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Figure 1: DraftMarks reveals the hidden dynamics of human-AI collaboration to readers. The Writer’s View shows Al generation
calls: single prompts (1A) and repeated prompting (2A). The Reviewer’s View surfaces these interactions within the final text
through skeuomorphic design: eraser crumb and ghost text (1B-1C), and stacked masking tape (2B-2C). Clicking the eraser
crumb (1B) reveals the writer’s prompt as ghost text (1C). Clicking stacked masking tape (2B) peels back the top layer to expose

earlier Al-generated text beneath (2C).
Abstract

As generative Al becomes part of everyday writing, questions of
transparency and productive human effort are increasingly impor-
tant. Educators, reviewers, and readers want to understand how
Al shaped the process. Where was human effort focused? What
role did Al play in the creation of the work? How did the interac-
tion unfold? Existing approaches often reduce these dynamics to
summary metrics or simplified provenance. We introduce Draft-
Marks, an augmented reading tool that supports readers in inter-
preting how text was constructed with AI through familiar physical
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metaphors. DraftMarks employs skeuomorphic encodings such as
eraser crumbs to convey the intensity of revision, and masking tape
or smudges to mark Al-generated content, simulating the process
within the final written artifact. By using data from writer-Al in-
teractions, DraftMarks’ algorithm computes various collaboration
metrics and writing traces. Through a formative study, we iden-
tified computational logic for different readership, and evaluated
DraftMarks through a Prolific study for its effectiveness in assessing
Al co-authored writing.
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1 Introduction

Generative Al has fundamentally changed the relationship between
writers and readers. Traditionally, writers and readers are in tacit
agreement: the writer produces language through personal cogni-
tion, effort, and intent, and the reader interprets that language as a
direct reflection of the author’s ideas, knowledge, and skill [32, 63].
Whether reading an essay, an email, or a scientific article such as
this one, the reader makes inferences about the author’s exper-
tise, creativity, and trustworthiness based on the text itself [49].
However, generative Al has disrupted this tacit contract. Today,
as readers, reviewers, and educators, we are increasingly engaged
with texts that are shaped—often substantially—by Al-generated
language. Generative models can produce fluent, structured, and
even persuasive content with minimal human input, making read-
ing processes more uncertain and demanding as one searches for
imputations of the sources of the text’s value. For the readers, the
central question is no longer simply “What does this text say?” but
also “How was this text constructed, and by whom?”

Unfortunately, readers lack effective tools and transparent de-
sign affordances to make these vital distinctions and critically as-
sess texts co-authored with Al as a writing partner. Current ap-
proaches are primarily limited to A usage disclosures [17], sharing
Al prompts and conversation logs [84], and token-level attribution
maps or summary visualizations of Al contributions [33, 65]. How-
ever, these approaches are often external to the text rather than
within it, requiring the reader to step out of the reading experience
to consult metadata or interpret visualizations detached from the
flow of text comprehension. This separation becomes problematic
when readers are making local interpretive decisions: ‘Is this sen-
tence the author’s reasoning or the model’s default phrasing? Was
this claim carefully revised or copied verbatim?” For example, know-
ing that a paragraph was iteratively revised might lead a reader to
trust its reasoning more; recognizing that a definition was injected
via Al may prompt the reader to cross-check its accuracy. These
decisions are part of how the readers build mental models about
what matters in writing, what to question critically, and what re-
flects human expertise [64]. When process information is abstracted
away, the reader’s comprehension remains incomplete, obscuring
the cognitive labor — or lack thereof — behind the text.

In this work, we explore the use of skeuomorphic design [6, 18,
54], i.e., visual encodings grounded in familiar physical metaphors,
to surface human-Al writing interactions in spatio-temporal context.
Rather than serving up abstract icons or disconnected dashboards,
skeuomorphic cues such as masking tape, eraser crumbs, smudges,
and scribbled margins could provide legible embedded markers of
the nuances of writing activities. We focus specifically on interpre-
tive transparency, supporting readers in making local, in-context
judgments about Al involvement as they engage with text. Akin to
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traditional settings, readers may draw meaning about authorial ef-
fort from crossed-out sentences, margin notes, use of white-out tape,
or layered corrections of pen over pencil (i.e., physical traces into
the writer’s thinking). Readers rely on physical signals to support
inline interpretation of Al coauthored text. These signals should
indicate where the writer invested effort, where they accepted or
rejected Al suggestions, and where the text evolved through itera-
tion. For example, a masking tape overlay might indicate a passage
written primarily by an Al model, while eraser marks could show
a region of intensive human-Al iteration. These metaphor-driven
encodings draw on readers’ pre-existing literacies for interpret-
ing physical documents and editing marks, repurposing them for
Al-mediated writing.

In our technique, we formalize this approach by linking interac-
tion logs of human-AI writing to skeuomorphic visualizations that
appear within the text document. DraftMarks follows a model-view-
controller paradigm, where the model processes interaction data to
compute metrics such as contribution ratios, edit frequency, and
prompt iteration depth, and the view maps them to visual overlays
that retain the spatial and rhetorical coherence of the original text.
To devise the controller logic that determines how and when these
visualizations appear, we conducted a formative study with 21 read-
ers across three readership roles (teachers, academic reviewers, and
general readers), gathering insights on their interpretation needs
and preferences for process transparency. We found that while
teachers prefer detailed traces to support formative assessment of
student learning, academic reviewers prefer minimal process infor-
mation that prioritizes intellectual contribution over process details.
General readers seek authenticity markers to evaluate author effort
and trustworthiness. These findings informed our controller design,
which adapts the same underlying interaction data into stakeholder-
specific visualizations that balance comprehension support with
evaluative needs. While our primary design goal addresses inter-
pretative needs of readers, our study suggests these skeuomorphic
traces also offer meta-cognitive value to writers, providing insights
into their co-creation processes.

As shown in Figure 1, the human-AI collaboration trace (1A and
2A) is rendered using DraftMarks to surface co-writing insights
directly into the text. In case of the reviewer view, we see a single
masking tape and its variant of stacked masking tape, encoding
single prompt and iterative prompting respectively. Together, these
features in DraftMarks enable process-aware reading by offering
transparency into how the text was constructed with Al A between-
subject evaluation with 70 participants split between DraftMarks
and a baseline comprised of collaboration chat history and final
essay artifact in split view revealed that participants in DraftMarks
condition had better comprehension of writing processes and re-
ported higher self-reported transparency in the co-writing process.

In summary, our contributions are:

e DraftMarks — a visualization technique that uses skeuomor-
phic design to embed writing process signals directly within
Al-coauthored text.

o A tool implementation following the model-view-controller
paradigm that takes human-AI collaboration data from writ-
ing sessions and automatically generates DraftMarks visual-
izations, mapping interaction data to in-text visual cues.
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o A design probe with 21 readers across 3 reader types (ed-
ucators, reviewers, and general readers) that informed the
design of our controller logic and revealed key requirements
for process transparency in Al-coauthored text.

o A user evaluation showing that DraftMarks supports more
accurate and transparent interpretations of the co-writing
process than a baseline disclosure condition, while maintain-
ing usability and low cognitive load.

2 Related Work

Al co-authorship, the practice of collaboratively producing text
with large language models, has introduced a fundamental change
in how we think about writing, authorship, and intellectual owner-
ship [41, 42]. These “co-creative systems” operate along a contin-
uum between user and system contributions, blurring clear lines
of attribution and complicating questions of responsibility and
credit [12]. Academic institutions and publishers have responded
with caution: top-tier journals, including Nature and Science, pro-
hibit listing AI as an author and require clear disclosure of Al
participation [7, 29, 67]. However, cases of Al systems such as Chat-
GPT [56] being listed as authors have already appeared in academic
databases [3].

Central to these concerns is a question of accountability. Tools
such as ChatGPT “cannot be held responsible”, explaining why
editors and publishers reject Al coauthorship outright [57]. Further-
more, Al tools introduce an “Al Ghostwriter Effect” where users do
not perceive ownership of Al-generated text, but also refrain from
publicly acknowledging AI’s role [20]. These tensions are partic-
ularly acute in educational settings, where learning to write is as
important (if not more so) than the final product. Several studies
note that reliance on Al-generated writing can erode students’ crit-
ical thinking, expressive capabilities, and revision skills [59]. Teach-
ers often express concern that students will bypass the cognitive
work of structuring ideas or developing arguments, a shortcut that
undermines learning goals and the validity of writing as an assess-
ment [45]. Moreover, the growing presence of fluent but untraceable
Al-generated prose makes it difficult for instructors to distinguish
genuine student effort from automated composition [37, 52]. Similar
concerns arise in peer review journal article submissions: reviewers
may unknowingly assess work with extensive Al involvement, yet
be unable to evaluate the quality of argumentation, originality, or
authorial voice [49].

To address this gap between private awareness and public disclo-
sure, our work examines how visualizing the writing process can
support more transparent, reflective, and interpretable human-AI
collaboration. This section reviews previous work on LLM writing
support tools, visualization systems to understand human-AI inter-
action, and text visualization techniques to analyze collaborative
writing to motivate the design of DraftMarks.

2.1 LLM Writing Support Tools

The ubiquity of LLM conversational interfaces has spawned a new
paradigm of Al-assisted writing. Recent LLM-driven writing tools
are increasingly aiming for a more synergistic human-AlI partner-
ship. This development is consistent with Douglas Engelbart’s ad-
vocacy of the idea of augmenting human intellect through the
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coevolution of human and tool systems [21, 22]. He argued that
humanity’s ability to solve problems improves as our “tool systems”
(our technology) and “human systems” (our organization, language,
and methods) evolve together in a positive feedback loop. Tools
such as Script&Shift [66], VISAR [85], and CoAuthor [42] focus on
enabling writers to meaningfully integrate Al contributions within
their own workflow, fostering a more interactive and collaborative
process rather than the simple acceptance of suggestions. Similarly,
Laban et al. [40]’s InkSync suggests executable edits to help au-
thors verify and audit Al suggestions, explicitly noting the need for
systems that distinguish human versus Al content to support these
workflows.

