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The allure of artificial intelligence (AI) as a creative force, from Ada Lovelace’s musical

visions to contemporary applications such as refining John Lennon’s vocals to create the last

Beatles song, has long captured our imagination. Today, conversational AI, powered by large

language models (LLMs), is capable of not just serving as tools but as genuine creative

collaborators. However, we lack a clear understanding of how these technologies truly impact our

creative processes and creative outcomes.

This dissertation investigates human-AI co-creativity through a series of interconnected

studies spanning computational music creation and narrative writing. The research progresses

from analyzing the co-creative process between human pairs in a musical context, to designing a

co-creative AI agent based on these analyses, and finally examining the impact of contemporary

conversational AI on narrative writing processes and products

The initial analysis from the human-pair studies, using hidden Markov modeling on

collaborative dialogues and interaction logs, identifies seven distinct co-creative states and reveals

how specific dialogue patterns correlate with partner satisfaction. These findings inform the

design of a co-creative AI (CAI) assistant. The multi-year iterative design of CAI highlights

several challenges in human-AI creative partnerships.

Building on these foundational studies in computational music creation and extending

across creative domains, the research transitions to narrative writing—a more accessible creative
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practice with distinct collaborative dynamics. In a culminating study, participants wrote stories

with and without conversational AI assistance. Findings reveal that AI-assisted narratives exhibit

significantly increased text length, lexical diversity, and lexical sophistication. However, these

AI-assisted narratives also show significantly greater semantic similarity across texts compared to

the individually-written narratives. Furthermore, an analysis of creative agency distribution

reveals a striking polarization between users who maintain high control and those who delegate

extensively to AI, with specific dialogue strategies strongly predicting these agency patterns.

These results demonstrate that human-AI co-creativity is not uniform but encompasses diverse

engagement patterns with distinct implications for creative processes and products.

The research concludes that effective integration of AI into creative practices requires

careful consideration of interaction dynamics, user agency, and potential trade-offs. Key

contributions include: (1) characterization of co-creative dialogue states in collaborative

processes; (2) evidence linking dialogue patterns to both partner satisfaction and creative agency

distribution; (3) design principles for co-creative AI systems; (4) insights into creative agency

distribution in human-AI co-creativity; (5) analysis of AI’s impact on creative artifacts; (6)

development of research platforms for studying human-AI co-creativity; and (7) cross-domain

insights on co-creativity principles. These contributions advance theoretical understanding and

inform implementation of AI systems that support human creativity across multiple domains.
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CHAPTER 1
INTRODUCTION

The expanding role of AI reflects a longstanding fascination with the potential of machines

to perform not just logical computations but also to engage in creative processes—a vision that

traces back to the 19th century computing pioneer, Ada Lovelace, who is credited as the first

person to recognize that the “computing machine” had applications beyond pure number

calculation [52]. She mused that computational machines would eventually be able to compose

music [120]. This once-theoretical concept has now materialized in concrete applications, as

demonstrated by AI’s capability to extract and refine John Lennon’s vocals for the production of a

previously unfinished Beatles track [141], illustrating how far we have come in realizing these

early musings on creative computing machines.

The evolution of technology’s role in creative tasks illustrates this trajectory. In music

creation, we’ve seen progression from simple algorithmic composition tools [30] to AI systems

capable of generating original compositions [121]. In writing, we’ve seen progression from basic

tasks such as identifying typographical errors [134] to more sophisticated capabilities like

automating text correction and sentence completion [13, 201] and even further, enabling text

summarization [23] and predictive text responses for our emails [22, 81]. The rapid adoption of

advanced conversational AI tools powered by large language models (LLMs), like ChatGPT

[179], into our daily routines and tasks underscores the growing impact of AI on society and has

shifted the paradigm from AI as a mere tool to a potential partner capable of creative

collaboration between humans and AI. This shift holds significant implications not only for

professional creative industries but also for educational contexts, where fostering creativity and

collaborative skills are key objectives.

As we continue to integrate these advanced AI tools into our creative processes,

fundamental questions arise about the nature of human-AI co-creativity: What dialogue states

characterize the co-creative process? What is the relationship between the co-creative process and

co-creative outcomes? How do we design AI agents to be co-creative partners? How does AI

assistance influence creative outcomes and the creative process itself? This dissertation addresses
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these questions through a series of interconnected studies spanning computational music creation

and narrative writing, providing insights into human-human and human-AI co-creativity across

different domains.

1.1 Research Motivation

This dissertation investigates co-creative processes and their outcomes through a series of

studies in different creative domains. My research path began with investigating human-human

co-creativity to establish foundational insights into co-creative processes, progressing to the

design and evaluation of a co-creative AI partner, and culminating in an examination of how

conversational AI influences narrative writing. The progression of the research is guided by five

key research questions:1

1. Understanding Co-Creative Processes: Establishing foundational knowledge about

human-human co-creativity in computational music creation (Chapters 3 and 4)

• RQ1: What are the dialogue states that characterize the co-creative process between
learners, and how do learners transition between these dialogue states?

• RQ2: What are the relationships between partner satisfaction and the dialogue
patterns that comprise the co-creative process?

2. Designing and Evaluating Co-Creative AI: Applying these insights to inform the design

of a co-creative AI partner for computational music creation and identifying key challenges

in human-AI creative collaboration (Chapter 5)

• RQ3: What challenges and opportunities emerge when designing and evaluating a
co-creative AI for an expressive CS learning environment?

3. Examining Impact on Creative Outcomes: Extending insights from prior studies into a

new domain, investigating how conversational AI assistance influences both the creative

process and resulting artifacts in narrative writing (Chapter 6)

1 The work described in Chapters 3-5 was supported by the National Science Foundation (NSF) under grants
DRL-1813740 and DRL-1814083. I was supported by NSF & IES on grant 2229612 for the final two years of
my dissertation work. Collaborators on this project include Gloria Ashiya Katuka, Joseph B. Wiggins, Amogh
Mannekote, Erin Truesdell, Jason Smith, Sarah Mathew, Tom McKlin, Brian Magerko, Jason Freeman, and Kristy
Elizabeth Boyer.

16



• RQ4: How does conversational AI assistance impact users’ final narrative artifacts in
terms of text length, linguistic complexity, and cohesion compared to narratives
written individually?

• RQ5: How does conversational AI assistance influence users’ creative
decision-making and narrative development?

This research progression reflects an evolving understanding of co-creativity—from basic

co-creative patterns to considerations of creative agency and the impact of AI assistance on

creative artifacts, with the transition from studying co-creativity in the context of computational

music remixing to narrative writing being motivated by several key considerations: (1) Narrative

writing provides a more accessible domain for studying creative processes, allowing for broader

participant recruitment while still offering rich opportunities to observe creative decision-making;

(2) The field of AI-enhanced human creativity has seen a marked increase in focus on narrative

writing tasks that coincides with recent advancements in LLMs, as highlighted in my literature

review (Chapter 2); (3) Narrative writing, compared to other forms of writing, offers distinct

advantages for studying creative processes due to its inherent openness to imagination and

subjective nature, providing an ideal context (both for general creativity research and for

understanding potential impacts in educational writing activities) for examining human-AI

creative collaboration [178, 78].

The primary goal of this dissertation is to develop an understanding of human-AI

co-creativity across different domains and contexts. By examining both computational music

creation and narrative writing, this research identifies both domain-specific patterns and

cross-domain principles of human-AI creative collaboration. This exploration is timely and

pertinent as increasingly sophisticated AI tools are becoming ubiquitous, permeating various

aspects of creativity and productivity, while there is still limited understanding of these tools’

impact on human creative processes and outcomes.

In examining these creative capabilities of AI, it is essential to establish how creativity itself

is conceptualized in this dissertation. I define creativity as the generation of ideas, artifacts, or

solutions that are both novel (original, unexpected) and valuable (appropriate, useful) within their
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context [171, 153]. In co-creative contexts, this definition extends to incorporate the collaborative

development of creative outputs through interactions between multiple agents—whether human or

artificial—where both partners contribute to the novelty and value of the resulting creation

[84, 196]. This framing of creativity as both an individual and collaborative process underpins the

exploration of human-AI partnerships throughout this work.
1.2 Contributions

This dissertation makes several contributions to the understanding of human-AI

co-creativity:

1. Characterization of Co-Creative Dialogue States: Identification and analysis of seven

distinct dialogue states that characterize the co-creative process between learners in

computational music creation, providing a framework for understanding co-creative

interactions

2. Connection Between Dialogue Patterns and Collaboration Outcomes: Evidence of how

specific dialogue patterns and state transitions correlate with partner satisfaction in

human-human collaboration, and how dialogue strategies (particularly the types of requests)

predict creative agency distribution in human-AI narrative co-creation

3. Design Principles for Co-Creative AI Systems: Guidelines for designing AI systems that

can effectively support both the technical and aesthetic aspects of creative work

4. Understanding of Agency Distribution in Human-AI Collaboration: Insights into how

different users approach creative collaboration with AI, including patterns of agency

maintenance and delegation

5. Analysis of AI’s Impact on Creative Artifacts: Empirical evidence of how AI assistance

affects the linguistic characteristics and semantic diversity of narrative artifacts

These contributions advance our understanding of co-creativity, provide practical insights

for the design and implementation of AI systems that support human creativity across multiple

domains, and reveal the influence of this support of on creative artifacts.

18



1.3 Overview

The remainder of this dissertation is organized as follows: In Chapter 2, I present a

systematic literature review of the current state of AI support for creative tasks, focusing on

identifying the types of creative tasks AI tools currently support. Chapter 3 describes my

published research that investigates the patterns of collaborative dialogue among high school

student dyads engaged in co-creative tasks using a hidden Markov model, revealing seven

co-creative states. Chapter 4 builds on Chapter 3 by examining how these co-creative states

correlate with students’ satisfaction with their partners. Chapter 5 documents the development of

EarSketch CAI and presents design recommendations for co-creative AI systems. In Chapter 6, I

present my dissertation research investigating the impact of conversational AI on narrative

writing. Finally, in Chapter 7, I synthesize findings across studies, discuss their broader

implications, and suggest directions for future research in human-AI co-creativity.
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CHAPTER 2
LITERATURE REVIEW

The overarching question of my dissertation focuses on how AI can support human

creativity. In this context, I’m particularly interested in how conversational AI assistance

influences the creative writing process and the characteristics of the resulting narrative artifacts.

This chapter reviews key research relevant to my dissertation, establishing the background an

motivation for this review in Section 2.1 and detailing the review methodology in Section 2.2.

Next, Section 2.3 discusses four primary creative task types creativity support systems support

humans with: Design, Narrative, Idea Management, and Music/Audio tasks. Then, Section 2.4

discusses the research trends within these task categories, highlighting a notable surge in AI tools

to support Narrative tasks in the recent years—an observation directly contributed to my decision

to examine narrative writing in my dissertation work (Chapter 6). Finally, Section 2.5 provides an

overview of methods for analyzing collaboration and the roles of intelligent systems that support

collaboration, which is important for understanding the dynamics of human-AI co-creativity.

Overall, his chapter provides a foundation for my dissertation work by identifying the types of

creative tasks AI tools support and examining the the relevant research trends and collaboration

principles.

2.1 Background and Motivation

Building on decades of research in human creativity and computational support, this

systematic review aims to understand the capabilities and limitations of AI in aiding human

creativity, serving as a foundation for my dissertation. The primary research question for this

review is: What types of creative tasks do AI tools currently support?

As AI technologies have advanced, computers have evolved from tools that merely support

creative work to active participants in the creative process through co-creativity—a paradigm

where humans and computers jointly contribute to creative artifact and idea production [35]. In

this collaborative framework, both partners share responsibility for the creative output [58, 83],

engaging in exchanges that shape the development of creative artifacts. However, the emergence

of co-creative systems presents significant challenges in designing computational agents that can
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effectively support users in open-ended, creative endeavors while maintaining meaningful

collaboration.

The examination of AI-enabled creativity comes at a critical juncture in technological

evolution, though this investigation faces notable challenges. The rapid pace of AI innovation

often outpaces academic publishing, while advances in the private sector remain largely opaque.

Nevertheless, this review identifies and analyzes four primary categories of AI-supported creative

tasks—Design, Narrative, Idea Management, and Music/Audio—and traces their development

over time. Through this analysis of current AI-enabled creativity and supported tasks, I aim to

establish a foundation for understanding how AI transforms creative expression and to identify

promising directions for future research.

2.2 Methods

This section documents the methodological approach of the systematic literature review,

detailing the sampling strategy, screening process, and analytical framework used to examine

AI-enhanced creativity support tools in HCI research from 2018 to 2023.

2.2.1 Sampling

This systematic literature review builds upon a 2019 review of creativity support tools in

HCI [51], encompassing HCI research papers published between 2018-2023. The review protocol

adheres to the guidelines of Preferred Reporting Items for Systematic Reviews and Meta-Analyses

(PRISMA) [122]. The flow diagram (Figure 2-1) documents each step of the process.

I began the idenfication phase with a database search in the ACM Full-Text Collection,

expanding upon the original search terms from the 2019 review [51] by adding Creative AI and

Creative Agent. The complete search string used was:

(Author Keyword: Creativity) OR (Any Field: Creativity Support Tool” OR Creative

AI” OR “Creative Agent”)

The database search, completed on February 13, 2023, identified 483 unique records, all

from peer-reviewed conference and journal publications. As shown in the PRISMA flow diagram

(Figure 2-1), I performed an initial screening phase, during which I excluded 359 records for not
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Figure 2-1. PRISMA Flow Diagram illustrating the literature screening, eligibility, and inclusion
steps in the review.

meeting the basic inclusion criterion of introducing a new creativity support tool with AI or

machine learning (ML) capabilities. When AI/ML applications were not explicitly stated, I

maintained a conservative approach by retaining papers with plausible AI/ML implementations

for further assessment.

The remaining 124 papers progressed to the eligibility assessment phase. I successfully

retrieved all 124 papers for detailed review, as indicated by the “Reports not retrieved (n=0)” entry

in the PRISMA diagram (Figure 2-1). I evaluated these papers against three specific exclusion

criteria:

• User Studies: I excluded papers lacking user studies involving creative tasks with the tool.
This exclusion criterion included papers without any user studies, studies where users did
not interact with the tool, and evaluations focused solely on the support tool’s output (e.g.,
participants’ only roles in the study are rating how well a tool or model performs a creative
task, rather than performing the creative task themselves.)

• AI/ML Methods: I excluded papers without clear descriptions of implemented AI/ML
methods. This exclusion criterion included cases with ambiguous AI/ML usage or where AI
implementation was proposed but not yet realized.
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• System: I excluded papers based on tool characteristics, including those presenting minor
modifications to existing tools or lacking adequate system descriptions. For systems
documented in multiple papers, I retained the paper with the most comprehensive system
description.

As documented in the PRISMA diagram (Figure 2-1), I excluded 66 papers based on the

exclusion criteria: 28 due to the user studies criterion, 24 due to the AI/ML methods criterion, and

14 due to the system criterion. This systematic screening process yielded a final set of 58 papers

for review.

2.2.2 Analysis

In this systematic literature review, I focus on the user tasks assisted by AI-enhanced

creativity support tools. To identify and categorize these tasks, I anchor my analysis using an

inductive thematic approach.

First, I thoroughly read each selected paper and extracted a concise description of the task

the users completed during the user study. These tasks were often illustrated by the artifacts

created, providing clear markers for my analysis.

After extracting the task descriptions, I recorded the descriptions to a virtual Miro board and

grouped the descriptions based on the type of task performed. I firmly grounded my analysis on

the users’ active work, as opposed to potential tasks the tools could hypothetically facilitate. Some

advantages to grouping the tasks based only on those performed in user studies include: (1)

ensuring that the technology listed in the system descriptions genuinely supports the classified

task types, (2) enhancing the objectivity of the analysis by eliminating any need for speculative

conclusions regarding the authors’ envisioned but untested use cases, and (3) assisting the

maintenance of mutually exclusive task categories, enabling a simpler and more straightforward

analysis.

Initially, fourteen categories emerged from this process. Afterward, I consolidated these

fourteen categories into four main themes: Narrative, Design, Music, and Idea Management,

shown in Table 2-1. I kept the 14 initial categories as subcategories of the four primary

categories, shown in Table 2-2 with the papers.
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Table 2-1. Literature Distribution Across Primary Categories: Distribution of reviewed papers
examining AI-enhanced creativity support tools, organized into four thematic
categories identified through inductive analysis (Design, Narrative, Idea Management,
and Music/Audio)

Category Papers
Design [3, 46, 126, 65, 85, 161, 191, 160, 79, 67, 36, 132, 70, 105, 26, 90, 53, 158,

189, 4, 192, 107, 114, 74, 91]
Narrative [33, 154, 28, 45, 71, 76, 113, 129, 170, 108, 56, 55, 198, 27, 96, 162, 24]
Idea Management [57, 200, 68, 195, 98, 190, 97, 80, 172, 75, 99, 9]
Music/Audio [156, 135, 139, 157]

Table 2-2. Literature Distribution Across Subcategories: Systematic categorization of research
papers examining AI-enhanced creativity support tools, showing the distribution across
fourteen distinct task domains and their consolidation into four primary categories.

Category Subcategory Papers
Design Illustration [3, 85, 191, 160, 132, 105, 53, 158, 192, 107, 91]

3D [65, 26, 90, 189]
Game [46, 67, 4]
Multimedia [126, 114]
Digital [161, 36]
Fashion [79]
Interaction [70]
IoT [74]

Narrative Written [33, 154, 28, 71, 170, 129, 113, 55, 56, 27, 162]
Visual [108, 76, 198, 96, 24]
Spoken [45]

Idea Management Collage [200, 98, 97, 75, 99, 9]
Misc [57, 68, 195, 190, 80, 172]

Music/Audio - [156, 135, 139, 157]

Section 2.3 describes each of the identified categories and their subcategories. The

subcategory descriptions also feature brief descriptions of the included tools to provide context

and a deeper understanding of the task types. Section 2.4 discusses temporal trends I observed in

the Design and Narrative categories from 2018 to 2023 and potential influences on those trends.

2.3 Creative Task Support

This section elaborates on the four main categories identified in the systematic literature

review: Design, Narrative, Idea Management, and Music/Audio. Each of these categories

encompasses different types of user tasks assisted by AI-enhanced creativity support tools, which

are further subdivided into subcategories. The Design category, which includes the largest
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number of tools, involves tangible or observable products or experiences often with visual or

interactive components. The Narrative category covers various forms of storytelling, showcasing

how AI-enhanced creativity support tools can assist narrative creation across written, visual, and

spoken mediums. Idea Management tools aim to enhance the creative ideation process, providing

platforms for the generation, development, and management of ideas across various creative tasks.

Lastly, the Music/Audio category highlights diverse applications of AI in sound and music

creation, providing users with tools to manipulate and evaluate audio elements. Each of these

categories and their respective subcategories are described in detail, presenting a broad

perspective on how AI assists in a wide range of creative tasks.

2.3.1 Design

The Design category includes 25 tools and is the largest of the four categories. Tools in the

Design category emphasize creating tangible or observable products or experiences, often

involving visual or interactive components. These tools are AI-aided applications that assist users

in the conception, development, and execution of visual, spatial, and interactive elements across

various fields. Subcategories of Design, shown in Table 2-2, include illustration, game design,

multimedia content creation, 3D modeling, digital design, fashion, interactions, and the Internet

of Things (IoT).

2.3.1.1 Illustration

The Illustration subcategory is the most common task subcategory within the Design

category encompassing 11 of the 25 Design tools. The Illustration subcategory focuses on AI

tools specifically supporting illustrative tasks, such as drawing and sketching. These tools

leverage AI and machine learning techniques to assist users by providing inspiration [85, 105],

assisting in learning drawing skills [191, 192, 107], increasing the accessibility and usability of

design processes [91], or facilitating sketching of specific elements, such as emotional expressions

[160]. Others utilize AI to provide unique drawing experiences, such as enabling users to paint

with physical objects [53] or applying textures from live video footage to their artworks in

real-time [158]. Additionally, some tools in this category enable a unique form of co-creation, in
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which humans and AI collaborate directly on the same artifact to create drawings together

[3, 132]. Tools from the Illustration subcategory showcase the transformative potential of AI in

redefining the landscape of artistic expression.

Figure 2-2. Depiction of the interactive drawing tutorial generated by the DrawMyPhoto system
[191].

2.3.1.2 3D

The 3D Design subcategory consists of four Design tools that focus on aiding users in

creating, modifying, and visualizing three-dimensional objects and spaces. These tools employ AI

techniques to help users, especially novices, in various tasks, such as providing users with

adaptive AI-generated suggestions for interior colorization [65], creating 3D models using body

movements [26], exploring and combining design alternatives for garden design [90] (shown in

Figure 2-3), and personalizing everyday objects with custom circuit layouts [189]. This variety of

tools underlines the diversity of applications within 3D Design, demonstrating how AI can assist

users in designing and manipulating 3D spaces and objects with increased ease and creativity.

2.3.1.3 Game

The Game Design subcategory consists of three distinct tools: Morai Maker, Questgram,

and Cine-AI, each demonstrating unique applications of AI in augmenting and simplifying

different aspects of game creation, including level design, quest design, and cutscene generation.
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Figure 2-3. Garden Design Interface (top) and Garden Exploration Interface (bottom) of
Mixplorer [90].

Morai Maker, shown in Figure 2-4, is designed for game designers, both professional and

novice, and offers a platform for the design of Super Mario Bros.-style games with an AI partner

[67]. Questgram is a mixed-initiative quest generation system intended for game developers and

designers [4]. Its AI capabilities facilitate the creation of intricate quest structures for

dungeon-style games, effectively streamlining and enhancing the complexity and depth of quest

design. Cine-AI aims to serve independent game developers by procedurally generating camera

behavior for in-game cutscenes [46]. The tool uses AI to automate the traditionally complex and
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time-consuming task of cinematography in game development, enabling developers to focus on

other aspects of their games.

Figure 2-4. Screenshot of the Morai Maker level editor [67].

These tools cater to diverse game design elements and underline the breadth of AI’s

capabilities in game development. They demonstrate how AI can automate the production of

cutscenes, aid in the design of game levels, and streamline quest creation. Collectively, they

exemplify the vast array of tasks that AI can support within this field, thereby enhancing both the

creativity and efficiency of game design.

2.3.1.4 Multimedia

The Multimedia subcategory consists of two tools that focus on creating and curating

multimedia content with the assistance of AI. CreaTable, shown in Figure 2-5, designed for people

with aphasia, is a tangible platform for creating and curating multimedia content providing an

inclusive platform for creativity and content production [126]. PictureBlocks, on the other hand,

is intended for young children who are still developing their literacy skills [114]. It transforms text

inputs into the corresponding sprite objects, allowing children to create digital pictures by typing

words. This provides a creative and engaging way for children to learn and improve their literacy

skills. Collectively, these tools underscore the versatility of AI in aiding the creation and curation

of multimedia content, catering to a range of user groups and contexts. They demonstrate how AI

28



can assist in overcoming various challenges, from making multimedia content creation more

accessible for people with aphasia to enhancing literacy development in children through

interactive, multimedia-based learning experiences.

Figure 2-5. The CreaTable media sequencer system [126].

2.3.1.5 Digital, Fashion, Interaction, and IoT

The remaining Design tools fall into smaller yet unique subcategories: Digital Design,

Fashion, Interaction, and the Internet of Things (IoT). The Digital Design tools use AI to guide

exploration in high-dimensional design spaces aiding users in design tool creation [161], and to

generate diverse layouts for graphical user interfaces (GUIs) [36]. In Fashion, AI assists users in

overcoming ideation obstacles during design [79]. The Interaction category boasts a tool for

designing immersive movement interactions [70], while IoT leverages AI to visualize everyday

objects’ social networks [74]. Despite their fewer numbers, these tools show the growing

intersection of AI with various design domains, offering innovative and creative opportunities.
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2.3.2 Narrative

The Narrative category includes 16 tools encompassing various forms of storytelling. AI

tools within this category aim to support and enhance narrative creation and consumption across

different mediums. The use of artificial intelligence in this category leverages machine learning,

computer vision, and natural language processing (NLP) techniques to support users in their

creative process, providing them with inspiration, structural support, stylistic guidance, character

creation assistance, and critique. The Narrative Task category spans a wide range of AI tools

designed to aid users in their creative endeavors across written, visual, and spoken mediums.

2.3.2.1 Written

The Written subcategory remains the most common form of narrative task, with 11 of the 16

tools assisting in written narrative tasks. These tools employ NLP and machine learning

techniques to aid writers in creating, refining, and exploring narratives in written form, such as

facilitating planning, structuring, and generating and developing ideas [33, 154, 28]. Some tools

provide stylistic and metaphorical assistance, enhancing the creative aspect of the narrative

[170, 55]. Others offer unique insights by enabling writers to evaluate the representation of

characters in their stories through visual analytics [71]. A few tools further enhance the narrative

process through interactive guidance, unveiling novel storytelling perspectives, and cultivating

rich, compelling sentences [129, 113, 56]. Other tools offer a combination of ideation and writing

suggestions [27, 162]. Overall, these tools provide a range of support, from brainstorming to the

execution of ideas, to enrich the user’s written narrative experience.

2.3.2.2 Visual

While less common than its Written counterpart, the Visual subcategory is a burgeoning

area in human-AI co-creative narrative tasks. It comprises four of the 16 tools in this category,

notably accounting for a third of the tools introduced in 2022. These tools enrich visual narratives

by facilitating the ideation, creation, and refinement of visual content. They assist users in finding

relevant visual concepts and generating illustrations based on an article’s tone, keywords, and

aesthetic [108], collaborate with children in visual storytelling [198], and assist webtoon writers
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and artists in their collaborative revision process by generating a variety of reference images,

shown in Figure 2-6 [96]. Adding to this repertoire is an innovative agent that participates in an

improv game with humans in the VR installation Robot Improv Circus, dynamically interpreting

and executing actions to contribute to the visual narrative [76]. Doc2Video [24] improves the

speed at which creators can make tutorial videos from programming cookbooks by creating a

video prototype from a document. The tools in this subcategory thus contribute significantly to

visual narratives, aiding in ideation, creation, and refinement processes.

Figure 2-6. The We-toon system, a tool developed for NAVER WEBTOON, for revisions: artists
sketch and send to writers (Before); writers modify the image to provide feedback
(Revision Request); artists make changes (After). [96]

2.3.2.3 Spoken

Although smaller with just one tool, the Spoken subcategory focuses on the transient nature

of oral storytelling, emphasizing the immersive and interactive experience over creating material

or lasting artifacts. The tool represented in this subcategory, CreativeBot, featured in Figure 2-7,

is an autonomous robot that engages children in collaborative storytelling activities [45]. Despite

the limited size of this subcategory, it represents a unique and exciting frontier in narrative

co-creation. The potential of AI to enhance real-time spoken storytelling points to a future where

AI can contribute to more spontaneous and playful forms of co-creation.

2.3.3 Idea Management

The Idea Management category encompasses various tools to enhance the creative ideation

process. These tools stimulate and manage idea generation and provide a means for organizing

and visualizing these concepts. However, unlike tools in other categories that aid in ideation or
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Figure 2-7. Interaction flow between the child and robot during the storytelling activity [45].

visualization as a means to facilitate specific tasks, tools in this category are designed to support

the general process of idea generation, development, and management across a range of creative

tasks. They do not restrict the user to a specific end product but instead provide a platform to

cultivate, organize, and communicate ideas in diverse contexts.

The Collage subcategory includes six tools that support the process of collecting,

organizing, and visualizing ideas. These tools assist users in creating collages or mood boards,

integrating visual materials to encapsulate a mood, theme, or concept. They utilize AI and

machine learning to offer the capability to repurpose image components [200] and manipulate

multimedia in a 3D environment [75]. Still, most of the tools employ various methods to suggest

relevant content [97, 98, 99, 9]. They emphasize the value of diversity and serendipity in the

creative process, aiding users in making unexpected connections and gaining novel insights.

The remaining tools in this category have unique functionalities to support idea

management. Some of these tools facilitate brainstorming and ideation by leveraging

user-generated content to inform user models and provide adaptive suggestions [57, 195, 172].

Other tools in this category enrich the ideation process by providing insightful feedback on

ideations using explainable AI [190] and tracing the ’thinking path’ for visual metaphor ideation

[80]. One tool delves into unconventional avenues for idea generation by manipulating dream
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Figure 2-8. SemanticCollage: a semantically enriched digital mood board tool for image
collection and interpretation. Blue tools support image and text manipulation; Red
tools provide semantic labels [99].

content to spark creativity [68]. These tools showcase the diverse ways in which AI can assist

users in managing their creative ideas, promoting innovation, and fostering creativity.

2.3.4 Music/Audio

The Music and Audio category highlights the diverse applications of AI in enhancing

various aspects of sound and music creation. These tools assist users in exploring sound

parameter spaces for tailored sound design [156] (Figure 2-9), providing an interactive platform

for musicians to rehearse and perform in a virtual reality environment [135], generating line-level

pop lyrics to aid songwriters in the creative process [139], and offering real-time visual feedback

on audio quality during voice recording [157]. By integrating AI technologies into these tools,

creators can utilize, manipulate, and evaluate audio elements, thus expanding the possibilities and

potential for innovation in audio and music domains.
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Figure 2-9. The CoExploerer interface featuring standard parametric knobs for direct
manipulation and real-time agent action visualization, an interactive history for state
revisiting and feedback tracking keyboard inputs for feedback communication and
agent exploration control, and a reset button to clear agent memory [156]

2.4 Trends in Task Support

This section examines the temporal evolution of AI-enhanced creativity support tools,

focusing particularly on the shifting patterns in Design and Narrative tasks from 2018 to 2023.

First, I present an overview of the general trends observed across all categories. Then, I analyze in

detail the progression of Design tools, followed by an examination of the Narrative category’s

development. Finally, I discuss the implications of these trends and potential future directions for

research in this domain.

This analysis reveals significant trends in research focus and technological advancement,

providing insights into the future direction of AI-supported creativity. As Figure 2-10 shows, the

Design category saw a significant surge in 2020, with the number of papers more than doubling

from the previous year, demonstrating a rapid growth in interest and research output within this

category. However, the following years show a decline in the number of Design papers. This surge

and subsequent decline in Design category papers prompts interesting questions about the

changing landscape of this research area and the factors influencing these shifts. In section 2.4.1, I

will further explore this trend and discuss potential influences such as the increased diversification

of tasks and the COVID-19 pandemic’s impact.
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Figure 2-10. Temporal Trends in Human-AI Co-Creation Research. This figure displays the
number of research papers published in four key categories—Design, Narrative,
Music, and Idea Management—by year from 2018 to early 2023.

Conversely, the Narrative category demonstrates a contrasting pattern. Starting on par with

the Design category in 2018, the interest in Narrative research seems to ebb for a couple of years,

with only one paper published in both 2019 and 2020. However, the following years show a

resurgence, particularly in 2022, which witnesses explosive growth in the number of papers

related to Narrative tasks, a more than four-fold increase from the previous year. This recent surge

of papers in the Narrative category raises interesting questions regarding the factors behind its

growth. In section 2.4.2 I will explore how recent advances in language modeling and increased

access to these models may have influenced these trends.

2.4.1 Design Over Time

As illustrated in Figure 2-11, the Design category has transformed over the last 5 years.

Design-related research peaks in 2020, dominated by Illustration tasks. However, despite a

subsequent decline in the number of Design papers, the category diversifies across subdomains.

The initial focus on understanding human-AI interaction and accomplishing basic tasks,

primarily in the Illustration subcategory, demonstrates the nascent stage of AI assistance in

creative tasks, providing a solid foundation for future advancements. For example, DuetDraw

[132] examines the user experience of AI-embedded interfaces, enabling humans and AI to

collaborate directly on the same artifact to create drawings together. As time progresses, the tools
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Figure 2-11. Distribution of research focus in Design subcategories over time. This figure
illustrates the change in research attention on various design tasks from 2018 to 2023.

shift towards more complex and diverse subcategories such as 3D design, game design, and

multimedia, signifying a maturation in the field, and possibly driven by advances in machine

learning techniques and their application to specialized creative tasks. For example, IntuModels

[26] helps novices create 3D models using their body movements leveraging CV, affinity

propagation, dimensionality reduction, and motion sensing.

The shift from Illustration tasks and the decline in Design tasks overall may also suggest the

natural progression of AI research in Design. Illustration tasks could have served as an intuitive

starting point for understanding human-AI interaction in design tasks.

