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Understanding How Students use ChatGPT in Writing and How In-

structors Perceive it

Andrew R Jelson

(ABSTRACT)

The widespread adoption of generative Al in academic writing has created a fundamental
asymmetry in education: students make consequential decisions about Al engagement dur-
ing writing, but those decisions remain invisible to the instructors who evaluate the final
product. This dissertation addresses that asymmetry through three interconnected stud-
ies grounded in Flower and Hayes’ Cognitive Process Theory of Writing, each examining
a different dimension of Al-assisted writing at the process level. The first study intro-
duced the NIRVANA dataset and replay platform — a publicly available resource capturing
keystroke-level edits, copy-paste events, and ChatGPT interaction histories with temporal
granularity. The Human Contribution Ratio (HCR) and Human Edit Ratio (HER) quantify
student authorship from process data, and cluster analyses identified four writer profiles:
Lead Authors, Collaborators, Drafters, and Vibe Writers. Case analyses demonstrated that
surface similarities in final essays can conceal fundamentally different writing processes. The
second study observed 77 college students writing argumentative essays with access to Chat-
GPT, capturing keystroke-level behavior alongside complete ChatGPT interaction histories.
We developed a taxonomy categorizing queries into Planning, Translating, Reviewing, and
delegation-complete (All) categories, revealing six usage profiles ranging from students who
avoided AT entirely to those who delegated the complete writing process — a mode we term
Vibe Writing. Writing self-efficacy predicted overall query frequency. Students who used Al

for full essay generation reported significantly lower perceived ownership, yet students who



used Al selectively for planning or reviewing reported ownership comparable to non-users,
even though these uses can bypass the cognitive work writing assignments are designed to
develop. The third study examined whether changes in process visibility affect instructor
evaluation. Fifty instructors graded six essays under both a static text condition and after
observing the writing process through NIRVANA’s replay tool. Grades fell from a median of
B to C+, with the largest reductions concentrated in essays reflecting heavy Al delegation.
The effect was holistic across all rubric dimensions, and instructors who perceived Al as
more useful were significantly more likely to flag essays as academic integrity concerns —
reflecting Al literacy rather than Al hostility. Together, these studies establish the empirical
foundation for process-level accountability in writing education and motivate a prospective
system that moves beyond retrospective visibility to embed Al policies directly within the

writing environment before students begin.



Understanding How Students use ChatGPT in Writing and How In-

structors Perceive it

Andrew R Jelson

(GENERAL AUDIENCE ABSTRACT)

When a student turns in an essay, their teacher sees only the final product — not whether
the student spent hours developing their own ideas or simply asked ChatGPT to write it for
them. This gap between what teachers can see and what students actually did has become
a serious problem as Al tools grow more common in schools. This dissertation explores
that problem through three connected studies. The first study recorded 77 college students
writing essays while using ChatGPT, capturing every keystroke and every question they
asked the AI. Students used ChatGPT in strikingly different ways—some to look up facts or
check grammar, others to generate their entire essay through a back-and-forth with the Al,
a pattern we call Vibe Writing. One particularly important finding was that students who
used ChatGPT only for smaller tasks, like brainstorming ideas or proofreading, felt just as
much ownership over their essay as students who used no Al at all. This matters because
those students may have skipped the kind of thinking that writing assignments are meant
to build, without realizing it. The second study introduced NIRVANA, a publicly available
tool and dataset that captures the complete writing process. We record every edit a student
makes and every conversation they have with ChatGPT, so researchers and instructors can
replay them afterward. Using NIRVANA, we identified four types of writers, from those
who did nearly all the work themselves to those who let Al do nearly everything. Crucially,
two essays that look identical on the page can reflect completely different processes behind

them. The third study tested whether showing teachers the writing process changes how



they grade. Fifty instructors graded the same six essays twice, once reading the final text,
once after watching a replay of how each essay was written. Grades dropped significantly
after watching the replays, especially for essays where AI did most of the work, and teachers
who understood Al well were most likely to treat heavy Al use as an academic integrity
concern. Together, these studies show that how a student wrote an essay matters just as
much as what they wrote; making the writing process visible changes everything about how

that work is understood.
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Chapter 1

Introduction

Imagine a college professor encountering a student’s essay submission — eloquent, insightful,
and unusually polished. Suspicion arises: was this truly written by the student, or was it
composed with the assistance of ChatGPT? The immediate instinct is to treat this as a
question of academic integrity — to determine whether a rule was broken, who is responsible,
and how such situations might be identified in the future. But this moment points to a deeper

challenge that extends well beyond academic integrity.

Writing has long served as more than a means of communication. It is a mechanism for
thinking. As students draft arguments, articulate ideas, and revise paragraphs, they engage
in the cognitive work that education is designed to foster: critical thinking, synthesis, and
knowledge construction [30, 41, 109, 122]. The concern with GAT tools like ChatGPT is that
they may be outsourcing the struggle behind writing itself, bypassing the cognitive processes

that make writing educationally valuable.

However, the challenge is not as simple as banning these tools. Large Language Models
(LLMs) are deeply embedded in the modern workforce, and students will be expected to
work alongside them [2, 66, 107]. The question facing educators is not whether GAI belongs
in writing, but rather how much reliance is too much, what kinds of assistance are acceptable,
and at what point Al assistance shifts from scaffolding a student’s thinking to replacing it.
These are not questions with obvious answers, and place educators in a difficult position:

evaluating work without a clear framework for what students use Al for when writing, and
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what it means for learning.

This challenge is compounded by the fact that writers do not approach these tools uni-
formly. Research has shown that students and educators want different levels of Al support
depending on the task, the context, and their own comfort with the technology [47, 50, 115].
Students approach these tools in vastly different ways — some using them as a sounding
board for ideas, others for proofreading, and others still to generate entire drafts. Each of
these behaviors carries different implications for learning, yet from the outside, the finished
essay may look the same. Educators are left to evaluate a product with little visibility into

the process that produced it.

1.1 Limitations in Current Writing Education Research

Addressing this challenge requires a deeper understanding of how students actually use these
tools in educational contexts, but much of the research on Al-assisted writing has focused on
supporting writers broadly rather than examining the implications for learning. Research on
Al in writing education has grown rapidly since the emergence of large language models, yet
much of this work has focused on narrow, structured applications. Early tools demonstrate
that AI can support specific aspects of the writing process — grammar correction [48],
rhetorical feedback [69], and essay planning [28]. This support improves writing quality and
student engagement. These systems, however, are designed with clear boundaries around
what the Al does and when it does it. The open-ended, conversational nature of tools like
ChatGPT introduces a fundamentally different dynamic, one where students can engage
with Al for any purpose, ranging from minor grammar fixes to generating full essays. This
matters because the educational implications of using ChatGPT to fix a sentence are very

different from using it to generate an argument.
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Observational studies have begun to shed light on how writers interact with GAI tools in
practice, revealing that writers typically want help translating ideas and reviewing drafts [22,
46]. However, the majority of this work focuses on professional or creative writers, whose
goals and stakes differ fundamentally from those of students, leaving student writing behavior
in academic contexts relatively understudied. What we know about student behavior in
particular comes largely from self-reported surveys and attitude studies, which tell us how
students feel about these tools but not how they actually use them during the writing
process [7, 17, 113]. The field lacks a detailed observational account of students’” GAI use in
academic writing contexts — what students ask for, when they ask, and how that assistance

shapes the final product.

This gap is further compounded by the lack of research on educators’ perspectives. Although
concerns about academic integrity, cognitive engagement, and writing quality have been
raised in the literature [92, 104, 105], these discussions have largely been theoretical rather
than grounded in instructors’ direct experience evaluating real Al-assisted student work.
Without understanding how educators interpret and respond to Al usage in practice, it is

difficult to design systems or policies that reflect the realities of the classroom.

Together, these gaps point to the need for a unified view of both perspectives, grounded in
a common set of writing events. Understanding how students use GAI in writing and how
educators perceive and evaluate that usage requires examining the same interactions from

both perspectives. This dual view is what the present work seeks to provide.

1.2 Our Approach

Understanding how students engage with generative Al during writing requires a theoretical

framework to interpret what Al assistance actually means in the context of learning. Flower
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and Hayes’ cognitive process theory provides this foundation, characterizing writing as a set
of distinct cognitive phases — planning, translating, and reviewing — that writers move
between dynamically [43]. Within this framework, Al assistance during different phases
represents fundamentally different forms of cognitive offloading [61]. For example, using
ChatGPT to generate an outline offloads planning, while using it to rephrase a sentence of-
floads translating. These distinctions matter for understanding the educational implications
of Al use, and are hard to determine when looking at a finished essay or a self-reported
account of the tools used. This is where a process-level activity trace becomes essential.
Self-reported accounts of Al usage are limited not only by recall bias, but by the nuance
that students may mischaracterize their own reliance, such as under-reporting usage to ap-
pear more independent, or simply not recognizing which cognitive phase they were in when
they sought assistance [7, 113]. Activity traces bypass these limitations, recording exactly
what was asked, when it was asked, and what appeared in the essay afterward [52]. This
level of transparency enables the identification of GAI usage patterns throughout the writing
process that previous datasets of student AI usage have not captured (Chapter 3 and 4).
This process-level transparency also creates an opportunity that extends beyond the student
perspective. By making the complete activity trace available to instructors through a re-
play tool, it becomes possible to examine not only whether Al was used, but how it shaped
the essay at each stage, allowing instructors to reconcile what a student asked with what
ultimately appeared in their writing (Chapter 3 and 5). Grounding both the student and
educator studies in the same dataset ensures that what instructors evaluate directly reflects
the behavior we observe, connecting the two perspectives on the same writing events in a

way that prior work has not been able to achieve.
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1.3 Research Question

This dissertation is guided by a central question: In what ways do students use LLM-
based generative Al tools to assist with writing practices in educational contexts, and how
do instructors perceive students’ usage of LLM-based generative Al in writing education?
Answering this question requires examining the writing process directly rather than inferring
it from finished essays or self-reports, and examining it from both sides of the educational

relationship rather than either alone.

The thesis of this work is that process-level activity traces of Al-assisted writing make visi-
ble what final artifacts and self-reports conceal, and that this visibility is both analytically
productive and consequential for evaluation. Specifically, this dissertation argues that stu-
dents’ use of generative Al in academic writing is heterogeneous and structured, varying
systematically in which cognitive processes of writing students delegate to Al, and that cap-
turing this variation at the process level reveals patterns of authorship, contribution, and
engagement that cannot be recovered from the final text. It further argues that making this
process visible to instructors materially changes how they evaluate student writing, and that
the two perspectives, when grounded in the same writing events, expose a gap between how
students use Al and how instructors judge that use. Establishing this empirically is a nec-
essary foundation for any informed response to generative Al in writing education, whether

through pedagogy, policy, or tool design.

1.4 Contributions

This dissertation makes the following contributions:

« The NIRVANA dataset and replay system This dissertation introduces a publicly
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available, process-level dataset of Al-assisted student writing that captures keystroke-
level edits, copy—paste events, and complete ChatGPT interaction histories, aligned in
time. It further provides a replay tool that reconstructs each writing session chrono-
logically and two metrics, the Human Contribution Ratio and the Human Edit Ratio,

for quantifying student authorship from process data (Chapter 3).

A process-level account of student Al use in academic writing Through a study
of students writing an argumentative essay with access to ChatGPT, this dissertation
provides an empirical, observation-based characterization of how students use genAl
during writing by categorizing their queries according to the cognitive processes of
writing they delegate, and relating these usage patterns to student characteristics,

essay outcomes, and perceptions of ownership and creative engagement (Chapter 4).

An empirical account of how process visibility affects instructor evalua-
tion Through a study in which instructors evaluated the same essay as static text
and again through the replay tool, this dissertation demonstrates that visibility into
the writing process systematically changes instructor judgment, characterizes where
instructors agree and disagree about acceptable Al use, and identifies which instructor

characteristics predict those judgments (Chapter 5).

A unified, dual-perspective foundation for studying Al-assisted writing By
grounding both the student and instructor studies in the same set of writing events,
this dissertation connects how students use Al with how instructors evaluate that use,
providing the learning sciences, human—computer interaction, and natural language
processing communities with empirical resources for studying generative Al’s role in

writing education.
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1.5 Thesis Outline

The remainder of this dissertation is organized as follows. Chapter 2 provides the background
and literature supporting this work, covering Al writing assistants in educational contexts,
writing pedagogy, and the attitudes of students and educators toward generative Al tools.
In Chapters 3-5, we present three studies that together build a dual-perspective account of

Al-assisted academic writing.

o Chapter 3 introduces NIRVANA, a process-level dataset of Al-assisted student writing,
and a replay tool that reconstructs the writing process. Through a pilot study with

two instructors, we demonstrate its potential for evaluating Al-assisted student work.

o Chapter 4 examines how students used ChatGPT during an academic writing task,
categorizing usage patterns and examining how reliance on Al relates to feelings of

ownership and enjoyment of the writing process.

o Chapter 5 examines the educator perspective, presenting a study in which instructors
graded essays as static text and again through the replay tool, and interviews a subset

of participants to explore their reasoning and decision-making during evaluation.

Together, these studies advance our understanding of how generative Al is used in academic
writing and inform the design of tools and policies that reflect the perspectives of both

students and educators.



Chapter 2

Background and Review of the

Literature

Generative Al powered by large language models (LLMs) has rapidly become a subject of
study across education, human—computer interaction, natural language processing, and the
learning sciences. Because this dissertation sits at the intersection of these fields, the relevant
literature spans several distinct but connected areas. This chapter reviews the literature in
five parts. We begin with the broad landscape of generative Al in education and the concerns
it has raised (Section 2.1). We then turn to writing as a cognitive process, establishing the
theoretical framework that organizes the dissertation and the constructs used to measure
students’ beliefs and perceptions (Section 2.2). Next, we review Al writing assistance tools
and what is known about how people use them (Section 2.3), followed by the student and
educator perspectives that motivate a dual-sided account (Section 2.4). We then examine the
writing-assessment literature and the long-standing problem of rater reliability that frames
the evaluation study (Section 2.5). Finally, we survey existing Al-assisted writing datasets

and identify the process-level gap this dissertation addresses (Section 2.6).
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2.1 Generative Al in Education

With the release of tools like ChatGPT, generative Al (GenAl) has become widely accessible
as a conversational agent capable of responding to text, image, and audiovisual queries.
Adoption among students has been rapid; a 2024 Common Sense Media survey reported that
70% of US teens, many soon entering university, had used generative Al, with more than
half applying it to academic tasks such as idea generation and assignment completion [80].
This adoption is not simply a matter of convenience. Research suggests that students feel
social pressure to use these tools, believing that their peers are doing the same, which drives
adoption regardless of whether students find the tool useful for their own learning[41]. As a
result, GenAl became deeply embedded in the student experience before many institutions
had the opportunity to establish clear guidelines on its use, leaving a gap between practice

and policy that educators are still working to close.

This rapid spread has raised substantial concern among educators, much of it centered
on the possibility that GenAl displaces rather than supports learning. Heavy reliance on
GenAl may hinder critical thinking and self-evaluation, lower students’ confidence in their
own abilities, and encourage acceptance of Al outputs, which in turn risks amplifying the
biases embedded in these models and reinforcing discriminatory viewpoints [56, 60]. Recent
literature amplifies to these worries: studies have found that using LLMs can reduce the
mental effort students invest in a task [104] and is associated with reduced neural activity
during writing, with corresponding concerns that the resulting work lacks depth [71, 104].
The underlying mechanism is one of delegation: as students offload portions of a task to

ChatGPT, they may forgo the very practice through which the relevant skills develop.

Academic integrity presents a second, related concern [31, 67, 105]. A central difficulty

is that Al-generated text is hard to detect. It frequently evades conventional plagiarism
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detectors because it is not copied from any existing source, and dedicated Al detectors have
proven unreliable [85, 89, 120]. Recent work has sought to narrow this gap through improved
detection models [89] and through the analysis of process signals such as log files and writing
behavior [98], but detection remains imperfect, and the stakes of error are high. Accusing
a student of misuse without definitive proof carries real legal and ethical risk [112], leaving
instructors in an uncomfortable position: aware that Al may have been used, unable to prove
it, and wary of both false accusations and undetected misuse. These difficulties compound
broader worries about fairness in grading and about students losing opportunities to learn

through active engagement [5, 35].

In response, researchers have turned to the question of how GenAl use in education should
be governed, and views are divided. Some advocate for strict regulatory approaches that
restrict or prohibit Al use in coursework [3, 16, 31, 51, 103]. Others argue that adoption
is effectively inevitable and that the more productive path is to guide Al use rather than
ban it, on the grounds that prohibition is unenforceable and that students will need to work
alongside these tools in their future careers [12, 18, 111]. This latter view has gained traction,
with researchers in HCI and education developing strategies for classroom integration and
documenting cases where Al deepens engagement and supports learning outcomes [11, 76,
87, 99]. The consensus emerging from this debate is that the pressing question is no longer
whether GenAl belongs in education, but how to integrate it in ways that preserve learning.
The outcome that education is meant to provide. Answering that question, however, requires
knowing how students actually use these tools and how educators respond to that use. This
is precisely the knowledge that remains scarce, and work that this dissertation sets out to

provide.
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2.2 Writing as a Cognitive Process

The educational value of writing rests on the premise that writing is not merely the pro-
duction of text but a vehicle for thinking. Composition theorists have long argued that the
act of writing forces learners to organize knowledge, construct arguments, and clarify their
own understanding, making writing a mechanism for learning rather than only a means of
communication [30, 39, 109]. Since writing is how students develop critical thinking, a tool
that produces text without significant cognitive effort undermines the educational purpose
of the assignment, even when the resulting document is indistinguishable from one a student

wrote unaided.

This dissertation adopts Flower and Hayes’ cognitive process theory of writing as its orga-
nizing framework to investigate which areas of that thinking a tool might displace. The
theory characterizes writing not as a linear process from outline to draft but as a set of dis-
tinct cognitive processes among which writers move dynamically and recursively throughout
composition [43]. It identifies three such processes: Planning, which encompasses gener-
ating ideas, setting goals, and organizing content; Translating, which is the act of turning
ideas into written language; and Reviewing, which involves evaluating and revising what
has been written. The model is grounded in the claim that “writing is best understood as

9

a set of distinctive thinking processes,” and it was developed in part through think-aloud
protocols, which capture a detailed record of a writer’s cognition during composition rather
than relying on the writer’s retrospective account of what they believe they did [43]. This
methodological commitment is directly relevant to the study of Al-assisted writing. Just as
Flower and Hayes recognized that a writer’s after-the-fact description of their process may

not match what actually occurred, self-reported accounts of Al use capture what students

believe they did rather than what they did. This limitation is what activity traces, like the
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think-aloud protocols before them, are designed to overcome. By observing the writing pro-
cess directly, this dissertation applies the same principle that grounded the original theory.
The framework has become a standard lens for analyzing how writers, and increasingly Al

writing tools, engage each phase of composition [47, 75, 90, 99].

This framework is particularly valuable for human-Al co-writing because it allows Al as-
sistance to be located within specific cognitive phases rather than treated as a single, un-
differentiated act. When a student asks an Al tool to brainstorm arguments, they offload
Planning; when they ask it to turn an outline into words, they offload Translating; when
they ask it to proofread, they offload Reviewing. Each of these is a different form of cognitive
offloading, the delegation of mental work to an external resource, and each carries different
implications for what the student practices and therefore learns [91]. This distinction is
central to the dissertation’s analysis: the relevant question is not whether a student used Al,
but which cognitive processes they delegated, because delegating idea generation bypasses
different learning skills than delegating proofreading would. Framing AI use this way also
clarifies why the experimental findings on reduced effort and engagement are concerning in

some configurations and benign in others [71, 104].

Beyond the cognitive processes themselves, writing research has identified individual and
experiential factors that shape how students engage with writing and with writing tools,
and this dissertation draws on several validated constructs to capture them. Writing self-
efficacy, or a student’s belief in their own capacity to perform writing tasks, predicts help-
seeking behavior, with lower-efficacy writers more inclined to rely on external support; it is
commonly measured using the Self-Efficacy for Writing Scale (SEWS) [19, 117]. Whether
students choose to adopt a tool like ChatGPT also depends on their attitudes toward the
technology, frequently operationalized through the Technology Acceptance Model (TAM),

which distinguishes perceived usefulness from perceived ease of use as predictors of actual
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use [34]. After writing, two further constructs capture the subjective consequences of Al-
assisted composition. Psychological ownership, or perceived ownership, describes the degree
to which a writer feels the resulting text is genuinely their own. This perception is closely tied
to authorship, accountability, and learning in educational settings [9, 65]. The Creativity
Support Index (CSI) provides a validated instrument for assessing how well a tool supports
a user’s creative process during a task [29]. Together, these constructs allow Al-assisted
writing to be examined not only through observable behavior but also through the beliefs

writers bring to the task and the perceptions they leave with.

2.3 Al Writing Assistance

Communicating ideas through writing is a critical skill across disciplines. It fosters critical
thinking, analysis, and synthesis [30, 39, 109], and considerable effort and research has been
put into building tools that support it. Al has been incorporated into writing education for
years through automated feedback systems and tutoring platforms that predate the current
generation of conversational models [4, 32, 40, 69, 100]. Importantly, Al writing assistance
is not new, and a substantial body of evidence shows it can improve writing quality and

learning outcomes when its scope is well defined.

The evidence spans commercial and research systems. Commercial tools such as Grammarly
help users surface-level quality, with particular benefit documented for learners of English
as a foreign language (EFL), though studies also find that students frequently under-use
these tools’ full capabilities [37, 48, 57, 70]. On the research side, AcaWriter demonstrates
that automated rhetorical feedback can meaningfully support academic writing by drawing
students’ attention to the rhetorical moves their drafts do or do not make [69]. RECIPE

shows that integrating ChatGPT into EFL classrooms can improve both performance and
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student satisfaction relative to traditional instruction [53, 54]. CoachGPT and LegalWriter
extend these benefits into interdisciplinary writing and structured essay-planning contexts,
respectively [28, 114]. Each of theses systems is designed with clear boundaries around what
the AI does and when it does it, scaffolding a particular stage of writing rather than offering
open-ended generation, like ChatGPT or other genAI models. Their success establishes that

AT assistance is beneficial when its scope is constrained.

This observation is what makes open-ended conversational tools like ChatGPT a distinct
object of study. Unlike the bounded systems above, ChatGPT places no constraints on what
a student may ask, spanning the full range from a minor grammar fix to the generation of an
entire essay. The educational implications of these uses differ sharply: asking ChatGPT to
correct a sentence offloads little of the cognitive work writing is meant to develop, whereas
asking it to produce an argument offloads a great deal. The bounded-tool literature, valuable
as it is, therefore does not tell us how students behave when the boundaries are removed.
Understanding that behavior requires analyzing the open-ended interaction itself, which
in turn requires a framework for distinguishing the kinds of help students seek—the role
played by the cognitive process theory introduced in the previous section, which we apply

to categorize students’ queries by the writing process they engage.

