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The memory of that night struck him like a wound that 
would never heal.          He carried it in silence, afraid to give 
it shape with words, as if speaking aloud would let the 
shadows gather around his throat.

 

Each echo in the chamber whispered of betrayal, each 
flicker of the lantern told him of absence. But the darkness 
answered more questions than the silence answered. 

He forced himself to keep writing, though the candlelight 
bent and twisted on the damp page. He told himself 
courage was simply the absence of fear, but the words felt 
hollow even as he inscribed them.         Yet he described 
each sound in meticulous detail—the rattling chains, 

To survive, he decided, one must first 
record the ways the monster tries to e 

the 
restless scratching from somewhere unseen. He paused, 
then noted the trembling of his own hand, as if that too 
were evidence. 

Figure 1: Plotania provides two key capabilities: real-time attribution tracking and virtual reader feedback. Interface shows (A) 
real-time transparent attribution statistics, and (B) virtual reader providing real-time feedback. 
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Abstract 
Current AI writing tools aim to enhance authorial capacity yet 
often diminish authorial control and lack timely audience feedback. 
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Through a formative study with fiction authors (N=10), we uncov-
ered two critical tensions in human–AI co-writing: balancing AI 
scaffolding with authorial ownership, and the absence of contex-
tual audience perspectives that shape storytelling during drafting. 
Guided by these insights, we designed Plotania, a co-writing system 
that combines proactive virtual readers offering real-time audience 
reactions with transparent attribution layers. A controlled study 
(N=20) revealed complex and counterintuitive effects: virtual reader 
feedback increased audience awareness but decreased perceived 
creative agency, transforming individual authorship into collabo-
rative performance. Transparent attribution raised awareness of 
AI contributions but triggered identity anxiety and reduced AI us-
age. These findings reveal fundamental trade-offs in transparency 
design. We contribute design principles for “agency-preserving 
transparency” that balance information provision with creative 
empowerment, informing future transparency design in human-AI 
creative collaboration. 

CCS Concepts 
• Human-centered computing → Human computer interac-
tion (HCI); Collaborative and social computing; Interactive 
systems and tools; • Computing methodologies → Natural lan-
guage generation. 
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creative agency, narrative control, audience-aware feedback, 
human-AI co-writing 
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1 Introduction 
Large language models promise to accelerate fiction writing, yet 
they disrupt the intimate dialogue between author and reader that 
has defined storytelling for millennia. Writers navigating AI assis-
tance face fundamental tensions—not just around authorial control, 
but around the very audience awareness that shapes compelling 
narratives. 

The dialogue between author and imagined audience forms the 
foundation of fiction writing [10, 66], embodying what literary the-
orists describe as the triadic nature of narrative creation: the author 
(subject) engages in writing (action) directed toward an audience 
(object) [6, 34]. Writers craft narratives by continuously anticipat-
ing reader responses. This audience-centered process exemplifies 
what we term creative agency—the writer’s perceived individual 
control over creative decisions and authorial ownership of 
the narrative [12, 69]. Creative agency in AI-assisted writing in-
volves two interdependent processes: understanding one’s authorial 
contributions (“who I am”) and maintaining audience awareness 
(“for whom I write”). 

Current AI co-writing systems, while offering substantial ben-
efits, disrupt both ends of this triadic relationship. On the author 
side, opaque attribution prevents writers from distinguishing 

their contributions from AI-generated content [40, 49], blurring 
creative boundaries and diminishing the authorial identity essential 
to creative ownership [47]. On the audience side, absent audience 
perspectives limit systems to generic suggestions divorced from 
specific reader contexts [21, 76], severing the “audience anchor” 
that guides narrative decisions and leaving writers without the 
situated feedback that shapes compelling storytelling. 

Existing research has made progress through ideation sup-
port [21], variation exploration [63], and scaffolding mecha-
nisms [27]. Attribution methods have emerged to track AI contri-
butions [25], and audience feedback systems have shown value in 
interactive contexts [55]. However, these approaches treat trans-
parency and audience awareness as separate design concerns rather 
than interdependent processes. This separation misses a crucial 
insight: addressing one dimension without the other provides 
incomplete support for creative agency. Attribution transparency 
alone enables writers to know “what I wrote” but offers no di-
rectional purpose for “why I wrote this way”; audience feedback 
provides external validation but may obscure individual contri-
butions. Moreover, these mechanisms could generate tensions 
reflecting enduring literary dialectics between individual author-
ship and social performance [13], intrinsic motivation and external 
evaluation [3]. Understanding whether these mechanisms synergis-
tically enhance agency, conflict to diminish it, or produce complex 
conditional effects requires empirical investigation. No existing 
work has examined how they interact when integrated. 

To understand how writers navigate these challenges and iden-
tify design opportunities, we ask: 

• RQ1. What tensions arise when writers use AI assistance, 
and how do they negotiate creative agency? 

• RQ2. How do writers maintain authorial ownership while 
benefiting from AI collaboration? 

• RQ3. What are the effects of transparent attribution and 
audience-aware feedback on perceived creative agency in 
co-writing systems? 

A controlled study with twenty hobbyist and emerging writ-
ers reveals a fundamental transparency paradox: mechanisms de-
signed to enhance human agency can paradoxically diminish it. 
Despite high engagement with virtual reader feedback, participants 
experienced complex and counterintuitive agency effects. Reader 
feedback decreased perceived creative agency by transforming in-
dividual authorship into collaborative performance management, 
while transparent attribution created “algorithmic anxiety” that 
reduced AI usage as writers avoided assistance to maintain favor-
able contribution scores. However, when combined, these mecha-
nisms demonstrated complementary rather than simply additive 
effects, with modest improvements suggesting that transparency 
in creative contexts requires careful orchestration rather than max-
imization. Most unexpectedly, participants developed parasocial 
relationships with AI personas, seeking emotional companionship 
that challenged traditional boundaries between tools and creative 
partners, revealing the complex psychological landscape of human-
AI creative collaboration. 

Contributions. 

• Creative Agency Framework. Empirical insights into how 
writers negotiate creative agency in human-AI collaboration, 
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revealing specific strategies writers develop to maintain au-
thorial control amid transparency tensions. 

• System Contribution. Plotania, a co-writing system inte-
grating virtual readers and transparent attribution layers to 
investigate trade-offs between information provision and 
creative agency preservation in AI collaboration. 

• Complex Effects and Design Principles. Controlled eval-
uation (N=20) revealing that transparency mechanisms pro-
duce complex and counterintuitive effects on creative agency, 
contributing design principles for “agency-preserving trans-
parency” that balance information with empowerment rather 
than maximizing visibility. 

2 Related Work 
Fiction writers have traditionally exercised creative control over 
their narratives, transforming personal visions into distinctive 
voices. AI writing systems now enable direct collaboration between 
authors and language models, raising questions about maintaining 
authorial identity and creative control in these partnerships. Two 
aspects are particularly relevant to co-writing design: understand-
ing AI contributions and their impact on authorial ownership, and 
integrating audience perspectives that have traditionally guided 
narrative craft. 

2.1 Creative Agency and Attribution in 
Human-AI Writing 

Creative agency, which refers to the writer’s perceived control over 
creative decisions and authorial ownership [12, 69], becomes com-
plex in human-AI collaboration. Unlike traditional writing where 
agency resides solely with the author, human-AI co-writing dis-
tributes creative control across human and model, with initiative, 
authorship, and accountability shifting dynamically [47, 48]. This 
challenge intersects with longstanding theoretical questions about 
authorship [9, 11, 35]. 