The COVID-19 pandemic may have influenced research trends in the Design category,

particularly due to the specialized hardware requirements of many design tools that complicated

remote access. Analysis of the 25 Design studies revealed that only six incorporated remote

participation options. Remote-enabled studies maintained a consistent distribution across the

examined time frame: two studies in 2019, one in 2020, one in 2021, and two in 2022. The stable,

but limited, number of remote studies following the onset of the pandemic in 2020 may indicate

systemic barriers to adapting design tools for remote research. This pattern could reflect

underlying challenges in conducting design research remotely, as specialized hardware

requirements and the need for controlled experimental conditions often favor in-person

participation.
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Remote participation options primarily appear in studies examining tools designed for

professional users, where the tools function as extensions of existing software platforms. Cine-AI

exemplifies this pattern: developed as a Unity plug-in for indie game creators, the tool’s

integration with established development environments allowed users to download and operate the

software on their own computers within their standard workflow [46]. This integration with

familiar professional tools may have reduced barriers to remote study participation by minimizing

specialized equipment requirements.

The methodology for mapping human-AI co-creative tools established specific inclusion

criteria requiring direct user engagement with creative tasks, distinguishing tools designed to

augment human creativity from those focused solely on task automation. This methodological

requirement may affect the observed patterns and trends, particularly regarding studies that do not

adapt their protocols for remote participation.

2.4.2 Narrative Over Time

The analysis of Narrative tools, as illustrated in Figure 2-10, reveals a significant shift in

research focus over the examined period. Publication patterns from 2018 through 2021 show

relatively consistent output levels—three, one, one, and two papers respectively—followed by an

increase to ten papers in 2022. Figure 2-12 indicates this increase coincides with the emergence of

Visual and Spoken Narrative subcategories. However, while these new subcategories contribute to

the overall increase, the Written Narrative subcategory also experiences substantial growth in

2022, surpassing publication counts from each preceding year in this review. This broader

expansion across subcategories may relate to two concurrent developments in the field: advances

in AI and machine learning capabilities, and increased accessibility to these advanced tools.

2.4.2.1 Advancement of AI tools

Recent advancements in AI and machine learning, specifically in the field of Natural

Language Processing (NLP), have likely contributed to the observed trend of increased scholarly

interest in Narrative tasks and allowed for more complex interactions. This is clear from both the

technology and task progression.
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Figure 2-12. Distribution of research focus in Narrative subcategories over time. This figure
illustrates the change in research attention on various narrative tasks from 2018 to
2023.

The analyzed tools show an evolution in AI/ML approaches over time. Tools before 2021

primarily use RNN or CNN architectures, word embeddings, and traditional NLP methods like

named entity recognition and dependency parsing. For example, [28] developed a sentence

suggestion system that combined an RNN-based language model with syntactic patterns from

Wikiquote. Similarly, Metaphoria [55] used word embeddings and knowledge graphs to generate

metaphorical connections based on semantic similarity. These early tools generated suggestions

within constrained syntactic patterns.

In 2021, several tools incorporated transformer-based architectures. CharacterChat [154]

implements TransferTransfo [194], a GPT-1 based model, for open-ended character exploration

while using rule-based prompts and knowledge graphs for character definition. This combination

of structured and open-ended interactions represented a new approach to co-creative tools.

Analysis of tools published in 2022 reveals a broader adoption of transformer architectures.

Six of the ten Narrative tools published that year implement transformer models: four in Written

Narrative, one in Visual Narrative, and one in Spoken Narrative. The Written Narrative tools

utilize various transformer architectures: T5 [33], GPT-2 [56, 162], and GPT-Neo [27].

Additionally, two tools use GPT-3 [17]—one in Visual Narrative and one in Spoken

Narrative—demonstrating applications beyond text generation.
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The implementation of GPT-3 varied between tools, as illustrated by comparing Opal and

CreativeBot.

Opal [108], designed for professional news illustrators, employs GPT-3 in tandem with

Sentence-BERT and VQGAN+CLIP to support visual content generation based on an article’s

tone, keywords, and associated artistic styles. The system processes article text through GPT-3 to

generate suggestions for keywords, tone, and artistic style. Users select from these suggestions to

inform image generation parameters. Then, Sentence-BERT performs asymmetric semantic

search to generate related terms, producing three variations of prompts that VQGAN+CLIP then

uses to generate images.

On the other hand, CreativeBot [45] implements GPT-3 for interactive storytelling with

children through an embodied robot interface, Furhat. The system uses a fine-tuned GPT-3 model

to generate story continuations based on children’s input. During turn-based storytelling sessions,

GPT-3 processes the child’s contributions by filtering irrelevant words, identifying thematic

keywords, and generating contextually appropriate story segments. The Furhat interface presents

these contributions while displaying programmed expressive behaviors, including head

movements, eye gaze, and facial expressions.

These two implementations demonstrate distinct approaches to human-AI co-creation. Opal

employs GPT-3 primarily for initial ideation and parameter selection, while CreativeBot utilizes it

for continuous interactive narrative generation. The tools also serve different contexts and user

groups: professional illustrators versus children engaged in storytelling. This diversity in

implementation suggests the adaptability of large language models to various creative tasks and

user needs.

These recent narrative systems differ from earlier narrative systems in their direct

contribution to creative artifacts rather than solely providing suggestions. However, further

research is needed to understand the implications of this shift toward more active AI participation

in the creative process.
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2.4.2.2 Rise of AI platforms

The increased adoption of transformer models correlates with improved accessibility

through platforms like Hugging Face’s transformers library [193]. Hugging Face provides an

open-source ecosystem with over 30,000 pre-trained models and MLOps solutions for AI

deployment. Analysis of the reviewed papers reveals widespread utilization of this platform in

recent Narrative AI research.

Six of the reviewed papers incorporate Hugging Face tools: five papers

[33, 56, 154, 27, 162] retrieve language models directly from the platform, while one [71]

implements NeuralCoref through spaCy’s NLP pipeline. Among these, four papers utilize

Hugging Face models as alternatives to GPT-3. The remaining two papers implement

TransferTransfo [194], based on GPT-1 [154] and T5 [138].

Analysis of publication timelines suggests a relationship between model availability and

research implementation. Papers utilizing GPT-3 appeared in late 2022 [45, 108], following its

unrestricted release in November 2021. Similarly, research implementing GPT-Neo appeared in

April 2022 [27], after its March 2021 release, while papers using GPT-2 were published in early to

mid-2022 [162, 56], following its full release in late 2019. These patterns suggest a relationship

between model availability and research tool development, considering the natural time lag

between technology availability and its appearance in published research, due to the time

necessary for building, testing, and publishing research.

2.4.3 Implications and Future Directions

The insights from this systematic literature review suggest several implications for

researchers and practitioners working with human-AI co-creative tools. As AI-enhanced tools

expand across creative domains, research opportunities emerge to examine their long-term

influence on creativity, learning, well-being, and cultural expression. Additionally, the field would

benefit from comprehensive human-centered design guidelines that integrate insights across

research areas. Understanding the variations in impacts and design requirements across creative

categories remains an important area for investigation.
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The evolution of design tools reveals efforts to support diverse user groups, including

novices, professionals, young children, and people with disabilities, and highlights the potential of

AI applications to foster inclusivity and accessibility in creative practices. However, there is a

notable gap in addressing accessibility needs—among the reviewed tools, only CreaTable [126]

specifically addresses disability accommodations. Given that approximately one in four adults in

the United States live with some form of disability [20], this underrepresentation suggests an

opportunity for HCI research to contribute to more inclusive design approaches.

The relationship between AI model accessibility and tool development, particularly in

Narrative tasks, highlights the potential role of AI democratization in fostering innovation. This

observation raises questions about creative support in resource-constrained settings. Research

investigating how to enhance creative support for users with limited access to high-end hardware

or high-speed internet connections could expand the reach of AI benefits.

This systematic literature review provides insight into the rapidly evolving landscape of

human-AI co-creative tools. The analysis reveals increasingly sophisticated AI capabilities, from

basic task assistance to complex creative functions. These findings inform my upcoming doctoral

dissertation research examining how AI influences creative expression. As AI tools become more

integrated into daily activities, understanding their impact becomes increasingly important for

guiding responsible development and implementation.

While the landscape of AI-enabled creativity presents complexities, this review identifies

key trends in Design, Narrative, Idea Management, and Music/Audio tasks. The observed patterns

in Design and Narrative categories over five years suggest evolving research priorities. The

Design category demonstrated initial growth followed by diversification into specialized

subcategories, while the Narrative category showed recent expansion coinciding with advances in

language models and increased accessibility to AI tools.

These trends raise important questions about the integration of AI into creative practices.

As AI transitions from an assistive tool to a potential creative partner, integrating more deeply into

creative workflows, understanding the nuances of this relationship becomes increasingly
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important. Future research should examine not only technical capabilities, but also broader

implications for creative expression, learning processes, and collaborative practices. This

expanded scope of investigation reflects the growing complexity of human-AI creative

partnerships and their potential impact on various domains of practice.

Additionally, this evolution in creative technologies occurs against a backdrop of rapid

innovation that often outpaces academic publishing and remains partially obscured by private

sector developments. However, these challenges underscore rather than diminish the importance

of systematic investigation into AI’s role in creative processes. Such research can help shift

discourse from concerns about technological displacement toward evidence-based examination of

optimal implementation. This reframing presents opportunities for HCI research to guide the

integration of emerging technologies while maintaining focus on human-centric values and ethical

considerations.

This systematic examination of AI-assisted creativity provides a foundation for investigating

how these technologies influence creative expression and shape human-AI creative partnerships.

As the field continues to evolve, maintaining focus on empirical investigation while considering

ethical implications will be crucial for developing systems that genuinely enhance human creative

capacity.

2.5 Collaboration

While previous sections examined the types of creative tasks AI tools support and their

evolution over time, this section explores the fundamental principles of collaboration that inform

the design of AI creative partners. First, I examine frameworks for analyzing collaboration,

drawing from established research in human-human collaboration. Then, I discuss how these

principles can be applied to developing effective collaborative AI systems. Understanding these

principles is crucial for developing systems that can effectively engage in co-creative processes

with humans.
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2.5.1 Collaboration Analysis

Drawing from established research in human-human collaboration, this section examines

frameworks for understanding collaborative processes that can inform AI system design. For

many years researchers have attempted to characterize collaboration through identifying group

processes and interaction patterns. Work from [10] provides an early example of investigating

how group processes during problem-solving were distributed over time, finding that groups move

through phases of collaboration and that different group processes characterize these phases.

Since then, researchers have analyzed many types of collaborative interactions using a variety of

coding schemes. Research on interaction processes generally uses sequences of low-level codes

(e.g., dialogue acts) to identify patterns and higher-level constructs, such as cycles of turn taking

[144], ideal communication cycles [184], knowledge sharing events [169], inquiry threads [199]

and collaborative episodes [25]. Identifying patterns in group processes allows researchers to

distinguish differences between effective and ineffective groups. [184] found that high-performing

groups had a higher proportion of ideal communication cycles (i.e., beginning with a discussion

about task preparation and ending with an evaluation) than low-performing groups. [168]

identified collaborative learning behaviors that were exhibited by effective collaborative learning

teams. [25] explored how individual and collaborative patterns were associated with individual

outcomes such as frustration, technical proficiency, and time spent in the makerspace.

2.5.2 Intelligent System Support

Building on these insights into human collaboration, researchers have developed various

approaches for intelligent systems to support creative partnerships. Applications of co-creative

agents range from improving collaborative skills, such as encouraging “deep thinking” and

initiative taking [72], to providing emotional support for elementary school students learning to

code [124]. A co-creative agent can support human creativity through supporting the creation of

music through code [180] and supporting collaborative ideation through sketches [106]. For

agents acting as co-creative partners, students can benefit from the knowledge scaffolding

provided by collaboration described by [94] by having a partner that can provide the right
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knowledge at the appropriate time. For example, providing relevant worked or partial worked

examples [202, 117] and encouraging good coding and debugging habits as they move through the

project are ways that can reduce the cognitive load of the technical portion of the task and allow

students to spend more time on creating. To help with the aesthetic elements, co-creative agents

could use details from the artifact and make suggestions or give examples for moving what the

student already has done towards a completed version of the artifact. For example, if students are

just inserting sounds without progressing to a song-like structure, agents could suggest a custom

function to make a chorus with sounds already present in the code editor or even provide one.

This could give students a clear direction for moving forward on completing their artifact.

Collaborative support systems are systems where the primary role is to support

collaboration between humans. Some of these systems perform functions such as encouraging

productive dialogue during collaborative learning [43, 177], while others help students regulate

their collaboration by prompting students to use different reflection strategies [150]. Collaboration

support systems can identify when pairs encounter issues through dialogue features [60], such as

dialogue that decreases when errors increase, and encourage partners to communicate. They can

even help guide the conversation when pairs are not having a productive conversation [43]. These

systems can also encourage pairs to set explicit goals or tasks—like using a custom function—and

help them track which ones they’ve accomplished. Similar to the co-creative agent, these systems

could also suggest more advanced code structures if the pair seems not to be making progress

towards completing the artifact.

2.6 Key Takeaways and Research Trajectory

This chapter provides a systematic overview of the landscape of AI tools designed to

support human creativity, identifying key task domains (Design, Narrative, Idea Management,

Music/Audio) and analyzing research trends within these areas. The review highlights a

significant recent surge in AI tools focused on Narrative tasks (Section 2.4.2), coinciding with

advancements in large language models. This trend underscores the timeliness and relevance of
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investigating AI’s impact specifically within the domain of narrative writing, a key focus of this

dissertation’s later chapters.

Furthermore, the review examines foundational concepts in collaboration analysis (Section

2.5) and the principles guiding intelligent system support for collaboration (Section 2.5.2).

Understanding these dynamics is important as the effectiveness of human-AI co-creativity hinges

not just on the AI’s capabilities but also on the quality of the interaction and the structure of the

partnership.

The insights from this literature review directly motivate and inform the empirical studies

presented in the subsequent chapters. The identified gaps and trends shape the research questions

and methodological choices that drive this dissertation’s investigation into human-AI

co-creativity: Chapters 3 and 4 into the fundamental nature of co-creative dialogue, addressing

the need identified in the literature for a deeper understanding of collaborative processes (Section

2.5). By analyzing human-human collaboration in computational music creation, these chapters

establish a baseline understanding of co-creative states and their relationship to collaborative

outcomes (partner satisfaction), providing empirical grounding for designing and evaluating AI

partners. Next, Chapter 5 applies these foundational insights to the practical challenge of

designing a co-creative AI agent (CAI) for the EarSketch environment. This chapter directly

engages with the principles of intelligent system support discussed in Section 2.5.2, documenting

the iterative design process and evaluating the challenges and opportunities that arise when

implementing AI support in an open-ended, creative learning context. Finally, Chapter 6

transitions the investigation to the domain of narrative writing, directly responding to the research

trends identified in Section 2.4.2. Building on the cross-domain insights from the preceding

chapters, this culminating study examines the impact of contemporary conversational AI on

narrative writing processes and products, focusing on aspects like linguistic features, semantic

homogeneity, and the distribution of creative agency.

By progressing from foundational studies of human collaboration to the design of AI

partners and finally to an investigation of AI’s impact in a widely accessible creative domain, this
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dissertation aims to build an understanding of human-AI co-creativity, contributing to the

theoretical knowledge and practical design principles outlined as necessary future directions in

Section 2.4.3.
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CHAPTER 3
DISCOVERING CO-CREATIVE DIALOGUE STATES DURING COLLABORATIVE

LEARNING

This chapter presents a first step toward understanding how conversational AI can augment

or support human creativity. The data from this study was collected and analyzed as part of an

effort1 to create a co-creative AI partner. For this study, I use the sequences of textual dialogues

and system interactions between high school pairs to learn a hidden Markov Model. From the

model, we can identify the co-creative states that characterize the co-creative process and how the

student pairs moved through them as they collaboratively remix music in EarSketch.2

Understanding the co-creative states and the transitions between them not only provides insight

into the co-creative process between humans, it can also inform the design of co-creative AI tools

can facilitate and actively contribute to such co-creative endeavors.

3.1 Background and Motivation

There is growing interest in using artificial intelligence (AI) to support collaborative

learning. AI companions have the potential to improve learners’ collaborative skills by, for

example, encouraging “deep thinking” and initiative taking [72]. AIs have been developed for

applications ranging from emotional learning companions that support elementary school children

learning to code [124] to discussing Jane Austen books with lifelong learners [133]. AIs to

support collaborative learning are underinvestigated, even though collaborative learning has been

shown to increase learner interest in solving problems during online tutoring [7], decrease learner

boredom [7], and improve critical thinking skills [59]. Researchers have begun to uncover features

of strong collaboration, including gaze synchronization [155], the importance of proximity [25],

and semantic similarity [149]. Substantial work has investigated collaborative processes with a

This chapter is based on a previous publication: Amanda E. Griffith, Gloria Ashiya Katuka, Joseph B. Wiggins,
Kristy Elizabeth Boyer, Jason Freeman, Brian Magerko, Tom McKlin. “Discovering Co-creative Dialogue States
during Collaborative Learning.” Proceedings of the International Conference on Artificial Intelligence in Education
(AIED), 2021, pp. 165-177.

1 This work is supported by the National Science Foundation through the grants DRL-1814083 and DRL-1813740.
Any opinions, findings, and conclusions or recommendations expressed in this material are those of the author(s)
and do not necessarily reflect the views of the National Science Foundation.

2 EarSketch is available online at https://earsketch.gatech.edu
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variety of data sources including eye tracking [39][155], motion sensors [25][137][39], dialogue

analysis [19][149], and speech features [187].

Research on the dialogue of collaboration has focused on detecting when students are

off-task [19], supporting inquiry learning by analyzing the role of questions in collaborative

computational modeling [167], [167] and predicting problem-solving modes to support adaptive

tutoring [142]. Research on collaborative learning within groups has used conversational agents

to facilitate productive conversations [43] and dialogue features to identify trouble during

collaboration [60].

Most research on virtual agents in collaborative learning has involved agents in a tutor or

support role, but some work with agents as partners to human learners has demonstrated benefits

including significantly higher levels of shared understanding, progress monitoring, and feedback

[146]. Research on agents as partners has also investigated support for human-computer

co-creation, a type of collaborative creativity in which responsibility for an artifact is shared

between the human and computer [83]. To move toward systems that support collaborative

co-creation during learning, we need to build an understanding of the dialogue mechanisms that

characterize this process.

To address this need, this work makes a step toward characterizing the dialogue modes

learners tend to enter as they engage in co-creative dialogue. We examined dialogue and system

interactions between pairs of high school students learning to code through remixing musical

samples. Using a hidden Markov model, we distinguished seven states, three characterized by

conversation and four characterized by task actions. The model suggests that learners engaged in

two types of discourse—aesthetic and technical—during this co-creative process. The aesthetic

discourse pertains to musical style, taste, and expression, while the technical discourse pertains to

writing code and task objectives. By modeling co-creative dialogue, we can move toward

intelligent support of human collaboration and toward intelligent co-creative agents that support

learning.
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This work examines the following research question: RQ1: What are the dialogue states

that characterize the co-creative process between learners, and how do learners transition

between these dialogue states?

3.2 System Description

The EarSketch web client contains a Code Editor, Digital Audio Workstation (DAW),

Content Manager, and Curriculum (see Figure 3-1). Users create Python or JavaScript projects

and edit them in the Code Editor, using EarSketch API functions such as fitMedia() and

makeBeat() to arrange sound samples onto audio tracks for a given duration and apply audio

effects. Once they compile the code, the DAW displays the result and the user can play, pause,

loop, and solo or mute individual tracks to hear their project.

Figure 3-1. Primary components of the EarSketch web-based development environment: Content
Manager with sound browser and project management tools (left), Digital Audio
Workstation for audio visualization and control (top-center), Code Editor for Python
and JavaScript implementation (bottom-center), and Curriculum pane containing
instructional materials (right).

Users can search for sounds to use, manage the multiple projects they have created, and

search for EarSketch API functions and documentation in the Content Manager. The Sound
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Browser contains a text search as well as genre, artist, instrument, and key signature filters.

Additionally, a recommendation system uses the contents of an active project to present

complementary sounds to a user based on audio analysis as well as combinations of sounds used

by others [165, 163, 166].

The Curriculum pane on the right side of the interface contains lessons and example code

for various coding and music concepts such as loops, function definitions, musical form,

debugging, and peer review. These lessons have been designed to be integrated with a full

computer science curriculum, as well as the “Hour of Code” module for a single-session

introduction to creative computing. Additionally, the EarSketch site has been the stage for

multiple Your Voice Is Power competitions in partnership with Amazon Future Engineer3

designed to increase student involvement in CS education with themes of social change and equity.

3.3 Methods

This work analyzes a corpus of textual student-student dialogue collected between

November 2019 and March 2020 during computer science classes from eight public high schools

in two districts in the southern United States, consisting of a total of 140 participants. More than

half of the schools had a student population of majority (>50%) Caucasian students; one school

was majority Black; two schools had a substantial (>25%-35%) Latinx population; one school had

a substantial Asian population. All students were in grades 10-12 (15-18 years old). Teachers

placed the students into pairs, and students were placed at a distance in separate rooms or different

areas of the same room to facilitate their communication through the textual chat interface (Figure

3-2). Students collaborated synchronously for an average of 48 minutes to remix musical samples

and create an original song or ringtone. Some participants, 9 pairs, split their work across two

class days. We included only the first day’s dialogue for these pairs because concatenating two

separate dialogues would change the natural beginning, middle, and end of the sequences;

whereas including both dialogues for a pair would unevenly weight their patterns while training

the hidden Markov models.
3 https://www.amazonfutureengineer.com/yourvoiceispower
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3.3.1 Learning Environment for Computational Music Remixing

This study was conducted in the EarSketch learning environment, an online interface for

developing computational music (Figure 3-2). In prior studies, students that used EarSketch had

significant positive results related to content knowledge and attitudes towards computing,

especially in currently underrepresented groups in computing [111]. The EarSketch interface

includes a code editor for Python or JavaScript and a digital audio workstation that allows users to

access the music they have written [50]. The interface also features a content manager with

samples (sound clips) that can be used to create music, as well as a curriculum tab that provides

helpful resources associated with the class. Both students had access to all of the tools allowing

both to contribute to the code simultaneously. In this study, the interface included a chat box to

communicate with their partner. We logged all students’ textual dialogue, all changes made in the

code editor, all items accessed in the curriculum tab, and the results of the students running their

scripts (such as successes or errors).

Figure 3-2. The modified EarSketch environment with chat window (right) used during the study.
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3.3.2 Dialogue Tagging

In cleaning the dataset, we removed two sessions that contained exclusively off-task, joking,

offensive, or gibberish content. The remaining textual dialogue corpus includes 68 sessions (136

students) and 3305 utterances, with a mean of 48 utterances per session ( SD=35, Min=4, and

Max=214). We developed and applied a dialogue act taxonomy that included 16 labels, which

three independent annotators applied with a kappa of 0.76, substantial, agreement [103]. Among

the 16 original labels, 10 occurred with greater than 5% probability in the hidden states within the

HMM reported here, and one more label appeared in an example excerpt in this paper’s discussion

section. These 11 relevant dialogue act labels are shown in Table A-1.

3.3.3 Hidden Markov Model

We implemented a hidden Markov model (HMM) to analyze the learners’ interactions and

model the co-creative sequences [136] after compiling the lists of sequential observation symbols

that represent the collaborative interactions. We chose to use an HMM because we were interested

in the hidden discourse states of co-creative dialogue.

In an HMM, sequences of observation symbols represent observable events such as textual

messages and coding actions. In Figure 3-3 the circles with the dialogue act labels represent the

observation symbols. Hidden states are influences upon those observation sequences. Each

hidden state is characterized by an emission distribution, which is a probability distribution over

observation symbols. When the model is learned, every observation is modeled as having been

“generated” by a hidden state. In Figure 3-3, the hidden states are represented by the unlabeled

squares, and the arrow from the hidden states to the observations indicates the relationship of the

observation having been generated by the hidden state.
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Figure 3-3. Example HMM Diagram.

Each hidden state also has a set of transition probabilities and an initial state probability.

The transition probabilities indicate how likely the model is to either continue in that state or

transition to another state are represented by the arrows from one hidden state to the next in Figure

3-3. The initial state probability that indicates the likelihood of the Markov chain beginning in

that state. The HMM also has a stationary distribution that indicates the proportion of interactions

that occur in each state over the long run. By training an HMM on the data from this study, we can

take a high-level view of the learners’ interactions and uncover generalizable patterns in the

co-creative process.

The labeled dialogue and task actions are the observation symbols in this model. There are

20 distinct possible observation symbols—16 dialogue acts and the following actions:

• curriculum: The student accesses the curriculum or moves between lessons.

• edit: Any consecutive insertion or removal of characters in the code editor.

• success: Each time the script runs successfully.

• error: Each time an error is received when the script is run.

We represented each of the 68 collaborative dialogues as a sequence of these observation

symbols and trained an HMM on these sequences. We did not model time between actions, nor

did we model which of the two students performed each action.

3.4 Results

We used a hidden Markov model to answer RQ: What are the dialogue states that

characterize the co-creative process between learners, and how do learners transition between
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these dialogue states? One of the major decisions when learning an HMM is choosing how many

hidden states to include. Sometimes the number of hidden states is known or strongly implied by

physical or theoretical constraints of an application, but in our case, we had no prior notion of how

many co-creative dialogue states would emerge. To identify the best number of hidden states 𝑛,

we used leave-one-out cross-validation and compared the average Akaike information criterion

(AIC) score for each number of hidden states [1]. We compared models using 𝑛 = 4 to 𝑛 = 9

states, finding the best AIC scores with 𝑛 = 6 and 𝑛 = 7. We then trained ten models each for both

six and seven states and picked the single best model for each 𝑛 using log-likelihood. The best

models for each 𝑛 were nearly identical: one of the dialogue states for the six-state model splits

into two dialogue states in the seven-state model, with the other states remaining the same. We

opted to move forward with the 7-state HMM.

The HMM analysis suggests seven hidden states within the co-creative dialogues (see Figure

B-1). These hidden states are characterized by emission probability distributions over the

observation symbols and must be interpreted as a whole. We interpret the learned hidden states as

follows:

• Social Dialogue: In this state, social dialogue acts are emitted with a high probability
(79%). Due mainly to greetings and other social dialogue at the outset of collaboration,
around 90% of sessions begin in this state.

• Aesthetic Dialogue: This state is characterized by the observation symbols proposal (34%)
and proposal acceptance (17%), which are the dialogue acts involving assertions and
acceptances of creativity. The dialogue that belongs to this state usually involves discussing
some aspect of the music.

• Curriculum Browsing: In this state, the observation symbol curriculum, which involves
accessing the curriculum documents, is emitted with a very high probability (91%). A
student browsing through several curriculum documents rather than accessing specific
relevant documents characterizes this state.

• Code Editing: The observation symbols from this state are almost entirely code editing,
which is emitted with a 99% probability.

• Technical Dialogue The observation symbols that characterized this state involved dialogue
acts of statement (25%), directive (15%), confusion (13%), acknowledgment (9%), and
directive acceptance (6%). The dialogue that belongs to this state usually involves
discussion of code features or task requirements.
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• Compilation Success: Mostly characterized by students running the code successfully, this
state involves some positive feedback (6%) and statement (5%) dialogue acts.

• Compilation Error: Mostly characterized by students receiving an error when running the
code, this state also involves some confusion (8%), statement(5%), and directive(5%)
dialogue acts.

This model revealed three distinct states of conversation in these co-creative interactions:

Social Dialogue, Aesthetic Dialogue, and Technical Dialogue. The Social Dialogue state usually

occurs at the beginning of the interaction, but can occur throughout and usually includes some

rapport building and off-task discussions. Utterances in the Aesthetic Dialogue state usually

involve discussing different aspects of the music such as instruments, tempo, genre, and even what

artist to emulate. Utterances in the Technical Dialogue state are typically about task requirements

and code. This model also reveals four hidden states focused on coding: Curriculum Browsing,

Code Editing, Compilation Success, and Compilation Error. The sessions never begin in the

Curriculum Browsing state, and no other states consistently lead to it. Every state, excluding the

Social Dialogue state, has a significant chance to lead to the Code Editing state, and 21.3% of the

actions occur in the Code Editing state. Code Editing transitions to a Compilation Success or a

Compilation Error state with a probability of 98.5%. The Compilation Success state is likely to

transition to Code Editing (42.7%), Technical Dialogue (9.89%), and Aesthetic Dialogue (6.17%).

The Compilation Error state is likely to transition to is Code Editing (68.8%), and then Technical

Dialogue (3.60%).

3.5 Discussion

3.5.1 Dialogue States

The HMM reveals how co-creative pairs move among collaborative dialogue states

characterized by conversation and task actions. Of the seven hidden states identified by the HMM,

three are composed primarily of dialogue acts. Social Dialogue is the most likely state for pairs to

start in, primarily composed of greetings and off-task dialogue. This is a typical feature of

collaborative dialogue, prefacing discussion with periods of rapport building in which the partners

become more familiar with each other [131]. After leaving this initial Social Dialogue state, the
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conversation is nearly twice as likely to move directly to the Aesthetic Dialogue state (60%) as the

Technical Dialogue state (31%). In the Aesthetic Dialogue state, pairs brainstorm and exchange

dialogue related to the musical aspects of their co-creative task, such as genre and types of sounds.

The Technical Dialogue is where pairs begin planning how to accomplish their aesthetic goals.

In the excerpt in Table 3-1, the pair sets their goal of creating a “dubstep” song and then

debates how they would accomplish that in their code. This transition from Aesthetic Dialogue →

Technical Dialogue accounts for 13.0% of the transitions across the sessions. In contrast, the

transition from Technical Dialogue → Aesthetic Dialogue is less than half that at 6.02%. This

observation suggests that most pairs tend to decide on what they want to make before they move

on to making it.

Table 3-1. Student collaborative dialogue excerpt demonstrating the transition from Aesthetic
Dialogue → Technical Dialogue. Each dialogue state was determined automatically
using the HMM presented in this work.

State Action User Text
Aesthetic Passing Responsibility Student 1 what you want to do
Aesthetic Proposal Student 2 lets do dubstep cause its fire
Aesthetic Proposal Accept Student 1 i feel you
Technical Confusion Student 1 what did she say how many variables
Technical Statement Student 2 3
Technical Directive Student 1 ok lets do this
Technical Confusion Student 2 ngl im kinda lost already so im sorry
Technical Confusion Student 1 i dont know what to do
Technical Confusion Student 2 me either ima ask for help

We use a ridgeline plot (Figure 3-4) to visualize where the hidden states occur in the

sessions. The highest points are where the interactions in each state occur most frequently but are

not relative to the other states’ frequencies. The pattern we observe using all 68 sessions is that the

highest frequency of Social Dialogue occurred at the beginning, followed by the highest frequency

of Aesthetic Dialogue. The highest frequency of Technical Dialogue occurs just before the editing

and debugging process begins, but Technical Dialogue is more consistent throughout the sessions

than Social Dialogue or Aesthetic Dialogue. Overall, dialogue appears to be more frequent at the

beginning of the sessions and decreases as the editing and debugging processes take precedence.
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Figure 3-4. Hidden states as they occur throughout all 68 sessions. The widest part of each curve
corresponds to the most frequent occurrence of that state during the sessions. This
frequency is not relative to other states’ frequencies.

3.5.2 The Debugging Process and the Conversation it Inspires

The remaining four states are primarily composed of actions in the interface:

• Browsing curriculum documents (Curriculum Browsing state)

• Working in the code editor (Code Editing state)

• Encountering compilation errors (Compilation Error state)

• Successfully compiling code (Compilation Success state)

The transitions between the Code Editing, Compilation Success, and Compilation Error

states demonstrate the movement between collaborative states that occur during debugging, and
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they offer insights into how co-creative conversations unfold around debugging. The Code Editing

state primarily transitions to the Compilation states (Error or Success), with only four transitions

to the Social Dialogue state in the entire dataset and zero transitions to the Aesthetic Dialogue or

Technical Dialogue states. After the Compilation Success state, students are most likely to

transition back into the Code Editing (43%) state, but they sometimes transition back into the

Technical Dialogue (10%) or Aesthetic Dialogue (6%) states. The excerpt in Table 3-2, depicts a

pair successfully compiling their code and transitioning to the Technical Dialogue state,

discussing the measure lengths. The pair then transitions to the Aesthetic Dialogue state, making

proposals about what to do with sounds and overall song length. Later in the session, after another

successful code compilation, the pair transitions straight to Aesthetic Dialogue, discussing other

sounds to add to their artifact.

Table 3-2. Student collaborative dialogue excerpt of dialogue sequences following successful
code compilation. Each dialogue state was determined automatically using the HMM
presented in this work.

