
Title Design of personalized interaction dialogue system for mobile otome games
Sub Title
Author 王, エイエン(Wang, Wanying)

杉浦, 一徳(Sugiura, Kazunori)
Publisher 慶應義塾大学大学院メディアデザイン研究科

Publication year 2024
Jtitle

JaLC DOI
Abstract
Notes 修士学位論文. 2024年度メディアデザイン学 第1129号
Genre Thesis or Dissertation
URL https://koara.lib.keio.ac.jp/xoonips/modules/xoonips/detail.php?koara_id=KO40001001-00002024-

1129

慶應義塾大学学術情報リポジトリ(KOARA)に掲載されているコンテンツの著作権は、それぞれの著作者、学会または出版社/発行者に帰属し、その権利は著作権法によって
保護されています。引用にあたっては、著作権法を遵守してご利用ください。

The copyrights of content available on the KeiO Associated Repository of Academic resources (KOARA) belong to the respective authors, academic societies, or
publishers/issuers, and these rights are protected by the Japanese Copyright Act. When quoting the content, please follow the Japanese copyright act.

Powered by TCPDF (www.tcpdf.org)

http://www.tcpdf.org


Master’s Thesis

Academic Year 2024

Design of Personalized Interaction Dialogue

System for Mobile Otome Games

Keio University

Graduate School of Media Design

WANYING WANG



A Master’s Thesis

submitted to Keio University Graduate School of Media Design

in partial fulfillment of the requirements for the degree of

Master of Media Design

WANYING WANG

Master’s Thesis Advisory Committee:

Professor Kazunori Sugiura (Main Research Supervisor)

Professor Nanako Ishido (Sub Research Supervisor)

Master’s Thesis Review Committee:

Professor Kazunori Sugiura (Chair)

Professor Nanako Ishido (Co-Reviewer)

Professor Matthew Waldman (Co-Reviewer)



Abstract of Master’s Thesis of Academic Year 2024

Design of Personalized Interaction Dialogue System for

Mobile Otome Games

Category: Design

Summary

With the rapid development of mobile devices and internet technology, mobile

games, particularly otome games targeting female players, have witnessed signif-

icant growth in recent years. These games meet the emotional needs of female

players through exquisite art styles, rich storylines, and immersive emotional in-

teractions. However, challenges such as declining user retention rates and content

homogenization persist in the otome game market, highlighting the need for inno-

vative interaction designs to enhance user experience and long-term engagement.

This study focuses on designing a personalized interaction system for mobile

otome games by developing a ”Large Language Model (LLM)-based personal-

ized dialogue system” to optimize player interaction experiences. A questionnaire

survey was conducted, collecting data from 156 female players to analyze their

motivations, preferences, and personalization needs. The results indicate that ”ro-

mantic fantasy”, ”character attachment”, ”storyline experience”, and ”art style”

are the core factors influencing player experience. Furthermore, personalization

features, such as character appearance customization, personalized dialogue gen-

eration, and interactive services, significantly enhance player immersion and sat-

isfaction.

This study proposes a framework for a personalized dialogue system based on

LLMs and multi-agent techniques, enabling dynamic adjustments to dialogue con-

tent and interaction logic. This system facilitates more intelligent and personalized

game experiences, strengthening emotional resonance between players and virtual

characters while improving game interactivity and user retention rates.
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Abstract

The theoretical contribution of this study lies in expanding the research frame-

work for otome game interaction mechanisms, while its practical significance pro-

vides developers with innovative approaches to optimizing otome game design.

This study offers valuable insights for future developments in personalized inter-

action systems for mobile games.

Keywords:

otome games, personalized dialogue system, Large Language Models (LLMs), user

engagement, game interaction design, immersive experience, personalization cus-

tomization

Keio University Graduate School of Media Design
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Chapter 1

Introduction

1.1. Research Background

With the rapid development of the internet and the widespread adoption of mo-

bile devices such as smartphones, mobile games—characterized by their simplic-

ity, portability, low technical barriers, and ability to effectively fill fragmented

time—have become particularly popular, especially among younger audiences. As

smartphone performance continues to improve, the quality and quantity of mobile

games have significantly increased, solidifying their position as a mainstream form

of entertainment. According to a GameLook data report, the global mobile game

market is projected to reach 98.7 billion by 2024, with Asia remaining the largest

regional market. Four countries—China, the United States, Japan, and South

Korea—account for 77.9% of the global mobile game market, with China alone

contributing 37.4%. In 2018, China’s gaming industry generated more than 25%

of the global gaming revenue, ranking first worldwide in terms of market share

and player base. Mobile games were the primary driving force behind this growth,

accounting for 61% of the revenue share.

Female users have emerged as a significant consumer segment within the mo-

bile gaming market. According to a Newzoo study, the number of female gamers

worldwide surpassed 1 billion in 2019, representing 46% of the total player base.

By 2020, this proportion increased to 47%, with female players demonstrating

higher engagement in mobile games, where they constituted 48% of the player

base. Within this context, *otome* games, a key subgenre of games targeting fe-

male audiences, have gained increased visibility on mobile platforms over the past

five years. Although *otome* mobile games entered the market relatively late,

their growth has been remarkable compared to other genres. As a prominent rep-

resentative of the “her games” category, otome mobile games exhibit tremendous

1



1. Introduction 1.2. Research Questions

market potential, leveraging the needs of female players.

Despite the current economic scale of the mobile gaming industry exceeding 100

billion and the rapid success of otome mobile games, challenges remain, particu-

larly in terms of declining user retention rates. This study aims to analyze the

interactive experiences of otome mobile games from the players’ perspective and

propose game interaction designs that can better enhance player experiences and

long-term engagement.

1.2. Research Questions

• What factors affect players’ gameplay experience of the interaction system

of mobile Otome games?

• What are the characteristics of the interaction functions in existing mobile

Otome games?

• Can the design of optimized interaction system improve players’ game ex-

perience?

1.3. Research Purposes

• Theoretical Significance: Within the body of literature on game interaction

features, research on interaction mechanics in otome games or related the-

oretical studies remains underdeveloped. Given the substantial growth po-

tential of the female gaming market, most existing studies focus on general

games, lacking a research perspective tailored to female audiences. This

study, grounded in the perspective of female players, aims to expand the

scope of otome game research and incorporate female-oriented considera-

tions into the discourse, thereby enriching the theoretical understanding of

this field.

• Practical Significance: As mobile otome games are relatively nascent, the

market is still in an exploratory phase. The rapid popularity of such games

has revealed issues of high content and gameplay homogenization among

2



1. Introduction 1.4. Research Framework

contemporaneous products. This study seeks to move beyond the traditional

text-based adventure game format, exploring diversified interaction models

for otome games. It examines the feasibility of transforming otome games

towards more interactive and multifaceted gameplay models while achieving

sustainable economic operations. Additionally, the study offers practical

insights and reference points for the creation and development of future

mobile otome games.

1.4. Research Framework

Figure 1.1 Research Framework

3



Chapter 2

Related Works

2.1. Otome Games

2.1.1 Definition and Characteristics

Otome games, originating in Japan, are a type of romance simulation game pri-

marily targeting women. These games emphasize narrative experiences in which

players take on the role of a female character and interact with male characters

to advance emotional storylines or plot development. [2].

Definition and Expansion

Target Audience Otome games primarily cater to women aged 18–35, a de-

mographic often characterized by high purchasing power and strong demand for

cultural and entertainment content.

Content Structure The games revolve around ”emotional interactions,” with

players advancing the storyline through multiple choices, leading to varied out-

comes such as ”happy endings” or ”tragic endings.”

Key Features

High Immersion The games provide players with an immersive experience

from a female perspective, allowing them to participate in virtual romantic rela-

tionships.

Character Design Male characters are designed with diverse personalities,

such as gentle, aloof, or humorous, to meet the emotional preferences of different

players.

4



2. Related Works 2.1. Otome Games

Multimedia Presentation Games feature high-quality visuals, voice acting

by renowned actors, and engaging background music to enhance emotional in-

vestment. [3]

2.1.2 Classification and Types

Otome games can be categorized based on their business model and design objec-

tives into ”buy-to-play” and ”free-to-play” with in-app purchases. [4]

Buy-to-Play Otome Games

Buy-to-play games require players to make a one-time payment to access the full

game content. This model was prevalent in early otome games, particularly on

PC and console platforms.

Characteristics

Fixed Pricing Players pay a one-time fee for the game, with no additional

costs required.

Complete Content Access All game content, including storylines, charac-

ters, and endings, is unlocked upon purchase.

High Quality These games are often positioned as premium products, fea-

turing deep narratives, well-developed characters, and exceptional artistic design.

Advantages Players can focus entirely on the storyline and character interac-

tions without interruptions from in-app purchases. Ideal for players who value

immersive experiences and wish to enjoy a complete story.

Representative Games Japanese franchises such as ”Angelique”, ”Haruka-

naru Toki no Naka de”, and ”Kiniro no Corda”. Independent games like ”Hana

Awase” and ”Anohana”.

5



2. Related Works 2.1. Otome Games

(Source: Otome game: Angelique)

Figure 2.1 Angelique

(Source: Otome game: Kiniro no Corda)

Figure 2.2 Kiniro no Corda

6



2. Related Works 2.1. Otome Games

Free-to-Play Otome Games with In-App Purchases

Free-to-play games attract players by offering basic game content for free and

monetize through in-app purchases. This model has become dominant for otome

games on mobile platforms in recent years.

Characteristics

Free Download Players can download and experience part of the game for

free.

In-App Purchases Additional content, such as items, chapters, or character

cards, can be unlocked through payments.

Continuous Updates Games often maintain user engagement with regular

events and new storylines.

Advantages

Low Entry Barrier Players can try the game before deciding to spend

money.

Flexible Spending Options Players can choose whether to spend on items,

additional storylines, or character draws based on their preferences.

Disadvantages Game experiences can be disrupted by monetization mecha-

nisms, such as key storylines requiring payment to unlock. Criticism of ”emotional

commodification” arises, where the emotional experiences offered by the game may

feel overly commercialized.

Representative Games Japanese market:Ikemen Revolution

Chinese Market: Popular Chinese otome games like Love and Producer,Light

and Night and Love and Deepspace.

