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Abstract

With the development of generative models, research on human—Al co-creation has been actively conducted. However,
in the field of co-creation, research on system personalization according to individual characteristics is insufficient, and
little focus has been placed on individual differences in creation. Therefore, in this study, we constructed StoryCCDial,
a co-creation dialogue dataset aimed at the personalization of co-creative dialogue systems. First, we collected
human—human story co-creation dialogue data involving 120 workers and constructed a dataset that includes
dialogues, dialogue acts, the workers’ personality traits, postsurveys, and edit histories from the interface. Next, using
the constructed dataset, we conducted analyses focusing on the workers’ personality traits, the number of utterances,
and edit histories. The analysis revealed differences in dialogue content based on workers’ personality traits,
individual differences in the number of utterances during the co-creation process, and variations in creative workflows

on the interface. Our dataset will be available at https://github.com/UEC-Inabalab/StoryCCDial.
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1. Introduction

Research on computer-aided creative support is
actively being conducted. These studies focus
on theater scripts (Mirowski et al., 2023), cartoon
character design (Hiruta et al., 2022), persuasive
texts (Munigala et al., 2018), slogans (Alnajjar and
Toivonen, 2021; Kim et al., 2023), novels (Yuan
et al.,, 2022), and lyrics parodies (Gatti et al.,
2017). With the development of generative mod-
els, human-—artificial intelligence (Al) co-creation
systems have been widely studied. In these sys-
tems, users interact with Al to collaboratively work
on creative tasks, issuing commands for partial
modifications or regeneration of Al-generated con-
tent (Oh et al., 2018; Davis et al., 2016; Huang
etal., 2020; Louie et al., 2020; Kumaran et al., 2023;
Yuan et al., 2022). Human-Al co-creation systems
that interact with people through natural language
have also been investigated (Schmitt and Buschek,
2021). However, research focusing on dialogue dur-
ing such co-creation is still limited, and knowledge
regarding suitable dialogue during co-creation re-
mains insufficient. In particular, to the best of our
knowledge, no research has focused on dialogue
adapted to each individual user in co-creation. In
this research, with the aim of building a dialogue
system that provides dialogue suitable for a user’s
characteristics in co-creation, we collected and will
release a dataset, StoryCCDial (Story Co-Creation
Dialogue). This dataset includes dialogues, dia-
logue acts, edit histories, the workers’ personality
traits, and postsurveys.

The task involves two people assigned the asym-
metric roles of “leader” and “supporter,” co-creating
a story. The data includes the workers’ personali-

ties, dialogue data, postsurvey data on their partner
and themselves, and interface edit histories. No-
tably, we annotated the dialogue data with dialogue
act tags and analyzed the relationship between
individual characteristics and the content of the
dialogue. We also analyzed variations within the
co-creation dialogues by examining the number of
utterances and edit histories.
The contributions of this study are as follows:

» We collected and will release a human—human
co-creation dialogue dataset. This dataset in-
cludes dialogues, dialogue acts, edit histories,
the workers’ personality traits, and postsur-
veys.

* We analyzed co-creation dialogue by focus-
ing on individual characteristics (personality
traits and the number of utterances) and char-
acteristics of each co-creation workflow (edit
histories). As a result, this suggested that the
dataset includes diverse workers and can be
utilized for personalized systems.

It should be noted that a previous study (Ezure
and Inaba, 2025) has already analyzed the rela-
tionship between dialogue acts and the quantity of
ideas in the co-creation dialogue within this dataset.
Consequently, this paper does not address this
topic.

2. Related Work
2.1.

Several studies have been conducted on human—
Al co-creation systems using generative models
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in various domains, including drawing (Oh et al.,
2018; Davis et al., 2016) and music (Huang et al.,
2020; Louie et al., 2020).

Specifically, various studies have been con-
ducted on collaborative text writing. BunCho (Os-
one et al., 2021) is a plot co-creation system for
Japanese novelists that generates plots based on
user-inputted keywords. Dramatron (Mirowski et al.,
2023) is a collaborative scriptwriting system built
using Chinchilla (Hoffmann et al., 2022). From the
input log line, Dramatron can generate an entire
script with a title, list of characters, a plot, loca-
tion descriptions, and dialogue. Users can instruct
regeneration or manual correction at any time. Crit-
iCS (Bae and Kim, 2024) is a framework where,
after a user inputs an initial draft, multiple LLM crit-
ics and a leader incrementally refine drafts of the
plan and story over multiple rounds.