Critically, most previous tools are mixed-initiative [85], in which
the LLM often takes a proactive role in influencing or even driving
the writing process. However, recent studies have raised ethical
concerns about Al-assisted writing. The use of Al assistance in
writing raises significant concerns about decreased author agency
and ownership [51], the generation of lackluster or stereotyped
content [13, 26], and ethical issues, including plagiarism and the
possibility for the views of the user of a tool to be unduly influ-
enced [36, 81]. Although maintaining some mixed-initiative capabil-
ities, Al-assisted writing tools often lend themselves to AI heavily
influencing or even driving the writing process, potentially reduc-
ing the human to a more passive role [51], thus simply a "human in
the loop’ rather than a "human in the center of the loop’. In addition,
specific concerns have been raised about the use of Al by students
in academic writing [8, 19, 23, 49].

To address these concerns, a critical question persists: How might
we enable transparency in this collaborative dynamic? There is a
pressing need to provide writers, educators, reviewers, and other
stakeholders with clear and informative data and associated tools
to enable detailing how Al was used during the writing process.
As highlighted in Hoque et al. [33], tools are needed to help writ-
ers track their agency and Al usage, particularly as institutions
and publishers establish policies that require transparency in Al-
assisted writing [7, 58]. This need for transparency in the process
and insightful analytics motivates our development of DraftMarks.

2.2 Visual Analytics For Human-AIl
Collaboration

Collaborative writing has a long history of research into how hu-
mans coordinate with other humans to accomplish writing tasks [4].
We draw inspiration from prior works that visualize contributions
from multiple authors towards analyzing writing patterns. Many
prior tools focus on "distant reading,’ revealing aggregate patterns,
structures, authorship contributions, or timelines without showing
the fine-grained evolution of the text itself [14, 39, 47, 76, 79]. For
example, DocuViz [79] is a tool for analyzing human-human col-
laborative writing post hoc. These visualizations can be effective
for understanding contribution ratios or identifying cooperation
and conflict patterns, but are often difficult for laypeople to inter-
pret, and can obscure the close reading of content changes [76].
Techniques like highlighting authorship [16, 33, 72] struggle to
represent the complex history of revisions, especially when content
ownership changes. In contrast, fewer tools support "close reading”
of collaborative revisions. Some approaches use text animations or
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highlighting within a timeline view to show how content changes
over time [16]. Other efforts have explored sentence-level visual-
izations [65], but these tend toward abstract encodings that hinder
close reading and may not capture metrics such as iteration depth
or the nature of writer engagement. Although useful, these tools
often focus mainly on the what of the substance of the changes,
not necessarily on the how of the efforts of the writing processes
underlying text production.

Developing visual analytics systems for human-AI collabora-
tion is a relatively nascent but growing area of research. Wang
et al. describe the characteristics of systems that foster human-AI
collaboration, which can be explored and analyzed using visual
analytics systems [78]. Rogers and Crisan develop a methodology
for visualizing collaborative human-AI processes in data work [62].
Li et al. characterize the collaborative roles of humans in a human-
Al storytelling workflow, which can be visualized [44]. Several
domains have been the focus of visual analytics systems that fa-
cilitate human-AI collaboration, mainly in the area of interactive
data analysis [68]. For example, StuGPTViz is a visual analytics
system for post hoc analysis of student-LLM collaboration in edu-
cation tasks [15]. Graphologue [38] and Sensecape [69] are systems
that facilitate interactive human-AI collaboration on sensemaking
tasks. There is a recognized need for visualizations that specifi-
cally illuminate critical engagement with Al suggestions across
domains [64].

Yet while there is prior work on visualizing human-AI collab-
oration, visual analytics tools developed specifically for gaining
insights into human-AI collaborative writing are almost nonexis-
tent. Yet HaLLMark [33] provides a visual analytics system that
represents a significant step, offering interactive visualizations to
support provenance tracking and transparency regarding Al use,
with the aim of helping writers maintain agency and comply with
policies [7, 7, 55]. It captures key metrics such as prompt categories
and Al response integration. However, the authors acknowledge
its limitations for analyzing long-form writing and suggest future
work towards platform-independent tracking. Crucially, HaLLMark
focuses primarily on provenance (what text came from where) and
summary statistics, offering less insight into the productive struggle
or iterative refinement process undertaken by the writer, aspects
often of substantial (even defining) interest to readers, educators,
and reviewers. The productive struggle of a learner is of special
interest to educators, as it signals the participation of cognitive pro-
cesses associated with advances in learning [5]. Thus, we identify
a critical gap: the need for visualizations that go beyond simple
contribution ratios and provenance specifically in writing tasks.
DraftMarks aims to fill this gap by visualizing more complex process
metrics reflecting the writer’s effort, iteration, and metacognitive
engagement with the Al directly within the context of the final
document.

2.3 Text Visualization Techniques

Text visualization encompasses a wide range of techniques for rep-
resenting textual data [9, 75, 77, 80, 82]. Common methods include
word clouds to summarize the frequency of words [75] and tree
structures to show concordance [80]. Many techniques focus on
“distant reading,” analyzing large corpora to reveal patterns, topics,
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and relationships through spatial layouts, network diagrams, or
temporal flows [24, 74]. Other techniques support "close reading"
by overlaying information on the text itself, such as highlighting
phrases based on the underlying data or tags [16]. Recent work has
also explored using Al and visualization to analyze specific textual
features, such as character representation or sonic properties in
poetry [53], or to visualize the structure of LLM responses them-
selves [38, 69]. Our work draws on this rich history, but focuses
specifically on embedding visualizations of the writing process
within the document to support interpretation of human-AI col-
laboration during close reading. This strategy necessitates moving
beyond standard text visualization techniques towards metaphors
that convey process history, leading us to explore skeuomorphism,
as we describe in the next section.

3 User Scenario

At a high level, DraftMarks is a web-based interactive text viewer
designed to make the invisible dynamics of human-AI writing legi-
ble to readers by embedding process cues directly into the text. As
shown in Figure 2, the interface overlays skeuomorphic encodings—
visual marks inspired by everyday writing materials—to reveal how
a piece of text came to be. The augmentations, including masking
tape, eraser crumbs, smudge marks, ghost text, stencil marks, and
residual glue, were selected for their familiarity and semantic fit
with the underlying activity they represent, such as provenance,
erasure, or absence (discussed in more detail in Section 5). This
visual language transforms the final draft into a layered record
of interaction, preserving readability while revealing the writing
processes.

To understand the user experience of DraftMarks, let us consider
an example scenario of Miss Jones, an eighth-grade English teacher.
In her classroom, students are increasingly experimenting with
generative Al to scaffold their narrative writing. Miss Jones has
established a clear classroom policy: “You are allowed to use Al for
brainstorming and improving tone. However, you must generate your
own original ideas and may not use Al to write complete paragraphs.”
Ordinarily, Miss Jones would ask students to share their essays
alongside their ChatGPT transcripts to check compliance with her
policy. Today, she decided to try DraftMarks. In the following, we
walk through her analysis of three students’ essays (Fig. 2), Matilda,
Lavender, and Bruce.

3.1 Reviewing Matilda’s Essay: Using Al for
Transitions & Transformation

When Miss Jones opens Matilda’s essay (Fig 2A), she immediately
notices several visual encodings, signaling Al involvement at dif-
ferent points. Miss Jones prefers to read in two passes: first, to
comprehend Matilda’s writing, then to assess it against her rubric
and prepare feedback. On her first pass, she notes smudge marks
in the first paragraph and masking tape at the beginning of para-
graphs two and three. Both represent Al-generated text, but with
different functions: the masking tape indicates inserted content,
while smudge marks show Al tone transformations of existing text.
The masking tape metaphor suggests something provisional or ex-
ternally added, and the ’crumpled’ state further conveys whether
the suggestions were kept intact, modified, or fragmented. This
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Matilda £}

The community pool} deg board stretched out like a plank over [hwnmg
blue waters, and | stood frozen at its edge. My harsh brmthmg echoed in my
ears as other kids :p[mhed and (aughed below. | had been coming to this paa[
every summer since | was six, but that diw’ng board might as well have been Mount
EVmst.v

Moving from fear to understanding why | felt this way requires looking
back to when it started.4/ When [ was seven, my cousin Jake had pu:hed me ﬂj’
the z/i\)ing board as Ajoée [ remember the shock gfhitt[ng the water wrong, the
bwning chlorine mshing up my nose, and the [my“};ing moment when [ couldn’t tell
which way was up. Ever since then, he[ghts over water made my xtammhﬂip.

The next few seconds would determine whether | remained trapped by
my fear or finally broke free from ité [ closed my eyes, took three d@ep brmﬁr;

and before [ could talk myself out of it, I jumped

Thefaﬁfelt endless. WA[?V rushed toward me, am/far a s,ﬂ[zt :emnd, that old panic
clawed at my chest. But this time was dﬁ'@rem This time, [ was rmz/} [ hit the
water t[ean[g, sank down into the cool dep[h:, and pushet/ﬁtﬁe bottom with my
[eg: When [:ug’aced, 5;45/7[”5 awdgrmn[n% Maya was rheermg 50 loud that other

swimmers turned to look.

Tdd [r/ 'l the:/, [rem/ing water and J‘eeling Z[ghter than [ had in years.

That dﬂy rhangéd :ometfv[ng fundamenm[ in me. [ realized that courage isn't about
not be[wg scared—its about being scared and Jm‘n; it anyway. The Ji\?ing board taugh[
me that some o fears are just old stories we keep te[[mg ourselies, and sometimes we
have to write a new Mdm,

Lavendarﬁ

Public speaking had always been my worst m‘ghzmm, so when Mrs. Peterson
announced Wrﬁrm[ pre:enmt[on would be worth rh[rty percent g" our gmd@, I ﬁ/r
my world crashing down around me !

| sat in my bedroom that night, staring at my notes and feeling
completely overwhelmed by the task ahead of me. )\

Iixplain choice 7k presentation was :uppa:ed to be about a historical

ﬁgwe we Mmired, and [ had chosen Marie Curie because her story g[ per&eﬂemn[@
insp[red me. But how could [ talk about someone so brave when I couldn't even raise
my hand in class?