7
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(Source: Otome game: Ikemen Revolution)

Figure 2.3 IkemenRevolution

(Source: Otome game: Love and Producer)

Figure 2.4 Love and Producer
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2. Related Works 2.1. Otome Games

(Source: Otome game: Love and Deepspace)

Figure 2.5 Love and Deepspace

Comparison and Development Trends

Table 2.1: Comparison and Development Trends

Dimension Paid Games Free-to-Play Games

Entry Barrier High (one-time purchase) Low (free download)

User Engagement
Driven by story and

artistry

Maintained via events

/updates

Revenue Model One-time payment Continuous in-app purchases

Suitable Platform PC, Console Mobile

User Feedback
Emphasis on immersive

experiences

Experiences influenced by

monetization

In recent years, with the widespread adoption of mobile games and the expan-

sion of the player base, the free-to-play model has gradually become the main-

stream for otome games. However, buy-to-play games still hold a certain position

in niche markets, particularly among independent titles that emphasize narrative

experiences and high-quality production. [4] [5]

9



2. Related Works 2.1. Otome Games

2.1.3 Evolution of Otome Games

Origin and Early Development (1994–2000)

The genre of otome games originated in 1994, when Japan’s KOEI Corporation

officially defined the category with the release of Angelique. At its core, otome

games offer a ”female-centered” virtual romantic experience by allowing players

to assume the perspective of a female protagonist. During this period, otome

games were primarily developed for PC and console platforms, often presented in

the form of text-based adventure games. [3] [5]

Genre Expansion and Global Dissemination (2000–2015)

Diversification of Gameplay As the player base grew, otome games began in-

corporating additional gameplay elements such as life simulation and role-playing

mechanics, exemplified by titles like Kiniro no Corda.

Global Spread Through translations and online communities, otome games

gradually gained traction in markets such as China and South Korea, transitioning

from niche entertainment to a cultural phenomenon with increasing attention.

Development in China (2015–Present)

Introduction and Breakthrough The 2017 release of Love and Producer

marked a turning point, bringing otome games from niche culture to mainstream

popularity in China. The game attracted a large female audience with its exquisite

visuals and deeply engaging narratives. [2]

Industry Scale Data indicates that the market scale for female-oriented games

expanded from billions of RMB in 2017 to nearly one trillion RMB by 2023,

making it a significant segment within the gaming market.

Development Characteristics

Localization Game content increasingly incorporates Chinese cultural ele-

ments to better appeal to local audiences.

10



2. Related Works 2.1. Otome Games

Domimance of the Free-to-Play Model Developers rely on frequent up-

dates and diverse events within the in-app purchase framework to enhance player

engagement.

2.1.4 Research Perspectives for Otome Games

Player Motivation and Behavior

The motivations of otome game players are multidimensional and complex. Re-

search identifies the following primary factors:

Emotional Needs Interaction with virtual characters fulfills emotional needs

for companionship and affection. Female players tend to choose characters that

align with their aesthetic preferences and personality traits. [5] [6]

Escapism Otome games provide a virtual world where players can temporarily

escape real-world pressures. Game content is designed with expansive narrative

backgrounds to enhance immersive experiences. [2]

Social Interaction Players share their gaming experiences via social media and

community discussions, building virtual social networks. [5]

Consumption Intentions and Behavior

Research based on the Technology Acceptance Model (TAM) highlights the fol-

lowing factors influencing consumption behavior:

Perceived Factors Perceived ease of use and usefulness significantly influence

players’ willingness to make purchases. Key drivers for sustained spending include

gameplay convenience, engaging storylines, and high-quality character design. [4]

Emotional Dependence Players unlock storylines and purchase items to deepen

emotional interactions with characters, fostering emotional attachment to virtual

characters.

11



2. Related Works 2.2. Game Immersion

Gender Culture and Social Impact

Research on otome games offers both cultural and social insights:

Gender Empowerment Otome games challenge traditional “male-dominated”

design paradigms, fostering the expression of female agency and consciousness.

Controversy and Criticism Some studies argue that the idealized portrayal

of male characters in otome games may reinforce gender stereotypes, potentially

affecting players’ perceptions of real-world relationships. [2]

2.1.5 Academic and Practical Significance

Academic Significance

Otome games provide valuable samples for studying female culture, revealing

unique consumption behaviors in the digital entertainment sector. They vali-

date the applicability of theories such as the Uses and Gratifications Theory and

the Technology Acceptance Model in the context of female-oriented games. [4]

Practical Significance

The findings guide developers in optimizing design to enhance emotional resonance

and immersive experiences in games. They provide a basis for market strategies,

contributing to the sustainable development of female-oriented games. [7]

2.2. Game Immersion

With the growing popularity of video games, immersion has become a key metric

for evaluating game quality. It describes the psychological state in which players

are deeply engaged in a virtual world. Immersion not only significantly influences

player satisfaction and loyalty but also drives the continuous optimization of game

design and user experience. This review systematically examines relevant studies

to explore the theoretical foundations, influencing factors, and design applications

of immersion, aiming to guide future research in this field.

12
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2.2.1 Definition and Theoretical Framework of Immersion

Definition of Immersion

Immersion refers to the experience of players being fully absorbed and deeply

interacting with a virtual world during gameplay. Brown and Cairns (2004) clas-

sified immersion into three levels through qualitative research: ”engagement,”

”engrossment,” and ”total immersion.” Among these, total immersion is charac-

terized by a state where players are entirely disconnected from reality and fully

immersed in the virtual environment. [8]

Application of Flow Theory

Csikszentmihalyi’s flow theory provides a critical foundation for immersion re-

search. Flow experiences consist of eight core elements: clear goals, immediate

feedback, a balance between task difficulty and player skills, focus, a sense of con-

trol, time distortion, loss of self-consciousness, and intrinsic rewards. This theory

is often used to explain the mechanisms triggering immersion. [9]

SCI Model

Ermi and Mäyrä (2005) proposed the SCI model, categorizing immersion into

three types: [10]

Sensory Immersion Achieved through high-quality sound effects and visuals.

Challenge-Based Immersion Derived from overcoming complex tasks and

challenges in games.

Imaginative Immersion Relies on emotional resonance fostered by narrative

and character design.

Key Factors Influencing Immersion

Game Design Features

13



2. Related Works 2.2. Game Immersion

Visual and Audio Design High-resolution graphics, dynamic sound effects,

and realistic virtual environments significantly enhance sensory immersion. For

instance, virtual reality (VR) technology pushes sensory immersion to new heights.

Narrative and Character Development Narrative and character design

can evoke emotional resonance in players, enhancing imaginative immersion. For

example, personalized character customization not only deepens immersion but

also fosters player loyalty.

Interaction Mechanisms Intuitive and seamless interaction design reduces

players’ cognitive load. Features such as combining touchscreens with motion

controls allow players to interact more naturally with mobile games.

Player Individual Differences

Player Traits Cognitive styles, emotional needs, and gaming preferences in-

fluence immersion. For example, players who value challenges are more likely to

experience challenge-based immersion in strategy games, whereas narrative-driven

players focus more on emotional connections from storytelling.

Psychological State Emotional states and cognitive workload are crucial

variables affecting immersion. Studies show that an optimal level of challenge

can trigger flow experiences, while excessive or insufficient difficulty may lead to

anxiety or boredom.

Environmental and Technological Support

Hardware Technology VR and augmented reality (AR) technologies signif-

icantly enhance immersion by offering lifelike experiences. Advances in hardware

such as high-refresh-rate displays and haptic feedback devices further support

immersive experiences.

14



2. Related Works 2.2. Game Immersion

Environmental Factors External disturbances like noise and lighting can

affect immersion. Optimizing the gaming environment can help players focus

better on the game.

Practical Applications of Immersion

Mobile Games Hu Qianqian (2019) suggested that mobile game design should

emphasize narrative, visual, and auditory immersion. Dynamic sound effects, op-

timized difficulty levels, and well-designed reward systems can effectively enhance

player experiences.

First-Person Shooter (FPS) Games Experimental studies by Nacke et al.

(2009) revealed that the combat design in FPS games could enhance immersion

by elevating players’ emotional arousal. Physiological measures such as galvanic

skin responses and electromyographic activity were used to quantify emotional

reactions.

Game Loyalty Immersion fosters player loyalty by satisfying psychological

needs such as exploration, escapism, and achievement. Studies indicate that per-

sonalized game design (e.g., customizable character appearance and abilities) can

enhance sustained player engagement through immersion.

Future Research Directions

Cross-Cultural Studies Most existing immersion research focuses on West-

ern cultural contexts. The perception and mechanisms of immersion in different

cultures warrant further exploration.

Technological Integration The incorporation of artificial intelligence (AI)

presents new possibilities for personalized immersive experiences. For instance,

AI-generated dynamic narratives and real-time difficulty adjustments tailored to

player skill levels could further enhance immersion.
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Long-Term Effects Current research predominantly examines short-term im-

mersion experiences. The evolution of immersion over prolonged gameplay and

its impact on player behavior remain underexplored.

2.2.2 Game Interaction and Virtual Characters

Game interaction, as a significant branch of human-computer interaction, has

achieved remarkable progress in recent years, particularly in role-playing, emo-

tional interaction, and personalized experiences, driven by advancements in artifi-

cial intelligence. This paper systematically reviews the primary research directions

in game interaction technologies based on current literature, including virtual envi-

ronment perception and interaction, personalized dialogue generation, character-

based simulated dialogues, emotion- and personality-driven response generation,

and frameworks for preference and personality modeling.

Virtual Environment Perception and Interaction

The realism and diversity of virtual environments are fundamental to enhanc-

ing game interaction experiences. The V-IRL (Virtual Intelligence in Real Life)

platform bridges virtual and real-world environments, providing an interaction

platform centered on visual and geospatial data. By integrating maps and street-

view data, this platform enables virtual agents to perform complex tasks within

virtual representations of real cities, such as route optimization, location recom-

mendation, and environmental analysis. Benchmarks across various geographic

and visual models demonstrate V-IRL’s superior flexibility, task diversity, and

realism.

Specifically, V-IRL supports multi-task capabilities based on language and vi-

sion models. For instance, the simulated ”path planning” task showcases how

agents leverage shortest-path algorithms to efficiently explore urban areas, while

the ”location recommendation” task combines language models with geospatial

data to offer customized suggestions based on user preferences. These applications

provide critical references for dynamic scene generation and complex interaction

logic design in games.
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Personalized Dialogue Generation

Personalization is a crucial factor in enhancing player immersion. The Personal-

Dialog dataset and model leverage large-scale dialogue data to construct conver-

sational systems with multidimensional personality attributes, such as gender,

age, and interests. A personalization feature fusion module integrates structured

personality information with contextual inputs to generate dialogues suited to

different scenarios.

This approach demonstrates significant potential for application in games. For

example, by generating dialogue content reflective of player traits, non-player char-

acters (NPCs) can exhibit enhanced intelligence and adaptability. Such methods

are particularly important in open-world games, role-playing games (RPGs), and

educational games, providing players with customized and immersive experiences.