2.4 Student and Educator Perspectives

A growing body of HCI research has examined how writers use Al in practice, though much
of it has focused on professional and creative writers rather than students. This work finds
that experienced writers typically seek assistance with translating ideas into prose and with
reviewing their drafts, and that they show varied expectations but a general appreciation

for Al's ability to generate unexpected, sometimes inspiring output [23, 46, 74, 110]. These
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findings are instructive, but the goals and stakes of professional writers differ fundamentally
from those of students: a novelist using Al to break through writer’s block is not at risk of
bypassing a learning objective, whereas a student is. Research focused on students has found
that they engage more deeply when using ChatGPT for reviewing tasks, and that while Al
use does not necessarily make writing faster, students report spending more time engaged

with their work and perceive its quality as higher [47, 115].

A separate strand of work examines attitudes toward Al and their relationship to adoption.
Chan and Lee found that students were more likely than teachers to adopt new Al tools and
held more open-minded attitudes toward their use, pointing to a perception gap between the
two populations this dissertation studies [24]. Other research emphasizes the importance of
cultivating Al literacy and positive but critical attitudes toward the technology [14], exam-
ines teachers’ intentions to teach with AI [10], and uses interviews and thematic analysis
to characterize how students and instructors perceive these tools [6, 101]. Studies of per-
ceived quality and trust reveal that users often accept Al suggestions regardless of whether
they agree with them [15], and investigate what makes a response feel helpful or unsuit-
able [20, 79]. Related work has lowered the barrier to effective use, for instance by building
prompt-engineering tools usable without technical background [119], and has documented
how prompting strategy and demographic factors shape AI acceptance, finding that users
tend to anthropomorphize GenAl, obtain better results through iterative prompting, and

that women report more hesitation toward the technology than men [21, 49, 96].

Of particular relevance to this dissertation is work connecting Al use to students’ sense of
authorship. Joshi and Vogel found that perceived ownership of an essay depends on the
length and detail of the prompts a student provides to ChatGPT, suggesting that ownership
is shaped by how a student directs the tool rather than simply whether they use it [65]. Com-

plementary work finds that perceived ownership also depends on the specific writing task
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at hand [113], and that individual differences—a writer’s personal values, their relationship
with Al and their preferred integration strategies—jointly shape how Al is woven into the
writing process [50]. These findings motivate the dissertation’s attention to perceived own-
ership as an outcome, and they suggest that the same observable Al use may carry very

different meanings for different writers.

The methodological limitation running through much of this literature is its reliance on self-
report. Studies of students’ motivations for using ChatGPT frequently draw on surveys or
on query histories voluntarily submitted by self-selected participants, both of which offer
only a partial view of actual behavior [7, 17, 102, 113]. Even when query data is available, it
often lacks the academic context in which the questions were posed, and instructors typically
have no access to it at all, making it difficult to assess the educational impact of a given
pattern of use [7]. Compounding this, demographic factors such as gender and ethnicity
influence both awareness and understanding of ChatGPT, shaping which students turn to
it in the first place [21, 49]. Alongside these measurement concerns, practitioners have
raised substantive worries about weakened critical engagement [38, 55, 78, 81, 97, 112}, and
researchers have documented real limits to Al writing quality: Chakrabarty et al. found that
Al-generated essays pass professional evaluation criteria three to ten times less often than
human-written ones [22, 92]. Taken together, this body of work establishes both that Al use
varies meaningfully across students and that the dominant methods for studying it—surveys,
self-reports, and decontextualized logs—cannot capture how that use actually unfolds during

writing. This is the empirical gap on the student side that the present work addresses.
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2.5 Writing Assessment and the Problem of Rater Re-

liability

Evaluating student writing has never been a purely objective exercise. Long before genera-
tive Al, the writing assessment literature established that instructors disagree substantially
when grading the same work, and that this disagreement is a persistent property of writing
evaluation rather than a defect that clearer instructions can fully eliminate. In a founda-
tional study, Diederich et al. asked 53 readers to score 300 student essays on a nine-point
scale and found that more than 90% of the essays received at least seven different scores,
with readers weighting qualities such as ideas, mechanics, and style differently from one
another [36]. This variability is not an artifact of untrained graders; it reflects the fact that
judgments of writing quality are inherently interpretive, shaped by each reader’s priorities,

expectations, and implicit standards.

In response, the field developed scoring methods intended to constrain this variability. Two
broad approaches emerged. Holistic scoring assigns a single overall judgment to a piece of
writing, prioritizing efficiency and a global impression of quality, whereas analytic scoring
decomposes evaluation into separate dimensions such as ideas, organization, and language,
providing more diagnostic detail at the cost of additional rater effort [58]. Holistic scoring
in particular has been criticized for resting on impressionistic judgments that are difficult
to reproduce across raters, raising the question of whether a single global score can be both
reliable and valid [26]. The rubric used in this dissertation’s evaluation study draws on the
analytic tradition, separating an essay into distinct evaluative criteria so that the effect of
process visibility can be examined at the level of individual dimensions rather than as a

single undifferentiated grade.

Rubrics themselves became the field’s primary instrument for improving consistency, and
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a substantial body of work has examined how well they succeed. In a synthesis of rubric
research, Jonsson and Svingby found that rubrics can meaningfully improve the reliability
of writing assessment, but only under particular conditions: agreement is enhanced when
rubrics are paired with exemplar “anchor” papers, when scoring criteria are explicit and
benchmarked, and when raters take part in training or norming sessions that calibrate their
interpretations against one another [64]. Without these supports, even well-designed rubrics
leave considerable room for divergence. This infrastructure of rubrics, anchors, and norming
now forms the methodological backbone of large-scale writing assessment precisely because

raw, uncalibrated human judgment of writing quality remains so variable.

Critically, this entire body of work characterizes disagreement that arises from judging the
text alone. Raters in these studies saw finished essays and disagreed about their quality;
none had access to how the writing was produced. Generative Al introduces a second axis
along which raters may diverge: not only how good the writing is, but how it was created
and whether that process is legitimate. No prior work has examined how giving instructors
visibility into the writing process affects their evaluation, nor whether judgments about the
legitimacy of a writing process are as variable as judgments about the quality of its prod-
uct. This dissertation extends the rater-reliability literature into that new territory, asking
how process-level information reshapes instructor evaluation, where consensus emerges, and
whether the calibration tools developed for quality disagreement will be needed for process

disagreement as well.

2.6 Existing Datasets of AI-Assisted Writing

The empirical study of Al-assisted writing depends on the availability of suitable data, and

a number of datasets of LLM usage have been released to support it [27, 53, 72, 74, 77, 111].
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These resources span a range of contexts, from academic programming and problem-solving
tasks [72, 111] to professional work environments [27], and they have enabled valuable anal-
yses of how people query and rely on language models. For the study of writing specifically,
however, most share a critical limitation: they capture only snapshots of the interaction,
typically the queries a user sent, without the surrounding record of how those queries re-
lated to an evolving document. A query log can show what a student asked, but not when
in their process they asked it, what they did with the response, or how the final text came

to differ from what the model produced.

The closest prior resource to the one developed here is RECIPEAU, which collected both
editor states and queries as students interacted with ChatGPT while completing a guided
essay-revision task in an EFL classroom [53]. RECIPE4U is a notable exception to the
snapshot pattern, pairing interaction data with the writing it accompanied. Yet because it
was gathered in an EFL revision context, it centers on language-related queries and revision
behaviors, and the guided structure of the task constrains the range of usage it can capture.
It does not provide the fine-grained, moment-to-moment record—keystrokes, deletions, and
copy—paste events aligned in time with Al interactions—needed to reconstruct an open-ended

writing process from first keystroke to final submission.

This dissertation extends this line of work in two respects. First, it moves beyond the
EFL and guided-revision setting to an open-ended argumentative writing task in which
students decide for themselves whether, when, and how to involve Al. Second, and more
fundamentally, it captures the writing process at the level of individual edits, recording
keystroke and copy—paste events alongside complete Al interaction histories. This process-
level granularity is what enables the reconstruction of the full writing trajectory and the
analyses of authorship, usage patterns, and instructor evaluation that the remainder of this

dissertation presents.



Chapter 3

Building NIRVANA: A Dataset for
Studying AlI-Assisted Writing

3.1 Introduction

As established in the previous chapter, generative Al (GenAl) tools such as ChatGPT have
disrupted traditional writing pedagogy, and the resulting debates, academic integrity, over-
reliance, and the potential decline of students’ critical thinking, ultimately rest on claims
about how students work with AI during writing [18, 31, 71]. Yet the existing evidence is
largely incapable of answering that question. Most available data on Al-assisted writing
consists of final written artifacts, retrospective self-reports, or isolated logs of system in-
teractions [31, 121]. These sources can describe outcomes and aggregate usage, but they
cannot reveal the temporal dynamics of writing: when students seek Al assistance, how
Al-generated text is integrated into an evolving draft, and how those interactions shape
subsequent revisions. This distinction matters for assessing learning. A student who drafts
an essay independently and then asks ChatGPT to polish the prose has engaged in funda-
mentally different cognitive work than one who pastes the assignment prompt and submits
the response, yet the two may be indistinguishable in a final document or a survey response.
Without process-level data, researchers cannot characterize these differences, and educators

cannot assess them.

20
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This chapter addresses that gap by introducing NIRVANA (Naturalistic Interactions and
Replay of Voluntary Al-assisted Nonfiction Academic writing), a dataset and replay platform
for studying how students use GenAl during academic writing. We recruited 77 college
students to write an argumentative essay in a custom writing environment with unrestricted
access to an integrated, in-house version of ChatGPT. The platform recorded the full writing
process as a single timestamped event stream: keystroke-level edits (insertions, deletions,
and cursor movements), copy-and-paste operations, and complete ChatGPT conversation
histories. Aligning these streams in time allows each essay to be reconstructed exactly as
it unfolded, from first keystroke to final submission, including every point at which Al-
generated text entered, was transformed by, or was removed from the draft. This level of
granularity exceeds that of other datasets currently available in the field [53, 74, 121], and
it enables analyses of authorship and process that final artifacts and self-reports cannot

support.

To demonstrate the dataset’s analytical potential, we conducted a series of analyses span-
ning quantitative and qualitative methods. At the aggregate level, we found that the number
of ChatGPT queries was positively associated with essay length, time on task, and lexical
complexity. To move beyond usage frequency, we introduce two process-derived metrics:
the Human Contribution Ratio (HCR), the proportion of the final essay written by the stu-
dent, and the Human Edit Ratio (HER), the proportion of all editing activity attributable
to the student. Clustering participants along these two dimensions revealed four distinct
writer profiles: Lead Authors, who wrote largely independently; Collaborators, who inter-
leaved their own text with ChatGPT’s; Drafters, who composed original drafts that were
ultimately replaced with Al-generated revisions; and Vibe Writers, who delegated composi-
tion to ChatGPT almost entirely. These profiles differed significantly in query count, time

on task, readability, and perceived ownership of the resulting essay.
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Even these metrics, however, cannot capture interactions that leave no editing trace, such
as a student adopting ChatGPT’s ideas while typing every word themselves. To make such
interactions observable, we developed a replay interface that reconstructs each writing session
as an ordered sequence of writing and Al interaction events, synchronizing keystroke-level
edits with ChatGPT queries and responses. We report a case study in which two writing
instructors used the interface to review selected sessions, surfacing patterns of Al reliance

that the quantitative clustering alone obscured.

This chapter makes four contributions:

o« The NIRVANA dataset: a publicly available, de-identified dataset of 77 authentic
student—GenAl writing sessions, recorded at keystroke-level temporal granularity and

including complete ChatGPT conversation histories.

o Two process-derived metrics, the Human Contribution Ratio and the Human Edit
Ratio, that quantify student authorship in Al-assisted writing, together with analyses

relating GenAl usage to essay length, time, readability, and perceived ownership.

o An empirically derived typology of four writer profiles—Lead Authors, Collaborators,
Drafters, and Vibe Writers—that differ in both writing behavior and perceptions of

the writing experience.

o The NIRVANA replay system: an interface that reconstructs writing sessions chrono-
logically, enabling process-level qualitative review by researchers and instructors, demon-

strated through an instructor case study.

Together, these resources provide the learning sciences, human-computer interaction, and
natural language processing communities with the empirical foundation needed to study

Al-assisted writing as an interactive, temporal process rather than a static outcome. This
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chapter also serves as methodological infrastructure for the two studies that follow. Chap-
ter 4 draws on the dataset to examine student behavior in depth, categorizing students’
ChatGPT queries according to the cognitive writing processes they delegate and relating
usage patterns to student characteristics and perceptions. Chapter 5 draws on the replay
system, extending the instructor case study presented here into a formal investigation of
how instructors evaluate Al-assisted essays when given access to process replay compared
to static text analysis alone. The remainder of this chapter describes the writing platform
and data collection procedure (Section 3.2), characterizes the resulting dataset (Section 3.3),
presents the quantitative analyses and writer profiles (Sections 3.4.1-3.4.3), and introduces

the replay system and instructor case study (Sections 3.5.1-3.5.2).

3.2 Data Collection

3.2.1 Instrument Development: Writing Platform 4 ChatGPT

Development

To understand how students use ChatGPT, we developed a platform that tracked their
queries and the corresponding responses. Since ChatGPT is an independent app, we built
a system that integrates an in-house ChatGPT — referred to simply as ChatGPT from
this point — within the writing platform, using the default OpenAl API (model 3.5-turbo)
to record user interactions. This tool enabled us to collect three types of data: students’
queries to ChatGPT, ChatGPT’s responses, and keystroke-level recordings of their writing
process, which allowed us to analyze how students incorporated ChatGPT responses into
their essays. Our application has two main features: a plain text editor for essay writing and

access to ChatGPT. The web application emulates ChatGPT’s functionality to replicate its
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experience as closely as possible.

We will describe an issue and provide three different perspectives
on the issue. You are asked to read and consider the issue and
perspectives, state your own perspective on the issue, and analyze
the relationship between your perspective and at least one other
perspective on the issue.

Issue:
Automation is generally seen as a sign of progress, but what is lost
when we replace humans with machines?

Intelligent Machines

Many of the goods and services we depend on daily are now
supplied by intelligent, automated machines rather than human
beings. Robots build cars and other goods on assembly lines, where
once there were human workers. Many of our phone conversations
are now conducted not with people but with sophisticated
technologies. We can now buy goods at a variety of stores without
the help of a human cashier. Automation is generally seen as a sign
of progress, but what is lost when we replace humans with
machines? Given the accelerating variety and prevalence of
intelligent machines, it is worth examining the implications and
meaning of their presence in our lives.

Perspective One (Dystopian view)
What we lose with the

of people by is some
part of our own humanity. Even our mundane daily encounters no
longer require from us basic courtesy, respect, and tolerance for
other people.

Perspective Two (Utilitarian view)

Machines are good at low-skill, repetitive jobs, and at high-speed,
extremely precise jobs. In both cases they work better than humans.
This efficil leads to a more p and progressive world
for everyone.

Perspective Three (Progressive view)

Intelligent machines challenge our long-standing ideas about what
humans are or can be. This is good because it pushes both humans
and machines toward new, unimagined possibilities.

8 minutes elapsed
ChatGPT

Automation and the use of machines have significantly transformed the manufacturing
industry, revolutionizing assembly line processes and optimizing production efficiency.
Machines have become integral to modern production systems, enabling companies to increase
output, reduce costs, and enhance quality control. As a result, the adoption of automation
has become a key strategy for businesses seeking to stay competitive in a rapidly evolving
global market.

One of the primary advantages of using machines in assembly lines and lower-skilled jobs is
their ability to perform repetitive tasks with precision and consistency. Machines can
operate continuously without the need for breaks or rest, leading to higher levels of
productivity and throughput. In industries such as automotive manufacturing, electronics
assembly, and food processing, machines have become indispensable for completing routine
tasks efficiently and accurately. Additionally, machines are capable of handling physically
demanding and monotonous tasks that may be dangerous for human workers. By automating these
processes, companies can improve workplace safety and reduce the risk of injuries
associated with repetitive movements or exposure to harmful substances. This not only
protects the well-being of employees but also minimizes operational downtime and ensures
the continuity of production activities. The use of machines in lower-skilled jobs can help
address labor shortages and skill gaps in certain industries. In sectors where finding and
retaining skilled workers is challenging, automation provides a viable solution for
maintaining a steady workforce and meeting production demands. By assigning routine tasks
to machines, companies can allocate human resources to more complex and value-added
activities that require specialized knowledge and expertise.

However, despite the numerous benefits that machines offer in assembly line settings and
lower-skilled jobs, they may encounter limitations when it comes to tasks that demand human
creativity and critical thinking. Machines are designed to follow predetermined
instructions and execute predefined actions, making them proficient at handling repetitive
and predictable processes. This makes tasks like creative writing difficult because the
machine is unable to

Submit Everyt

Figure 3.1: The screencapture of the in-house ChatGPT provided to participants

The first tab (Figure 3.1) of our application is a writing platform where participants were
asked to respond to an essay prompt in the text editor. The editor recorded all input
operations and their sequence, including insertions, deletions, text selection, copy, cut, and
paste events. We also recorded the timestamps of each operation to determine when each edit
was made. With this, we were able to observe and analyze participants’ writing processes,
using timestamps to track how they alternated between the editor and the in-house ChatGPT
and how they integrated ChatGPT responses into their writing (e.g., pasted text). This

data was sent to a server as it was generated, and these features were implemented using

the CodeMirror 5 API and the CodeMirror-Record files [63].
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4 minutes elapsed

Writing ‘ ChatGPT

® User

Hello can you help me write an essay?

ChatGPT

Of course! What topic would you like to focus on for your essay?

® User

Thank you. Please give me some guidance on how to start my essay. | want to discuss how machines are good for assembly lines and lower-skilled jobs, but struggle with
more thought-provoking tasks that require human manpower.

' ChatGPT

To start your essay on the topic of how machines are beneficial for assembly lines and lower-skilled jobs, but may struggle with tasks that require human creativity and
critical thinking skills, you can begin by introducing the concept of automation and its impact on the workforce. You can discuss how machines have revolutionized the
manufacturing industry by increasing efficiency and productivity in assembly line processes.

Next, you can explore the benefits of using machines for lower-skilled jobs, such as reducing the risk of human error and increasing output. You can provide examples of
industries that have ally i ted ion to streamline their operations and improve profitability.

Then, you can transition into the challenges that machines face when it comes to tasks that require human creativity and critical thinking. Discuss how machines may
struggle with problem-solving, adaptability, and innovation compared to human workers. Highlight the importance of human ingenuity in driving technology advancements
and overcoming complex challenges that machines may not be able to handle.

In your essay, you can also examine the potential implications of increasing automation on the future of work, including the need for upskilling and reskilling the workforce
to adapt to technological advancements. You can conclude by emphasizing the importance of striking a balance between leveraging the benefits of machines for repetitive

tasks and preserving the unique skills and capabilities of human workers in more complex and creative roles.

I hope this helps you get started on your essay. Let me know if you need any further assistance!

o

Figure 3.2: The screencapture of the in-house ChatGPT provided to participants

To track how users interact with ChatGPT, we implemented a custom version of ChatGPT
using the OpenAl API, as shown in Figure 3.2. We chose to simulate browser tabs to give
participants the impression that ChatGPT was available to them in a separate window,
requiring them to switch tabs if they wanted to use it. This design choice mirrors practical
usage, as opposed to displaying ChatGPT side by side with the writing platform, which
could artificially encourage their use. Participants were allowed to ask any questions to
ChatGPT, and we did not pre-prompt the system (e.g., assigning it the role of a writing
assistant) so that its behavior would closely resemble the standard ChatGPT experience.
We also allow for copy/paste events between each window, allowing participants to bring

information between both tabs. We recorded all queries and their timestamps to analyze
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how and when ChatGPT was prompted for assistance during the writing process.

3.2.2 Study Procedure

Before writing an essay, we asked participants to complete a pre-study survey created in
QuestionPro to collect basic demographic information. The survey also included two stan-
dard questionnaires: the Technology Acceptance Model (TAM) [34], which we adapted for
ChatGPT, and a Self-Efficacy for Writing (SEWS) questionnaire [19]. This questionnaire is

shown in Appendix A.1.1.

The Technology Acceptance Model (TAM) is a well-established framework used to under-
stand how users come to accept and use technology. TAM has two subscales: (1) perceived
usefulness of technology (TAM PU), which refers to the degree to which a person believes
that using a particular technology will enhance their job performance or improve productiv-
ity, and (2) perceived ease of use (TAM PEOU), which reflects how easy a technology is to
use, based on the idea that users are more likely to accept a technology if they find it easy to
operate. The Self-Efficacy for Writing Scale (SEWS) measures students’ confidence in their
writing abilities across different tasks and contexts. This construct is grounded in influential
motivation and writing theories and also accounts for behaviors such as help-seeking. Stu-
dents with lower self-efficacy may be more inclined to use tools such as ChatGPT to reduce
the cognitive load [19, 117]. Together, these two constructs provide complementary insights:
SEWS reflects internal beliefs about writing competency, while TAM captures perceptions
of the tool itself. By incorporating both, we examine which factors can serve as predictors of

GenAl usage, accounting for how students may or may not use ChatGPT in their writing.

The participants were then redirected to our writing-ChatGPT platform to begin the essay

task. We used a sample writing prompt from the American College Testing (ACT), as most



3.2. DATA COLLECTION 27

college students applying to US universities are familiar with this type of assignment. The
prompt addressed the issue of automation replacing humans with machines and included
three perspectives on the topic. Participants were asked to present their own perspective
and analyze how it relates to at least one of the perspectives provided (shown in Figure
3.1). The complete prompt is included in Appendix A.1.2. We asked participants to spend
approximately 30 minutes on the essay, as the ACT exam allows a maximum of 40 minutes
for the essay response. During the study, they were neither encouraged nor discouraged
from using ChatGPT. The study was advertised as “a study investigating essay writing and
ChatGPT.” On the interface, the participants were instructed: “If you wish to use ChatGPT,
please click the ChatGPT tab and ask questions. Do not use ChatGPT in your browser; use
the one we provided.” They were further instructed to write the essay as if it were “a class
assignment that would be submitted for a grade.” We did not impose any policy restricting
ChatGPT usage, allowing participants full autonomy in deciding whether and how to use

the tool.

After submitting their essays, participants completed two additional questionnaires to reflect
on their writing experience. First, we sought to determine whether students felt the essay
was truly “theirs” and whether reliance on ChatGPT influenced that perception. To measure
perceived ownership (PO) of the written artifact, we used a validated questionnaire [9, 25,
108]. Second, we used the Creativity Support Index (CSI) to assess how well ChatGPT
supported their creativity [29]. From CSI, we took the Collaboration subscale questions out
as this scenario does not involve any collaboration with others. These measures provide

insight into students’ perceptions of ChatGPT in the context of academic writing.
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3.2.3 Participant Information

We recruited participants through university mailing lists, targeting undergraduate and grad-
uate students, and through Prolific, an online crowdsourcing platform. We required all par-
ticipants to be college students and native English speakers. Upon completion of the study,
participants were entered into a raffle for a $10 gift card, with winning odds being 1 in 5.
In total, 77 participants completed the study. For participants’ ages, we used the following
age bands: 18-24 (n=62), 25-34 (n=10), 35-44 (n=2), 45-54 (n=1), and 55-64 (n=2). Of
the 77 participants, 34 identified as women, 1 as nonbinary, and 42 as men. The racial dis-
tribution was as follows: 37 White/Caucasian, 24 Asian/Pacific Islander, 7 Black or African

American, 5 Hispanic, and 4 Other.