Add detail 7, weeks, [pmm'ced in front of my mirrar, :Iwn/}[my over
words and wat[hing my face turn red My mom :uﬁe:ted I practice with our dﬂ(g,
Bmter, but even he seemed to jul/ye my :M@ voice. [ tried remn/[ng my:eﬁ, but

hearmg my own Voice made eVerythmy worse.

The ni‘ght fi‘eﬂw the presentation, [ called my older sister Emrrmfar advice “W}mtﬂ‘
[ mess u/z?” [ asked her, my Voice barely above a whrs,uer.

“Then Yyou mess up, " she said :zmp/g “Bu[ whﬂtji‘yau don't?”

Standing in front of the classroom the next morning, [ felt like [ might faint.
Twenty-five pairs of eyes stared at me expectantly My hands shook as [ held my
notecards, and my prepared opening line disappeared from my memory completely

M(li)@ﬂﬁﬁg] BOME@ But then [ looked at my pn:terngmie Curie and
remembered whu [ chose her. Here was a woman who fmed rejection, discrimination,
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J Write a story about a character who has to overcome a fear or a challenge that seems impossible
at first. Your story should show how the character changes from the beginning to the end.

Bruceg

Last summer, | faced the most daunting challenge of my life when my
family decided to embark on a hiking expedition to summit Mount
Washington, the highest peak in the northeastern United States. As
someone who had never engaged in serious outdoor activities beyond
casual neighborhood walks, the prospect of conquering this formidable
mountain seemed utterly impossible, filling me with a mixture of anxiety
and determination that would ultimately transform my understanding of
personal resilience and capability.

The preparation phase proved to be equally challenging as the actual
climb itself, requiring weeks of intensive physical conditioning, equipment
acquisition, and mental preparation that pushed me far beyond my
comfort zone. My parents, both experienced hikers, insisted on a rigorous
training regimen that included daily runs, weekend practice hikes on local
trails, and strength-building exercises that left me exhausted but
gradually more confident in my physical abilities.

The morning of our departure arrived with crisp mountain alrlmd clear
skies that seemed to promise a perfect day f for our adventure |My backpack felt
heavy with supplies as we began our ascent on the Tuckerman Ravine
Trail. The first mile was manageable, winding through dense forest with
dappled sunlight filtering through the canopy above us.

But as we climbed higher, the trail became increasingly steep and rocky,
testing every muscle in my legs and challenging my cardiovascular
endurance in ways | had never experienced before.

Figure 2: Human-AI co-writing essay samples.

supports Miss Jones’s rapid inference about the degree of human
intervention. In her second pass, Miss Jones examines the crumpled
masking tape in the second paragraph (Fig. 3A), indicating that
Matilda deleted words within an Al insertion: “Moving from fear
to understanding why I felt this way requires looking back to when
it started.” Clicking the tape reveals the original Al text for five
seconds before it crumples again. Next, Miss Jones clicks on the
eraser crumb beside this tape (Fig. 3B), revealing Matilda’s ghost
text prompt requesting help with a transition from the opening
paragraph (Fig. 3C). She finds a similar transition request related
to the masking tape in the third paragraph.

At the start of the essay, multiple residual glue marks indicate
attempts to generate full drafts with Al that Matilda later discarded.
Clicking on one (Fig. 3D) shows the rejected Al text (Fig. 3E). Miss
Jones infers that Matilda rejected the Al draft in favor of her own
writing. Finally, she examines the smudge marks in the first para-
graph. Since these encode tone transformations of existing content,
Miss Jones decides not to click into the underlying prompts. From
these traces, she concludes that: Matilda struggles with transitions,
but is actively working to improve them, using Al as a scaffold rather
than a crutch. Her feedback encourages Matilda to experiment with
drafting her own transitions before refining them with AL

3.2 Reviewing Lavender’s Essay: Using Al for
Iterative Generation & Feedback

Lavender’s essay illustrates a different pattern (Fig 2B). During her
first pass, Miss Jones notices residual glue, masking tape, eraser
crumbs, and stencil marks. Although few Al sentences remain in the
final draft, Lavender appears to have leaned heavily on AI through-
out the process. At the end of the first paragraph, a residual glue
mark (Fig 4D) reveals an Al-generated outline (Fig 4E), ultimately

deleted but clearly echoed in the final structure of Lavender’s essay.
The second paragraph (Fig 4A) contains a masking tape with two
eraser crumbs, one darker than the other. The darker crumb signals
a more complex prompt. Clicking on it reveals one sentence in
ghost text and another in masking tape (Fig 4B). Because Lavender
included a previously generated Al sentence in her prompt, this
nesting creates a chain of iterations (Fig 4A—C). Over the taped
sentence “But as I walked home, I remembered what my grandmother
had whispered to me before she died—and suddenly, I knew exactly
what to do.”, Miss Jones also sees segmented gray smudge marks,
indicating recursive tone adjustments(Fig 4B). Clicking on the as-
sociated crumb confirms that the Al was repeatedly asked to refine
its own text (Fig 4C).

In addition, the third, fourth, and sixth paragraphs show stencil
marks: solid in the third and fourth, hollow in the sixth (Fig 2).
These encode Al feedback requests, with solid marks showing in-
tegrated changes and the hollow mark showing rejected feedback.
For example, in paragraph three, clicking the stencil mark (Fig 4F)
reveals the Al feedback that helped Lavender expand her reasoning
for choosing Marie Curie (Fig 4G). From this move, Miss Jones con-
cludes: Lavender is doubtful about her writing, seeking reassurance
through repeated generation and critique. This is less about laziness
than about resolving uncertainty: she is looking for confidence in
her authorial voice. In her feedback, Miss Jones highlights moments
where Lavender’s own drafts were strong without Al assistance,
encouraging her to trust her instincts more than her writing process
revealed that she did.
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Figure 3: Usage scenario exploration of (2A) Matilda’s essay.
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Figure 4: Usage scenario exploration of (2B) Lavendar and (2C) Bruce’s essay.

3.3 Bruce: Using Al for Passive Writing

Bruce’s essay displays yet another pattern (Fig 2C). When Miss
Jones opens it, she is struck by the overwhelming presence of mask-
ing tape. Two full paragraphs are entirely taped, which means
that they were fully Al-written, while the third paragraph is only
partially taped, with gaps showing Bruce’s own contributions.
Throughout the essay, there is only a single eraser crumb at the
end of the fourth paragraph. Its faint color suggests a simple, low-
effort prompt. Clicking on it (Fig 4I) reveals ghost text showing that
Bruce had pasted the entire class assignment into ChatGPT (Fig 4],
generating an essay with minimal input beyond one short addition
in paragraph three.

Unlike Matilda’s selective scaffolding or Lavender’s iterative
exploration, Bruce’s work appears largely Al-written, with little
evidence of his own thinking or revision. Although the essay looks

polished, the skeuomorphic cues expose its shallow authorship. In
her feedback, Miss Jones notes the lack of original writing and stresses
the importance of Bruce developing his independent writing skills. She
warns that overreliance on Al not only hinders his growth but also
violates her classroom policy.

Taken together, these three cases illustrate how DraftMarks
makes different modes of Al-assisted writing visible. Matilda uses
Al selectively as a scaffold, Lavender iterates recursively to build
confidence, and Bruce relies passively on Al for entire sections. By
revealing these distinctions, DraftMarks allows teachers like Miss
Jones to tailor the feedback to the needs of each student, something
that would be impossible with plain text alone.

4 DraftMarks’ Data Model

As shown in Figure 5, DraftMarks is implemented as a model-view-
controller (MVC) architecture. Here we elaborate on the data model
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for DraftMarks (Figure 5A), and in (Sections 5 and 6) we discuss
the other components.

Our system captures human-Al collaborative writing through
version-controlled editor states that preserve the complete interac-
tion history. In most modern rich text editors [28, 31, 48, 71], each
document is stored as a hierarchical node-based structure, often
called an editor state, as shown in Figure 6A. Nodes can be struc-
tural elements such as paragraphs, headings, lists, or text nodes
that point to content strings (Figure 6B). Structural elements such
as paragraphs, headings, and lists contain sequences of text nodes,
and each text node can include style properties (e.g., bold, italics).
We extend this framework (Figure 6C) by attaching provenance
information directly to the text nodes: (1) Author—whether the con-
tent was written by a human or generated by Al (2) Prompt—the
instruction and context used when the text was Al-generated, and
(3) Generated—the complete Al-generated text. Often writers ask
Al for feedback on their content without importing that feedback
into their writing canvas; these Al-generations are stored in orphan
Al-authored text nodes.

Versioning in our system is event-driven rather than time-based.
Whereas collaborative editors like Google Docs track synchronous
and concurrent human-human edits through operation transfor-
mation [28, 70] and periodic snapshots, our model reflects the se-
quential nature of the human-AI workflow (Figure 6D). Current
Al-assisted tools do not support concurrent human and Al edit-
ing [66, 85]. Instead of fixed sentence or paragraph units, we track
granularity at the level of text nodes that are contiguous spans
of text sharing authorship and styling properties. This dynamic
approach is sentence-agnostic. For example, inserting human text
into an Al-generated block splits the original node, allowing the
system to track edits at the exact sub-sentence or multi-sentence
level they occur. A new editor state version is created only when: (1)
an Al-authored text node is inserted, or (2) an Al-authored text node
is fully removed, or (3) an Al-authored text node has 10+ characters
deleted from its content string (we use this threshold to capture
micro edits). All other human revisions remain within the current
version.