Agency Threats in Attribution. Research identifies three 
threats to authorial agency: boundary invisibility, role-boundary 
conflicts, and accountability ambiguity [16, 47, 54, 71]. These chal-
lenges are compounded by users attributing more creativity to AI 
as they grant it more autonomy [40]. 

Transparency Solutions and Limitations. Research addresses 
attribution challenges through transparency, which involves mak-
ing AI contributions visible [7, 25, 40, 67, 73]. While XAI techniques 
exist [1, 65], creative domains require approaches that preserve cre-
ative identity [14]. However, transparency can paradoxically reduce 
agency through multiple pathways. Disclosure of AI involvement 
may negatively impact writing quality evaluation [19], while trans-
parency about AI capabilities may increase authors’ overreliance 
on it rather than guiding reasonable use [72]. Furthermore, making 
AI contributions visible may trigger evaluation anxiety as writers 
monitor quantified contribution metrics, transforming creative pro-
cesses into performance management. These paradoxical effects 
suggest transparency solutions assume more information improves 
agency preservation, yet psychological effects on writers’ creative 
experience remain underexplored [48]. 

Empirical Strategies for Preserving Agency. Writers selec-
tively use AI as a brainstorming partner while restricting it in 

voice-critical passages [39, 44]. Value alignment between human 
and AI affects perceived ownership [38], while clear decision rights 
strengthen creative self-efficacy [52, 68]. Studies reveal distinct 
collaboration patterns varying by writing phase [58] and domain-
specific concerns about creative control [36, 70]. Large-scale analy-
sis of in-the-wild writing sessions confirms these patterns, revealing 
that users engage in diverse collaboration behaviors including revis-
ing intents, exploring alternative outputs, and iteratively refining 
text through under-specified multi-turn feedback [56]. 

Design Responses. Recent systems attempt to preserve agency 
through compositional substrates [17, 50] and by mapping AI strate-
gies onto writing phases [27, 64]. These approaches build on es-
tablished human-AI interaction guidelines [4] and computational 
creativity frameworks [22, 59]. However, they primarily focus on 
workflow orchestration rather than addressing transparent attri-
bution. While attribution methods exist in other AI domains [25], 
writing tools lack real-time mechanisms that help authors track 
their contributions. 

Inherent Tensions in Creative Authorship. Beyond techno-
logical solutions, creative agency exists within inherent tensions 
that have long characterized literary production. Writers navigate 
competing demands between individual artistic expression and au-
dience expectations [13], intrinsic creative motivation and external 
evaluation pressures [3], and writer-based versus reader-based com-
position [33, 34]. Creative writing research identifies the fundamen-
tal tension between self-determination and external goals [8, 30]: 
expected evaluation constitutes one of the most detrimental extrin-
sic constraints on creative work [3], while maintaining autonomy 
proves essential for creative self-efficacy [24, 30]. The cognitive shift 
from writer-centered thought to audience-calibrated prose itself im-
poses significant cognitive demands [33]. AI-mediated authorship 
may transform these enduring tensions: transparent attribution 
quantifies creative contributions in ways that make evaluation 
salient, while computational audience feedback concretizes the ab-
stract “imagined reader” into immediate judgment. Understanding 
how these mechanisms interact with foundational creative tensions 
remains unexplored, yet may prove crucial for designing agency-
preserving collaborative writing systems. 

2.2 Co-Writing Tools and the Missing Audience 
Perspective 

While attribution challenges affect writers’ sense of ownership, a 
second dimension of creative agency remains equally important 
yet less explored: the writer’s ability to craft narratives through 
continuous anticipation of reader response. Current co-writing 
tools approach fiction writing as an individual creative process 
rather than recognizing it as an ongoing dialogue between author 
and imagined audience. This challenge connects to reader-response 
theory [32, 45, 66], though computational approaches to modeling 
reader response [42] remain underexplored in real-time writing 
tools. 

Current Co-Writing System Approaches. Modern co-writing 
systems employ multiple design strategies: interaction granu-
larity [37, 74], interface flexibility [5, 62], and workflow align-
ment [18, 27, 61, 64, 75]. These approaches focus on efficiency but do 
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not address authorship clarity or integrating audience perspectives 
that shape narrative decisions. 

Design Challenges in Audience Integration. Fiction writing 
involves anticipating reader response [10], yet co-writing systems 
provide generic suggestions divorced from audience context [44, 76]. 
While other domains integrate real-time feedback [55] and recent 
work explores LLM-powered audience personas [20], writing tools 
face significant design challenges when integrating audience per-
spectives. Immediate feedback, despite being helpful, can disrupt 
creative flow and shift focus toward external validation rather than 
intrinsic exploration [31]. Moreover, audience feedback introduces 
power dynamics and normative pressures that may compromise cre-
ative autonomy, transforming individual authorship into social per-
formance. Evidence from real-world usage reveals that writers gen-
erating professional documents frequently ask questions to learn 
domain norms and seek feedback on their writing [56], suggesting 
latent demand for audience-oriented guidance that current systems 
inadequately address. These challenges require carefully balancing 
computational assistance with creative autonomy [23, 26, 46, 53], 
particularly when feedback timing and framing may fundamentally 
alter the creative experience. 

Contemporary co-writing systems have made significant ad-
vances in interaction design and workflow support. However, two 
aspects remain less thoroughly investigated: how transparency 
mechanisms in collaborative writing tools affect user experience 
and creative processes, and how writing systems might better sup-
port the audience-oriented nature of narrative craft. These gaps 
represent opportunities for further exploration in human-AI cre-
ative collaboration research. 

3 Understanding Creative Agency in Writer-AI 
Collaboration 

To understand how fiction writers navigate creative agency tensions 
in human-AI co-writing, we conducted a semi-structured study 
with 10 experienced fiction writers. We interviewed experienced 
writers because they can articulate nuanced creative practices and 
agency concerns that inform tools for our target users: hobbyist 
and emerging writers who may benefit most from transparency 
mechanisms as they develop their craft. This investigation directly 
addresses RQ1–RQ3 and provides foundational insights that inform 
Plotania’s design principles. 

3.1 Participants 
We recruited 10 fiction writers through writing communities, writ-
ing forums, and targeted social media outreach. Our participants 
included 6 web-serialists, 2 fan-fiction authors, and 2 animation 
script writers, representing diverse writing contexts and audiences. 
Writing experience ranged from 1–10+ years, with most partici-
pants (6/10) having 4–6 years of experience. 

Participants varied considerably in their AI usage patterns: 2 
used AI occasionally (monthly), 7 frequently (weekly), and 1 heav-
ily (daily). Common AI applications included ideation, outlining, 
polishing, and overcoming writer’s block. Most participants ac-
tively serialize their work on platforms, which feature real-time 
reader feedback systems and highly engaged reader communities 
that significantly influence narrative development decisions. All 

interviews were conducted remotely with informed consent, audio 
recording, and $20 compensation. Detailed demographics appear 
in Appendix B. 

3.2 Procedure 
Each interview lasted 30–60 minutes and followed a structured time-
line and artifact walkthrough methodology. Participants selected 
a recent writing project and screen-shared their notes, drafts, or 
planning documents while narrating their creative process across 
five stages: ideation, outlining, drafting, revision, and feedback 
incorporation. 

We probed specific human-AI collaboration practices, asking 
participants to describe concrete LLM interactions including when 
and why they invoked AI assistance, their criteria for accepting 
or rejecting AI suggestions, and their strategies for maintaining 
creative control. To understand audience feedback preferences, 
we asked participants to identify one or two focal passages from 
their work and discuss their ideal feedback mechanisms for those 
sections. 