State Action User Text
Success Compile Student 1 Success
Technical Acknowledgment Student 2 oh
Technical Statement Student 1 ohh its because they are 2 second each
Technical Statement Student 2 each measure isnt exactly 2 seconds
Technical Statement Student 2 its a little longer i think
Technical Statement Student 1 but when another is added to the 30 it becomes

exactly 2 seconds longer
Technical Statement Student 2 measure 15 is at 28.5 seconds
Technical Compile Student 2 Success
Aesthetic Proposal Student 1 we can use a combination of sounds
Aesthetic Proposal Student 2 we should just leave it at 31
Aesthetic Proposal Student 2 i think that will be fine
Aesthetic Proposal Accept Student 1 yeah

... ... ...
Success Compile Student 2 Success
Aesthetic Editing Code Student 1 ...
Aesthetic Proposal Student 2 we should put like a synth or something to that effect
Aesthetic Proposal Student 2 add some like futuristic noises or airhorns or some-

thing

58



The Compilation Success state seems to be an inflection point in the co-creative process, in

which the pairs may start to renegotiate some of the creative aspects of their code. In contrast, the

Compilation Error state only transitions to Code Editing or Technical Dialogue states, suggesting

partners who encounter errors focus on resolving their problems rather than discussing the

aesthetic elements of the artifact.

3.6 Key Takeaways for My Dissertation Research

This chapter overviews my work which investigates the textual dialogue and system

interactions of high school pairs to learn a hidden Markov model so we can identify the

co-creative states and common transitions between the states. Three states are associated with

dialogue—Aesthetic, Technical, and Social—and four are associated with interface

actions—Curriculum, Code Edit, Compilation Success, and Compilation Error. Common patterns

include the beginning of the sessions being very dialogue-heavy, with pairs typically beginning

with greetings and rapport building (Social Dialogue state), followed by discussing what the pairs

would like to make (Aesthetic Dialogue state). After the pairs decide what the pairs want to make,

the pairs transition to discussing the task and technical requirements (Technical Dialogue state)

before finally moving on to implementing their ideas. Section 3.5.2 reveals the dialogue patterns

observed in the debugging process. These dialogue patterns suggest the Compilation Success

state served as an inflection point in the co-creative process, where the pairs renegotiate some of

the aesthetic aspects of their artifact after the pairs begin coding.

These insights provide a foundational understanding of the interplay between dialogue and

action within a co-creative partnership. The states associated with dialogue highlight the

importance of communication in shaping the co-creative process, suggesting potential points

where conversational AI could offer meaningful support. However, the mere identification of

common patterns does not implicitly confirm their efficacy or relationship with successful

outcomes. It still remains to be seen, based solely on this study, how these patterns correlate with

measures of creativity, learning, or satisfaction with the co-created product. Therefore, in my

59



followup analysis (Chapter 4) I examine the relationship between the co-creative states and the

outcome of partner satisfaction.
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CHAPTER 4
INVESTIGATING THE RELATIONSHIP BETWEEN DIALOGUE STATES AND PARTNER

SATISFACTION DURING CO-CREATIVE LEARNING TASKS

This chapter presents a study that builds on the work from Chapter 3, where I transition

from identifying the co-creative states and common state transition patterns to examining their

association with the students’ satisfaction with their collaborative partners. The insights gained

shed light on the relationships of certain dialogue dynamics—especially those involving the

navigation of technical and creative challenges—with the partners’ satisfaction with their

collaborative efforts.

4.1 Background and Motivation

Collaborative learning, in which two learners work together on a shared problem or goal,

offers many benefits: it has been shown to increase learner interest in solving problems during

online tutoring [7], decrease attrition rate in MOOCs [47], and improve critical thinking skills

[59]. The interactions that occur during collaborative learning can be observed in many ways,

such as gaze synchronization [155, 39]; body proximity and posture [137, 39]; and dialogue

[149, 19, 167], which plays a fundamental role. Dialogue mediates joint problem solving and

knowledge building by allowing collaborators to draw attention to problems and propose solutions

[173]. Research into collaborative dialogue has focused on detecting when students are off-task

[19], analyzing the role of questions in collaborative computational modeling [167], predicting

problem-solving modes [142], and identifying issues during collaboration using dialogue features

[60].

While many forms of collaborative dialogue have been well studied, co-creative

dialogues—collaborative dialogues that occur during co-creative activities—are understudied.

Within co-creative activities, people, or people and machines, work together and share

responsibility for creating an artifact [58, 83]. How key dialogue phenomena manifest within

This chapter is based on a previous publication: Amanda E. Griffith, Gloria Ashiya Katuka, Joseph B. Wiggins,
Kristy Elizabeth Boyer, Jason Freeman, Brian Magerko, Tom McKlin. “Investigating the Relationship Between
Dialogue States and Partner Satisfaction During Co-Creative Learning Tasks.” International Journal of Artificial
Intelligence in Education, 2022.
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co-creative dialogues for learning is an open research question, and understanding these processes

is an essential step toward to supporting collaborative co-creation in education.

To address this need, this chapter investigates co-creative dialogues in the domain of

computational music remixing. Specifically, we examine dialogue and system interactions

between pairs of high school students learning to code through remixing musical samples.

Studying the collaborative dialogues of pairs as the pairs engage in computational music remixing

provides insight into the unique exchanges that occur as the pairs negotiate aesthetic decisions

while navigating technical constraints. This work examines the following research question in the

context of computational music remixing with high school learners: What are the relationships

between the outcome of partner satisfaction and the dialogue that comprise the co-creative

process?

To investigate this question, we first labeled the dialogue with dialogue acts (Table A-1) and

then modeled dialogue states with a hidden Markov model (HMM) over those sequences of

dialogue acts interleaved with events in the computational music remixing interface, as described

in Chapter 3. After learning the seven-state HMM, we used the relative frequency of each pair’s

states and their transitions to conduct a regression analysis to predict the partner satisfaction

ratings from the post-survey.

The results from this analysis reveal that the relative frequency of actions in certain states

and some transitions between states were predictive of partner satisfaction. We found that partner

satisfaction is negatively associated with the relative frequency of the Compilation Error state and

with the relative frequency of transitions from Curriculum Browsing → Code Editing. Partner

satisfaction is also negatively associated with the relative frequency of transitions from Aesthetic

Dialogue → Technical Dialogue and Aesthetic Dialogue → Code Editing.

This work is the first to model the dialogue mechanisms of high school learners’ co-creative

interactions and provide insights into the relationship between these interactions and partner

satisfaction. By modeling co-creative interactions and their relationship with partner satisfaction,

we can move toward intelligent support of co-creative learning. In the following sections, we
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present related work, describe our methodological approach, discuss the relationship of the hidden

states and their transitions with partner satisfaction, and discuss implications for designing

intelligent support systems.

4.2 Related Work

Collaborative learning is a complex process involving both cognitive and social dimensions.

Collaborative learning is broadly defined as “a situation in which two or more people learn or

attempt to learn something together” [40]. While there are a variety of more explicit definitions

for collaborative learning, most tend to include some form of creation of shared knowledge by

groups while working together towards a common goal [34, 145]. The notion of working together

towards a common goal is also part of collaborative problem solving. Research provides nuanced

descriptions of the features that distinguish collaborative problem solving from other forms of

collaboration which include solving a novel problem, objective accountability of solution quality

during problem solving, differentiation of roles, and interdependency among team members [62].

While focus on collaborative learning has been increasing, not enough is understood about it

in K-12 contexts. Specifically, while practices such as collaborative computing are identified as

core practices in the US’s K-12 CS Framework [100], most research into collaborative

programming happens in undergraduate computer science courses. Research shows that

undergraduate learners who participate in collaborative programming produce higher quality code,

greater confidence in their work, and are more likely to pass their programming courses [16, 116].

Research into K-12 collaborative programming practices includes comparing the benefits of pair

programming for middle school students to working individually [38], exploring the different ways

pairs’ dialogue, suggestions, and roles affect collaboration [182, 183], asking how attitude toward

collaboration and prior knowledge of programming influences interactions [18], and investigating

how pair programming improves confidence and performance in primary school girls [203].

Another practice identified in the US’s K-12 CS Framework is creating computational

artifacts, which is a process that “embraces both creative expression and the exploration of ideas

to create prototypes and solve computational problems. Students create artifacts that are
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personally relevant or beneficial to their community and beyond.” [100] Studies consistently find

benefits to incorporating more creative activities into computer science classes, such as increased

motivation, engagement, and content knowledge.

Research identifies two types of students interested in computer science and programming

[95]. The first type views computer science as “fun, creative, and autonomous”, and the second

type is more interested in acquiring knowledge and solving problems. The first group finds their

computer science classes disappointing, suggesting that more opportunities for creativity in

computer science courses may be necessary to prevent loss of interest. A study on the effects of

computational music remixing on attitudes and knowledge of computer science on high school

students finds students value these creative and personally relevant aspects, and results suggest

that these aspects may be even more engaging for female and minority students [49]. These

findings are supported by additional research which observes that while all groups of students

show significant increases in intent to persist in computing and content knowledge, the increase in

female student interest in computing is significantly higher than the increase in male interest [111].

Despite the benefits of collaboration and creativity in computer science education, there is

little research into the processes of co-creativity in computer science classrooms. A study

exploring co-creative processes and how they impact concept formation finds that, compared to

non-interactive and interactive non-co-creative processes, the co-creative process enhances

concept formation depth but also requires more time and a greater cognitive load [115]. This

finding indicates that we cannot assume the same processes are involved between collaborative

programming and co-creative programming. In fact, research on phases of collaboration among

different activities notes how the phase order in “certain types of creative problems” is the reverse

of what was predicted, and that these tasks may require a “different sort of phase hypothesis” [10].

When designing systems to support co-creative learning, it is essential to understand the

co-creative processes that occur and how they might impact learner outcomes.

There is a growing interest in investigating partner satisfaction rather than focusing

exclusively on individual outcomes in co-creative domains. Historically, partner satisfaction has
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been seen as important in reflecting the extent to which collaborators are engaged or adding value

to the collaboration [188]. Recent work supports this finding: students’ attitudes about each other

are found to influence the extent to which they contribute during pair programming [18].

Similarly, dialogue acts reflecting higher participation are associated with higher partner

satisfaction during pair programming activities [87]. Furthermore, there seems to be a

relationship between partner satisfaction and how student partners talk with one another [88].

However, little is known about the relationship between partner satisfaction and higher-level

processes in co-creative group interactions.

Hidden Markov models (HMM) are well-suited to learning higher-level constructs from

observable interactions during collaboration in computer science. Research comparing five

computational approaches—finite state machines, rule learners, decision trees, plan recognition,

and hidden Markov models—for modeling knowledge sharing during collaborative learning finds

that the HMM performs significantly better than the other approaches [169]. In the domain of

computer science learning, an HMM learned from a corpus of human-human introductory

computer science tutoring dialogues [14] demonstrates that an HMM can be used to identify

tutorial dialogue strategies from the structure of the dialogue act sequences. Further research

using both dialogue acts and task actions from human-human tutoring demonstrates that HMMs

can identify meaningful high-level structures (i.e., hidden states) that are correlated with learning

outcomes when the low level codes (i.e., observation symbols) that make up these states are not

[15]. In addition to computer science tutoring, this method has also been applied to collaborative

programming processes. A study using HMMs to compare the problem-solving approaches of

individual students and pairs of students during programming activities highlights the similarities

and differences of the types of states each moves through and where the pairs employ different

problem-solving patterns and strategies than the individuals [142]. For instance, only pairs have

the program planning and program building states. Researchers note that the program planning

state might be most representative of the collaborative aspect of the task. Additionally, they note

that pairs are more likely to persist in the same problem-solving state for longer than individuals.
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In summary, the prior research has established that in CS education, collaboration is

beneficial, creative coding can help motivate and engage students, and HMMs can be used to

identify the higher-level processes of group interactions. The work presented in this chapter builds

on previous research to identify the group processes of collaboration and creativity in learning.

While earlier research has focused on exploring these processes separately or in other learning

domains, we focus on learning the processes of co-creative learning in K-12 computer science

education using an HMM. Additionally, while most research into collaborative learning focuses

on learning outcomes or performance on an activity or artifact, we explore the relationship

between co-creative processes and partner satisfaction.

4.3 Methods

This work analyzes a corpus collected from a study conducted in high school computer

science classes. The corpus consists of textual student-student dialogue gathered while students

worked together in pairs within the EarSketch.1 learning environment, an online interface for

developing computational music (Figure 3-2) In prior studies, students who used EarSketch,

especially those from groups currently underrepresented in computing, have had significantly

positive results related to content knowledge and attitudes towards computing [111]. The

EarSketch interface includes a code editor and a digital audio workstation that allows users to

access the music they have written [50]. The EarSketch interface also features a content manager

with samples, which students can use to create music. Additionally, a curriculum tab provides

helpful resources associated with the class.

During the study, both students in each pair had access to all tools, allowing both to

contribute to the code simultaneously. Additionally, the interface included a chat box for partners

to communicate with one another. We logged all pairs’ textual dialogue, the activity in the code

editor, the items viewed in the curriculum tab, and the outcome of the students running their

scripts (e.g., successful compile or error received).

1 EarSketch is available online at https://earsketch.gatech.edu
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This study analyzes dialogue data collected from 140 participants across eight public high

schools in two districts in the southern United States. More than half of the schools have a student

population of majority (>50%) White students; one school is majority Black; two schools have a

substantial (>25%-35%) Latinx population; and one school has a substantial Asian population.

Students were in grades 10-12, ranging from 15-18 years old.

To encourage the students to communicate through the textual chat interface (Figure 3-2),

teachers placed the pairs either in separate rooms or different areas of the same room. Students

collaborated synchronously for an average of 48 minutes to remix musical samples and create an

original song or ringtone. Nine pairs split their work across two class days. We only included the

first day’s dialogue because including the dialogue from both days would unevenly weight the

patterns of those nine pairs while training the hidden Markov models while concatenating the

dialogues from the two separate days would change the natural beginning, middle, and end of the

sequences.

After their collaboration, students were given a post-survey about their satisfaction with

their partner, which we will discuss further in Section 3.3. Some students were also given a

pre-survey asking students to describe their experience, confidence, and enjoyment in both

computing and music. However, because the pre-surveys were not administered during the first

sets of classroom studies, we only have pre-survey data for 44 of the 136 students. Therefore, we

did not include the pre-survey data in our analyses.

4.3.1 Partner Satisfaction Survey

Each participant filled out a post-survey where they rated their partner on seven items using

a 4 point scale of Strongly Disagree (1) to Strongly Agree (4) with no neutral answer. Figure 4-1

shows the summary of these results. We conducted a Principal Component Analysis (PCA) on the

survey item responses that we collected. The PCA results suggest that these seven items should be

considered one PCA cluster, so we combined these seven items to obtain a single partner

satisfaction for each student. We then summed the two partner satisfaction scores of the students

in each pair to form a combined satisfaction score. The combined satisfaction score provided a
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group metric that indicates overall partner satisfaction. The range for possible combined

satisfaction scores is from 14 to 56, with actual scores that ranged from 19 to 56 (M = 46.4, SD =

6.17).

The post-survey also asked students to assess their partner’s coding knowledge in response

to the prompt My partner’s coding knowledge was: with a scale of Much less than mine,

Somewhat less than mine, About the same as mine, Somewhat better than mine, and Much better

than mine. The post-survey also included two open response questions. The first was a follow-up

to the My partner made valuable contributions item, —If so, what was the most valuable

contribution your partner made? The second open response question was a follow-up to the I

would like to work with this partner again item, —How come?

I would like to work with this partner again

I enjoyed my interaction with this partner

My partner valued my contributions

My partner made valuable contributions

My partner helped me learn something new today

My partner helped me make a better song

My partner helped me write better code

40 20 0 20 40 60 80 100

Strongly AgreeAgreeNullDisagreeStrongly Disagree

Figure 4-1. Post-Survey Responses on Perceived Partner Contribution

4.3.2 Using Hidden States and Transitions to Predict Combined Satisfaction

After learning an HMM (described in Chapter 3), our next step was to identify how the

hidden states of the HMM (their relative frequencies out of the collaborative sessions, and the

transitions between the hidden states during those collaborative sessions) were associated with the

outcome of combined satisfaction.

To answer the question What are the relationships between the outcome of partner

satisfaction and the dialogue that comprised the co-creative process? we built a predictive model
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using these state and transition features as predictors. To identify which of the hidden states and

their transitions predicted combined satisfaction, first we calculated the relative frequencies for

each state and for the transitions among states.

To illustrate how we computed relative frequency, we use the example in Figure 4-2, which

depicts an HMM that includes six observations, Social, Social, Passing Responsibility, Proposal,

Proposal Accept, and Statement, and their hidden states, Social Dialogue, Social Dialogue,

Aesthetic Dialogue, Aesthetic Dialogue, Aesthetic Dialogue, and Technical Dialogue. If these six

collaborative moves represent a pair’s entire session, the session has six observations, six (not

necessarily distinct) hidden states, and five transitions. To compute the relative frequency for the

Social Dialogue state, we count the number of times it occurs and divide by the total number of

observations. In our simple example the model fits the Social Dialogue onto two of the six

observation symbols, so the relative frequency of that state is 2
6 or 1

3 . We compute this relative

frequency for all states, so for our simple example 1
2 of the interactions occur in the Aesthetic

Dialogue state, and 1
6 of the interactions occur in the Technical Dialogue state. Every other state

in this example has a 0% for the relative frequency of interactions that occur in that state. This

relative frequency is not equivalent to the elapsed time that is spent in each state as the HMM only

considers the sequence order of the discrete observations and not the time duration.

Figure 4-2. HMM transition example.

We used the relative frequencies of the transitions to investigate how the flow of the

interaction was associated with combined satisfaction. To calculate the relative frequency of each

transition, we divided the number of transitions from each state to the next state (e.g., the
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transition from Social Dialogue → Social Dialogue or the transition from Aesthetic Dialogue →

Technical Dialogue) by the total number of transitions in that collaborative session.

In our simple example, the transition from Social Dialogue → Aesthetic Dialogue occurs

once out of the five transitions, so the relative frequency is 1
5 . Continuing this simple example, 1

5

of the pair’s transitions were from Social Dialogue → Social Dialogue, 2
5 were from Aesthetic

Dialogue → Aesthetic Dialogue, and 1
5 were from Aesthetic Dialogue → Technical Dialogue.

Any other possible transitions would have a 0% transition relative frequency.

The model assumes that the predictors are not highly correlated, but we discovered that

there was a strong correlation between the relative frequency of interactions in a specific hidden

state and the relative frequency of self-transitions of that hidden state. Therefore, prior to model

building we removed self transitions for each state. For example, the relative frequency of

interactions in the Social Dialogue state and the relative frequency of self-transitions from the

Social Dialogue → Social Dialogue state had strong positive linear relationship (r(68) = .97, p <

.0001), thus we removed the self-transition from Social Dialogue → Social Dialogue from the list

of predictors. There were no self-transitions from the Code Editing state, so we chose to use the

relative frequency of the hidden states instead of the hidden state self-transitions.

After computing the relative frequencies of states and state transitions for each pair’s

session, we treated those values as features within a regression model. We had 20 independent

variables (predictors), which included the relative frequencies of the 7 hidden states and the

relative frequencies of 13 transitions between the hidden states for each pair. The dependent

variable was the combined satisfaction score for the pair. We used JMP [152], SAS’s statistical

analysis software suite, to conduct the regression analysis using best subset selection method to

explore which of the relative frequencies of the hidden states and their transitions predicted the

combined satisfaction.

The best subset selection method identifies the best subset of significant predictors. It

considers all possible models from the null model, which includes only the intercept and no

predictive features, to 𝑘 predictors—𝑘 being the number of independent variables—and chooses
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the best model for each size and then the best overall model from those models [151]. We interpret

the best model, which we selected based on the Bayesian Information Criterion (BIC) [127].

The significant predictors of combined satisfaction, along with their estimated parameters,

are shown in Table 4-1. For ease of interpretation, the predictors have been centered and scaled to

provide standardized estimates so that we may compare the coefficients when we interpret the

models.

The results show that the transitions from Curriculum → Code Editing, Aesthetic Dialogue

→ Technical Dialogue, and Aesthetic Dialogue → Code Editing have a negative relationship with

combined satisfaction. This means that the larger the relative frequency of these transitions that

pairs have, the lower the combined satisfaction. Additionally, the greater the relative frequency of

the interactions that occur in the Compilation Error state, the lower the combined satisfaction.

Table 4-1. Statistical Analysis of Dialogue States and Transitions: Generalized regression results
examining how dialogue states and state transitions relate to combined satisfaction
scores (𝑛 = 68).

Variable Coefficient Std Error 𝑝-value
Curriculum to Code Editing transition -14.2 4.74 0.0026
Aesthetic Dialogue to Technical Dialogue transition -20.5 8.81 0.0198
Aesthetic Dialogue to Code Editing transition -15.2 6.88 0.0264
Relative frequency of interactions in Compilation Error -21.4 8.93 0.0164

4.4 HMM’s Relationship with Combined Satisfaction

4.4.1 Compilation Error State’s Negative Relationship with Combined Satisfaction

The Compilation Error state has a negative relationship with combined satisfaction. The

higher the relative frequency of interactions in the error state, the lower the combined satisfaction

for the pair. Pairs that have more of their interactions in the Compilation Error state likely also

have more issues completing their task, thus spending more time debugging. Prior research has

established that, when compared to other programming tasks, students find the debugging process

to be more tiring and less enjoyable when working in pairs [21].

We compared the top and bottom one-third of pairs based on their combined satisfaction to

identify their distinguishing features. There were 21 pairs, around 31%, with combined
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satisfaction greater-than-or-equal-to 50, and 20 pairs, around 29%, with combined satisfaction

less-than-or-equal-to 44.

We use a ridgeline plot (Figure 4-3) to compare the pairs with the highest and lowest

combined satisfaction. The pairs with the highest combined satisfaction have a single peak of

Compilation Error state frequency around 60% through the session with most errors resolving by

the end of their sessions. In contrast, the pairs with the lowest combined satisfaction have two

peaks of Compilation Error state frequency and more unresolved errors at the end of their

sessions.

Lowest Combined Satisfaction
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Figure 4-3. Hidden states as they occur throughout sessions for the 21 pairs with the highest
combined satisfaction and 20 pairs with the lowest combined satisfaction. The widest
part of each curve corresponds to the most frequent occurrence of that state during the
sessions. This frequency is not relative to other states’ frequencies.
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An example of a lower rated pair that ends their session with compile errors and expressions

of confusion can be seen in the excerpt in Table 4-2.

Table 4-2. Student collaborative dialogue excerpt of students ending with unresolved compilation
errors and expressions of confusion. Each state was determined automatically using
the HMM presented in this work.

State Action Student Text
Error Compile Student 1 Unknown Identifier
Error Passing Responsibility Student 1 do you want to change anything to the song ?
Error Passing Responsibility Student 2 i’m not sure i have to listen to it so i can check
Error Compile Student 2 Unknown Identifier
Edit Editing Code Student 2 ....
Error Compile Student 2 Unknown Identifier
Error Compile Student 2 Unknown Identifier
Edit Editing Code Student 2 ....
Error Compile Student 1 Unknown Identifier
Error Compile Student 2 Unknown Identifier
Error Compile Student 1 Unknown Identifier
Technical Confusion Student 1 i am confused on what is going on
Technical Confusion Student 2 idk im so confused

Alternatively, in the excerpt in Table 4-3 we can see a pair with higher combined satisfaction

ending the session with working code and positive feedback on their song.

Table 4-3. Student collaborative dialogue excerpt of students ending their session with no errors
and demonstrating successful compilation and positive feedback. Each state was
determined automatically using the HMM presented in this work.

State Action Student Text
Success Compile Student 2 Success
Success Statement Student 1 i chose a random one i saw in the category
Edit Code Editing Student 2 ....
Success Compile Student 2 Success
Success Compile Student 1 Success
Success Closing Student 1 there we are done
Success Positive Feedback Student 2 the last guitar sounds pretty good

One of the main differences between the interactions of the pairs with the highest and lowest

combined satisfaction is that the pairs with higher combined satisfaction tend to focus on solving

errors together before moving on to other tasks and explicitly state when they are moving onto the

next task once a task is completed. For example, the excerpt in Table 4-4, we can see students
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trying to figure out why their song is not sounding the way they expected. Student 1 suggests a

solution, saying “we need to change the track,” and Student 2 replies that ”... so even if it was on

the same track it should work.” They both edit the code, and Student 2 comments on a change

made by Student 1, saying “if we add it there we would need to add a parameter.” They continue

to work on their artifact collaboratively, resolving one part of the issue and directing their

attention to the next part with Student 2 saying “Alright lets see where the problem is from here”

and Student 1 agreeing. The collaborative approach to solving errors from the previous excerpt

can be contrasted with the earlier excerpt in Table 4-2, where Student 2 tries to compile and listen

to the song, but receives an error. Neither student mentions anything about the error until Student

1 indirectly references it at the end of the session by saying “i am confused on what is going on”

and Student 2 agrees by saying “idk im so confused.” The lack of communication about code

errors may be because when facing errors in their code, some students see the errors as a negative

reflection of their abilities [92, 61]. The negative self-assessments related to errors in code could

suggest that pairs that engaged in more discussion around errors were more confident in their

abilities.

Additionally, expressions of uncertainty or confusion are an important aspect of

collaborative dialogue and can provide learning opportunities when resolved [11]. However,

unresolved uncertainty can lead to negative affective states such as boredom and frustration [44].

We find that higher rated pairs usually try to clear up any confusion about the task or artifact, even

if the error has been resolved. For example, in the excerpt in Table 4-5, Student 1 makes some

changes to the code and resolving an error, but Student 2 references the removed code saying “i

was trying to make that an effect.” Student 2 then makes some changes to the code and is able to

successfully compile it. Student 1 apologizes and indicates their confusion saying “my b i just

didn’t know what was wrong.” Despite the problem being resolved and the code continuing to

compile successfully after changes from Student 1, Student 2 elaborates on their earlier

explanation by replying “your all good, im trying to make the CIARA beat slower by setting an

effect to change the tempo.”
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Table 4-4. Student collaborative dialogue excerpt demonstrating focused problem-solving and
explicit task progression. Each state was determined automatically using the HMM
presented in this work.

State Action Student Text
Technical Statement Student 1 we need to change the track
Technical Editing Code Student 1 ....
Technical Statement Student 2 But it goes from measures 1-8 and then 12-16 so

even if it was on the same track it should work
Edit Editing Code Student 2 ....
Success Compile Student 2 Success
Edit Editing Code Both ....
Error Compile Student 1 Type Error
Edit Editing Code Student 1 ....
Error Statement Student 2 if we add it there we would need to add a parameter
Edit Editing Code Student 2 ....
Error Compile Student 1 Type Error
Edit Editing Code Both ....
Success Compile Student 2 Success
Edit Editing Code Both ....
Error Compile Student 1 Type Error
Edit Editing Code Both ....
Success Compile Student 2 Success
Technical Directive Student 2 Alright lets see where the problem is from here
Technical Directive Accept Student 1 ok

In contrast, the excerpt in Table 4-6 shows Student 1 asking “do you know how to do the

envelope?” and Student 2 responds that they do not. Student 1 returns to editing code, and the

topic is never brought up again. If Student 1 did find the solution, it is not discussed with their

partner. This pair went on to only have six more utterances and ended the session with more

unresolved expressions of confusion and compile errors. Research comparing uncertainty in pair

programming for high and low performing pairs based on task solution quality find a similar

pattern where higher performing pairs tend to address and resolve uncertainty and also focus on

resolving a single task before moving on while lower performing pairs do not [143].

In our examination of the Compilation Error state, we find such communication between

partners to be an important part of resolving errors, which is consistent with prior research. One

study finds more types of transactive discussion—in which partners act on each other’s

reasoning—in pairs and that the pairs generate a deeper understanding of the problem more
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Table 4-5. Student collaborative dialogue excerpt of a student addressing their partner’s confusion
and explicitly stating their goal. Each state was determined automatically using the
HMM presented in this work.

State Action Student Text
Error Compile Student 1 Type Error
Edit Editing Code Student 1 ....
Success Compile Student 1 Success
Success Statement Student 2 i was trying to make that an effect
Edit Editing Code Student 2 ....
Success Compile Student 2 Success
Success Confusion Student 1 my b i just didn’t know what was wrong
Success Compile Student 1 Success
Edit Editing Code Student 1 ....
Success Compile Student 1 Success
Success Statement Student 2 your all good, im trying to make the CIARA beat slower

by setting an effect to change the tempo

Table 4-6. Student collaborative dialogue excerpt demonstrating unresolved confusion about
technical implementation. Each state was determined automatically using the HMM
presented in this work.

State Action Student Text
Technical Editing Code Student 1 ....
Technical Confusion Student 1 do you know how to do the envelope?
Technical Confusion Student 2 i don’t
Technical Editing Code Student 1 ....

quickly [176] . Additionally, others observe improvement in the number of problems completed

and debugging during pair programming with increased communication and certain types of

transactive statements [125]. The increased communication in the pairs with the highest combined

satisfaction may have helped the pairs resolve their errors more quickly, thus having fewer

interactions in the Compilation Error state.

4.4.2 Curriculum Browsing → Code Editing: Negative Relationship with Combined
Satisfaction

The model reveals that more transitions from Curriculum Browsing → Code Editing have a

negative relationship with combined satisfaction. While examining the interactions of the pairs,

we note two different ways—targeted and undirected—that students use the curriculum resource.

The first type, targeted, is when students had a specific problem they were working on, like
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resolving an error or writing a custom function, and they access the specific curriculum resources

that addressed their problem. Students using the curriculum documents to address a specific

problem is occasionally part of the Curriculum Browsing state, but it is most often included in one

of the other states, such as the Compilation Error state. An excerpt of a student receiving a Type

Error and then accessing the 31.7: Type Error curriculum document in the Compilation Error

state can be seen in Table 4-7.

Table 4-7. Student collaborative dialogue excerpt presenting targeted curriculum resource usage
as part of the Compilation Error state. Each state was determined automatically using
the HMM presented in this work.

State Action Student Text
Edit Editing Code Student 1 ....
Error Compile Student 1 Type Error
Error Curriculum Student 1 31.7: Type Error
Edit Editing Code Student 1 ....
Success Compile Student 1 Success

However, the type of undirected curriculum usage that characterizes the Curriculum

Browsing state involves students clicking through the curriculum indiscriminately. Prior research

has found that when students are not sure how to begin, they would freeze up or start looking

through their resources for examples [92]. In some of the pairs with lower combined satisfaction,

one student seems to be unsure of how to get started and does little or no coding within the session

while their partner does either all or almost all of the coding. The students that browse the

curriculum and make few contributions also ask questions like “how do I play it?” without any

response from their partners. The curriculum browsing behavior usually starts from the

introductory unit and follows it through the subsequent topics, which is depicted in the excerpt in

Table 4-8. In the same session from the excerpt in Table 4-8, Student 1 tries to add some code to

the project about a quarter of the way through the session. Student 2 says “What are you trying to

write?” and deletes Student 1’s contribution. Student 1 does not try to add anything else to the

project for the rest of the session, but does go back to access some of the basic curriculum

documents again. Another study has seen similar patterns where a higher skilled partner takes full

control when paired with a more passive and lower skilled partner [21]. We can contrast this
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behavior with an interaction from a pair with higher combined satisfaction. One student clicks

through the curriculum at the very beginning of the session then asks their partner “so we’re just

making a ringtone.” They continue to click through the curriculum for a couple of minutes until

their partner answers “yes” and explains “we need to figure out how many measures it takes to get

to 60 seconds.” After this explanation from their partner, the student stops browsing the

curriculum and starts the project.

Table 4-8. Student collaborative dialogue excerpt demonstrating systematic curriculum browsing
concurrent with partner’s code editing. Each state was determined automatically using
the HMM presented in this work.

State Action Student Text
Curriculum Curriculum Student 1 Unit 1 Introduction
Curriculum Curriculum Student 1 1.1: Why Learn Programming for Music?
Curriculum Curriculum Student 1 1.2: Tools of the Trade: DAWs and APIs
Curriculum Curriculum Student 1 1.3: The EarSketch Workspace
Edit Editing Code Student 2 ....
Success Compile Student 2 Success
Success Compile Student 1 Success
Edit Editing Code Student 2 ....
Curriculum Curriculum Student 1 1.4: Running a Script
Curriculum Curriculum Student 1 1.5: Adding Comments
Curriculum Curriculum Student 1 1.6: The DAW in Detail

Out of the two curriculum usage methods we identified—targeted and undirected—the

Curriculum Browsing state is characterized by the latter. In the pairs that have a high relative

frequency of Curriculum Browsing → Code Editing transitions, typically one partner browses the

curriculum while the other works in the code editor, and the contributions to the artifact are

unequal. The excerpt previously referenced in Table 4-8 depicts Student 2 working in the code

editor while Student 1 browses the curriculum, creating a transition from Curriculum Browsing

→ Code Editing. The negative relationship between the transition from Curriculum Browsing →

Code Editing and combined satisfaction suggests that when one student is unsure in a way that

causes this undirected curriculum usage, the student may require extra support.
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4.4.3 Aesthetic Dialogue → Technical Dialogue: Negative Relationship with Combined
Satisfaction

Previously we observed that the typical progression of a session begins in the Social

Dialogue state, then pairs typically transition to the Aesthetic Dialogue state. Next, pairs move on

to the Technical Dialogue state, which is followed by the code editing states (Figure 3-4).