3.3 Dataset Overview

Our dataset can be found at https://doi.org/10.7910/DVN/K6PSHK [62] as a spreadsheet
file. We removed personally identifiable information and preprocessed the data to a more
readable format. The dataset has two spreadsheets. The first contains participant informa-
tion, including groupings, descriptive essay statistics, and pre/post survey data. The second
spreadsheet includes participants’ essay data showing additions, deletions, cursor moves,
copy-paste events, and GPT query/response pairs. A full list of data structures is available

in subsection A.2.1.

We report descriptive statistics characterizing participants’ writing processes and Al usage
patterns. On average, participants produced 382 words per essay (¢ = 235) and a median
of 344 words, indicating large variability in essay length (shown in Figure 3.3a). Partici-

pants typically spent 22.5 minutes (¢ = 15.10) completing the task, with a median of 20.6
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Figure 3.3: Distribution of word count and inquiry counts across participants

minutes, indicating notable variability in task completion time. Additionally, participants
made, on average, 4.51 ChatGPT queries (¢ = 5.11) with a median of 2 queries, indicating
substantial variability in usage patterns. The query counts were highly right-skewed (skew =
2.24) as shown in Figure 3.3b, suggesting that while most participants consulted ChatGPT

infrequently (0 — 2 times), a subset engaged extensively with the AT assistant.

We investigated the complexity of the participants’ essays using the Dale-Chall readability
score. The Dale-Chall score evaluates readability based on sentence length and word diffi-
culty [33], and has been found to be more accurate than other commonly used readability
metrics [68], making it well-suited to assess the complexity of student writing. Participants
averaged a Dale-Chall grade level of 9.96 (0 = 1.34) with a median of 10.07, indicating that
most essays were written at a college reading level (9.0+). The distribution was approxi-
mately symmetric (skew = —0.08, kurtosis = —0.91), suggesting that writing complexity was

relatively consistent between participants, with scores evenly distributed around the mean.
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3.4 Quantitative Characterization of AI Writing Pat-

terns

To demonstrate the dataset’s analytical potential, we present two illustrative analyses: one
examining the association between query frequency and writing outcomes (3.4.1, and another

identifying writer profiles from patterns of Al contribution and human editing (3.4.2-3.4.3).

3.4.1 Query Count and Writing Experience

We examined whether Al querying frequency—that is, the number of questions participants
asked ChatGPT—was associated with the writing process/outcome. Given that query count
is a skewed count variable, we conducted Spearman rank correlations between query count
and various metrics: word count, time taken, readability, perceived ownership (PO), and the
Creativity Support Index (CSI). The number of queries submitted to ChatGPT was signif-

icantly correlated with word count, time taken, and readability. Specifically, query count
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was positively associated with word count (p = 0.485, p < 0.001) and time taken (p = 0.493,
p < 0.001), indicating that participants who asked more queries tended to produce longer
essays and spend more time on the task (see Figure 3.4a). A similar pattern was observed
for readability as measured by the Dale—Chall score (p = 0.380, p < 0.001), with higher
query counts associated with essays that are more difficult to read (see Figure 3.4b). No

significant correlations were found between query count and the post-task survey measures

(PO and CSI).

3.4.2 Quantifying Human Contribution in AI-Assisted Writing

To capture the degree in which the user actively contributed to the writing process, two
metrics were calculated: the Human Contribution Ratio (HCR) and the Human Edit Ratio
(HER). HCR is used to determine the proportion of user-written words in the final essay.

We calculated these rates based on the four numbers that the editor tracked:

HA = the number of words that the participant added to the essay

o HD = the number of words deleted from the essay that were originally written by the

participant

e GP = the number of words pasted from a ChatGPT response

e GD = the number of words that the human deleted from the essay that were originally
pasted from ChatGPT

The total length of the essay will be (HA — HD) 4+ (GP — GD), and HCR can be calculated

as:
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HA — HD
HCR_{HA—HDH%GP—GD) (3:1)

This metric represents the proportion of text written by the participant in the final essay,
ranging from 0 to 1 (inclusive). For example, an HCR of 0 indicates that the essay consists
entirely of text pasted from ChatGPT, whereas an HCR of 1 means that all words in the
essay were written by the participant. Figure 3.5a presents the distribution of HCR scores,
showing that most users are concentrated at the extremes (0 or 1), with relatively fewer
observations in the middle range. This distribution suggests polarized writing behaviors:

final essays tend to consist either entirely of the writer’s own words or almost entirely of text

generated by ChatGPT.

However, HCR may overlook the extent to which the essay’s structure and ideas were orig-
inally contributed by the participant, particularly when ChatGPT is used for revision. For
example, a user may write the entire essay without assistance from ChatGPT but later use
it to proofread or revise the draft, replacing the original text with the revised version. In this
case, the HCR would be 0 because all the words were pasted from ChatGPT’s responses,

even though the underlying ideas and structure originated from the participant.

To address this limitation, we a developed complementary metric, the Human Edit Ratio
(HER), defined as the proportion of all additions and deletions attributable to the par-
ticipant, where deleting Al-generated content is counted as human contribution. HER is

calculated using the following equation:

HA +HD + GD

HER:HA+HD+GP+GD

(3.2)

In this formulation, the only term excluded from the numerator is GP, which represents the
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number of words pasted directly from ChatGPT. The ratio ranges from 0 to 1: a value of 0
indicates that the participant did not write any words during the process, whereas a value of 1
indicates that no ChatGPT-generated text was pasted into the editor. Deletions—regardless
of whether the text was originally generated by ChatGPT or written by the user—are counted
as human contributions, as they reflect deliberate curation decisions about what to retain
or remove. Figure 3.5b shows a distribution in which most participants are concentrated at
higher HER values (above 0.75), with a small number near 0. This pattern suggests that
many students made substantive edits to their essays, whereas a subset relied heavily on

Al-generated text with minimal independent contribution.

Nevertheless, HER is not without limitations. Because deletions of Al-generated text count
toward the numerator, the metric can in principle be inflated by editing behavior that does
not reflect genuine authorship. A participant who repeatedly pastes ChatGPT output and
then deletes it, for instance, accrues deletion counts that raise HER without contributing
original writing, and more generally HER rewards observable editing activity regardless of the
thought behind it. The metric also does not capture the cognitive effort involved in planning,
ideation, comprehending ChatGPT-generated content, or deciding whether to incorporate
Al-generated text, none of which need produce word-level edits. HER should therefore be
read as an approximation of observable editing effort rather than a comprehensive measure

of cognitive contribution.

These caveats are mitigated when HER is interpreted alongside HCR rather than on its own.
The two metrics capture different and complementary aspects of authorship: HCR reflects
how much of the final text the participant wrote, while HER reflects how much of the
editing activity was theirs. The gaming scenario above illustrates why this pairing matters.
A participant who pastes and deletes ChatGPT text to inflate HER would still register a low

HCR, because little of the final essay would be in their own words; conversely, a participant
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who writes independently but uses ChatGPT to revise would show a low HCR but a high
HER, correctly signaling that the underlying ideas and effort were their own. Neither metric
is sufficient in isolation, but together they distinguish genuine authorship from superficial or
adversarial editing far more reliably than either could alone. We therefore treat HCR and

HER as a joint characterization of human contribution throughout this work.
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Figure 3.5: Distributions of HCR and HER

3.4.3 Clustering Writer’s Profile Based on Contribution and Edit

We used HCR and HER to identify distinct patterns of ChatGPT usage by positioning each
participant within a two-dimensional space defined by the two metrics (see Figure 3.6). We
then applied K-means clustering to classify writer profiles. The optimal number of clusters
was determined using silhouette analysis and the elbow method [106] based on the sum
of squared errors (SSE), which indicated that K = 4 was appropriate (see Figure A.2 in
subsection A.2.4). The resulting clusters were visualized by plotting HCR against HER
and characterized according to their relative magnitudes; mean HCR and HER values are

reported in Table 3.1. Representative essays from each cluster were manually reviewed to
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Figure 3.6: Five Clusters of Participants based on HCR and HER. The size of the marker

indicates the number of participants with the same value pairs

identify characteristic usage patterns.

The first group (n = 37) exhibits high HCR and high HER scores (purple circles in the top-

right corner of Figure 3.6). These participants retained little to no ChatGPT-generated text

in their final essays. Notably, 26 included no Al-generated words at all, suggesting they used

ChatGPT primarily for idea generation, information search, or not at all. We refer to this

group as Lead Authors, as most of the writing was produced independently. In some cases,

participants requested a paragraph but substantially revised it—without directly pasting the

generated text—to make it their own, or used ChatGPT to explore alternative perspectives.
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Table 3.1: Average Human Contribution Ratio (HCR) and Human Edit Ratio (HER) for
each cluster.(Standard Deviation).

Cluster N HCR HER
Lead Authors 37 0.98 (0.04) 0.95 (0.09)
Collaborators 15 0.53 (0.09) 0.62 (0.1)
Vibe Writers 14 0.01 (0.05) 0.06 (0.11)
Drafters 11 0.09 (0.1) 0.64 (0.14)

The second group (n = 15) is located near the center of the graph (green rectangles in
the middle of Figure 3.6). These participants, whom we refer to as Collaborators, worked
alongside ChatGPT in a relatively balanced manner. Their final documents contained a
fairly even mixture of ChatGPT-generated and user-written text. Typically, they generated
text with ChatGPT, pasted it into the editor, and then revised it directly. In other cases,
after drafting most of the document themselves, they requested a conclusion based on their
existing text and incorporated it into the essay. Because these conclusions were generally
summaries of content they had already written, this delegation suggests a relatively limited

role for ChatGPT in shaping the overall argument.

The following group (n = 14) showed low HCR and low HER scores (blue triangles on the
bottomleft cornder of Figure 3.6). These participants relied primarily on the essay generated
by ChatGPT in response to the writing prompt and rarely, if ever, composed their own text
in the editor. This pattern is similar to Vibe Coding [95], in which a programmer uses Al
to produce code and do not directly type code. Accordingly, we refer to this group as Vibe

Writers.

The last group, which we refer to as Drafters (n = 11), is characterized by low HCR and
high HER scores (orange diamonds on the left of the figure). This pattern suggests that
although their final drafts were primarily composed of ChatGPT-generated text, they had

written their own drafts at some point (as indicated by the high HER), which were later
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replaced with ChatGPT-generated content. In many cases, participants first wrote their own
text and then asked ChatGPT to rewrite it, subsequently copying and pasting the revised

version into the editor.
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Figure 3.7: Inquiry usage across clusters

3.4.4 Behavioral and Perceptual Differences Across Writer Clus-

ters

Using the previously identified clusters, we conducted a Kruskal-Wallis test to examine
whether the writer groups differed significantly across measures of the writing process. Post
hoc analyses were performed using Dunn’s test with Bonferroni correction to identify specific

pairwise differences. Significant effects were observed for the following metrics: query count,
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time spent, readability, and perceived ownership.
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For query count, a significant difference was observed, H(3) = 9.016,p = 0.0277. Post hoc
analysis revealed a significant difference between the Lead Authors and Collaborators groups
(p = 0.0141) (see Figure 3.7), indicating that Collaborators asked more questions than Lead
Authors. Significant differences were also found for time spent, H(3) = 11.69,p = 0.009.
Pairwise comparisons showed significant differences between Lead Authors and Vibe Writers
(p = 0.002), Collaborators and Vibe Writers (p = 0.043), and Drafters and Vibe Writers
(p = 0.028) (see Figure 3.8). Vibe Writers, who generated the entire essay, completed the
essay in much shorter than the other three groups. Significant differences were also observed
in Dale—Chall scores, H(3) = 32.26, p < 0.001. Post hoc analysis indicated that Lead Authors

had lower Dale-Chall scores than the other three groups. These differences were statistically
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significant for comparisons with Collaborators (p < 0.001), Vibe Writers (p < 0.001), and

Drafters (p < 0.001) (see Figure 3.9).
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Figure 3.9: Dale—Chall scores across clusters

In the post-study survey, we measured participants’ perceptions of their writing experience
using the Perceived Ownership Scale and the Creativity Support Index (CSI). A significant
group difference was observed for perceived ownership, H(3) = 23.80,p < 0.001. Post
hoc analysis indicated that Lead Authors differed significantly from both Collaborators and
Vibe Writers (see Figure 3.10), suggesting that Lead Authors reported stronger perceived

ownership than these two groups. No significant differences were found for CSI.
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3.5 Replay Interface Development for In-depth Analy-

S1S

Although this clustering provides a useful framework for characterizing usage patterns re-
flected in editing activity, it does not capture other important forms of interaction that do
not involve direct edits. For example, P47, who belongs to the Lead Authors group, drew
ideas from ChatGPT’s response to a copy-pasted writing prompt and then composed the
essay independently. Without examining the specific responses generated by ChatGPT and
how those ideas were integrated into the participant’s self-written essay, it is difficult to

accurately assess the extent of ChatGPT’s influence on the student’s work. To address this
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limitation, we developed a replay interface that reconstructs the essay composition process,
enabling more in-depth qualitative analysis. We describe the interface below and present a

case study to illustrate the types of analyses this approach affords.

3.5.1 NIRVANA: Replay System

3.5.2 A Case Study: Instructors’ Reflection

The replay interface enables trace-based (or, arguably, video-based, akin to screen recordings)
qualitative analysis of writing processes, allowing researchers to examine how human—AI in-
teractions unfold over time. Two authors of this paper—both instructors of writing-intensive
courses—conducted a reflexive review of selected cases, drawing on their pedagogical experi-
ence to identify patterns they considered noteworthy or concerning with respect to students’

learning and authorship.

P77 (Replay link) P77’s case reflects explicit reliance on ChatGPT for full essay production
and, based on our clustering, belongs to the Vibe Writers group. At the outset, the student
copied most of the writing prompt into ChatGPT, which produced a complete essay. The
student then added a minimally constructed “personal view” in the following queries and
asked ChatGPT to incorporate and contrast it with the other perspectives from the prompt,
pasting those perspectives directly into the conversation. After receiving the revised output,
the student pasted the generated essay into the editor without further edits. The word-count
graph, which shows a single sharp increase at the end of the session, indicates that the final
essay was pasted in as a complete block of text, with only minimal priming from the student
to shape the perspective. Overall, the student’s contribution was limited to framing the

argument rather than engaging in the writing process itself.
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P30 (Replay link) P30’s case shows the opposite pattern: the student used ChatGPT
primarily as a search engine, seeking assistance with grammar, spelling, and vocabulary;
accordingly, P30 belongs to the Lead Authors group. The only exception occurred at 25:28,
when the student asked ChatGPT to make a particular sentence more concise, which may
be negligible depending on the assignment context. Otherwise, most of the writing was
completed independently, and the ideas were not derived from ChatGPT. The steady growth
in the word-count graph over time reflects this pattern, indicating that the student took the

initiative in developing the essay.

P57: (Replay link) P57’s case is another example from the Lead Authors group, though
it reflects a different pattern of use. The participant initially asked ChatGPT to generate
a complete essay based on the writing prompt. However, the prompt itself was revised,
and the participant selected one of the perspectives provided in the assignment. Although
ChatGPT produced a full essay, the participant used it only as a reference and did not paste

the generated text into the editor. The resulting essay differed from the one generated.

P54: (Replay link) P54 belongs to the Drafters group. The participant initially wrote
the essay independently without submitting any queries to ChatGPT. After composing a
three-paragraph draft, they asked ChatGPT to elaborate further, prompting the system to
propose an additional idea. The participant then requested that ChatGPT generate the
proposed elaboration (e.g., “Show it to me.”), which ultimately replaced the original draft.
Although the initial ideas and structure were developed by the student, ChatGPT introduced

new content that P54 adopted directly into the final essay.

P26 (Replay link) In the case of P26, the student generated the initial draft with Chat-
GPT and made only minimal edits to align the text with their writing style. The graphs
show small, gradual revisions rather than steady linear growth (see Figure 3.11). Most of

the text—and the underlying ideas—originated from ChatGPT. Of the three perspectives,
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Figure 3.11: Writing page of our application P26’s case

the student adopted the one selected by ChatGPT as their own, though they may have
genuinely agreed with it. Although P26 was clustered into the Collaborators group, quali-
tative analysis suggests a more concerning pattern. The student’s role was largely limited
to editing, while ChatGPT acted as the primary author. This case highlights the limits of
quantitative clustering and the value of qualitative analysis in distinguishing superficially
similar forms of “collaboration.” It may reflect heavy reliance on ChatGPT accompanied by

only surface-level revisions to present the essay as independently written.

3.6 Discussion

In summary, our dataset provides insight into how students use ChatGPT for essay writing.
As an example we conducted quantitative analysis that shows how the query count was

associated with writing outcomes, including essay length, time spent, and readability. We
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introduced two metrics—the Human Contribution Ratio (HCR) and the Human Edit Ratio
(HER)—to characterize Al integration patterns and identified four writer profiles: Lead
Authors, Collaborators, Drafters, and Vibe Writers, which differed significantly in query
count, time spent, readability, and perceived ownership. To illustrate the analytical value of
the NIRVANA Replay System, two authors conducted a reflexive review of selected cases,
demonstrating that process-level qualitative analysis reveals differences in Al integration that
quantitative clustering alone may miss. The dataset and replay system provide a foundation
for human—AT interaction, learning science, and NLP research aimed at understanding how
students incorporate Al into their writing. We conclude with implications and directions for

future work.

3.6.1 Query Behavior and Writing Outcomes

In our analysis, we observed a positive correlation between query count and essay length,
suggesting that students who engaged more frequently with ChatGPT produced longer essays
overall. An optimistic interpretation is that ChatGPT may function as a generative scaffold,
helping students overcome writer’s block or elaborate on ideas they might not have otherwise
developed [28]. Students who queried ChatGPT more often may have been more deeply
engaged with the task, using the Al iteratively to develop and refine their ideas, consistent

with prior research [47].

At first glance, this finding may seem counterintuitive, as one might expect ChatGPT use to
expedite the writing process. Indeed, the Vibe Writers group completed the task in less time.
However, this pattern may reflect limited motivation to engage deeply with the assignment
rather than efficient collaboration. In this sense, intrinsic motivations (e.g., conversational

engagement) and extrinsic motivations (e.g., earning a higher grade) may lead to different
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usage patterns. Future work should examine how incentive structures shape students’ Al

use and writing behaviors.

3.6.2 Understanding Writer Profiles

We identified four writer profiles representing distinct Al integration strategies, ranging from
using ChatGPT as an ideation tool to delegating the entire writing process. Notably, the
largest group, Lead Authors, wrote their essays primarily independently despite unrestricted
access to ChatGPT. This finding may alleviate concerns about widespread Al dependency,

as most students submitted essays composed largely of their own text.

Behavioral differences across clusters provide further insight into these profiles. Lead Authors
produced essays with significantly lower Dale—Chall difficulty scores than the other groups,
indicating more readable text aligned with their expected educational level. In contrast,
essays incorporating more Al-generated content tended to exhibit greater lexical complexity
and formality, characteristics often associated with large language models [68, 82]. This
pattern aligns with concerns that Al-generated text may inflate surface-level complexity

metrics without necessarily reflecting deeper comprehension or authentic student voice [61].

It is important to distinguish between Drafters and Vibe Writers, who exhibit similarly
low HCR scores but differ substantially in HER. Drafters actively engaged in drafting before
replacing their work with ChatGPT-generated content, suggesting cognitive effort that is not
reflected in the final essay. This distinction raises important questions about how Al reliance
should be assessed: evaluating only the final product may obscure meaningful differences in

the writing process that become visible through process-level data.

Lead Authors reported significantly higher perceived ownership than Collaborators and Vibe

Writers, indicating that the degree of personal contribution—captured by both HER and
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HCR—is associated with ownership. For educators, this finding offers actionable guidance:
assignments and interventions that encourage independent writing alongside selective Al use
(e.g., ideation, information search, but no direct text) may better preserve students’ sense
of authorship and agency. Rather than restricting Al access entirely, educators might focus

on scaffolding how students integrate Al into their writing process.

These findings highlight the importance of moving beyond aggregate usage metrics when
studying Al-assisted writing in educational contexts. The HCR and HER metrics, combined
with cluster analysis, reveal a richer picture of how students position themselves relative to
the AI than query count alone. Rather than asking how much students use Al, the more
meaningful question for educators and researchers may be what role students assign to it in
their writing process — and whether that role supports or undermines their development as

writers.

3.6.3 Understanding Writing Process Through Case Analysis

The five cases in our case study illustrate both the value and the limitations of quantitative
clustering for understanding Al-assisted writing. While P77 and P30 align clearly with their
respective clusters ( Vibe Writers and Lead Authors), P26 highlights the limits of relying solely
on cluster membership to characterize student engagement with Al. Although classified as
a Collaborator, P26’s process more closely resembles that of an editor refining Al-generated
content than a writer actively developing ideas. This distinction is meaningful for educators
concerned with learning outcomes, as editing Al-generated text engages different cognitive

processes than composing independently.

The contrast between P57 and P77 is similarly instructive. Both requested full essays from

ChatGPT at the outset, yet P57 used the output as reference material, whereas P77 pasted
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it directly without revision. This difference becomes apparent when examining how they
incorporated the generated text into their writing; query-level data (e.g., questions and

responses) alone would suggest a much more similar pattern of Al use.

More broadly, these cases demonstrate that NIRVANA enables analysis that bridges quanti-
tative and qualitative approaches. Researchers and instructors can use quantitative metrics
to identify sessions of interest and then conduct qualitative reviews to understand how stu-
dents engaged with Al. Critically, the process-level visibility afforded by the replay system
allows educators to distinguish between surface-level similarities in final outputs and mean-
ingful differences in learning engagement—a distinction that raw quantitative data alone
may miss. For educators navigating Al in the classroom, this capability is essential: under-
standing how a student arrived at an essay, not just what it contains, is key to assessing

learning and providing appropriate support.



Chapter 4

An Empirical Study to Understand

How Students Use ChatGPT for

Writing Essays

4.1 Introduction

As established in the previous chapter, understanding how students engage with generative
Al during writing requires moving beyond self-reported accounts to direct observation of the
writing process. Existing research has largely captured student attitudes toward GAI tools,
but has not provided a detailed, process-level account of how students actually use these
tools during academic writing tasks. This chapter addresses that gap by presenting our first
study, in which we directly observed how college students used ChatGPT while writing an
argumentative essay, capturing fine-grained activity traces of the writing process alongside

student survey responses.

Writing is fundamental to effective learning, allowing learners to critically engage with the
topics they study [8, 39], with the pedagogical value being the process itself, planning argu-
ments, translating ideas into words, and revising to clarify concepts [43]. The emergence of

generative Al (GenAl) tools, such as ChatGPT, Google Gemini, and Claude, has disrupted

48
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traditional educational paradigms by allowing students to offload writing tasks to AT [55, 81].
Educators have expressed growing concerns about how students might use GenAl when in-
structors give students writing assignments (e.g. reflective essays) designed to facilitate

students’ critical engagement with a topic [5, 88, 94].