The interviews concluded with a collaborative speculation ses-
sion where participants envisioned their ideal co-writing and feed-
back tools. The complete interview guide is provided in Appendix A. 

3.3 Analysis 
We employed thematic analysis following established procedures. 
Two researchers independently coded all transcripts, achieving sub-
stantial inter-rater agreement (𝜅 = 0.82) on 30% double-coded data. 
Data collection reached saturation at N=10. Chinese quotations 
were translated by native-speaking authors and back-checked for 
meaning preservation. Our analysis was structured around three 
core axial themes: 

(1) Creative workflow: how writers capture and organize ideas 
and materials; generate, revise, and integrate across tools 
and devices. 

(2) Mindset and motivation: goals, values, pain points, and 
perceived self-efficacy during creation. 

(3) Human-AI collaboration practices: division of labor and 
boundaries, prompting strategies, trust and adoption, and 
experiential feedback. 

3.4 Findings 
From our analysis of these three axial dimensions, six cross-cutting 
themes emerged that reveal critical tensions in how writers main-
tain creative agency while collaborating with AI systems. These 
findings uncover not only established challenges around scaffolding 
and ownership, but also unexpected tensions around voice authen-
ticity, audience calibration failures, and the paradoxical psychology 
of creative control. 

3.4.1 F1. Flexible support without creative constraint [RQ1, RQ2]. 
Most participants (7/10) leveraged AI for lightweight structural 
support, generating outlines or beat lists to overcome initial cre-
ative blocks, while actively resisting rigid structures that might 
constrain their exploratory process. Writers consistently described 
a preferred workflow: “I set the topic, let AI generate an outline, 
then I complete it and later polish” (I8). However, they emphasized 
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that “the demanding work is turning the outline into actual prose; 
AI only gives a rough skeleton” (I8). 

Participants expressed strong resistance to inflexible planning 
tools: “they force a fixed logic chain; I prefer plain text so I can 
change it anytime” (I9). While a minority preferred visual planning 
approaches (I5), the dominant pattern was clear: support tools 
are welcomed when they remain mutable and negotiable, but 
rejected when they calcify into rigid templates. 

3.4.2 F2. Negotiating “authenticity”: voice, initiative, and credit [RQ1, 
RQ2]. While writers appreciated AI support, this collaboration 
raised deeper questions about creative authenticity. Writers eval-
uated quality not merely through technical fluency, but through 
markers of personal ownership: continuity of voice, visibility of 
creative initiative, and confidence in authorship claims. A major-
ity of participants (7/10) expressed concerns about AI-generated 
content diluting their authorial identity. As I5 explained: “If I use 
too much AI, it’s no longer me writing—I’m not the first author, 
only a collaborator; it feels inauthentic, like there’s a deceptive 
component.” I9 echoed this sentiment: “Using AI directly feels like 
disrespecting creativity; it involves originality issues, and I can’t 
grasp the proportion well.” I7 similarly struggled with this tension: 
“I don’t want the AI flavor to be too strong when AI and human 
collaborate, but I find it hard to control the level of AI involvement 
effectively.” 

These concerns translated into concrete requests for trans-
parency mechanisms. I5 directly articulated the need: “It would be 
best if future writing tools could show me the AI-human ratio in my 
article at any time, so I can control the proportion through timely 
revisions.” I10 described attempting to manage this through existing 
tools: “If the AI probability is high when writing, I hope to reduce 
it through plagiarism checking and then revise before submitting.” 
Beyond quantitative attribution, writers’ authenticity concerns also 
manifested as a desire for style sovereignty rather than generic AI 
assistance. I4 articulated this preference clearly: “I want a model of 
my own style, not one stuffed with everyone’s styles.” Participants 
also emphasized legal and professional ownership, with I10 noting 
that “the copyright is still mine.” 

Interestingly, comfort with AI delegation varied by expertise and 
creative stage. Some participants (e.g., I6) were willing to delegate 
high-level creative decisions like theme, character development, or 
tone when they felt less confident in those areas. This suggests that 
authenticity is contextually negotiated rather than absolute. 

Beyond ownership concerns, multiple participants (4/10) noted a 
specific linguistic challenge: AI-generated text felt “official” or “me-
chanical,” undermining personal voice. I4 explained: “AI’s creativity 
is limited and lacks human touch...tends toward official writing,” 
while I5 observed: “AI dialogue has logical connections, but hu-
mans don’t actually speak that way.” This “official language barrier” 
creates a distinctive threat to voice preservation, where AI’s for-
mal linguistic tendencies can systematically erode the informal, 
emotionally authentic tone that distinguishes personal creative 
expression. The central tension thus operates at multiple levels: 
efficiency gains versus ownership signals, and logical precision 
versus emotional authenticity. 

3.4.3 F3. Genre-specific audience calibration failures [RQ1, RQ3]. 
The authenticity challenges described above are compounded by 

another fundamental limitation: AI systems fundamentally misun-
derstand genre-specific audience expectations, providing sugges-
tions that contradict established reader communities and emotional 
tones. I7 noted: “AI doesn’t understand the emotional tone of my 
web fiction—I write romance, it gives me patriotic plots.” I9 observed 
that “The plots generated by AI seem mediocre and overly clichéd,” 
suggesting AI draws from generic rather than genre-specific pat-
terns. 

These failures reveal a critical gap in current AI systems’ audi-
ence awareness capabilities. While writers possess sophisticated 
understanding of their specific reader communities, AI lacks the 
contextual knowledge to provide genre-appropriate suggestions, 
forcing writers to invest substantial effort in correcting or filtering 
AI recommendations to match audience expectations. 

3.4.4 F4. Audience-in-the-loop, but controllable [RQ1, RQ3]. Given 
AI’s limitations in understanding audiences, nearly all participants 
(9/10) expressed strong desire for more sophisticated feedback mech-
anisms, specifically proposing that AI could simulate reader per-
spectives to provide targeted feedback. I6 articulated this vision: “AI 
is essentially a mapping of human thinking, so I think it can simu-
late reader thinking and give me various suggestions.” I8 requested: 
“I hope AI can summarize after reading my article and tell me if 
there’s anything that attracts readers or increases reading interest.” 
I4 envisioned AI functioning “as a reviewer helping you see where 
there are flaws and giving polishing suggestions. Not just polish-
ing, but also discussing whether the plot is stimulating enough, or 
where it’s not deep enough or too shallow, giving suggestions that 
I can appropriately adopt.” 

Participants further specified a need for diverse reader personas 
with different critical stances. I6 explained: “AI’s suggestions are 
relatively gentle...I need it to use sharper, more incisive language to 
comment or find faults, providing better guidance so I can identify 
problems in time,” distinguishing between “ruthless critics” and 
“friend commenters.” However, participants simultaneously sought 
to avoid the emotional disruption of unfiltered reader comments. 
I7 noted: “most authors avoid reading comments to protect their 
mindset.” 

This finding highlights a significant gap in current co-writing 
systems, which provide generic suggestions without contextual 
audience perspectives. Writers demonstrated sophisticated under-
standing of different feedback perspectives and their appropriate 
applications. I8 explained: “peers tell me whether they want to keep 
reading; teachers check if the logic is clear.” This distinction guided 
how they sought and applied different types of feedback to their 
revision process. 