Character-Based Simulated Dialogue

Role-playing scenarios in games require virtual characters to exhibit specific lin-

guistic styles and behavioral patterns. The ChatHaruhi project introduces a dia-

logue generation method based on character memory banks. By extracting origi-

nal scripts and integrating improved prompting techniques, this approach enables

language models to better emulate specific characters’ tones and expressions.

The study employs two strategies: extracting iconic dialogues from scripts to

form a memory bank and dynamically generating dialogues based on user input

and character backstories. This method not only improves semantic consistency

in conversations but also enhances emotional connections between players and

virtual characters. For instance, in narrative-driven games, players can engage

in more authentic interactions with characters, deepening their understanding of

both the characters and the game world.

Emotion- and Personality-Driven Response Generation

Emotional expression is an indispensable aspect of game interaction. The GERP

model incorporates the OCEAN Big Five personality traits (Openness, Consci-

entiousness, Extraversion, Agreeableness, and Neuroticism) and an emotion pre-

diction mechanism to introduce personalization and emotional dynamics into di-
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alogue generation. By dynamically predicting emotional states, the model gen-

erates responses aligned with personality traits, thereby enhancing the anthropo-

morphic quality of virtual characters.

Experimental results show that the GERP model effectively captures conver-

sational contexts and generates appropriate emotional responses. For example,

in horror or adventure games, emotional expressions by characters can enhance

player immersion. In educational or medical simulation games, emotionally driven

dialogues help create empathetic interaction scenarios.

Framework for Preference and Personality Modeling

Characters in games require not only dynamic behavioral capabilities but also

evolving preferences and personalities shaped by player behavior and environ-

mental influences. The AFSPP framework creates a virtual sandbox world to

simulate the impact of social networks and subjective consciousness on person-

ality and preference formation. Agents within the framework possess memory,

planning, reflection, and interaction abilities, allowing them to dynamically ad-

just their behavior based on environmental inputs and internal states.

The study indicates that environmental factors (e.g., social networks) and cog-

nitive abilities (e.g., planning) play critical roles in shaping preferences. For in-

stance, in strategy games, agents can adapt to players’ gaming styles over time,

forming personalized interaction strategies. In open-world games, the diverse pref-

erences and personalities of agents enrich the game ecosystem, providing players

with a more realistic simulation experience.

Table 2.2 state of your mind

when where who what

Bad Good Very Good Good Good
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2.3. Personalized Dialogue Generation

2.3.1 Dialogue Generation

Dialogue generation, as one of the core tasks in the field of Natural Language Pro-

cessing (NLP), has gradually evolved from the early pattern-matching-based ap-

proaches to the modern related approaches based on deep learning and large-scale

language models. In the early days, dialog systems mainly relied on predefined di-

alog patterns, rules, and databases to generate responses by matching user input.

For example, dialog systems such as PARRY [11], SHRDLU [12], and LUNAR [13]

in the 1970s used pattern matching to search and generate responses based on the

context of user input. With the development of the pattern matching technology,

such as BORIS [14], ALICE [15], and Intent Detection-based dialog systems [16],

these data-driven and information-retrieval conversational systems based on pat-

tern recognition usually achieve good performance in terms of breadth and depth

of conversations. However, these systems are often limited by the complexity of

manually formulated structural rules and the abundance of the prior datasets,

resulting in dialog generation results that are more rigid and do not conform to

the natural language habits of humans.

Since the advent of the 21st century, the rise of deep learning algorithms has sig-

nificantly advanced the field of Natural Language Processing (NLP), particularly

in the development of dialogue generation systems. A series of NLP models based

on the sequence-to-sequence (seq2seq) [17] paradigm, such as Recurrent Neural

Networks (RNNs) [18], Long Short-Term Memory (LSTM) [19] networks, Gated

Recurrent Units (GRUs) [20], and Transformer [21], have been proposed. These

models not only demonstrate robust capabilities for processing natural language in

theory but have also achieved remarkable success in practice. As a result, numer-

ous deep neural network-based dialog generation models have emerged [22–30],

bringing innovative breakthroughs in the field of dialog generation. These models

combine deep learning techniques with word vector techniques in NLP and utilize

multiple rounds of dialog mining, attention mechanisms, and predefined linguistic

features (e.g., lexical, syntactic, etc.) to dig deeper into the implicit information

in the user’s dialog. This fusion of techniques improves the accuracy of text recog-

nition and optimizes the satisfaction of content generation. As a result, the dialog
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system can generate more natural, fluent, and contextually relevant responses,

which significantly improves the quality of the dialog and the user’s interaction

experience.

Although neural network-based dialogue generation models have demonstrated

excellent performance on task-specific datasets, these models often face the prob-

lem of insufficient generalization capabilities in practical applications. This limita-

tion is mainly reflected in the models’ lack of extensive human-like basic knowledge

and contextual adaptation, making them perform less than optimal when dealing

with complex and diverse dialog tasks. Compared to humans, these models can

usually only infer and generate within the scope of their training data, making

it difficult for them to flexibly cope with contexts beyond their training scope or

creative and scalable conversational demands. However, in recent years, the rise

of Large Language Models (LLMs) [31–33], especially the emergence of models

such as ChatGPT [34], has revolutionized the technology of dialogue generation

in the field of natural language processing. Pre-trained on linguistic datasets of

unprecedented size, LLMs can effectively learn and integrate diverse knowledge

systems, and exhibit excellent language generation capabilities. Language models

trained on large-scale world knowledge corpora can not only generate syntactically

fluent and consistent dialog responses but also adapt to different dialog scenarios

and needs based on diverse user inputs. This significant improvement in capabil-

ity marks the shift of dialogue generation from traditional task-oriented models

to more generalized intelligent dialogue systems [35], opening a new era for the

future development of natural language processing.

The dialogue capabilities of existing large-scale language models (LLMs) can-

not fully meet the requirements of actual interaction scenarios, especially in per-

sonalized dialogue generation. Specifically, existing LLMs have deficiencies in

accurately understanding and dynamically adapting to the user’s personalized

preferences, background information, and emotional characteristics of the inter-

action, making it difficult to generate personalized responses that meet the user’s

expectations in complex interaction scenarios [36]. In addition, since their gen-

eration mechanisms mainly rely on large-scale general corpus training, existing

models exhibit limitations when handling dialog tasks with strong contextual

dependency [37]. Therefore, personalized dialogue generation is an important
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research direction in the current NLP field.

2.3.2 Personalized Dialogue Generation based on Deep Learn-

ing

Personalized responses can significantly enhance the interaction between the user

and the dialogue agent and improve the interaction experience [36,37]. Although

different researchers have different definitions and implementations of “personal-

ization”, in essence, personalized response generation can be considered a condi-

tional text generation task. In this task, the generated response not only needs to

be based on the given dialog context (i.e., user input) but also needs to be con-

ditional on the role settings explicitly provided by the user or the user attributes

implicit in the dialog history. Therefore, deep-learning-based personalized dia-

logue generation models, are usually classified into two categories, explicit and

implicit conditional generation [38], based on how the conditional information is

obtained.

• Explicit condition generation: Explicit conditional generation methods

generate responses that match specific user characteristics by utilizing infor-

mation explicitly provided by the user (e.g., profile, preferences, emotional

state, or role instructions) as a generating condition that is encoded and

incorporated into the generation process. For example, [39–47] methods fall

into this category. Its main advantage is the direct control over the gener-

ated content, which better meets the user’s personalization needs. However,

the effectiveness of this approach is highly dependent on the adequacy and

accuracy of user input and training data, and insufficient or biased condi-

tional information may degrade the generation quality.

• Implicit conditional generation: Implicit conditional generation meth-

ods allow models to automatically learn potentially high-dimensional fea-

tures by mining implicit features in users’ historical conversations and per-

sona information without relying on predefined human a priori knowledge.

For example, [48–53] models can generate responses that are more in line

with the user’s personality based on these features. Compared to explicit
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conditional generation, implicit methods are more robust and generalizable

to handle situations where the user does not provide explicit information,

but they also face the challenge of rational and effective feature extraction.

However, both explicit and implicit conditional generation methods rely on

large-scale preprocessed personalized datasets and require training models from

scratch. This imposes high data labeling and computational resource costs. In

addition, their personalization capabilities are still limited by the quality and

performance of the pre-trained datasets in practical applications.

2.3.3 Personalized Dialogue Generation based on Agent

With the widespread use of Large Language Models (LLMs) such as ChatGPT

[34], studying the impact of their capabilities in role-playing and contextual learn-

ing on personalized dialogue generation is gaining significant attention. As shown

in the study [54–56], LLMs are capable of reflecting on role or personality traits

through input prompts (prompts), which is particularly significant in tasks such

as personality testing, writing, and reasoning. Therefore, the use of LLMs for

multi-intelligence simulation or collaborative generation of diverse personalized di-

alogues has become a research hotspot. For example, [54–63] have constructed the

Agent dialogue system of personalized dialogue generation by fine-tuning LLMs

or combining techniques such as retrieval-and-generation (RAG) [64]. However,

in emotional interaction scenarios such as otome games, how to satisfy users’

needs for emotion and intimacy [65] through personalized dialogue-generated in-

telligences, and further enhance the immersion and interactivity of the game, is

still an area that needs to be explored urgently.
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Chapter 3

Survey Design

To quantify and construct the playing characteristics and user profiles of otome

game players, this study employed a survey questionnaire to collect data for em-

pirical analysis. The first part of the questionnaire focused on basic demographic

information and playing habits, covering aspects including gender, age, educa-

tion level, occupation, playing frequency, play time, disposable income, and game

expenditure. The second part consisted of a scale measuring play motivations.

To ensure the quality of the questionnaire design, the scales used in this study

were developed based on established questions from previous research. These

scales were adapted from existing literature with proven reliability and validity,

including studies conducted by Ching-I Teng [7], Miu Shenguang [5]. To ensure

reliability, the questionnaire included at least three questions for each dimension.

A five-level Likert scale was employed, allowing respondents to select the option

that best reflected their gaming experience and attitudes. Responses ranged from

“Strongly Disagree” (scored as 1) to “Strongly Agree” (scored as 5). This study

places a particular emphasis on the impact of personalization features on the

game and players. Accordingly, the questionnaire addressed three components of

personalization dimension : preferences, willingness to pay, and the influences on

players, with a total of 11 sub-questions. The final questionnaire totally included

eight dimensions of play motivations, comprising a total of 35 sub-questions. A

complete version of the questionnaire can be found in the appendix.