CharacterChat (Schmitt and Buschek, 2021) is
designed for users to create fictional characters
while chatting with the system. Similar to Character-
Chat, our work focuses on building a story through
dialogue. However, our study distinguishes itself by
analyzing human—human collaborative interactions
for Al system design.

Zhou et al. (2024) analyzed dialogue data and
edit histories for human—human co-creation, which
is close to our research. However, our study differs
in that it aims at the personalization of co-creation.

2.2. Personality-aware Systems and
Analysis

Personality traits influence human decision-making
processes, user preferences, and interests (Rent-
frow and Gosling, 2003). In the field of psychology,
several studies have been conducted from various
perspectives on the effects of personality, such as
political choices (Caprara et al., 2006), counter-
productive behaviors (Salgado, 2002), and creativ-
ity (Feist, 1998).

In the field of computer science, personality-
aware recommendation systems have attracted sig-
nificant attention, including recommendations of
music (Perik et al., 2004; Hu and Pu, 2010; Liu and
Hu, 2020), movies (Karumur et al., 2018; Nguyen
et al., 2018; Nalmpantis and Tjortjis, 2017), places
of interest (Elahi et al., 2013; Tkalcic et al., 2009;
Braunhofer et al., 2015), games (Yang and Huang,
2019; Zeigler-Hill and Monica, 2015), news (Dhelim
et al., 2020), pictures (Li et al., 2019, 2020; Gelli
et al., 2017), and friends on social networking ser-
vices (Neehal and Mottalib, 2019; Ning et al., 2019).
Personality-aware recommendation systems are
effective in solving the cold start, free-rider, and
data sparsity problems, which are issues in con-
ventional recommendation models. Fatahi et al.
(2023) investigated what kind of persuasive mes-

sages should be presented in music recommenda-
tions based on user personality traits.

Thus, the effectiveness of personalization based
on personality traits has been suggested in the field
of recommendation systems. In this study, we con-
duct an analysis focusing on personality traits to
explore the potential for personalization in the dif-
ferent domain of co-creation. Particularly, based
on previous research indicating a link between cre-
ativity and Openness (McCrae, 1987), we focus
our analysis on this personality trait to examine its
effects in detail.

3. Collection of Co-Creation Dialogue

In this study, we collected human—human Story
Co-Creation Dialogue (StoryCCDial) dataset to de-
velop a personalized co-creation dialogue system.

3.1. Story Co-Creation Task

The workers co-created a story while brainstorming
ideas. They were instructed to create an interest-
ing story on a given theme in Japanese. In each
session, two workers were paired up and assigned
the roles of “leader” and “supporter.” The leader
was responsible for sharing the interface screen
and writing the story on the interface through dis-
cussion with the supporter. On the other hand, the
supporter only communicated through text chat.
The reason for this asymmetric role design is that
it simulates a human—Al co-creation environment
where a human leads and a system supports. The
workers were asked to create at least one story on
the given theme, consisting of 5 to 10 sentences,
within 30 minutes.

3.2. Interface

We built the interface for writing the story using
Google Spreadsheets (Figure 1). The reason for
using Google Spreadsheets is that it allows us
to record the workers’ edits through Google Apps
Script. The theme is automatically and randomly
generated with two characters and a genre along
the template “(Character 1) and (Character 2) in
(Genre).” For example, the interface generates
themes such as “merchants and demon lords in
adventure story” or “a futurist and an old man in
comedy.” We used 52 types of characters and eight
genres. The interface includes an input field where
the leader worker enters the created story. Workers
must create at least one story related to the given
theme. They can create two or three stories simul-
taneously or create a second one after finishing
the first one. However, only one story was created
in over 95% of the collected data. Therefore, this
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study focuses on analyzing the first story and its re-
lated postsurveys. Data collection was performed
using Zoom'.

The edit history is stored as a series of logs,
where each entry records a timestamp alongside
one of three actions: writing text for the story, delet-
ing text from the story, or checking a checkbox to
indicate whether the story is complete.