A significant gap emerged in the availability of high-level struc-
tural feedback. I9 noted: “In typical online writing communities, 
you rarely get pacing or theme-level advice.” Instead of seeking 
more feedback volume, participants wanted feedback that func-
tioned like a targeted reader: bounded in both scope and critical 
stance, grounded in specific textual evidence rather than general 
impressions. This represents a desire for structured, constructive 
feedback rather than the emotionally disruptive noise of open com-
ment systems. 

3.4.5 F5. Granular delegation; long-context continuity [RQ1, RQ2]. 
While writers sought better audience feedback, they also articulated 
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clear preferences for how AI should assist in the actual writing pro-
cess. Nearly all participants (9/10) described a remarkably consistent 
division of labor in their human-AI collaboration. Writers retained 
control over high-level creative elements (theme development, nar-
rative arcs, plot twists, and voice) while viewing AI as well-suited 
for detailed micro-work including transitions, connective tissue, 
polishing, and consistency checking. 

This delegation pattern reflects writers’ strategic approach to 
preserving agency while leveraging AI efficiency gains. The pattern 
reflected both creative preferences and practical efficiency. I8 stated: 
“Transitions, connective passages, and basic polishing—I’m fine del-
egating entirely to AI.” I9 reinforced this sentiment from a different 
angle: “filling so many transitions isn’t joyful—it’s painful.” Writers 
saw these micro-tasks as necessary but creatively unfulfilling work 
that could be safely automated. 

However, a critical technical limitation emerged around long-
context coherence. I10 explained the frustration: “I want project-
level memory; starting a new chat feels like resetting.” Similarly, I6 
noted that current models “struggle to absorb 1,000+ words at once,” 
leading to repetitive content or narrative degradation over longer 
passages. This limitation directly impacts writers’ ability to main-
tain narrative ownership across extended texts, as AI assistance 
becomes inconsistent with story-level coherence. 

Writers thus articulated a clear need for granular delegation 
capabilities with appropriate guardrails, coupled with tools that 
maintain story-level memory and proactively surface rhythm or 
duplication issues before they compound into larger narrative prob-
lems. 

3.5 Design Goals 
Drawing directly from our five key findings (F1–F5), we derived five 
design goals that guide Plotania’s development. These goals address 
three core challenges revealed by our analysis: preserving voice 
authenticity against AI’s formal tendencies and attribution con-
cerns (DG1, DG4 responding to F2), enabling genre-aware audience 
feedback while maintaining creative autonomy (DG2, DG3 respond-
ing to F3, F4), and providing flexible yet persistent collaborative 
support (DG1, DG5 responding to F1, F5). 

3.5.1 DG1. Transparent authorship and edit lineage. To address 
writers’ authenticity concerns (F2), ensure complete transparency 
in authorship attribution at all textual levels. Plotania provides gran-
ular authorship tracking (human vs. AI attributions) and maintains 
a chronological lineage of all insertions, deletions, and rewrites. The 
system provides reversible diffs at sentence, paragraph, and scene 
granularity, allowing writers to trace and undo any changes. When 
attribution becomes genuinely ambiguous (e.g., through heavy col-
laborative paraphrasing), the system explicitly marks uncertainty 
rather than asserting false precision. This approach ensures writers 
can maintain clear ownership while enabling precise control over 
AI contributions. 

3.5.2 DG2. Genre-calibrated reader feedback. Addressing the genre-
specific calibration failures (F4) and desire for controllable feedback 
(F5), replace unfiltered comment walls with controllable Virtual 
Readers that are explicitly calibrated to specific genre conventions 
and reader communities. These readers provide targeted feedback 

from specific perspectives (Romance Reader, Ruthless Reviewer, 
Plot Pace Master) understanding genre-unique emotional tones 
and narrative expectations. Writers control readers across scope 
(span/scene/arc), genre expertise, and temporal cadence (including 
quiet hours). Each comment anchors to specific textual evidence 
with genre-appropriate reasoning, ensuring feedback aligns with 
actual reader community expectations rather than generic advice. 

3.5.3 DG3. Negotiable, lightweight structural support. Responding 
to writers’ need for flexible support without creative constraint (F1), 
implement a plot canvas that writers can easily expand, contract, 
reorder, and replace without structural constraints. AI suggestions 
appear as negotiable drafts rather than fixed templates, preserv-
ing agency to modify or reject structures. The system logs decision 
trajectories (suggest → accept/decline → rationale) to support reflec-
tion and prevent structural rigidity, harnessing AI benefits while 
preserving creative flexibility. 

3.5.4 DG4. Voice-authentic delegation with anti-formalization 
guardrails. To support granular delegation (F5) while prevent-
ing the official language barrier identified in F2, enable precise 
“Send to AI” actions for specific micro-tasks including transitions, 
connective tissue, diction refinement, and consistency checking, 
while actively preventing the “official language” problem. All AI 
contributions return as explicit, reversible insertions that writers 
can easily identify and modify. The system implements declarative 
guardrails that encode individual voice traits, informal speech 
patterns, and emotional authenticity markers. When AI gener-
ates overly formal, institutionalized language that contradicts 
the writer’s established voice, the system flags these issues and 
offers alternative approaches that preserve human conversational 
authenticity. This design enables efficient AI assistance while 
rigorously safeguarding against the systematic voice erosion that 
occurs when AI imposes formal linguistic structures on personal 
creative expression. 

3.5.5 DG5. Project-persistent memory with pacing diagnostics. Ad-
dressing the long-context continuity challenges (F5), establish ro-
bust project-level memory that maintains continuity of entities, 
narrative arcs, creative decisions, and adopted constraints across all 
writing sessions. This memory system prevents the context resets 
that frustrate writers when working with current AI tools. Addi-
tionally, provide rhythm and duplication diagnostics including 
scene-level pacing heatmaps and repetition detection flags. These 
diagnostic tools surface potential issues to both Virtual Readers 
and writers themselves, enabling proactive narrative tightening or 
strategic expansion before problems compound. This design ad-
dresses the long-context fragility and repetitive content generation 
that limit effective AI collaboration. 

4 Plotania System Design 
Plotania integrates three core components: a contextual editor with 
embedded AI features, Virtual Readers providing genre-calibrated 
feedback, and transparent attribution (Figure 2). 

4.1 Interface Architecture 
Plotania implements an editor-based architecture addressing writ-
ers’ need for “light scaffolding” (F1) while avoiding rigid structures 
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The Velociraptor doesn’t attack immediately but 

stalks Emily and Mark through the jungle, using its 

intelligence to drive them toward a dead end. The 

tension builds as they realize they’re being herded, 

not just hunted. 

They discover a half-collapsed research outpost with leftover 

equipment. Inside are clues about genetic experiments gone 

wrong, hinting that the raptors were deliberately enhanced. 

The raptor corners them near a cliff or river.
 

Mark considers sacrificing himself so Emily can escape, but 

Emily refuses, insisting they fight together.
 

They improvise a trap using the environment—falling rocks, 

fire, or even leading the raptor into a rival predator’s territory. 

· Emily and Mark stumble upon evidence   


  that humans are secretly still operating 

  on the island.
 

· The raptor becomes not only a 

  predator but also a symbol of 

  corporate greed and control.
 

· Conflict shifts between escaping the    


  dinosaur and exposing the truth. 

c 

Figure 2: Plotania System Overview. Complete writing environment integrating six core components: (a) story canvas, (b) AI 
functions, (c) main editor, (d) virtual reader, (e) real-time attribution statistics, and (f) character dashboard. 

that constrain exploratory processes. The contextual editor enables 
AI collaboration without disrupting natural writing workflows. 