3.1. Questionnaire Distribution and Collection

The participants in this study were female users who play otome games. The ques-

tionnaire targeted and collected samples that met the following two criteria: (1)
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having experience playing or watching otome games and (2) being female users.

To gather a substantial amount of data, the questionnaire was distributed online

via the Wenjuanxing platform (https://www.wjx.cn/). It was primarily dissem-

inated through Chinese social networking platforms, including WeChat, Weibo,

and Douyin, using social sharing to collect study samples. To ensure the sam-

ple consisted exclusively of female users, a prior gender screening question was

set in the questionnaire. A total of 172 responses were collected through ques-

tionnaire distribution and social sharing in various communities. After excluding

16 responses from participants whose gender was not female, 156 valid responses

were obtained. The valid responses accounted for 90.7 percentages of the total

submissions and were used for data analysis.

3.2. Survey Statistics and Analysis

For the 156 valid responses collected, the exported questionnaire data were edited

and categorized using Microsoft Excel. Subsequently, the processed sample data

were subjected to statistical analysis using the SPSSAU platform. Finally, regres-

sion analysis was conducted using STATA to examine the data.

3.2.1 Descriptive Analysis

Demographic Characteristics

Frequency analysis is used to study the demographic characteristics of the re-

spondents, determining the frequencies and percentages, shown as in Table 2-1.

Question A2 on gender was excluded as all valid questionnaires selected for this

study were from female respondents. For Question A4 on occupation, the cate-

gories of ”Employee” and ”Freelancers” were merged to “Graduate”, to facilitate

comparison with the student group.

Table 3.1: Frequency of Demographic Characteristics

Item Option Frequency Percent

(%)

Cumulative

Percent (%)

Continued on next page
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Table 3.1: Frequency of Demographic Characteristics (Continued)

A1 Age

1 17 years old or younger 3 1.92 1.92

2 18-22 years old 40 25.64 27.56

3 23-29 years old 100 64.1 91.67

4 30-39 years old 13 8.33 100

A3 Highest

Level of

Education

1 Junior high school or below 2 1.28 1.28

2 High school/vocational school 8 5.13 6.41

3 Secondary vocational school 9 5.77 12.18

4 Bachelor’s degree 71 45.51 57.69

5 Master’s degree or above 66 42.31 100

A4

Occupation

1 Student 83 53.21 53.21

2 Graduate 73 46.79 100

Figure 3.1 Pie chart of percent of Age question

In terms of age, the majority of survey participants fall within the 23-29 age

group, accounting for over 64%. This indicates that the questionnaire primarily

targets university students and working populations, most of whom have discre-

tionary free time and income or pocket money. The second most represented age

group is 18-22 years old.

Regarding education level, the participants are mostly bachelor’s and master’s
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Figure 3.2 Pie chart of percent of Highest Level of Education question

degree holders, collectively exceeding 90%. This aligns with the age data, sug-

gesting that the survey primarily focuses on university students and graduates.

In terms of occupation, the proportion of students and graduates is nearly bal-

anced, with a difference of only about 7%. This balance ensures that the survey

encompasses a diverse range of respondents, enabling the collection of compre-

hensive information and opinions from both student and working populations.

Playing Characteristics

For plaing characteristics of the respondents, frequency table is shown as in Table

2-2. Question A9 on favorite games will be used as a reference for future game

design and is not included in the quantitative analysis of this section.

Table 3.2: Frequency of Playing Characteristics

Item Option Frequency Percent

(%)

Cumulative

Percent (%)

Continued on next page
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Figure 3.3 Pie chart of percent of Occupation question

Table 3.2: Frequency of Playing Characteristics (Continued)

A5 Playing

Frequency

1 Rarely (once every few

months)

47 30.13 30.13

2 Occasionally (a few

times a month)

22 14.1 44.23

3 Sometimes (a few

times a week)

23 14.74 58.97

4 Frequently (at least

once a day)

64 41.03 100

A6 Playing

Time

1 Less than 15 minutes 52 33.33 33.33

2 15-30 minutes 52 33.33 66.67

3 30 minutes to 1 hour 30 19.23 85.9

4 More than 1 hour 22 14.1 100

A7 Monthly

Income

1 Less than ¥2,000

RMB

27 17.31 17.31

2 ¥2,000-¥5,000 RMB 39 25 42.31

Continued on next page
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Table 3.2: Frequency of Playing Characteristics (Continued)

3 ¥5,000-¥8,000 RMB 32 20.51 62.82

4 More than ¥8,000

RMB

58 37.18 100

A8 Monthly

Expenditure

1 Less than ¥50 RMB 56 35.9 35.9

2 ¥50-¥100 RMB 22 14.1 50

3 ¥100-¥200 RMB 25 16.03 66.03

4 ¥200-¥500 RMB 27 17.31 83.33

5 ¥500-¥1,000 RMB 10 6.41 89.74

6 More than ¥1,000

RMB

16 10.26 100

Figure 3.4 Pie chart of percent of Playing Frequency question

In terms of play frequency, participants are mainly distributed at either ex-

treme. Recently, 41% of players reported daily playing otome games, while 30%

reported playing very rarely. The large proportion of high-frequency players in-

dicates that this survey effectively captures the gaming experiences of hardcore
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players. Meanwhile, the lightest players, who may have only tried the game a few

times, provide perspectives from people who are not deeply familiar with Otome

games.

Figure 3.5 Pie chart of percent of Playing Time question

Regarding playtime, the respondents exhibit significant variability in daily play

duration during their active periods, ranging from less than 15 minutes to more

than 1 hour. Among them, over 66% of players reported spending less than 30

minutes per day on Otome games.

In terms of monthly disposable income, 37% of participants reported earning

over 8,000 RMB, which is the highest proportion, while only 17% reported earning

less than 2,000 RMB. This indicates that the respondents are relatively indepen-

dent and possess stable purchasing power.

Regarding monthly expenditure, half of the respondents reported spending 100

RMB or less on otome games, while only 16% spent more than 500 RMB. This

suggests that most participants have limited purchase enthusiasm for otome games

or rarely buy related merchandise. Comparing these results with the monthly

disposable income, it can be inferred that most players exhibit relatively mature

spending habits.
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Figure 3.6 Pie chart of percent of Monthly Income

Figure 3.7 Pie chart of percent of Monthly Expenditure
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3.2.2 Reliability and Validity Analysis

Reliability Analysis

Reliability Analysis mainly refers to the reliability of the test research, which is

used to measure the consistency and stability of the questionnaire items. Con-

sistency refers to whether the content measured by each item of the variable is

in the same direction; stability refers to whether the results before and after the

observation are consistent after multiple measurements of the same test group at

different times/occasions. [66] [67] The reliability analysis in this paper mainly

tests and analyzes the internal consistency of the scale. This study uses the Cron-

bach α value to test the internal consistency of each dimension, which is one of

the most essential and pervasive statistics in research involving test construction

and use. Devellis proposed that 0.65 < α ≤ 0.70 is the minimum acceptability,

0.70 < α ≤ 0.80 is very reliable, 0.80 < α ≤ 0.90 is very reliable, and α > 0.90 is

very reliable. The Alpha coefficient should be greater than 0.7 for the whole study

to be accepted. [68] This study utilized SPSSAU analysis platform to conduct a

reliability test on the survey questionnaire. The results are presented in Table

2-3.

Table 3.3: Reliability Analysis

Dimension Item Corrected

item-total

correlation

(CITC)

Alpha if

Item

Deleted

Cronbach

Alpha

B.Romantic Fantasy

B1 0.758 0.804

0.86
B2 0.659 0.842

B3 0.773 0.795

B4 0.654 0.848

C.Character Attachment

C1 0.659 0.745

0.807
C2 0.577 0.783

C3 0.658 0.742

Continued on next page
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Table 3.3: Reliability Analysis (Continued)

C4 0.61 0.765

D.Storyline

D1 0.75 0.764

0.849D2 0.686 0.819

D3 0.723 0.785

E.Art Style

E1 0.817 0.961

0.939E2 0.921 0.877

E3 0.891 0.898

F.Emotional Regulation

F1 0.759 0.811

0.866
F2 0.688 0.845

F3 0.745 0.819

F4 0.696 0.838

G.Social Interaction

G1 0.758 0.804

0.868G2 0.737 0.825

G3 0.755 0.811

H.Challenge and Achievement

H1 0.722 0.724

0.827H2 0.781 0.669

H3 0.566 0.884

I.Personalization

I1 0.563 0.881

0.888

I2 0.61 0.878

I3 0.523 0.883

I4 0.542 0.883

I5 0.674 0.875

I6 0.653 0.875

I7 0.612 0.878

I8 0.633 0.877

Continued on next page
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Table 3.3: Reliability Analysis (Continued)

I9 0.672 0.875

I10 0.645 0.876

I11 0.62 0.877

Total 0.936

From the analysis, the overall Cronbach’s α coefficient for the questionnaire

is 0.936, indicating high reliability and suitability for further analysis. The reli-

ability coefficients for all eight dimensions are greater than 0.8, indicating high

reliability. Regarding the ’Alpha if Item Deleted’, Deleting any item will not lead

to a significant increase in the reliability coefficient, indicating items should not be

deleted. Regarding the ’CITC’, all items have CITCs greater than 0.4, indicating

good relationships between items and suggesting good reliability. [69]

Validity Analysis

Validity is used to measure the degree of data effectiveness, reflecting and examin-

ing the fit between the theoretical framework employed and the data collected in

this study. It assesses whether the scale adequately represents the research model

and the extent of its alignment5). [70] This study employed the Kaiser-Meyer-

Olkin (KMO) measure and Bartlett’s test of sphericity to evaluate the validity of

the survey questionnaire. If the KMO value exceeds 0.5 and the significance level

of Bartlett’s test is less than 0.01, the data is deemed suitable for factor analysis.

First, an overall validity test was conducted on the questionnaire scale items. The

results indicated that the overall KMO value of the questionnaire was 0.862, with

a significance level below 0.01, demonstrating that the questionnaire data was

appropriate for factor analysis and exhibited good validity. Subsequently, validity

tests were conducted for each dimension as Table 2-4. The results showed that the

KMO values for all dimensions exceeded 0.5, and the significance levels were less

than 0.01. Therefore, the dimensions are suitable for subsequent data analysis.
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Table 3.4: Validity Analysis

Dimension kmo p value of Bartlett’s

Test of Sphericity

B.Romantic Fantasy 0.820 0.000

C.Character Attachment 0.741 0.000

D.Storyline 0.726 0.000

E.Art Style 0.727 0.000

F.Emotional Regulation 0.820 0.000

G.Social Interaction 0.740 0.000

H.Challenge and Achievement 0.659 0.000

I.Personalization 0.822 0.000

Mean Statistics and Analysis

Mean statistics provide an overview of the central tendency of the survey re-

sponses, offering insights into participants’ general perceptions across different

dimensions. The purpose of mean statistics and analysis is to examine the data

characteristics of different latent variables, focusing on two key indicators: the

mean and standard deviation. This analysis aims to provide a clearer understand-

ing of the Otome game experiences and play motivations of players by analyzing

and ranking the dimensions based on their mean scores, as Table 2-5. For the

Likert scale scoring system, a higher mean value indicates a stronger tendency

toward game experience, and a lower standard deviation suggests greater data

stability, with less variability among responses.