3.3. Data Collection Procedure

Workers were recruited and matched using the
crowdsourcing website Lancers?. First, workers
answered a presurvey. Through the presurvey, we
collected demographic data, such as age and gen-
der, as well as personality traits. To measure their
personality traits, we used a 10-item questionnaire
based on the Japanese version of the Ten Item Per-
sonality Inventory (TIPI-J) (Oshio et al., 2012) to
assess the workers’ Big Five personality traits. Sec-
ond, the leader shared the interface with the sup-
porter using Zoom’s screen sharing option. Third,
the leader generated a theme on the interface to de-
cide on the theme of the story to be created. If they
found the theme difficult to create a story with, the
leader was allowed to regenerate the theme. The
co-creation dialogue began once the pair agreed on
a theme. Fourth, with a time limit of 30 minutes per
session, they collaboratively created an interesting
story based on the theme while exchanging ideas.
The workers could only discuss through Zoom’s text
chat; voice calls were prohibited. The leader could
chat and write on the interface at any time. Work-
ers were allowed to participate in the experiment
as many times as they wished. However, they were
not allowed to participate with the same partner in
the same role. Fifth, after the co-creation dialogue,
they answered a postsurvey. In the postsurvey,
workers evaluated themselves, their partners, and
the created story using a 7-point Likert scale (1 =
strongly disagree, 7 = strongly agree). For example,
questions included items such as “You generated
many ideas,” “Overall, your partner was a good
partner,” and “The story is interesting overall.” A
list of the postsurvey items is shown in Table 2.

3.4. Data Statistics

A total of 120 workers participated in our data collec-
tion. Initially, 500 dialogues were collected. Then,
incomplete data were excluded. In the result, an-
swers to a presurvey by 120 participants were ob-
tained, as well as dialogue histories for 485 dia-
logues and answers to a postsurvey. Statistical
information on the collected data is shown in Table

1https 1/ /www.zoom.com/
2https ://www.lancers. jp/

Category Value
Number of participants 120
Gender
Male 39.2%
Female 60.8%
Age
19 or younger 7.5%
20-29 35.8%
30-39 26.7%
40-49 20.8%
50-59 7.5%
60-69 1.7%
Number of dialogue histories 485
Avg. utterances per dialogue history 41.6
Avg. words per dialogue history 591.1
Number of completed stories 497
Avg. number of sentences 10.0
in completed stories
Avg. number of words 34.6
per sentence in completed stories
Number of edit histories 480
Avg. number of edit actions 23.1

per edit history

Table 1: Statistics of the participant demographics
and the collected dialogue corpus.

1. The workers were 39.2% male and 60.8% fe-
male, with the largest number of participants in their
20s. A total of 118 workers participated as leaders,
and 120 as supporters. Workers could take part in
the experiment multiple times; on average, each
worker participated 8.08 times (SD = 2.85), with a
minimum of 1 and a maximum of 10 participations.

Based on the responses to the presurvey, we
measured a score of 2—14 for each of the Big Five
personality traits using TIPI-J. Figure 2 shows the
distribution of the participants’ Big Five personality
traits. We found that most participants had high
scores on agreeableness and openness personal-
ity traits.

Figure 3 shows an example of the collected dia-
logues. The total number of utterances was 20,159
and the total number of words was 286,687. Then,
the average number of utterances per dialogue was
41.6 (SD = 16.6), and the average number of words
was 591.1 (SD = 258.2).

Table 2 shows the results of the postsurvey. Note
that the response scores used in the table are from
the leader’s postsurvey. In this study, we assume
that the leader is the user and the supporter is the
system; therefore, for the postsurvey, our analysis
focuses on the leader’s responses. With possible
values from 1 to 7, the means are all above 5 in
Table 2, indicating that the overall evaluations in
the postsurvey were high. Furthermore, “Overall,
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Figure 1: Story co-writing interface built on Google Spreadsheets. The original interface is written in
Japanese. The button for automatic theme generation is placed on another sheet to prevent accidental
touches. The yellow area indicates the story’s theme. The first story is entered sentence by sentence
into the cells of the purple area, the second story into the light blue area, and the third story into the light

yellow area.

your partner was a good partner,” was the highest
of all postsurvey items at 6.04, indicating that lead-
ers generally had a favorable impression of their
partners.

Table 1 shows that there are 497 completed sto-
ries. A completed story is defined as one whose
edit history includes checking a checkbox to indi-
cate the completion of the story, or one that the
authors judged to be complete even if the check-
box was left unchecked. Due to the nature of the
task, which requires creating at least one story per
dialogue, the number of completed stories (497)
exceeds the total number of dialogues (485). Addi-
tionally, Table 1 shows there were 480 edit histories
after incomplete data were excluded. Incomplete
data refers to edit histories containing a high fre-
quency of improperly recorded operations or oper-
ations performed outside the designated interface
boundaries. Furthermore, the average number of
edit actions per edit history was 23.1, the average
number of sentences in a completed story was 10.0,
and the average number of words per sentence was
34.6.

