 7hsgh hashH
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1. Method

9-2]+= Teacher network 1 3D CNN 2 Student
network oA A HE ClmgdE EF o RYEE FAA
g 1He] Aol & A =do2ZHA FE3h JAA
E 4 & 740 2 3}i= 3D-t0-2D KD loss = UFS-3} 7+o]
g olsta 2 g3t

Liotar = LCLSSG;S' J’s) + Lfg (STrSS)

A71A, A a4 7he] Apol &= tha- ) o] k.

Lfg(ST. Ss) = B2 Z [I1S7 _SS”%
@.)el

F=d 2dd dsiA $-21= L2norm & 488141 2D
student network ©] & o] A #olojoA] EA THS
g A dExE fAEAl Adtstd HE
=43l A &5kl
-~ fs ~ =T
=— S = .
I11. Results

3219 Ak el &3E A5 913 pemI
database(www.ppmi-info.org/data) 2 %€ 2023 d 3 ¥
24 A9 dEo}"ﬂﬁ} T A+ ZSEE= Dopamine
transporter imaging & # <3 ¢t 121 Normal Control(NC)<}
816 Parkinson’s disease(PD) &S 7Fxl % 1028
subjects = ¥33lc}, o] SPECT 94> HMRMES

system = 5 3} iterative reconstruction 2} PMOD £ -3l

=1
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AAE #8e AR 2o Mg Heoly ==
AA el g BER7F Fdag =2= PPMI
documentation & #1284~ lt},

A dlolH = 6:2:2 = UHda 424 3, A5
H 2 E glo]E Al o 2 A5 21t} Backbone networkc
ResNet18 & AF-&-3}31 T},

2 AT Ajtel F e f8l A A Tl A FH
o 3 4 <1 2D projection method S A & }ar, 2k W o
3D-to-2D KD & A& 35 vl A& vl Lt} Single
slice as input(Khan et al., 2019, Yagis et al., 2021)=
original 3D %37l A1 Dopamine transfer 7} % &%=
Zoho] 2 index ol A F 3 *Etot*@r A5 &efo] 2~
1 44, F 3 Fo &gol2E non-iid YPEHoZH
AL-g-3Far Adjacent sllces with EF(Aderghal et al.,
2016)% %A F=3%+ 3 S RGB-band ] &35l
2l HZ}"J S) i T JH S ZHof AL
4 2D+e approach = =zt
Adjacent sllces with JF(Aderghal et al., 2017)<= original
3D Atoll A axial, coronal, sagittal 2t Zwlt} 2D+e
approach & =3 3}a1 7}7}2] 2D CNN & 53] Lozl
217 o lntermedlate layer o] /] A3t3alo] Mgttt o]
WS Ao Lol A FuseMe Fl}“ w2
Rank-pooling > 3D 7oA <o FHduzt
Zeto] =& 3] 8t cofficients & &Feto] 75 &S
FHe oz v &Efo] 20 3D A HE =T} Rank-
pooling with EF ¥dy

A=l

A

R

L

2 Zolojdt AEge] w

Zd}o] ~ = RGB-band ©] 2% 0}04 2 A3k
Aol Rank pooling with JF = J=8& 7} Zoj )3k
7hEgte] dd&elolmolxnt mdof| A g
1 2 FyseMe ¢ 5 o

<X 1> 3D-To-2DKD A £3 {8 ¥ Ag A3

Configuration Weighted F1 (%)
3D Teacher Network 97.66
2D Student Network with without 3D-to- with 3D-to-2D
2D Projection method 2D KD KD (Ours)
(A) Single slice as input
Axial 97.07 97.24
Coronal 94.83 97.07
Sagittal 80.72 80.30
(B) Adjacent slices with
EF (2D+e)
Axial 90.47 96.92
Coronal 91.68 97.14
Sagittal 90.47 96.92
(C) Adjacent slices with JF | 96.98 98.30
(FuseMe)
(D) Rank-pooling
Axial 91.10 92.99
Coronal 92.15 94.96
Sagittal 94.13 94.81
(E) Rank-pooling with EF 93.25 94.69
(D) Rank-pooling with JF 94.59 96.45
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Abstract — We propose the introduction of RAFT
technology into the medical QA system to address the
issues of information accessibility and usability faced by
healthcare professionals in the medical industry.
Through experiments conducted on the MedQUAD and
PubMedQA datasets, the paper demonstrates the
effectiveness of integrating RAFT in improving the
response performance of medical QA systems. This
suggests ways to improve the retrieval and use of medical
information, enabling healthcare professionals to access
more accurate and reliable information rapidly, thus
improving the quality of medical services.