However, the regression model (Table 4-1) showed a negative relationship between the relative

frequency of the transition from Aesthetic Dialogue → Technical Dialogue and combined

satisfaction. To understand why the transition Aesthetic Dialogue → Technical Dialogue would

have a negative relationship with combined satisfaction, we will review prior literature including

cognitive load and the dynamic between learning and making, then ground this discussion in

excerpts from the corpus.

Mastering basic coding skills already creates a large cognitive load on the student, and the

addition of a creative component greatly increases the cognitive load [64, p.27]. Programming is

considered to have a high intrinsic load, which is the difficulty inherent in a task [48, p.257].

Collaborative learning can help reduce this cognitive load by introducing a collective working

memory, with communication being essential to its creation [93, 94]. In our corpus, as Code

Editing and the debugging process increases, dialogue decreases, which can be seen in the

ridgeline depicting the frequency of the hidden states over the session in Figure 3-4. The decrease

in dialogue is more apparent when we examine the pairs with the lowest combined satisfaction.

However, when we look at the pairs with the highest combined satisfaction, dialogue is relatively

consistent throughout (Figure 4-3). Research indicates that during complex tasks, collaboration

works as a scaffold for the knowledge acquisition process of each partner, and if it does not, it can

become ineffective by causing too much extraneous load [94]. Seeing a drop in dialogue when

coding and debugging begins is unsurprising because research has found that the most difficult

programming issue for students is finding bugs in their own programs [101]. Some possible

explanations for observing more consistent dialogue throughout the sessions of the pairs with the

highest combined satisfaction are that these pairs did not have as much trouble with the
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programming aspects, like debugging, or that the partnership was effective at reducing some of

the cognitive load. In the next three paragraphs we will discuss excerpts from the corpus from a

cognitive load perspective.

One difference we observed between the pairs with the highest and lowest combined

satisfaction was in how the pairs approached the task. The pairs with the highest combined

satisfaction tend to focus on their task requirements first, preferring to get simpler code elements

in place before working out the details of the music. In the excerpt in Table 4-9 we can see just

that—Student 1 making suggestions about the sounds they should use, but Student 2 wants to

focus on making the loop before playing with the sounds. Breaking the task down into smaller

more manageable parts by focusing on the basic coding elements first may help reduce the

cognitive load in two ways. First, this resembles the iterative refinement process where the

program is built in chunks, includes testing and debugging before adding another level of

complexity, and is one of the strategies that supports the debugging process [64, p.262]. Second,

focusing on the aesthetic and technical concerns separately may keep students from being

overburdened with the cognitive load of addressing both components simultaneously.

Table 4-9. Student collaborative dialogue excerpt presenting prioritization between technical and
aesthetic considerations. Each state was determined automatically using the HMM
presented in this work.

State Action Student Text
Aesthetic Proposal Student 1 we should put like a synth or something to that effect
Aesthetic Proposal Student 1 add some like futuristic noises or airhorns or some-

thing
Aesthetic Proposal Student 2 we need to add the stuff to make it a loop first and

then play with the sounds
Technical Statement Student 2 so we have the essential stuff done
Technical Acknowledgment Student 1 yeah
Technical Editing Code Student 2 ....
Technical Directive Student 1 im gonna put each sound into a variable to make it

easier to read

The iterative refinement process is demonstrated by the pair featured in Table 4-10, where

initially, Student 2 suggests making a function with no arguments and then assigns the individual

pieces of the function to each partner. By starting with no arguments in the function, the pair is
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able to get the basic elements in place and working before increasing the complexity.

Additionally, this pair’s dialogue was very consistent throughout the entire session with more of

their Technical Dialogue occurring at the beginning of the session and more of their Aesthetic

Dialogue occurring in the third quarter of the session.

Table 4-10. Student collaborative dialogue excerpt presenting initial planning and role assignment.
Each state was determined automatically using the HMM presented in this work.

State Action Student Text
Social Social Student 1 hey
Social Social Student 2 hey
Aesthetic Proposal Student 1 rock theme?
Aesthetic Proposal Accept Student 2 sounds good
Technical Acknowledgment Student 1 alright
Technical Directive Student 2 lets start with just making a function with no argu-

ments first
Technical Directive Accept Student 1 k
Technical Directive Student 2 you make the fitMedia
Technical Directive Accept Student 1 ok
Technical Directive Student 2 i can do the loop
Technical Directive Accept Student 1 alright

In comparison, another pair begins their session by discussing the aesthetic parts of the

project, assigning roles to each partner, but do not follow the iterative refinement process. The pair

does not attempt to compile their code until 20 minutes after the session starts when they already

have multiple functions written, which may have contributed to the difficulty they had trying to fix

the syntax error they were receiving. The entirety of the pair’s interactions, starting from about

half of the way through the session, can be seen in the excerpt in Table 4-11, which includes their

first attempt to compile during the session. Towards the end Student 1 asks “whats wrong with

our functions.” The pair did not have a single successful compilation during their entire session.

Because adding an aesthetic component can increase the cognitive load of the programming

project, focusing on the aesthetic and technical elements individually may help the pairs reduce

their cognitive load. Novices in particular may face increased cognitive load from the technical

portion of their programming tasks because they are still working to acquire necessary schemata

to handle the technical portion of their projects [48, p.258]. This compartmentalization of the

81



Table 4-11. Student collaborative dialogue excerpt presenting error resolution attempts near
session conclusion. Each state was determined automatically using the HMM
presented in this work.

State Action Student Text
Technical Editing Code Student 1 ....
Technical Statement Student 2 iv’e only found two sounds to use so far
Technical Editing Code Student 1 ....
Technical Directive Student 1 u can put them if you want
Technical Editing Code Both ....
Technical Confusion Student 2 do i make another function
Technical Statement Student 1 yeah
Edit Editing Code Both ....
Error Compile Student 2 SyntaxError
Edit Editing Code Both ....
Error Compile Student 1 SyntaxError
Technical Directive Student 1 can you fix the mistake
Technical Directive Student 1 on line 20 and 21
Technical Directive Student 1 i mean 19 and 20
Edit Editing Code Student 2 ...
Error Compile Student 2 SyntaxError
Error Compile Student 1 SyntaxError
Error Confusion Student 1 whats wrong with our functions
Edit Editing Code Student 1 ....
Error Confusion Student 2 i dont know whats wrong
Edit Editing Code Student 1 ....
Error Compile Student 1 SyntaxError

aesthetic and technical components can be seen in this utterance from a pair with a higher

combined satisfaction: “Now that we have a function we can call it multiple times but we can just

change the sound.” After their function is working, they can turn their attention to getting the song

to sound the way they want. The benefits can be seen later in the session when they are working

on the artifact aesthetic when one student says “Oh I see the problem... When we try and call the

function again the piano tries to start playing again on track 3, but its already playing” to which

their partner replies “we need to add the thing that changes the track.” While this still involves

changes to the code, being able to compile their code lets them focus on how to change the sound

without having to deal with coding errors. As noted previously, when students enter the
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Compilation Error state, they tend to focus on resolving these errors instead of discussing the

artifact aesthetics.

While this separation of Aesthetic Dialogue and Technical Dialogue seems to work for pairs

that focus on the technical first, it may not work as well for pairs initially focusing on the aesthetics.

In Table 4-12 we can see a pair listening to and deciding what sounds to use. One partner suggests

making a loop, but the other partner says they should get all the instruments and then make it a

song. When they do try to move onto making it a song towards the end of the session, Student 2

says “start finding other instruments, i will turn this part into a base.” Afterwards it looks like

Student 1 finds a sound and says “try it out now,” but they do not get a chance to discuss it as the

session ends a minute later. This pair seems to have gotten stuck on the aesthetics and were unable

to progress to putting the song together. This evokes another critique of creative coding—that it

can move the focus from learning to making [64, p.26], creating what has been referred to as the

’virtuous’ and ’vicious’ cycles of STEAM CS education [123]. The ’virtuous’ cycle involves being

motivated by the aesthetic part of the artifact to learn more advanced coding concepts to continue

improving the artifact. The ’vicious’ cycle happens when students learn just enough to be able to

make the artifact and focus almost entirely on the artifact aesthetics and do not progress their

computational learning. In the previous example, the students knew enough to be able to play the

sounds they picked, but did not use custom functions, loops, or even vary the measures of the

sound clips—all clips started in measure 1 and ended at 11—to turn the picked sounds into a song.

When students put too much focus on the aesthetic without having a solid foundation of the

fundamentals of programming, students’ aesthetic ambitions can exceed their technical

capabilities [64, p.27]. While some challenges can motivate students to put more effort into the

activity, if they are unable to unresolved frustration can lead to boredom and disengagement [44].

One reason the higher rated pairs may benefit from focusing on the technical aspects first is that it

may keep students’ aesthetic ambitions more realistic for their programming proficiency. This can

keep the challenges students face while working on their artifact motivating instead of frustrating.

One pair with lower combined satisfaction in the excerpt in Table 4-13, starts the session heavily
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Table 4-12. Student collaborative dialogue excerpt presenting decision patterns in sound selection
prior to code implementation. Each state was determined automatically using the
HMM presented in this work.

State Action Student Text
Success Compile Student 1 Success
Success Pos Feedback Student 1 woah thats neat
Aesthetic Proposal Student 2 do you want to use those drums
Aesthetic Proposal Accept Student 1 u can put them if you want
Aesthetic Acknowledgment Student 2 ok
Aesthetic Proposal Student 1 so like do you want to make a loop
Aesthetic Proposal Reject Student 2 not yet
Social Social Student 1 wait nevermind
Social Social Student 1 oh
Technical Directive Student 2 first lets just get all the instruments then we make it

a song

focusing on the aesthetic details, even suggesting making a jingle for a brand. While they have

some success early on, they begin running into more errors as they get into the final quarter of the

session. Eventually Student 2 says “it looks fine. i don’t know why its not working. we should

look back into unit one” and begins looking through the curriculum. They are able to get some

successful compiles by removing code, but they end the session with a TypeError after adding

more code in. [125] found similar behavior when pairs became stuck during debugging.

Focusing on making sure the code works first can also ensure the pairs are able to work on

the aesthetic portions of their song. This is because if the code will not compile, the students

cannot hear their song. The excerpt referenced previously in Table 4-2 shows one student ask their

partner if they want to make any changes to the song, and the other student says they need to listen

to it first. They are unable to compile the code and thus unable to listen to the song they created.

Then they spend the rest of their session debugging. Encountering technical errors when trying to

work out the aesthetic aspects of the artifact can force students to focus on the error and

potentially frustrate students that would prefer to work on the artifact aesthetics. In contrast, a pair

previously referenced finished their function first and was then able to focus on the aesthetic

aspects of their artifact like changing the track. This may be why the pairs that tended to get the

basic code elements working first had higher combined satisfaction.
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Table 4-13. Student collaborative dialogue excerpt presenting initial focus on aesthetic choices
before technical implementation. Each state was determined automatically using the
HMM presented in this work.

State Action Student Text
Aesthetic Passing Responsibility Student 1 what kind of song should we do
Aesthetic Passing Responsibility Student 2 Do you want to use a song with a lot of beats

or slower tempo?
Technical Statement Student 1 I normally use the same tempo
Technical Confusion Student 2 what type is that?
Technical Statement Student 1 the same 120
Aesthetic Passing Responsibility Student 2 okay what sounds do you want to use?
Aesthetic Proposal Student 2 we could start with some percussion to have a

beat to start off
Aesthetic Proposal Accept Student 1 that sounds fine with me
Aesthetic Proposal Student 2 do you want some type of drum or piano?
Aesthetic Proposal Accept Student 1 drums sound good
Aesthetic Passing Responsibility Student 1 what’s our theme tho
Aesthetic Editing Code Student 1 ....
Aesthetic Confusion Student 2 i don’t know
Aesthetic Proposal Student 2 what about a jingle for a brand
Technical Statement Student 1 We’ll figure that out later then

In this section, we discussed cognitive load and the dynamic between learning and making

as possible reasons for the negative relationship between the transition from Aesthetic Dialogue

→ Technical Dialogue. Using excerpts from our corpus, we highlighted some of the differences

between the pairs with the highest and lowest combined satisfaction, which include use of iterative

refinement and focusing on task requirements first. We noted that the pairs with the highest

combined satisfaction had more consistent dialogue throughout the session, including during the

debugging phase when dialogue decreased considerably between other pairs. Some reasons for the

higher levels of dialogue during the debugging phase could be that the pairs had less trouble with

the programming aspects, like debugging, or that the partnership was effective at reducing some

of the cognitive load. Additionally, focusing on task requirements first seemed to allow the pairs

that did this to put more focus on the aesthetic elements in the later half of the session, whereas

several of the pairs that focused heavily on aesthetics early tended to spent the later half of the

session dealing with compile errors. If students are more motivated to discuss problems involving
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the aesthetic elements rather than compile errors, it could explain some of the increased dialogue

in the pairs with higher combined satisfaction since they tended to be able to focus on aesthetic

problems in the later half of the session. Frustration with debugging and a desire to work on the

aesthetic portions may also explain some of the virtuous/viscous cycle discussed previously.

4.5 Implications for Intelligent System Support

The findings of this research, while preliminary, provide insights into how co-creative

processes are associated with combined satisfaction, and they illuminate potential opportunities

around compilation errors, uncertainty, and the dynamic between learning and making to support

collaboration during co-creative learning tasks. Some of these findings are specific to the

co-creative process, while others apply to collaboration in general, and thus, have important

implications for both co-creative agents and collaborative support systems. We will discuss each

finding with its implications for both co-creative agents and collaborative support systems, but

first we will define and briefly discuss the role of these two types of intelligent systems.

Co-creative agents fulfill the role of collaborator on open-ended creative tasks. Using agents

as partners to human learners has demonstrated benefits including significantly higher levels of

shared understanding, progress monitoring, and feedback [146]. Applications of co-creative

agents range from improving collaborative skills, like encouraging “deep thinking” and initiative

taking [72], to providing emotional support for elementary school students learning to code [124].

A co-creative agent can support human creativity through supporting the creation of music

through code [180] and supporting collaborative ideation through sketches [106].

Collaborative support systems are systems where the primary role is to support

collaboration between humans. Some of these systems perform functions like encouraging

productive dialogue during collaborative learning [43, 177], while others help students regulate

their collaboration by prompting students to use different reflection strategies [150].

4.5.1 Support for Error Resolution

Our findings indicate that the pairs with more interactions in the Compilation Error state

tend to rate their partners lower than pairs with fewer interactions in the Compilation Error state.
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We identify patterns that were common in the higher rated pairs that are frequently missing in the

lower rated pairs: they tend to have more of their errors resolved by the end of the session,

focusing on a single task together, explicitly stating when they are done and ready to move on, and

work together to resolve uncertainty even if the coding error is already resolved. We can use these

observations from more successful pairs to guide intelligent system support.

Because dialogue was such an effective tool for resolving errors, if co-creative agents detect

an extended amount of time spent in the Compilation Error state, they could try to engage the

student in discussion about the error and task. If the student is still unable to resolve the issue after

talking through the issue, the co-creative agent could provide extra help resolving programming

errors or offer examples of working code so that the student can remain engaged with the aesthetic

aspects of the work.

For collaborative support systems, support could look like ensuring both partners are

working on the same problem if there is an extended amount of time spent in the Compilation

Error state. That could involve prompting partners to explicitly state what they believe the

problem is and encouraging them come up with a plan for how they will fix it. Additionally, after

the error is resolved, the system might have partners confirm with each other what the issue was

and what fixed the error. This would give both students the opportunity to benefit from the

learning experience.

4.5.2 Support for Help Seeking

The behavior of using curriculum documents in the way that characterizes the Curriculum

Browsing state—where a student clicks through many different topics instead of seeking out a

specific topic—can potentially identify when a student is having trouble getting the help they

need. However, our findings show that lower combined satisfaction was only associated with the

relative frequency of transitions from Curriculum Browsing → Code Editing, so this browsing

behavior itself does not necessarily indicate issues in the collaboration. This transition was most

common when one student would work in the code editor while their partner browsed the
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curriculum. In these situations, contributions to the artifact were very unequal and conversation

was limited, and in many cases the editing student ignored questions from the browsing student.

While a co-creative agent would not likely be designed to work on an artifact without input

and contributions from the human partner, there are still things to be learned from this finding. If

an agent notices this type of curriculum browsing behavior, they could try to find out what the

student is having trouble with and potentially offer resources, ideas, or encouragement. For

example, if the problem is related to the aesthetic aspects, like how to decide on a genre, the agent

can help the student brainstorm or give examples of different sounds. At a minimum, co-creative

agents should treat this curriculum browsing behavior as a indicator to check in with the student.

Alternatively, when collaborative support systems notice this behavior, it could indicate

problems with collaboration between the partners. Systems can encourage the browsing partner to

communicate any uncertainty they have with their partner. Systems could also monitor chat and

artifact contributions. If the browsing partner has tried to communicate, but the editing partner

has not responded, the system could give a nudge or reminder to draw the attention of the editing

partner to the browsing partner’s message. If the browsing partner has not made many

contributions to the artifact, it could encourage the pair to set specific tasks for each partner. In

extreme cases, like where one partner ignores the other and possibly even removes the browsing

partner’s contributions, an alert to the teacher about the issue may be warranted so they can check

in on the pair.

4.5.3 Scaffolding Aesthetic and Technical Elements

Prior research has shown that when students talk through what they want to make first, it

prevents students from putting too much emphasis on project requirements and not enough on

personal relevance [64, p.23]. Additionally, many students can be more motivated by the

personally relevant aspects of the project, like creating music, than the programming itself [111].

Furthermore, when many of the aesthetic decisions of a project are left to the end, they can require

major changes to the technical aspects. In EarSketch, this may look like changing or adding new

code elements to add a drum fill effect to a song. This can potentially lead to sticking with an
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aesthetic decision that is not preferred to avoid rewriting the program or being unable to finish the

changes required if students run out of time to work on their artifact. However, despite the benefits

of including aesthetic elements in programming, our findings suggest that students could likely

use more support during the co-creative process in two main areas—reducing cognitive load and

scaffolding the aesthetic process.

For agents acting as co-creative partners, students can benefit from the knowledge

scaffolding provided by collaboration by having a partner that can provide the right knowledge at

the appropriate time [94]. For example, providing relevant worked or partial worked examples

[202, 117] and encouraging good coding and debugging habits as they move through the project

are ways that can reduce the cognitive load of the technical portion of the task and allow students

to spend more time on creating. To help with the aesthetic elements, co-creative agents could use

details from the artifact and make suggestions or give examples for moving what the student

already has done towards a completed version of the artifact. For example, if students are just

inserting sounds without progressing to a song-like structure, agents could suggest a custom

function to make a chorus with sounds already present in the code editor or even provide one.

This could give students a clear direction for moving forward on completing their artifact.

Collaboration support systems can identify when pairs encounter issues through dialogue

features [60], such as dialogue decreasing when errors increase, and encourage partners to

communicate. They can even help guide the conversation when pairs are not having productive

conversation [43]. These systems can also encourage pairs to set explicit goals or tasks—like

using a custom function—and help them track which ones they’ve accomplished. Similar to the

co-creative agent, these systems could also suggest more advanced code structures if the pair

seems not to be making progress towards completing the artifact.

4.6 Key Takeaways for My Dissertation Research

This chapter presents an investigation of the relationship between the co-creative states

coupled with their transitions and partner satisfaction. The results indicate the importance of

regular dialogue in successful co-creative partnerships, especially when navigating challenges.
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More satisfied pairs maintained consistent dialogue throughout their sessions, while less satisfied

pairs’ dialogue tended to decrease after they transitioned to working in the code editor (illustrated

in Figure 4-3).

While my prior research investigates the structure and outcomes of human-human

co-creative processes, the rapid advancements in AI, particularly in conversational models like

GPT-4, necessitate a fresh investigation into human-AI co-creativity. This work informs the

development of a co-creative AI (CAI) partner for the EarSketch environment.
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CHAPTER 5
DEVELOPING A CO-CREATIVE AI PARTNER FOR CREATIVE COMPUTING

This chapter presents the development and evaluation of a Co-creative AI (CAI) system

designed to support students learning to code while creating music in EarSketch.1 Building on our

understanding of human-human co-creativity (Chapter 3) and its relationship with partner

satisfaction (Chapter 4), we developed and refined CAI through five iterations of design and

evaluation in real classrooms. This work represents a crucial step in understanding how AI can

support human creativity in educational contexts, providing insights that directly inform the

design of my dissertation study examining AI’s role in narrative writing (Chapter 6).

5.1 Background and Motivation

The expanding role of AI in education presents unique challenges when designing

conversational agents that support users in creative, open-ended learning environments. As

computers have evolved from tools that merely support creative work to active participants in the

creative process, new forms of human-computer collaboration have emerged. This evolution has

given rise to human-computer co-creativity, enabling humans and computers to jointly contribute

to creative artifact and idea production [35].

The design of creative, open-ended learning environments is informed by constructionism,

which posits that learners enhance their knowledge through the creation of external artifacts [69].

In Computer Science (CS) education, educators have used constructionism alongside pedagogies

such as inquiry-based education and design science research to support computational thinking

[41]. Modern CS education at the K-12 level embraces various approaches that cultivate

computing skills and knowledge through constructionist platforms for making and sharing

expressive artifacts, including music [102], games [175], animations [31], and robotics [197].

EarSketch exemplifies this approach as an expressive CS learning environment that engages

predominantly middle and high school learners in creating computational music with JavaScript

or Python code. The platform has demonstrated success in yielding learning gains and positive

changes in learner attitudes towards CS, especially among underrepresented students across

1 EarSketch is available online at https://earsketch.gatech.edu
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gender and ethnicity [112]. However, like other CS environments [66], students often understand

just enough to create basic artifacts but rarely develop deeper computational thinking skills such

as abstraction, logic, and iteration.

While recent CS education research has focused on innovative approaches used by

constructionist learning platforms, research on AI-based assistance for learning programming

remains focused on more traditional programming learning environments. Traditional approaches

to AI assistance in CS education, like intelligent tutoring systems [8] and learning companions

[73], are designed for well-defined problem spaces. These interaction models break down in

open-ended creative contexts where there is no “correct” solution or output. In EarSketch, for

example, a typical assignment might be to “make a song with 64 measures and a verse-chorus

structure” rather than “sort this list of numbers.” In this context, an AI agent must help students

discover their goals, scaffold their actions, and troubleshoot their problems while supporting both

technical and creative aspects of the task.

To address this gap, we developed CAI—a co-creative learning companion for EarSketch

that aims to support both the technical and creative aspects of computational music creation.

Through five iterations of design and classroom evaluation, we investigated the following research

question: What challenges and opportunities emerge when designing and evaluating a co-creative

AI for an expressive CS learning environment?

5.2 System Description

5.2.1 EarSketch Overview

The EarSketch web client contains a Code Editor, Digital Audio Workstation (DAW),

Content Manager, and Curriculum (see Figure 5-1). Users create Python or JavaScript projects

and edit them in the Code Editor, using EarSketch API functions such as fitMedia() and

makeBeat() to arrange sound samples onto audio tracks for a given duration and apply audio

effects. Once they compile the code, the DAW displays the result and the user can play, pause,

loop, and solo or mute individual tracks to hear their project.
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Figure 5-1. A screenshot of the EarSketch interface, with Sound Browser (left), Digital Audio
Workstation (top), Code Editor (bottom), and Curriculum (right).

Users can search for sounds to use, manage the multiple projects they have created, and

search for EarSketch API functions and documentation in the Content Manager. The Sound

Browser contains a text search as well as genre, artist, instrument, and key signature filters.

Additionally, a recommendation system uses the contents of an active project to present

complementary sounds to a user based on audio analysis as well as combinations of sounds used

by others [165, 163, 166].

The Curriculum pane on the right side of the interface contains lessons and example code

for various coding and music concepts such as loops, function definitions, musical form,

debugging, and peer review. These lessons have been designed to be integrated with a full

computer science curriculum, as well as the “Hour of Code” module for a single-session

introduction to creative computing. Additionally, the EarSketch site has been the stage for

multiple Your Voice Is Power competitions in partnership with Amazon Future Engineer2

designed to increase student involvement in CS education with themes of social change and equity.

2 https://www.amazonfutureengineer.com/yourvoiceispower
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5.2.2 CAI Overview

The CAI (Co-creative AI) interface resides on the right side of an experimental version of

the EarSketch web client (Figure 5-2), replacing a user’s view of the Curriculum while it is active.

CAI initializes a separate conversation related to each script a user has opened, displayed to the

user with the heading “Talk to CAI about [project name]”. A toggle button can be used to

switch views between CAI and the curriculum in the header at the top of the EarSketch window.

Conversations between a user and CAI are depicted as text message-style bubbles originating

from opposite directions, owing to CAI’s modeling after human-human collaboration. Users can

send messages to CAI through dialogue buttons, which are generated in response to the user’s

place in CAI’s internal dialogue tree [181] or by triggering events such as compiling code with an

error. CAI sends messages to a user in response to user actions, such as running a script, as well

as instantaneously responding to a user’s input messages.

5.2.3 CAI Subsystems

CAI consists of four main modules (Figure 5-3). The Analysis Module includes a

Complexity Calculator that evaluates mastery of EarSketch concepts by parsing the abstract

syntax tree of user projects [164]. It also generates Sound Profiles representing musical structure

through section analysis. The Dialogue Module manages user conversations using Sound Profile

and Complexity Calculator outputs to inform responses from a dialogue tree with over 150 nodes.

The Error Handling Module generates explanations for common Python and JavaScript errors.

The Suggestion Module recommends code and musical changes based on weighted random

selections influenced by user actions.

5.2.4 Integration with EarSketch

CAI uses a React3 interface, as does the rest of the EarSketch web client. It uses redux4 state

management to update the interface as state variables are stored and functions are resolved, such

as with the generation of dialogue. This allows CAI to work without interrupting other processes

3 https://react.dev/
4 https://redux.js.org/
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Figure 5-2. The EarSketch interface with CAI enabled (right).

Figure 5-3. A simplified architecture diagram showing how the modules of CAI interact with user
input code and messages to generate dialogue output.
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vital to the EarSketch user experience, such as fast retrieval of audio samples from a server or

responsive Digital Audio Workstation controls.

Additionally, since CAI is not intended to be used in the official version of EarSketch used

in production, a series of environment flags were designed to allow for rapid deployment of

specific test versions of CAI to be used in studies: the presence of the CAI interface, user-to-user

chat, and the collection of keystroke-level user interaction data are all able to be configured and

uploaded to various URLs for study-specific EarSketch versions. The data logs, including

connections from individual student usernames and the messages sent to and from CAI, can be

monitored in real time by accessing a MySQL database specific to these special deployments.

For analysis of collaborative behaviors, we collected students’ interaction data, including

keystrokes from the code editor, chat messages, and interface actions such as code compilation

and curriculum access. This data was stored in a database with timestamps and anonymized

project and sender IDs.

5.3 Human-Human Studies as Foundation for CAI

The development of CAI was directly informed by our understanding of human-human

co-creativity gained through the studies presented in Chapters 3 and 4. Our analysis revealed

several critical patterns in successful peer collaboration that shaped CAI’s design and

functionality. These patterns, detailed below, encompass the role of formative project planning,

the balance between technical and creative aspects, and approaches to error resolution.

5.3.1 Importance of Formative Project Planning Discussions

Observing how student pairs typically moved through these states revealed that the

co-creative process often began with casual social interaction and then transitioned into a project

planning phase. Pairs typically began the project planning phase by discussing their creative

vision (e.g., “let’s do dubstep cause its fire” or “what about a jingle for a brand” ) followed by

discussing project requirements and initial implementation approaches (e.g., “i think we need to

make a function and call it twice idk how though” or “we should have variables for music 1 and

2” ). A particularly concise example of this process is shown in the excerpt from one pair’s
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dialogue in Table 5-1, with the pairs starting with brief greetings, confirming a genre, and then

confirming a technical plan and assigning tasks.

Table 5-1. Student collaborative dialogue excerpt showing typical progression through the
formative project planning stages, from social interaction to aesthetic decisions and
technical planning.

State Student Text
Social Student 1 hey
Social Student 2 hey
Aesthetic Student 1 rock theme?
Aesthetic Student 2 sounds good
Technical Student 2 lets start with just making a function with no arguments first
Technical Student 1 k
Technical Student 2 you make the fitMedia
Technical Student 2 i can do the loop

5.3.2 Balancing Technical and Aesthetic Components

From our analysis of the students’ dialogue and system logs and their relationship with the

partner satisfaction survey, we noted the difference in how the pairs balanced the technical and

aesthetic aspects of their project. Pairs reporting higher satisfaction scores generally approached

their project iteratively, establishing basic technical foundations while maintaining flexibility in

their aesthetic choices. These pairs would typically establish a general creative direction during

the planning phase, such as choosing a genre or style, but avoided detailed aesthetic decisions

until they had basic functional coding structures, like those required by the activity instructions, in

place.

5.3.3 Proactive Error Support

Our analysis showed that pairs with higher partner satisfaction demonstrated distinct

patterns in handling technical challenges. These pairs quickly addressed compilation errors and

maintained active communication about their planned actions. When encountering errors, these

pairs would follow a typical pattern: identifying the issue (e.g. “line 1 had an error” or “it says

its missing a ; before statement” ), collaboratively working toward a solution (e.g., after receiving

an error S1: “idk if it has to do with the numbers or not” S2 responds: “the numbers are right i

just think its something with a comma” ), and then confirming the their understanding of the
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resolution before proceeding (e.g., after a successful compilation, clarifying “It was called I just

had to add the fitMedia within the function” ).

These insights directly informed the design of CAI’s core functionalities and interaction

patterns. For a complete analysis of the co-creative states and their relationship with partner

satisfaction, see Chapters 3 and 4.

5.4 First CAI Prototype

The initial deployment of the CAI prototype aimed to closely emulate the supportive,

interactive dynamics of human-human collaboration. Building on insights from our study on

human-human collaboration and broader Human-Computer Interaction (HCI) literature, we

designed the first CAI prototype to proactively assist students with compilation errors, support

both the technical and aesthetic aspects of their projects, and facilitate early project planning

discussions.

5.4.1 System Design

As shown in Figure 5-4, we implemented these capabilities through a menu-based chat

interface that guides students through common collaboration patterns. The interface serves as the

central integration point, where the Analysis Module’s ongoing evaluation of both code

complexity5 and musical structure informs the Dialogue System’s interactions. For example,

when a student encounters a compilation error, the Analysis Module evaluates both the specific

error and the overall project context, allowing the Dialogue System to provide targeted assistance

that considers the student’s demonstrated knowledge level and project goals.

The Analysis Module implements this contextual awareness through two main components.

The Code Complexity Calculator maintains a dictionary of curriculum concept usage, tracking

elements like function definitions, control structures, and API usage patterns. The Sound Profile

generator creates a structured representation of the project’s musical elements, mapping sounds

and effects across measures and tracking musical structure. These analyses enable CAI to provide

suggestions that are both technically appropriate and musically relevant.

5 The term “Code Complexity” as used here refers to the depth and breadth of EarSketch curriculum concepts applied
within a user’s project, rather than traditional software engineering complexity metrics.
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Figure 5-4. Screenshot of the first CAI interface illustrating the initial greeting from CAI and the
subsequent user options to add sounds or request sound suggestions [181].

The Dialogue System uses these analyses to drive a menu-based interaction model that

mirrors natural collaboration patterns. Starting with social interaction and project planning, the

system progressively introduces technical and creative support options based on the student’s

activities and project state.

5.4.2 Study Design

To evaluate the CAI system’s effectiveness in supporting students’ music and coding

activities and to identify opportunities for enhancements, we conducted a pilot study in February

and March of 2021 across three high schools in the Southeastern United States [181]. Out of 56

students who agreed to participate, we gathered complete data sets from 42 participants. The

demographic breakdown included: 55% White, 18% Asian, 18% Black, and 7% Hispanic/Latino,

with 82% male and 18% female participants, ages ranging from 14 to 17. The majority of

participants (64%) were in the 9th grade, with 20% in 10th, 14% in 11th, and 2% in 12th grades.

All students had prior experience with EarSketch through their class curricula.

We adapted the study to fit both in-person and virtual learning environments due to the

COVID-19 pandemic constraints. Students completed a coding assignment, accessing a special

version of EarSketch that integrated the CAI interface, and completed pre- and post-surveys
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focused on students’ perceptions of CAI as a co-creative partner on a 4-point Likert Scale (Table

5-2). We also integrated open-ended questions in the post-survey that asked why they wanted to

work with CAI again (if they answered that they would) and to identify the most valuable

suggestion CAI made to enrich our understanding of the CAI’s impact. Additionally, we captured

data on students’ interactions with CAI through enhanced data collection tools within CAI,

providing valuable context for analyzing the survey results and assessing the system’s impact.