3.5. Annotation

We annotated the collected dialogues with dialogue
acts (DAs). In this study, we designed new DAs
specifically suited for co-creation dialogue.

First, one author randomly selected nine dia-
logues, segmented utterances in each dialogue
into sentences, and assigned provisional DAs to
each sentence. We analyzed the trends of the as-
signed DAs, merged them, and proposed 19 tags.
These tags were inspired by the tags in Hazumi (the
multimodal dialogue corpus) (Komatani and Okada,
2021) and the I1SO standard 24617-2 tags (Bunt
et al., 2012). We then discussed the proposed
tags and tentatively determined tags by further spilit-
ting and merging. Two different workers were then
asked to annotate the same five dialogues using
the tentatively determined tags. The discrepancies
were analyzed, and the tag types and definitions

ltem Mean (SD)
Self-Evaluation

You generated many ideas 5.74 (0.99)
You generated good ideas 5.70 (0.99)
You made pertinent points 5.14 (1.13)
Evaluation of Partner

Your partner generated many ideas 5.78 (1.17)
Your partner generated good ideas 5.983 (1.17)
Your partner made pertinent points 5.89 (1.17)
Your partner was easy to talk to 5.98 (1.31)
Your partner stimulated your idea 5.84 (1.33)
generation

The conversation with your partner 5.68 (1.32)
was lively

Overall, your partner was a good 6.04 (1.28)
partner

Evaluation of Generated Story

The story is easy to understand 6.02 (0.86)
The story is consistent 6.00 (0.88)
The story is full of surprises 5.42 (1.26)
The story is interesting overall 5.70 (1.04)

Table 2: Results of postsurvey (7-point Likert scale).
SD denotes standard deviation.

were integrated and modified. The same two work-
ers were asked again to annotate the five new di-
alogues with the modified tags. As a result, the
Cohen’s kappa value for the annotations by the two
workers reached 0.79, indicating sufficient agree-
ment. Therefore, we decided to use the 17 tags
used at that time as the final version, as shown in
Table 3.

All dialogues were annotated with GPT-4-turbo
3, followed by manual correction by human annota-
tors. Specifically, through this manual correction,
appropriate dialogue acts were assigned to utter-
ances that GPT-4-turbo frequently categorized as
“other.” The GPT-4-turbo prompt comprises three

Shttps://openai.com/
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Figure 2: Distribution of the participants’ Big Five personality traits
Tag Name | Tag Description | Utterance Example
suggest Proposal of ideas or directions. Let us introduce pirates.
It is a statement or question sentence.
accept Acceptance of proposals or agreement It's getting better, isn’t it? — Yes.
with the partner’s opinion.
decline Rejection of proposals or disagreement It's getting better, isn’t it? — No.
with the partner’s opinion.
setQuestion Question without options. Where is a good setting?

choiceQuestion

Question presenting two or more options.

Are idols female? Male?

answer Response to a choiceQuestion. Are idols female? Male? — Male.
confirm Confirmation of ideas or facts. Is this okay?

thanking Expressing gratitude. Thank you.

positiveOpinion Positive opinions or impressions. That’s good!

neutralOpinion Opinions or impressions

that are neither positive nor negative.

Punctuation is missing.

negativeOpinion

Negative opinions or impressions.

It doesn’t add up.

surprise Expressing surprise. Oh!

request Request to the partner. Please read.

affirm Affirmation regarding facts, Does it mean like this? — Yes.
with no intention of agreeing.

deny Denial regarding facts, Does it mean like this? — No.
with no intention of disagreeing.

action Declaration of future actions. | will write it.

other Anything that does not fit into the above tags. | It's been about 15 min.

Table 3: The definition of DAs. The underlined part represents the utterance to which the tag is annotated.

parts: the annotation manual, which includes tag
definitions; a dialogue created by the authors; the
annotation results of the dialogue (see Appendix
A). The Cohen’s kappa value between the GPT-4-
turbo annotations, which were manually corrected,
and human annotations described in the previous
paragraph was 0.78. For comparison, when two
human workers annotated the five dialogues, the
Cohen’s kappa between them was 0.79. Therefore,
this indicates that using GPT-4-turbo for initial an-

notation followed by manual correction achieves an
accuracy level comparable with that obtained when
employing manual annotation by human workers.