Understanding the potential risks and benefits of using LLM-powered tools is challenging
because student usage remains understudied. As a result, educators’ ability to assess the
impact of LLMs on student learning is limited. While some uses of ChatGPT may be
less problematic than generating an entire essay (e.g., spelling correction), even limited
usage can still negatively impact the learning process, depending on the learning context.
For example, asking an LLM to choose one perspective on a divisive topic can deprive
students of the opportunity to think critically about opposing viewpoints. However, these
expectations remain speculative and are not necessarily evidence-based [99]. Therefore, in
order for educators to assess its impact on learning, it is crucial to understand how students
use ChatGPT based on their objectives and usage patterns. While students’ actual use of
GenAl for writing has been studied [28, 47, 115] and made available through datasets [53, 74,
77], a detailed analysis of how they functionally use GenAl, what factors predict their GenAl

usage, and how such usage influences their writing and perceptions remains underexplored.

This study addresses these gaps by observing students writing an argumentative essay with
trace data collection and integrated analysis. We conducted an online study where 77 college
students were asked to write an essay using ChatGPT, which was accessible on a custom
online platform that we developed to capture the queries they made to ChatGPT—queries
that are typically hidden from instructors. In addition, we captured their keystrokes, copying,
and pasting behaviors to follow how the writing process was affected by ChatGPT responses.
This data-driven approach captures usage patterns across the writing process—rather than

relying on self-reports—and allows us to connect user characteristics with behavioral patterns
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RQ3: How does ChatGPT usage
show up in their writing?

Students’
Experience

Students’ Essay
Characteristics Characteristics

Gender/Race/Age Planning » The word count of * Perceived ownership

» Creativity support

Self-efficacy in Writing Translating user-added words
ChatGPT Acceptance Reviewing + The % of GPT
All of the above written words

Pre-study Survey Qualitative Coding Interaction Trace Post-study Survey

RQ2: What predicts their RQ4: How does their ChatGPT
ChatGPT usage? usage shape their experience?

Figure 4.1: The overview of Research Questions

and resulting essay characteristics. We address the following research questions (shown in

Figure 4.1).

« RQ1: How do students use ChatGPT in essay writing?

We categorized all ChatGPT queries based on Flower and Hayes’s Cognitive Process Theory
of Writing Model [43], which structures the cognitive process into three categories: Planning,
Translating, and Reviewing. We also added another category, All, to account for cases when a
student relies on ChatGPT to write the entire essay or a subset of the essay, which delegates
all three types of tasks at once (e.g., ‘ Write an essay in response to the following prompt.’).
This taxonomy reveals the types of writing tasks students delegate to ChatGPT and provides
a comprehensive overview of usage patterns across the writing process. In addition, the
publicly available dataset collected in this study will allow educators and researchers to
identify GenAl usage that they may find problematic or beneficial for student learning

and can enable follow-up studies on how instructors should incorporate GenAl into writing

pedagogy.
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In addition, we examined how individual student characteristics relate to ChatGPT usage

patterns.

« RQ2: What factors can predict how students use ChatGPT?

In particular, we used two specific constructs to account for individual differences, along
with demographic information: self-efficacy in writing (SEWS) and the perceived acceptance
of ChatGPT measured by the Technology Acceptance Model (TAM). Writing self-efficacy
reflects a student’s confidence in their ability to perform various writing tasks. Prior research
indicates that students with lower self-efficacy in writing are more inclined to seek external
assistance or rely on tools to simplify the writing process [83, 117]. TAM captures attitudes
towards perceived usefulness and ease of use for a technology, factors that predict actual
usage [93]. By combining these surveys with demographic data, we investigate how students’
attitudes toward GenAl and their writing confidence correlate with usage patterns. Based

on usage patterns, we grouped participants into six groups to answer the following:

« RQ3: How does students’ ChatGPT usage manifest in their writing?

We analyzed the interaction traces to understand how the essays were composed , exam-
ining three characteristics: word count, essay composition (student versus ChatGPT), and
readability scores measured with the Flesch-Kincaid Grade Level [42] and Dale-Chall [33]
metrics. By comparing these characteristics across clusters, we discuss how different usage

patterns relate to essay length and linguistic complexity.

Lastly, we investigated how ChatGPT use relates to students’ subjective writing experience,

addressed in the following research question:

« RQ4: How does students’ ChatGPT usage shape their perception of the

writing experience?
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We assessed two dimensions of the subjective writing experience: perceived ownership (PO) [9,
25]—the students’ sense of ownership of the essay—and the Creativity Support Index (CSI) [29]—their
reflection on how ChatGPT supported their writing practice. PO is particularly important
in educational settings, where feelings of authorship and accountability are closely related
to learning outcomes and academic integrity [25, 65, 118]. To complement this, we used
the CSI to assess how engaging and meaningful students found the Al-supported writing
process [29, 45, 59]. By understanding engagement, we gain insight into whether students
remain engaged in the writing process when ChatGPT performs cognitive work, a potential
risk to learning. Together, these measures reveal how the use of GenAl affects students’

sense of ownership and engagement in writing tasks.

Our work contributes to understanding GenAl in writing education by providing four key

contributions:

« Empirical, data-driven understanding of how college students use GenAl while writing,

grounded in Flower and Hayes’s Cognitive Process Theory of Writing.

« Insights into how user characteristics (e.g., age, race, gender, writing efficacy) relate

to distinct GenAl usage patterns during writing.

o Understanding of how students’ essays and their perceptions of their writing vary across

usage patterns.

« A publicly available dataset of students’” GenAl interactions (queries and responses)
paired with fine-grained editor interaction traces (keystrokes, copy—paste actions) from

an argumentative essay writing task.

The results revealed distinct patterns of ChatGPT usage, which we categorized each query

into six groups, reflecting its role as an ideation partner, editor, ghostwriter, or some com-



4.2. METHOD 53

bination of these. We also identified a mode of vibe writing in which a subset of students
compose essays by instructing ChatGPT to generate desirable outputs. Our findings indi-
cate that SEWS predicts the frequency of ChatGPT use, and that students who rely on
ChatGPT for planning or reviewing reported a comparable sense of ownership over their
work, results that may raise concerns for educators. These insights, along with our pub-
licly available dataset, provide educators and researchers with empirical resources to inform
future GenAl policies, enabling them to examine how students’ GenAl use may influence

learning outcomes.

4.2 Method

To understand the usage patterns students have with ChatGPT, we conducted an online
study designed to capture these patterns and examine their relationship with other factors:
the students’ background, the resulting essay, and their perceptions towards AI. We introduce
the system developed for data collection and outline the methodological approach used for

our qualitative and quantitative analyses.

4.2.1 Study Design

The data collected in this study used the writing platform and interface discussed in Chap-
ter 3, Section 3.2. Before the writing task, participants completed a pre-study survey in-
cluding demographic information and two validated measures: an adapted Technology Ac-
ceptance Model (TAM) questionnaire for ChatGPT [34] and the Self-Efficacy for Writing
Scale (SEWS) [19]. Participants then completed the essay task using our integrated writ-

ing platform with embedded ChatGPT. The prompt, adapted from an American College



CHAPTER 4. AN EmMPIRICAL STUDY TO UNDERSTAND HOW STUDENTS USE CHATGPT FOR WRITING
54 Essays

Testing (ACT) essay [1], addressed the issue of automation replacing human labor and pre-
sented three perspectives. Participants were asked to develop their own position and relate
it to at least one of the provided perspectives (Figure 3.1). They were advised to spend
approximately 30 minutes on the task. Although instructed to treat the essay as a graded
class assignment and informed that they could use the in-house ChatGPT interface if they
wished, participants retained full autonomy over how to use the tool. We did not impose
a minimum length requirement, and compensation was not contingent on essay quality or
performance. After submitting their essays, participants completed post-study measures

including the Perceived Ownership scale [9, 25, 108] and the Creativity Support Index [29].

4.2.2 Qualitative Analysis of ChatGPT Queries

To analyze the queries sent to ChatGPT, we coded all participant queries into categories
inspired by Flower and Hayes’ Cognitive Process Theory of Writing [43]. In this study,
we treat the queries that students submit to ChatGPT as an alternative source of think-
aloud data, as these queries manifest their ongoing cognitive processes. While ChatGPT
cannot gather all of the data a true think-aloud study can, this approach captures authentic
student usage and explores how cognitive processes across writing phases vary with individual
characteristics. In addition, having independent coders categorize each query based on its
semantic content mirrors the real-world practice in which instructors must assess the nature
and severity of GenAl use from the questions students ask, rather than relying on students

to articulate their underlying intentions.

In the following subsections, we provide a detailed description of each category and out-
line the subcategories that have been identified within it. Coding and categorization were

performed independently by two authors, followed by multiple discussion sessions to reach
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(2) Deleted user- (1) User-added (3) ChatGPT
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Figure 4.2: Data Flow Diagram between Editor, Participant, and ChatGPT

agreement (Cohens x = .89; see section 4.2.2).

Planning (P)

According to Flower and Hayes’s model, the goal of Planning is defined as “to take informa-
tion from the task environment and from long-term memory and to use it to set goals and
to establish a writing plan to guide the production of a text that will meet those goals” [43].
Main activities within planning include collecting information, generating and organizing
ideas, setting goals or outlining the writing structure [43]. This category, therefore, included
queries such as asking for examples, seeking information, or requesting help in structuring
the essay. Any query explicitly asking ChatGPT to generate essay text or write portions of

the essay were not identified as planning and classified into a different category.

Translating (T)

The second category derived from the model is Translating, defined as the process of turning
ideas into text [43]. Queries were classified as translating when they included both a request
to generate text for the essay and sufficient context about the desired content. Requests to
generate portions of the essay larger than a paragraph were excluded from this category and

instead classified into the All category, as this includes planning and reviewing activities.
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Reviewing (R)

The Reviewing category included any query that asked for evaluations or revisions of exist-
ing text, aligning with the two subprocesses of reviewing in Flower and Hayes’ model [43].
Queries involving evaluation ranged from seeking targeted feedback on written text to re-
questing a score or grade. Queries involving revision included requests to fix simple spelling
and grammar errors, as well as more complex tasks, such as rewriting sections of an essay
in a particular style. In other words, any query in which participants supplied original text
and requested an evaluation or rewrite—without significantly altering the overall theme or

viewpoint—was classified as Reviewing.

All (A)

The All category corresponded to using ChatGPT to make a request that involves all three
activities, Planning, Translating, and Reviewing, to ChatGPT. Such queries involve gener-

ating the entire essay or a portion of it (e.g., a paragraph).

Finally, not all queries fit the four main categories. Some were unrelated to the writing
task, as there were no constraints on the types of queries that participants could submit.
For example, we identified a code for providing feedback, where a participant evaluated
ChatGPT’s response and offered feedback (e.g., typing “That’s a great idea.”), which is not
tied to any specific process of writing. We do not discuss these types of messages in this

paper, as our focus is on writing-related queries.

Inter-rater Reliability

To validate our qualitative coding results, two researchers independently categorized each

ChatGPT query using our coding framework (P, T, R, A). Our analysis involved categorical
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classification into four distinct codes, and the resulting Cohen Kappa score (k = .89) indi-
cates strong inter-rater agreement [84], demonstrating both the clarity and consistency of
our codebook definitions and supporting the validity of the subsequent quantitative analysis

based on the four categories.

Finer-grained Coding

In addition to the four categories above, we coded each query using a finer-grained codebook
that we developed in an inductive manner. These codes were defined within one of the
four process categories, so for example, the code Proofread (REO1 in Table 4.3) falls under
the Reviewing category. Two authors of the paper started out developing the codebook
independently, then met to compare their coding schemes and revise them through discussion
until they reached agreement. The finer-grained codes for each category are presented in
the Results section (Tables 4.1, 4.2, 4.3, and 4.4). The authors assigned a code based
on the semantic meaning of the query itself, rather than the latent intention that can be
inferred from subsequent actions (e.g., how the generated text was used afterwards), thereby

minimizing the subjectivity of coders in the coding process.

4.2.3 Quantitative Analysis
Essay Writing Trace

The recording features tracked each user’s input and stored it in our database with times-
tamps. In general, it provided comprehensive keystroke-level data capable of reproducing
each writer’s writing process and interactions with ChatGPT. Figure 4.2 illustrates the
overall data flow in terms of word count. For example, we examined how ChatGPT re-

sponses contributed to the writing process by comparing the generated responses with the
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text participants pasted into the editor afterward, represented as “Pasted ChatGPT words”

in Figure 4.2. The following list provides examples of metrics calculated for each participant:

Number of queries made (per category: P, T, R, A) for the essay (Figure 4.2-(3))
o Number of words manually entered (Figure 4.2-(1))

o Number of words copy-pasted from ChatGPT into the essay (per query category: P, T,
R, A) (Figure 4.2-(5))

o Number and word count of Copy/Cut/Paste events in the Editor, Prompt, or ChatGPT

query textbox
o Final number of ChatGPT-generated words in the essay (Figure 4.2-[(5) — (6)])

o Final number of participant-written words in the essay (Figure 4.2-[(1) — (2)])

We used these metrics to gain insight into how users interact with GenAl and how their use

relates to other constructs !.

Data Analysis for RQ2

For RQ2, we examined whether an individual’s background, including Self-Efficacy for Writ-
ing (SEWS) and Technology Acceptance Model (TAM) scores, could predict ChatGPT us-
age. We ran a generalized linear model (GLM) using the glm function in R. A Poisson model
was chosen because the predicted values were counts (e.g., the number of ChatGPT queries

or the number of words written by a participant). For example, the relationship between

!Note that these observed metrics have limitations and cannot fully capture users’ cognitive and behavioral
processes. For example, if a participant writes words manually, we cannot determine whether those words
were generated from their own memory and knowledge or derived from a ChatGPT response and rephrased
in their own way. In such cases, the words are categorized as user-added, since they were typed rather than
copy-pasted (depicted as a gray dotted line passing through the participant in Figure 4.2-(1)).
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Figure 4.3: The query count for each category and the number of participants who used such
a query

the predictors and the expected count of ChatGPT queries (y;) for participant (i) can be

expressed as follows:

+ B4 - Gender; + (35 - Race; + (s - Age,

where:

o Gender; = 1 for Men, 0 otherwise

o Race; = 1 for White, 0 otherwise

o Age, =0 for ages 18-24, 1 for 25-34, 2 for 35-44, 3 for 45-54, 4 for 55 or older

The model uses a log-link function to relate the expected query count for each type (P, T,

R, A, and their total) per essay to the predictor variables.
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Readability scores for RQ3

Additionally, we looked at the complexity of the essays using readability scoring. We chose
to use both the Flesch-Kincaid Grade Level and Dale-Chall Readability Score. The Flesch-
Kincaid Grade Level is one of the more commonly used metrics, estimating the U.S. grade
level required to comprehend the text, with higher scores indicating greater complexity [42,
68]. The Flesch-Kincaid metric uses average sentence length and syllable count per word to
determine text complexity [42]. We also used the Dale-Chall Score as it has been found to be
more accurate than other readability metrics, including Flesch-Kincaid [68]. The Dale-Chall
Score evaluates readability based on sentence length and word difficulty [33], complementing
the Flesch-Kincaid Grade Level by using a vocabulary-based assessment to capture semantic

complexity.

4.3 Results

4.3.1 RQ1: Understanding Students’ ChatGPT Queries for Essay

Writing

In understanding how students’ ChatGPT usage fit within their writing processes, we an-
alyzed the queries they sent to ChatGPT. As discussed in 4.2.2, we grouped queries into
four main categories—Planning, Translating, Reviewing, and All-—developing finer-grained

codes for a more detailed analysis.

In total, participants sent 361 messages to ChatGPT, and we identified 26 unique codes. Of
these, 320 messages fell into one of the four main categories. Figure 4.3 shows the number

of query messages that were categorized into each type and the number of participants who
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had such a query at least once.

Messages that were not categorized (41) were typically incomplete and excluded to avoid
redundant counting. For example, a participant might ask ChatGPT to review their essay
without pasting the text, followed by a repaired query that included it; in such cases, only
the repaired query was categorized. A small subset of miscellaneous codes (Greeting, Appre-
ciation, Jokes, and Clarifying ChatGPT’s capability) were identified but are not discussed in
this paper. With this coding scheme, we identify how the different processes of writing ap-
pear in the queries to ChatGPT, presenting frequency and subcategories describing how the

process appeared in participant queries. Below, we present the codes within each category.

Planning

Planning queries refer to the process of ideating and deciding what to write, often occurring in
the early stages of writing. Nearly half of the participants (35/77) used at least one Planning
query while writing their essays. Among these participants, the average frequency was more

than two queries each, and we observed diverse uses of ChatGPT related to Planning.

Table 4.1: Planning Query Types

Code What did they ask ChatGPT to do?  Count Participants (%)

PLO1 Provide an answer to a question on a 20 12 (15.6%)
topic
PL02 Provide examples 16 12 (15.6%)
PL03 Search for factual information 18 8 (10.4%)
PL04 Suggest an essay structure 10 7 (9.1%)
PL05 Expand on an existing idea 7 7 (9.1%)
PL0O6 Recommend topics to write about 5 4 (5.2%)
PLO7 Help interpret the writing prompt 4 4 (5.2%)
PLO8 Compare the essay to an alternative 3 2 (2.6%)
viewpoint

The most common type of Planning query involved using ChatGPT as a tool for topic



CHAPTER 4. AN EmMPIRICAL STUDY TO UNDERSTAND HOW STUDENTS USE CHATGPT FOR WRITING
62 Essays

research, particularly for requesting examples (PL02) or retrieving factual information such

as statistics (PL03). Examples of this type of query are provided below.

o P49: Can you provide examples for a machine doing better at a task than a human

would? (PL02)

o P75: average unemployment rate in the 2000s (P1.02)

In this case, the students used ChatGP'T much like an online search engine. At times, answers
(e.g. statistics) were not provided because the model powering the in-house ChatGPT did
not have web search functionality, and it refused to answer based on hallucination. However,
when an answer was generated, it was often more convenient than using a traditional search
engine, as participants did not need to navigate multiple result pages or collect information

before selecting what to use in their essays.

Another common type of query involved simply asking a question related to a topic or taking
writing suggestions (PL0O1, PL05, PL0O6 in Table 4.1). In these cases, the queries resembled
asking someone for their opinions rather than searching for information. Examples in this

category are as follows:

o P20: Give me reasons why automation is actually good for society to be able to progress

(PLO1)

o P36: Automation is generally seen as a sign of progress, but what is lost when we

replace humans with machines? [copied from the prompt] (PLO1)

o Pb4: read this information about an issue and give some ideas for an essay I am going

to write about it. [pasted writing prompt] (PL06)
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Although this type of question does not explicitly ask ChatGPT to write the essay, it replaces
the process through which a student might otherwise critically engage with the topic via
contemplation or research. While P20 at least appeared to select one of the three perspectives
provided in the prompt, P36 and P54 did not generate any questions or ideas of their
own. Specifically, P36’s query was a direct copy-and-paste of the writing prompt, and P54

explicitly asked ChatGPT to suggest ideas for what to write about.

Finally, rather than asking about the essay topic itself, some participants asked questions
about how to structure the essay (PL04). Even when students have an idea of what to write
about, arranging and organizing those ideas into a coherent narrative is a critical aspect of
writing, as it shapes how effectively the overall topic is conveyed to readers. Relying on
ChatGPT for this step can represent a missed opportunity to develop one’s own writing

expertise [13].

Overall, using Planning queries with ChatGPT replaced essential aspects of writing, such as
forming an opinion on a topic, conducting research, and determining the overall direction of

the essay (e.g., logic, flow, structure).

Translating

Translating is a crucial process of the writing process that shapes the overall quality and
rhetoric of an essay beyond its core ideas, influencing aspects such as tone, coherence, and
persuasiveness [43]. We labeled a participant query as Translating when the participant
provided an idea and/or surrounding text from which the idea could be inferred and asked
ChatGPT to generate text that they were going to use for writing; these queries primarily
reflect generating text based on the given idea (shown in Table 4.2). Only 10 participants

used ChatGPT to support the translation process of writing, making it the least common
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query type in our dataset.

Table 4.2: Translating Query Types

Code What did they ask ChatGPT to do?  Count Participants (%)

TRO1 Write a paragraph given an idea 9 7 (9.1%)

TR02 Complete incomplete paragraphs/sen- 10 6 (7.8%)
tences

TRO3 Write a sentence given an idea 3 3 (3.9%)

TR04 Suggest expression/word choice 5 2 (2.6%)

The most common type of Translating query occurred when participants asked ChatGPT to
write a paragraph (TRO1) or a sentence (TR03) based on an idea they provided, a pattern

observed with seven participants.

o P04: Write a final intro sentence that explains what this paper is trying to do: aka
“this paper claims that ai is good because it exposes our inefficiencies” but in a few

sentences. (TRO1)

o P58: [A paragraph pasted] make this paragraph stronger. (TRO1)

In both examples, participants provided a specific idea they wanted to write about but relied

on ChatGPT to generate and/or strengthen the paragraph.

Another interesting pattern we observed was the participants providing an incomplete sen-
tence or paragraph and asking ChatGPT to complete it (TR02). The following query exem-

plifies this pattern well.

o PO04: I need my first intro sentence and I've got a start: “Another way automation,
especially Al is a good thing to help us expose our own inefficiencies is 7 But I don’t

know how to finish it (TR02)
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o P15: As human beings, we strive to continue progressing toward a better future. Au-

tomation has been at the forefront of (TR02)

In P15’s case, a clear prompt was missing; the participant expected ChatGPT to complete an
unfinished sentence, and the model returned an entire essay continuing from that fragment,
although P15 only used one sentence from it. One could argue that the participant did not
provide a clear idea of what to write next and that this case should have been categorized
under the All category. However, since a seed idea was present and the cues from the
incomplete sentence guided the direction of the essay, we interpreted it as the participant’s

rough idea of what the generated text should be.

In general, Translating queries were not common, suggesting that when participants wanted
to generate text, they typically did not separate the task into two distinct queries, Planning
and Translating. Alternatively, this may indicate that when participants had an idea of what
to write—either on their own or derived from a Planning query—they were generally willing

to write independently.

Reviewing

For the Reviewing type of ChatGPT queries, 34 out of 77 participants submitted at least one.
These queries typically included the written essay as part of the input. The most common
code was Proofreading (REO1), where participants asked ChatGPT to refine, polish, or

proofread their work. Examples of Proofreading queries are presented below.

o P03: Check the essay for inaccurate or unclear statements (RE01)

o P27: Review this essay and make recommendations for grammar, spelling, punctuation

and clarity of thought (RE01)
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Table 4.3: Reviewing Query Types

Code What did they ask ChatGPT to do?  Count Participants (%)

REO1 Proofread 27 16 (20.8%)
RE02 Answer spelling/grammar questions 13 10 (13.0%)
RE03 Give feedback 19 7(9.1%)
RE04 Shorten text/remove some content 8 7(9.1%)
REO5 Rewrite existing text based on a user’s 11 6 (7.8%)
prompt
RE06 Improve the essay 8 6 (7.8%)
RE(07 Check if the essay meets the prompt 4 3 (3.9%)

In addition to proofreading, participants sometimes asked about specific word spellings or
grammar, for example, “how to spell sophisticated [sic] (P60)” or “is ‘extremely faster’

correct? (P63).”