An example of this flow is illustrated in Figure 7. From left to
right, the content evolves through the collaboration between Al
and human. The corresponding editor state is shown in the next
row with green and yellow highlights indicating key changes such
as node insertion and version change across editor states. To ensure
efficient storage, each version is represented through references
to and not a copy of the structural and text nodes, enabling com-
pact history tracking similar to Git. This model design provides
a fine-grained record of human-ATI collaboration, capturing both
the provenance of Al contributions and the depth of the docu-
ment revision. The details regarding the capture of this knowledge
representation are presented in Sect. 6. We also include the version-
controlled editor representations for various types of human-AI
interaction during writing in Figure 8. Rows 5 and 6 of Figure 8
illustrate how DraftMarks captures complex interaction patterns.
These patterns are subsequently rendered as sequences of stacked
and segmented encodings, as depicted in Figure 13.
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5 DraftMarks’ View: Skeuomorphic Encodings

In DraftMarks, we adopt skeuomorphism as a deliberate design
choice to represent human-Al writing collaboration. By incorporat-
ing visual elements from the everyday physical experience, skeuo-
morphic designs can increase interpretability and reduce the learn-
ing curve for new systems [43, 83]. Our technique uses several
metaphors to semantically map writing behavior to visual repre-
sentations. The selection of visual channels and variants for rep-
resenting process information is made by the controller module
(Section 6).

Masking Tape. They (Fig. 9A) indicate passages that were ini-
tially generated by AL We selected this metaphor for Al-generated
content since tape implies something provisional or temporary
and externally added, qualities that align with how Al-generated
content functions in co-authoring. Tape as a metaphor also allows
crumpling or tearing of the tape which can visually communicate
whether suggestions were kept intact, modified, or fragmented,
supporting quick visual inference about the degree of human inter-
vention. The tape also allows us to write over and add additional
tape onto the new tape, all of which can signal iteration over the
same content by repeated prompts. Tape specifically encodes new
content generation, which was not part of the prompt passed to
the AL DraftMarks supports five different views for the masking
tape: (1) single masking tape: which represents a continuous strip
of masking tape marking the content generated by Al, in this view
granular details regarding exactly what ideas came from Al and
which were already present in the prompt are not preserved as the
masking tape strip marks the Al output without nuance; (2) stacked
masking tape: represent layered tapes for iterative Al generation,
trying to make Al insertions at the same spot by replacing the
prior Al suggestion over and over again; (3) scrunched masking tape:
which preserves information regarding word deletions made by
humans within the Al text; (4) torn masking tape: which preserves
information regarding word insertions made by humans within the
Al text; (5) segmented masking tape: which preserves information
regarding which phrases in the generation were Al original gen-
eration, and which ones were part of the prompt that the human
wrote.

Smudge Marks. They (Fig. 9C) indicate passages that were
modified by Al to transform existing text, such as refining style or
shifting tone, not for the insertion of the original content. Smudges
indicate areas of textual evolution, which can range from stylis-
tic changes to semantic drift, where the meaning of a sentence
has changed substantially over revisions. We use smudging as a
metaphor because it suggests motion, uncertainty, and transforma-
tion, qualities inherent to iterative meaning-making. DraftMarks
can support two different views for the smudge mark: (1) single
smudge mark: which represents a continuous streak of smudge over
the Al’s output without disambiguating precise changes made by
AlT; (2) segmented smudge mark: it preserves information regarding
which phrases in the generation were Al original generation and
which ones were part of the prompt that the human wrote.

Eraser Crumbs. Eraser crumbs (Fig. 9G) naturally evoke the
act of erasing and rewriting by hand, activities closely related to
the revision effort. In DraftMarks, the eraser crumbs appear next
to Al smudge marks and masking tape to show the virtually erased
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Figure 5: Overview of DraftMarks > MVC architecture. (A) The model stores the writing process, (B) the view presents the process
to readers, and (C1-C2) the controller manages the bi-directional logic between model and view.
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Figure 6: Here we show: (A) typical representation of editor states in rich text editors, (B) their corresponding text node, (C)
text node modifications made for DraftMarks and (D) lastly overview of our version controlling architecture for capturing

human-AI writing process trace.

prompts. The eraser crumb has two views: (1) solid crumb that has
a uniform gray color; (2) density-varied crumb: which has different
shades of color. The differentiator between the two is nuance, in
the case of density-varied crumbs, the detail regarding complexity
of prompts is encoded by the shade of gray.

Residual Glue. Faint, translucent glue residue (Fig. 9D) remains
where masking tape once was— to indicate that an Al suggestion
was initially introduced— but later removed entirely by the writer.
Glue marks suggest absence with a trace, communicating that some-
thing was considered and discarded. Compared to showing the full
deleted content, this subtle signal respects the integrity of the final
draft, while still surfacing decision points in the writing process.
The views supported here are: (1) single glue mark: showing only
the last discarded AI generation at a passage; and (2) sequenced
glue mark: showing all versions of discarded Al generations at a
passage.

Font. While not skeuomorphic, DraftMarks uses contrasting
font styles (Fig. 9B) to signal the origin of the author. (1) Script or
handwritten fonts for writer-authored text, and (2) sans-serif fonts
for Al-generated content. Fonts provide an ambient but persistent
signal that visually differentiates the origin of the text without
resorting to color or other intrusive overlays.

Stencil Marks. Light, hollow, or dashed letter forms are used to
mark stenciled text (Fig. 9F), passages where the writer incorporated
Al feedback in a structured, guided manner. This metaphor draws
from the educational practice of learning to write by tracing letters
from a stencil or dotted line worksheet. This signifies that, while the
structural scaffold came from the Al in the form of directed feedback,
the final form was shaped by the writer. Stenciled text represents a
middle ground between automation and authorship, highlighting
human effort built on top of an Al scaffold. This encoding has three
variants: (1) solid stencil mark: which marks Al feedback that the
writer successfully integrated; (2) hollow stencil mark: which marks
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Figure 7: In this figure, we demonstrate the changes occurring within the DraftMarks data model at different intervals during
human-AI writing collaboration. We ground this example in a writer using ChatGPT to write about the history of chocolate,
highlighting insertions (blue), deletions (red), and AI-generated content (green).

Al feedback that the writer did not integrate; (3) stacked stencil
mark: when the writer generates multiple rounds of feedback for
the same text segment, such as iteratively requesting suggestions
after each revision. The layered marks visualize this refinement
history.

Ghost Text. Translucent ghost lines of text (Fig. 9E) show prompts
or ideas that were generated, but that were not ultimately included
in the final output. This metaphor suggests absence or residue - text
that was once present in the writing process but was ultimately
excluded or “left behind” Ghosted text gives readers visibility into
the writer’s exploratory moves without disrupting the coherence of
reading the final document. Here, the two variants are: (1) showing
only instructions from the prompt; (2) showing the full prompt
which includes instruction accompanied by context.

These cues provide a visual language for DraftMarks that aligns
the semantics of the writing process with familiar visual metaphors
from physical writing and editing. As seen in Figure 10—where a
draft evolves through Al restructuring (Fig. 10B), human refinement
(Fig. 10C), and tonal transformation (Fig. 10D)—the encodings can
be overlayed on top of each other to represent the rich breadth
of complex writing and editing workflows.For instance, when a
writer reframes an argument or shifts the tone, the encodings evolve
with the structure of content to preserve the provenance of sur-
viving text. Different combinations enable the human-AI writing
process to be traced at different levels of depth, depending on the
importance given to the final content, behind-the-scenes prompts,
iteration, or precise phrase-level provenance; however, we note
that automated tracking at this granularity may occasionally pro-
duce minor attribution artifacts at the word level (‘Orchids’ font
change in Figure 10). Each of these metaphors was selected through
experimentation via encoding data and deliberation amongst the

authors, both for its recognizability and its ability to encode the
corresponding process.

6 Controller Logic: Generating Skeuomorphic
Encodings from Data Model

6.1 Formative Study for Designing Controller
Logic

To better understand reader needs, we conducted a formative study
with three different stakeholders: (A) teachers, (B) academic re-
viewers, and (C) general readers. From this diverse pool of readers
(N = 21, i.e., 3 stakeholders x 7 participants), we sought to un-
derstand what visibility into the writing process they might need,
and the associated comprehension and assessment-related deci-
sions they would make. To conduct the study, we developed a
baseline version of DraftMarks implementing the different skeuo-
morphic augmentations mentioned in Section 5. This version of
the system is intended as a design probe for the study. DraftMarks
implemented masking tape to represent Al content, ghost text to
represent prompts, and additionally eraser crumb, smudge marks,
and residual glue, along with different fonts for human-written and
Al-generated content. This baseline tool reflects a deliberately sim-
ple implementation, guided by heuristics and our design judgment,
to surface possibilities rather than optimize performance.

Participants. We recruited participants via LinkedIn, Twitter, and
word of mouth. For teachers, we had the selection criteria of being
a teacher currently and having long-form writing (narrative or ar-
gumentative) assessments as part of their curriculum. All teachers
recruited were from private schools with relatively small class sizes
(classrooms of 20 students). For reviewers, we had the selection
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names before television existed. names across America before

@ Can you elaborate this a‘lslg\/’\@%’;srlought entertainment
sentencel @

{version: “17}

paragraph F) paragraph
“Movie stars beca..” L(2) “Movie stars bec..” text node, hefe the ren_wval of the_
{format:none, author: ai, {format:none, author: ai, initial Al text is stored in a new editor
‘Add a sentence at...’} prompt: ‘Can you elaborate...’} state version and the insertion Of ‘he

{version: “37}

Unlike Al text node replacing human

new A text node is captured within a
third editor state.

{version: “27}
k) paragraph

6 Human and Al mixed iteration

Color films felt ethereal and| most
people watched in black and

ﬁvh\te transforming ordinary
stories into vivid spectacles

Color films|seemed magical when
most people watched in black and
white, transforming ordinary
stories into vivid spectacles

'/penp\e watched in black and
white, changing ordinary stories

Color films felt ethereal and most
people watched in black and

= nto ethereal and vivid spectacles
Can you elaborate this that transported audiences to new
sentencel ) worlds...|

{version: “17}
) paragraph
L

{format:none, author: ai,

{version: “27}
) paragraph
L)

{format:none, author: ‘ai’}
prompt:

{format:none, author: ‘human’}

{format:none, author: ‘ai’}
prompt:

The insertion of human text node
inside Al text node is captured within
the first editor state version itself. In
order to accomodate subsequent
replacement of this content with new
Al text node, two new version are
instantiated like seen in above
interactions

“Color films ..” {version: “37}

) paragraph

{version: “47} \l

) paragraph

“movie stars” (2) “people watched.