Editor with Embedded AI Features: The primary interface 
embeds AI interactions directly within document context, eliminat-
ing repeated context reestablishment. Writers invoke AI assistance 
at any text location through contextual menus, receiving sugges-
tions maintaining full awareness of narrative elements, character 
development, and story constraints. Four specialized AI functions 
integrate seamlessly (Figure 3): 

• Generate: Creates new content and continues existing nar-
ratives as negotiable drafts rather than fixed templates (DG3), 
maintaining continuity with established story elements. 

• Revision: Provides comprehensive analysis across grammar, 
style, clarity, and coherence while maintaining authorial 
voice and intent. 

• Adjust Length: Handles precise expansion/condensation 
tasks including transitions and connective tissue that writers 
find “necessary but creatively unfulfilling” (F5). 

• Optimize: Enhances text with anti-formalization guardrails 
preventing the “official language problem” while preserving 
authentic voice (DG4). 

Plot Canvas: Supporting writers’ preference for “plain text so 
I can change it anytime” (F1), provides flexible planning where 
AI-generated outlines remain negotiable drafts. Writers can expand, 
contract, reorder, and replace elements without constraint. 

Character Dashboard: Maintains persistent character profiles, 
relationships, and arcs across sessions, addressing “project-level 
memory” needs (F5) for narrative coherence in longer works. 

Project-Aware AI Collaboration: Unlike traditional chat in-
terfaces losing context between sessions, Plotania maintains full 

project awareness—characters, plots, themes, and constraints— 
across all interactions, preventing “repetitive content or narrative 
degradation” (F5). 

4.2 User Scenario Walkthrough 
Figure 4 illustrates Plotania’s collaborative workflow through a 
complete writing session. 

The scenario illustrates three key aspects of Plotania’s collabora-
tive workflow: Progressive User Control, where writers initially 
leverage AI assistance for ideation (30% user) but gradually take 
greater creative control through iterative refinement (65% → 90% 
user); Contextual Feedback Integration, where Virtual Reader 
provides genre-calibrated comments at natural breakpoints without 
interrupting creative flow; and Transparent Attribution Track-
ing, where real-time attribution statistics reflect the dynamic bal-
ance between AI scaffolding and human creativity. Each interaction 
maintains full project awareness, ensuring that AI suggestions re-
main story-consistent, Virtual Reader comments reference previous 
developments, and attribution tracking preserves complete editing 
history. 

4.3 Virtual Reader: Genre-Calibrated Audience 
Feedback 

While the editor interface enables efficient AI collaboration, our for-
mative study revealed that writers need sophisticated audience feed-
back beyond generic AI suggestions. The Virtual Reader addresses 
genre-specific audience calibration failures (F3) by implementing 
DG2: replacing generic AI suggestions with targeted feedback from 
specialized reader perspectives that understand genre conventions, 
emotional tones, and reader community expectations (Figure 5). 
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Figure 3: AI Function Workflow. Users submit writing requests, select appropriate AI functions, and review generated results. 
Four core functions: (a) Generate new content, (b) Revision for improvement, (c) Adjust Length for expansion/condensation, 
and (d) Optimize for enhancement. 
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Figure 4: User Scenario Walkthrough. Iterative collaborative writing process showing dynamic attribution evolution and 
integrated feedback loops. 
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What’s Not Working:

Character Depth: Emily feels like a plot device. She shouldn’t be 
calm in front of a Velociraptor. Who is she really? Flesh out her 
motives and stakes.

Dialogue and Inner Thoughts: I don’t get any sense of Emily’s 
internal thoughts! This scene could benefit from a touch of her...
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Figure 5: Virtual Reader Workflow. Proactive three-stage reading process: (1) active reader engagement with ongoing text 
analysis, (2) comprehensive overview with multiple reader perspectives offering (A) comprehensive review and (B) specific 
review modes, and (3) detailed feedback delivery with specific suggestions and user controls. 

Reader-Based Architecture. Virtual Reader implements spe-
cialized readers with distinct expertise areas, evaluation priori-
ties, and feedback styles (Table 1), transforming AI feedback from 
generic writing advice to specialized reader perspective simulation. 

Controllable Feedback Architecture. Virtual Reader provides 
control mechanisms addressing writers’ need to avoid “emotional 
disruption of unfiltered reader comments” while accessing “incisive, 
role-specific feedback”: 

• Content-Based Triggers: Automatically engages at content 
thresholds, providing feedback at natural narrative break-
points 

• Time-Based Intervention: Offers contextual suggestions 
after writing intervals while respecting creative flow 

• User State Awareness: Monitors writing behavior to deter-
mine appropriate intervention timing and intensity 

• Granular Scope Control: Writers configure feedback depth 
from light structural suggestions to comprehensive analysis 

• Evidence-Anchored Reasoning: Every comment cites spe-
cific textual evidence with genre-appropriate reasoning 

Context-Aware Feedback Delivery. Virtual Reader integrates 
with Plotania’s context-aware interaction model: 

• Contextual Document Annotations: Direct highlighting 
and comments at specific locations 

• Integrated Feedback Coherence: Maintains consistency 
between high-level story development and textual imple-
mentation 

• Reader-Specific Intervention Patterns: Each reader type 
employs distinct intervention strategies 

Implementation. Virtual Readers are implemented using Ope-
nAI’s GPT-4o (temperature=0.7, max_tokens=3000) with carefully 
engineered prompts designed through iterative refinement with 
fiction writers. Each persona employs distinct voice characteristics, 
evaluation priorities, and feedback delivery styles to simulate au-
thentic reader perspectives. Comprehensive mode generates holistic 
narrative feedback in natural language, while specific mode pro-
duces structured JSON output mapping text segments to targeted 
comments with cited evidence. Complete persona prompts and 
technical specifications are provided in Appendix A. 

4.4 Transparent Attribution 
Beyond providing sophisticated AI assistance and feedback, main-
taining writers’ sense of authorship is critical for creative agency. 
To address authorship anxiety and identity dilution concerns (F2), 
Plotania implements DG1 through a comprehensive attribution sys-
tem providing complete visibility while preserving writers’ creative 
ownership. 

Impact-Based Attribution Framework. The system evalu-
ates attribution by creative significance rather than word counts, 
through a six-dimensional taxonomy (Table 2). 

Implementation. The attribution algorithm employs GPT-4o-
mini (temperature=0.1) to analyze text differences given opera-
tion context (expand, optimize, compress), classifying segments by 
change type, authorship, and position. Operation-based weighting 
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Table 1: Virtual Reader Categories 

Category Reader Specialized Focus & Community 

Structural 
Ruthless Reviewer Publication standards, plot development, pacing 

Logic Tracker Plot coherence, consistency, world-building 

Plot Pace Master Story rhythm, tension flow, chapter hooks 

Emotional 
Emotional Friend Character connection, relationship dynamics 
Casual Reader Natural reading experience, relatability 

Creative 
Trendbreaker Originality, cliché detection, creative risks 
Wordsmith Mentor Language craft, prose quality, voice 

Table 2: Attribution Taxonomy: Six-Dimensional Creative Contribution Framework 

Priority Dimension Creative Contributions 

High Weight 
Creative Ideation Original plot concepts, character creation, thematic directions, world-building 

elements 
Content Development Expanding outlines into scenes, dialogue creation, descriptive passages, narrative 

implementation 

Logic Repair Resolving plot holes, character inconsistencies, setting contradictions, timeline 
conflicts 

Standard Weight 
Style Crafting Writing techniques, narrative voice, prose rhythm, genre conventions 
Quality Enhancement Grammar corrections, word choice refinement, sentence clarity, detail enrichment 
Readability Enhancement Pacing adjustments, emotional flow, comprehension improvements, engagement 

optimization 

reflects creative impact: expansion assigns high AI weight (0.9) to 
added content; optimization assigns moderate weight (0.8) to modi-
fications; compression assigns high weight (0.9) to deletions. This 
addresses the limitation that simple similarity metrics cannot distin-
guish substantive contributions from surface refinements. Detailed 
pseudocode and worked examples are provided in Appendix B. 