Another common type of Reviewing was asking ChatGPT to provide feedback and evaluate
the essay (REO03, RE07). Once an essay was written, some participants asked ChatGPT
to give feedback on it or even to grade it as if it were an assignment. Seven participants

requested general feedback on the content of their essays, with examples presented below:

o P04: Here’s our first paragraph now expanding on my opinion, thoughts? [a paragraph

text/ (RE03)

o P06: Now as the teacher of the class, grade this essay based on if the essay meets this:
state your own perspective on the issue, and analyze the relationship between your

perspective and at least one other perspective on the issue. Grade the essay out of 100.

(RE03)

This type of query corresponds to evaluation, which, along with revision, is one of the two
components of the Reviewing process in Flower and Hayes” model. However, it should be

noted that participants made little effort to specify how ChatGPT should evaluate the essay
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(e.g., in terms of content, organization, or clarity) beyond simply including the writing
prompt. Rather, a couple of evaluations ask ChatGPT to explicitly grade the essay (e.g.

“Grade the essay out of 1007, P06), which we can see as their goal-oriented attitude.

Lastly, several participants asked ChatGPT to revise or rewrite a paragraph in some way.
We did not categorize these queries as Translating, since participants provided existing text
and did not explicitly request changes to the underlying ideas; such cases were categorized as
All queries. Instead, these requests focused on altering the writing style (RE05), shortening

or removing text (RE04), or improving overall quality (RE06).

o P26: I think your revisions are good, but I think my original paragraph had more of

a human touch to it. Do you think you can add that human touch back in to your

revision? (RE05)

o P65: how can the following essay be improved [essay pasted] (RE06)

o P65: Make this sound more professional: [a paragraph pasted] (REO06)

In these examples, the participants delegated the revision task to ChatGPT. However, they at
least evaluated the essay themselves and determined that the current version was insufficient,

prompting them to seek improvements in specific ways.

All

The All category was used when the participants made a query that involved assistance
spanning all three processes of writing. More than 50% of participants used at least one All
query, with a total of 137 such queries, an average of 3.3 per person among those who used

them. All queries were the most common query type overall.



CHAPTER 4. AN EmMPIRICAL STUDY TO UNDERSTAND HOW STUDENTS USE CHATGPT FOR WRITING

68

Table 4.4: All Query Types

Essays

Code What did they ask ChatGPT to do?  Count Participants (%)

ALO1 Generate an essay entirely 20 20 (26.0%)

AL02 Write conclusion 13 13 (16.9%)

ALO03 Generate an alternative essay with 29 12 (15.6%)
some feedback

ALO04 Generate a portion of an essay given a 23 11 (14.3%)
high-level idea

ALO5 Generate the entire essay given a high- 15 8 (10.4%)
level idea

AL0O6 Shorten/Lengthen the generated text 17 7 (9.1%)
from the response

ALO7 Write introduction 6 4 (5.2%)

20 participants simply asked ChatGPT to generate an entire essay (ALO1), making this the

most frequently used code among all query types. In most cases, they copied and pasted

the essay prompt with little additional input reflecting their own thoughts. This type of

query was often the first one issued to ChatGPT, meaning that many participants began

the writing process with a draft already generated by the system.

Some participants provided additional context on what they wanted in the essay, often adding

a few sentences to express their opinion on the issue (AL05). A few examples of a participant

adding their opinion are shown below:

e P77: Pretend you are a college student who needs to write an essay on your perspective

on the use of machines and artificial intelligence in society. You believe that progress

is generally a good thing, but we should be wary of the dangers of overreliance. This is

the prompt: [Pasted the writing prompt that contains three perspectives] (ALO5)

o P24: Issue is about Automation and how humans can being [sic] replaced with machin-

ery. Write an essay about how it could affect humanity in a dystopian view (ALO5)

In these examples, the choice of one perspective among the three provided in the prompt
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was included as part of the query (AL04). This pattern of giving high-level direction was
often used for the generation of smaller portions of the essay (e.g., a few paragraphs). A
similar pattern was observed in other common queries, such as requesting an introduction
(ALO7) or a conclusion (AL02). When given a body of text, whether written by themselves
or by ChatGPT, participants frequently asked the system to generate a missing paragraph

without providing clear instructions.

Another common pattern was when a participant read what ChatGPT generated and then
asked it to rewrite the text after providing some feedback. This process involved evaluating
the generated essay and identifying areas for revision. Sometimes, the requested revision
focused on length (AL06), but more often, participants provided specific feedback for Chat-

GPT to incorporate (AL03). Here are some examples:

o P20: dont include self driving cars, give another good example that involves a readily

applicaiton [sic] used by people daily. like Siri by Apple (ALO3)

o PO05: rewrite in college level (ALO3)

o P61: make it souund intelligvent [sic]. and make it long (ALO3, ALOG)

As seen in the examples, we did not categorize these as Translating or Reviewing queries
because (1) the provided ideas were not concrete enough to guide what ChatGPT would
generate, and (2) the essay they asked to revise had also been generated by ChatGPT.
Overall, the result showed that when students were in a situation where their ChatGPT

usage was not regulated, they used it to conveniently generate the entire essay.
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Vibe Writing: Writing with the agent

One notable pattern we observed was that some participants used ChatGPT to generate
most or all of the text for their essay while steering the output with higher-level feedback

and prompts.

For example, participants could write an entire essay through ChatGPT interactions without
typing a single word in the editor, simply by pasting what the system generated; 15 partici-
pants (19.5%) submitted essays that were 100% written by ChatGPT. This pattern parallels
Vibe Coding [95], where a programmer collaborates with AT to produce code aligned with
their intended specification. We refer to this mode as Vibe Writing and present it in this

section.

Vibe writing does not necessarily mean it only contains queries in All categories; it can

involve some queries that are classified as Planning, Translating, or Reviewing.

For example, text generated from Planning queries—intended to provide ideas—was some-
times used directly in the final essay, as they could copy and paste text from the generated
response. In fact, participants copied and pasted responses from Planning queries a total
of 14 times, across seven individuals. This behavior suggests that even when writers asked
ChatGPT for ideas or information, the generated text was often copied and pasted directly

into their final essays, possibly diverging from their original intention.

Using a Reviewing query also did not necessarily mean that participants revised their own
writing with ChatGPT. A preceding query could have generated text based on an All-type
query. For example, P74’s essay is a clear example of Vibe Writing mode: the participant
produced a 641-word essay, 87.1% of which was written by ChatGPT across 11 queries. The

following two examples illustrate the types of queries that P74 used.



4.3. REsuLTs 71

Table 4.5: Query count and query-type distribution (%) per group. We bold the primary
query type when its average proportion is greater than, or approximately equal to, half of
the total.

Group Statistics Proportion of Query Distribution%

Group Size  Query Count (SD)  Planning Translating Reviewing All

No Query 6 0 (0) 0 0 0 0
Planning 16 2.62 (1.96) 93.0% 2.1% 1.3% 3.6%
Translating 5 4.8 (2.17) 5.0% 48.5% 29.5% 17.0%
Reviewing 9 3.33 (3.16) 4.4% 3.7% 88.1% 3.7%
All 25 5.28 (6.09) 0.9% 0.4% 3.5% 95.1%
Mixed 16 7.44 (6.3) 33.2% 3.1% 37.6% 26.1%
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Figure 4.4: Query distribution per group

o PT74: First, let’s say “a” perspective instead of “the” perspective. Second, I don’t see any
lines that hint at the unique perspective of the author, it’s just an overview of the other
two perspectives. Let’s add something like: “A lot of labor in today’s world involves
tasks that don’t necessarily require human levels of intelligence to complete, because
the end product is well defined. A wutilitarian perspective on automation acknowledges

this....” Also you could be a bit more detailed in your ideas—just act like you're a
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1900s sci-fi writer or someone who would have thought about this enough.

o PT74: That conclusion is a bit too whimsical! Channel your inner science journal.

One might argue that using Planning, Translating, and Reviewing queries is seemingly less
problematic than relying on All queries. However, in practice, participants often interacted
with ChatGPT to generate ideas, produce text, and revise it by prompting only, effectively

authoring an essay in the mode of Vibe Writing.

The result shows the complexity of understanding the impact of GenAl on students’ learning;
it is necessary to look beyond the types of queries they made. Based on our findings,
multiple components need to be considered: how GenAl responded to a query, how a student
integrated the generated text into their writing, what kinds of text were used in the query

and where that text originated, and the overall history of queries, responses, and copied text.

Clustering Participants by ChatGPT Usage Patterns

For further analysis of each research question, we clustered participants based on the similar-
ity of their usage patterns. We employed K-means clustering to identify underlying patterns
in student use of ChatGPT by grouping participants according to the distribution of their
query types. This unsupervised machine learning approach enabled data-driven classification
and provided deeper insight into distinct usage behaviors across groups and how different

usage patterns affect their experiences (e.g., Perceived Ownership in RQ4).

Each participant was represented by a 4-dimensional feature vector, where each component
corresponded to the percentage of P, T, R, and A query types out of all queries they sub-
mitted. For example, if a participant asked one planning query and three reviewing queries,
their feature vector would be [0.25,0,0.75,0]. Participants who did not ask any questions

were represented with a zero vector.
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Using these feature vectors, we grouped participants by their primary ChatGPT usage.
Based on the sum of squared error (SSE) scores (shown in Appendix ??), we applied the
elbow method [106] and determined that K = 6 was appropriate. These clusters were
visually inspected based on the query type distribution and named according to defining

characteristics (shown in Appendix ?77?):

« Group No Query (N): Participants who did not use ChatGPT for the task (n = 6).

e Group Planning (P): Participants whose ChatGPT queries were primarily focused

on Planning activities (n = 16).

o Group Translating (T): Participants whose ChatGPT queries were primarily focused
on Translating activities (n = 5). This group’s participants also contain very low

Planning queries.

« Group Reviewing (R): Participants whose ChatGPT queries were primarily focused

on Reviewing activities (n = 9).

e Group All (A): Participants whose ChatGPT queries were primarily focused on All

activities (n = 25).

« Group Mixed (M): Participants with mixed behaviors, whose ChatGPT queries were
distributed across multiple categories (n = 16). The participants in this group used few

Translating queries.

The average distribution of each query type per group is presented in Table 4.5.

Using these groups, we tested whether there were significant differences in the metrics ex-

amined in RQ3 and RQ4 based on group membership. Because none of the metrics met the
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assumption of normality (e.g., average values of ordinal outcomes), we used the Kruskal-Wal-

lis test. For post hoc analysis, we used Dunn tests with Bonferroni correction to identify

significant groupings.
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Figure 4.5: Transition matrix and state diagram for ChatGPT queries. The leftmost graph
is the tranistion matrix heatmap, while the right shows the state diagram.

Interaction Patterns and Writing Stage Transitions

We examined how many times each participant asked questions to ChatGPT to show the
distribution of query counts, as shown in Figure 4.4a. Overall, nearly half of the participants
(39 out of 77) used ChatGPT less than or equal to twice; six participants, classified as Group
N, never used it at all. Meanwhile, some participants used ChatGPT multiple times, with
one participant submitting 27 queries, the highest count observed. We analyzed the number

of queries submitted by each group using a box plot (Figure 4.4b), but we did not find
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statistically significant differences between our ChatGPT-using groups except for Group No
Query, which differed from all other groups. Based on the proportion of GPT-generated
words, participants who wrote in Vibe Writing mode are more likely to belong to Group
A and Group M, given the significantly higher shares of GPT-produced text in their final

essays.

We analyzed the sequence of query types by constructing a transition matrix and visualizing
the typical order of interactions through a state diagram. A transition probability in the
matrix (Figure 4.5a) represents the likelihood of a participant asking a particular type of
query given their current state. We also report the normalized counts of each transition,
shown in parentheses in Figure 4.5a. To account for individual differences in the total num-
ber of queries and to avoid over-weighting participants who asked many queries, transition
counts were normalized by dividing each by the total number of transitions per participant.
Using these normalized counts, we generated a state diagram in Figure 4.5b that highlights
transition paths representing 80% of all transitions, thereby revealing the common sequence

participants followed.

The state diagram reveals four common paths among participants. The first is Start —
Planning(+) — End, where the plus sign (+) indicates that the state can be repeated
multiple times. Participants on this path asked only Planning questions before completing
their essays. The second path is Start — Reviewing — End, where participants used
ChatGPT solely to review their writing before finishing the essay. The third path, Start —
All(+) — End, represents participants who asked ChatGPT to generate content that could
be directly incorporated into their essays, categorized as All. Finally, some participants did
not use ChatGPT at all (Start — End). These four paths correspond to four of the six

identified groups: Group P, Group R, Group A, and Group N, respectively.

Our analysis of ChatGPT queries revealed several key results: the common types of queries
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Table 4.6: Generalized Linear Model for Total Query and Query Counts by Code
Total Queries Planning Queries Translating Queries Reviewing Queries All Queries
Self-Efficacy —0.258*** —0.204 —0.949** —0.588*** —0.016
(0.075) (0.147) (0.307) (0.154) (0.114)
TAM PU 0.048 0.122 —0.384 —0.205* 0.282**
(0.062) (0.131) (0.208) (0.103) (0.106)
TAM PEOU —0.087 0.007 —0.025 0.051 —0.277**
(0.066) (0.141) (0.215) (0.119) (0.103)
Gender (Male)  0.308* 0.361 0.064 0.712* 0.030
(0.125) (0.252) (0.455) (0.270) (0.185)
Age —0.038** —0.006 —0.041 —0.002 —0.127**
(0.013) (0.021) (0.044) (0.021) (0.040)
Race (White) 0.373** 0.191 0.351 0.946"** 0.199
(0.117) (0.234) (0.435) (0.246) (0.178)
Constant 3.534*** 0.262 6.679"* 3.064** 3.359**
(0.581) (1.064) (2.546) (1.154) (1.149)
Note: *p<0.05; **p<0.01; **p<0.001

and illustrative examples categorized under the framework of Planning, Translating, Review-

ing, and All; the identification of a distinctive “Vibe Writing” mode of interaction; and the

common sequences in which participants used ChatGPT during the essay writing task.

4.3.2 RQ2: The Relationship Between ChatGPT Usage and Par-

ticipant Perception Towards Their Writing Efficacy and Tech-

nology Acceptance

For RQ2, we aimed to discover if certain student characteristics might influence their Chat-

GPT usage patterns.

For student characteristics, we collected demographic information

along with two constructs we measured before the study: the Self-Efficacy in Writing Scale
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(SEWS) and the Technology Acceptance Model (TAM).

We ran a generalized linear model (GLM) to analyze the relationships between multiple
predictor variables and different query types simultaneously. Table 4.6 presents the full
results, including the estimated coefficients and their significance levels. The sign of each
coefficient indicates the direction of the relationship, with positive values reflecting a positive

association and negative values indicating a negative association.

SEWS and ChatGPT usage showed a statistically significant negative relationship between
total query counts and Translating and Reviewing queries. This result suggests two notable
patterns. First, self-efficacy in writing is a significant predictor of ChatGPT use: partici-
pants with lower writing self-efficacy tended to use ChatGPT more frequently. Second, this
negative relationship was largely accounted for by Translating and Reviewing queries—both
closely tied to the writing stage—while no such effect was observed for ideation-related query

types (Planning and All).

In contrast, the Technology Acceptance Model (TAM) did not predict the total number of
queries, suggesting that participants’ willingness to use ChatGPT was not strongly deter-
mined by whether they perceived it as useful (PU) or easy to use (PEOU). However, All
queries were predicted in divergent ways by the two TAM components. TAM perceived
usefulness (PU) showed a positive relationship, indicating that participants who viewed
ChatGPT as more useful were more likely to rely on it to generate full essays. In contrast,
TAM perceived ease of use (PEOU) showed a negative relationship, suggesting that partici-
pants who found ChatGPT easy to use were less likely to rely on it for All queries, perhaps
because they knew various ways to leverage ChatGPT for writing tasks beyond delegating
the entire essay. Additionally, TAM PU had a negative relationship with Reviewing queries,
indicating that participants who perceived ChatGPT as more useful were less inclined to use

it for proofreading or revision tasks. Gender and race were also significant predictors: both
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Figure 4.6: Box Plots for Authorship with Post Hoc analysis (* indicates p < 0.05)

Male and White participants submitted a higher number of total ChatGPT queries, as well
as more Reviewing queries. Age, by contrast, was a negative predictor in two categories:
total number of queries and All queries. Older participants used fewer queries on average,
particularly in the All category, suggesting that they were less likely to rely on ChatGPT

for full text generation.

4.3.3 RQ3: The Relationship Between ChatGPT Usage and Essay

Characteristics

For RQ3, we wanted to understand how the specific ways students used ChatGPT in their
writing process manifested in their final essays. We analyzed the quantity and quality of the
final text, as well as the distribution of human versus Al authorship to assess this relationship.
We examined three key characteristics: word count, proportion of the ChatGPT-generated
words in the final essay, and readability scores from the Flesch-Kincaid Grade Level and

Dale-Chall metrics. Specifically, how these characteristics varied between the groups: No
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Figure 4.7: Box Plots for Readability metrics with Post Hoc analysis (* indicates p < 0.05)

Query (N), Planning (P), Translating (T), Reviewing (R), All (A), and Mixed
(M), as described in Section 4.3.1. The average essay length is shown in Figure 4.6a. In
general, participants who used ChatGPT queries wrote longer essays than those who did
not use ChatGPT at all. The difference was statistically significant between Group N and

Group A and between Group N and Group R.

Essay Composition

We tracked both the number of words participants wrote themselves (User Final Word
Count) and the number of words pasted from ChatGPT (ChatGPT Final Word Count).
In two essays, external words—i.e., words pasted from sources other than ChatGPT or
the editor—were added, but they accounted for less than 2% of the respective essays. We
then ran a Kruskal-Wallis test on the proportion of ChatGPT-pasted words to examine
whether different groups exhibited different behaviors. We had multiple significant groups
when looking at the percentage of the final essay that was written by ChatGPT (shown in

Figure 4.6b). Groups N, P, and R resulted in nearly no GPT-pasted words, except for a
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few outliers in Groups P and R. Groups A and M, in contrast, exhibited a wide range of
behaviors but a significantly higher proportion of GPT contributing to their final essays.
A Kruskal-Wallis test revealed significant differences across groups, with post hoc pairwise

comparisons indicating significant differences for (N,A), (N,M), (P,A), (P,M), and (R,A) (all

e

p < .05).
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Figure 4.8: Box Plots for PO and CSI metrics with Post Hoc analysis (* indicates p < 0.05)

Readability scores

Using the previously discussed clusters, we ran Kruskal-Wallis testing with post-hoc analysis
to look for significant differences (Figure 4.7). For the Flesch-Kincaid Grade Level scores,
we found a H(5) = 32, p < 0.001. Post-hoc analysis revealed significant differences between
Groups (A,N), (A,P), (A,R), with Group A showing significantly higher Grade Level scores.
For Dale-Chall, Kruskal-Wallis testing showed a H(5) = 34, p < 0.001. Post-hoc analysis
showed four significant groupings: Group A and Group N, Group A and Group P, Group A
and Group R, and Group P with Group M. Both readability metrics showed users in Group

A, or users who had ChatGPT write large portions of their essay, produced essays with
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significantly higher complexity scores than their counterparts; this indicates that ChatGPT
generates text with higher complexity. Additionally, the Dale-Chall readability metric reveals
a significant difference between Group P and Group M, indicating that the Mixed group had

higher complexity scores than the Planning group.

4.3.4 RQ4: Participant Perceptions Towards Their Writing Expe-

riences

For RQ4, we wanted to understand how students’ ChatGPT usage during writing would
relate to students’ perceptions of their writing. We asked users to complete a post-study
survey focusing on Perceived Ownership and the Creativity Support Index (CSI) to see how
their writing experience varied depending on how they used ChatGPT. We ran Kruskal-
Wallis tests on this data to see if there were any relationships between these surveys and the
writer groupings. For perceived ownership, the group effects were significant, but we had
no significance on the total CSI score (shown in Figure 4.8). We then looked at the CSI
subcategories and found significance in two subscales. Following these results, we conducted
post hoc analysis using a Dunn test with Bonferroni correction similar to that in the previous

section.

For the Perceived Ownership data, the Kruskal-Wallis test showed H(5) = 27.876, p < 0.001.
Post-hoc analysis revealed three statistically significant group differences: between Group N
and Group A, between Group P and Group A, and between Group R and Group A (Figure
4.8a). These findings indicate that perceived ownership was significantly lower in the All
group compared to the other three groups. This result is unsurprising, as participants in
Group A often generated entire essays using ChatGPT and therefore reported lower owner-

ship of the final text. However, the high perceived ownership reported by Groups P and R,
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comparable to Group N, is noteworthy. From an educational perspective, this may be con-
cerning, as reliance on Planning or Reviewing queries could also influence learning outcomes
depending on the objectives of the writing assignment. Ideally, students’ sense of authorship
should align with their learning outcomes, as their perceived ownership may contribute to
their positive experience of using ChatGPT, potentially without learning gain. This high-
lights the need for instructors to carefully design writing activities and provide guidance on

how Al tools should be used.
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Figure 4.9: Box Plots for CSI-Exlploration and CSI-Immersion with Post Hoc analysis (*
indicates p < 0.05)

For the CSI subscales, we found significant effects in Exploration and Immersion. Through
Kruskal-Wallis and post hoc analysis for CSI-Exploration (shown in Figure 4.9a), we found
a H(5) = 11.110, p = .0490 with a significant pair in Groups N and M. This indicates that
Group M is able to generate and track their ideas better than the users in Group N. For the
CSI-Immersion subscale, we find a H(5) = 12.463 and p = .0300. Post-hoc analysis showed
that Groups P and A were statistically different (shown in Figure 4.9b). This shows that
the users in the Planning group were able to be absorbed into the activity more than the

users in the All group.
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4.4 Discussion

In summary, our study provides rich insights into how students use ChatGPT for writing
assignments and how their usage relates to their backgrounds, essay characteristics, and per-
ceptions. Building on Flower and Hayes’” Cognitive Process Theory of Writing, we developed
a taxonomy categorizing how participants’ queries relate to different processes of the writing
process; queries were grouped into Planning, Translating, Reviewing, and All categories. We
further identified how factors such as writing self-efficacy, technology acceptance, and demo-
graphics influence the frequency of ChatGPT use. A clustering analysis revealed common
usage patterns based on the distribution of query types students asked, with perceptions
of both their essays and ChatGPT varying accordingly. For example, students who used
ChatGPT to generate entire essays reported lower perceived ownership compared to those

who engaged with it primarily for Planning and Reviewing.

4.4.1 From Planning to Vibe Writing: Educational Implications
of ChatGPT Use

Our findings raise important concerns for writing instructors. When given the opportunity to
use ChatGPT, a substantial number of participants engaged in vibe writing, delegating most
of the writing process to it. Even when students did not fully outsource their writing, many
delegated critical stages such as ideation and opinion formation. This delegation effectively
bypasses the processes through which students would otherwise critically engage with the
topic, conduct research, translate ideas into a coherent argument, and self-evaluate their

work for improvement.