{format:none, author: a

‘Add a sentence at...’} prompt: ‘Can you elaborate...
“felt ethereal and”

‘Add a sentence at...’}

“most people wat...”

‘Add a sentence at...’}

Figure 8: In this figure we show some common ways of integrating Al in writing. We use the example of ChatGPT being used in
writing and the corresponding overview of our version controlled data model. The text in green represent Al generation.

criteria of being a senior Ph.D. student who has reviewed at least
three conference papers. For general reader, we recruited partic-
ipants who did not meet the inclusion criteria of the other two
stakeholders. All details regarding the participants can be found in
Table 1. Each participant was compensated with $30 for their time
and contributions. The institution’s IRB approved the study.

Study procedure. Each study session lasted no more than one hour.
At the start of each session, participants received a live demonstra-
tion of DraftMarks on an example text that showcased all the basic
skeuomorphic encodings and their associated interactions. After
this introduction, participants were asked to assess a piece of writ-
ing —co-written with AI— relevant to their readership. The details
regarding essay selection are provided in the following paragraph.
The participants were asked to think aloud about their assessment
and comprehension. After this activity, participants received a gen-
eral rubric to assess the writing on various dimensions. The pur-
pose of the rubric scoring was only to understand their evaluative
decision-making processes. Participants were then shown the video

recording of the actual writing process from the authors of the
essays to elicit any additional information they would have liked
to see in DraftMarks to help their comprehension and assessment
needs. Lastly, we administered a demographic survey and a short
questionnaire specific to each readership.

Essay Selection. For the study task, we curated role-specific es-
says. For teachers, we selected a writing session from the CoAuthor
dataset [42], which captures interactions with a tool that generates
four alternative sentences as continuations to the current text based
on writer-initiated triggers. For reviewers, we recruited a postdoc-
toral fellow who wrote an article aimed at a trade magazine audi-
ence—in this case, ACM Interactions—based on their dissertation.
The participant used Script&Shift [66], a Al co-writing tool that
employs a collage-based metaphor with multiple “Al-helpers” spe-
cialized for different writing subprocesses. After a demonstration of
Script&Shift, the participant completed the task and received a $30
honorarium. For general readers, we recruited a master’s student to
write an article on “privacy in the digital age” with the assistance of



Transparency in Human-Al Co-Writing Through Skeuomprohic Process Traces

A Masking Tape

Single Tape Segmented Tapes Single Mark

Stacked Tapes Torn Tape
[

‘ D Residual Glue

Scrunched Tape

Single Mark Sequenced Marks

B Font

Human Font Al Font

human wrote Al generated
this this

C Smudge Mark

Segmented Marks

CHI *26, April 13-17, 2026, Barcelona, Spain

F Stencil Mark

Solid Mark Hollow Mark
change tone change fomne

Stacked Marks

change fone
@‘UD@DD@@ style

-

G Eraser Crumb

E Ghost Text

Solid Mark Density Varied Marks

4 T
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Figure 10: In this figure we showcase how DraftMarks encodings evolve across iterative drafting. (A) An initial draft is composed
with AI assistance for the opening. (B) The draft undergoes Al-generated restructuring. (C) The human writer makes manual
modifications, adding a new sentence and updating phrases. (D) Finally, the AI adds a whimsical touch to the draft. Red text
below each version highlights encoding changes from the previous version.

ChatGPT. In the case of CoAuthor, we obtained the writing session
video from the project’s website. For Script&Shift and ChatGPT,
we recorded participants’ screens while they wrote. Additionally,
for the recruited writers, we ran the DraftMarks composer in the
background of their browser to capture the data model.

Data Analysis. We conducted reflexive thematic analysis [10].
Two of the authors collaboratively coded six transcripts and video
recordings to develop an initial codebook, which was then applied
to the remaining transcripts. At this phase, the coding was done in-
dependently by the authors using the initial code book. The authors
were invited to come up with new codes that were not observed in
the initial subset. The final codebook devised by the authors was
combined into a single, cohesive one after a round of discussion

(number of top-level codes = 19). An independent rater unaffiliated
with the article then assisted in the process of combining, splitting,
or removing existing codes (number of top-level codes = 16). The fi-
nal code book constituted the evaluative and interpretative process
traces we were looking for, as shown in Figure 11.

Following this activity, the two authors and the independent
rater mapped these codes to the different variants across the vi-
sual encoding channels until agreement was reached. Three codes:
(QJ) quality judgment, (AL) applicability lens, and (EC) expectation
calibration were excluded from this process. QJ was excluded be-
cause it was directly related to the task and, therefore, was evenly
present in high frequency for all participants. We exclude AL as it
was the participants who commented on how DraftMarks could
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(A) Teachers
ID | Experience Discipline Grade Al
P1 10+ years History Middle School 3
P2 10+ years English Middle & High School | 5
P3 7 years English High School 5
P4 10+ years English Middle School 3
P5 7 years English Elementary School 4
P6 9 years History Middle & High School | 5
P7 10+ years English & Math Middle School 4
(B) Academic Reviewers
ID Experience PhD Year Discipline Al
R1 3 papers 3rd year HCI 4
R2 10+ papers 6th year Ubicomp 3
R3 10+ papers 3rd year Robotics 2
R4 6 papers 3rd year Machine Learning 4
R5 3 papers 3rd year Machine Learning 3
R6 7 papers 5th year HCI 4
R7 6 papers 4th year HCI 5
(C) General Readers
ID Reading Education Profession Al
S1 Very often HS Diploma Undergrad 4
S2 Very often HS Diploma Undergrad 4
S3 Often HS Diploma Undergrad 5
S4 Somewhat Bachelor’s Engineer 4
S5 Very often HS Diploma Undergrad 5
S6 Very often Master’s PhD Student 5
S7 | Occasionally HS Diploma Undergrad 5

Table 1: Participant demographics from our controller design
probe (Sect. 6.2.2). “AI” refers to responses on whether Al use
in writing is acceptable, rated on a 5-point scale (1 = strongly
disagree, 5 = strongly agree).

be helpful for different applications, not necessarily offering any
visual encoding or specific insight into human-AlI collaboration.
Lastly, we exclude EC because of their reaction to seeing the video.
All remarks about DraftMarks and their reading needs during the
video showcase were captured in different codes.

6.1.1  Study Results. Overall, we observed that teachers were more
curious about the trace behind the written content than the other
two stakeholders. Reviewers shared that they often have limited
time to review papers, and the trade-off between cognitive load
and insights was not justifiable for them in most instances. They
did say that provenance of ideas is helpful and expressed desire
for more summative insights in contrast to formative pieces in
DraftMarks. Lastly, for general readers DraftMarks had an impact
on their trust and willingness to read the article, sharing that they
value authenticity and originality in author’s voice and DraftMarks’
traces help capture that.

Insights on Teachers. We observed significant frustration among
teachers regarding the monitoring and guidance of student Al use in
assessments. P6 described existing detection mechanisms as unhelp-
ful, noting that students use so-called “humanizers” to circumvent
tools like GPTZero. However, teachers demonstrated pragmatic
acceptance of Al as an educational reality. P6 shared, T came to the
conclusion that [AI] is here to stay, that it is powerful. I am using it!

Siddiqui et al.

[...] If I open the conversation up and let them show me how they’re
using it, I can start to figure out how to help them.” Teachers empha-
sized that AI should support rather than replace student thinking.
P4 explained, “The point of writing is to express your thinking—to
make visible the invisible thinking. So Al should help you make your
thinking visible. It shouldn’t do your thinking for you.” With respect
to DraftMarks, teachers valued its formative assessment potential.
P2 shared that the tool “makes it clear what the student is struggling
with from a formative point of view. That to me feels like a point
that I like as a teacher.” However, teachers noted that such detailed
process analysis requires manageable class sizes and sufficient grad-
ing time. Teachers’ emphasis on formative assessment and process
reconstruction (PR) indirectly informed our controller design. Since
teachers frequently engaged in pedagogical lens evaluation (PDL
in Figure 11) and connected Al traces to quality judgments (PQL
in Figure 11), we implemented multiple encoding variants for each
channel to support granular process analysis (Figure 12). For exam-
ple, teachers’ interest in students’ decision-making around rejected
Al suggestions (residual glue) led us to preserve these traces even
for when content was discarded. The controller’s aggregation depth
for teachers is set to capture fine-grained interactions because, as P2
noted, understanding “what the student is struggling with” requires
visibility into micro-level writing decisions. The teachers shared
they had been experimenting with revision surfacing tools [11, 60]
for that micro-level decision making visibility.