Figure 3 shows an example of annotation results.
Tags are indicated within square brackets. Fig-
ure 4 demonstrates the distribution of the DAs of
supporters and leaders. A comparison of lead-
ers and supporters reveals that the proportion of
leaders’ setQuestion (question without options) is
higher than that of supporters’ setQuestion. This
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“God” and “merchant” in human drama or youth story
(M) ¢ AL T3 Tka—< Y K5Y - BFY )

20:57:12

I think the idea of miracles happening one after another
isan interesting development! Gk 4 t FHHERZ 23> TR
FIEEAVEBUET )

20:57:59 Leader:

Thank you. (DA 3 VW& T, )

[thanking]

I'm already stumbling on the first sentence. (&0 —x% 8
NoDFETFEEY,. )

[negativeOpinion]

Is "a merchant who is terrible at business" a good way
to start? (AR FTELHEA> TELTLWLTIAR)

[suggest]

20:58:50 Leader:
write sentencel

20:59:02
That's great! (W TFH 1)

Something like, he honestly tells his customers about
the product's flaws and ends up selling nothing at

all might be good! (&< AVERENBEBEICEERICHITL
Fo T2 ENEVAE VBB LAVLDE TR )

sentencel
In a certain world, there lived a merchant who was terrible
atbusiness. (L H 2 HRICERTFTFABALBS LTV )

sentence2

Although he could have sold his goods well,

he would foolishly and honestly tell his customers
about his products' flaws, and days went by
when he sold nothing at all.
(ZADBERIZEFFAIEVVDOD,
R<AVWERZBEEEILBFICEITLEW.
2<L{FENH VALV TL S, )

sentence3

Meanwhile, a mean-spirited merchant, who was a skilled liar,
seemed to be thriving in his business by cleverly deceiving
his customers. (—A T, BHEEOLLHIEAIL
SEFVEEERLTATGNMNERLTVS LS, )

Figure 3: Example of dialogue during co-creation
and a created story (originally written in Japanese,
translated by authors). Dialogue acts (DAs) anno-
tated are indicated in brackets.

indicates that leaders seek more opinions from sup-
porters. Additionally, the proportion of supporters’
positiveOpinion (positive opinions or impressions)
is higher than that of leaders’ positiveOpinion. This
indicates that the leader leads the dialogue, and

o
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Figure 4: Distribution of DAs for supporters and
leaders. The blue bars indicate the proportion of
each tag relative to the total number of DAs for lead-
ers, and the orange bars indicate the proportion for
supporters.

the supporter responds to the leader’s utterance,
which is what we intended. Furthermore, the pro-
portion of supporters’ suggestions is higher than
that of leaders’ suggestions. This is because the
leader directly inputs ideas into the interface.

4. Analysis

The purpose of this study is data collection for build-
ing a personalized co-creation dialogue system.
Therefore, for the collected data, we first analyzed
the relationship between the leader’s DAs and per-
sonality. The reason for analyzing the relationship
with the leader is that, although this study ana-
lyzes human—human dialogue, the leader’s role
is intended to represent the user when co-creating
with Al. Furthermore, to gain deeper insights into
their behavior during co-creation, we also analyzed
the number of utterances and conducted the clus-
tering of edit histories.

4.1. Relationship between Leader’s
Personality Traits and Dialogue Acts

We analyzed the relationship between the leader’s
personality traits and their dialogue features. In this
analysis, we used openness as the leader’s person-
ality trait. This is because prior research has shown
that “the creativity is particularly related to the per-
sonality domain of openness to experience” (Mc-
Crae, 1987). We defined workers with an openness
score of 8 or less as low-openness and those with
a score of 9 or more as high-openness. Figure 5
shows the average number of occurrences of all
17 types of the leader’s dialogue acts in a single
dialogue. It was found that high-openness leaders
had more suggest acts than low-openness leaders.
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Figure 5: Average number of dialogue acts for low-
openness and high-openness groups.

The suggest act represents the proposal of ideas
or directions, meaning that a higher number of sug-
gest acts implies more idea proposals. For a more
detailed analysis, we performed a Brunner-Munzel
test between the low-openness and high-openness
groups for the count of each dialogue act. To ad-
dress the issue of multiple comparisons, we applied
the Bonferroni correction. As a result, there was a
statistically significant difference (p < 0.01) in the
number of suggest acts between the low-openness
and high-openness groups.