Such behavior aligns with broader concerns that GenAl reduces the perceived effort of critical
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thinking and fosters overreliance on Al, potentially diminishing independent problem-solving
skills among knowledge workers [73]. Prior studies have also shown that GenAl use can lower
cognitive load and even reduce brain activity in ways that may impair cognitive ability [71,
104]. Another thread of research showed that lack of critical engagement can result in
compliance with GenATI’s suggestions [15, 60]. Our study sheds light on previously hidden
student practices and provides a taxonomy to guide future research into the mechanisms by

which GenAlI use influences learning in the context of writing.

The taxonomy we developed for RQ1 is consistent with the findings of Black and Tomlin-
son which distinguishe two broad uses of ChatGPT: from lower-order writing tasks (e.g.
proofreading, editing) to higher-order tasks (e.g. understanding complex topics, locating
evidence)[17]. Our categories naturally map onto this framework: Planning aligns with
higher-order work; Reviewing aligns with lower-order work; and Translating and All cor-
respond to ghostwriting tasks. We extend this prior work by (1) specifying detailed codes
within each category of the writing process and (2) contributing empirical interaction data
(student queries and model responses) from a specific essay task, allowing deeper analy-
sis and addressing the limitations of self-reported descriptions of ChatGPT use in previous

research [17].

A natural next step is to investigate instructors’ perceptions of the types of queries students
make to ChatGPT, using our taxonomy as a reference, and to examine how instructors
anticipate the potential learning impacts within their courses. Our study helps address
limitations in existing research that rely on self-reported surveys from teachers, which are
constrained by their limited understanding of how students actually use ChatGPT [12, 18]. In
addition, apart from readability scores, we did not analyze the content or quality of the essay,
which could provide further insight into how ChatGPT affects not only student learning,

but also assessment practices. For example, students who copied and pasted the prompt
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produced nearly identical essays, which instructors could readily identify as plagiarism. In
contrast, students who engaged in vibe writing—actively shaping the essay at a high level and
iteratively guiding GenAl—produced work that appeared original and was far more difficult
for instructors to recognize as Al-assisted, as demonstrated in recent work [120]. This future
work can highlight a vulnerability that instructors may face in evaluating student writing in

practice.

Another key takeaway from the study results is that the queries that a student asks GenAl
alone cannot account for the learning impact that they may have for writing. Some partic-
ipants used ChatGPT as if it were an expert to ask opinions about, and directly used the
text that it generated, while others asked it to generate the entire essay, only to use it as
a reference for their own independent writing. This complexity contributes to the challenge
of understanding how the usage of LLM would impact a student’s learning and regulate
their usage per query type when banning is not an option. From our study, at least, the
interaction trace that helps instructors have a better understanding will be responses that
ChatGPT generates, and how the students consume it, which can manifest through following

interaction (e.g., paste events, pause in GPT responses, etc).

4.4.2 Student Personas of ChatGPT Use: Insights for Writing

Instruction

The identification of distinct yet recurring patterns in how students use ChatGPT is another
contribution of this paper. Through our qualitative analysis of queries, we classified partici-
pants into six clusters of writers, suggesting that while individual use varied, their behaviors
could be meaningfully grouped. This classification is further supported by the transition

matrix and state diagram, which illustrate four critical usage paths (Figure 4.5b). Building
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on prior work that emphasized the challenge of classifying users [23, 41, 46], we identify six
personas and quantify their prevalence within the participant pool, thereby characterizing

common patterns of ChatGPT use in writing.

Beyond Group A, the largest cluster, we identified two smaller groups of users who relied on
ChatGPT exclusively for distinct purposes: generating ideas (Group P) or refining their final
essay (Group R). We also observed a small group of non-users (Group N) who wrote their
essays entirely on their own, potentially reflecting resistance to ChatGPT in practice, even
when it was explicitly allowed. This is also shown through the total number of ChatGPT
words in the final essay. Those in Group P tended to have a small number of ChatGPT
words, being significantly different than our All or Mixed groupings. This further suggests
Group P as using ChatGPT as an ideation partner or search engine rather than a writer. In
contrast, Group M and A exhibited widely different behaviors; the group was divisive, with
some participants using ChatGPT-generated words entirely for their essay, while others asked
for advice and wrote their essays entirely on their own. While prior work has documented
patterns such as ideation and proofreading [7, 17], our study extends these findings by
showing that students cluster into groups defined by consistent query types—including those
who avoid the tool altogether. Previous research has linked hesitation to use ChatGPT to
ethical and integrity concerns [24]. Investigating why some students limit their use to a
single function, or abstain entirely, could provide valuable insight into how they perceive the

role of GenAl in the writing process.

One notable pattern we observed was the limited use of Translating, with Group T being
smaller than any other group. This contrasts with prior work showing that professional
creative writers valued translating assistance from GenAl to overcome writer’s block [46]. A
likely explanation lies in motivation: creative writers strive for originality, whereas students

in our study had little incentive to produce original essays, especially given the context of
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a voluntary online study. In contrast, the predominance of the Planning group in our data
suggests that a greater hurdle for a larger number of students was deciding what to write,
rather than knowing what to write but struggling to begin. This finding points to a gap
in critical engagement with the assignment topic, suggesting that students may outsource
the most cognitively demanding stage of writing to ChatGPT. Such reliance raises concerns
for instructors whose goal is to help students critically examine specific topics, such as

professionalism or ethics in computing.

We further examined how ChatGPT influenced the final essay through readability scores,
finding that users who had ChatGPT write text produced higher readability scores. These
findings align with other studies where ChatGPT produced text with high complexity scores
for technical writing [82], but ChatGPT received lower scores in Flesch-Kincaid Grade Level
and Dale-Chall when used for creative writing [82, 92]. We attribute our higher scores to

the argumentative nature of the essay prompt.

4.4.3 Student Backgrounds Shape How ChatGPT Is Used in Writ-

ing

In RQ2, we investigated the relationship between students’ backgrounds and their use of
ChatGPT. First, we found that lower writing self-efficacy was linked to more frequent query-
ing overall, particularly for Translating and Reviewing. By contrast, Planning and All did
not show the same pattern, suggesting that reliance on ChatGPT for tasks with greater
implications for critical engagement may stem less from confidence in writing and more from

external factors such as motivation or time pressure.

TAM, which captures students’ acceptance of ChatGPT, showed mixed results. Perceived

usefulness (TAM PU) was positively associated with All queries, which may suggest that
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students who trusted the quality of ChatGPT’s output were more likely to generate entire
essays with it. By contrast, perceived ease of use (TAM PEOU) was negatively associated
with All queries; one possible explanation is that students who found ChatGPT easy to use
may have had the skills to control it in more targeted ways, reducing the need to generate
full essays. Similarly, the negative association between TAM PU and Reviewing queries may
indicate a limited understanding of ChatGPT’s capabilities, leading students to see it merely
as a proofreading tool. This result adds nuances to existing findings where they found that

technology acceptance was correlated with the frequency of ChatGPT use [44].

We also found that gender, age, and race were significant predictors of the Total number
of queries submitted. Participants who identified as White or Male submitted significantly
more queries, particularly in the Reviewing category. Prior research suggests that women
typically report higher self-efficacy in writing and reading [86], which may help explain why
men were more inclined to turn to Al for writing support, as men may have less confi-
dence in their writing skills. This interpretation aligns with our own finding of a negative
association between Reviewing queries and writing self-efficacy. Other studies have shown
that men hold more positive attitudes toward Al — using tools like ChatGPT to validate
their work [49]—and report greater awareness and perceived knowledge about Al [21]. In-
terestingly, these perspectives do not align with our result, where TAM PU was negatively
associated with Reviewing queries. Age also played a role: a recent study found that younger
generations feel pressured to use GenAl in contexts such as university applications [41, 80],
pointing to distinct adoption patterns. These findings provide a more nuanced understand-
ing of how demographic factors shape GenAl use in writing by informing which type of usage

is relevant.

It is worth mentioning that Planning queries did not have any significant predictors. The

result may suggest that idea generation is a universal hurdle in writing, one less depen-
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dent on confidence, tool perceptions, or demographics, and more influenced by situational
factors such as topic familiarity or their intrinsic/extrinsic motivation on a topic or assign-
ment. These interpretations indicate important directions for future research, examining
how students’ writing background, perceptions of ChatGPT, and demographic characteris-

tics influence both how often they use it and how they engage with it in the writing process.

4.4.4 How ChatGPT Usage Impacts Ownership and Creative En-

gagement in Writing

We examined how students’ writing experiences varied depending on their use of ChatGPT,
focusing on Perceived Ownership (PO) and the Creativity Support Index (CSI). We found
that PO differed significantly across three pairs of groups: N and A, P and A, and R and
A. Unsurprisingly, those who generated an entire essay with ChatGPT felt less ownership
than students who engaged with the writing process more directly. Joshi and Vogel reported
that providing more detailed, content-rich queries leads to higher perceived ownership [65].
This helps explain why students who simply copied and pasted the writing prompt into

ChatGPT—investing minimal effort—reported lower ownership.

However, a more surprising—and perhaps concerning—finding is that the perceived owner-
ship reported by all other groups who used ChatGPT (P, T, R, M) was comparable to, i.e.,
not significantly different from, that of Group N, who never used it at all. Despite missed
learning opportunities, these students may still have felt that they wrote the essay. This
suggests that the selective use of ChatGPT does not reduce students’ sense of ownership,
even though it may deprive them of the chance to critically engage with the topic, evaluate

their work, and revise their writing carefully.

Lastly, students’ perceptions of how ChatGPT supported their creative practice revealed
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subtle differences in two dimensions of the Creativity Support Index: Exploration and Im-
mersion. For Exploration, Group M reported higher support than Group N. Unlike Group
A, who primarily relied on ChatGPT to generate text, Group M used it more broadly—for
idea generation, revision, and essay construction. They also submitted the largest number of
queries overall (Figure 4.4b), distributed relatively evenly across Planning, Reviewing, and
All (?7). A recent experiment found that intelligent features designed to support ideation
made writing more engaging, as measured by increased time spent in the ideation process,
though not necessarily in the reviewing process [47]. This aligns with our finding that Group
M may have engaged in exploring and comparing multiple ideas at a high level, rather than

simply delegating their writing or focusing narrowly on expression.

For Immersion, Group P reported higher levels than Group A. Group A had the highest
proportion of GPT-pasted words, indicating that their writing experience was shaped largely
by text generation. In contrast, Group P concentrated on refining and engaging with the
writing process itself, which may have fostered deeper immersion. In some respects, Group
P appeared even more focused on writing than Group N, who had to both generate ideas
and translate them into words. The ability to concentrate on shaping text may thus enhance

immersion, potentially making the writing experience more engaging.

Prior work has already documented how GenAl can scaffold idea generation and support
creative expression in various contexts [22, 23, 46, 47, 74]. Our results extend this literature
by showing that not all GenAl use is equal: the kinds of queries students make correspond
to meaningful differences (or the absence thereof) in specific subcomponents of creative
engagement. These results highlight how GenAl can subtly influence creative processes,
providing creative professionals and toolmakers with a scaffold for certain types of queries
in creative practice to emphasize a particular aspect of their experience (e.g., immersion or

exploration).



4.5. LimrtaTtioNs AND FUTURE WORK 91

4.4.5 Enabling Fine-Grained Analysis of AI-Assisted Writing

Our dataset offers value to future research in Al-assisted writing. Researchers in HCI,
education, and natural language processing can use this dataset to explore the evolving
nature of authorship in Al-assisted contexts. We provide a dataset offering keystroke-level
trace data capturing the complete writing process, information not in other datasets [27,
53, b4, 72, 74, 77]. This granularity enables researchers to view how students engaged
with ChatGPT over time — whether they gradually incorporated ideas, ignored them, or
pasted them into the editor. Additionally, our dataset extends the existing literature by
providing work from native English speakers, thereby broadening the scope for comparative
research across various educational settings. This process-level data also stimulates research
into temporal or causal analysis, work previously difficult or impossible. Researchers can
investigate how the timing of Al consultation shapes their writing. The data also reveals
critical decision points in a student’s writing, such as where students choose to accept,
modify, or reject Al suggestions. Furthermore, the data can be used to develop tools for
educators, such as real-time dashboards that flag students who exhibit over-reliance on Al,
or automated systems that provide targeted interventions based on detected usage patterns.
By making this dataset publicly available, we anticipate supporting the research community
in its efforts to gain a deeper, evidence-based understanding of how generative Al is reshaping

writing education.

4.5 Limitations and Future Work

One potential limitation of this work is its ecological validity. Our study was conducted in
a low-stakes environment where there were no negative consequences for using ChatGPT

in ways that might otherwise be considered cheating. In real classrooms, writing assign-



CHAPTER 4. AN EmMPIRICAL STUDY TO UNDERSTAND HOW STUDENTS USE CHATGPT FOR WRITING
92 Essays

ments occur under a range of conditions (e.g., timed in-class exercises, untimed homework),
whereas our study used only a soft 30-minute constraint. Deploying this kind of system in
authentic classroom settings also raises ethical challenges, particularly around assessment,
and students’ fear of being monitored may discourage authentic use. In addition, we believe
that our study captures a common scenario in which students aim to invest just enough

effort to produce an essay that they feel is “good enough” to submit.

It is important to note that our study setting may have implicitly encouraged participants’
use of ChatGPT for various reasons: the task was framed as “a study investigating essay
writing and ChatGPT,” the ChatGPT window was visible alongside the editor, and par-
ticipants may have been motivated to finish quickly given the lack of explicit rewards. We
acknowledge that such factors could have amplified certain behaviors (e.g., Vibe Writing)
observed in the study. However, we also anticipate that this encouragement resembles real
situations in which students are tempted to use GenAl—for example, when facing a diffi-
cult topic, feeling unmotivated, or having limited time to complete an assignment. Even if
some participants used ChatGPT more frequently than they would in authentic classroom
settings, the range of behaviors we observed was broad, and most participants still com-
pleted the essay without ChatGPT generating major sections. Thus, while institutional or
classroom policies may influence the frequency of GenAl use that we found in this paper,
we believe that the behavioral patterns we identified (e.g., the taxonomy and the mode of
vibe writing) remain meaningful. Similarly, because each student was clustered into one of
six archetypes, the size of each group may vary in other contexts, but the relationships we
identified—such as differences in essay characteristics or perceptions of ownership and cre-
ative engagement—should remain largely consistent. It remains an important area for future
work to examine how real-world context and class policies shape students’ GenAl behaviors,

including cases where students may conceal or misrepresent their usage.
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To address this limitation, we plan to deploy a classroom writing environment that integrates
an in-house version of ChatGPT, where use is guided and regulated by instructor-defined
GenAl policies. In this accountable Al platform, (1) students’ queries are made transparent
to instructors, (2) instructors provide explicit guidance on acceptable use, and (3) the in-
house ChatGPT adapts its responses according to the instructor’s specifications. Building
on the taxonomy developed in this study, the system will classify student queries and either
scaffold learning or decline to answer, depending on the policy. To ensure practical enforce-
ability, the platform can restrict external GenAl use—for example, by disabling copy—paste
from outside sources or embedding the model within a lockdown browser. Such design
choices make the system realistic for classroom deployment while also enabling instructors
to experiment with different policies and generate empirical evidence on how instructional

contexts shape both student learning and ethical engagement with Al.

One missed opportunity in this work, which motivates our immediate future work, is un-
derstanding how their ChatGPT usage pattern impacts the quality of the essay; we did not
have human evaluations of essay quality and originality. Human evaluators (e.g., instructors)
can provide greater insights regarding argument coherence, creativity, and critical thinking,
dimensions not captured through readability scores, and relate them to how they used Chat-
GPT.In our future study, we will provide the final essay to instructors without ChatGPT
histories to grade the essay. Then we can open students’ Al history and study how instruc-
tors change their opinions, using this information to understand the learning impacts they
can anticipate per query type or per student archetype. This will provide further insight
into the impact of Al on student writing and inform policy regarding the use of Al in writing

instruction.



Chapter 5

Evaluating the Writing Process: How
Process Visibility Changes Instructor

Judgment of AI-Assisted Essays

5.1 Introduction

As generative Al tools become embedded in academic writing workflows, instructors face
an increasingly complex evaluative challenge. When grading student writing, they have
historically assessed only the final artifact, with no visibility into the process through which
it was produced. In the context of Al-assisted writing, this constraint is consequential: two
essays may be textually similar or indistinguishable in quality yet differ fundamentally in
the degree to which the student was the author of their own work. The final product alone
does not reveal whether a student planned their argument independently, relied on Al to
generate content that was lightly edited, or delegated the writing process wholesale to a
language model. This invisibility has made it difficult for instructors to apply consistent,
process-informed evaluation standards and has fueled broader debates about how academic

integrity policies should adapt to an era of capable generative Al.

The preceding chapters of this dissertation established both the empirical basis and the

94
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technical means for addressing this problem. Chapter 4 characterized the range of ways
students engage Al during writing—from ideation partner to editor to ghostwriter—and
identified six distinct profiles of ChatGPT use, distinguishing students who contributed
meaningfully to their essays from those whose final submissions were substantially or en-
tirely Al-generated [22, 46, 61, 75]. These profiles provide a principled basis for examining
how different patterns of Al use are perceived and evaluated by instructors. The NIRVANA
replay system, introduced in Chapter 3, offers a mechanism for making those patterns ob-
servable: by reconstructing the full writing session as an ordered sequence of editing and Al
interaction events, the replay tool reveals when Al was queried, how Al-generated content
was incorporated into the draft, and how the essay evolved over time. Together, they enable
an evaluative context in which process and product are both available, rather than product
alone. The evaluative question, however, remains open: does making the writing process
visible change how instructors judge the same essay? And if so, does that change depend on
the type of Al use involved, the dimension of writing being assessed, or the characteristics

of the evaluator?

This chapter reports a study that addresses these questions experimentally. We presented
50 instructors with six essays drawn from the writer profiles characterized in Chapter 4,
each representing a distinct pattern of Al engagement. Participants evaluated each essay
twice: once after reading the final text under a static condition, and once after observing
the writing process through the NIRVANA replay interface. Evaluations were conducted
using a structured rubric assessing Ideas, Development, Organization, and Language, and
participants additionally reported the perceived severity of any academic conduct concerns
for each essay. This within-subjects design enabled direct comparison of how the same eval-
uators assessed the same essays under conditions that differed only in the visibility of the

writing process. To examine whether evaluative responses were shaped by who was evaluat-
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ing, we also collected instructor characteristics—including age, gender, teaching experience,
personal Al usage, and attitudes toward Al measured by the Technology Acceptance Model

(TAM) [34]—and modeled their relationship to conduct judgments.

The study addresses a gap at the intersection of writing research, educational assessment,
and human—computer interaction. Prior work has examined how Al-generated text is per-
ceived when its origin is disclosed [46, 65] and how detection tools perform across essays of
varying Al involvement [77], but the effect of process visibility on evaluation has not been
empirically studied. Whether instructors penalize essays more heavily when they can see
how they were written, whether this effect is uniform across rubric dimensions, and whether
it varies depending on the nature of the student’s Al use are empirical questions with direct

implications for how replay and process-logging tools might be used in educational practice.

Our findings show that process visibility produced a reliable downward shift in evaluation:
the median grade fell from B under the text condition to C+ under the replay condition,
and grade changes were far more likely to be penalties than upward revisions. This shift was
not uniform across essays. Profiles reflecting heavy delegation to Al received the largest and
most significant grade reductions, whereas essays written largely independently were eval-
uated consistently across conditions—indicating that instructors did not penalize process
visibility itself, but rather what the process revealed. The downward shift was also con-
sistent across all four rubric categories, suggesting a holistic reassessment of essay quality
rather than a targeted response to any single criterion, and the severity of conduct con-
cerns reported by evaluators was strongly associated with the magnitude of grade reduction.
Notably, instructor characteristics largely did not predict conduct judgments: age, gender,
teaching experience, personal Al usage, and perceived ease of use were all non-significant,
with perceived usefulness of Al emerging as the only significant predictor. These findings

suggest that the evaluative response to process visibility was driven primarily by the evi-
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dence in the writing process rather than by evaluators’ backgrounds, and they carry direct
implications for the role process-replay tools could play in writing assessment and academic

integrity policy.

5.2 Methods

5.2.1 Participants

We recruited professors and instructors through university mailing lists and Prolific, an
online crowdsourcing platform. Participants were required to be 18 years or older and have
experience teaching a writing-intensive course, with preference given to those with experience
in technical or scientific writing contexts. A power analysis indicated that a sample of 50
participants would provide sufficient statistical power for our planned analyses. In total, 50
participants completed the study. For participants’ ages, we used the following age bands:
1824 (n=2), 25-34 (n=10), 35-44 (n=18), 45-54 (n=14), and 55-64 (n=6). Of the 50
participants, 27 identified as women and 23 as men. The racial distribution was as follows:
40 White/Caucasian, 6 Asian/Pacific Islander, 3 Black or African American, and 1 Other.
Participants reported teaching experience ranging from 2 to 36 years, with an average of

12.56 years (o = 8.96).

5.2.2 Study Design

Participants completed a survey-based study in which they evaluated six essays, each rep-
resenting one of the writer profiles identified in Chapter 4. For each essay, participants
completed a two-phase evaluation before proceeding to the next essay. In the first phase,

participants graded the essay as they would a student submission from their own course,
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using a provided rubric. Participants were explicitly instructed to make no assumptions
about Al usage during this phase, ensuring that their initial evaluation reflected only the
quality of the written product. In the second phase, participants graded the same essay
again using the NIRVANA replay tool (see Section 3.5), which reconstructed the writing
process chronologically and made visible exactly when and how ChatGPT was used at each
stage of composition. Participants were permitted to backtrack and revise their evaluations
as needed during both phases. After completing both phases for a given essay, participants
advanced to the next essay, repeating this process for all six essays, resulting in twelve grad-
ing instances per participant. The rubric used for the evaluation assessed idea development
and analysis, content organization, and language usage. This rubric was adapted from the

ACT Practice Prompt rubric.

5.2.3 Analysis

We compared the grades assigned by participants under the static text condition with those
assigned after observing the NIRVANA replay to examine how visibility into the writing
process influenced the instructor’s evaluation. Participants assigned grades using a standard
letter-grade scale with plus/minus distinctions, which were converted to GPA-equivalent
numeric values (e.g., A = 4.0, B+ = 3.3, B = 3.0) to facilitate quantitative comparisons.
Because letter grades represent an ordinal scale with unequal intervals between converted
values, all inferential comparisons were conducted using non-parametric methods, avoiding
assumptions of normality or homogeneity of variance that could not be justified by the data

structure or the small number of essays per writer profile (n = 4).

We first examined overall grade differences across all paired evaluations to establish whether

the replay condition produced a systematic shift in evaluation, using a Wilcoxon signed-rank
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test. To characterize the direction and magnitude of individual-level shifts, we computed a
grade change score for each observation by subtracting the text grade from the replay grade
and categorized each outcome into one of seven bins: Large Decrease (one full GPA point
or more), Medium Decrease (between half and one GPA point), Small Decrease (less than
half a GPA point), No Change, and the corresponding Small, Medium, and Large Increase

categories.