Keywords — Finetuning, LLM, Medical QA, QA, RAG

l. Introduction

In today’s medical industry, the accessibility and utility
of information are critical factors that directly affect the
quality of healthcare services. Healthcare professionals
need to search and analyze vast amounts of medical
information for various purposes such as disease diagnosis,
treatment planning, and medical research. However,
according to the Expert Search Strategies study (Russell-
Rose et al., 2017), healthcare professionals spend an
average of 4 hours on search tasks, which is a significant
time burden that can diminish their work efficiency.
Moreover, the complexity of information retrieval, as well
as the heterogeneity and specificity of medical information,
necessitate the development of more specialized retrieval
solutions. Based on this background, this paper proposes to
introduce Retrieval-Augmented Fine-Tuning (RAFT)
technologies into medical QA systems to demonstrate the
effect of enhancing response generation performance and
to suggest approaches for searching and utilizing medical
information.

11. Theoretical Background

Information retrieval in the medical field is essential but
time-consuming. To address this issue, there have been
studies applying QA to large datasets, such as PRNA
(Datla et al., 2017) and CMU-OAQA (Wang & Nyberg,
2017), where CMU-OAQA achieved top performance in
medical task domains for re-identification and ranking
responses. This research demonstrates the ability of QA
systems to effectively process medical data. However, in
QA tasks requiring accurate response generation, Large

mary000605@ewha.ac.kr
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Language Models (LLMs) have limitations in producing
incomplete (Singhal et al., 2022; Bian et al., 2023; Xu et
al., 2023) and non-logical (Chen et al., 2023c; Zhong et al.,
2023; Kang et al., 2023) responses.

RAG (Retrieval-Augmented Generation) can be used to
improve the accuracy and reliability of generated responses
by retrieving relevant documents from a knowledge base
as model input (Lewis, P. et al., 2020). Self-BioRAG
(Jeong et al., 2024) demonstrated the potential accuracy
improvement of RAG in medical QA across multiple
biomedical benchmark datasets. Applying RAG to medical
QA, demonstrated the potential improvement on generated
response performance for medical queries by using RAG.
In this study, we propose the application of RAFT
(Retrieval-Augmented Fine-Tuning) (Zhang et al., 2024)
in the medical domain by leveraging the successful
elements of RAG combined with fine-tuning.

111. Methodology

Question answering (QA) systems are information
retrieval technologies that automatically provide answers
to questions posed in natural language (Lopez et al., 2007).
These systems derive a variety of question types, including
fact, definition, and list, based on structured databases of
information or knowledge (Barskar et al., 2012; Mutabazi
etal., 2021).

The RAG model is used in knowledge-intensive natural
language processing (NLP) tasks by combining pre-trained
seg2seq models with dense vector indices from Wikipedia.
In open-domain QA tasks, the RAG model shows superior
performance compared to pre-trained seq2seg-based
models. RAFT (Retrieval Augmented Fine Tuning) is a
novel approach that combines RAG and SFT (Supervised
Finetuning) to enhance model performance for open-book
questions within a specific domain.

IV. Experiment

This study aimed to validate the effectiveness of RAFT
technology in improving the response performance in
medical QA systems. Experiments were conducted using
datasets based on MedQUAD and PubMedQA, a total of
16,729 medical question-answer pairs. The MedQuAD
dataset, generated by crawling 12 NIH websites, covers 37
question types including diseases, drugs, and screenings.
PubMedQA is a biomedical QA dataset collected from
PubMed abstracts, divided into training, validation, and
test datasets in a 7:2:1 ratio.