Insights on Reviewers. Academic reviewers expressed consider-
ably less concern about Al usage in manuscript preparation, consis-
tently emphasizing that evaluation should focus on the final writing
product rather than the writing process. R7 articulated this stance
clearly: “I'm here to review a piece of writing. [...] this seems like
extra work.” Reviewers demonstrated pragmatic acceptance of Al
usage, with R7 stating they weren’t bothered by generative Al in
research papers. However, they distinguished between different
types of assistance, explaining: ‘T don’t care about Al in the writing,
I care about Al in the idea phase.” This reflects reviewers’ concern
with intellectual contribution over mechanical writing assistance.
Despite general resistance to process-focused tools, some reviewers
recognized potential value in specific circumstances. R6 noted it
“would be helpful to have differentiation between when Al produces
new ideas and when it is just helping polish content,” particularly
for non-native English speakers using Al for grammatical correc-
tions. Reviewers’ focus on intellectual contribution over process
led to a minimal controller implementation. Their primary con-
cern with author attribution of ideas (AA) drove our decision to
highlight only content generation that might represent new in-
tellectual contributions versus mechanical assistance. The sparse
mapping in Figure 12 reflects reviewers’ explicit preference against
process exploration (ME in Figure 11)— we preserve only traces
that support their core review obligations. For instance, iteration
depth markers help reviewers quickly identify content the author
invested significant effort in (PR), while other process details are
suppressed to avoid the “extra work” R7 described. The controller
prioritizes efficiency, surfacing only process cues that influence
reviewer judgment (MI) without requiring deep engagement with
collaborative traces.
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QU Quality Judgement Evaluative statement about text quality

PQL | Process Quality Link | 1o quality assessment
Active investigation of marks (clicking/

ME Mark Exploration hovering)

Ml Mark Influence or behavior
Too much visual information or

MO Mark Overwhelm SR

Trust changes based on process

Cs Credibility Shift information

AC Authenticity Concern Questions about originality or voice

Connecting ideas within text or process

CB Coherence Building

Is e S h]c;gl:mgtifg; additional context or

cL Contribution Lens ngglnztiggtoriginality and scholarly merit
PL Pedagogical Lens

AL Applicability Lens ﬁ)rl)a;lyzmg usefulness or applicability of

. Lo Surprised by or confirming assumption
EC | Expectation Calibration upoE] seeing video recordigng P

CID Code Name Code Description Code Example Code Frequency
AA Author Attribution Who wrote what (human/Al/uncertain) “So it seems like this was mostly written by Al” [R2] m m m
Judgement about work/effort invested “That again shows me that the student [...] isn't blindly just takin
IE Effort Inference the Al suggestion [...] but like really caring about their work” [P3 m m m
. Attempts to understand how text was “It's almost like they were trying to use Al to connect each thought
PR | Process Reconstruction | createq in their thought process, for the story.” [P7] a m

“I would never have someone write a essay that starts with [...]” [P1]

Explicitly connecting process information | “when [...] it is simply enhancing what the human already wrote [...] |
think that the Al actually improved [...] it much clearer” [R5]

“So I can click the residual glue to see the original Al suggestion?
That sentence seems kind of out there.” [P5]

Encoding explicitly changes interpretation| “This student used Al wisely to enhance their response, not to do the
writing for them.” [P6]

“I think what's hard here is things are nesting inside of other things,
and so I'm getting lost in what writing is the writing” [R6]

“However, | feel if | were to have higher trust, it should be fully
written [by human], or just solely using Al for syntax?” [S1]

“I'm trying to get them to not feel like this is a secret we have to hide
stuff. | want them to be honest about their process” [P1]

“I thought the author was more relaxed in writing, but now the Al
flow here is not consistent in the way of writing” [R2]

“But that paragraph’s evolution isn't anywhere here, so this is from a
previous draft that | can't see?” [R6)

“| care about Al in the, idea phase [...] | would question using Al to
do all of the [...] intellectual lifting.” [R1]

Analyzing teaching or learning concerns | ‘I see they used Al for some dialogue, so they need help [...] creating
dialogue for characters to get the next point in the story.” [P5]

“[DraftMarks] will be very useful for reflection or to compare [LLM
use in] my writings” [Rﬁ,

“I don't think [DraftMarks] is misleading. Seeing the edits [...] it
provides a bigger picture of how [Al] is used” [S5]
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Figure 11: This figure showcases the final code book devised from thematic analysis of all 21 transcripts across stakeholders.
The code frequency column contains average frequency of the code across participants for teachers (red), reviewers (green),and

general readers (blue).

Considering the overall mild interest in process trace of human-ai
co-writing, our mapping of the reviewer’s intents to visual encoding
variants is quite sparse (Figure 12). For supporting their review
process, they are concerned with author attribution of ideas (AA
in Figure 11). They care about process reconstruction (PR) to see
if there were phrases/sentences the author paid special interest to
(high iteration depth). They seemed content relying on process cues
to influence their judgment (MI in Figure 11) but largely believed
any further process exploration through marks would be unhelpful
(ME in Figure 11) as it takes away from their reviewing time.

Insights on General readers. For general readers, Al acceptance
was contingent on transparency and authorial effort. Unlike profes-
sionals with specific obligations, readers expressed concerns about
authenticity and personal investment. S6 articulated this sentiment:
“Tdon’t mind Al tools [...] But it should be used as supplement to your
writing, and not... It shouldn’t do the writing for you.” Readers valued
human voice and perspective, with S6 explaining they read articles
“to listen to people” but extensive Al generation made them feel they
weren’t “listening to someone’s point of view”, but rather “what a
chatbot wrote back to them.” The perception of effort significantly

influenced reader trust and engagement, with low-effort Al use rais-
ing questions about whether the content was even worth reading.
Regarding DraftMarks, readers found the visualization valuable for
understanding the writing process and desired comprehensive infor-
mation about Al interactions, including access to original prompts
and Al responses. General readers’ authenticity concerns and trust
responses were key in designing their controller. The dramatic
trust reduction we observed when readers saw masking tape (as S6
demonstrated) led us to provide both smudge marks and masking
tape encodings to them— distinguishing between tonal refinement
and novel content generation (Figure 12). The aggregator maintains
higher temporal depth for general readers than reviewers, reflect-
ing their willingness to explore process details when transparency
supports their authenticity assessments.

Writer Perspective. Both reviewers and readers saw DraftMarks
as a powerful metacognitive tool for writers themselves. Since writ-
ers often struggle to gauge Al effectiveness, process visualization
becomes crucial for improving future collaboration. R1 explained:
“Well, it might be very useful for the authors [...] I can even do the
reflection and compare my writings to what the LLMs added [af-
terward].” The tool also addresses temporal challenges in writing
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workflows. S5 observed: “if I write this, and then I come back, like,
a week or two weeks later, I'm not sure I'll remember what I said
[in prompts], right?” However, stakeholders emphasized that writ-
ers should maintain control over captured content, noting privacy
concerns about exposing all writing processes.

6.2 Controller Implementation

The controller facilitates bi-directional communication between
the model and the view as shown in Figure 5. The controller is
responsible for performing mutations to the underlying data struc-
ture of DraftMarks based on the input of the user (Section 6.2.1).
This is the part of the system where our version-controlled editor
states are manipulated, corresponding to human-AI collaborative
writing activity. The controller is also responsible for translating
this data structure into a format ready to be rendered by the view
and interacted with by the user (Section 6.2.2).

6.2.1 View to Model. The capture of the data structure is han-
dled by the composer module. The composer in DraftMarks is
an extension of Lexical’s editor state listener. The critical imple-
mentation artifact from DraftMarks is the inclusion of a versioned
history manager and content provenance (human or Al) tracker.
This module can store writing traces between Al and human for
several common Al co-writing setups: (1) split context (Google
Doc with ChatGPT), (2) integrated co-writing tools (Script&Shift,
ABScribe [61]), and (3) ambient Al assistants (Grammarly Chrome
extension). In line with findings concerning writer privacy in our
controller formative study, the composer requires explicit user per-
mission for writing tracking, preventing tracking of content they
are not comfortable sharing. The composer tracks keystroke-level
data; content it can map to keystrokes is marked as human content,
whereas that which it cannot is considered Al-generated. Copy
and pasted content that is not local to an app is also considered
Al-generated. Through these heuristics, the composer acquires the
ground-truth data model, which the model-to-view controller then
processes to determine final visual artifacts.

6.2.2 Model to View. Based on the findings from our formative
study, we devised context-specific algorithms for converting the
data model into view-ready representations. Using our codebook,
we distilled a set of priorities for each stakeholder and based on
these priorities, identified mapping to encoding variants within
the various visual encoding channels of DraftMarks. Our mapping
between encoding channels and stakeholders is shown in Figure 12.

The controller transforms version-controlled editor states into a
Process Schema—a monolithic nested structure that encapsulates
all relevant traces for the reading stakeholder. This transformation
is orchestrated by three interconnected components: the Trace Ag-
gregator, Trace Annotator, and Intent Mapper, which work together
to create a stakeholder-specific representation optimized for visual-
ization. An example flow of decision making within the controller
for different reader types is shown in Figure 14.

Intent Mapper. The Intent Mapper serves as the configuration hub,
defining transformation parameters based on stakeholder profiles
identified in our formative study. Teachers need granular access
to student-Al interactions to assess learning and provide feedback,
while general readers prefer streamlined views that highlight key
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collaborative patterns without overwhelming detail. The Intent
Mapper maintains mappings between stakeholder intents and avail-
able visual encoding channels and their variants, communicating
depth requirements to the Trace Aggregator and encoding permis-
sions to the Trace Annotator. Details regarding this are present in
Figure 12. As shown in row 1 of Figure 13, in case of reviewers the
Al iteration is represented with stacked masking tape. The same
iteration is rendered differently for teachers and general readers,
where further subdivision between tonal-shift and new-content
generation type Al collaboration can be differentiated. In the case
of row 2 in Figure 13, while reviewers and general reader have the
same encodings, the teachers’ view is able to capture the discarded
suggestions using residual glue.

Trace Aggregator. The Trace Aggregator determines which de-
tails from the version-controlled editor states should be preserved
in the Process Schema (see Figure 14). Rather than storing com-
plete version histories, it makes selective decisions about temporal
depth (how many versions back to preserve traces), granularity
level (which text nodes warrant individual tracking), and nesting
structure (how to organize traces hierarchically). The significance
of changes and stakeholder type drive these decisions. At each in-
clusion/exclusion decision point, the aggregator consults the Intent
Mapper to ensure the preserved detail level aligns with the stake-
holder requirements, then invokes the Trace Annotator ( diamond
shape in Figure 14) to determine the appropriate labeling.

Trace Annotator. The Trace Annotator analyzes Al-authored text
nodes to classify the nature of human-Al interactions and assigns
appropriate visual encodings. It distinguishes between iterative
and novel generation requests by examining prompt content and
Al-generated text. Iterative Al calls that involve sequential requests
for similar content can be represented as stacked masking tapes.
Novel requests involving different content types receive separate
visual elements. The annotator also identifies different generation
types: new content generation is encoded with masking tape, tonal
refinement uses smudge encoding, removed Al content appears as
residual glue, and used prompts become clickable eraser crumbs that
reveal ghost text. For the stencil marks, the annotator employs an
LLM-based check to classify the AI output as either feedback or
content text. If the LLM identifies the output as feedback intended
to guide the writer (rather than text to be pasted), it is rendered as
a stencil mark. This same classification approach is then used for
selection of encoding variant, taking into account the Al feedback
and the resulting content adherence to that feedback. The anno-
tator also passes to the Aggregator details about the consolidated
structure of some content. Throughout this process, the annotator
consults the Intent Mapper to ensure that selected encodings align
with the stakeholder’s comprehension needs.