We then disaggregated the text-replay comparisons by the writer profiles defined in Chap-
ter 7?7. This allows us to examine whether the effect of process visibility depended on the
type of Al engagement. For each profile, we conducted a Wilcoxon signed-rank test com-
paring text and replay grades and report the rank-biserial correlation r as an effect size.
To further characterize how grade reductions were distributed within profiles, we repeated
this comparison at the level of individual essays, testing each of the four essays within each

profile separately.

In addition to overall grades, we examined evaluation across the four rubric categories—
Ideas, Development, Organization, and Language—comparing text and replay scores both in
aggregate and within each writer profile using Wilcoxon signed-rank tests. This analysis was
designed to determine whether process visibility affected the specific dimensions of evaluation
rather than producing a uniform shift across all criteria, allowing us to distinguish targeted

grading responses from more holistic reassessments of essay quality.

Finally, participants reported a conduct severity score for each essay as part of the evaluation
instrument, ranging from four ordered levels: None, Minor, Moderate, or Major. To examine
whether conduct judgments were associated with evaluator characteristics rather than the
writing process itself, we ran an ordinal logistic regression using the polr function in R.
An ordinal model was chosen because the predicted value is an ordered categorical rating,

allowing us to model the cumulative probability of assigning higher conduct severity without
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assuming equal intervals between severity levels. The relationship between the predictors
and the probability that a participant (¢) assigns a conduct rating at or below severity level

(7) can be expressed as follows:

PY; <
log<ﬁ) =0; — (51 - Age; + > - Gender; + f35 - Teaching;

+ B4 - Al Usage, + (5 - TAM PU, + s - TAM PEOUi)

where:
o §; = the threshold (intercept) separating severity level j from level j + 1
o Gender; = 1 for Women, 0 otherwise
« Teaching, = years of teaching experience
o Al Usage, = self-reported frequency of personal Al use

The model uses a cumulative logit link to relate the ordered conduct severity rating to the pre-
dictor variables, with attitudes toward Al measured by the perceived usefulness (TAM PU)
and perceived ease of use (TAM PEOU) subscales of the Technology Acceptance Model [34].
Coefficients are reported with standard errors and odds ratios, where the odds ratio reflects
the multiplicative change in the odds of assigning a more severe conduct rating per one-unit

increase in the predictor.
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Condition

E3 Replay
B3 Text

Text Reblay
Condition

Figure 5.1: Grades assigned under the text and replay conditions across all 300 observations.
Annotations report the median (mean) change per profile

5.3 Results

5.3.1 Overall Effect of Process Visibility on Evaluation

We first examined whether seeing the writing process changes how instructors evaluate an
essay at all. To test this, we compared the grades each participant assigned under the static
text condition with the grades they assigned after observing the replay, across all 300 paired

observations (50 participants x 6 essays), using a Wilcoxon signed-rank test.

Instructor evaluations were systematically lower following replay observation (see Figure 5.1).
The median grade assigned under the text condition was B (GPA = 3.0), compared to C+

(GPA = 2.3) under the replay condition, and this downward shift was statistically significant
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(V = 13697, p < .001). Notably, this shift was not produced by uniform small reductions.
The most common outcome was no change at all (n = 129; 43% of evaluations), but where
evaluators did revise their grades, the revisions were overwhelmingly penalties: 144 evalu-
ations decreased compared to only 27 that increased, and the single most frequent change
was a large decrease of more than a full GPA point (n = 87). Visibility into the writing
process thus produced a reliable downward shift in evaluation, concentrated in a subset of

evaluations that were penalized heavily rather than spread evenly across all evaluations.

5.3.2 Grade Change by Writer Profile

Having established an overall downward shift, we next examined whether this effect was
uniform across essay types or depended on the pattern of Al use the replay revealed. For
each writer profile, we conducted a Wilcoxon signed-rank test comparing text and replay

grades, with the rank-biserial correlation r reported as an effect size.

Process visibility produced statistically significant grade reductions in five of the six profiles;
only Group N, in which students made no ChatGPT queries, showed no reliable change
(V =47, p=.287, r = .27). Figure 5.2 visualizes these shifts as paired text-to-replay grade
trajectories for each profile, with the median (mean) annotated for each condition; the pre-
dominance of downward-sloping lines—and their varying steepness across profiles—reflects
both the overall penalty and its heterogeneity. The magnitude of the decline, however, var-
ied substantially across the remaining profiles. Group A exhibited the largest decline, with
the median grade falling 2.50 GPA points—from B+ under the text condition to D under
replay (V' = 990, p < .001, r = .87). Group M showed the second largest decline, with
a median drop of 1.00 GPA point, from approximately A— to approximately B (V' = 688,

p < .001, r = .84). Group T declined significantly but more modestly (median difference
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Text vs Replay Grade by Group
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Figure 5.2: Paired text-to-replay grade trajectories for each of the six writer profiles. Anno-
tations report the median (mean) grade per condition

= 0.15; V. =411.5, p < .001, r = .78). Groups P and R also showed significant declines with
large effect sizes (V' = 236, p < .001, r = .76; and V = 229, p = .006, r = .58, respectively),

though with median differences of zero.

To better understand this pattern, we also examined grade changes for each of the four
individual essays within each profile, and visualized the full distribution of change scores
using raincloud plots (Figure 5.3), which display the individual observations alongside their
density and summary statistics. Whereas the slope plot conveys the direction and magnitude

of the paired shifts, the raincloud plot reveals how the penalty was distributed within each
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Text vs Replay Grade by Group
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Figure 5.3: Distribution of grade change (text — replay) for each of the six writer profiles,
shown as raincloud plots. Annotations report the median (mean) change per profile

profile. The essay-level results, together with the change distributions in Figure 5.3, clarify
the nature of the declines in Groups P and R: no individual essay in either group reached
significance on its own, yet both groups declined reliably in aggregate, and their change
distributions cluster tightly at zero and small negative values. This combination indicates
that the reductions in these profiles were frequent but small—many evaluators lowered their
grades slightly across many essays, producing a consistent group-level effect without any
single essay being strongly penalized or the group median shifting. By contrast, the essay-

level results for the heavily Al-reliant profiles showed the opposite character: all four essays
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in Group A and the majority in Group M declined significantly on their own, indicating that
the penalty in these groups was both large and consistent across individual essays. As in the

group-level analysis, no essay in Group N showed a significant change.

5.3.3 Distribution of Grade Changes Across Writer Profiles

To characterize how grade changes were distributed within each writer profile, we binned
each paired observation by the magnitude and direction of its change, from three or more
steps down to three or more steps up on the GPA scale, where a step corresponds to one
increment of the letter-grade scale (for example, B to B—). Figure 5.4 presents the resulting

distributions for all six profiles.

The distributions differ markedly in shape across profiles. The Planning and Reviewing pro-
files were dominated by the No Change bin, which accounted for the plurality of observations
in each (n = 28 and n = 27, respectively), with the remaining observations spread across
the one-, two-, and three-or-more-step decrease bins and only a small number of increases.
The Translating and Mixed profiles were bimodal: each showed a large peak at three or
more steps down alongside a second substantial peak at No Change, with comparatively
few observations in the intermediate bins. The All profile was strongly left-skewed, with
the overwhelming majority of observations falling in the three-or-more-steps-down bin and
no observations showing any increase. The No Query profile showed the opposite shape,
concentrated at No Change but with a visible tail of increases, including observations in the
one-, two-, and three-or-more-steps-up bins; this profile was the only one in which upward

Changes were cominon.

Across all six profiles, downward changes outnumbered upward changes, and the No Change

bin was prominent in every profile except All. The profiles with heavier Al involvement
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(All, Mixed, Translating) placed more of their mass in the larger decrease bins, whereas the
lighter-use and no-use profiles (Planning, Reviewing, No Query) placed more of their mass

at or near No Change.
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Figure 5.4: Distribution of grade changes from the text to the replay condition for each of
the six writer profiles.

5.3.4 Rubric Category Changes by Writer Profile

Next, we examine whether the effect of process visibility was uniform across each of the
rubric categories, or if it is concentrated in particular areas. To test this, we compared text

and replay scores for each of the four rubric categories — Ideas, Development, Organization,
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Text vs Replay — Rubric Categories — All Groups
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Figure 5.5: Text and replay scores for each of the four rubric categories across all observations

and Language — using Wilcoxon signed-rank tests, first across all observations and then

within each writer profile.

Across all observations, scores declined significantly from text to replay in all four rubric
categories (all p < .001; see Figure 5.5), indicating that the overall downward shift was not

driven by any single evaluative criterion.

Separating these by writer profile, the heavily Al-reliant groups showed this holistic pattern
more clearly: Groups A and M declined significantly in all four categories (all p < .001), as
did Group T (Ideas, p = .005; Development, p < .001; Organization, p = .001; Language,
p = .027). The lighter-use profiles showed narrower effects. Group P declined significantly

only in Ideas (p = .015), with no significant change in Development (p = .409), Organization
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(p = .583), or Language (p = .662), and Group R showed no significant change in any
category (all p > .17). The text-versus-replay distributions for all four categories within

each individual writer profile are provided in Appendix subsection A.3.1.

Group N exhibited an unexpected pattern. Despite showing no significant change in overall
grades, scores increased significantly in Development (p < .001), Organization (p = .038),
and Language (p = .021), with only Ideas remaining stable (p = .499). That is, evaluators
rated these independently written essays higher on several rubric dimensions after viewing

the replay, even though these increases did not translate into higher overall grades.

Taken together, the rubric-level results refine the profile-level findings: for profiles that rely
heavily on Al-generated text, the penalty was holistic, spanning all rubric dimensions rather
than targeting a single criterion. For lighter-use profiles, effects were narrow, confined to
Ideas for Group P, the dimension most aligned with the planning assistance those students

sought, or absent entirely.

5.3.5 Predicting Conduct Judgments from Instructor Character-

istics

Table 5.1: Ordinal Logistic Regression Predicting Conduct (Full Model)

Predictor b SE P OR
Age 0.076 0.047 0.110 1.08
Gender (Female) 0.110 0.539 0.838 1.12
Years teaching —0.038 0.048 0.431 0.96
AT usage —0.535 0.286 0.062 0.59
TAM 0.560 0.366 0.126 1.53
TAM Perceived usefulness 0.781 0.320 0.015*  2.18
TAM Perceived ease of use —0.349 0.370 0.346 0.71

Note: *p<0.05; **p<0.01; **p<0.001
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To examine whether instructors’ conduct judgments were shaped by who was evaluating
rather than what the process revealed, we fit an ordinal logistic regression predicting per-
ceived conduct severity from instructor characteristics: age, gender, years of teaching experi-
ence, personal Al usage, and attitudes toward Al as measured by the Technology Acceptance
Model’s perceived usefulness (TAM PU) and perceived ease of use (TAM PEOU) subscales.

The full model is reported in Table 5.1.

Perceived usefulness was the only significant predictor in the model (b = 0.781, SE = 0.320,
p = .015, OR = 2.18): instructors who reported perceiving Al as more useful were more
likely to assign higher conduct severity ratings. No other predictor reached significance—
age (p = .110), gender (p = .838), years of teaching experience (p = .431), personal Al
usage (p = .062), and perceived ease of use (p = .346) were all non-significant, though
personal Al usage showed a marginal trend in the opposite direction (OR = 0.59), with
greater personal Al use associated with less severe conduct ratings. Taken together, these
results indicate that conduct judgments were largely independent of evaluators” demographic
and professional backgrounds, with attitudes toward AI’s usefulness emerging as the sole

individual difference associated with severity of conduct concerns.

5.4 Discussion

5.4.1 Instructor Variability in Evaluating AI-Mediated Writing

A central pattern in these results is that instructors do not respond uniformly when shown
the writing process. Even when evaluating the same essays under the same conditions,
instructors differed in their decisions to modify grades and in the magnitude of those changes.

At the observation level, the most common outcome was no change (43% of evaluations),
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whereas among non-zero revisions, the most frequent change was a decrease of a full GPA
point or more. The same essay could therefore elicit no penalty from one instructor and
a severe penalty from another. The per-group distributions of grade change make this
divergence visible (Figure 5.4). The Translating and Mixed profiles, in particular, were
bimodal: a large group of instructors marked these essays down by three or more steps while
a second large group left the grade unchanged, with relatively few responses in between.
In this case, evaluators were divided between two distinct responses: applying substantial
penalties to the essays or making no change to their initial evaluation, rather than arriving
at a shared moderate penalty. The per-essay analyses are consistent with this interpretation.
We deliberately sampled four essays per profile from the NIRVANA dataset rather than a
single representative case, so each profile reflects the natural variability of real-world Al
use within that pattern of engagement. Using a single essay would be insufficient, as no
single essay fully represents a group; prior work shows that the nominal groupings, such as

’

“planning,” map to substantially different subcodes with distinct implications [61]. Within
the lighter-use profiles, no individual essay produced a reliable shift on its own, even though
these profiles declined significantly in the aggregate. The penalties in these cases were
not concentrated in particular essays that instructors agreed were problematic, but spread
diffusely across essays and evaluators, with some instructors penalizing lightly, others not at
all, and a few heavily. The Planning profile illustrates this diffuse pattern: roughly half of
the evaluations left the grade unchanged, while the remainder were distributed across one-,

two-, and three-step reductions, indicating that the aggregate decline reflected many small

and inconsistent judgments rather than a shared verdict on any particular essay.

This variability also aligns with the longstanding literature on rater reliability in writing
assessment, which has established that instructors disagree about essay quality even in the

absence of Al In a classic study, Diederich et al. demonstrated the extreme extent of rater
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variability, finding that when 53 readers scored 300 student essays on a nine-point scale, more
than 90% of essays received at least seven different scores[36], highlighting how disagreement
persists even at the level of basic quality judgments. Subsequent work has shown that this
disagreement is not incidental but structurally persistent in essay evaluation, with sustained
difficulty in achieving reliability even among trained raters [58], motivating the development
of normative sessions, anchor papers, and shared rubrics for the evaluation of large-scale
writing. Our findings extend this literature in a specific way: process visibility introduces
a new dimension along which raters can disagree. Instructors in our study were not only
judging the quality of the text, the traditional source of rater variance, but also the legitimacy
of the process that produced it, and our results suggest that judgments of process legitimacy
are variable, similar to judgments of quality. Notably, the rubric dimensions themselves
declined together rather than independently for the heavily Al-reliant profiles, suggesting
that process information did not refine instructors’ criterion-level judgments so much as alter
their global impression of the work. The assessment community’s hard-won tools for taming
quality disagreement, such as calibration, anchor papers, and explicit criteria, do not yet

exist for process disagreement, and our results indicate they will be needed.

At the same time, the variability was not unbounded, and the points of agreement are
informative in their own right. Heavy Al reliance was penalized with striking consistency:
every essay in the fully Al-generated profile declined significantly on its own, and the mixed-
reliance profile showed nearly the same pattern. This consensus is visible in the distribution
for the All profile (Figure 5.4), which was strongly left-skewed: nearly every evaluation fell
in the three-or-more-steps-down bin, and not a single observation showed an increase. At
the opposite extreme, the unassisted essays were not penalized at all; if anything, instructors
rated them more favorably on several rubric dimensions once the replay confirmed the work

was the student’s own. The No Query distribution captures this directly; it was concentrated
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at No Change yet carried a visible tail of increases, making it the only profile in which upward
revisions were common. Instructors disagreed about whether planning help or proofreading
assistance warranted a penalty, but they largely converged on the judgment that wholesale
delegation of composition is unacceptable and that visibly independent writing is not. In
other words, consensus exists at the extremes—unassisted writing was treated favorably and
fully delegated writing was penalized heavily—while the contested middle ground of partial
assistance produced the widest disagreement. Even within that consensus, however, the
magnitude of penalties varied, indicating that instructors agreed on direction more readily

than on degree.

These findings carry implications for how process information might be used in writing
assessment. First, blanket statements of the form “Al is allowed for X” are unlikely to
translate into consistent evaluation: our results suggest that two instructors operating under
the same nominal policy may grade the same Al-assisted essay a letter grade or more apart.
Course-level Al policies may therefore need to specify not only which uses are permitted but
how visible Al involvement should factor into grading, and departments adopting process-
visibility tools may need calibration practices, such as shared rubrics, anchor examples, or
norming sessions, analogous to those used for holistic essay scoring. Second, the variability
raises a fairness concern for students: under process-transparent assessment, the consequence
of a given pattern of Al use depends substantially on who is evaluating it. Making the process
visible does not remove subjectivity from evaluation; it relocates it, replacing uncertainty
about what the student did with disagreement about what that behavior should mean.
Finally, the consistency at the extremes suggests where policy can be effective immediately:
prohibitions on wholesale generation reflect a judgment instructors already share, whereas
rules governing intermediate assistance will require building consensus that does not yet

exist.
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Closing the gap between what students do and what instructors expect, therefore requires
progress on two distinct fronts, corresponding to two distinct obstacles. The first is setting
the standard: deciding which forms of Al use are acceptable for a given assignment. Our re-
sults suggest that this cannot be left implicit, as instructors do not share a common standard
for contested middle uses. Consequently, syllabus statements that do not specify how Al
involvement should affect grades will be interpreted inconsistently across instructors. Setting
the standard is most naturally addressed before writing begins, by making the assignment’s
expectations explicit and tied to the rubric, so that students and instructors share the same
reference point rather than discovering a mismatch after submission. The second obstacle
is minimizing variability in how that standard is applied once set. Even with an agreed
standard, our findings and the broader rater-reliability literature indicate that instructors
will still diverge in how they interpret a given writing process, just as they diverge on text
quality. This is the problem that calibration was developed to address in traditional writing
assessment, and it points to the same remedies here: shared anchor examples that illustrate
how particular patterns of Al use should be scored, and norming sessions in which instructors
align their process judgments against common cases. The two obstacles are complementary.
Standard-setting establishes what the expectation is; calibration ensures that expectation is
applied consistently. Neither alone is sufficient, and our results suggest that process-visibility

tools, while necessary to make either possible, do not on their own provide either.

5.4.2 Al Familiarity and the Recognition of Cognitive Offloading

Among the instructor characteristics we examined, perceived usefulness of Al was the only
significant predictor of conduct judgments: instructors who rated Al as more useful were
more than twice as likely to assign a more severe conduct rating (OR = 2.18). Demographics,

teaching experience, and the remaining attitude measures showed no reliable association.
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Conduct judgments, in other words, were not a function of who the evaluator was in any

conventional sense, but of what they believed about the technology.

We interpret this finding as reflecting informed recognition rather than hostility toward Al
Perceiving Al as useful suggests an understanding of what the technology can actually do.
An instructor who knows that ChatGPT can produce a complete, coherent essay from a
single prompt also knows how much of the writing process, including planning, drafting, and
revising, a student can offload to it, and what learning is bypassed when they do. When the
replay made that offloading visible, these instructors were better positioned to recognize its
extent and to judge it as a conduct concern. By contrast, an instructor with little sense of
AT’s capabilities may watch the same replay without fully registering how much cognitive
work was delegated, and may therefore see less to penalize. Under this interpretation, the
severity associated with high perceived usefulness is not a bias against Al but an expression of

Al literacy: knowing the tool’s value to students includes knowing its risks to their learning.

This interpretation carries a practical implication that runs counter to a common assump-
tion. One might expect that as instructors become more familiar with A, evaluation norms
will relax. Our results suggest the opposite trajectory: as institutions invest in Al literacy
for faculty, instructors may become more attuned to the signatures of cognitive offloading in
student work and more willing to treat extensive delegation as a conduct issue. Familiarity
with Al at least as captured by perceived usefulness, sharpened rather than softened evalu-
ative judgment. For assessment policy, this suggests that the current variability in conduct
judgments documented above may partly reflect uneven AI knowledge among instructors,
and that building shared Al literacy could be one path toward more consistent evaluation,

though our cross-sectional design cannot establish this causal direction.

At the same time, this finding should be interpreted with appropriate caution. Perceived

usefulness was measured as a general attitude rather than a direct test of Al knowledge,
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and our interpretation of it as a proxy for understanding Al’s capabilities is inferential.
Instructors’ conduct judgments may also be shaped by factors we did not measure, such
as departmental policy environments or prior experience with Al-related academic integrity
cases. Future work could measure Al knowledge directly and examine whether it mediates

the relationship between attitudes and evaluative severity.

5.4.3 From Process Visibility to Process Accountability

Our findings point to a structural conclusion: the written artifact alone is no longer sufficient
for evaluating student writing. Generative Al can now produce the artifact. What it cannot
produce is the student’s planning, reasoning, and revision, the cognitive work that writing
assignments exist to develop. The instructors in our study recognized this distinction when
watching the replays: evaluations shifted substantially once the writing process became
visible, and the magnitude of those shifts tracked how much of the writing the student
had actually done. Essays produced through heavy delegation lost a letter grade or more,
whereas essays written independently held steady or, on several rubric dimensions, improved
once the replay confirmed the absence of Al. Process information, in other words, was not

incidental to instructors’ judgments; it changed what they believed they were grading.

At the same time, our results reveal two problems with the process visibility we deployed.
First, instructors disagreed about what visible Al use should mean for a grade, particularly
for the intermediate profiles in which students sought assistance with planning or reviewing.
Second, visibility in our study arrived only after the fact: the students who wrote these
essays did so without knowing what uses their eventual evaluators would consider acceptable,
and the instructors reviewed the process as forensic evidence rather than against a shared

expectation. Retrospective visibility can reveal a mismatch between student behavior and
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instructor standards, but it cannot prevent one.

These observations suggest that future writing environments should move from retrospective
visibility to prospective accountability. Rather than recording the process and leaving its
acceptability to be litigated after submission, the writing environment itself could carry the
assignment’s Al policy: instructors could configure which forms of assistance the integrated
AT will provide and align the permitted uses with the grading rubric before students begin.
Students would then write, knowing that the process is observable and that certain uses are
sanctioned, turning the AI policy from an abstract syllabus statement into an enforceable,
inspectable feature of the task. We expect such mutual transparency to address both prob-
lems above: aligning permitted uses with the rubric removes much of the ambiguity that
produced divergent conduct judgments in our study, and stating expectations before writing

begins shifts AI use toward sanctioned forms.

This argument extends beyond writing. In programming education, Al can now produce
working code, but a correct artifact no longer demonstrates that a student possesses com-
putational thinking; requiring pseudocode, design rationales, or observable development ses-
sions serves the same role that process replay served here. Any skill whose artifact can be
produced by AI will require an assessment that treats the process as a first-class object of
evaluation. Our study demonstrates the first half of that transition, showing that seeing the
process changes expert evaluation in systematic ways; building environments in which the

process is not merely visible but accountable is the necessary second half.



Chapter 6

Implications for Future Work

This dissertation set out to examine a problem that has become increasingly urgent as
generative Al becomes embedded in academic writing: the gap between what instructors can
see when evaluating a student’s essay and what actually occurred during its composition.
When a student submits a final document, the writing process that produced it, that is, the
decisions made, the ideas delegated, and the extent to which a language model contributed
to the work, is entirely invisible. This invisibility constrains educators’ understanding of

student learning, their assessment design, and their responses to Al in their courses.