The experiments proceeded in three steps: evaluating the
performance of the BioMedGPT-LM-7B (vanilla model),
applying PEFT (parameter-efficient fine-tuning) to fine-
tune only certain parameters of the vanilla model, and
finally evaluating the performance of the RAFT model,
which combines RAG with the fine-tuned model. In the
RAFT process, a validation dataset was stored in Chroma
DB to search for the three most similar datasets to the input
question. The retrieved data, along with the input question,
were then entered into the prompt to generate responses
using the fine-tuned model.

The performance of the three models was evaluated
using four metrics: ROUGE, BLEU, F1 score, and
Perplexity. The experimental results showed that the RAFT
model outperformed the vanilla model and the fine-tuned
model in all performance metrics. This demonstrates the
contribution of RAFT technology to increasing the
accuracy and reliability of response generation in medical
QA systems.

V. Conclusion

This experiment demonstrated the effectiveness of
RAFT technology in improving response performance in
medical QA systems. The implementation of the RAFT
model allows healthcare professionals to quickly access
more accurate and reliable information, which has the
potential to improve the quality of medical services.
However, one of the major limitations of this study is the
exclusive reliance on automated evaluation metrics to
assess the accuracy of the generated response. Given the
specialized nature of medical responses, the inclusion of
human evaluation by medical experts is essential for a
more accurate and in-depth evaluation of generated
response performance. With the addition of human
evaluation, the medical QA systems presented in this paper
are expected to provide a solid foundation for practical use
in real-world medical settings.
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Abstract — In the realm of digital art and character design,
achieving consistent and high-fidelity generation of
specific characters using Al-driven models presents a
significant challenge. This paper introduces a novel
approach that leverages Low-Rank Adaption (LoRA) in
conjunction with stable diffusion models to generate
images of specific characters with remarkable
consistency and detail. Our methodology begins with the
collection of approximately 20 images per target
character, followed by the generation and refinement of
character descriptions using a multimodal Large
Language Model (LLM). This process is enhanced
through in-context learning, ensuring descriptions are
both accurate and consistent across iterations.
Subsequently, LoRA adapters are trained on stable
diffusion models, incorporating these descriptions to
guide the generation process. Through this innovative
approach, we successfully create ten-character models,
demonstrating our method’'s effectiveness across
different artistic dimensions. Our results reveal that the
use of LoRA adapters significantly improves the
consistency and fidelity of character image generation,
outperforming existing baseline methods. This research
not only advances the capabilities of Al in artistic
endeavors but also opens new avenues for applications in
gaming, virtual reality, and brand representation, where
character consistency is paramount. By bridging the gap
between Al and creative design, our work paves the way
for future explorations in automated character
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generation and the broader implications of Al in art and
design.

Keywords —Generative Al, Stable diffusion, Multimodal
large language model, PEFT, LoRA
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I. Introduction

Recent advancements in Al and deep learning for
computer vision have revolutionized various fields, such as
optical character recognition (Kim et al., 2023) and image
generation (Rombach et al., 2021). Stable diffusion models
have been at the forefront of these innovations, enabling
the creation of high-quality digital artwork through a
diffusion process that incrementally refines images to
achieve unprecedented levels of detail (Saharia et al., 2022;
Brooks et al., 2022; Luo, 2022). However, despite their
capabilities, these models often struggle with maintaining
consistency and specificity when generating character
images, which is essential for applications involving
recurring characters or branding.

Low-Rank Adaption (LoRA) introduces an innovative
solution to this problem by enabling precise and efficient
fine-tuning of pre-trained models (Hu et al., 2021). These
adapters adjust model parameters in a low-rank space,
allowing for significant modifications to the generated
images with minimal computational resources. When
applied to stable diffusion models, LoRA adapters can
enhance the model's ability to consistently generate



specific character traits across different instances, thus
overcoming one of the significant limitations of traditional
generative models (Gandikota et al., 2023).

This paper explores the synergy between LoORA
adapters and stable diffusion models, demonstrating
through experimental results that this combination
markedly improves the accuracy and consistency of
character-specific image generation. By leveraging the
strengths of both technologies, we present a
methodological advancement that not only enhances the
capabilities of Al in artistic endeavors but also sets a new
standard for the fidelity and consistency of digital character
design.