Table 5-2. Questionnaire items measuring student perceptions of CAI as a co-creative partner,
organized by assessment category.

Category Question
Cognitive Support CAI helped me do something I would not have done otherwise.

CAI helped me make a better program.
CAI helped me make a better song.

Interaction Quality CAI made valuable suggestions.
CAI said useful things to me.
(open-ended) What was the most valuable suggestion CAI made?

Concentration/Flow CAI frustrated me.
CAI interrupted my work.
CAI suggested things at the right times.
I paid attention to CAI.

Overall Satisfaction I enjoyed my interaction with CAI.
I would like to work with CAI again.
(open-ended) Why would you like to work with CAI again?

CAI’s Competency CAI’s ability to help with music production (e.g. effects, changing
volume) is...
CAI’s ability to help with my music (recommend a sound or musical
form) is...
CAI’s ability to help write/debug code is...

Psychosocial Support I felt encouraged by CAI.
I was more motivated working with CAI than I would have been on my
own.
(open-ended) What’s one thing CAI did not do that you would like it to
do?
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5.4.3 Findings

5.4.3.1 Dialogue system navigation

The CAI interface, positioned on the right-hand side of the browser window, shares a space

with the curriculum panel. This setup requires the CAI interface to replace the curriculum panel

when active, requiring students to toggle between interacting with CAI and accessing curriculum

content. While this design choice facilitates a cleaner workspace, navigating between CAI’s

guidance and the curriculum can be cumbersome, frustrating, or overwhelming for users to leave

the chat window to search through the curriculum for information when CAI suggests a curriculum

resource. Additionally, if students navigate away from the CAI chat window, the interface lacks

any indication of CAI sending a new message. These observations highlight the need for a more

fluid interaction between CAI’s interactive support and the static curriculum content.

In the post-surveys, students expressed appreciation for CAI’s sound sample suggestions,

highlighting CAI’s ability to simplify navigating EarSketch’s large sample library. This feedback

highlighted CAI’s role in making the music selection process more efficient, allowing students to

find appropriate sounds without manually searching through the thousands of options available.

5.4.3.2 Limited scope of advice

Additionally, our review of interaction logs revealed that students tended to request sound

sample suggestions more often than they sought advice on code or musical structure. This trend

might reflect a greater need for assistance in selecting sound samples over coding or structuring

music. However, it also points to potential areas for improvement. First, the frequent sound

sample requests could indicate that students are trying multiple times to find a sample that meets

specific criteria. Second, the fewer requests for code and musical structure guidance may be a

result of the limited number of code and musical structure suggestions available [181].

These findings from the first prototype study highlighted key areas for improvement: the

need for better integration between CAI and curriculum content, more sophisticated suggestion

capabilities, and improved navigation. These insights directly informed the development of the
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second CAI prototype, which focused on addressing these limitations while maintaining the

successful aspects of the initial design.

5.5 Second CAI Prototype

Based on insights from the initial prototype study, we enhanced CAI to address three key

challenges: the difficulty of switching between interfaces, the relevance of suggestions, and the

limited variety of support offered. These improvements focused on creating a more integrated and

personalized experience.

The curriculum integration addressed navigation challenges through two key mechanisms.

First, by embedding relevant curriculum links within dialogue responses, students could quickly

access learning materials contextually related to CAI’s suggestions. Second, a flashing chat button

was introduced to alert students to new messages from CAI, facilitating a smoother transition back

to the chat interface.

We introduced two distinct enhancements to the suggestion system based on observed

student preferences for music sample suggestions. First, we added filtering capabilities that allow

students to limit sound suggestions based on specific criteria (genre and instrument) and location

(sections or measure numbers of a song). This granular control enabled more targeted and relevant

music sample suggestions, making it easier for students to find sounds that fit their specific needs.

Second, we developed a broader project requirements system where students could specify

high-level goals for their project, including musical form, genre, instruments, and coding

structures. Rather than just filtering existing suggestions, this system actively generated new

suggestions to help students meet their stated goals. For example, if a student defined “HIP-HOP”

as their genre alongside an “ABA” form, and their project lacked distinct sections, CAI would

specifically suggest adding Hip-Hop samples that could help create the contrasting sections

needed for the ABA form.

5.5.1 Study Design

We evaluated this revised CAI prototype in a follow-up study conducted in May 2021

involving students from two high schools in two states. This study aimed to investigate students’
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interactions with the expanded functionality of the second CAI prototype and to assess the impact

of the new features on the students’ experience. A total of 21 students participated in the study,

and 17 provided demographic data. Among those who shared, 59% identified as White, 18% as

Hispanic/Latino, 12% as Asian, 6% as Black, and 6% indicated a background not listed in the

survey options, with 23% female, 59% male, and 18% not identifying as either gender. The

students’ ages ranged from 14 to 17, with a majority of the students in the 9th grade (70%) and the

remaining students in the 10th (12%) and 11th (18%) grades. Participants engaged in a coding

activity using the second CAI prototype integrated within the EarSketch environment. The study

utilized the same survey instruments as the initial prototype evaluation, focusing on students’

perceptions of CAI as a co-creative partner.

5.5.2 Findings

Analysis of student feedback revealed broad appreciation for CAI’s capabilities, particularly

its music sample suggestions and error assistance. Students valued CAI’s ability to streamline the

song creation process, with one noting that “The sound suggestions there are so many options so

the CAI narrowing it down made making the song so much easier.” Others highlighted CAI’s

debugging support and its guidance during project initiation, with one student specifically

appreciating CAI’s help with “How to start because I have no idea.” When asked about working

with CAI again, students responded positively, elaborating on several key aspects of their

experience detailed below.

5.5.2.1 Support and encouragement

Students felt supported and encouraged by CAI, with responses highlighting its helpfulness

in generating ideas and guiding the music creation process. For instance, one student mentioned,

“It was very helpful and brought up good ideas,” while another said, “CAI was very helpful and

encouraging to keep working on my project.” Another student said, “It made the coding process a

lot less stressful and really enjoyable.”
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5.5.2.2 Exploration and creativity

Students’ feedback highlighted CAI’s role in enhancing their creative process by introducing

them to new possibilities and ideas. One mentioned, “It was something new and fun. It helped me

create a new piece of music that I wouldn’t have been able to create before,” highlighting CAI’s

role in making their music project unique and enjoyable. Another said CAI helped “organize and

recommend relevant things that I would not have thought of,” showing how it guided them to

ideas and sounds they hadn’t considered, enriching their music.

5.5.2.3 Potential for growth

Some students acknowledged the potential in CAI despite recognizing its current

limitations, expressing a desire to see how CAI evolves. One student expressed, “I feel that CAI

has great potential and also makes the process of finding samples easier to do. Despite CAI

sometimes recommending odd parts that didn’t really fit at times, overall, the experience was

good, and I would love to see how CAI continues to grow.” Another shared their hope for CAI’s

improvement, saying, “I would like to work with CAI again because I see the potential in the

program. It wasn’t unhelpful. It simply needs work on making more useful suggestions.”

5.5.2.4 Explanations and guidance

Although the responses were generally positive, students also provided constructive

feedback on areas where CAI could be enhanced to better meet their creative and learning needs.

Many students expressed a desire for more detailed and relevant suggestions from CAI,

particularly in the context of debugging and creative decision-making. Some wished for CAI to

offer clearer explanations on how and why certain additions or changes should be made to their

projects. For example, one student wished for CAI to “Explain what it would want you to add

better, like how and why you should add it,” indicating a need for deeper insight into the reasoning

behind CAI’s suggestions. Additionally, there was feedback highlighting the need for CAI to

provide more specific guidance on implementing complex programming concepts, such as adding

“randomness” to a piece, with one student noting, “I wished that CAI would explain how to

implement that code to help better complete the music.”
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5.5.2.5 Desire for open-ended dialogue

Students also expressed a desire to engage in more open-ended dialogues with CAI,

allowing for a broader range of queries and interactions. This feedback suggests a need for CAI to

support a more flexible interaction model, where students can ask questions outside the predefined

menu options and receive responses that are tailored to their specific needs and contexts. For

instance, a student expressed a wish to “be able to ask questions to CAI instead of what is in the

suggested questions,” while others focused on limited menu options, stating that CAI “did not

provide responses that I would have liked to say to the bot at certain points” while another wanted

CAI to “Have more answer boxes.” Others expressed frustration with “repeat” suggestions by CAI

that used a consistent template to suggest sounds and code changes statically. These responses

highlight a desire for a more interactive and responsive CAI experience.

These findings, particularly the desire for more open-ended dialogue, led to our next phase

of development: a Wizard of Oz study to explore more flexible interaction patterns.

5.6 Wizard of Oz Study

Following the second CAI prototype study, student feedback indicated a desire for

open-ended communication with CAI rather than the existing menu-based system.6 To investigate

this interaction method without fully developing natural language-based CAI, we conducted a

Wizard of Oz study [32] using the functional CAI prototype alongside human intervention to

simulate open-ended dialogue with a more advanced conversational agent.

5.6.1 Study Design

In the Wizard of Oz study, conducted during Fall 2021 and Spring 2022, students

collaborated with researchers who pretended to be CAI. The CAI system was fully operational on

the student’s web client, but instead of sending its messages directly to the student, it generated all

possible messages for a given student prompt and sent them over a web socket to the researcher.

The researcher could then select one of these options as an interface button or type their own

6 It is worth noting that this feedback was gathered prior to the widespread awareness and availability of advanced
large language models (LLMs) among students. As such, their expectations for open-ended communication with
AI systems were likely different from what they might be today, given the increasing exposure to LLMs in recent
years.
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message. Researcher “wizards” could also select from templates CAI uses to fill messages using

keyword commands in the text input box. For example, the following command

“sounds good suggest sound” outputs

“sounds good. wanna try [sound rec] next?”

with CAI generating appropriate sound recommendations in the text unless the wizard fills them

in themselves. Figure 5-5 illustrates the flow of information between a user, CAI, and a Wizard

during the Wizard of Oz study. Data logs were created for when wizards used CAI utterances,

selected templates, or created their own.

Figure 5-5. Flow of information in the Wizard of Oz study. The “Normal” path shows the
standard flow, where user input is processed by the CAI logic to generate a response.
The “WoZ” path shows the modified flow, where the CAI logic generates potential
responses, which are sent to a human ’wizard’ to select or provide a custom response.

The Wizard of Oz study took place over three sessions in high school classrooms, lasting for

a full class period, each with a total of 36 participants. Following the study, the students

completed the same survey instruments as the previous prototype evaluations.

5.6.2 Findings

Post-survey feedback revealed a few key issues with the wizard-operated version of CAI.

Students reported frustrations with slow response times from the wizards, as well as inaccurate

sound recommendations and a lack of debugging support. While students reported “repeat”
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suggestions less often with the wizard-operated version of CAI compared to the menu-based CAI,

they expressed a lack of starting suggestions with the wizard version. Additionally, we found that,

despite having free textual input, students hesitated to initiate conversations about topics like

debugging unless they repeatedly faced errors. This observation suggests that while students are

interested in the option to communicate freely with CAI, they may not always know how to ask for

help or what kind of assistance they can request. Based on these observations, we aimed to further

develop CAI in terms of balancing flexibility and structure and providing onboarding to users.

5.6.2.1 Flexibility vs. structure

The decision to use a menu-based interface over natural language for CAI was influenced by

the trade-offs between the two interaction styles. While a menu-based approach offers structured

interactions, it can be challenging to craft code suggestions for different activities without limiting

the system’s flexibility and usefulness. The predetermined options in the menu may not cover all

possible student inquiries or creative directions, potentially hindering the co-creative process. On

the other hand, a natural language interface might offer more flexibility and open-ended

interactions, but ensuring the accuracy and relevance of code suggestions in real time can be a

significant challenge. Natural language processing (NLP) also introduces complexity and can

misinterpret user inputs, leading to incorrect or unhelpful suggestions [77, 54, 110].

While recent advancements in large language models have significantly improved NLP

capabilities, at the time of this study, these technologies were not yet widely available or

sufficiently reliable for our specific use case. As NLP technologies continue to advance, the

specific challenges may change, but striking a balance between structure and flexibility remains an

important consideration in the design of co-creative agents.

5.6.2.2 Onboarding and trust

Trust is an important factor in the effectiveness of a co-creative learning companion. It is

defined as “the attitude that an agent will help achieve an individual’s goals in a situation

characterized by uncertainty and vulnerability” [104] and covers the core aspects of trust [186]. In

our Wizard of Oz experiments, we observed that learners had difficulty understanding CAI’s
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abilities and limitations when trying to use it, which likely contributed to their lack of engagement

with the system. Although learners were often interested in CAI, they wanted to better understand

its capabilities and how to use them without an obvious way to do so.

These insights from the Wizard of Oz study directly informed the development of our third

CAI prototype, which aimed to balance structured support with more flexible interaction options.

5.7 Third CAI Prototype

5.7.1 System Design

The Wizard of Oz study revealed important trade-offs between menu-based and natural

language interaction approaches: while menu-based systems provide helpful structure, especially

for novices, they can be limiting in their predefined nature. Conversely, natural language systems

offer more flexibility but can be challenging for novice users who lack the domain knowledge to

effectively discuss specific capabilities. Building on these insights and following established

guidelines for AI capability invocation [5], we implemented significant architectural changes to

achieve this balance.

The new menu system organized CAI’s capabilities into three main categories, informed by

student survey responses from earlier studies (Figure 5-6). The “Music” menu provided direct

access to sound recommendations filtered by genre or instrument. The “Help” menu offered

branching explanations and examples for coding structures and EarSketch API functions. The

“Controls” menu facilitated access to interface features like script history and curriculum

navigation. This organization made CAI’s full range of capabilities more discoverable while

maintaining structured access.

To improve system approachability, we implemented an onboarding system centered around

an introductory video explaining CAI’s capabilities and interface navigation. The video aimed to

build user trust and competence, with usage tracking integrated into server logs to understand its

impact on subsequent user interactions.

We also enhanced three core components based on student feedback. The Suggestion

Module now employs weighted random decision-making to generate recommendations across
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Figure 5-6. The CAI interface with the Music menu opened.

three categories: new coding structures, advancement of existing structures, and aesthetic/musical

changes. Weights are dynamically adjusted based on user actions and suggestion history. The

Error Handling Module was expanded to provide context-aware error solution suggestions by

analyzing both raw code text and console error reports. Additionally, the Sound Recommendation

system now incorporates musical key signature and beat complexity analysis [166], enabling

suggestions based on musical compatibility and contrast while providing explanations for

recommendations (e.g., users see sounds labeled with identical or complementary key signatures

to those used in their projects).

5.7.2 Spring 2023: Classroom Studies

In Spring 2023, we conducted a study comparing students using CAI to complete a coding

task against a control group using the regular EarSketch. This study took place in 18 sessions in

high school classrooms, with data collected from 292 students. Students were given a coding task

divided between two test versions of EarSketch: one with CAI enabled and one with the regular

EarSketch interface but with data logging enabled. As with the previous studies, student

interactions were monitored via live database analysis to ensure proper version usage as well as

assignment completion. We expanded the post-study survey to include Intrinsic Motivation
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Inventory [37] items based on the student’s enjoyment, perceived competence, effort, frustration,

and value. Students were also asked if they had watched the introductory video embedded into the

CAI interface.

5.7.3 Findings

Analysis of the system logs revealed differences in the interaction patterns between the CAI

and non-CAI groups across various factors, including error handling in code, creating musical

artifacts, and using prior work, such as previous scripts or projects. However, we noted that time

spent interacting with CAI likely diverted attention from the other activities, highlighting an

opportunity cost: introducing a learning companion may, at least initially, divert time spent on

other aspects of the activity.

5.7.3.1 Adoption time

The lack of an accurate model of beginning CAI users contributed to learners often tuning

out and not taking advantage of CAI’s abilities, even if they would have been useful for the

learner’s goals. Initial engagement with CAI was slow, as students needed time to understand,

explore, and feel comfortable with the new technology integrated into their learning environment

and its interface.

5.7.3.2 Workflow adjustments

Additionally, we uncovered that prior EarSketch use seemed to make CAI adoption more

difficult. We hypothesize that this is possibly due to the established mental models they had built

with the EarSketch environment. Introducing CAI altered the students’ interaction dynamics with

EarSketch, leading to a decline in engagement with other essential features related to code and

music creation while they engaged with CAI.

5.7.3.3 Comparisons to established features

Students’ preferences leaned towards the more familiar and polished EarSketch over the

experimental CAI, even though they expressed interest and appreciation for the latter’s capabilities.
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5.7.4 Summer 2023: Summer Camp & Interviews

After the spring studies, we theorized that students’ previous experience with EarSketch

diminished CAI’s effect beyond the opportunity cost of using CAI. In Summer 2023, we presented

CAI to students without prior EarSketch experience and conducted interviews to gain more insight

into how students adjust to CAI when learning EarSketch.

We studied CAI in a summer camp for high school students engaged in mathematics,

science, and computing. The 13 summer camp students were split into two groups to complete a

coding assignment: one group with assistance from CAI, while the remaining students completed

an alternate task using the regular EarSketch interface. In addition to data logs and survey

responses, students completed full interviews with researchers after the activity, discussing their

experiences and demonstrating their created songs.

5.7.5 Findings

We performed a qualitative analysis of student interviews, focusing on questions about

students’ experience working with CAI. Using inductive thematic analysis [16] and descriptive

coding [148], followed by affinity mapping, we identified themes indicating that students

experienced a mismatch in expectations of CAI vs. CAI’s actual behavior. This mismatch was

largely due to previous experiences with recently released, accessible, flexible AI tools.

5.7.5.1 Varying expectations

Students had varying expectations for the system’s behavior. Many students expected CAI to

help with “musical ideas,” “how to remix,” “setting mood” or “adding more beats and transitions.”

Others expected primarily “coding help,” “more coding, less music” or for it to “write code or

provide base code.” Among these students, one appreciated that CAI doesn’t code for them.

5.7.5.2 Experience with other AI applications

The advent of popular LLM applications informed subject expectations for CAI’s behavior.

Of the 7 students who suggested open text as a potential improvement for the CAI system, 6

reported prior LLM chat tool use. Some students compared the purpose of CAI to that of
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ChatGPT. Due to its targeted and specialized suggestions, one called it “more creative than

ChatGPT.”

5.7.5.3 Understanding of CAI

Most students reported that the presence of CAI was helpful to them. Of the 13 students, 9

reported that CAI made it easier to find samples, with one stating that CAI helped “make the song

smoother.” However, 5 students reported some “random” or “bad” samples. Due to a lack of

explanation of the recommendation system’s generation of “contrasting” samples [163], these

recommendations reduced subject trust in the system.

5.7.5.4 Time-saving strategies

Even students with less positive perceptions of CAI’s suggestions referred to it as a “safety

net” that was useful when stuck and could add new ideas that the student would not have thought

of. Many (7) students developed a similar strategy: they started by finding base sounds, genres,

and instruments in the Sound Browser to save time by limiting CAI’s range of suggestions.

5.8 Key Takeaways for My Dissertation Research

The development and evaluation of CAI provided invaluable experience in studying

human-AI creative collaboration. These findings highlight the importance of balanced interaction

design, proactive support mechanisms, and careful integration with existing platforms.

Additionally, the development and evaluation of CAI provided invaluable experience in studying

human-AI creative collaboration. Through CAI’s development, I gained expertise in: (1)

Designing and implementing controlled studies of human-AI interaction in creative tasks,

including methods for capturing detailed interaction logs and analyzing creative processes (2)

Understanding the importance of clear onboarding and expectation setting when introducing AI

tools to users, particularly relevant given varying user familiarity with AI capabilities (3)

Identifying and analyzing relevant features of creative artifacts produced through human-AI

collaboration (4) Managing the practical challenges of conducting studies with AI tools, including

technical infrastructure for data collection and analysis (5) Recognizing common patterns in how

users approach AI assistance in creative tasks, such as their tendency to seek specific types of help
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at different stages of the creative process. While my dissertation work uses an LLM rather than a

menu-based system, these fundamental insights about studying human-AI creative collaboration

remain highly relevant. The progression from studying structured interactions in CAI to

examining more open-ended dialogue with LLMs represents a natural evolution in understanding

how AI can effectively augment human creativity.
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CHAPTER 6
INVESTIGATING HUMAN-AI CO-CREATIVITY IN NARRATIVE WRITING

6.1 Motivation and Research Questions

The overarching question of my dissertation is how can AI support human creativity? This

question has guided my PhD journey. During the first three years of my PhD, I contributed to a

team focused on developing a co-creative AI (CAI) partner for EarSketch, where students learn to

code while creating music. My early research investigated human-human collaboration in creative

tasks to understand the co-creative process (Chapter 3) and its relationship with partner

satisfaction (Chapter 4). These investigations informed CAI’s development, culminating in the

analysis of our prototype’s design and testing phases (Chapter 5). During this period, significant

advancements in AI’s creative capabilities have fundamentally shifted our understanding of

human-AI creativity. These developments suggest a critical need to understand how these new AI

capabilities influence the human creative process before we can effectively design systems to

support it.

This dissertation focuses specifically on investigating the influence of conversational AI on

narrative writing, both in terms of process and outcomes. The shift from my previous work to

explore the impact of conversational AI on narrative writing is grounded in several key

considerations. First, as revealed in the systematic literature review (Chapter 2), research on

AI-augmented creativity shows an increasing emphasis on narrative tasks. By focusing on written

narrative, this work builds upon and contributes to this expanding research direction. Second,

while narrative writing demands its own sophisticated set of creative and compositional skills,

these skills are more commonly developed through general education and daily communication

than the specialized combination of coding proficiency and musical knowledge required in my

previous studies. This broader prevalence of narrative writing skills increases the pool of potential

participants, which aids recruitment efforts. Finally, research has shown that narratives are written

with less effort, greater fluency, and greater coherence than other forms of writing [89], that

creative writing processes exhibit faster writing, more stability, longer texts, and fewer revisions

[178], and that open-ended, subjective writing activities are the most enjoyable [78]. These
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attributes, combined with narrative writing’s openness to imagination and subjective nature,

provide an ideal environment for investigating how conversational AI can support and enhance

human creativity.

To explore how conversational AI influences both the narrative writing process and final

narrative artifacts, this study investigates two primary research questions:

RQ1 How does conversational AI assistance impact the users’ final narrative artifacts in
terms of text length, linguistic complexity, and cohesion compared to narratives
written individually?

RQ2 How does conversational AI assistance influence users’ creative decision-making and
narrative development?

The rest of the chapter is organized as follows: Section 6.2 outlines the study methodology,

including participant recruitment, procedure, and data collection methods. Section 6.3 describes

the development of the web-based platform used to conduct this study. Sections 6.4 and 6.5

details the analysis and results of this analysis, and Section 6.6 discusses the implications of these

findings for human-AI co-creativity.

6.2 Study Overview

This study1 employs a within-subjects, randomized design to investigate how conversational

AI influences narrative writing processes and outcomes. Participants completed two creative

writing sessions—one with AI assistance and one individually—in a controlled laboratory

environment. The study utilized a custom-built web platform to facilitate the writing tasks, track

participant interactions, and collect data for subsequent analysis. Each session followed identical

time constraints and task structures to enable direct comparison between conditions.

6.2.1 Participants and Recruitment

Initial pilot testing revealed systematic validity concerns regarding participant compliance

with study protocols through online platforms, particularly in following instructions about

external AI tool usage. Consequently, the recruitment strategy pivoted from its initial intent to

in-person participation from university students.

1 This study received exempt status approval from the University of Florida Institutional Review Board (Protocol
#ET00045339).
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While initial recruitment efforts focused on students in writing courses, I expanded my

recruitment to include Computer and Information Science and Engineering (CISE) students to

improve participation levels. In total, 25 students participated in this study. However, one

participant was excluded from analysis after log data review revealed clear evidence of external AI

usage during the individual condition (specifically, copying the prompt, leaving the study page,

then returning to paste extensive pre-generated text). Additionally, one participant did not interact

at all with the agent during the study and wrote both stories on their own. I removed both of these

cases from my analysis, resulting in a final sample of 23 participants. I conducted the study

sessions in a controlled laboratory environment on campus, which allowed for consistent

administration of the research protocol and direct monitoring of participant engagement.

To maintain anonymity and encourage natural creative expression, I implemented a

randomized assignment procedure with no collection of demographic data. I generated 120

generic usernames (in u### format) and passwords in a MySQL database, each randomly

pre-assigned to either the AI-assisted or individual condition. During the study, participants

selected a slip of paper containing login credentials after completing the oral consent process,

with no indication of which condition each username was associated with. This procedure

ensured that neither the participants nor I could identify which condition was assigned to specific

individuals, and no connection existed between participants’ identities and their study data beyond

names recorded solely for course credit purposes. This resulted in 13 participants completing the

AI-assisted condition first and 11 participants completing the individual condition first.

I managed participant recruitment and credit administration through two parallel processes:

CISE students used the department’s SONA system for both study sign-ups and participation

reporting, while writing course students signed up through SONA but participation reporting

required direct coordination between myself and their instructors.

The sample size (n=23 after exclusion) is smaller than the originally planned 100

participants when recruitment was intended through Prolific. This limitation, along with the
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restricted demographic of university students, constrains the generalizability of findings that will

be addressed in the discussion section.

6.2.2 Procedure

This study employs a within-subjects design with counterbalancing to compare how writing

behaviors and outcomes differ with and without conversational AI assistance. During the study,

participants engage in two writing sessions, one individually and one with AI assistance, each

consisting of three main components:

1. A 4-minute character brainstorming activity (Appendix D)

2. A 16-minute story writing task (Appendix E)

3. A brief post-activity questionnaire (Appendix F)

In the AI-assisted condition, participants have access to conversational AI support within

the study window during both the brainstorming and writing phases.

Following the completion of both writing sessions, participants complete several short

questionnaires which ask participants to compare their experiences across both conditions

(Appendix F), report level of agreement with statements assessing creative self-efficacy and

creative personal identity (Appendix G) and statements assessing writing attitudes and writing

self-efficacy (Appendix H), and provide information on their language background (Appendix I).

Additionally, participants complete a modified large language model experience questionnaire to

assess their familiarity with and usage of large language models (LLMs). The questionnaire

examines experience with five LLMs: ChatGPT, Claude, Gemini, Grok, and other AI language

models.2 For each model, participants indicate their usage level on a seven-point scale ranging

from “I do not know this model” to “Daily use.”

The study is designed to be completed within an hour to keep participants engaged and

avoid fatigue. Progress tracking is implemented through a sidebar interface that displays

2 The original questionnaire [185] focused solely on ChatGPT. I expanded it to include other prominent LLMs
available at the time of the study. However, DeepSeek is not included in this list as its public release coincided
with the beginning of study sessions, making questionnaire modifications impractical at that stage
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completed activities and upcoming tasks. A countdown timer is visible during timed activities to

help participants manage their time effectively.

6.3 System Design and Development

To facilitate this study, I designed and implemented a custom web-based platform optimized

for both individual and AI-assisted narrative writing tasks. The platform supported the complete

research workflow, from participant authentication to data collection, while providing a consistent

user experience across both experimental conditions.

6.3.1 Interface Design Process

My initial design process focused on the core study interfaces: the brainstorming and

writing activity pages. Informed by familiar writing interfaces, such as Google Docs, I began with

low-fidelity sketches in Goodnotes on my iPad, creating basic rectangular layouts divided into

labeled sections for the key interface components, illustrated in Figure 6-1. For the Individual

condition, these sketches outlined two main sections: a progress-tracking sidebar and writing

area. The AI-assisted condition sketches included a third section for the chat interface. In both

conditions, the writing area contained space for task instructions and writing input.

Figure 6-1. Initial low-fidelity sketches of the writing interface design showing the layout
differences between AI-assisted (left) and Individual (right) conditions, with labeled
sections for the sidebar progress tracking, writing area, and chat window.

After receiving feedback on the planned layout, I created a medium-fidelity Figma prototype

based on the initial sketches that focused on general styling and component details. The prototype

featured a dark theme with a white text editor, drawing from common commercial AI systems,
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chat applications, and writing software. The progress tracking sidebar component displays

activity timers during timed tasks and question counts for questionnaires, with a collapsible

feature to minimize potential distraction.

Figure 6-2. A medium-fidelity Figma prototype of the writing activity interface for the
AI-assisted condition. The design features a progress-tracking sidebar (left) that
displays task timers and question counts, a main writing panel (center) with activity
instructions and participants’ brainstorm text at the top and text editor below, and a
chat window for AI interaction (right).

After receiving feedback on the Figma design, I began the web implementation of my study

website. During this phase, I conducted user testing with friends, family, and co-workers, leading

to four primary changes: First, I added an introduction page that informs participants of the study

structure, technical requirements, and important procedural information. Second, I implemented a

word count display below the text editor. Third, I added attention-notes to the brainstorm and

writing activity pages that explicitly state whether participants should work independently or may

use the AI assistance, emphasizing the prohibition of external resources in both conditions.

Fourth, I revised the progress tracker from tab-like icons to a vertical sequence of round icons
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connected by lines, providing participants with a clearer sense of progression through the study

activities.

Figure 6-3. Final implemented web interface for the writing activity showing the vertical progress
tracker (left), writing activity directions with prominent attention note (center-top),
word count display (center-bottom) and chat interaction window (right).

6.3.2 Technical Architecture

The platform was built using a combination of front-end and back-end technologies:

• Front-end: HTML5, CSS3, and JavaScript provided the core structure, styling, and
interactive elements of the interface. The Quill.js rich text editor library was implemented
for both the writing area and chat interface, offering consistent text formatting capabilities
while simplifying data capture.

• Back-end: PHP handled server-side logic, including authentication, data processing, and
communication with external APIs. A MySQL database managed user credentials,
interaction logs, questionnaire responses, and writing outputs.

• AI Integration: The AI agent was integrated through API interactions and response
processing managed through PHP, with specific model details described in Section 6.3.5.

The platform used responsive design principles to ensure consistent experience across

screen sizes, while optimizing for desktop use in the laboratory environment. Browser session
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storage facilitated efficient data logging by minimizing server requests, with storage automatically

cleared upon session completion.

6.3.3 User Interface Components

The interface consisted of three primary components designed to support the research

objectives:

• Writing Area: A central text editor with formatting controls allowed participants to create
and edit their narratives. The Quill.js editor provided a familiar word processor experience
with essential formatting options. A word count display below the editor helped participants
monitor their progress.

• Chat Interface: Available only in the AI-assisted condition, this component enabled
participants to interact with the AI agent through a familiar messaging interface. All
prompts and responses were timestamped and logged for analysis.

• Progress Sidebar: A persistent sidebar displayed the participant’s progress through study
activities, remaining time for timed tasks, and navigation controls. This element remained
consistent across both conditions to maintain experimental control.

6.3.4 Logging and Data Capture

I captured data from multiple sources:

• Questionnaire Responses: Responses to all questionnaires (discussed in Section 6.2.2)
were captured and recorded in a MySQL database.

• Event Logs: The system captured interaction event records timestamped with millisecond
precision. Logged events included keystroke data, copy/paste use and content, text editor
content, final written artifacts, navigation events for the different areas (window/document,
sidebar, text editor, and chat), button clicks, text selection, errors generated, and all
messages submitted by participants and the responses received from the agent.

• Conversation Logs: From the event logs, I extracted the sent and received messages to
create the conversational transcripts between participants and the agent.

Browser session storage was utilized to temporarily store interaction data during active

writing sessions, minimizing the risk of data loss due to connection interruptions. This data was

systematically transmitted to the server database at regular intervals and upon activity completion.
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6.3.5 Agent Implementation

The AI-assisted condition features a chat-based agent using OpenAI’s gpt-4o-2024-11-20

model. The agent is available to interact with through a chat window on the right side of the

interface (Figure 6-3) during both the AI-assisted condition’s brainstorming and writing activities.

To establish rapport and clarify the agent’s role, I designed an initial introduction message

that appeared at the beginning of each AI-assisted condition brainstorm activity: “Hi! I’m an AI

that will be joining you in this portion of the writing study. Feel free to bounce ideas off me or ask

for suggestions. I am able to see what you’ve written and can help with brainstorming, character

development, plot ideas, and more. How do you want to begin?”

To support natural interaction, the system automatically sends the current text editor

contents with every message exchange, enabling the agent to reference and respond to participants’

evolving narrative without requiring manual context sharing. This design decision emerged from

pilot testing, which revealed differences in participant expectations: those with limited LLM

experience often assumed the agent would automatically “see” their writing because both elements

appeared within the same interface, while participants familiar with commercial LLMs expected

to manually provide context. Pilot testing demonstrated noticeable experience discrepancies when

context wasn’t automatically provided, yet no negative impact when participants redundantly

shared context manually. Based on these observations, I implemented automatic context sharing

that operated invisibly to participants—the shared context was filtered from displayed messages,

maintaining a clean interface while ensuring consistent agent performance across all participants.