Table 3.5: Play Motivation Descriptive Statistic

Dimension Sample

size

Mean S.D. Median

B Romantic Fantasy 156 3.861 0.814 4

C Character Attachment 156 3.668 0.854 3.75

Continued on next page
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Table 3.5: Play Motivation Descriptive Statistic (Continued)

D Storyline 156 3.842 0.854 4

E Art Style 156 4.647 0.601 5

F Emotional Regulation 156 3.816 0.81 4

G Social Interaction 156 2.959 1.026 3

H Challenge and Achievement 156 3.536 0.934 3.667

I Personalization 156 3.719 0.716 3.727

Figure 3.8 Mean Comparison of Play Motivation

Based on the mean scores across dimensions, Art Style received the highest

score of 4.65, suggesting that the artistic quality and visual effects of Otome

games are critical factors influencing players’ engagement. Social Interaction re-

ceived the lowest score, at 2.96, indicating that most players place relatively little

importance on the social functions of Otome games or rarely participate in so-

cial discussions. The scores for the remaining six dimensions are relatively close,

showing that respondents assign moderate importance to these aspects, including

personalization features. Additionally, the small standard deviation for ”art style”

indicates that players have similar preferences regarding the art style, suggesting

that high-quality artistic resources, such as well-designed characters and scenes,
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are attractive to most players. On the other hand, the large standard deviation

for ”social interaction” suggests a divergence in players’ attitudes towards social

engagement. Not all players are enthusiastic about participating in game-related

social activities; some prefer to play the game independently.

Descriptive statistic for all the items is listed as Table 2-6.

Table 3.6: Item Descriptive Statistic

Item n Mean S.D. Median

B1 156 3.923 0.884 4

B2 156 3.699 0.986 4

B3 156 4.006 0.94 4

B4 156 3.814 1.058 4

C1 156 3.571 0.971 4

C2 156 3.423 1.147 4

C3 156 3.865 1.113 4

C4 156 3.814 1.052 4

D1 156 3.846 0.903 4

D2 156 3.654 0.988 4

D3 156 4.026 1.028 4

E1 156 4.641 0.681 5

E2 156 4.667 0.605 5

E3 156 4.635 0.623 5

F1 156 3.744 0.976 4

F2 156 4.038 0.794 4

F3 156 3.603 1.051 4

F4 156 3.878 0.993 4

G1 156 2.859 1.133 3

Continued on next page

36



3. Survey Design 3.2. Survey Statistics and Analysis

Table 3.6: Item Descriptive Statistic

(Continued)

G2 156 3.103 1.079 3

G3 156 2.917 1.244 3

H1 156 3.41 1.071 3

H2 156 3.474 1.031 3

H3 156 3.724 1.145 4

I1 156 4.058 0.859 4

I2 156 3.519 1.167 4

I3 156 3.859 0.926 4

I4 156 3.301 1.183 3

I5 156 4.019 0.898 4

I6 156 3.519 1.183 4

I7 156 3.776 1.139 4

I8 156 3.295 1.23 3

I9 156 3.923 0.891 4

I10 156 3.859 0.926 4

I11 156 3.782 0.972 4

Correlation Analysis

Correlation analysis is an essential preliminary step before conducting regression

analysis. It is a statistical method used to measure the degree of association

between pairs of variables, aiming to assess the strength of relationships among

the variables within the model. Correlation analysis determines the degree and

direction of relationships based on the size of the correlation coefficient without

addressing causal relationships between variables6). Since all the measured items

in this study are continuous, Pearson’s correlation coefficient is used to examine

the correlations among each dimension and demographic characteristics. The

Pearson correlation coefficient (r) is a commonly used measure of the strength of
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the relationship between variables, ranging from -1 to 1. When r is positive, the

two variables have a positive correlation; when r is negative, the two variables

have a negative correlation. The absolute value of r indicates the strength of the

correlation: the larger the absolute value, the stronger the correlation; the smaller

the absolute value, the weaker the correlation. [71]

When the absolute value of r is less than 0.40, the variables show a low corre-

lation. If the absolute value of r is between 0.40 and 0.70, the variables exhibit

a moderate correlation. An absolute value of r greater than 0.70 indicates a high

correlation between the variables. However, the absolute value of the correlation

coefficient alone is not sufficient to determine the significance of the correlation.

It is also necessary to consider the p-value from the significance test of the correla-

tion coefficient to make valid inferences. The correlation coefficients and Pearson

coefficients between the dimensions and demographic characteristics in this study

are shown in Table 2-7.

Table 3.7: Pearson Correlation

A1 A3 A4 A5 A6 A7 A8

Age Educati

on

Occupa

tion

Frequ

ency

Time

Spent

Inco

me

Expend

iture

Age 1

Education 0.526** 1

Occupation 0.536** 0.232** 1

Frequency -0.049 -0.106 -0.007 1

Time Spent -0.136 -0.128 -0.053 0.378** 1

Monthly

Income

0.510** 0.420** 0.416** -0.043 -0.116 1

Monthly

Expenditure

0.005 -0.058 -0.089 0.475** 0.320** 0.136 1

Romantic

Fantasy

-0.024 -0.065 -0.104 0.387** 0.245** -0.047 0.259**

Continued on next page
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Table 3.7: Pearson Correlation (Continued)

Character

Attachment

-0.104 -0.097 -0.129 0.442** 0.262** -0.011 0.406**

Storyline 0.08 0.025 -0.012 0.292** 0.246** 0.092 0.256**

Art Style -0.029 -0.058 -0.134 0.253** 0.173* 0.054 0.233**

Emotional

Regulation

-0.069 -0.094 -0.092 0.181* 0.223** -0.102 0.166*

Social

Interaction

-0.086 0.018 -0.047 0.042 0.123 -0.071 0.152

Challenge

and

Achievement

-0.03 0.081 -0.108 0.028 0.192* -0.003 0.112

Personalizati

on

-0.155 -0.087 -0.217** 0.161* 0.163* -0.017 0.259**

Table 3.8: Pearson Correlation (continued)

B C D E F G H I

B.Romantic Fantasy, C.Character Attachment, D.Storyline,

E.Art Style, F.Emotional Regulation, G.Social Interaction,

H.Challenge and Achievement, I.Personalization

Romantic

Fantasy
1

Character

Attachment
0.669** 1

Storyline 0.577** 0.483** 1

Art Style 0.383** 0.369** 0.231** 1

Emotional

Regulation
0.680** 0.443** 0.352** 0.301** 1

Social

Interaction
0.277** 0.453** 0.199* 0.157 0.308** 1
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Challenge

and

Achievement

0.267** 0.304** 0.255** 0.329** 0.284** 0.499** 1

Personalizat

ion
0.412** 0.537** 0.230** 0.399** 0.458** 0.423** 0.417** 1

Figure 3.9 Pearson Correlation Visualization

The Pearson correlation matrix reveals that the eight dimensions of gameplay

motivation are highly positively correlated, with all but the Art Style-Social In-

teraction pair showing significant relationships, most of which exhibit strong cor-

relations at the 1% level. This suggests that the experiences players get from

otome games in one dimension influence other dimensions and eventually shape

their overall preference for the game. The strongest correlations in the matrix are

between Romantic Fantasy-Character Attachment (0.67) and Romantic Fantasy-

Emotional Regulation (0.68) pairs. This indicates that players who experience

intense romantic love feelings within the game are more likely to invest their

emotions into game characters and receive greater emotional feedback from the

gameplay experience. On the other hand, when examining the relationship be-

tween the eight dimensions of play motivation and respondents’ basic information,

play frequency, playtime, and monthly spending show significant correlations with

all dimensions except Social Interaction and Achievement and Challenge. This

suggests that when players are immersed and motivated by Otome games, their

play frequency, playtime, and spending tend to increase accordingly. These find-
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ings align with the expectations of game developers aiming to attract players and

encourage playing and in-game purchases through high-quality content.

Regression Analysis for Personalization

One focus of this study is to explore which player characteristics and related di-

mensions influence players’ preferences for personalization content. To achieve

this, regression analysis of the factors affecting the personalization dimension was

conducted using STATA software. [72] In addition to analyzing the overall per-

sonalization dimension, we also examined three components of personalization

content: preferences, willingness to pay, and impact on players. The specific

composition of these components is shown in Table 2-8. The overall dimension

and its three components are used as dependent variables, while players’ demo-

graphic information and other dimensions are employed as independent variables

for multiple regression analysis.

Table 3.9: Components of Personalization Dimension

Component Item

ID

Item question

Personalizat

ion

-preference

I1 The character personalization features of appearance (such

as clothing, hairstyles, makeup, etc.) enhance my gaming

experience.

I3 The personalization features of scene (such as scene

backgrounds, background music, items, etc.) enhance my

gaming experience.

I5 Having personalized dialogues and interactions with game

characters (such as real-time calls, etc.) enhances my

gaming experience.

I7 The personalized practical services in the game (such as

study companionship, fitness companionship, emergency

calls, and menstrual tracking, etc.) enhance my daily life

experience.

Continued on next page
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Table 3.9: Components of Personalization Dimension (Continued)

Personalizat

ion

-payment

I2 I am willing to pay for character personalization services of

appearance (such as clothing, hairstyles, makeup, etc.) in

the game.

I4 I am willing to pay for personalization services of scene

(such as scene backgrounds, background music, items, etc.)

in the game.

I6 I am willing to pay for personalized dialogues and

interactions services with game characters (such as real-

time calls, etc.).

I8 I am willing to pay for the personalized practical services in

the game (such as study companionship, fitness

companionship, emergency calls, and menstrual tracking,

etc.).

Personalizat

ion

-influence

I9 The personalization features provided in the game give me

sense of joy and satisfaction.

I10 The personalization features provided in the game give me

sense of belonging and immersion.

I11 The personalization features provided in the game allow me

to achieve self-expression.

Whole Dimension Regression Using the Whole dimension of personalization

as the dependent variable, the regression result is as Table 2-9.