The analysis revealed that individuals with low
openness make fewer suggestions, such as ideas,
during dialogue. From this result, it is considered
necessary to create an environment that facilitates
idea generation when supporting the creativity of
people with low openness. For example, as future
work, deeper insights could be gained by conduct-
ing experiments and analyses focusing on what
kind of dialogue facilitates idea generation for part-
ners with low openness.

4.2. Characteristics of the Number of
Utterances per Worker

We analyze the differences in the number of utter-
ances uttered among workers. Figure 6 shows the
distribution of the number of utterances per worker,
separated by role. The vertical axis represents the
number of utterances a worker uttered in a single
dialogue. If a worker participated in multiple ex-
periments, we calculated the average number of
utterances. This suggests that supporters generally
utter a higher number of utterances than leaders.
Furthermore, for leaders, the number of utterances
varied greatly among workers, with the lowest be-
ing 8.0 and the highest being 43.0. Similarly, for
supporters, the number of utterances also varied
significantly, ranging from 7.4 for the least talkative
worker to 42.0 for the most talkative. In other words,

oo

40 A o

351

304

25

20

Number of uetterances per participant

Leader Suppbrter

Role

Figure 6: Distribution of the number of utterances
per worker. The right figure shows the number of
utterances for leaders, and the left figure shows it
for supporters. If a worker participated in multiple
experiments, the average number of utterances is
calculated.

we found that there are talkative and less talkative
individuals among the workers.

The analysis revealed that there are talkative
and less talkative individuals among the workers,
suggesting the need for personalizing dialogue sys-
tems. For example, strategies could include the
dialogue system not only replying when the leader
inputs text, but also actively initiating conversation
and leading the dialogue.

4.3. Cluster Analysis of the Leader’s
Writing Workflow

To investigate the characteristics of the leader’s
writing behavior in each dialogue, we performed
cluster analysis. For the analysis, we first filtered
the edit actions of each session to extract only those
records that occurred within the 30-minute time
frame. Note that data where the dialogue start time
was unknown, data where the story was written on
the interface before the dialogue started, or data
where a second story was written were excluded
from this analysis.

Next, we divided this 30-minute data into 10-
second intervals and focused on the logs in each
interval. Then, for each 10-second interval, we de-
fined the position where the leader was writing as a
relative progress P; against the entire story, using
the following equation:

Si
B =
Stotal

(1)

where S; is the sentence number being written in
interval 4, and Siq is the total number of sentences
in the completed story. For example, if the 3rd
sentence was written in a specific interval ¢, and the
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completed story in that dialogue has 10 sentences,
P; would be 0.3. It should be noted that if there is
no writing log in an interval i, P, = P;_;. If there is
no writing log in the first interval, P, = 0.

To cluster these time-series data, we used the
TimeSeriesKMeans from the tslearn library (Tave-
nard et al., 2020) in Python. The optimal number
of clusters was determined to be 6 based on the
elbow method, considering a range of 2 to 10 clus-
ters. Figure 7 shows the clusters. The black line
indicates the center of each cluster. The proportion
of time-series data assigned to each cluster was
12.9% for Cluster 0, 46.0% for Cluster 1, 7.7% for
Cluster 2, 23.3% for Cluster 3, 5.2% for Cluster 4,
and 5.0% for Cluster 5.

In Cluster 0, the P value drops significantly dur-
ing the middle to late stages. This suggests that
workers revise the beginning of the story during the
middle to late stages of the dialogue. In Cluster
1, this likely represents a style where the story is
written sequentially from the first sentence right af-
ter the dialogue begins. In Cluster 2, the P value
decreases before the end of the dialogue. This
suggests that workers review and revise the first
half of the story at the end. In Cluster 3, similar to
Cluster 2, this suggests workers are reviewing their
work, as they are writing in the first half of the story
during the final phase of the dialogue. In Cluster
4, the last sentence of the story is written near the
beginning of the dialogue. This suggests a writing
style that starts from the story’s conclusion. In Clus-
ter 5, almost no story writing occurs in the first half.
This suggests a style where workers first discuss
thoroughly before starting to write the story.