The agent maintained conversation continuity using the conversation history that carried

over between activities. When participants transitioned from brainstorming to writing, the agent

received: (1) the complete brainstorming text editor content, (2) new guidelines for the writing

activity, and (3) the writing prompt and initial story beginning. This design ensured the agent

remained aware of study progress and maintained relevant context throughout the creative process.

During pilot testing, I observed that the agent was prone to over-implementing the study’s

activity instructions, sometimes providing excessive content regardless of the participant’s
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specific request. To address this, I provided the agent with specific instructions for both the

brainstorming and writing activities to ensure consistent, controlled behavior across participant

interactions. These instructions were designed to balance supportive collaboration while

preventing the agent from dominating the creative process.

For both activities, the agent was instructed to wait for explicit requests before offering

suggestions, tailor responses to the specific question or request made by the user, and follow all

study directions. The agent was also provided with context about the study (a collaborative

creative writing study on how humans write with AI assistance), its role (to provide support), and

a copy of the current activity’s complete instructions. Additionally, it was informed that it will

receive text editor content updates for context.

During the brainstorming activity, the agent was instructed to limit the character suggestions

to a maximum of two at a time. During the writing activity, the agent was instructed to only

generate a single paragraph at a time if the user requests content. For non-narrative requests

(character development, world-building, plot ideas), provide focused responses without extending

the story. For both activities, the agent was informed that explicit user requests contrary to these

guidelines should take precedence.

These guidelines were designed to be flexible rather than restrictive. Participants who

desired more generated content could simply request it, while those who preferred brief responses

were not overwhelmed with lengthy text. This design decision prevented situations where

participants asking a simple question would receive extensive narrative content due to the agent’s

interpretation of the activity instructions. The balanced approach created a supportive writing

partner that would not dominate the creative process—aligning directly with this dissertation’s

focus on investigating how AI can support human creativity.

The agent interface was designed with a focus on usability and unobtrusive integration with

the writing environment. A few key elements include: A dedicated chat panel positioned on the

right side of the writing interface; Visual differentiation between user and AI messages, with

profile images for easy identification; A typing indicator showing when the agent was preparing a
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response; Markdown rendering for agent responses to improve readability; Resizable panels

allowing participants to adjust the chat window based on preference; Automatic scrolling to keep

the most recent messages visible.

6.4 RQ1 Analysis and Results

This section details the methods used to examine the impact of conversational AI assistance

on narrative writing, along with their corresponding results. The methods and results are

organized according to the specific hypotheses tested, covering both quantitative measures for

analyzing narrative artifacts (H1-H5, addressing RQ1) and mixed-methods approaches for

understanding the creative process (addressing RQ2).

For most analyses related to RQ1 (H1-H4), I employ a within-subjects design, comparing

each participant’s performance across the AI-assisted and individual writing conditions. This

approach controls for individual differences in writing ability, creative tendencies, and other

participant characteristics that might influence the outcomes.

The semantic homogeneity analysis (H5, also addressing RQ1) follows a different approach,

as it examines similarities between narratives within each condition rather than comparing each

participant’s work across conditions. For this analysis, I use independent statistical tests to

compare similarity distributions between conditions.

6.4.1 H1: Text Length

This hypothesis examines whether AI assists affects the basic production metrics of narrative

writing. By comparing word and character counts between conditions, this analysis investigates

whether conversational AI support influences the quantity of text participants produce.

6.4.1.1 Analysis

I hypothesize that narratives produced with conversational AI assistance would be longer

than those produced individually, based on the AI’s potential to assist with idea generation and

text production. To test this hypothesis, I compared both word count and character count across

conditions. I initially planned to use paired t-tests, but after examining the distribution, shown in

Figure 6-4, and conducting a Shapiro-Wilk test, which indicated a significant deviation from
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normality (𝑝 < .001), I employed the non-parametric Wilcoxon signed-rank test instead. For each

analysis, I calculated standardized effect sizes using the formula 𝑟 = 𝑍/
√
𝑁 [147], where 𝑍 is the

standardized test statistic and 𝑁 is the total number of observations. This standardized effect size

measure allows for interpreting the magnitude of differences according to Cohen’s guidelines [29],

with values of 0.1, 0.3, and 0.5 representing small, medium, and large effects, respectively.

Figure 6-4. Distribution of word counts across experimental conditions

6.4.1.2 Results

Analysis of word counts revealed that texts produced with AI assistance contained

significantly more words (𝑀 = 584.25, 𝑆𝐷 = 406.26) than those written individually

(𝑀 = 399.29, 𝑆𝐷 = 92.21). The exact Wilcoxon signed-rank test confirmed this difference

(𝑉 = 228, 𝑝 = .012), with a median increase of 69 words when using AI assistance. The effect

size (𝑟 = 0.452) indicates a medium effect according to Cohen’s guidelines [29].

Character count analysis similarly demonstrated that AI-assisted texts contained

significantly more characters (𝑀 = 3393.08, 𝑆𝐷 = 2505.67) than individually written texts

(𝑀 = 2191.17, 𝑆𝐷 = 522.92). The exact Wilcoxon signed-rank test confirmed this difference

(𝑉 = 240, 𝑝 = .005), with a median increase of 371 characters when using AI assistance. The

effect size (𝑟 = 0.522) indicates a large effect according to Cohen’s guidelines[29].
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The distribution of difference scores departed substantially from normality (Shapiro-Wilk

test: word count 𝑊 = 0.694, 𝑝 < .001; character count 𝑊 = 0.679, 𝑝 < .001). This non-normal

distribution was largely driven by three participants (12.5% of the sample) who produced

exceptionally longer texts in the AI-assisted condition. These participants showed a word increase

from Individual to the AI-assisted condition 11-20 times larger than the median increase of 69

words, with similar trends for character count.

These findings support the hypothesis that participants produce longer texts when writing

with AI assistance compared to writing individually. The substantial variance in the AI-assisted

condition (word count variance ratio = 19.41, character count variance ratio = 22.96) suggests that

AI’s impact on text production varies considerably across individuals, with some participants

leveraging AI to produce substantially longer narratives while others showed more modest

increases.

6.4.2 H2: Linguistic Features

We investigate whether AI assistance affects the linguistic characteristics of narratives.

Through analysis of lexical richness and syntactic complexity measures, this section examines

how AI collaboration may alter the linguistic sophistication and structural properties of narrative

writing.

6.4.2.1 Analysis

I hypothesize that narratives produced with conversational AI assistance exhibit distinct

linguistic characteristics compared to those produced individually, particularly regarding lexical

richness and syntactic complexity. Given the recent emergence of conversational AI models like

GPT-4, I adopted an exploratory approach using established measures from second-language (L2)

research and writing studies.

To investigate the impact of AI assistance on linguistic complexity and sophistication in

narrative writing, I analyzed seven linguistic features across two main categories: lexical richness

and syntactic complexity. All measures were min-max scaled within each feature type to range

from 0 to 1, enabling direct comparisons across different linguistic dimensions despite their
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varying original scales. All linguistic features were calculated using NeoSCA [174]. The

abbreviations used for the features matches those in the NeoSCA software.

Lexical richness measures: I examined three dimensions of lexical richness: Mean

Segmental Type-Token Ratio, Lexical Density, and Lexical Sophistication.

Mean Segmental Type-Token Ratio (MSTTR) quantifies lexical diversity by calculating

the ratio of unique words to total words across text segments. I selected this measure for its

reduced sensitivity to text length [109, 12], with higher values indicating greater vocabulary

diversity.

Lexical Density (LD) represents the proportion of content words (nouns, verbs, adjectives,

and adverbs) to total words, reflecting the informational density of the text.

Lexical Sophistication (LS1) measures the proportion of sophisticated vocabulary items in

the text by comparing word usage against the American National Corpus [140], with higher values

suggesting more advanced word choices.

Syntactic complexity measures: I examined four dimensions of syntactic complexity:

Mean Clause Length, Clauses per T-unit, Coordinate Phrases per Clause, and Complex Nominals

per Clause.

Mean Clause Length (MLC) calculates the average number of words per clause, with

longer clauses typically indicating more complex syntactic structures. A clause is a group of

words containing a subject and a predicate (verb) that functions as a unit within a sentence, either

independently as a simple sentence or dependently within a complex sentence. This measure

captures the length dimension of language units.

Clauses per T-unit (C/T) measures the ratio of clauses to T-units A T-unit is a main clause

plus any subordinate clauses or non-clausal structures attached to or embedded within it,

representing the minimal terminable unit of language capable of standing alone as a grammatical

sentence. C/T represents sentence complexity through subordination.

Coordinate Phrases per Clause (CP/C) measures the use of coordinate phrases per clause.

A coordinate phrase is a grammatical construction that joins two or more elements of equal
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syntactic rank or importance using coordinating conjunctions (such as “and,” “or,” “but”),

creating a compound structure that functions as a single unit within a sentence. CP/C represents

complexity through coordination at the phrasal level.

Complex Nominals per Clause (CN/C) counts the frequency of complex noun phrases per

clause. A complex nominal is a noun phrase consisting of a head noun modified by adjectives,

possessives, prepositional phrases, relative clauses, participles, or appositives; it also includes

nominal clauses, gerunds, and infinitives in subject position. CN/C represents sophistication in

nominal structures and phrasal complexity.

To analyze the differences between AI-assisted and individual writing conditions, I

conducted a repeated measures multivariate analysis of variance (MANOVA) in R using the afex3

library, followed by post-hoc analyses for each measure using the emmeans4 library. This

approach allowed me to examine both the overall impact of AI assistance on linguistic features

and its specific effects on individual measures while controlling for the relationships between

different linguistic dimensions. Because linguistic features can vary based on language

background, I included participants’ first language status (English as a first language vs English as

an additional language) as a control variable in my analysis.

6.4.2.2 Results

I first ran a multivariate analysis of variance (MANOVA) with condition (AI-assisted vs.

individual) as a within-subjects factor and language background (English as a first language vs

English as an additional language) as a between-subjects factor. The MANOVA revealed a

significant main effect of condition (𝑝 = .025) and a significant condition by measure interaction

(𝑝 < .001, Greenhouse-Geisser corrected). Neither the main effect of language background nor

any of its interactions with other factors were significant (all 𝑝 > .17). Therefore, while language

background was included in the model, it is not discussed further in the analysis of condition

effects. The complete MANOVA results are presented in Table 6-1.

3 https://cran.r-project.org/package=afex
4 https://cran.r-project.org/package=emmeans
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Table 6-1. Results of MANOVA with Condition (AI-Assisted vs. Individual) and Language
Background as Factors

Effect df F 𝜂2
𝐺

p-value
is english l1 1, 22 0.08 <.001 .779
condition 1, 22 5.80 .031 .025*

is english l1:condition 1, 22 1.96 .011 .175
measure 3.74, 82.19a 24.79 .325 <.001***

is english l1:measure 3.74, 82.19a 0.98 .019 .421
condition:measure 2.59, 56.96a 7.58 .086 <.001***

is english l1:condition:measure 2.59, 56.96a 0.65 .008 .563
Note: aGreenhouse-Geisser correction applied due to sphericity violation.
*𝑝 < .05, **𝑝 < .01, ***𝑝 < .001

Following the significant MANOVA results, I conducted post-hoc tests using estimated

marginal means to determine which specific linguistic features were affected by AI assistance.

Two lexical measures showed significant differences between conditions: 1) Mean Segmental

Type-Token Ratio (MSTTR) was significantly higher (𝑝 = .001) for texts written in the AI-assisted

condition (𝑀 = 0.706) compared to individually written texts (𝑀 = 0.478). This indicates that

AI-assisted texts exhibited greater lexical diversity within segments, suggesting less word

repetition. 2) Lexical Sophistication (LS1) was significantly higher (𝑝 < .001) in AI-assisted texts

(𝑀 = 0.623) than in individually written texts (𝑀 = 0.297). This finding indicates that

AI-assisted texts contained a higher proportion of sophisticated or less common vocabulary. Both

of these effects remain statistically significant even with a conservative Bonferroni correction for

multiple comparisons (adjusted 𝛼 = .007).

No significant differences were found in Lexical Density (𝑝 = .387). Similarly, none of the

syntactic measures showed significant differences between conditions: Mean Clause Length

(𝑝 = .844), Coordinate Phrases per Clause (𝑝 = .780), Complex Nominals per Clause (𝑝 = .241),

and Clauses per T-unit (𝑝 = .966), as detailed in Table 6-2.

These results partially support my second hypothesis: AI assistance did significantly affect

some aspects of linguistic complexity, specifically leading to increased lexical diversity and

increased lexical sophistication. The magnitude of these differences was substantial: lexical

sophistication showed the largest effect, with AI assistance increasing LS1 by 32.6% of the
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Table 6-2. Univariate Comparisons and Descriptive Statistics of Linguistic Features by Condition

Measure AI-Assisted Individual Difference p-valueMean SD Mean SD
Mean Segmental Type-Token Ratio (MSTTR) 0.706 0.190 0.478 0.216 0.228 .001**
Lexical Sophistication (LS1) 0.623 0.244 0.297 0.188 0.326 <.001***
Lexical Density (LD) 0.607 0.200 0.575 0.222 0.032 .387
Mean Clause Length (MLC) 0.444 0.213 0.480 0.277 -0.036 .844
Coordinate Phrases per Clause (CP/C) 0.432 0.260 0.434 0.265 -0.003 .780
Complex Nominals per Clause (CN/C) 0.309 0.130 0.385 0.229 -0.076 .241
Clauses per T-unit (C/T) 0.130 0.192 0.135 0.120 -0.004 .966

Note: Measures are sorted by descending mean values for the AI-Assisted condition. All measures are
min-max scaled to a 0-1 range.
*𝑝 < .05, **𝑝 < .01, ***𝑝 < .001

possible range, while MSTTR increased by 22.8% of its possible range. However, the results do

not show evidence of the AI assistance impacting syntactic complexity or lexical density.

6.4.3 H3: Referential Cohesion

This hypothesis explores whether AI assistance affects how ideas are connected through

reference across a narrative. By analyzing referential cohesion scores, this section investigates

whether AI support changes how effectively entities and concepts are incorporated throughout

texts.

6.4.3.1 Analysis

I hypothesize that narratives produced with AI assistance would show different referential

cohesion patterns compared to those written individually. Referential cohesion is a measure of

text readability. It refers to the extent to which ideas in a text are connected through overlapping

words, concepts, or referents across sentences and paragraphs, which helps readers track entities

and concepts throughout a narrative. To analyze referential cohesion in participants’ narratives, I

used Coh-Metrix to calculate standardized referential cohesion scores (PCREFz)[119].

Initially, I planned to conduct a paired t-test to compare referential cohesion scores between

AI-assisted and individually written narratives. However, research has established that text length

and cohesion measures are related, as increasing cohesion typically requires adding words to fill

conceptual gaps between ideas [118]. Given the findings from H1 (Section 6.4.1) that
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demonstrated significant differences in text length between conditions (with AI-assisted texts

being substantially longer), I first needed to determine whether including text length was

appropriate for this analysis. To address this, I compared two mixed-effects models using the

lme45 package: a basic model with only condition as a fixed effect and participant ID as a random

effect and a model that added word count as a predictor. I used a likelihood ratio test to determine

whether accounting for text length significantly improved model fit. The likelihood ratio test

indicated that adding word count and its interaction with condition significantly improved model

fit (𝜒2 = 6.33, 𝑑𝑓 = 2, 𝑝 = .042), confirming that text length should be accounted for when

analyzing referential cohesion. Based on the model comparison result, I proceeded with the

mixed-effects model that included condition, word count, and their interaction as fixed effects,

with participant ID as a random effect.

6.4.3.2 Results

To examine how AI assistance affects referential cohesion, I compared referential cohesion

scores of the final narrative artifacts. Initial descriptive statistics showed that texts produced with

AI assistance had lower mean referential cohesion scores (𝑀 = −0.629, 𝑆𝐷 = 0.739) compared to

individually written texts (𝑀 = 0.008, 𝑆𝐷 = 1.08).

Based on the model comparison result discussed above, I proceeded with the mixed-effects

model that included condition, word count, and their interaction as fixed effects, with participant

ID as a random effect. The fixed effects coefficients showed a significant positive effect for the

individual condition (𝛽 = 2.16, 𝑝 = .009), and significant negative interaction between individual

condition and word count (𝛽 = −0.004, 𝑝 = .034).

Based on the results of the mixed-effects model, I derived an ANOVA table from the same

mixed-effects model using the anova() function from the lmerTest6 package. These two outputs

from the same model offer complementary perspectives: the mixed-effects model coefficients

show the estimated effects at specific reference levels while the ANOVA tests whether each factor

5 https://cran.r-project.org/package=lme4
6 https://cran.r-project.org/package=lmerTest
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as a whole contributes significantly to explaining variance in referential cohesion while

controlling for all other terms in the model.

The ANOVA results (Table 6-3) confirmed significant effects of condition

(𝐹 (1, 36.96) = 7.67, 𝑝 = .009), word count (𝐹 (1, 43.25) = 6.76, 𝑝 = .013), and their interaction

(𝐹 (1, 39.07) = 4.86, 𝑝 = .033). While the main effects indicate that both condition and word

count independently influence referential cohesion, the significant interaction qualifies these

effects by demonstrating that the influence of condition depends on text length.

Table 6-3. Type III ANOVA Results for Referential Cohesion Mixed-Effects Model
Effect Sum Sq F df p-value
Condition 3.507 7.666 1, 36.96 0.009**
Word count 3.093 6.762 1, 43.25 0.013*
Condition × word count 2.224 4.862 1, 39.07 0.033*
Note: * 𝑝 < .05, ** 𝑝 < .01.

The model demonstrated good explanatory power, with fixed effects alone explaining 21.7%

of variance (marginal 𝑅2) and 50.2% when including random effects (conditional 𝑅2). These

results support the hypothesis that AI assistance alters referential cohesion in narrative artifacts.

6.4.4 H4: Deep Cohesion

This hypothesis examines whether AI assistance influences the logical and causal

connections within narratives. Through analysis of deep cohesion scores, I investigate whetehr AI

collaboration affects the extent to which relationships between events and concepts are explicitly

signaled in text.

6.4.4.1 Analysis

I hypothesize that narratives produced with AI assistance would show different deep

cohesion patterns compared to those written individually. Deep cohesion refers to the extent to

which a text contains explicit causal and logical connectives that help readers form causal

connections between ideas and events in a text. These connectives (such as “because,”

“therefore,” and “consequently”) signal relationships between concepts and events, facilitating

readers’ comprehension by making the logical structure of the narrative more transparent. To
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analyze deep cohesion in participants’ narratives, I used Coh-Metrix to calculate standardized

deep cohesion scores (PCDCz)[119].

I initially planned to conduct a paired t-test to compare deep cohesion scores between

AI-assisted and individually written narratives. However, given the findings from the referential

cohesion analysis (Section 6.4.3) indicated a significant relationship between text length and

referential cohesion, I first needed to determine whether text length was also a significant factor

for deep cohesion. To address this, I compared two mixed-effects models: a basic model with only

condition as a fixed effect and participant ID as a random effect and a model that added word

count as a predictor. I used a likelihood ratio test to determine whether accounting for text length

significantly improved model fit. The likelihood ratio test indicated that adding word count as a

predictor did not significantly improve model fit (𝜒2 = 1.06, 𝑑𝑓 = 2, 𝑝 = .59), so I proceeded with

the paired t-test as originally planned.

6.4.4.2 Results

To investigate the impact of AI assistance on deep cohesion in narrative writing, I compared

standardized deep cohesion scores between AI-assisted and individually written texts. Initial

descriptive statistics showed that texts produced with AI assistance had slightly lower mean deep

cohesion scores (𝑀 = −0.059, 𝑆𝐷 = 0.587) compared to individually written texts (𝑀 = −0.035,

𝑆𝐷 = 0.615), though this difference was minimal.

Based on the model comparison result discussed above, I conducted a paired t-test of the

deep cohesion scores between the texts written in each condition. The results revealed no

significant difference (𝑡 (22) = −0.120, 𝑝 = .906) in deep cohesion between AI-assisted texts and

individually written texts, with a mean difference of -0.024 (95% CI [-0.433, 0.386]). These

results do not support the hypothesis that AI assistance significantly affects deep cohesion patterns

in narrative writing.
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6.4.5 H5: Semantic Homogeneity

This hypothesis investigates whether AI assistance influences the semantic diversity across

different writers’ narratives. By measuring semantic similarity between texts, this analysis

examines whether AI support leads to greater conceptual homogenization.

6.4.5.1 Analysis

I hypothesize that narratives created with AI assistance demonstrate greater semantic

similarity to one another than those written individually. To test this hypothesis, I conducted a

semantic homogeneity analysis comparing texts produced under the AI-Assisted and the

Individual writing conditions.

For each writing activity, participants were given the beginning of a story and asked to

complete it. While these prompts facilitated the writing task, their inclusion would introduce

artificial similarities between texts. Therefore, I removed these prompts while preserving any

participant modifications.

The prompt removal algorithm identifies prompt text by comparing the beginning of each

story to the original prompt using cosine similarity, applies a threshold approach to accommodate

cases where participants modified portions of the prompt, and determines the endpoint using a

sliding window technique.

To quantify semantic homogeneity across narratives, I employ the Sentence-T5-xxl

model[130], which captures semantic meaning through contextual embeddings. Using this model,

I generated high-dimensional vector representations (embeddings) for each narrative. These

embeddings capture the semantic content of the texts in a way that allows for meaningful

comparison through vector operations. The model encodes not just lexical features but semantic

and contextual information as well.

For similarity calculations, I compared each narrative to every other narrative within its

condition (AI-Assisted or Individual) using cosine similarity to generate scores ranging from 0

(completely dissimilar) to 1 (identical). This process resulted in a similarity matrix for each

condition displaying all pairwise comparisons.
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Next, I extracted unique similarity scores from each matrix, using only the upper triangle to

avoid redundant comparisons. I conducted a one-tailed t-test to determine whether the mean

similarity score was significantly higher in the AI-Assisted condition compared to the Individual

condition.

This approach, illustrated in Figure 6-5, enables me to evaluate whether AI assistance leads

to greater semantic similarity across different writers’ narratives, potentially indicating a

homogenizing effect of AI tools on creative writing.

Figure 6-5. Methodological flowchart for assessing semantic homogeneity in narratives. Begins
with generating the document embeddings, followed by calculating the
within-condition pairwise cosine similarity scores, then ends with the one-tailed 𝑡-test
(shown at the bottom of the violin plot).

6.4.5.2 Results

The semantic similarity analysis reveals significant differences in the homogeneity of

narratives between the AI-Assisted and Individual writing conditions.

Before conducting inferential statistical tests, I verified that the data met the necessary

assumptions. The Shapiro-Wilk test indicated that similarity scores were normally distributed in

both the AI-Assisted (𝑊 = 0.995, 𝑝 = 0.606) and Individual conditions (𝑊 = 0.994, 𝑝 = 0.425).

Additionally, Levene’s test confirmed homogeneity of variances between the two conditions

(𝐹 = 1.36, 𝑝 = 0.244).
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The descriptive statistics showed that narratives in the AI-Assisted condition had higher

mean semantic similarity scores (𝑀 = 0.879, 𝑆𝐷 = 0.029) compared to narratives in the

Individual condition (𝑀 = 0.832, 𝑆𝐷 = 0.028). This indicates greater semantic homogeneity

among AI-assisted texts than individually written texts. Figure 6-6 shows the frequency of

pairwise similarity scores, with density curves overlaid. AI-Assisted narratives demonstrate

consistently higher similarity scores compared to Individual narratives, with minimal overlap

between distributions, indicating a clear shift toward greater semantic homogeneity with AI

assistance.

Figure 6-6. Distribution of semantic similarity scores for narratives in the Individual (blue) and
AI-Assisted (orange) conditions. The histogram

An independent samples t-test confirmed that this difference was statistically significant

(𝑡 (504) = 18.38, 𝑝 < .001), with AI-assisted narratives exhibiting substantially higher semantic

similarity to one another than individually written narratives. The effect size was very large

(Cohen’s 𝑑 = 1.64), indicating a strong and meaningful difference in semantic homogeneity

between conditions.

These findings support the hypothesis that AI assistance leads to greater semantic

homogeneity across different writers’ narratives.
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6.5 RQ2 Analysis and Results

RQ2 employs a mixed-methods approach to understand how writers’ interactions with

conversational AI affects creative decision-making and narrative development. The analysis

combines qualitative coding of participant utterances with quantitative insights from interaction

logs and questionnaire responses.

The results presented in this section evolved from what I initially proposed for RQ2. Before

presenting the results, I feel it is worthwhile to tell the “story” of how this direction emerged

within my analysis.

My initial proposal for RQ2 focused on analyzing the narrative development process:

comparing how linearly participants wrote their stories, examining revision patterns, tracking

when they introduced characters and the consistency of characters from brainstorming to the final

narrative, and identifying how settings and events were introduced between conditions.

Additionally, I proposed analyzing how the interactions with the AI agent may have shaped the

narrative elements and which components participants delegated to the AI agent.

The investigation began with the content attribution mapping (described in Section 6.5.1) to

provide a foundation for distinguishing between participant-authored and AI-authored narrative

content as well as ideational origins of the narrative content. Concurrently, I labeled the

participants’ messages for dialogue act analysis (described in Section 6.5.2) to provide a

systematic framework for examining interaction patterns and how they shaped the artifact creation.

However, an unexpected finding emerged during my preliminary analysis: the polarization

in how participants distributed creative agency between themselves and the AI agent. The extreme

polarization appeared to be a fundamental aspect of human-AI co-creativity that required deeper

investigation.

Consequently, the focus of the analysis shifted to exploring the relationship between

dialogue patterns and creative agency distribution. Therefore, the results presenting in the

following sections address my research question about how AI assistance influences creative

decision-making, but through an emergent lens that focuses on creative agency distribution rather
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than narrative construction processes. This approach provides unexpected but valuable insights

into the mechanism through which humans delegate creative responsibility with AI collaborators.

6.5.1 RQ2: Mapping Participant-AI Content Attribution

This analysis explores how participants incorporate AI contributions into their final

narrative artifacts. By mapping both the ideational and textual origins of the artifact content, this

section reveals how creative agency and responsibility are distributed between human writers and

the AI agent during collaborative writing.

6.5.1.1 Analysis

To understand how participants incorporate AI contributions into their narrative artifacts, I

conduct a dual-dimension co-creative attribution analysis that traces both the ideational and textual

origins in the final artifacts. Each word in the artifacts is coded according to two dimensions:

textual authorship (participant-authored text versus AI-authored text with minimal modification)

and ideational origin (participant-originated concepts versus AI-originated concepts).

For each participant, I calculate the percentage distribution across both dimensions:

participant-authored versus AI-authored words, and participant-originated versus AI-originated

ideas. Based on the relative proportions across these dimensions, participants are categorized into

one of four co-creative patterns: High Agency (predominantly participant ideas and participant

text); High Delegation (predominantly AI ideas and AI text); Expressive Delegation

(predominantly participant ideas expressed through AI text); and Conceptual Delegation

(predominantly AI ideas expressed through participant text).

6.5.1.2 Results

The attribution mapping reveals distinct interaction patterns in how participants engage in

co-creative writing with AI, as shown in Figure 6-7. The majority of participants (12 of 23;

52.2%) cluster in the High Agency quadrant, maintaining primary authorial and ideational

control. A substantial minority (9 of 23; 39.1%) fall into the High Delegation quadrant, where

creative agency was largely transferred to the AI system for both ideation and textual expression.
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The remaining participants (2 of 23; 8.7%) display Expressive Delegation patterns—contributing

their own ideas while leveraging AI-generated text as an expressive medium.

Notably, no participant occupies the Conceptual Delegation quadrant (using predominantly

AI-originated ideas while maintaining textual authorship), suggesting a hierarchy in creative

delegation: participants appear willing to delegate expressive tasks but are reluctant to relinquish

control over conceptual direction while assuming responsibility for writing. This suggests a

potential asymmetry in how creative agency is negotiated in human-AI collaborative writing.

The distribution reveals that participants generally either maintain high creative control or

engage in substantial delegation to the AI, with few adopting hybrid approaches. The High

Agency quadrant displays greater variation in attribution patterns compared to the High

Delegation quadrant. Nine participants’ artifacts consist entirely of AI-authored text (excluding

study prompt), with five of those also having 100% AI-derived ideational content. These findings

demonstrate significant variation in the distribution of creative agency between human and AI,

ranging from minimal AI influence to complete reliance on AI-generated material.

Figure 6-8 illustrates the sequential distribution of attribution throughout participants’ final

artifacts from the AI-assisted condition. Each horizontal bar represents a single document, with

the width of colored segments proportional to their percentage of the total document length. The

visualization reveals distinctive patterns in interaction provenance: Study Text (gray) appears at

the beginning of documents. Participant-authored text (green) is prevalent across most artifacts,

while AI contributions appear in different forms—either as direct AI-authored text (purple),

participant-modified AI ideas (blue), or AI implementations of participant ideas (orange).

Notably, because all participants received the same initial story prompt text, the relative width of

these gray segments provides an indication of the overall document length where narrower gray

segments indicate longer total documents.

6.5.2 RQ2: Dialogue Act Analysis

This analysis examines the patterns of interaction between participants and the AI agent

during the writing process. By labeling and analyzing the dialogue acts, this section reveals how

139



participants formulate requests, integrate AI suggestions, and delegate creative decisions through

conversation.

6.5.2.1 Analysis

To understand how participants engage with the AI assistant during narrative construction, I

conduct a dialogue act analysis of the conversational interactions, with a particular focus on how

participants formulate requests and integrated AI responses into their writing process.

I extract all conversation logs, resulting in 266 total messages, with 133 participant

messages across 23 participants. I independently conduct an initial round of open coding on the

conversation data, identifying and labeling interaction patterns with particular attention to process

elements in how participants engaged with the AI assistant. Drawing on my initial codes and

relevant literature in dialogue act theory, collaborative writing, and conversational UX design, I

developed a coding taxonomy to classify participant utterances. A second researcher and I

reviewed and applied the proposed taxonomy. Given the relatively small dataset, the second

researcher and I collaboratively coded all 133 participant messages. When coding disagreements

arose, we discussed the rationale behind our different interpretations, ultimately reaching

consensus and refining the taxonomy definitions for clarity.

The final coding taxonomy organizes participant interactions through a hierarchical

structure. At the top level, we categorized each message by its primary illocutionary act: Request,

Clarification/Elaboration, Assessment, or Other (Table J-1). For messages coded as Requests, we

applied additional subcodes (Table J-2) to capture their specific characteristics, discussed below.

Request Type: Distinguishes whether participants sought content generation (asking the

agent to generate or modify text), information-seeking acts (requesting factual information or

explanations), or evaluative queries (soliciting assessment of existing content).

Request Directness: Represents the dialogue act form, differentiating between direct

dialogue acts (where the illocutionary force is explicitly conveyed through linguistic form) and

indirect dialogue acts (where the illocutionary force requires pragmatic inference beyond the

semantic meaning).
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Request Constraint: Represents the degree of constraint participants provided in their

directives, classifying them as bounded (specific parameters that constrain the AI’s response

space) or unbounded (minimal parameters allowing broader creative latitude).

Request Focus: Represents the subject matter focus of each request, such as character

development, plot advancement, setting description, thematic exploration, stylistic concerns,

structural elements, or informational aspects.

Request Iteration. Represents whether directives are new requests, repeated previous

requests, or refined earlier requests with additional or modified specifications.

Content Operation: (For content generation requests specifically) Represents the

relationship between new and existing content, observing whether participants asked the AI to

generate entirely new material, extend existing material, or refine previously written text. The

latter two are further qualified by labeling whether the text being extended or refined was

generated by the user or the agent.

Following the coding process, I conducted quantitative analyses of the dialogue patterns,

including frequency distributions of primary dialogue acts, request types, directness, constraint,

focus areas, and content operations. I created participant-level summaries calculating the

percentage of each dialogue characteristic for individual participants, developed a dialogue pattern

typology that categorized participants based on their dominant request type (e.g., “Primarily

Content Generation”) and constraint pattern (e.g., “Primarily Bounded”), and performed cluster

analysis using dialogue act counts to identify natural groupings of interaction patterns.

6.5.2.2 Results

Requests dominate the interactions (96 out of 101 messages, 95%), with the remaining

messages consisting of clarifications/elaborations (2%), assessments (1%), and other

communications (2%). This overwhelming prevalence of requests suggests that participants

primarily adopted an instrumental stance toward the AI, positioning it as a tool to accomplish

specific tasks rather than as a collaborative partner.
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Content generation directives represent the majority of requests (74% of all requests),

highlighting that participants primarily engaged with the AI as a content producer.

Information-seeking directives (13.5%) and evaluation requests (5.2%) form a smaller but notable

portion of interactions, indicating secondary roles for the AI as an information source and

evaluator.