7 Evaluation

Our study sought to evaluate the effectiveness of DraftMarks’ visual
encodings in surfacing human-AI writing collaboration patterns
and enhancing users’ comprehension and assessment abilities when
reviewing Al-assisted content. We used a between-subjects design
to compare our augmented reading tool against a baseline interface
(described in Section 7.2).
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Figure 12: This figure encapsulates findings from the formative assessment. For each stakeholder, the visual encoding variants
available to render are listed along with the corresponding reading intent they satisfy. This logic drives the intent mapper in

the model-to-view controller.
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Figure 13: In this figure we show the more complex interactions from Figure 8 (bottom two) and show what the view for each

stakeholder would look like determined by the controller.

7.1 Participants

We conducted the study through Prolific and screened to select
participants who regularly engage in written content profession-
ally, with roles including teacher, journalist, and copywriter. We
also required participants to have a 95% or higher approval rating
on Prolific to ensure high-quality participation. We recruited 70
participants (F=36, M=32, NB=2), with 35 participants randomly

assigned to each condition. Participants reported ages between 18
and 60 years and older, with the largest group (20 participants) in
the age range of 31-40. Regarding Al usage in their own writing,
most participants reported using Al sometimes (25) or often/very
often (31), with only 2 participants reporting never using Al tools.
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Figure 14: In this figure we show the controller’s decision making trace from the model to the view. We illustrate how a
previously discarded text node is aggregated and annotated for rendering based on the readership. The pill shaped yellow boxes
represent the rendering decision made for each reader type (B1: General Reader, B2: Reviewer, and B3: Teacher).

® DraftMarks ® Al-Highlight

Q1: Which sentence(s) underwent the most Al-assisted revisions?
Please copy-paste or indicate sentence numbers.

Q2: In what paragraph(s) did the writer NOT integrate the Al's
feedback?

40% 17%

Q3: What kind of feedback did the Al provide for the passage where
the author talks "kids having fear of embarrassment"?

'
Q4: Which ideas in this list came from author?

51% : 43%

Q@5: What was the Al's contribution in the paragraph about “the fear
of public embarrassment"?

86% | 86%

Q6: What did the writer use the Al's help for?

54% | 31%
Q7: Which of these Al generations had the least human contribution?

97% ! 94%

100% correctness 0% 100% correctness

Figure 15: This figure showcases the distribution of cor-
rectness for the comprehension questionnaire between Al-
Highlighted and DraftMarks condition.

7.2 Study Procedure

Each study session lasted approximately 30 minutes and consisted
of three phases: interface tutorial, practice task, and main evalu-
ation task. The main task required participants to comprehend a
600-word essay about “Need for Social Media Reform for Children’s
Use” that was written collaboratively with ChatGPT and exhibited
extensive human-Al interaction patterns. The participants then an-
swered comprehension questions related to the content of the essay
and the collaboration patterns. The control condition used a split
view interface that shows the essay with Al-generated sentences
highlighted alongside the available chat log. The treatment condi-
tion used DraftMarks with enhanced visual encodings for human-AI

S1: I think that | would like to use this this

$2: | found the system unnecessarily complex
system frequency

31% 43%
S4: | think that | would need the support of a

46% 40%

§3: | thought th e t " "
oug € system was easy to use technical person to be able to use this system

49% 14% 23%

S6: | thought there was too much inconsistency
in this system

37% 43%
$8: | found the system very cumbersome to use

29% 49% 26% 20%

S9: | felt very confident using the system $10:) needeq to Igarn a lot of things before |
could get going with this system

Strongly Disagree f 4 > ? (]

34% 40%

S5: | found the various functions in this system
were well integrated

37% 51%

S7: 1 would imagine that most people would
learn to use this system very quickly

Strongly Agree

Figure 16: This figure showcases the distribution of SUS rat-
ings (1-5) across the 35 participants for DraftMarks. For items
in the left column, higher is better, and for items in the right
column, lower is better.

collaboration patterns. Following the main task, the treatment par-
ticipants completed the Cognitive Load Survey and the System
Usability Scale questionnaire. Participants in both conditions com-
pleted the demographic survey, filled out 3 transparency questions
on a 7-point likert scale: (Q1) ‘T feel confident in my assessment of
the essay”, (Q2) “I felt I had enough information to assess the author’s
writing process” and (Q3) “T was able to perceive the human effort in
this essay” and provided open-ended feedback to these questions:
(F1) “What, if anything, helped you most in understanding the hu-
man—AlI collaboration?”, and (F2) “What, if anything, was confusing
or misleading?”. Each participant received $6 compensation for their
participation.

7.3 Results

7.3.1 Comprehension Questions. We analyzed question response
accuracy using Fisher’s Exact Test for individual questions (due to
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below 5 frequencies for correctness/incorrectness in some ques-
tions) and the Mann-Whitney U test for aggregate performance
across both conditions (N = 35 per condition). The treatment con-
dition significantly outperformed the control in three individual
questions. Question 1 improved dramatically from 2.9% to 51.4%
correct (p < 0.001), Question 3 from 11.4% to 48.6% (p < 0.001), and
Question 2 from 17.1% to 40.0% (p = 0.026). The pattern of improve-
ments suggests that DraftMarks is particularly effective at helping
users track specific editorial changes and Al contributions. Ques-
tion 1’s dramatic improvement (from 2.9% to 51.4%) indicates that
our visualization successfully addresses a fundamental challenge
in understanding Al-assisted writing: identifying where changes
occurred. The substantial gains in Questions 2 and 3—which focus
on understanding Al feedback integration—suggest that making the
revision process visible helps users develop better mental models of
human-AI collaboration. However, the relatively low baseline per-
formance across all questions (2.9%-17.1%) confirms that without
appropriate tools, readers struggle significantly to understand AI’s
role in collaborative writing, making transparency tools like Draft-
Marks essential rather than merely helpful. In general, participants
in the treatment group scored significantly higher than controls
(u =429 vs. p=286outof 7,U = 3355 p < 0.001, r = 0.52),
representing a 50% improvement with a large effect size.

7.3.2  Cognitive Load Survey. Based on our analysis of the CLS
responses, participants reported moderate intrinsic load (¢ = 4.31,
o = 2.66) and low extraneous load (1 = 3.03, o = 2.46) while using
the system. Furthermore, their rated self-perceived learning, cap-
tured by germane load, was high (i = 7.42, ¢ = 1.96). This cognitive
load profile suggests that DraftMarks successfully balances infor-
mation richness with cognitive accessibility. The moderate intrinsic
load indicates that understanding Al-assisted writing processes
requires meaningful mental effort, which is appropriate given the
complexity of human-Al collaboration. The high germane load with
relatively low variability (o = 1.96) suggests consistent learning
experiences across participants, indicating that the system effec-
tively supports comprehension regardless of individual differences
in technical background or reading strategies.

7.3.3  System Usability Scale. DraftMarks achieved a strong av-
erage SUS score of 80.5 (¢ = 12.8), placing it well above the 68
threshold for acceptable usability. Analysis of individual SUS items
reveals that users found the system easy to use (SUS 3: 74% agree-
ment) and expressed confidence in using it (SUS 9: 77% agreement).
However, some participants indicated they would need technical
support to use the system (SUS 4: 69% disagreement with need-
ing support) and found various functions well integrated (SUS 5:
89% agreement). The strong SUS score is particularly meaningful
given that participants used DraftMarks with no prior training,
suggesting the visualization design successfully leverages familiar
reading and annotation paradigms. The high agreement on function
integration (SUS 5: 89%) indicates that our approach of embedding
transparency features directly into the document interface feels nat-
ural to users. However, the mixed responses on technical support
needs (SUS 4) suggest that while most users can operate the system
independently, the complexity of tracking AI contributions may
initially overwhelm some users and could benefit from improved
design.
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7.3.4  Transparency Measure. Analysing the three transparency
questions, we notice participants in both conditions reported rela-
tively high transparency perceptions, with the DraftMarks condi-
tion consistently outperforming AI-Highlight marginally across all.
For confidence in assessment, DraftMarks participants scored higher
(u = 5.81, 0 = 1.00) compared to AI-Highlight (¢ = 5.27, o = 1.26).
Similarly, for information sufficiency, DraftMarks again showed
superior performance (u = 5.74, 0 = 1.32) versus Al-Highlight
(u = 5.24, 0 = 1.09). The perception of human effort visibility fol-
lowed the same pattern, with DraftMarks (u = 5.93, 0 = 1.04)
outperforming AI-Highlight (1 = 5.48, 0 = 1.18). Despite these
modest differences in transparency perceptions, participants in
the AI-Highlight condition performed significantly worse on com-
prehension measures, suggesting that surface-level visibility of AI
assistance (through chat logs and highlighted text) created an illu-
sion of process understanding, without meaningful insight into the
writing workflow itself.

7.4 Qualitative Feedback

The open-ended responses revealed distinct patterns between con-
ditions regarding what helped users understand human-AI collabo-
ration. For DraftMarks condition 74% (26/35) participants shared
their thoughts for F1 and F2, while for AI-Highlighted 91% (31/35)
responded. For F1, over half of DraftMarks respondents (15/26, 57%)
praised eraser crumbs, residual glue and masking tape for helping
them see what stuck in the writing from AI and what did not. In
contrast, 31% of Al-Highlight participants (10/32) experienced con-
fusion about attribution, with one participant noting “[It was] hard
to tell how much help the Al gave or where the human made changes”.
While only 8% of DraftMarks users (2/26) experienced confusion,
one respondent requested clearer legends for the process cues. 35%
of AI-Highlight users who struggled did so with fundamental ques-
tions of “figuring out exactly which parts were written by the Al and
which by the human.”