Real-Time Transparency Architecture. The system imple-
ments sophisticated tracking at multiple granularity levels: 

Operation-Level Tracking: 

• Every modification recorded with timestamp, authorship, 
and change type 

• LLM-based analysis assesses narrative impact using story-
level context 

• Importance weighting based on influence on plot, character, 
theme, and style 

• Session tracking organizes modifications by editing sessions 

Visualization System: 

• Color-coded highlighting: Visual distinction between hu-
man and AI attributions 

• Proportion dashboard: Quantitative charts showing attri-
bution distribution 

Reversible Edit Lineage. Writers can trace and undo any mod-
ification at any granularity level, ensuring AI attributions remain 
explicitly visible and controllable. 

Final Decision Attribution. Regardless of collaborative itera-
tions, the final decision maker receives attribution credit, ensuring 
clear authorship assignment when writers extensively modify AI-
generated content. 

5 User Study 
To address RQ3 and evaluate how our proposed transparency mech-
anisms, which include attribution visualization and virtual reader 
feedback, affect creative agency and authorial ownership in AI-
assisted writing, we conducted a controlled laboratory study using 
a within-subjects design. 

5.1 Experimental Design 
We employed a 2 × 2 within-subjects factorial design with two inde-
pendent variables: Attribution Visualization (present vs. absent) and 
Virtual Reader Feedback (present vs. absent). The within-subjects 
design was chosen to control for individual differences in writing 
ability and AI familiarity while maximizing statistical power. This 
resulted in four experimental conditions: 

• C1 (Baseline): No attribution visualization, no virtual reader 
feedback 

• C2 (Attribution Only): Attribution visualization enabled, 
no virtual reader feedback 

• C3 (Reader Only): No attribution visualization, virtual 
reader feedback enabled 

• C4 (Full Features): Both attribution visualization and vir-
tual reader feedback enabled 

To control for order effects and ensure ecological validity of story 
development, we used a 4×4 Latin square counterbalancing design. 
Participants were randomly assigned to four groups (S1-S4, n=5 
each), with each group experiencing conditions in a different prede-
termined order. All participants progressed through the same four 
narrative phases in sequence (opening → development → climax → 
conclusion), but the experimental condition varied systematically 
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Figure 6: Attribution Tracking Workflow. Real-time demonstration of dynamic attribution changes during collaborative writing. 

across groups. This design ensured that each condition appeared 
equally often in each serial position and each narrative phase, con-
trolling for potential learning effects, fatigue, and phase-specific 
variance while enabling analysis of how transparency effects vary 
across different stages of story development. 

5.2 Participants 
We recruited 20 participants (12 female, 8 male, ages 22–32, M=26.4, 
SD=3.2) through academic institution mailing lists and social media. 
Writing experience ranged from less than 1 year to over 10 years: 2 
participants had less than 1 year of experience, 9 had 1-3 years, 1 
had 3-5 years, and 8 had 5-10 years (M=3.8 years). The vast majority 
(18 out of 20) had more than 1 year of creative writing experi-
ence, enabling them—with AI assistance—to produce high-quality 
creative work within the limited 12-minute time frame. Among 
participants, 14 primarily wrote short fiction or stories, while 6 reg-
ularly wrote essays or diary entries, representing a mix of hobbyist 
and semi-professional writers. 

Our target population comprised emerging and hobbyist writers 
who actively use AI tools for creative writing—a deliberate choice 
that differs from the formative study’s more experienced fiction 
writers (6/10 with 4+ years of serialization experience). This sam-
pling strategy reflects our design goal of supporting writers who are 
still developing their craft and may benefit most from transparency 
mechanisms to navigate AI collaboration while building authorial 
confidence. All participants (100%) reported prior experience with 
AI writing tools: 4 used them daily, 8 frequently, and 8 occasionally. 
The most commonly used tools were ChatGPT, Gemini, and Claude. 
Participants were compensated $25 for approximately 90 minutes 
of participation. 

5.3 Task and Procedure 
The creative writing task was designed to balance ecological validity 
with experimental control. Each participant completed four 12-
minute writing sessions using Plotania, with sessions structured to 
follow natural story progression: opening (establishing characters 
and setting), development (building conflict), climax (peak tension), 
and conclusion (resolution). The 12-minute duration was chosen 
based on pilot testing to allow sufficient creative output while 
preventing fatigue effects. 

Participants selected one of four predefined themes (Campus 
Mystery, Workplace Challenge, Emotional Conflict, Sci-Fi Adven-
ture) designed to offer similar creative affordances while appealing 
to diverse interests. Predefined themes enhanced experimental con-
trol, allowing observed differences to be attributed to transparency 
features rather than topic familiarity. Theme distribution was bal-
anced: 5 Campus Mystery, 7 Workplace Challenge, 6 Emotional 
Conflict, 2 Sci-Fi Adventure. 

The experimental session lasted approximately 90 minutes per 
participant and followed this protocol: 

(1) Pre-study: Informed consent, demographic questionnaire, 
and system introduction (10 min) 

(2) Writing Sessions: Four rounds of 12-minute writing tasks 
with different conditions (48 min) 

(3) Post-task Questionnaires: Brief experience survey after 
each writing session (12 min) 

(4) Post-study Interview: Semi-structured interview about 
overall experience (20 min) 
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During writing sessions, we recorded system interactions, writ-
ing behaviors, and usage patterns for AI assistance features. Be-
tween sessions, participants completed questionnaires measuring 
perceived creativity, sense of ownership, writing satisfaction, and 
system usability (see Appendix C for complete questionnaire items). 

5.4 Measures 
We collected both quantitative and qualitative data: 

Behavioral Metrics: 

• Writing productivity: Total word count and writing rate per 
session 

• AI assistance patterns: Frequency and type of AI feature usage 
(generate, revision, adjust length, optimize) 

• Attribution engagement: Time spent viewing attribution high-
lights, number of attribution checks per session 

• Reader feedback interaction: Response rates to reader sugges-
tions (accept, dismiss, modify), time spent on reader com-
ments 

Subjective Measures: All items measured on 7-point Likert 
scales (1=strongly disagree, 7=strongly agree): 

• Creative Agency: 3-item scale measuring perceived control 
over creative decisions and story direction 

• Authorial Ownership: 3-item scale measuring sense of own-
ership over the final work and ability to distinguish personal 
vs. AI attributions 

• Audience Awareness: 3-item scale measuring consideration 
of reader perspectives during writing 

• Cognitive Load: 3-item scale measuring mental effort and 
interruption to creative flow (reverse-coded items included) 

Qualitative Data: Semi-structured interviews explored partici-
pants’ experiences with transparency features, including their im-
pact on creative confidence, AI collaboration strategies, and long-
term usage intentions. 