The results showed that there is diversity in how
co-creation progresses. Co-creation systems might
be able to promote more efficient creative progress
by personalizing the creative process. However,
determining what kind of progress is most suitable
needs to be clarified in future research. For in-
stance, future studies could conduct comparative
experiments using Al agents designed to prompt
different creative strategies: one that encourages
a sequential approach, as seen in Cluster 1, and
another that prompts users to think backward from
the ending, as seen in Cluster 4. Investigating how
these distinct Al behaviors impact users will provide
crucial insights for realizing personalized human—
Al co-creative dialogue systems.

5. Conclusion

In this study, we collected the human—human Story
Co-Creation Dialogue (StoryCCDial) dataset to re-
alize a personalized co-creation dialogue system.
We annotated the collected dialogues with dialogue
act tags. In our analysis, we focused on individual
characteristics (personality traits and number of ut-
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Figure 7: Cluster analysis of writing behavior. The
horizontal axis represents the interval (a value close
to 0 indicates the beginning of the dialogue, and
a value close to 180 indicates the time near the
end), and the vertical axis represents the writing
position in the story at that interval. The black line
represents the center of each cluster.

terances). The results showed that individuals with
low openness made fewer suggestions during the
dialogue compared to those with high openness.
We also found that the number of utterances var-
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ied greatly among individuals. Furthermore, we
analyzed the edit histories. This analysis revealed
that there is diversity in the co-creation workflow.
In future work, we aim to achieve a personalized
dialogue system by gaining deeper insights, such
as the relationship between the postsurvey results
and individual characteristics.

6. Limitation

This study has several limitations. First, our study’s
participants were limited to Japanese native speak-
ers. This demographic specificity may restrict the
generalizability of our findings.

Second, this study focused on human—human di-
alogues rather than human—Al interactions. Our ap-
proach is positioned within the traditional paradigm
that treats human communication as the gold stan-
dard, aligning with established datasets such as
MultiwOZ (Budzianowski et al., 2018) and Re-
Dial (Li et al., 2018). We acknowledge the per-
spective that human—human communication may
fundamentally differ from human—Al interactions;
however, exploring these differences remains a sub-
ject for future investigation. While our ultimate goal
is to inform the design of human—Al co-creative
systems, we opted for human—human data at this
exploratory stage. Building on the findings of this
paper, our future work will apply these insights to
conduct controlled experiments in human—Al co-
creative settings.

Third, our analysis of the edit and dialogue histo-
ries focused exclusively on user behaviors and ut-
terances during the co-creation process. However,
because this dataset also includes the final gener-
ated stories and subjective evaluations of the co-
creation experience from postsurvey, future work
could investigate the relationship between the inter-
actions during co-creation and task outcome.

7. Ethical Considerations

The workers for the co-creation dialogue were re-
cruited via crowdsourcing and paid an appropriate
wage. Furthermore, the dataset will be processed
to ensure individuals cannot be identified before
being released.
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A. Prompt for annotation

Initial dialogue act annotation was performed using
GPT-4-turbo. The prompt for annotation consisted
of three parts (Figure 8): the annotation manual
(task description, tag list, and notes of annotation);
a dialogue example created by the authors (input
example 1); and the corresponding annotation re-
sults for that dialogue (output example 1). The
dialogue that we wanted to be annotated was ap-
pended to this prompt and then input into the model.
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# Task Description

» This is a task to annotate text dialogue data between two people.

» The content of the dialogue is that two people who are given a theme create a story that
matches the theme while brainstorming ideas.

* Please annotate considering the entire context, not just a single utterance.

# Tag List
[Definition of DAs]

# Notes on Annotation

* Output Format: Utterance<Reason for assigning the tag>[Assigned tag]
* Please assign only one tag per utterance. If there are two or more candidate tags, please
select the one you think is best.

# Input Example 1

A: Should the meeting of the princess and the pirate be on a ship?
A: Or in a castle?
B: Let's have it on a ship.

# Output Example 1

A: Should the meeting of the princess and the pirate be on a ship? <Reason: When the same
speaker presents choices in two separate utterances, apply the “choiceQuestion" tag to
both.>[choiceQuestion]

A: Or in a castle? <Reason: When the same speaker presents choices in two separate utterances,
apply the “choiceQuestion" tag to both.>[choiceQuestion]

B: Let's have it on a ship<Reason: Answering a question with choices.>[answer]

#Input Example 2
[Dialogue history]

#Ourput Example 2

Figure 8: Prompt for DA annotation. The original prompt is written in Japanese.
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