Table 3.10: Whole dimension regression

Dependent variable: Personalization

Variables Coefficient
Standard

errors

A1.Age -0.0653 (0.103)

A3. Highest Level of Education -0.0231 (0.0630)

A4. Occupation -0.163 (0.112)

A5. Recent Frequency of Playing Otome Games -0.0275 (0.0448)
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A6. Average Daily Time Spent on Each Otome Game -0.0155 (0.0488)

A7. Average Monthly Disposable Income 0.0589 (0.0504)

A8. Average Monthly Expenditure on Otome Games 0.0229 (0.0323)

B.Romantic Fantasy -0.0715 (0.0991)

C.Character Attachment 0.283*** (0.0829)

D.Storyline -0.0644 (0.0663)

E.Art Style 0.184** (0.0854)

F.Emotional Regulation 0.230*** (0.0775)

G.Social Interaction 0.0818 (0.0557)

H.Challenge and Achievement 0.123** (0.0591)

Constant 1.192** (0.473)

Observations 156

R-squared 0.464

Notes: The standard errors are reported in parentheses. *, **, and *** indicate

statistical significance at 10%, 5%, and% levels, respectively.

From the regression result, Character Attachment and Emotional Regulation

have a significant and strong positive impact on the personalization dimension at

the 1% level. This indicates that players who deeply invest their emotions in-game

characters and receive greater emotional feedback from the games are more likely

to value personalized content within the game.

Art Style and Challenge and Achievement have a significant positive impact on

personalization at the 5% level. This suggests that high-quality artistic design and

a well-developed achievement and challenge system within the game can encourage

players to engage more with personalized content.

Preference for Personalization Using the Preference for personalization as

the dependent variable, the regression result is as Table 2-10.

Table 3.11: Preference for personalization regression

Dependent variable: Preference for personalization

Variables Coefficient
Standard

errors
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A1.Age -0.0407 (0.110)

A3. Highest Level of Education -0.130* (0.0672)

A4. Occupation -0.0773 (0.120)

A5. Recent Frequency of Playing Otome Games 0.0168 (0.0478)

A6. Average Daily Time Spent on Each Otome Game 0.0328 (0.0520)

A7. Average Monthly Disposable Income 0.0286 (0.0538)

A8. Average Monthly Expenditure on Otome Games 0.0169 (0.0345)

B.Romantic Fantasy 0.0132 (0.106)

C.Character Attachment 0.194** (0.0885)

D.Storyline -0.0953 (0.0707)

E.Art Style 0.214** (0.0911)

F.Emotional Regulation 0.266*** (0.0827)

G.Social Interaction 0.0145 (0.0594)

H.Challenge and Achievement 0.119* (0.0630)

Constant 1.598*** (0.505)

Observations 156

R-squared 0.439

Notes: The standard errors are reported in parentheses. *, **, and *** indicate

statistical significance at 10%, 5%, and 1% levels, respectively.

From the regression result, Emotional Regulation has a significant and strong

positive impact on players’ preferences for personalization content at the 1% level.

This indicates that players who receive more emotional feedback from the game

are more inclined to favor personalized features within the game. Character At-

tachment, Art Style, and Challenge and Achievement have significant positive

impacts on personalization at the 5% to 10% level. This suggests that high-

quality artistic design, well-developed achievement and challenge systems, and

players’ deep emotional investment in-game characters enhance their preference

for personalized content.

The highest Level of Education has a weak significant negative impact on per-

sonalization. Players with higher levels of education show lower preferences for

personalization game content. It is hypothesized that as education and life ex-

perience increase, the novelty and anticipation for personalization features may
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diminish.

Willingness to Pay for Personalization Using the Willingness to pay for

personalization as the dependent variable, the regression result is as Table 2-11.

Table 3.12: Willingness to pay for personalization regres-

sion

Dependent variable: Willingness to pay for personalization

Variables Coefficient
Standard

errors

A1.Age -0.0315 (0.153)

A3. Highest Level of Education 0.0563 (0.0935)

A4. Occupation -0.137 (0.167)

A5. Recent Frequency of Playing Otome Games -0.113* (0.0664)

A6. Average Daily Time Spent on Each Otome Game -0.01 (0.0724)

A7. Average Monthly Disposable Income 0.0857 (0.0748)

A8. Average Monthly Expenditure on Otome Games 0.101** (0.0479)

B.Romantic Fantasy -0.256* (0.147)

C.Character Attachment 0.456*** (0.123)

D.Storyline -0.0113 (0.0984)

E.Art Style 0.254** (0.127)

F.Emotional Regulation 0.203* (0.115)

G.Social Interaction 0.147* (0.0826)

H.Challenge and Achievement 0.114 (0.0877)

Constant -0.165 (0.702)

Observations 156

R-squared 0.393

Notes: The standard errors are reported in parentheses. *, **, and *** indicate

statistical significance at 10%, 5%, and 1% levels, respectively.

From the regression result, Character Attachment has a significant and strong

positive impact on players’ willingness to pay for personalized content at the 1

p level. This indicates that players who deeply invest their emotions in-game

characters are more likely to spend money on personalized features within the
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game. Monthly Expenditure and Art Style have significant positive impacts at

the 5% level. Players who used to spend more on otome games are also more

willing to pay for personalized content. Additionally, high-quality artistic design

in the game significantly enhances players’ willingness to pay for personalization

features. Emotional Regulation and Social Interaction have significant positive

impacts at the 10% level. Players who receive greater emotional feedback from

the game and who actively participate in social activities related to Otome games

are more inclined to pay for personalized content. Game Frequency shows a

weakly significant negative impact. This may be because high-frequency players,

who are already accustomed to the game’s existing content, exhibit lower interest

in personalized features.

Influence of personalization Using the Influence of personalization as the

dependent variable, the regression result is as Table 2-12.

Table 3.13: Influence of personalization regression

Dependent variable: Influence of personalization

Variables Coefficient
Standard

errors

A1.Age -0.152 (0.147)

A3. Highest Level of Education 0.00436 (0.0899)

A4. Occupation -0.296* (0.160)

A5. Recent Frequency of Playing Otome Games 0.0422 (0.0639)

A6. Average Daily Time Spent on Each Otome Game -0.102 (0.0696)

A7. Average Monthly Disposable Income 0.0748 (0.0719)

A8. Average Monthly Expenditure on Otome Games -0.0689 (0.0461)

B.Romantic Fantasy 0.0839 (0.141)

C.Character Attachment 0.135 (0.118)

D.Storyline -0.103 (0.0945)

E.Art Style 0.0651 (0.122)

F.Emotional Regulation 0.213* (0.110)

G.Social Interaction 0.106 (0.0794)

H.Challenge and Achievement 0.132 (0.0842)
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Constant 2.464*** (0.675)

Observations 156

R-squared 0.267

Notes: The standard errors are reported in parentheses. *, **, and *** indicate

statistical significance at 10%, 5%, and 1% levels, respectively.

From the regression result, Players’ occupations have a weakly significant im-

pact on their perception of personalization. Students tend to get greater satis-

faction, immersion, and self-expression from personalization content, while those

who have graduated exhibit relatively less sensitivity to such features. Emotional

Regulation has a weakly significant positive impact on the perception of person-

alization. This indicates that players who generally receive greater emotional

feedback from the game are also more likely to experience enhanced satisfaction,

immersion, and self-expression from personalization content. Based on the statis-

tical analysis, it can be found that positive correlations were observed among the

motivational dimensions, with Romantic Fantasy showing strong links to Charac-

ter Attachment (r=0.67) and Emotional Regulation (r=0.68). This indicates that

emotional and narrative elements significantly shape player preferences. Demo-

graphic factors such as play frequency and expenditure correlated positively with

motivational dimensions, except for Social Interaction and Challenge/Achieve-

ment. And the regression analysis revealed that personalization preferences were

positively influenced by Character Attachment, Emotional Regulation, Art Style,

and Challenge/Achievement. Players with strong emotional connections to char-

acters and immersive experiences showed a higher appreciation for personalization

features. This analysis provides a comprehensive understanding of player behav-

ior, highlighting the importance of emotional and artistic elements in otome game

design while identifying opportunities for enhancing personalization to deepen

engagement.

3.3. Personalized Dialogue System

3.3.1 Concept

Here is the figure 3.10 of the concept of the Personalized dialogue:
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Figure 3.10 Concept of Personalized Dialogue System
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3.3.2 Personalized Dialogue System based on LLMs Agent

The questionnaire data highlights the significance of personalized interaction fea-

tures in enhancing players’ gaming experience. We have designed a multi-agent

framework based on LLMs to improve emotional engagement and personalization

in dialogue generation for otome games. This framework consists of three auxil-

iary analytical agents, a primary agent for generating personalized content, and a

Memory Block. By incrementally analyzing information provided by the auxiliary

agents, the primary agent progressively understands the emotions, context, and

location inferred from the user’s input. It then combines this understanding with

the desired character persona and historical information stored in the memory

module to generate responses that offer deeper emotional and relational support.

The detailed framework is as follows:

• Personalized Character Agent: This agent analyzes the latent emotions

inherent in the character’s personality, denoted as Ce.

• Personalized Sentiment Analysis Agent: This agent evaluates the emo-

tions embedded in the user’s input, denoted as Ue.

• Personalized Location and Weather Agent: This agent identifies po-

tential user location details and related weather information, denoted as

Ul, w.

• Memory Block: The Memory Block serves as a repository for dialogue

history throughout the dialogue process, donated as M .

• Personalized Dialogue Agent: This Agent generates personalized re-

sponses Y enriched with emotional value and relational support. It in-

tegrates insights from the three auxiliary agents and chat memory while

adhering to the character persona defined by the user, ensuring emotionally

resonant and contextually appropriate replies.

Following the equation 3.1 shows, by integrating emotional analysis, contextual

information such as location and weather, and memory-based understanding, Per-

sonalized Dialogue Agent will generate dialogue responses Y that align with the
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predefined character persona with enhanced emotional support and personalized

interaction. x is the user’s dialog input for this round.

Y = Dialogue Agent(x | Ce, Ue, Ul,w,M) (3.1)

Personalized Character Agent

The Personalized Character Agent analyzes the personality traits set by the user

to uncover potential emotions, laying the foundation for personalized dialogue

generation. Specifically, this Agent maps the user’s preset Big Five personality

model [73] (OCEAN, encompassing Openness (O), Conscientiousness (C), Ex-

traversion (E), Agreeableness (A), and Neuroticism (N)) onto the PAD emotional

model proposed by Russell et al. [74, 75], which includes Pleasure (P), Arousal

(A), and Dominance (D) dimensions. This mapping is based on the quantita-

tive relationships between the Five-Factor personality traits and PAD emotions

as proposed by Mehrabian et al [76, 77]. Through this equation 3.2, the scores

of the character on the Big Five personality dimensions (O, C, E, A, N ∈ [-1,1])

are transformed into the corresponding emotional vector Ve = (P, A, D), which

represents the implicit emotional state of the character.