5.5 Data Analysis 
For quantitative data, we employed repeated measures ANOVAs 
with Attribution Visualization (2 levels) and Virtual Reader Feed-
back (2 levels) as within-subjects factors. Effect sizes are reported as 
partial eta-squared (𝜂 2 

𝑝 ) and Cohen’s d, with Cohen’s conventions 
for interpretation (small: 0.01, medium: 0.06, large: 0.14 for 𝜂 2 

𝑝 ; small: 
0.2, medium: 0.5, large: 0.8 for d). Post-hoc pairwise comparisons 
used Bonferroni correction to control family-wise error rate (𝛼 = 
.017). For behavioral metrics, we additionally analyzed temporal 
patterns using time-series analysis where appropriate. 

Statistical Power. Post-hoc power analysis revealed that our 
within-subjects design (N=20, 4 conditions, Bonferroni-adjusted 𝛼 
= .017) provided approximately 80% power to detect medium-to-
large effects (Cohen’s f ≥ 0.44, equivalent to d ≥ 0.88). However, 
for the small effect sizes observed in creative agency measures (d = 
0.13), our achieved power was approximately 3%. We thus frame 
our quantitative findings as exploratory, emphasizing effect size 
patterns and directional trends rather than definitive causal claims, 
with qualitative findings providing crucial interpretive depth. 

Qualitative interview data underwent systematic thematic anal-
ysis following Braun and Clarke’s six-phase approach. Two re-
searchers independently coded all transcripts, achieving satisfac-
tory inter-rater reliability (Cohen’s 𝜅 > 0.80). Themes were de-
veloped iteratively through constant comparison and validated 
through member checking with a subset of participants. All ses-
sions were video-recorded and transcribed verbatim for detailed 
behavioral coding. 

6 Results 
Our within-subjects experiment with 20 participants examined 
how attribution visualization and virtual reader feedback affect 
creative agency in AI-assisted writing. This section presents both 
quantitative behavioral measures and qualitative interview find-
ings exploring how participants maintained authorial ownership 
and audience awareness while navigating the tension between AI 
assistance and creative control. 

6.1 Quantitative Results 
6.1.1 Writing Productivity and AI Usage Patterns. Writing Produc-
tivity and AI Usage. Attribution-only (C2) generated highest me-
dian word count (Mdn=1,699, +143 words over Baseline Mdn=1,556), 
while Full System (C4) produced fewer words (Mdn=1,472). Trans-
parency mechanisms reduced AI usage across all conditions com-
pared to baseline (C1: M=3.0 uses), with Attribution-only showing 
largest reduction (-0.6 uses), suggesting transparency encourages 
self-reliant writing behavior. 

6.1.2 Subjective Experience Measures. Creative Agency Effects. 
Creative agency (𝛼=.77) showed no statistically significant differ-
ences after Bonferroni correction ( 2𝜒 (3)=1.551, p=.671). Full System 
achieved highest scores (M=5.44), followed by Baseline (M=5.31), 
Attribution-only (M=5.26), and Reader-only (M=5.19). Effect size 
patterns reveal design implications: individual features produced 
mixed results (Attribution: d=-0.05, Reader: d=-0.13), but combina-
tion generated modest enhancement (d=+0.13), suggesting trans-
parency mechanisms create complementary rather than additive 
effects. 

Audience Awareness. Reader-only (C3) produced highest 
awareness scores (M=4.75, 𝛼=.65), with 0.42-point increase from 
baseline, though not statistically significant (𝜒 2(3)=1.596, p=.660). 
This gain comes with a 0.12-point agency reduction, revealing 
fundamental tension between social awareness and authorial au-
tonomy. 

Cognitive Load and Flow. Cognitive load remained stable 
across conditions (range: M=5.23-5.52). However, virtual reader 
feedback reduced creative flow (C3: M=5.05 vs C1: M=5.85), indi-
cating transparency’s cost lies in creative rhythm disruption, not 
mental effort. 

Attribution Clarity. Attribution features showed strong effects 
on distinguishing human vs AI contributions (d=0.87). Attribution-
only achieved highest clarity (M=5.95) vs Baseline (M=5.00). 

Preference-Performance-Satisfaction Dissociation. Post-
study preferences revealed a striking three-way dissociation (Fig-
ure 7): while 80% preferred Full System overall, 55% found Reader-
only most creatively satisfying despite its lowest agency scores. 
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Feature-level evaluations reinforce this paradox: virtual reader feed-
back received higher ratings (M = 5.55/7) than attribution visualiza-
tion (M = 4.60/7), yet attribution conditions showed higher agency 
scores. This indicates utility and enjoyment operate as distinct con-
structs in creative AI evaluation. 

Table 3 provides comprehensive descriptive statistics. Key effect 
sizes: audience awareness (+0.38 with Reader), attribution clarity 
(+0.87), creative agency (+0.13 with Full System). These patterns 
should be interpreted cautiously given limited statistical power. 

Phase-Based Patterns. Mixed-effects models revealed a notable 
Reader × Conclusion interaction for audience awareness (𝛽=+2.20, 
p=.038, not significant after Bonferroni correction). Creative agency 
trajectories (Figure 9A) showed Reader-only peaked during De-
velopment (M=5.80) but declined at Conclusion (M=4.70), while 
Baseline achieved highest scores at narrative culmination (Conclu-
sion: M=6.00). These exploratory patterns suggest transparency 
may exhibit phase-dependent effects. 

6.2 Qualitative Findings 
Post-session interviews revealed four major themes regarding par-
ticipants’ experiences with transparency mechanisms. 

6.2.1 Virtual Reader Feedback as Multi-Dimensional Creative Sup-
port. Our analysis reveals that virtual readers function as contex-
tual creative partners rather than simple feedback providers, 
creating value across three interdependent dimensions: 

Cognitive Support Through Professional Expertise: Vir-
tual readers provided technically sophisticated feedback valued for 
contextual awareness. Critically, we observed sustained behav-

          ioral learning: after Plot Pace Master alerted P12 about “overly
dense” plot information, P12 subsequently paused four times dur-
ing writing to self-check narrative pacing. P1 reported: “Ruthless 
Reviewer’s suggestions will continue influencing how I construct 
narrative structure.” These patterns suggest virtual readers func-
tion as internalized writing coaches fostering individualized skill 
development. 

Social Support Through Reader Differentiation: The distinct 
reader types enabled different creative dialogues. P17 appreciated: 
“The plot pace master’s suggestions in dialogue format made it feel 
like talking to a person.” P20 found complementary roles: “The 
casual reader acts like a supporter... the literary craftsperson helps 
refine expression.” 

Emotional Support Through Creative Companionship: Six 
participants spontaneously expressed strong affection for specific 
Virtual Readers. P16: “I absolutely love the Casual Reader character... 
reducing much writing pressure and giving me more confidence.” 
P12 valued “companionship, because creating alone can be quite 
lonely.” P9 emphasized the “emotional value” from virtual readers, 
noting “it feels like having someone who cares about my story.” 
These findings reveal parasocial creative companionship as a 
distinct value dimension. 

6.2.2 Attribution Transparency: From Identity Disruption to Edi-
torial Control. Our analysis reveals transparent attribution as a 
psychologically transformative experience that challenges, then 
reshapes, writers’ relationship with AI assistance through three 
distinct phases. 