Notably, DraftMarks participants offered comments suggesting
the visualizations supported not only recognition of Al contribu-
tions but interpretation of the collaboration dynamic. One partici-
pant shared, “You can really see what helped and what didn’t stick.”
Another remarked, “The visual cues [...] helped me see where the Al
made suggestions and what the author kept or changed. This made
it easier to understand how the writer worked with the AL” A third
connected the visual cues to authorial intention: “Seeing the [...]
input (prompts to Al and original writing pre-changes), allowed
me to see their intention in using Al and their original thoughts
and writing style” However, participants also identified gaps in
the current design’s support for interpretation. One noted, ‘T wish
there was a timestamp next to the [masking tape],” reflecting diffi-
culty piecing together the sequence of Al invocations—a limitation
that may obscure readers’ ability to fully reconstruct collaborative
process when temporal context matters.

8 Discussion and Future Work

Based on our design and evaluation, here we reflect on the implica-
tions of DraftMarks for readers and writers. Based on our reflection,
we identify tensions and opportunities that warrant further investi-
gation.
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8.1 The Cost of Making the Writing Process
Legible

Writers have long used signaling as a deliberate rhetorical strategy
to shape the way their work is read [46]. Titles, headings, and typo-
graphic emphasis such as bold and italicized text help readers infer
importance, intent, and argumentative flow [46]. These signals are
authored under the writer’s control and serve their communication
goals. In contrast, DraftMarks introduces a form of implicit signal-
ing: cues that are automatically generated from interaction data
and surfaced within the text to make the writing process legible.
The result is a document that not only communicates ideas, but
which also reveals how those ideas were constructed, who revised,
who delegated, and how much cognitive effort each section reflects.
This form of visibility offers clear benefits. It supports more trans-
parent forms of authorship, helps readers assess originality and
deliberation, and enables richer feedback conversations between
writers, instructors, collaborators, or reviewers.

However, there are other trade-offs to consider when making
the process implicitly visible. Because these signals are not author-
curated, they may surface aspects of writing that feel personal,
incomplete, or even compromising, such as moments of hesita-
tion, minimal revision, or heavy reliance on Al-generated content.
With DraftMarks, what was once invisible now becomes part of
the public artifact. In an educational and evaluative setting, this
visibility can redefine the way effort, originality, and ability are
perceived. The core trade-off is between interpretive transparency
and authorial agency, i.e., helping readers understand how text was
constructed and giving writers control over what is disclosed. This
raises important design questions for DraftMarks that need to be
addressed in future work. Should writers be able to redact or anno-
tate process signals? Can visibility be audience-specific, e.g., shown
to instructors but hidden in publication? And how might authors
be supported in interpreting and managing their own signals be-
fore others? Questions about who decides what becomes visible, to
whom, and when, are important topics for future exploration.

Beyond questions of authorial agency, there is also the practical
concern of information density. As human and Al traces accumulate
across revisions, the visual encodings could risk overwhelming read-
ers rather than supporting interpretation. Currently, DraftMarks
manages this complexity through visual stacking and sequencing
(as shown in Figure 10). To further mitigate cognitive load, future
work should explore interactive mechanisms that allow readers to
filter specific layers of contribution, or use time-lapse functionality,
similar to Ink replay in Microsoft Office [50], to temporally navigate
the evolution of the document.

8.2 Process Traces to Interpretive Judgment

While DraftMarks exposes interaction outcomes, the process traces
alone may not fully communicate authorial intent. To bridge this
gap between observable behavior and internal rationale, we ex-
tended DraftMarks with a Rationale Annotation module (Figure 17).
This feature answers the why behind the what, allowing writers to
attach explicit rationale tags to specific collaboration points. For
example, noting why an Al suggestion was rejected or highlighting
a specific learning moment. As shown in Figure 17B, writers can an-
notate their decision-making process during or after drafting, which
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readers can then access alongside the skeuomorphic encodings (Fig-
ure 17C). This mechanism serves the purpose of providing readers
with grounded evidence to verify their interpretive judgments, as
well as to encourage reflective writing by encouraging authors to
articulate their co-writing strategies. Empirical validation of this
feature remains future work.

8.3 Supporting Writer Reflection

Although DraftMarks is designed to help readers interpret Al-
assisted writing, it has the potential to offer direct benefits to writers
themselves. In traditional pen-and-paper writing, the act of drafting
leaves behind a trail that helps writers reflect on their processes
and decisions. In contrast, Al-generated text is often presented to
writers fully formed and blended within the context of the current
text, making it easy to accept suggestions without revisiting or re-
fining them. This can potentially erode opportunities for deliberate
thinking, reflection, and self-assessment. DraftMarks can alleviate
this concern by externalizing writers’ interactions with Al and re-
vealing where their effort has (or has not) been directed. Visual cues
such as eraser marks, prompt iteration indicators, and masking tape
overlays make the invisible parts of their process tangible. This
visibility can encourage writers to pause and reflect on questions
such as Have I done enough to make this idea my own? Am I critically
engaged with Al suggestions, or simply accepting them? By surfacing
patterns of revision, delegation, and iteration, DraftMarks helps
writers monitor their writing habits and prompts more intentional
engagement with the text. While our evaluation focused on reader
comprehension and assessment, validating these writer-facing ben-
efits through empirical study remains an important direction for
future work. This type of metacognitive support is especially bene-
ficial in educational settings. For students, DraftMarks can promote
awareness of their development as writers, providing a concrete
record of revision that supports growth and feedback conversations
(e.g., [30]). Future work can explore specific interactive affordances
and guidance for writers when co-authoring with AL

Our approach also shares conceptual grounding with linkogra-
phy [27], which visualizes how design ideas develop over time by
tracing connections between moves. In this vein, techniques such as
DraftMarks could evolve towards “forward-looking” linkography,
visualizing emerging conceptual connections and gaps in human-ai
collaborative writing. A potential direction for future work will be
exploring generative linkography to support collaborative writing
and enable new forms of epistemic feedback.

8.4 Skeuomorphic Signals and Interpretation

Skeuomorphic visual metaphors, as a design choice, come with
both strengths and limitations. Skeuomorphism can leverage famil-
iar physical affordances to make abstract processes like human-Al
interaction visually intuitive and contextually embedded [43]. For
writers and readers accustomed to pencil-and-paper revision prac-
tices, these metaphors evoke meaningful analogies, such as eraser
marks suggesting revision and uncertainty. Compared to alterna-
tive techniques for process visibility (see Section 2), DraftMarks’
strength is that it integrates process cues into the text itself over
detached metadata or summary metrics. However, these cues are
not universally legible. For writers primarily exposed to digital
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calibrate their trust appropriately.

Figure 17: In this figure we showcase a new feature integrated into DraftMarks for allowing writers to disclose the intention
behind their Al integration. (A) Based on DraftMarks’ preview of their essay, the writer can click on a mark and (B) annotate it.
(C) These annotations will be visible to the reader as blue ghost text directly above the corresponding Al prompt.

environments or in contexts where physical revision artifacts are
less common, skeuomorphic signals can lack resonance or even add
confusion [73]. Future work can explore other metaphors within
the space of typography, such as new fonts, the use of dynamic
underlines, and color gradients, to represent process data in a more
culturally neutral or scalable form. However, much like the floppy
disk icon that is still widely used to represent “save” functionality,
despite many users never having seen or used one, skeuomorphic
cues can persist even as their original referents lose relevance, rais-
ing questions about the intuitive nature of such metaphors across
generations and cultures.

8.5 Stakeholder-Specific Design Considerations

Our formative evaluation revealed striking differences in stake-
holder needs for process transparency. Teachers valued detailed
collaboration insights for formative assessment, while academic
reviewers viewed process visualization as unnecessary “extra work”
that detracted from their efficiency-focused evaluation goals. Gen-
eral readers fell between these extremes, using transparency signals
to assess authenticity and decide whether content warranted their
attention. These findings suggest DraftMarks requires stakeholder-
specific modes rather than a universal interface. An “instructor
mode” might expose comprehensive process data, while a “pub-
lication mode” could focus on high-level authenticity signals. To
realize this, future work should investigate configurable controller
algorithms that flexibly govern which dimensions of transparency
are emphasized, suppressed, or abstracted for different audiences.
However, this issue raises questions about who controls visibility
settings when documents serve multiple audiences simultaneously.
Designing flexible but principled controller algorithms thus re-
quires not only technical advances in interface adaptability but
also normative frameworks to arbitrate control, protect against
selective disclosure, and uphold shared standards of writer agency
and authenticity [1, 2, 4].

8.6 Limitations of Process Transparency: The
Missing Citation Layer

While DraftMarks surfaces human-AI collaboration patterns, it
does not address Al training data provenance. Our tool reveals when
Al suggestions were integrated into the writing process, but it can-
not expose the specific sources that informed those Al generations.
This limitation is significant given growing concerns about Al sys-
tems reproducing copyrighted content without attribution, either
verbatim or through close paraphrasing. Such outputs risk crossing
the line into plagiarism, especially when users unknowingly incor-
porate Al-generated text that echoes protected works [35]. Beyond
individual academic integrity, this concern raises broader copy-
right challenges: without visibility into provenance, it is impossible
to determine whether Al contributions constitute fair use, deriva-
tive works, or potential infringement. Future process-visualization
tools should therefore not only trace collaboration patterns but also
provide mechanisms for Al citation transparency, making visible
when generated text may carry obligations of attribution. Realizing
this vision, however, requires advances in Al explainability and
provenance-tracking that extend well beyond current technical
capabilities [25, 34].

9 Conclusion

As Al becomes a coauthor in everyday writing, understanding the
creative processes by which a text was constructed has become
essential for meaningful interpretation, evaluation, and learning.
DraftMarks introduces a new form of process-aware signaling by
embedding skeuomorphic visual cues directly into the text, helping
readers see where and how Al was involved and where human effort
was concentrated. By shifting process metadata from the margins
to the foreground, DraftMarks provides transparency, encourages
writer reflection, and can facilitate more grounded feedback from
educators or peers. Our evaluation demonstrates DraftMarks’ affor-
dances in helping readers better understand and assess human effort
in writing, showing that in-text visualizations can meaningfully
enhance how Al-assisted work is interpreted across educational
and academic contexts.
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