11. Methodology

In the data preparation phase of our study on character
image generation, we meticulously curated a dataset to
train LORA adapters on stable diffusion models. This
process involved several carefully structured steps to
ensure the generation of high-fidelity and consistent
character images. For each target character, identified by a
set within our dataset C = ¢y, ¢y, ..., ¢, We gathered an
initial set of approximately N =~ 20 images. These images,
denoted as I, = iy, i,, ..., iy for each character c;, were
selected to span a broad spectrum of poses, expressions,
and contexts, aiming to encompass the wide range of
attributes and scenarios characteristic of each target,
ensuring a comprehensive representation.

Upon gathering the images, the next step involved
compiling key features and attributes from the collected
image sets into structured documents. For each target
character c¢; , this compilation yielded a preliminary
document d?i. These documents served as inputs to a
multimodal Large Language Model (LLM, Yang et al.,
2023; Alayrac et al.,, 2022), which processed them to
generate preliminary textual descriptions dg, . These
descriptions aimed to encapsulate the essence of the
characters as portrayed in the images, translating visual
information into textual format. Recognizing the potential
for initial descriptions to miss nuances or contain
inaccuracies, we employed an iterative refinement process
through in-context learning. Starting with the initial
description d}i, we iteratively fed each description back
into the LLM. At each iteration k, the model was provided
with additional context or corrections to refine the
description, producing an enhanced version dé‘i“.

This process continued until the refined description
achieved a high level of consistency, detail, and
completeness, at which point it was deemed final (df™)
and added to the dataset of refined descriptions D,.fineq- The
culmination of this meticulous data preparation process
was the compilation and formatting of the refined
descriptions, D,.fineq = d4,d5, ..., dy, . These descriptions
were specifically tailored for subsequent use in training
LoRA adapters, facilitating the generation of character
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images with enhanced fidelity and consistency through
stable diffusion models. This systematic approach to data
preparation not only ensured the quality and consistency of
the input data but also laid a robust foundation for the
successful application of advanced machine learning
techniques in character image generation.

I11. Result

Our innovative approach to character-specific image
generation using LoRA adapters on stable diffusion models
has demonstrated remarkable success, as illustrated in
Figure 1. We created detailed and consistent images for ten
distinct characters in both 2D and 3D shapes. These images,
generated by the stable diffusion models enhanced with
LoRA adapters, exhibited exceptional fidelity and
consistency. The use of LoRA adapters enabled precise
control over the image generation process, allowing for
fine-tuning without the need for extensive retraining. This
tailored adaptation was critical in maintaining character
consistency across various poses and expressions, a notable
improvement over traditional methods which often
struggle with such variations. Quantitative assessments
showed that our images surpassed baseline models in both
visual quality and consistency, confirming the efficacy of
our approach.

<NEoE=IBD> <sok=e>

<FIGURE 1. CHARACTER IMAGES GENERATED BY
STABLE DIFFUSION MODEL WITH LORA
ADAPTERS TRAINED USING THE METHODOLOGY
DESCRIBED IN THIS STUDY>



V. Discussions

The integration of LORA adapters with stable diffusion
models represents a significant advancement in the field of
Al-driven digital art and character design, as evidenced by
the generated images shown in Figure 1. This combination
enhances the quality and consistency of character images,
crucial for applications in gaming, virtual reality, and brand
representation. Our methodology, leveraging a multimodal
Large Language Model for generating and refining
character descriptions, ensures that the generated images
faithfully represent the intended attributes of each
character.

Despite the promising results, there are areas for future
research, such as exploring the integration of additional
modalities in the training process to enrich the model's
understanding of complex character traits and emotions.
Another potential area is the real-time animation of these
characters for interactive media (Liu et al., 2024).
Moreover, continuous improvements in model training
techniques and dataset expansion could further enhance the
accuracy and efficiency of character-specific image
generation.

In conclusion, our study sets a new standard for digital
character design, demonstrating the potential of this
technology to revolutionize fields that rely on detailed and
consistent character representations. This opens up new
avenues for both practical applications and creative
exploration in the digital arts.
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