P = 0.21E + 0.59A + 0.19N,

A = 0.15O + 0.30A− 0.57N,

D = 0.25O + 0.17C + 0.60E − 0.32A

(3.2)

Subsequently, by analyzing the positivity or negativity of the Ve’s PAD tri-

dimensionality, potential emotions from a preset emotional library 3.14 can be

selected for the character based on research by Navarretta [1], providing a clear

benchmark for generating emotionally nuanced dialogue and ensuring that re-

sponses align with the character’s traits and the user’s desired emotional expres-

sion. Based on the above process, the Personalized Character Agent will output

the implicit emotion of the preset character Ce.
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Table 3.14 List of emotions and their PAD values [1]

P A D Emotions

+ + + Amused, Excited, Happy, Interested, Ironic, Joking, Proud,

Satisfied, Self-Confident, Supportive

− − − Disappointed, Hesitant, Unconfident, Uncomfortable, Unin-

terested

+ − − Certain, Friendly

− + − Awkward, Embarrassed, Puzzled, Shy, Uncertain, Uneasy

+ + − Engaged, Surprised

+ − − Docile, Thoughtful

− + − Irritated

Personalized Sentimental analysis Agent

Firstly, construct a prompt Prompt pad based on the descriptions of the Pleasure

(P), Arousal (A), and Dominance (D) dimensions of the PAD emotional model

proposed by research [1, 74, 75]. Subsequently, as illustrated in the equation 3.3,

the Personalized Sentimental analysis Agent analyzes the emotions implied in

the user’s input statement based on this prompt, thereby obtaining the potential

emotional information Ue within the user’s input statement x.

Ue = SentimentalAnalysis Agent(x | Prompt pad) (3.3)

Personalized Location and Weather Agent

The Personalized Location and Weather Agent initially analyzes the user’s input

x to determine whether it contains location information. If a location mention is

detected, the agent will invoke the Google Maps API and the OpenWeather API

to retrieve detailed information about the user’s specified location and the local

weather conditions. Specifically, the Google Maps API is utilized to parse the

location mentioned by the user and obtain nearby map-related information; the

OpenWeather API, based on these coordinates, retrieves real-time weather data

for the corresponding location, including temperature, humidity, wind speed, and
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weather condition descriptions. Subsequently, the agent integrates the aforemen-

tioned geographical and meteorological information to generate a concise and clear

description Ul, w 3.4. This description serves as part of the contextual information

and is used in the subsequent dialogue generation process.

Ul,w = LocationWeather Agent(x | API map,API weather) (3.4)

Memory Block

Memory Block is used to store all historical information during a dialog M , provid-

ing the basis for contextual understanding and generation of subsequent dialogs.

Personalized Dialogue Agent

The Personalized Dialogue Agent, serving as the primary dialogue agent, syn-

thesizes information from multiple auxiliary agents, including those for character

latent emotions Ce, user sentiment analysis Ue, and location and weather analysis

Ul, w, to generate emotionally resonant and user-tailored dialogue responses Y .

Leveraging pre-defined character personality and real-time user emotional states,

in conjunction with historical dialogue data M , the agent generates contextu-

ally relevant responses Y that prioritize emotional consistency, thematic coher-

ence, and the provision of emotional support and relational intimacy. Ultimately,

the output manifests as personalized dialogue exchanges. Through this multi-

dimensional information fusion process, the agent endeavors to enhance user emo-

tional engagement and interactive immersion within the otome game experience.
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Chapter 4

Experimentation on Interactive
system

4.1. Experiment

4.1.1 Objective

The primary aim is to evaluate whether the personalized dialogue system out-

performs existing dialogue systems in popular otome games in enhancing player

immersion and optimizing personalized gaming experiences based on real player

feedback. Additionally, the study seeks to gather firsthand usability data from

players’ experiences with this system, obtaining suggestions and perspectives on

various components of the personalized dialogue system. This information will

support future improvements and iterations.

4.1.2 Methodology

A mixed-methods approach combining quantitative and qualitative research meth-

ods was adopted. Eleven players, all with prior experience and familiarity with

otome games, were selected to participate in gameplay tests, questionnaire sur-

veys, and in-depth playtesting followed by interviews.

4.1.3 Procedure

The testing process involved gameplay sessions on an iPad with the dialogue in-

teraction systems of two popular otome games: Game A–Light and Night, Game

B–Love and Deepspace, and Game C–the personalized dialogue system. During

the tests, the basic operation flow and interaction duration with each dialogue
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system were recorded. Interaction with each game was limited to 5 minutes, for

a total playtest time of 15 minutes. Based on the dialogue topics of the exist-

ing games, the ‘eating’ topic was selected for interaction to facilitate comparison

of the experiments. After the gameplay session, participants completed a ques-

tionnaire and participated in a brief interview, with the post-play phase lasting

approximately 30 minutes.

During the test, we closely monitored the basic operation flow, as well as the

details and frequency of interactions within the gameplay experience. Particular

attention was given to usability issues within the interaction systems, including

Response Issues, Instances where a click failed to trigger any response; Latency

Issues: Cases where a response occurred with noticeable delay after a click.

4.1.4 Content

Dialogue System of Game A

Game A incorporates a multimodal dialogue system that integrates images, audio,

and text. The dialogue takes the form of video conversations between the player

and in-game characters.

There are five characters in the game for the player to choose from to interact

with.

Players are presented with dialogue options such as ”Have you decided what

to eat?” and ”Recommend something for me.” If the player selects ”Recommend

something for me,” they have the opportunity to request an alternative by choos-

ing ”Show me something else” if they are dissatisfied with the suggested food.

Alternatively, selecting options like ”I’ll go with your choice” or ”I’ve already de-

cided” will lead directly to a scenario where the character and the player agree to

have a meal together, concluding the dialogue interaction. Below is a selection of

dialogue interactions recorded from Game A:

Player: ”Join me for a meal.”

Character: ”What are you in the mood for? The cafeteria, takeout, or cooking at

home? If you’re not sure what to eat, want me to give you some ideas?”

Player: ”Recommend something.”

Character: ”How about some braised fish? You can compare the taste between
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(Source: Otome game: Light and Night

Figure 4.1 Characters in Game A
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(Source: Otome game: Light and Night

Figure 4.2 Dialogue system in Game A(1)
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(Source: Otome game: Light and Night

Figure 4.3 Dialogue system in Game A(2)
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store-bought and my homemade version.”

Player: ”Not feeling it. Got anything else?”

Character: ”Didn’t you say you were craving fried chicken the other day? Let’s

go with that today.”

Player: ”Hmm, not quite. Any other ideas?”

Character: ”If you want something quick and easy, how about fried rice? It’s sim-

ple, and as long as the seasoning’s right, it’s hard to mess up.” Player: ”Alright,

I’ll go with that.”

Character: ”Perfect. I’ve already ordered my takeout, too. Let’s wait for our food

to arrive and eat together.”

Player: ”The food’s here. Let’s dig in.”

Character: ”Ready to eat? Mine just got here, too. I’ll enjoy your ‘mukbang’

while I eat.”

Player: ”All done.”

Character: ”You little foodie, you’ve managed to get food on your face. Here, let

me wipe it off for you.”

Dialogue System of Game B

Game B incorporates a multimodal dialogue system that integrates images and

text. The dialogue takes the form of face-to-face conversations between the player

and in-game characters.

There are four characters in the game for the player to choose from to interact

with.

Below is a selection of dialogue interactions recorded from Game B:

Player: ”What should I eat?” Character: ”At this hour, it’s not a meal, is it?”

Player: ”What are you having? Give me some ideas.” Character: ”I usually go

for something sweet in the afternoon. Lately, I’ve been ordering fruit tea a lot.”

Player: ”Not in the mood. Got anything else?” Character: ”How about mango

sago? A little sugar can help lift your spirits.” Player: ”Sounds good. I’ll go with

that.” Character: ”Great choice! After you eat, why not stretch your legs a bit?

We could go for a walk together.”
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(Source: Otome game: Love and Deepspace

Figure 4.4 Characters in Game A
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(Source: Otome game: Love and Deepspace

Figure 4.5 Dialogue System in Game B(1)
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(Source: Otome game: Love and Deepspace

Figure 4.6 Dialogue System in Game B(2)
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Personalized Dialogue System

This personalized dialogue system incorporates a single modal dialogue system

that only includes text. Before the conversation begins, three characters with

distinct personality traits are pre-set in this personalized dialogue system: Apple,

Pear, and Grape.

Figure 4.7 Character: Apple

Apple’s Big Five personality traits are as follows:
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Figure 4.8 Character: Pear
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Figure 4.9 Character: Grape
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• Extraversion: Moderate to low

• Agreeableness: Moderate

• Openness: Moderate to high

• Conscientiousness: Very hight

• Emotional Stability: Moderate to high

Pear’s Big Five personality traits are as follows:

• Extraversion: Moderate to low

• Agreeableness: Moderate to high

• Openness: Moderate to high

• Conscientiousness: Very high

• Emotional Stability: Moderate

Grape’s Big Five personality traits are as follows:

• Extraversion: High

• Agreeableness: Moderate to high

• Openness: Very high

• Conscientiousness: Moderate

• Emotional Stability: Moderate to low

Below is a selection of dialogue interactions recorded from the personalized

dialogue system:

Player: ”Good afternoon.”

Character: ”Good afternoon, my princess! Is there something that’s making you

unhappy?”
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Player: ”Not at all! The sunlight in Tokyo is lovely today, and I feel great. ”

Character: ”The sunlight in Tokyo sounds wonderful! I’m happy too and would

love to take a walk with you under the sun, soaking in Tokyo’s vibrant energy.”

Player: ”How about we go for a walk this afternoon?”

Character: ”Sure! Where shall we go for a walk, my cutie?”

Player: ”Let’s decide what to eat for dinner first, then take a walk around the

area near the restaurant.”

Character: ”Hmm. . . I’d love to have your favorite seafood! Then we can take a

leisurely walk. How does that sound?”

Player: ”Sounds great! Are there any good seafood restaurants in Tokyo?”

Character: ”I know a fantastic sushi restaurant! I’ll take you there tonight. It’s

by the seaside, and the view is absolutely stunning.”