The three studies presented in this dissertation address this problem from complementary
angles. The NIRVANA dataset and replay system established that writing processes can be
captured and reconstructed at scale (Chapter 3); the behavioral taxonomy and writer profiles
provided a vocabulary for describing how students engage with AI during writing (Chap-
ter 4); and the instructor evaluation study demonstrated that making the process visible
changes expert judgment in systematic ways (Chapter 5). Together, these studies estab-
lish both the empirical reality of Al-assisted writing at the process level and the evaluative
consequences of process visibility. This chapter draws out the collective implications of the
three studies for Al and writing pedagogy, identifies the work that remains, and concludes

by discussing the research’s limitations.

117
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6.1 The Two-Sided Variability of AI-Assisted Writing

The most consistent pattern across this dissertation is variability, and it appears on both
sides of the educational relationship. At the student level, Al-assisted writing is not uniform.
Students differed substantially in when and how they involved Al, ranging from limited,
targeted use for idea generation or proofreading to wholesale delegation of planning, drafting,
and revision. These differences were largely invisible in the final essay: a document can
exhibit appropriate length, coherent argument structure, and high readability regardless of
whether it was written primarily by the student or primarily by ChatGPT. The perception
data added a further wrinkle: students whose ChatGPT use was limited to Planning or
Reviewing reported ownership of their essays comparable to that of students who used no
ATl at all, even though those uses can bypass the idea-formation and self-evaluation that
writing assignments are designed to exercise. Selective Al use, in other words, can feel
authentic to the student while still displacing learning. At the evaluator level, the same
heterogeneity reappeared. When instructors were shown identical process information, they
disagreed about what it should mean for a grade. Some treated visible Al involvement as
irrelevant; others treated it as grounds for failure. Outside the extremes, where consensus
held, the same essay could receive a full letter grade difference depending on who evaluated
it.

This two-sided variability has a practical consequence: neither student usage nor instruc-
tor expectation can currently be pinned down well enough to write a stable rule connecting
them. The taxonomy and writer profiles developed in this dissertation are, to our knowledge,
the most detailed classification of student Al use available, and they still fall short of cap-
turing what evaluators actually care about. The case analyses make this concrete. P57 and

P77 both requested complete essays from ChatGPT, yet one used the output as reference
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material while the other submitted it nearly verbatim; P26 was classified as a Collaborator
by the contribution metrics, yet behaved more like an editor of Al-generated text than an
author. Classification based on observable behavior is a necessary starting point, but the
same observable behavior can reflect different intentions and different learning consequences,
and instructors weigh those consequences differently. Any system that attempts to govern
AT use in writing must contend with volatility on both ends: students will continue to find
new ways of engaging the technology, and instructors will continue to disagree about which

of those ways are acceptable.

6.2 Bridging Writing Process and Evaluation in Al-

Assisted Writing

Although the variability resists a tidy framework, three findings remain consistent in all
studies. First, student usage varies, and the variation matters: which cognitive processes a
student delegates, not whether they touch Al at all, determines what learning is bypassed
and how the work is ultimately judged. Second, instructors vary in what they consider
acceptable, but their overall disposition is negative: when the process became visible, grades
moved down or stayed flat, almost never up, and heavy delegation was penalized severely
and consistently. Third, students and instructors are currently making these consequential
decisions in isolation from each other. Students in our dataset wrote without knowing
what their eventual evaluators would tolerate; instructors in our evaluation study reviewed
processes that had unfolded under no stated expectations. Each side holds private standards,

and nothing in the current ecosystem requires them to be met.

What is needed, then, is not another detection tool but a structured dialogue between the
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two sides and an infrastructure to support it. Our studies take initial steps in this direction:
the taxonomy provides a shared vocabulary for describing Al use, the contribution metrics
provide a first-pass summary of authorship, and the replay system provides evaluation with a
common evidentiary basis. However, these are components of a potential agreement, not the
agreement itself. We do not yet have validated practices for calibrating instructors’ process
judgments, analogous to the anchor papers and norming sessions that writing assessment
has developed for quality judgments [36, 58]. We do not yet know how expectations should
be communicated to students so that they shape behavior rather than merely document
violations, nor have we measured whether such interventions preserve the learning that
writing assignments are intended to produce. Future work should treat these as connected
problems: transparency tools, shared vocabulary, and calibration practices will only close the
gap between students and instructors if they are developed together, with both populations
engaged. What our findings establish is that the gap is real, wide, and that visibility alone

narrows it only partially.

6.3 From Process Visibility to Process Accountability:
SWAG

These observations motivate our ongoing work on SWAG (Student Writing with Account-
able Generative Al), a system designed to move from retrospective visibility to prospective
accountability. In SWAG, the instructor authors the writing assignment within the platform
and configures the conditions of Al use before students begin. Instructors can pre-prompt
the integrated Al to refuse specific forms of assistance, can disable pasting from external
sources, and, in future iterations, will be able to permit or restrict individual categories of

use, such as allowing planning support while preventing direct text generation, mirroring the
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query taxonomy developed in Chapter 4. Students write within the platform with the per-
mitted Al available alongside, as in our original data collection, and the full process remains

observable through replay.

The central design principle is transparency in both directions. Instructors no longer need
to guess at Al involvement or infer it from textual signatures of unknown reliability [120];
they can see it. Students, in turn, know from the outset both that the process is visible and
which uses are sanctioned, so the assignment’s Al policy is no longer an abstract syllabus
statement but an enforced and inspectable property of the writing environment. We expect
this mutual transparency to address the problems identified above. Aligning permitted uses
with the rubric removes much of the ambiguity that led to divergent conduct judgments in our
evaluation study, and making expectations explicit before writing begins shifts students’ Al
use toward sanctioned forms rather than leaving acceptability to be litigated after submission.
SWAG is also where the discussion called for in the previous section becomes concrete:
configuring an assignment forces an instructor to state, in the taxonomy’s terms, exactly

which uses they accept, and completing it gives students a record they can stand behind.

This argument extends beyond writing. In programming education, Al can now produce
working code, but a correct artifact no longer demonstrates that a student possesses com-
putational thinking [116]. Instructors in that domain face the same choice: either redesign
assessment around the process, for example by requiring pseudocode, design rationales, or
observable development sessions, or continue grading artifacts that may certify the tool
rather than the student. Writing, programming, and, arguably, any skill whose artifacts Al
can generate will require assessment that treats the process as a first-class object of eval-
uation. The NIRVANA dataset demonstrated that the writing process can be captured at
scale, the instructor study demonstrated that seeing the process changes expert evaluation

in systematic ways, and SWAG operationalizes the remaining step: making the process not
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merely visible but accountable, governed by expectations that students and instructors share

from the start.

6.4 Limitations

The conclusions of this dissertation should be read against several limitations. The student
data in this dissertation derives from a single argumentative essay prompt completed in
roughly thirty minutes under study conditions, with a raffle rather than a grade as the
incentive. We compensated participants to encourage genuine effort, but a study setting is
not a classroom. In practice, student motivation and Al use are shaped by an instructor’s
specific policies and by whether the writing occurs under in-class conditions, as a take-home
project, or for a high-stakes grade, and these factors had little variability in our controlled
setting. The behavior we observed should therefore be understood as writing under study
incentives rather than under authentic course stakes. This limitation is itself a central
motivation for SWAG: by deploying the platform in real courses, future work can observe
how students use Al when an actual instructor policy and an actual grade are in force,
conditions our study could not reproduce. Writing behavior under genuine academic stakes,
across genres, and over longer time scales may differ, and our own findings suggest that

incentive structures shape Al use.

Our results are likewise specific to a single argumentative prompt. A different genre or
topic, such as a technical report, a reflective essay, or a personal narrative, could elicit a
different distribution of Al use, since the kinds of assistance a task invites depend on the
task itself. We note, however, that the taxonomy developed in this dissertation is not tied
to this particular prompt: the categories of use it describes are properties of the writing

process rather than of any one assignment, and we expect them to remain applicable even
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where the relative frequency of each category shifts.

The integrated assistant was built on GPT-3.5; model capabilities have advanced since data
collection, and more capable models may shift both how students delegate and how de-
tectable that delegation is in the process record. We do not regard this as undermining the
central contributions. What a newer model is likely to change is the frequency of each usage
pattern, not the existence of the patterns themselves: students will still plan, translate, re-
view, and delegate, regardless of how fluent the underlying model becomes. The behavioral
framework and codebook we developed are therefore durable instruments that remain appli-
cable as models evolve, even though the specific counts they produce, and the fluency of the
resulting text, will continue to change. In this sense, the taxonomy, rather than any single
distribution of usage, is the contribution most robust to advancing capabilities. Additionally,
participants were college students and native English speakers, which limits generalization
to other educational levels and to multilingual writers, for whom Al assistance may serve

meaningfully different functions.

A further limitation concerns the granularity of our analysis of student queries. We catego-
rized each query by the type of assistance it sought, but we did not examine the depth or
effort invested in the queries themselves. A single-sentence request and a detailed, carefully
iterated prompt may both be recorded as instances of the same usage type, yet they may
reflect very different degrees of cognitive engagement, and prior work suggests that the speci-
ficity of a student’s prompts is related to their sense of ownership over the resulting text [65].
Our contribution metrics capture how much text a student wrote and edited, but not how
much thought went into directing the AI. We see the analysis of prompt sophistication as

its own dimension of human contribution and an important direction for future work.

On the evaluation side, instructors reviewed essays sampled from the dataset rather than

work from their own students and courses, without the contextual knowledge that ordinarily
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informs grading. The perceived usefulness finding is cross-sectional, and our interpretation
of it as Al literacy is inferential; we did not directly measure Al knowledge. Finally, and
most importantly, this dissertation measured behavior and evaluation, not learning. We have
argued throughout that delegating cognitive processes to Al risks bypassing the learning that
writing develops, and the instructors in our study evidently shared that belief, but directly
measuring the learning consequences of different Al usage patterns remains essential future

work.

Relatedly, this dissertation has treated writing primarily through an instrumental lens, as a
vehicle for developing skills and as an object of evaluation, but writing is also an expressive
and often meaningful human activity. People do not only produce text; they think and feel
through the act of writing, and the satisfaction of working through an idea is part of what
writing offers. How Al involvement reshapes this experiential dimension is a question we
do not resolve. The direction is genuinely uncertain: delegating portions of the work to Al
could diminish the sense of accomplishment and ownership that give writing its meaning, or
it could remove friction and tedium, making the experience more rewarding. We attempted
to approach this through the Creativity Support Index, but that instrument measures how
well a tool supports a creative task rather than the broader affective experience of writing
itself, and it does not reach the deeper question of what Al does to the felt experience of
authorship. Understanding how Al-assisted writing changes not only what students learn
but how writing feels to them remains an important and largely unexplored direction for

future work.
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6.5 Closing Remarks

The value of a writing assignment has never been the document; it is the thinking the
document forces. Generative Al has broken the link between the two, making it possible to
produce a polished essay while doing little of that thinking, and leaving educators to grade
artifacts that no longer certify the work behind them. This dissertation responds by making
the work itself observable. Across three studies, we showed that the writing process can be
captured and replayed at scale, that students engage Al in ways no final document reveals,

and that instructors judge the same essay differently once they can see how it was made.

The central insight is not that AI use in writing is harmful or beneficial; it is that the
consequences depend on the nature of the use, and that nature is currently visible to no one
but the student. This dissertation has shown that such visibility is achievable, analytically
productive, and consequential for evaluation. Putting it to work, in classrooms, in policy,

and in systems like SWAG, is the work that follows.
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Appendix

A.1 An Empirical Study to Understand How Students

Use ChatGPT for Writing Essays

A.1.1 Pre-study Survey

What gender do you identify as?

o Male

o Female

» Non-Binary

o Prefer not to disclose

e Other:

How old are you?

o 18-24

o 25-34
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35-44

45-55

25-64

o 65+

What race/ethnicity describes you?

e American Indian or Alaskan Native
 Asian/Pacific Islander

» Black or African American

» Hispanic

« White/Caucasian

e Other:

[Self Efficacy in Writing| Please answer the following statements with a 7-point Likert

scale:

1. I can think of many ideas for my writing

2. I can transform my ideas into written text

3. I can think of many words to describe my ideas
4. T can come up with many new ideas

5. I know exactly how to organize my ideas into my writing
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6. I can spell my words correctly

7. I can write complete sentences

8. I can punctuate correctly, i.e., put punctuation marks such as full stops and commas

in my sentences

9. I can write grammatically correct sentences

10. I can begin my paragraphs in the right spots

11. T can focus on my writing for at least one hour

12. I can ignore distractions while I'm writing

13. I can start writing assignments quickly

14. T can control my frustration while I'm writing

15. I can think of my writing goals before I write

16. T can keep writing even when it’s difficult

How often do you use ChatGPT for writing tasks?

Never

Once in a while

About half the time

Most of the time

Always
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[TAM] For the following, please answer based on your usage of ChatGPT (7-point Likert

scale):

1. Using ChatGPT would enable me to accomplish writing tasks more quickly
2. Using ChatGPT increases my performance in writing tasks
3. Using ChatGPT increases my productivity in writing tasks
4. Using ChatGPT would enhance my effectiveness in writing tasks
5. ChatGPT makes writing tasks easier for me
6. I have found ChatGPT useful in writing tasks
7. Learning to use ChatGPT would be easy for me
8. I find it easy to get ChatGPT to do what I want it to do
9. My interactions with ChatGPT are clear and understandable
10. T find ChatGPT flexible to interact with
11. It would be easy for me to become skillful at using ChatGPT

12. I find ChatGPT easy to use

For the following, please answer based on your usage of ChatGPT (7-point Likert scale):

1. Tleverage the advanced features of ChatGPT to achieve my goals more efficiently than

other students
2. I'm often interested in trying new features

3. I maximize the capabilities of ChatGPT
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What is the highest degree or level of school you have completed or are currently

pursuing?

No schooling completed

e Some high school, no diploma

 High school graduate, diploma or equivalent (e.g., GED)

e Some college credit, no degree

» Trade/technical /vocational training

» Associate degree

» Bachelor’s degree

o Master’s degree

o Professional degree

e Doctorate degree

Have you completed the degree specified above?

e Yes

e No

What is your current major?
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A.1.2 Writing Prompt

We will describe an issue and provide three different perspectives on the issue. You are asked
to read and consider the issue and perspectives, state your own perspective on the issue, and
analyze the relationship between your perspective and at least one other perspective on the

issue.
Issue:

Automation is generally seen as a sign of progress, but what is lost when we replace humans

with machines?
Intelligent Machines

Many of the goods and services we depend on daily are now supplied by intelligent, automated
machines rather than human beings. Robots build cars and other goods on assembly lines,
where once there were human workers. Many of our phone conversations are now conducted
not with people but with sophisticated technologies. We can now buy goods at a variety
of stores without the help of a human cashier. Automation is generally seen as a sign of
progress, but what is lost when we replace humans with machines? Given the accelerating
variety and prevalence of intelligent machines, it is worth examining the implications and

meaning of their presence in our lives.
Perspective One (Dystopian view)

What we lose with the replacement of people by machines is some part of our own humanity.
Even our mundane daily encounters no longer require from us basic courtesy, respect, and

tolerance for other people.

Perspective Two (Utilitarian view) Machines are good at low-skill, repetitive jobs, and

at high-speed, extremely precise jobs. In both cases they work better than humans. This
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efficiency leads to a more prosperous and progressive world for everyone.

Perspective Three (Progressive view) Intelligent machines challenge our long-standing
ideas about what humans are or can be. This is good because it pushes both humans and

machines toward new, unimagined possibilities.

A.1.3 Exit Survey

Thank you for participating in our study. Please answer the following questions as part of

our exit survey.

For the following questions, please answer based on your perceived ownership of
the essay: 7-point Likert Scale

1. T feel that this is my essay

2. I feel that this essay belongs to me

3. I feel a high degree of ownership towards this essay

4. T feel the need to protect my ideas from being used by others.

5. I feel that this essays success is my success

6. I feel this essay was written by me

7. I feel the need to protect the ideas written in the essay

8. T do not feel like anyone else wrote this essay.

For the following questions, please answer based on your usage of ChatGPT:

7-point Likert Scale
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1. T feel like ChatGPT helped me in the creation process of my writing

2. 1 feel like ChatGPT helped me with proofreading my essay

3. I feel like ChatGPT made my essay better

4. T liked using ChatGPT as an assistant during my essay writing

5. My writing would have been better without ChatGPT assistance

Thank you for completing our survey. Winners of the essay writing competition will receive

an email after the study is complete.

A.1.4 Clusters

Clusters
—&— Group None (6)
=& Group Planning (16)
0.8 - —8— Group Translating (5)
c —8— Group Reviewing (9)
) —a— Group All (25)
'.E —8— Group Mixed (16)
o 0.6
o
e
[a
(] |
v 0.4
]
—
g
< 0.2
0.04 ®& - ]
Planning Translating Reviewing All

Question Category

Figure A.1: Planning Group Average Distribution
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A.2 NIRVANA: A Comprehensive Dataset for Repro-
ducing How Students Use Generative Al for Essay

Writing

A.2.1 Full List of Dataset Columns

Here, we provide a full description of all the dataset columns.

e Participant Sheet

— id - Participant id to correspond to the essay num in the Essay Data sheet
— Gender - Participant gender

— Age - Participant age in age bands

— Race - Participant race

— Final Text - The final essay text

— Total Time - Total time taken to complete the essay

— GPT Inquiry - Number of inquiries asked to ChatGPT

— Total Words - Total words in the Final Essay

— User Add - Number of words added by the user

— User Deleted - Number of user added words deleted

— GPT Paste - Number of words pasted from the ChatGPT response
— GPT Delete - Number of GPT Pasted words deleted

— User Final % - Percentage of the final essay written by the user

— GPT Final % - Percentage of the final essay pasted from ChatGPT
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— External Added - Number of words added from external sources
— External Delete - Number of external words deleted

— Self Efficacy Score - Participants self efficacy score

— TAM PU - TAM subscale Perceived Usefulness

— TAM PEOU - TAM subscale Perceived Ease of Use

— TAM Overall - Technology Acceptance Model score

— Perceived Ownership - Participants feelings of Perceived Ownership for the

essay
— CSI Exploration - CSI subscale Exploration

— CSI Expressiveness - CSI subscale Expressiveness

— CSI Immersion - CSI subscale Immersion

— CSI Enjoyment - CSI subscale Enjoyment

— CSI Result Worth Effort - CSI subscale Results Worth the Effort
— CSI Total - Creativity Support Index score

— fk_ reading - Flesch-Kincaid Reading Ease Score

— fk_ grade - Flesch-Kincaid Grade Level Score

— dale__chall - Dale-Chall Readability Score

o Essay Data Sheet

— essay__num — The index of the current essay
— op__index — The index of the operation within the current essay
— time — The timestamp of the operation

— op__loc — The location of the operation - editor, essay prompt, or gpt
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— op__type — The type of the operation completed

— current__editor — The value of the editor post operation
— add — The text added to the editor

— delete — The text removed from the editor

— selected__text — The text highlighted in the editor or the ChatGPT inquiry

response
— cursor__location — The location of the cursor before the operation

— recording_ obj — The value of the codemirror record API used for playback

A.2.2 Key of Operations

Here we provide a key for each operation.

1 - insertion event

d - deletion event

d_i - deletion and insertion (replace)

gpt_inquiry - inquiry made to ChatGPT

gpt_response - response made by ChatGPT

| - selection of text

e O - cursor movement

p - paste event

r - drag text
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e X - cut text
e y - copy event

e 7z - undo event

A.2.3 Pre-Survey Questionnaire

What gender do you identify as?

Male

Female

Non-Binary

Prefer not to disclose

Other:

How old are you?

18-24

25-34

35-44

45-55

55-64

o 65+
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What race/ethnicity describes you?

o American Indian or Alaskan Native
« Asian/Pacific Islander

» Black or African American

« Hispanic

» White/Caucasian

e Other:

[Questions adapted from Self Efficacy in Writing [19]] Please answer the following

statements with a 7-point Likert scale:

1. T can think of many ideas for my writing

2. I can transform my ideas into written text

3. I can think of many words to describe my ideas

4. T can come up with many new ideas

5. I know exactly how to organize my ideas into my writing
6. I can spell my words correctly

7. I can write complete sentences

8. I can punctuate correctly, i.e., put punctuation marks such as full stops and commas

in my sentences

9. I can write grammatically correct sentences
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10. T can begin my paragraphs in the right spots

11. T can focus on my writing for at least one hour

12. T can ignore distractions while I'm writing

13. 1 can start writing assignments quickly

14. T can control my frustration while I'm writing

15. T can think of my writing goals before I write

16. I can keep writing even when it’s difficult

How often do you use ChatGPT for writing tasks?

Never

Once in a while

About half the time

Most of the time

Always

[Questions adapted from TAM [34]] For the following, please answer based on your
usage of ChatGPT (7-point Likert scale):

1. Using ChatGPT would enable me to accomplish writing tasks more quickly
2. Using ChatGPT increases my performance in writing tasks

3. Using ChatGPT increases my productivity in writing tasks
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4. Using ChatGPT would enhance my effectiveness in writing tasks
5. ChatGPT makes writing tasks easier for me

6. I have found ChatGPT useful in writing tasks

7. Learning to use ChatGPT would be easy for me

8. I find it easy to get ChatGPT to do what I want it to do

9. My interactions with ChatGPT are clear and understandable
10. I find ChatGPT flexible to interact with
11. Tt would be easy for me to become skillful at using ChatGPT

12. I find ChatGPT easy to use

For the following, please answer based on your usage of ChatGPT (7-point Likert scale):

1. I'leverage the advanced features of ChatGPT to achieve my goals more efficiently than

other students
2. I'm often interested in trying new features

3. I maximize the capabilities of ChatGPT

What is the highest degree or level of school you have completed or are currently

pursuing?

e No schooling completed

e Some high school, no diploma
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« High school graduate, diploma or equivalent (e.g., GED)
« Some college credit, no degree

« Trade/technical /vocational training

o Associate degree

« Bachelor’s degree

o Master’s degree

o Professional degree

Doctorate degree

Have you completed the degree specified above?

e Yes

« No

What is your current major?

A.2.4 SSE for K-Means

A.2.5 ChatGPT page for our web interface

A.3 Instructors

A.3.1 Per Group Rubric Scores
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What's a good outline for argumentative essay?

ChatGPT

1. Introduction

- Hook: Start with a thought-provoking question or statistic related to your topic

- Background information: Provide some context and background information on the issue
- Thesis statement: State your argument clearly and concisely

2. Body Paragraphs

- Present your main argument and provide evidence to support it

- Address counterarguments and refute them with evidence and reasoning
- Use examples, anecdotes, and statistics to reinforce your points

3. Counterargument
- Acknowledge the opposing viewpoint and explain why it is flawed or incorrect
- Offer a rebuttal to the counterargument

4. Conclusion

- Restate your thesis and summarize your main points
- Reiterate why your argument is valid and important
- End with a strong closing statement or call to action

o

Figure A.3: A screenshot of in-house ChatGPT provided to participants
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