Most requests (82.3%) are direct rather than indirect dialogue acts. Similarly, bounded

requests (75%) are three times more common than unbounded requests (25%), suggesting that

participants typically provided specific constraints or parameters rather than giving the AI

complete creative freedom.

Plot-related requests dominate the focus areas (57.3%), followed by stylistic concerns

(22.9%) and structural elements (16.7%). This emphasis on plot development reflects the narrative

nature of the task, with participants primarily seeking assistance with story progression rather

than linguistic or organizational aspects. Among content generation requests, extending existing

content was the most common operation (31 instances), followed by generating new content and

refining existing content. This suggests that participants frequently built upon established

narrative elements rather than continuously introducing new ideas or refining existing ones.

The dialogue pattern typology analysis revealed distinct interaction strategies across

attribution quadrants (see Section 6.5.1). High Delegation participants (9) exclusively used

content generation-focused strategies, with 5 classified as “Primarily Content Generation -

Primarily Bounded.” Similarly, participants in the “Expressive Delegation” quadrant (2) also

focused solely on content generation. In contrast, High Agency participants (12) showed much

greater diversity in strategies, including information seeking (3), evaluation (1), and mixed

approaches (4). This pattern was further supported by the Kruskal-Wallis test, which showed

highly significant differences in content generation counts across attribution quadrants

(𝜒2 = 15.36, 𝑝 < 0.001). Figure 6-9 presents these counts as a heatmap.

The cluster analysis identified two natural groupings of dialogue patterns: a larger cluster

(20 participants) with lower content generation (avg 2.05) and some information seeking (avg
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0.95), and a smaller cluster (3 participants) with much higher content generation (avg 10) and

minimal information seeking (avg 0.33). The second cluster contained primarily High Delegation

participants (2 out of 3), suggesting a distinct “heavy AI delegation” interaction pattern.

Logistic regression confirmed that content generation was the strongest predictor of High

Delegation attribution. Each additional content generation request significantly increased the odds

of being in the High Delegation quadrant (𝛽 = 0.61, 𝑝 = 0.017). Unbounded requests showed a

marginally significant effect (𝛽 = 0.88, 𝑝 = 0.052), providing some evidence that less constrained

requests may contribute to greater AI contribution.

Ratio analysis, which addresses the mutual exclusivity constraint of request types, showed

that the ratio of content generation to total requests was much higher in High Delegation (0.982)

and Expressive Delegation (1.0) compared to High Agency (0.486). Conversely, the ratio of

information seeking to total requests was much higher in High Agency (0.375) compared to High

Delegation (0.008). These findings suggest that different dialogue strategies strongly correspond

to different attribution outcomes. Based on these analyses, three primary interaction strategies

emerge:

Bounded Content Generation: Characterized by high constraint (bounded requests)

combined with content generation, this approach allowed participants to maintain creative

direction while leveraging the AI’s text generation capabilities. These participants often provided

specific plot points, character details, or stylistic guidelines, maintaining creative control through

constraints.

Unbounded Content Generation: Characterized by low constraint (unbounded directives)

combined with content generation, this approach gave the AI greater creative latitude, often

resulting in higher AI contribution to both ideational and textual dimensions. Participants using

this strategy typically provided minimal direction and incorporated large portions of AI-generated

content.

Information-Seeking: Characterized by requests for information rather than content

generation, this approach positioned the AI as an advisor rather than a co-creator. Participants
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using this strategy maintained almost complete control over text production (averaging 93.5%

participant-authored text) while consulting the AI for ideational input or feedback.

6.5.3 RQ2: Questionnaires

This analysis examines participants’ subjective experiences and attitudes during the

activities and on creativity and writing generally. By examining post-activity evaluations,

creativity measures, writing attitudes, and AI experience, this section provides insight into how

participants perceived the differences between AI-assisted and individual writing processes, as

well as their creative self-efficacy, creative personal identity, writing attitudes, writing

self-efficacy, and their prior experience with different large language models.

6.5.3.1 Post-activity evaluation

After each writing activity participants completed a questionnaire about their writing

experience (Table F). Participants rated eight dimensions (fun, enjoyment, expressiveness for

creativity and self-expression, outcome satisfaction, ease of writing for starting and finishing, and

ownership) on a five-point Likert scale from “Strongly Disagree” to “Strongly Agree.” After

completing both activities, participants directly compared their experiences between the

individual and AI-assisted conditions by selecting their preferred method for each of these same

dimensions, allowing for direct comparison between the two writing approaches. These

questionnaires were designed to quantify the co-creative writing experience [82]. I calculated

scores by converting the five-point Likert scale responses to numerical values (1=“Strongly

Disagree” to 5=“Strongly Agree”).

Post-activity evaluations revealed interesting patterns in participants’ experiences with both

writing conditions. Figure 6-10 illustrates the distribution of Likert responses across all eight

metrics, with several notable observations.

The most striking difference appears in the ownership metric, where participants rated

individual writing (𝑀 = 4.68, 𝑆𝐷 = 0.95) higher than AI-assisted writing (𝑀 = 3.75,

𝑆𝐷 = 1.52). This pattern was reinforced in the preference assessment (Figure 6-11), where 14
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participants selected individual writing as producing stories they felt were “most theirs,”

compared to only 6 selecting AI-assisted writing.

For ease of writing, the distributions suggest an advantage for AI assistance. Both ease of

starting (AI-assisted 𝑀 = 4.35, 𝑆𝐷 = 0.99; Individual 𝑀 = 3.65, 𝑆𝐷 = 1.14) and ease of

finishing writing (AI-assisted 𝑀 = 3.95, 𝑆𝐷 = 1.05; Individual 𝑀 = 3.60, 𝑆𝐷 = 1.23) show

higher ratings for the AI-assisted condition. The preference questions also reflect this pattern,

with 13 participants selecting AI-assisted writing as easier for both starting and finishing,

compared to only 6 selecting individual writing.7

For the enjoyment measure, the AI-assisted condition had a slightly higher mean (𝑀 = 4.15,

𝑆𝐷 = 1.14) than the individual condition (𝑀 = 3.95, 𝑆𝐷 = 1.00). Additionally, when asked to

select a preference between the two conditions, 12 participants selected AI-assisted writing as

their preferred method for future short story writing, compared to 8 selecting individual writing.

The remaining metrics show similar distributions between conditions. The fun metric

showed nearly identical means (AI-assisted 𝑀 = 4.5, 𝑆𝐷 = 0.76; Individual 𝑀 = 4.3, 𝑆𝐷 = 0.80)

and an exact split in preference (10 vs. 10). Similarly, outcome satisfaction show minimal

differences (AI-assisted 𝑀 = 3.7, 𝑆𝐷 = 0.98; Individual 𝑀 = 3.75, 𝑆𝐷 = 0.85), though the

preference lean toward AI-assisted (12 vs. 8). Likert ratings for both creativity (AI-assisted

𝑀 = 4.15, 𝑆𝐷 = 0.75; Individual 𝑀 = 4.15, 𝑆𝐷 = 1.04) and self-expression (AI-assisted

𝑀 = 3.9, 𝑆𝐷 = 0.97; Individual 𝑀 = 3.85, 𝑆𝐷 = 1.09) show similar mean scores across

conditions. Additionally, participants strongly favored individual writing for self-expression (13

vs. 6), a preference ratio that mirrors the ease of writing metrics (6 vs. 13) with much smaller

differences in the corresponding Likert ratings.

6.5.3.2 Creative self-efficacy and creative personal identity

After completing the post-activity preferences evaluation, participants completed a

questionnaire designed to measure their own perceptions of their creative abilities and the

importance of creativity to their identity[86]. This 11-item assessment included five statements

7 One participant (ID 74) did not answer four of the eight preference questions, including both ease of writing
measures and both expressiveness measures.
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specifically targeting creative personal identity (e.g., “Creativity is an important part of myself”)

and six statements assessing creative self-efficacy (e.g., “I trust my creative abilities”).

Participants rated their agreement with each statement on a scale ranging from “Definitely Not” to

“Definitely Yes,” providing insight into how participants viewed their creative capabilities and

how central creativity was to their self-concept (Table G). I computed separate subscale scores by

averaging responses across the respective items (five for creative personal identity and six for

creative self-efficacy). Responses were converted to numerical values on a five-point scale, with

higher scores indicating stronger creative identity and greater confidence in creative abilities.

Results: Participants reported moderately high levels of creative identity and efficacy.

Creative Personal Identity (CPI) scores averaged 4.04 out of 5 (𝑆𝐷 = 0.97), with a median of

4.20, indicating that most participants viewed creativity as an important aspect of their

self-concept. The distribution showed some variation, with scores ranging from 1.80 to 5.00.

Similarly, Creative Self-Efficacy (CSE) scores were generally positive (𝑀 = 4.18, 𝑆𝐷 = 0.67),

with a median of 4.50 and a range from 2.67 to 5.00. These results suggest that participants

generally trusted their creative abilities and identified with creativity as a personal characteristic.

The slightly higher mean and lower standard deviation for CSE compared to CPI indicates that

participants were somewhat more confident in their creative abilities than they identified with

creativity as a core aspect of their identity. Notably, 25% of participants rated their creative

self-efficacy at 4.67 or higher, demonstrating substantial confidence in their creative capabilities.

6.5.3.3 Writing attitudes and writing self-efficacy:

Participants were also asked to complete a questionnaire designed to evaluate their own

feelings toward writing and confidence in their writing abilities [63, 159]. The questionnaire

consisted of 11 statements, with six items measuring writing attitudes (e.g., “I usually enjoy

writing”) and five items assessing writing self-efficacy (e.g., “I can put my ideas into writing”).

Participants rated each statement from “Definitely Not” to “Definitely Yes,” providing insight into

participants’ relationships with writing and perceived competence (Table H). I computed separate

subscale scores by averaging responses across the respective items (six for writing attitudes and
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five for writing self-efficacy). Responses were converted to numerical values on a five-point scale,

with higher scores indicating more favorable attitudes towards writing and greater confidence in

writing abilities. When computing the writing attitudes score, I reverse-scored the negative

statement “I try to avoid writing as much as possible.”

Results: Writing-specific measures revealed moderate positive attitudes and self-efficacy.

Writing Attitudes (WA) scores averaged 3.69 out of 5 (𝑆𝐷 = 0.89), with a median of 3.92,

suggesting generally positive but varied attitudes toward writing across participants. Writing

Self-Efficacy (WSE) showed a similar pattern (𝑀 = 3.63, 𝑆𝐷 = 0.86), with a median of 3.70.

Both measures displayed considerable variation, with WA ranging from 1.83 to 5.00 and WSE

ranging from 1.80 to 5.00. Interestingly, the first quartile for both writing measures (𝑊𝐴 = 2.96,

𝑊𝑆𝐸 = 2.95) was noticeably lower than for the creativity measures, indicating that a quarter of

participants had somewhat negative attitudes toward writing or doubted their writing abilities.

The data also revealed that participants generally rated their writing attitudes slightly higher than

their writing self-efficacy, suggesting that some participants may enjoy or value writing despite

feeling less confident in their writing abilities. Only two participants (10%) achieved the

maximum score of 5.00 on both writing measures, compared to three participants (15%) who

scored at or below 2.60 on both measures.

6.5.3.4 AI experience

Participants were also asked to rate their familiarity with and usage patterns of contemporary

large language models. Unlike the original instrument [185], which focused exclusively on

ChatGPT, this adapted version expanded coverage to include five prominent AI systems available

at the time of the study: ChatGPT, Claude, Gemini, Grok, and an option for other AI language

models not listed. For each system, participants indicated their usage frequency on a seven-point

scale ranging from complete unfamiliarity (“I do not know this model”) to frequent engagement

(“Daily use”). DeepSeek was notably absent from this assessment as its public release coincided

with the beginning of study sessions, making questionnaire modifications impractical at that stage.
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Results: Analysis of participants’ prior experience with AI language models, shown in

Figure 6-12, revealed varying levels of familiarity across different systems. ChatGPT was the

most widely used model, with all participants having at least some experience: 30% reported

daily usage, 40% used it several times weekly, and the remaining 30% had occasional experience.

Claude showed moderate familiarity, with 25% of participants using it weekly or daily, though

25% were unfamiliar with the model entirely.

Gemini had higher recognition but lower regular usage than Claude—all participants had at

least heard of the model, but 60% had never used it. Only one participant reported using Gemini

several times a month, which was the highest usage frequency reported for this model. Grok was

the least recognized and had the least usage, with 55% of participants reporting no knowledge of it

and only one participant having used it previously. The remaining 40% had heard of Grok but

never used it. When asked about “other” AI language models, 70% of participants either did not

know or had only heard of alternative models, indicating that participants’ AI experience was

largely concentrated among the major commercial platforms, with ChatGPT being the

predominant system.

6.5.3.5 Language background

At end of the study, participants were asked to complete a questionnaire about their

language background, which were adapted from the Language and Social Background

Questionnaire [6]. It first established the number of languages spoken. For multilingual

participants, it identified whether English was the participant’s first language. If not, participants

were asked to provide their first language. The participants with English as an additional language

were also asked about language exposure across four developmental periods (infancy, preschool,

primary school, and high school) and current language usage patterns across four communication

modalities (speaking, listening, reading, and writing). This information provided context for

understanding potential linguistic factors that might influence participants’ writing processes and

their interaction with AI tools.
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During the oral consent process and study introduction, I informed participants that their

questionnaire responses were valuable for my research, but emphasized their right to skip any

questions they preferred not to answer, without risk to their research participation credit. I

explicitly stated that I would rather participants leave questions blank if they felt uncomfortable or

uncertain (or even just disinclined) to reduce pressure to provide random or false answers simply

to complete the study requirements.

To ensure data quality, I incorporated six attention check questions arranged throughout the

questionnaires. These checks employed various validation methods, following current research

recommendations on detecting inattentive responding [42]. Based on attention check

performance, three participants with multiple failures were excluded from analysis. A detailed

description of the attention check methodology, scoring system, and exclusion criteria is provided

in Appendix K.

6.6 Discussion

The overarching aim of this study is to investigate how conversational AI influences both the

narrative writing process and the resulting narrative artifacts. This findings of this study provide

insight into divergent patterns of creative task agency and delegation and balancing creative

control with technological assistance. During the AI-assisted writing condition, some participants

maintain creative control over both ideation and authorship, while others delegate extensively to

the AI agent across both dimensions.

This discussion examines these patterns and their implications through a central narrative:

the balancing of creative agency between human and AI in collaborative writing. First, I present

key observations about the distribution of creative agency between human writers and AI,

analyzing the emerging typography of collaboration strategies and their relationship to creative

ownership. Second, I investigate how dialogue patterns serve as mechanisms through which this

agency is negotiated, revealing how different approaches to AI engagement correspond to different

distributions of creative responsibility. Third, I discuss the linguistic and semantic consequences
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of these agency decisions, identifying a fundamental tension between individual enhancement and

collective homogenization.

Throughout this discussion, I integrate quantitative findings with qualitative insights to

construct an understanding of how people incorporate AI into their creative processes.

6.6.1 Creative Agency and Ownership in Human–AI Collaboration

6.6.1.1 Creative agency-delegation typography

The two-dimension content attribution analysis reveals distinct patterns in how participants

distributed creative responsibility between themselves and the AI agent. As illustrated in Figure

6-7, participants cluster primarily in either the High Agency quadrant (52.2%) where they

maintained control over both ideation and textual expression, or the High Delegation quadrant (9),

where they ceded all textual expression and most, or all, ideational responsibilities to the agent. A

small minority (2) are classified into the Expressive Delegation quadrant, where they contributed

more of their own ideas, but still relied heavily on AI-generated text.

This polarization suggests that writers may conceptualize AI collaboration in binary

terms—either as a tool under their direction or as an independent creator to whom they delegate

responsibility—rather than as a fluid partnership with shared creative control. The clustering in

opposing quadrants suggests that people tend toward either maintaining high creative ownership

or substantially delegating the creative process, with few adopting hybrid approaches.

Moreover, the complete absence of participants in the Conceptual Delegation quadrant,

which represents using predominantly AI-originated ideas expressed through participant-authored

text, reveals a fundamental asymmetry in how creative control is valued during human-AI

collaboration, suggesting that more value is placed on the conceptual direction than the technical

execution.

Figure 6-8 provides further insights into how participants integrated AI contributions to

their narratives. High Agency participants typically incorporate AI contributions as discrete,

bounded segments within predominantly self-authored narratives. This selective integration

suggests an instrumental view of AI as an occasional advisor or assistant rather than a true
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collaborator. In contrast, High Delegation participants produced narratives with large, continuous

blocks of AI-authored text, often with minimal intervention between requests. This pattern

suggests these participants may view their creative role fundamentally differently—perhaps as

directors who specify a vision but delegate execution or as curators who select and approve

content rather than generating it directly.

Interestingly, despite having fewer interactions with the agent on overall, the High Agency

quadrant displays greater variation in content integration compared to the High Delegation

quadrant. Some High Agency participants incorporate small segments of AI-generated text or

AI-originated ideas throughout their narratives, while others used AI contributions only at specific

points in the narrative development. This variation indicates that even among those who maintain

high creative agency, there are multiple strategies for integrating AI contributions.

6.6.1.2 Dialogue strategies as mechanisms for managing creative agency

The dialogue act analysis reveals how participants’ interaction strategies correspond to

different patterns in the Agency-Delegation Typology. The overwhelming prevalence of request

dialogue acts (95% of all interactions) suggests that participants primarily approached the AI as a

tool to accomplish specific tasks rather than as a collaborator or conversational partner. Within

this framework, three distinct interaction strategies emerge from the analysis, discussed in Section

6.5.2, each corresponding to different patterns of creative control: Bounded Content Generation,

Unbounded Content Generation, and Information-Seeking.

The contrast between content generation and information-seeking strategies reveals

fundamentally different conceptualizations of the AI’s role in the creative process. Participants

who primarily used content generation requests position the AI as a co-creator or primary content

producer, delegating substantial creative responsibility. In contrast, those who primarily made

information-seeking requests position the AI as an advisor or resource while maintaining primary

creative control themselves. This distinction demonstrates how dialogue strategy directly shapes

the AI’s functional role within the creative partnership.
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Furthermore, the significant differences in dialogue diversity across attribution quadrants

reveal how interaction strategy shapes creative outcomes. High Agency participants employed a

much wider range of dialogue strategies, including information seeking, evaluation, and mixed

approaches. This diversity suggests a more flexible, selective engagement with AI capabilities. In

contrast, High Delegation participants almost exclusively used content generation strategies, with

most adopting primarily bounded approaches. This pattern indicates that dialogue diversity itself

may be a mechanism for maintaining creative control—by engaging with the AI across multiple

dimensions, participants maintain greater agency in the creative process.

The ratio analysis provided particularly compelling evidence of this relationship—the ratio

of content generation to total requests was much higher in High Delegation (0.982) and Expressive

Delegation (1.0) compared to High Agency (0.486). Conversely, the ratio of information seeking

to total requests was much higher in High Agency (0.375) compared to High Delegation (0.008).

These findings demonstrate that dialogue strategy strongly predicts creative attribution outcomes,

establishing a clear connection between interaction patterns and agency distribution.

6.6.2 Enhancement and Homogenization

The linguistic analyses revealed a trade-off in AI-assisted creative writing: while AI

assistance enhances certain aspects of individual texts, it simultaneously appears to constrain the

diversity of expression across writers. This trade-off represents an important aspect of

understanding the impact of AI assistance on narrative artifacts.

At the most basic level, AI-assisted texts were significantly longer than individually written

texts, with a medium-to-large effect size. However, the substantial variance in the AI-assisted

condition (variance ratio exceeding 19) reveals that AI’s impact on text production varies

dramatically across individuals. While some participants leveraged AI to produce substantially

longer narratives, others showed more modest increases. This variability, shown in Figure 6-13,

suggests that AI assistance does not deterministically increase production but rather amplifies

individual differences in how writers engage with the technology.
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Beyond simple text length, the significant increases in lexical diversity (MSTTR) and

sophistication (LS1) (Section 6.4.2) in AI-assisted texts suggest that AI collaboration may enhance

certain dimensions of linguistic quality. Participants working with AI produced texts with more

varied vocabulary and more sophisticated word choices. However, no evidence of changes in

syntactic features emerge in measures of sentence complexity, coordination, or subordination.

Additionally, analysis of referential cohesion (Section 6.4.3) indicated a significant

interaction between condition and text length. In individual writing, referential cohesion

decreased as text length increased. In contrast, AI-assisted texts maintained more consistent, but

generally lower, referential cohesion regardless of length, and may flatten variations in cohesion as

text length increases.

Perhaps the most interesting finding is the significant increase in semantic homogeneity

among AI-assisted narratives, despite their greater lexical diversity. While AI-assistance may

enhance the linguistic sophistication of individual narratives, it appears to constrain the diversity

of conceptual approaches across different writers.

The hierarchical clustering dendrograms (Figure 6-14) visualize this homogenization effect,

with AI-assisted narratives forming more compact clusters with shorter branch heights. These

visualizations reveal the substantial differences in semantic homogeneity between conditions. The

AI-Assisted condition (left) demonstrates more compact clustering with shorter branch heights,

indicating stronger semantic similarities between narratives. Particularly notable is the formation

of two distinct clusters (shown in blue and orange), suggesting that AI-assisted narratives

converged toward common semantic patterns. In contrast, the Individual condition (right) displays

greater branch heights and more varied clustering patterns, with multiple smaller clusters of

different colors representing greater semantic diversity. Additionally, the dendrogram branches in

the Individual condition extend higher up the y-axis, indicating greater semantic distances

between narratives. This finding raises important questions about AI’s influence on creative

diversity: does AI assistance, while enhancing certain aspects of individual texts, ultimately

narrow the range of creative expressions across writers?
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When considered in relation to the agency distribution patterns discussed earlier, these

linguistic findings suggest a deeper connection between creative agency and textual outcomes.

The homogenization effect appears to be an emergent property of distributed creative agency: As

participants delegate more creative responsibility to the AI, their narratives converge toward

common semantic patterns despite surface-level linguistic diversity. This tension between

individual enhancement and collective homogenization may be an important consideration for

educational contexts, creative writing communities, and professional content creation, where

maintaining diverse perspectives and approaches is often valued.

6.6.3 Implications for Human-AI Co-Creativity

The polarized distribution of creative agency suggests that current AI writing tools may

encourage binary rather than nuanced collaborative relationships. This has implications for how

we design, teach about, and evaluate AI writing assistants. Future interfaces might need to

explicitly support intermediate collaboration patterns that balance human and AI contributions,

while educational approaches should help users recognize and explore the full spectrum of

possible collaborative relationships rather than defaulting to either minimal or maximal delegation.

The strong relationship between dialogue strategies and creative outcomes suggests that

interaction patterns could serve as early indicators of how users will distribute creative

responsibility. This could inform the development of adaptive systems that recognize and respond

to different collaboration styles. For example, systems could identify when users are employing

primarily content generation requests and offer alternative interaction strategies to help them

maintain creative ownership if desired, or provide tailored support based on detected dialogue

patterns.

The tension between individual text enhancement and collective homogenization suggests a

fundamental challenge for AI-assisted creativity. Educational institutions, creative industries, and

AI developers must consider whether the linguistic benefits of AI assistance outweigh potential

constraints on creative diversity. This trade-off may necessitate new approaches to diversifying AI

outputs, such as personalization techniques that specifically optimize for uniqueness across users,
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or educational practices that emphasize maintaining distinctive voice while leveraging AI

capabilities.

The absence of Conceptual Delegation patterns indicates that users may value idea

ownership more highly than textual execution when collaborating with AI. This hierarchy of

creative control could inform future models of creative attribution and responsibility in human-AI

collaboration. For instance, attribution frameworks might need to distinguish between conceptual

and textual contributions, while educational assessment may need to place greater emphasis on

evaluating students’ conceptual input rather than their textual execution. Similarly, AI writing

interfaces could be designed to better support humans in maintaining conceptual control while

offering textual assistance.

The significant differences in linguistic features between AI-assisted and individual writing

raise important questions for educational assessment. Traditional writing evaluation metrics may

need reconsideration in contexts where AI assistance is available. Educators might need to

develop new assessment approaches that focus on the writing process rather than just the final

product, evaluate students’ critical engagement with AI suggestions, or place greater emphasis on

aspects of writing that remain distinctly human despite AI assistance, such as the development of

a personal voice or the integration of lived experience into narrative.

6.7 Limitations and Future Directions

While this study provides valuable insights into patterns of human-AI co-creativity, several

limitations suggest directions for future research. The sample size (n=23) and demographic

homogeneity (university students) limit generalizability, suggesting the need for larger-scale

investigations across diverse populations. The laboratory setting, while enabling controlled

comparison, may have influenced natural writing behaviors; future studies in more naturalistic

contexts could validate these patterns.

Additionally, this study captured a snapshot of co-creative writing at a specific technological

moment. As AI capabilities evolve, so too may patterns of human-AI creative collaboration.

Longitudinal studies could track how these patterns shift over time as users gain familiarity with
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AI tools and as the tools themselves advance, providing insight into the dynamic evolution of

human-AI creative relationships.

Future research might also explore how different prompting or interface designs influence

the distribution of creative agency, how collaboration patterns vary across different creative

domains beyond narrative writing, and how individual differences in creative identity and writing

experience moderate engagement with AI assistance. These investigations would further enrich

our understanding of the complex interplay between human creativity and AI capability.
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Figure 6-7. Co-creative attribution mapping of participants’ artifacts (n=23) across ideational and
textual source dimensions. The x-axis represents the distribution between
participant-originated and AI-originated ideas; the y-axis represents
participant-authored versus AI-authored text. Quadrants indicate distinct co-creative
patterns: High Agency (top right), High Delegation (bottom left), Expressive
Delegation (bottom right), Conceptual Delegation (top left). Asterisks indicate
multiple participants at the same position.
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Figure 6-8. Distribution and sequence of different attribution sources across participant
documents. Each segment’s width represents its proportional percentage of the total
document text.
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Figure 6-9. Heatmap showing the distribution of request types across attribution quadrants. Cell
values indicate the raw count of each request type.
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Figure 6-10. Post-Activity Likert Responses by Writing Condition. Box plots showing the
distribution of participant ratings (1-5 scale, 1=Strongly Disagree, 5=Strongly
Agree) across eight writing experience metrics, comparing AI-assisted (orange) and
individual (blue) writing conditions.

Figure 6-11. Bar chart showing count of participants’ preferences when required to select either
the AI-assisted (orange) or individual (blue) writing condition for each of eight
writing experience metrics.
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Figure 6-12. Distribution of experience levels across five AI systems. Experience levels range
from “I do not know this model” (leftmost) to “Daily” usage (rightmost).

Figure 6-13. Text lengths comparing AI-Assisted and Individual Writing. Points above the
diagonal line indicate longer text with AI assistance.
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Figure 6-14. Hierarchical clustering dendrograms visualizing semantic similarities between
narratives. The y-axis represents distance (1 - similarity), with lower values
indicating higher similarity. Left: AI-Assisted condition shows tighter clustering
with smaller distances between stories, forming more distinct groups (orange and
blue clusters). Right: Individual condition exhibits greater semantic diversity with
larger distances between clusters and more varied branching patterns.
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CHAPTER 7
CONCLUSION

This dissertation investigates human-AI co-creativity through a series of studies examining

collaboration in different creative domains. The research addresses the following questions:

1. What are the dialogue states that characterize the co-creative process between learners, and

how do learners transition between these dialogue states?

2. What are the relationships between the outcome of partner satisfaction and the dialogue that

comprise the co-creative process?

3. What challenges and opportunities emerge when designing and evaluating a co-creative AI

for an expressive CS learning environment?

4. How does conversational AI assistance impact the users’ final narrative artifacts in terms of

text length, linguistic complexity, and cohesion compared to narratives written individually?

5. How does conversational AI assistance influence users’ creative decision-making and

narrative development?

This chapter summarizes the research progression, synthesizes key findings across the

studies, discusses limitations and future research directions, and offers concluding remarks.

7.1 Summary of Research Progression and Findings

This section outlines the core findings corresponding to the progression of the research

presented in the preceding chapters.

7.1.1 Studies 1 & 2: Understanding Co-Creativity

This dissertation establishes a foundational understanding of co-creativity through analysis

of human-human co-creativity within a computational music remixing context. In the work

reported in Chapter 3, I employ a hidden Markov model and identify seven distinct dialogue states

that characterize the co-creative process between learners in a computational music remixing

environment: Social Dialogue, Aesthetic Dialogue, Curriculum Browsing, Code Editing,
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Technical Dialogue, Compilation Success, and Compilation Error. This analysis reveals how

learners transition between these states during co-creative work, with most sessions beginning in

Social Dialogue before moving through various combinations of creative and technical states.

The identification of these dialogue states provides insights into the structure of co-creative

interactions. Particularly significant is the distinction between Aesthetic Dialogue—characterized

by creative proposals and acceptances—and Technical Dialogue—focused on code features and

task requirements. This distinction highlights the dual nature of co-creativity, which requires

navigating both creative expression and technical implementation.

Building on this foundation, Chapter 4 examines the relationship between these dialogue

states and partner satisfaction, finding that sustained dialogue, particularly during challenges,

correlates with higher partner satisfaction, whereas specific state transitions (e.g., Aesthetic to

Technical Dialogue) and reduced dialogue post-transition to coding are associated with lower

partner satisfaction. These studies characterize co-creative dialogue patterns and linked them to

collaborative outcomes.

7.1.2 Study 3: Design and Evaluation of a Co-Creative AI Agent

Informed by the findings on human-human collaboration, Chapter 5 details the iterative

design and evaluation of EarSketch CAI, a co-creative AI (CAI) agent intended to support

students learning computational music creation. We designed CAI to support both the aesthetic

and technical facets of the co-creative process. The study reveals divergent user expectations:

some users primarily seek creative assistance (sound suggestions), while others primarily seek

debugging support. This variation in expectations parallels the division of labor between the

aesthetic and technical aspects of the projects observed in human-human collaboration.

Additionally, the findings reveal adoption challenges that are absent in human-human

collaboration, suggesting that students need time to understand, explore, and feel comfortable with

the new technology.

Finally, the summer camp interviews reveal how students’ experiences with other AI agents,

particularly large language models like ChatGPT, shape their expectations of other AI agents.
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This finding highlights the importance of considering users’ broader technological context when

designing co-creative AI systems.

7.1.3 Study 4: Impact of AI Assistance on Narrative Writing

Building upon the insights gained from studying human-human dialogue and designing the

CAI agent, Chapter 6 investigates the effects of conversational AI assistance on narrative writing.

Analysis of the resulting artifacts reveals that AI assistance leads to significantly longer texts with

increased lexical diversity (MSTTR) and sophistication (LS1), but also significantly higher

semantic similarity across narratives compared to unaided writing.

Additionally, the analysis of the creative process reveals a polarization of creative agency:

participants tended towards either High Agency (maintaining control) or High Delegation (ceding

control to the AI), with few adopting intermediate approaches. Dialogue analysis indicates that

interaction strategies predict agency distribution; High Agency users employ more diverse

strategies, while High Delegation users predominantly make content generation requests.

These findings suggest that AI assistance does not deterministically shape creative outcomes

but rather reflects individual differences in how people approach creative collaboration. The

substantial variation in agency distribution, dialogue strategies, and resulting artifacts suggests

that understanding these individual differences is important for designing effective co-creative

systems.

7.2 Dynamics of Co-Creative Partnership

The findings across these studies, spanning different domains and methodologies, reveal key

dynamics of human-AI creative partnerships.

7.2.1 The Centrality of Dialogue in Collaboration

A central finding is that co-creativity, regardless of the partners’ nature (human or AI), is

fundamentally rooted in dialogue. The analysis of human-human music remixing (Chapter 3)

identified distinct dialogue states (e.g., Social, Aesthetic, and Technical Dialogue) for navigating

the co-creative process. These states reveal the dynamic shifts between creative exploration and

technical execution. This understanding directly informs the design of the EarSketch CAI system
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(Chapter 5), which supports both the creative and technical facets of computational music creation

through targeted dialogue modules.

The importance of dialogue patterns persisted in the human-AI narrative writing context

(Chapter 6). Interaction strategies significantly correlate with how creative agency was distributed.

Participants maintaining high control over the artifact (High Agency) utilize a diverse range of

request dialogue acts. Conversely, those delegating significant responsibility (High Delegation)

rely almost exclusively on content generation requests. The stark difference in the content

generation request ratio between High Delegation (0.982) and High Agency (0.486) underscores

how dialogue strategies reflect and shape the collaborative dynamic and agency distribution.

These findings demonstrate a consistent relationship between interaction patterns and

co-creative outcomes across different domains and collaborator types.

7.2.2 Agency, Asymmetry, and Creative Contribution in Human-AI Interaction

While dialogue forms a common foundation, a critical distinction arises in the asymmetry

inherent in current human-AI collaborations compared to human-human partnerships. Unlike

human collaborators who share agency and intrinsic motivation, AI systems currently lack

genuine ownership or creative intent. This asymmetry shapes human engagement with AI

partners. In the narrative writing study (Chapter 6), the AI’s lack of agency allowed users to fully

control the distribution of responsibility, leading to the observed polarization (High Agency vs.