4.2. Experiment Results

4.2.1 Anova Analysis

Analysis of Variance (ANOVA) is a statistical technique used to examine whether

there are statistically significant differences between the means of three or more in-

dependent groups, by analyzing the variance within groups and between groups1).

In this study, Anova Analysis will be used to compare the three experiment groups

simultaneously to determine if at least one experiment group differs significantly

from the others.

Interaction Time and Interaction Frequency Analysis

The experiments focused on the interaction time and interaction frequency of the

eleven participants across three games, serving as indicators of player engagement

and preference for the games. The ANOVA analysis of the playing data from the

three games was conducted using the SPSSAU platform. The results are presented

in Table 1-1.

Table 4.1: One-Way ANOVA Analysis for Interaction

Item Option n Mean S.D. F p Value
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Time

A 11 53 14.91

415.719 0.000**
B 11 49 9.49

C 11 275.27 31.92

Total 33 125.76 109.3

Frequency

A 11 5 1

32.5 0.000**
B 11 4.55 0.82

C 11 10.27 2.94

Total 33 6.61 3.19

Notes: * and ** indicate statistical significance at 5% and 1% levels, respec-

tively.

Figure 4.10 Mean of Interaction time

As a result, interaction time shows significance at the 0.01 level (F = 415.719,

p = 0.000), indicating strong and significant interaction time differences among

the three games, and the specific comparison of differences indicates that the

comparison with significant differences is C ¿ A; C ¿ B. It can be inferred that the

participants played more time on Game C compared with Game A and Game B.

Similarly, interaction frequency shows significance at the 0.01 level (F = 32.500, p

= 0.000), indicating strong and significant interaction frequency differences among

the three games, and the specific comparison of differences indicates that the

comparison with significant differences is C ¿ A; C ¿ B. It can be inferred that
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Figure 4.11 Mean of Interaction time

the participants had more interactions in Game C compared with Game A and

Game B.

4.2.2 Questionnaire Analysis

As part of the experiment, a questionnaire was administered after each gameplay

session. An ANOVA analysis was conducted on the questionnaire results from

the three experiment groups to examine whether significant differences existed

between groups. Questions 6, 8, 9, 10, and 18 were reverse-coded and have been

standardized for scoring. The analysis results are presented in Table 1-2.

Table 4.2: One-Way ANOVA Analysis for Questionnaire

Game (Mean ± S.D.)
F p Value

A (n = 11) B (n = 11) C (n = 11)

Q1 3.09 ± 0.94 3.18 ± 1.17 4.36 ± 0.50 6.63 0.004**

Q2 2.91 ± 0.94 3.00 ± 0.89 4.27 ± 0.65 9.095 0.001**

Q3 2.27 ± 1.10 2.55 ± 1.13 3.91 ± 0.94 7.5 0.002**

Q4 2.73 ± 0.90 2.45 ± 1.37 4.09 ± 0.83 7.5 0.002**

Q5 2.55 ± 1.21 2.27 ± 1.10 4.00 ± 0.77 8.646 0.001**

Q6 2.73 ± 1.27 2.09 ± 0.83 3.36 ± 0.81 4.509 0.019*

Q7 2.73 ± 1.49 2.55 ± 1.04 2.64 ± 1.21 0.057 0.944

Q8 2.55 ± 1.13 2.36 ± 0.92 3.64 ± 0.81 5.621 0.008**
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Q9 2.64 ± 1.21 2.64 ± 0.81 3.82 ± 0.75 5.748 0.008**

Q10 3.55 ± 1.57 3.27 ± 1.35 4.09 ± 1.14 1.026 0.371

Q11 2.82 ± 0.75 3.27 ± 1.01 4.00 ± 0.77 5.375 0.010*

Q12 2.00 ± 1.00 2.09 ± 0.94 3.36 ± 1.03 6.512 0.004**

Q13 3.18 ± 1.17 2.91 ± 1.14 4.27 ± 0.65 5.592 0.009**

Q14 2.73 ± 1.10 2.45 ± 1.04 3.82 ± 0.87 5.625 0.008**

Q15 2.18 ± 1.17 2.18 ± 0.87 3.55 ± 1.04 6.392 0.005**

Q16 3.09 ± 1.22 3.27 ± 1.10 4.55 ± 0.69 6.514 0.004**

Q17 1.45 ± 0.69 1.45 ± 0.93 2.82 ± 1.33 6.579 0.004**

Q18 3.82 ± 1.25 3.45 ± 1.21 4.18 ± 1.08 1.039 0.366

Q19 2.82 ± 0.98 2.91 ± 0.94 3.91 ± 0.70 5.155 0.012*

Q20 4.73 ± 0.65 4.45 ± 0.82 3.73 ± 0.90 4.619 0.018*

Q21 2.82 ± 1.47 3.00 ± 1.10 3.36 ± 0.67 0.667 0.521

Q22 3.45 ± 1.04 3.55 ± 1.13 3.82 ± 0.87 0.38 0.687

Q23 2.55 ± 1.21 2.73 ± 1.10 3.00 ± 1.18 0.422 0.659

Q24 3.45 ± 0.93 2.64 ± 1.03 4.00 ± 1.10 4.971 0.014*

Q25 2.45 ± 1.37 2.36 ± 1.36 3.55 ± 1.29 2.643 0.088

Q26 2.36 ± 1.03 2.64 ± 1.03 4.27 ± 0.65 13.921 0.000**

Q27 2.64 ± 1.21 2.64 ± 0.81 4.27 ± 0.79 10.8 0.000**

Q28 2.73 ± 1.10 3.18 ± 0.98 4.27 ± 1.10 6.123 0.006**

Notes: * and ** indicate statistical significance at 5% and 1% levels, respec-

tively.

The analysis results indicate that most questions showed significant differences,

with Game C outperforming the other two games. Among the 28 questions, 20

exhibited significant differences where Game C had the highest mean score, 7

showed no significant group differences, and 1 question showed a significant differ-

ence where Game C had the lowest mean score. These findings suggest that the

framework designed for Game C in this study is significantly better than the other

two available games in terms of gameplay and interaction, the sense of immersion

and motivation it provides to players, and its ability to establish emotional connec-

tions with users. This validates the effectiveness of the game design proposed in

this study. Question 20 revealed a significant difference with Game C having the

lowest mean score, indicating a substantial experiential gap between unimodal and
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multimodal interactions. This highlights the need for future design optimizations

to improve the functions of visual and auditory elements in enhancing text-based

interactions while refining algorithmic improvements.
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Chapter 5

Conclusion

5.1. Results

This study highlights the pivotal role of personalized dialogue systems in en-

hancing player engagement, emotional resonance, and retention within mobile

otome games. Through the integration of advanced technologies, particularly

Large Language Models, the personalized interaction framework demonstrated

superior adaptability and interactivity. The experimental results indicate that

personalized character agents, sentimental analysis mechanisms, and contextual

features such as location and weather-based adaptations significantly elevate the

gaming experience, fostering deeper connections between players and virtual char-

acters.

5.2. Limitation

Firstly, the current personalized dialogue system is constrained to unimodal inter-

actions, focusing primarily on text-based dialogues. This limitation restricts the

exploration of multimodal engagement, such as integrating voice, visual cues, or

haptic feedback, which could offer a more immersive user experience. Secondly,

the dataset and experimental scope were limited to a specific demographic group,

primarily targeting female otome game players. This may affect the generaliz-

ability of the findings to broader gaming audiences or different cultural contexts.

Additionally, the reliance on pre-trained models could introduce biases inherent

in the original datasets, potentially impacting the authenticity of personalized

interactions.
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5.3. Future Works

Future research will be aim to address these limitations by exploring multimodal

interaction systems. Incorporating auditory and visual elements, alongside haptic

feedback, could significantly enhance the immersive quality of personalized dia-

logues. Moreover, expanding the dataset to include diverse player demographics

and cross-cultural contexts will improve the robustness and applicability of the

findings.

Another promising direction is the refinement of dynamic personalization algo-

rithms. By integrating real-time user feedback and adaptive learning mechanisms,

future systems can evolve based on individual player behaviors, preferences, and

emotional responses. Additionally, the development of hybrid models that com-

bine rule-based and machine learning approaches may help mitigate the biases of

pre-trained LLMs, ensuring more authentic and contextually relevant interactions.

The results of this study contribute to future works by establishing a foun-

dational framework for personalized dialogue systems in gaming environments.

This framework can serve as a reference for designing interactive systems beyond

otome games, including educational applications, virtual assistants, and thera-

peutic tools. The insights gained from the experimental analysis provide critical

benchmarks for evaluating user engagement metrics, emotional connectivity, and

the effectiveness of AI-driven personalization strategies in interactive media.
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Appendices

A. Programming for Multi-Agent Personalized Di-

alogue Generation for Otome Game

import streamlit as st

from otome_game_agent import (

CharacterAgent ,

SentimentAnalysisAgent ,

LocationWeatherAgent ,

MemoryBlock ,

DialogueAgent ,

)

character_agent = CharacterAgent ()

sentiment_agent = SentimentAnalysisAgent ()

location_weather_agent = LocationWeatherAgent ()

memory_block = MemoryBlock ()

dialogue_agent = DialogueAgent ()

st.title("Interactive␣Otome␣Game␣Agent␣Platform")

st.header("Personalized␣Dialogue␣System")

user_input = st.text_area("Enter␣your␣message:")

if st.button("Send␣Message"):

if user_input:

memory_block.add_to_memory(user_input , "user")

character_emotion = character_agent.analyze_emotion ()

memory_block.add_to_memory(character_emotion , "

character_emotion")
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user_emotion = sentiment_agent.analyze_emotion(user_input

)

memory_block.add_to_memory(user_emotion , "user_emotion")

location_weather = location_weather_agent.

get_location_weather(user_input)

memory_block.add_to_memory(location_weather , "

location_weather")

personalized_response = dialogue_agent.generate_response(

user_input=user_input ,

user_emotion=user_emotion ,

character_emotion=character_emotion ,

location_weather=location_weather ,

memory_block=memory_block.get_memory ()

)

memory_block.add_to_memory(personalized_response , "agent"

)

st.write("Character␣␣␣Response:")

st.write(personalized_response)

else:

st.warning("Please␣enter␣a␣message␣to␣continue.")

st.sidebar.header("Dialogue␣History")

for i, entry in enumerate(memory_block.get_memory ()):

st.sidebar.write(f"{entry[’role ’]. capitalize ()}:␣{entry[’

message ’]}")

st.sidebar.markdown("---")

st.sidebar.write("Powered␣by␣Interactive␣Otome␣Game␣Agents")
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