High Delegation). This finding contrasts with the more balanced negotiated agency dynamics

typical of human-human collaboration (Chapter 4).

The research indicates that users conceptualize and interact with AI creative partners in

different ways, often adopting relatively simplistic or binary views of the AI’s utility. The

formative evaluation of CAI (Chapter 5) shows users seek one of two distinct types of

help—aesthetic or technical. This parallels the findings in narrative writing (Chapter 6), where

dialogue strategies reflect primarily two views of the AI: as a content producer (delegation via

generation requests) or as an advisor/resource (agency via information-seeking/evaluation),

neglecting a wider spectrum of potential collaborative interactions.
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Additionally, the prevalence of request dialogue acts (Chapter 6) further suggests that users,

even when delegating, primarily interacted with the AI as a means to an end, rather than a peer

collaborator.

7.3 Open Questions and Future Research Directions

This dissertation, while providing significant insights, raises fundamental questions and

highlights promising avenues for future research into human-AI co-creativity.

7.3.1 Creative Identity and AI Engagement

The polarization in agency distribution observed in the narrative writing study and the

divergent support-type expectations of learners during the CAI evaluations suggests that

individual differences shape how people engage with AI creative tools. These findings raise new

questions: What aspects of creative identity, experience, or self-efficacy predict different patterns

of engagement? and How might these factors be addressed in the design of co-creative systems?

Future research should investigate how factors such as creative identity, self-efficacy, prior

experience, and creative goals influence patterns of AI engagement. Understanding these

individual differences could enable more personalized approaches to co-creative system design

and more targeted interventions to support beneficial integration of AI into creative practices. It

could also identify which individuals might be most susceptible to over-reliance on AI assistance

and inform strategies to mitigate this risk.

7.3.2 Evolution of AI from Tools to Creative Partners

The overwhelming prevalence of request dialogue acts (95% of all interactions) during the

narrative writing study suggests that participants primarily approach the AI as a tool to

accomplish specific tasks rather than as a collaborator or conversational partner. If the goal is to

create AI agents that function as true co-creative partners, we must ask: What capabilities lead to

AI systems that function more as collaborative partners with their own creative contributions and

perspectives?

Future research should investigate how to design AI systems that can function more as true

creative partners rather than tools. This could involve developing AI capabilities that go beyond
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responding to requests to include proactive contributions, negotiation of creative direction, and

even advocacy for particular aesthetic choices. Such systems might bridge the asymmetry

observed in current human-AI creative collaborations, potentially enabling new forms of

co-creativity that more closely resemble balanced human-human partnerships.

7.3.3 The Tradeoff Between Individual Linguistic Enhancement and Collective
Homogenization

The tension between individual linguistic enhancement and collective homogenization

represents a fundamental challenge with direct implications for education: While AI assistance

can elevate the surface features of student writing, the tendency towards greater semantic

similarity raises concerns about the development of unique authorial voice and diverse

perspectives. This poses significant challenges for assessment: How can educators differentiate

between genuine improvement in writing skill and effective leveraging of AI tools? Does a higher

score on lexical sophistication reflect deeper understanding or simply access to a better tool?

Traditional assessment rubrics focusing solely on the final product may become inadequate.

Future research and pedagogical development must address this tradeoff. This includes

exploring assessment methods that focus on the writing process: evaluating students’ critical

engagement with AI suggestions, their ability to integrate AI contributions coherently, and their

judgment in maintaining their own voice and goals.

Furthermore, investigating how different AI architectures or prompting strategies might

mitigate homogenization while still providing beneficial support is an important technical and

human-computer interaction design challenge. A central question for the design of these future

systems is: How might we design systems that enhance individual creative capabilities without

constraining diversity across creators? Answering this requires exploring innovations in

interaction techniques, model transparency, and user control mechanisms that empower creators

while leveraging AI strengths.
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7.3.4 Long-term Implications for Human Creative Development

The patterns of delegation observed in the narrative writing study raise important concerns

about long-term effect of AI integration into creative practices and educational contexts. The

substantial proportion of participants (39.1%) who delegated most or all creative responsibility to

the AI suggests a potential pathway towards over-reliance that could have long-term implications

for human creative skill development and expression, including the development of foundational

writing skills such as brainstorming, drafting, revision, and cultivating an authorial voice. As AI

tools become increasingly integrated into creative practices and in classrooms, we must ask: Could

over-reliance on AI assistance potentially atrophy certain creative capacities or foundational

skills in humans? How does long-term AI assistance affect the development of independent human

creative skills? How do patterns of creative agency shift as users become more familiar with AI

capabilities? Do users who initially delegate extensively to AI eventually develop more balanced

collaboration strategies? and What teaching strategies can effectively leverage AI tools to

enhance learning without replacing the essential practice needed for skill acquisition?

Longitudinal studies tracking how patterns of human-AI creative collaboration evolve over

time would provide crucial insights into the long-term developmental implications of AI-assisted

creativity.

7.4 Concluding Remarks

This dissertation demonstrates that human-AI co-creativity is not a uniform phenomenon

but rather a diverse landscape of engagement patterns, observed across both computational music

remixing and narrative writing, each with distinct implications for creative processes and

products. The integration of AI into creative practices is not simply adding new capabilities but

transforming the creative process itself. The patterns observed—from the polarization in agency

distribution to linguistic enhancement coupled with semantic homogenization—suggest that we

are witnessing the emergence of new creative paradigms that challenge traditional notions of

authorship, originality, and creative identity.
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Additionally, the patterns of agency negotiation observed and user expectations of type of

support suggest that there is no single answer to how humans collaborate with AI; different

individuals conceptualize and engage with AI-assisted creativity in fundamentally different ways.

Understanding these differences, and designing systems that respect this diversity, will be

essential for realizing the transformative potential of human-AI co-creativity while preserving the

richness and diversity of human creative expression.

Ultimately, this research suggests that the most promising path forward lies not in

positioning AI as either a replacement for or as a simple enhancement of human creativity, but

rather as a complex collaborator whose integration requires careful consideration of interaction

dynamics, user agency, and potential trade-offs. By recognizing and seeking to understand both

the potential benefits and the limitations of AI assistance, we can work toward co-creative systems

that genuinely support human creativity in all its diversity rather than inadvertently constraining it.
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APPENDIX A
DIALOGUE ACT TAXONOMY FOR HUMAN-HUMAN CO-CREATIVITY

Table A-1. Taxonomy of co-creative dialogue act labels. Tags that occurred with less than 5%
probably in all hidden states and that do not appear in the examples presented in this
paper are not included in this table.

Dialogue act
label

Relative
Frequency
in Corpus

Description Examples

Statement
(Stmnt)

17.14% Utterance of info or explanation,
or something that exists in the
coding workspace

well we also have to make
a loop

Social (Soc) 14.11% A general salutation, off-task
comment, or display of remorse.
Plays some social function not
captured in the other tags

how are you?

Proposal (P) 12.32% An assertion of creativity, related
to code or music, for the partner
to consider

we should do some beats in
the background

Directive
(Dir)

11.55% An utterance used to set task re-
sponsibilities for each or a single
partner

We should focus on the
custom function first

Confusion
(Con)

10.41% Seeking help, expressing confu-
sion, lack of knowledge, or uncer-
tainty

What are those variables
for?

Acknowledgement
(Ack)

6.35% Accepting the content of the pre-
vious utterance or series of utter-
ances

yeah

Passing Re-
sponsibility
(PR)

6.17% Passing creative or technical
choice to partner

Do you know what sounds
you would like to use?

Proposal Ac-
ceptance (Pro-
posalAccept)

5.67% Accepting a partner’s addition or
assertion to the co-creative men-
tal model shared by both partners

yeah jazzand dubstep
sounds fine

Positive
Feedback
(PosFdbk)

5.29% Positive response relating to
something the partner accom-
plished within the scope of the
task

I liked the piano thing you
did

Directive
Acceptance
(DirAccept)

3.97% Response to a partner accepting
the dictation of flow or direction
of project

ok i will figure out a make-
beat

Non-positive
Feedback
(NPosFdbk)

2.29% Non-positive response relating to
something incorrectly done by the
partner within the scope of the
task

it doesnt sound as good as
i thought it would
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APPENDIX B
HIDDEN MARKOV MODEL DIAGRAM

Figure B-1. The learned HMM with 𝑛 = 7 hidden states. Rectangles represent hidden states, and
probability distributions within each rectangle indicate emission probabilities.
Arrows among hidden states represent transition probabilities. The lower right table
displays initial probabilities (probability of a dialogue session beginning in that state)
and stationary distribution (proportion of interactions that occur in each state over the
long run).
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APPENDIX C
CAI DESIGN COMPONENTS

Table C-1. Design elements and capabilities in the third CAI prototype, organized by primary
system modules. Changes across versions are noted.

Module Component Description
Interface Chat Window Dialogue selection and view of messages be-

tween user and CAI
Menu Navigationb Structured topic-specific menus (Music,

Help, Controls) enabling direct access to CAI
capabilities

Message Notificationa The CAI/Curriculum toggle button flashes
when CAI utters a message

Analysis Complexity Calculator Evaluates student projects based on demon-
strated knowledge of EarSketch curriculum
concepts

Sound Profile Converts track listing into a representation of
sounds and effects by section and measure

Code Suggestion Weighted Decision-Makingb Adaptive suggestion system using user ac-
tions and historical effectiveness to select and
prioritize recommendations

Dialogue Dialogue Tree Menu-based interactions to navigate a tree
representing creative phases of student-
student pairs

Project Modelinga Allows users to set project specifications to
tune CAI suggestions

Sound Recommendationb Enhanced system incorporating key signa-
tures and beat complexity for more musically
compatible suggestions

Curriculum Linksa Adds interactive links to code suggestions
that navigate to relevant Curriculum pages

Error Handling Code Analysisb Enhanced parsing system for context-aware
error interpretation

Solutionsb Expanded debugging suggestions integrating
console errors and solution generation

a Second prototype changes
b Third prototype changes
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APPENDIX D
WARMUP ACTIVITIES

D.1 AI Assisted Warmup

Figure D-1. Warmup Activity: AI Assisted Condition

D.2 Individual Warmup

Figure D-2. Warmup Activity: Individual Condition
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APPENDIX E
WRITING PROMPTS

E.1 AI Assisted Condition Writing Prompt

Figure E-1. Writing Activity: AI Assisted Condition

E.2 Individual Condition Writing Prompt

Figure E-2. Writing Activity: Individual Condition
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APPENDIX F
POST-ACTIVITY QUESTIONNAIRE

Table F-1. Post-Activity Evaluation. Likert Statements: Completed after each activity. Each
statement will be rated with one of the following choices: Strongly Disagree, Disagree,
Neither Agree nor Disagree, Agree, Strongly Agree. Comparative Questions:
Completed after the second post-activity Likert questionnaire. Asks participants to
choose between individual and AI conditions. Adapted from [82].

Metric Likert Statement Comparative Question
Fun Writing the short story was fun What was the most fun way to write

a short story?

Enjoyment I would like to write short sto-
ries in this way in the future

With what method would you prefer
to write short stories in the future?

Expressiveness
(Creativity)

I was able to be creative With what method were you able to
be the most creative?

Expressiveness
(Self-Expression)

I was able to express my own
thoughts well

With what method were you able to
best express yourself?

Outcome
Satisfaction

I am happy with the short story
I wrote

With which method did you write
the short story you were most satis-
fied with?

Ease of writing
(Starting)

It was easy to start writing With which method was it easiest to
start writing a short story?

Ease of writing
(Finishing)

Writing was easy With what method was it easiest to
finish a short story?

Ownership The finished short story is mine With which method did you write
the short story you felt was most
yours?
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APPENDIX G
CREATIVE SELF-EFFICACY AND CREATIVE PERSONAL IDENTITY QUESTIONNAIRE

Table G-1. Questions about creative self-efficacy (CSE) and creative personal identity (CPI)[86].
Participants rated each statement from “Definitely Not” to “Definitely Yes.”

Statement Type
I think I am a creative person CPI
My creativity is important for who I am CPI
I know I can efficiently solve even complicated problems CSE
I trust my creative abilities CSE
My imagination and ingenuity distinguishes me from my friends CSE
Many times I have proved that I can cope with difficult situations CSE
Being a creative person is important to me CPI
I am sure I can deal with problems requiring creative thinking CSE
I am good at proposing original solutions to problems CSE
Creativity is an important part of myself CPI
Ingenuity is a characteristic that is important to me CPI
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APPENDIX H
WRITING ATTITUDES AND WRITING SELF-EFFICACY QUESTIONNAIRE

Table H-1. Questions assessing writing attitudes (WA) and writing self-efficacy (WSE) [63, 159].
Participants rated each statement from “Definitely Not” to “Definitely Yes.”

Statement Type
I usually enjoy writing WA
The process of writing is satisfying for me WA
I think that writing is interesting WA
I try to avoid writing as much as possible WA
I like to write at home WA
Writing is a good way to spend my time WA
I can think of many ideas for my writing WSE
I can put my ideas into writing WSE
I can think of many words to describe my ideas WSE
I can think of a lot of original ideas WSE
I know exactly where to place my ideas in my writing WSE
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APPENDIX I
LANGUAGE BACKGROUND QUESTIONNAIRE

Table I-1. Language Background Questionnaire derived from The Language and Social
Background Questionnaire [6].

Question Response Options

How many languages do you speak? 1; 2; 3 or more

Is English your first language?1 Yes; No

What is your first language?2 Open text response

Please indicate which language(s) you most frequently heard or used in the following life stages,

both inside and outside home:1

Infancy; Preschool Age; Primary School age; High School Age All English; Mostly English;

Half English half other lan-

guage; Mostly other language;

Only other language

In the past 12 months, of the time you spend engaged in each of the following activities, how

much of that time is carried out in English?1

Speaking; Listening; Reading; Writing None; Little; Some; Most; All

1 Only shown if participant selected the 2 and 3 or more responses for the ”How many languages

do you speak?” question.
2 Only shown if participant indicates English is not their first language.

179



APPENDIX J
HIERARCHICAL CODING SCHEMA FOR REQUESTS IN AI-ASSISTED WRITING

Table J-1. Primary Dialogue Acts
Label Definition Indicators Examples
Request User asks the AI to

perform a task, provide
information, or give
feedback.

Imperative verbs,
questions, direct or
indirect requests

”Write a paragraph
about dolphins.”
”What’s the difference
between irony and
sarcasm?” ”Can you
review this paragraph?”

Clarification/
Elaboration

User provides additional
information or
explanation (without
making a request).

User explaining
their own meaning,
adding context to
previous
statements,
correcting
misunderstandings

”What I meant was the
protagonist should be
more reserved.” ”The
story is set in the
1920s.” ”Actually, I was
thinking of a
first-person
perspective.”

Assessment User provides
evaluation or judgment
about AI-generated or
their own content.

Expressions of ap-
proval/disapproval,
evaluative
statements

”I like the way you
described the setting.”
”This dialogue doesn’t
sound natural.” ”The
pacing feels too slow
here.”

Other Any communication
that doesn’t fall in the
above categories.

”Thank you.” ”Let’s
continue tomorrow.”
”I’m taking a break
now.”
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APPENDIX K
QUESTIONNAIRE ATTENTION CHECK QUESTIONS

K.1 Attention Check Measures

To ensure data quality and participant engagement throughout the study, I incorporated a

series of six attention check questions (AQ1-AQ6) strategically placed within the questionnaires.

These attention checks were designed to verify that participants were reading and responding

thoughtfully to questionnaire items rather than selecting responses at random. There were several

types of attention check questions, detailed in Table K-1, to avoid predictability and strengthen

validity [42].

Table K-1. Description of Attention Check Questions
Label Type Description

AQ1 Directive check Instructed participants to select “Somewhat Not” for a specific
question. Located in the attitudes questionnaire.

AQ2 Plausibility check Asked participants to indicate agreement with the impossible
statement: “I have never written anything in my entire life.” The
correct response was disagreement.

AQ3 Recognition check Asked about usage of the fictitious AI model “QuantumGPT.”
The correct response was “I do not know this model” (full credit)
or “I have heard about it, but have not used it” (partial credit).

AQ4 Factual verification Asked “With which method did you have a chat box available?”
The correct response was “AI Assisted,” as chat functionality was
only available in the AI-assisted condition.

AQ5 Logical consistency Presented the statement “Writing was difficult” and expected
a response logically opposite to the participant’s earlier an-
swer to “Writing was easy.” For example, if a participant se-
lected “Strongly Agree” that writing was easy, they should select
“Strongly Disagree” that writing was difficult.

AQ6 Directive check Instructed participants to select “Strongly Disagree” for a specific
question. Located in the library questionnaire.

The attention checks covered various question formats and were distributed across different

sections of the study to maintain consistent attention monitoring throughout the participant

experience.
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K.2 Scoring Methodology

I implemented a nuanced scoring system for attention checks (1.0 points for correct answers,

0.5 for acceptable but imperfect responses, and 0.0 for incorrect answers). This approach

acknowledged that some items might have reasonable alternative interpretations while still

demonstrating attention. For example, partial credit was awarded for claiming recognition of, but

not using, the fictitious AI model in AQ3, or providing nearly opposite responses in the logical

consistency check in AQ5.

K.3 Attention Check Results

The attention check analysis revealed generally high compliance, with a mean score of 5.46

out of 6 possible points (SD = 0.903) across the 23 participants. The majority of participants

(69.6%, n = 16) successfully passed all attention checks with full credit. Five participants (21.7%)

received partial credit (0.5 points) on a single attention check while still answering all others

correctly, and two participants (8.7%) earned 5 out of 6 total points. The remaining three

participants (13.0%) scored below 4 points, indicating multiple attention check failures.

Question-level performance (Table K-2) varied slightly, with pass rates ranging from 73.9%

(AQ5) to 95.7% (AQ1 and AQ4). The logical consistency check (AQ5) proved most challenging,

though still with high overall compliance. The fictitious AI model check (AQ3) showed the

highest partial credit rate (21.7%), supporting the decision to implement nuanced scoring.

Based on these results, I excluded the three participants (IDs 31, 64, and 81) who scored

below 4 points on the attention quality ratings, as their responses indicated potential inattentive or

careless responding. Detailed examination of their response patterns confirmed systematic issues

with attention check compliance:

Table K-2. Attention Check Response Rates (%) by Question
AQ1 AQ2 AQ3 AQ4 AQ5 AQ6

Pass Rate (%) 95.65 91.3 78.26 95.65 73.91 91.3
Partial Credit Rate (%) 0.00 0.0 21.74 0.00 17.39 0.0
Fail Rate (%) 4.35 8.7 0.00 4.35 8.70 8.7
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• Participant 31 incorrectly answered AQ2 (claiming to have never written anything),
received partial credit on AQ3 (claiming knowledge of the fictitious model), and selected
the same response for the contradictory statements (AQ5).

• Participant 64 claimed knowledge of the ficticious model (AQ3), selected “Agree”
responses for both contradictory state ments (AQ5) and selecting “Somewhat Agree” when
instructed to select “Strongly Disagree” on AQ6.

• Participant 81 selected incorrect responses on both of the Directive check questions (AQ1
and AQ6), and selected the “Individual” option when asked to select the condition with the
chat window (AQ4).

Further examination of these participants’ non-attention check responses revealed additional

patterns suggesting careless or inconsistent responding. These patterns included extreme response

styles (selecting the same answer repeatedly regardless of question content) and logically

inconsistent answer combinations (such as preferring individual writing while simultaneously

rating AI-assisted writing as superior across multiple dimensions). These response patterns,

combined with the attention check failures, provided strong evidence of insufficient engagement

with the survey instrument, further supporting the decision to exclude these participants from

analysis.

Combined with the previously excluded participants (ID 47 for using generative AI during

the individual condition and ID 112 for not using the AI agent at all during the AI-assisted

condition), this exclusion resulted in a final analysis sample of 20 participants. This approach

aligns with current methodological recommendations to balance data quality concerns with

sample retention considerations[2, 128].
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Impact of Collaborative Chat Participation in an edX MOOC. In Artificial Intelligence in
Education, Cristina Conati, Neil Heffernan, Antonija Mitrovic, and M. Felisa Verdejo
(Eds.). Springer International Publishing, 115–124.
doi:10.1007/978-3-319-19773-9_12

[48] Sally A Fincher and Anthony V Robins. 2019. The Cambridge handbook of computing
education research. Cambridge University Press.

[49] Jason Freeman, Brian Magerko, Tom McKlin, Mike Reilly, Justin Permar, Cameron
Summers, and Eric Fruchter. 2014. Engaging Underrepresented Groups in High School
Introductory Computing through Computational Remixing with EarSketch (SIGCSE ’14).
Association for Computing Machinery, New York, NY, USA, 85–90.
doi:10.1145/2538862.2538906

[50] Jason Freeman, Brian Magerko, and Regis Verdin. 2015. EarSketch: A Web-Based
Environment for Teaching Introductory Computer Science Through Music Remixing. In
The 46th ACM Technical Symposium on Computer Science Education (Kansas City,
Missouri, USA) (SIGCSE ’15). Association for Computing Machinery, New York, NY,
USA, 5.

[51] Jonas Frich, Lindsay MacDonald Vermeulen, Christian Remy, Michael Mose Biskjaer, and
Peter Dalsgaard. 2019. Mapping the Landscape of Creativity Support Tools in HCI. In
Proceedings of the 2019 CHI Conference on Human Factors in Computing Systems
(Glasgow, Scotland Uk) (CHI ’19). Association for Computing Machinery, New York, NY,
USA, 1–18. doi:10.1145/3290605.3300619

[52] J. Fuegi and J. Francis. 2003. Lovelace & Babbage and the creation of the 1843 ’notes’. 25,
4 (2003), 16–26. doi:10.1109/MAHC.2003.1253887

189

https://doi.org/10.1016/j.learninstruc.2011.10.001
https://doi.org/10.1145/3536221.3556578
https://doi.org/10.1145/3549486
https://doi.org/10.1007/978-3-319-19773-9_12
https://doi.org/10.1145/2538862.2538906
https://doi.org/10.1145/3290605.3300619
https://doi.org/10.1109/MAHC.2003.1253887


[53] Kaori Fujinami, Mami Kosaka, and Bipin Indurkhya. 2018. Painting an Apple with an
Apple: A Tangible Tabletop Interface for Painting with Physical Objects. 2, 4 (2018), 1–22.
doi:10.1145/3287040

[54] Asbjørn Følstad and Cameron Taylor. 2019. Conversational Repair in Chatbots for
Customer Service: The Effect of Expressing Uncertainty and Suggesting Alternatives. In
Chatbot Research and Design: Third International Workshop, CONVERSATIONS 2019,
Amsterdam, The Netherlands, November 19–20, 2019, Revised Selected Papers.
Springer-Verlag, Berlin, Heidelberg, 201–214. doi:10.1007/978-3-030-39540-7_14
event-place: Amsterdam, The Netherlands.

[55] Katy Ilonka Gero and Lydia B. Chilton. 2019. Metaphoria: An Algorithmic Companion for
Metaphor Creation. In Proceedings of the 2019 CHI Conference on Human Factors in
Computing Systems (Glasgow Scotland Uk, 2019-05-02). ACM, 1–12.
doi:10.1145/3290605.3300526

[56] Katy Ilonka Gero, Vivian Liu, and Lydia Chilton. 2022. Sparks: Inspiration for Science
Writing using Language Models. In Designing Interactive Systems Conference (Virtual
Event Australia, 2022-06-13). ACM, 1002–1019. doi:10.1145/3532106.3533533

[57] Victor Girotto, Erin Walker, and Winslow Burleson. 2019. CrowdMuse: Supporting Crowd
Idea Generation through User Modeling and Adaptation. In Proceedings of the 2019 on
Creativity and Cognition (New York, NY, USA, 2019-06-13) (C&amp;C ’19). Association
for Computing Machinery, 95–106. doi:10.1145/3325480.3325497
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Pizarro-Romero. 2020. Promoting Learning and Satisfaction of Children When Interacting
with an Emotional Companion to Program. In Artificial Intelligence in Education. Springer
International Publishing, 220–223.

[125] Laurie Murphy, Sue Fitzgerald, Brian Hanks, and Renée McCauley. 2010. Pair Debugging:
A Transactive Discourse Analysis. In Proceedings of the Sixth International Workshop on
Computing Education Research (Aarhus, Denmark) (ICER ’10). Association for
Computing Machinery, New York, NY, USA, 51–58. doi:10.1145/1839594.1839604

[126] Timothy Neate, Abi Roper, Stephanie Wilson, Jane Marshall, and Madeline Cruice. 2020.
CreaTable Content and Tangible Interaction in Aphasia. In Proceedings of the 2020 CHI
Conference on Human Factors in Computing Systems (Honolulu HI USA, 2020-04-21).
ACM, 1–14. doi:10.1145/3313831.3376490

[127] Andrew A Neath and Joseph E Cavanaugh. 2012. The Bayesian information criterion:
background, derivation, and applications. Wiley Interdisciplinary Reviews: Computational
Statistics 4, 2 (2012), 199–203.

[128] Alexander Newman, Yuen Lam Bavik, Matthew Mount, and Bo Shao. 2021. Data
Collection via Online Platforms: Challenges and Recommendations for Future Research.
70, 3 (2021), 1380–1402. doi:10.1111/apps.12302 Publisher: John Wiley & Sons, Ltd.

[129] Tricia J. Ngoon, C. Ailie Fraser, Ariel S. Weingarten, Mira Dontcheva, and Scott Klemmer.
2018. Interactive Guidance Techniques for Improving Creative Feedback. In Proceedings
of the 2018 CHI Conference on Human Factors in Computing Systems (New York, NY,
USA, 2018-04-19) (CHI ’18). Association for Computing Machinery, 1–11.
doi:10.1145/3173574.3173629

[130] Jianmo Ni, Gustavo Hernandez Abrego, Noah Constant, Ji Ma, Keith Hall, Daniel Cer, and
Yinfei Yang. 2022. Sentence-T5: Scalable Sentence Encoders from Pre-trained
Text-to-Text Models. In Findings of the Association for Computational Linguistics: ACL
2022 (Dublin, Ireland, 2022-05), Smaranda Muresan, Preslav Nakov, and Aline
Villavicencio (Eds.). Association for Computational Linguistics, 1864–1874.
doi:10.18653/v1/2022.findings-acl.146

[131] Amy Ogan, Samantha Finkelstein, Erin Walker, Ryan Carlson, and Justine Cassell. 2012.
Rudeness and rapport: Insults and learning gains in peer tutoring. In International
Conference on Intelligent Tutoring Systems. Springer, 11–21.

[132] Changhoon Oh, Jungwoo Song, Jinhan Choi, Seonghyeon Kim, Sungwoo Lee, and
Bongwon Suh. 2018. I Lead, You Help but Only with Enough Details: Understanding User
Experience of Co-Creation with Artificial Intelligence. In Proceedings of the 2018 CHI
Conference on Human Factors in Computing Systems (New York, NY, USA, 2018-04-21)
(CHI ’18). Association for Computing Machinery, 1–13. doi:10.1145/3173574.3174223

197

https://doi.org/10.1145/1839594.1839604
https://doi.org/10.1145/3313831.3376490
https://doi.org/10.1111/apps.12302
https://doi.org/10.1145/3173574.3173629
https://doi.org/10.18653/v1/2022.findings-acl.146
https://doi.org/10.1145/3173574.3174223


[133] Natalie Parde and Rodney D. Nielsen. 2019. AI Meets Austen: Towards Human-Robot
Discussions of Literary Metaphor. In Artificial Intelligence in Education. Springer
International Publishing, 213–219.

[134] James L. Peterson. 1980. Computer programs for detecting and correcting spelling errors.
23, 12 (1980), 676–687. doi:10.1145/359038.359041 Place: New York, NY, USA
Publisher: Association for Computing Machinery.

[135] Sophia Ppali, Vali Lalioti, Boyd Branch, Chee Siang Ang, Andrew J. Thomas, Bea S.
Wohl, and Alexandra Covaci. 2022. Keep the VRhythm going: A musician-centred study
investigating how Virtual Reality can support creative musical practice. In CHI Conference
on Human Factors in Computing Systems (New Orleans LA USA, 2022-04-29). ACM,
1–19. doi:10.1145/3491102.3501922

[136] Lawrence Rabiner and Biinghwang Juang. 1986. An introduction to hidden Markov
models. IEEE ASSP Magazine 3, 1 (1986), 4–16.

[137] Iulian Radu, Ethan Tu, and Bertrand Schneider. 2020. Relationships Between Body
Postures and Collaborative Learning States in an Augmented Reality Study. In Artificial
Intelligence in Education. Springer International Publishing, 257–262.

[138] Colin Raffel, Noam Shazeer, Adam Roberts, Katherine Lee, Sharan Narang, Michael
Matena, Yanqi Zhou, Wei Li, and Peter J. Liu. 2020. Exploring the Limits of Transfer
Learning with a Unified Text-to-Text Transformer. J. Mach. Learn. Res. 21, 1, Article 140
(jan 2020), 67 pages.

[139] Naveen Ram, Tanay Gummadi, Rahul Bhethanabotla, Richard J Savery, and Gil Weinberg.
2021. Say What? Collaborative Pop Lyric Generation Using Multitask Transfer Learning.
In Proceedings of the 9th International Conference on Human-Agent Interaction (Virtual
Event Japan, 2021-11-09). ACM, 165–173. doi:10.1145/3472307.3484175

[140] Randi Reppen, Nancy Ide, and Keith Suderman. 2005. American National Corpus (ANC)
Second Release. doi:10.35111/251H-G440 Artwork Size: 5662310 KB Pages: 5662310
KB.

[141] Jenni Reid. 2023. Paul McCartney says A.I. got John Lennon’s
voice on ’last Beatles record’. CNBC (June 2023). https://www.cnbc.com/2023/06/13/
paul-mccartney-says-ai-got-john-lennons-voice-on-last-beatles-record.

html

[142] Fernando J. Rodrı́guez and Kristy Elizabeth Boyer. 2015. Discovering Individual and
Collaborative Problem-Solving Modes with Hidden Markov Models. In Artificial
Intelligence in Education. Springer International Publishing, 408–418.

[143] Fernando J Rodrı́guez, Kimberly Michelle Price, and Kristy Elizabeth Boyer. 2017.
Expressing and addressing Uncertainty: A study of collaborative Problem-solving
dialogues. In Proceedings of the 12th International Conference on Computer Supported
Collaborative Learning (CSCL). Philadelphia, PA: International Society of the Learning
Sciences.

198

https://doi.org/10.1145/359038.359041
https://doi.org/10.1145/3491102.3501922
https://doi.org/10.1145/3472307.3484175
https://doi.org/10.35111/251H-G440
https://www.cnbc.com/2023/06/13/paul-mccartney-says-ai-got-john-lennons-voice-on-last-beatles-record.html
https://www.cnbc.com/2023/06/13/paul-mccartney-says-ai-got-john-lennons-voice-on-last-beatles-record.html
https://www.cnbc.com/2023/06/13/paul-mccartney-says-ai-got-john-lennons-voice-on-last-beatles-record.html


[144] Jeremy Roschelle. 1992. Learning by Collaborating: Convergent Conceptual Change.
Journal of the Learning Sciences 2, 3 (1992), 235–276.
doi:10.1207/s15327809jls0203_1

[145] Jeremy Roschelle and Stephanie D. Teasley. 1995. The Construction of Shared Knowledge
in Collaborative Problem Solving. In Computer Supported Collaborative Learning, Claire
O’Malley (Ed.). Springer Berlin Heidelberg, Berlin, Heidelberg, 69–97.
doi:10.1007/978-3-642-85098-1_5

[146] Yigal Rosen. 2015. Computer-based Assessment of Collaborative Problem Solving:
Exploring the Feasibility of Human-to-Agent Approach. International Journal of Artificial
Intelligence in Education 25, 3 (2015), 380–406.

[147] Robert Rosenthal, Harris Cooper, Larry Hedges, and others. 1994. Parametric measures of
effect size. 621, 2 (1994), 231–244. Publisher: New York.

[148] Johnny Saldaña. 2015. The Coding Manual for Qualitative Researchers (3rd edition ed.).
SAGE Publications Ltd, London.

[149] Robert-Florian Samoilescu, Mihai Dascalu, Maria-Dorinela Sirbu, Stefan Trausan-Matu,
and Scott A. Crossley. 2019. Modeling Collaboration in Online Conversations Using Time
Series Analysis and Dialogism. In Artificial Intelligence in Education. Springer
International Publishing, 458–468.

[150] Sreecharan Sankaranarayanan, Siddharth Reddy Kandimalla, Sahil Hasan, Haokang An,
Christopher Bogart, R. Charles Murray, Michael Hilton, Majd Sakr, and Carolyn Rosé.
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