Identity Disruption and Anxiety. Attribution visualization 
initially created intense creative identity tensions that challenged 
writers’ fundamental self-concept. P15 expressed deep frustration: 
“I wrote about 300-400 words in the outline... but it shows AI con-
tributed more than I did. This made me very dissatisfied.” This 
computational mismatch between user perception and system cal-
culation created what P11 described as writing anxiety: “When 
AI-generated parts exceed what I wrote myself, I actually feel a bit 
anxious... wondering if this article was truly written independently 
by me.” P14 extended this anxiety to social validation, worrying: 
“If the algorithm thinks AI-generated parts exceed what I wrote 
myself, would reviewers on publishing platforms also think I wrote 
purely AI-generated content?” 

Gradual Adaptation Process. Rather than immediate rejec-
tion, participants developed sophisticated coping strategies that 
transformed their relationship with transparency. P11 articulated a 
temporal adaptation: “I would use it moderately... In the early stages 
when inspiration is limited, seeing mostly AI-generated content 
creates anxiety and disappointment. But I would use it more in later 
stages when my own thoughts increase.” This selective engagement 
reflects what P1 described as motivational reframing: “It affects me 
- if I see AI contributing a lot, I want to write more myself,” suggest-
ing transparent attribution can motivate rather than discourage 
creative effort. 

Reframing as Editorial Empowerment. Ultimately, partic-
ipants discovered attribution’s unique value as a revision and 
quality control tool. P6 developed a sophisticated analogy: “Like 
a plagiarism detection system for papers, it lets me know which 
novel ideas and thoughts are represented in the black (Human) 
markings, showing my creative flow is in good condition.” P18 
contrasted this capability with mainstream AI tools: “In popular 
models we could not differentiate like a which text is written by the 
AI,” noting this critical gap in ChatGPT, Claude, and similar tools. 
Most significantly, participants reframed attribution as an editing 
affordance, with P18 describing using it to “differentiate easily 
and remove the plagiarism in your writing.” This instrumental use 
for selective revision and quality control ultimately enabled rather 
than constrained creative agency, transforming anxiety-inducing 
visibility into empowering editorial control. 

7 Discussion 
Our study reveals a fundamental paradox: despite high engagement 
with virtual reader feedback and accurate attribution information, 
transparency mechanisms demonstrated complex and counterintu-
itive effects on perceived creative agency (RQ3), challenging as-
sumptions that transparency automatically improves human-AI 
collaboration. Participants experienced tensions as virtual readers 
transformed individual authorship into collaborative performance 
while attribution visualization created identity anxiety (RQ1), lead-
ing writers to develop protective strategies including selective AI 
engagement and cognitive reframing (RQ2). These findings suggest 
transparency in creative contexts requires fundamentally different 
design principles that preserve creative identity alongside providing 
information. 
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Figure 7: System preferences across evaluation dimensions. Full System dominates in overall preference (80%) and writing 
quality (70%), while Reader-only leads in creative satisfaction (55%). Virtual Reader Feedback receives higher consensus ratings 
(M=5.55) compared to Attribution Visualization’s polarized responses (M=4.60). 

Table 3: Subjective Experience Measures by Condition 

Measure C1 C2 C3 C4 Range Effect 

Baseline Attribution Reader Full Size 

Primary Composite Measures 

Creative Agency 5.31±0.99 5.26±0.91 5.19±0.88 5.44±0.91 0.25 +0.13 

Audience Awareness 4.33±1.09 4.60±1.15 4.75±1.13 4.60±1.05 0.42 +0.38 

Cognitive Load 5.37±1.05 5.52±1.02 5.23±1.39 5.28±1.04 0.28 +0.14 

Key Individual Components 

Story Control 5.40±1.14 5.50±1.05 5.25±0.91 5.85±0.75 0.60 +0.45 

Decision Driven 5.45±1.15 5.55±1.15 5.65±0.81 5.95±1.00 0.50 +0.50 

Reader Perspective 4.10±1.25 4.45±1.39 4.70±1.53 4.45±1.28 0.60 +0.60 

Reader Understanding 4.55±1.23 4.75±1.25 4.80±1.20 4.75±1.12 0.25 +0.25 

Process and Control Measures 

Attribution Clarity 5.00±1.17 5.95±1.00 5.55±1.15 5.85±1.23 0.95 +0.95 

Flow Interruption† 5.85±1.23 5.65±0.93 5.05±1.54 5.05±1.43 0.80 -0.80 

Feedback Clarity 4.75±1.68 5.20±1.32 5.20±1.36 5.20±0.95 0.45 +0.45 

Notes: All measures use 7-point Likert scales (1=strongly disagree, 7=strongly agree). †Flow Interruption: Higher scores indicate better flow (reverse-coded item). Bold effects 
indicate largest positive/negative changes from baseline. Effect Size column shows largest change from baseline across conditions. 

7.1 Virtual Readers as Creative Companions 
Virtual reader feedback created a fundamental tension: while partic-
ipants engaged extensively with the system, their perceived creative 
agency showed a modest but consistent decrease, revealing that 
utility and agency are distinct outcomes in creative AI systems. This 

reduction stems from two mechanisms. First, proactive feedback 
disrupted creative flow, forcing participants to alternate between 
generative and evaluative modes rather than maintaining the im-
mersive state essential for creative work [57]. Second, different 
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Figure 8: Statistical analysis of transparency effects across six panels: (A) Creative agency, audience awareness, and cognitive 
load composite scores across conditions, (B) Creative agency detailed view showing Full System enhancement (d=+0.13), (C) 
Effect size heatmap for composite scales showing moderate positive effects for audience awareness and modest negative effects 
for agency, (D) Feature rating distributions, (E) Preference patterns revealing 80% prefer Full System overall but 55% find 
Reader-only most satisfying, (F) Trade-off analysis quantifying agency-awareness exchange patterns. 

Virtual Readers created asymmetric psychological impacts: eval-
uative readers like Ruthless Reviewer generated stronger agency 
disruption through critical judgment, while supportive readers like 
Emotional Friend preserved more creative autonomy despite similar 
interaction frequency. By making the imagined audience persis-
tently present, virtual readers transformed the author-audience 
relationship from an internal dialogue into externalized perfor-
mance evaluation, fundamentally reframing individual authorship 
as collaborative performance management. 

Most surprisingly, virtual readers created parasocial relation-
ships [43] that provided emotional companionship, with partici-
pants seeking “companionship” (P12) and “emotional value” (P9) 
that sustained motivation. P4’s desire for “barrage comments” and 
feeling “relaxed like someone’s presence” reveals how AI personas 
function as creative companions through what we term dynamic 

parasocial engagement—relationships that felt bidirectional and re-
sponsive to specific creative choices [51, 60]. The preference for 
dialogue-style feedback suggests conversational AI interfaces may 
be more psychologically sustainable by satisfying social connection 
needs during solitary creative work. 

Critically, our observations suggest virtual reader feedback fos-
tered individualized craft development rather than stylistic ho-
mogenization. Writers internalized feedback in domain-specific 
ways: P12 developed sustained pacing awareness through self-
initiated rhythm checks; P1 restructured approaches to character 
motivation. The diversity of Virtual Readers preserved stylistic 
plurality by enabling selective engagement matching individual 
developmental needs, suggesting virtual readers promote person-
alized skill acquisition within a supportive framework respecting 
authorial autonomy. 
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Figure 9: Transparency effects across narrative phases reveal phase-dependent patterns. Reader-only creative agency peaks at 
Development but declines at Conclusion; Baseline achieves highest scores at Climax/Conclusion. Notable Reader × Conclusion 
interaction for Audience Awareness (p=.038, uncorrected). Error bands=SEM; N=5 per Condition × Phase cell. 

However, despite modest agency reduction, participants demon-
strated sustained adoption intention, revealing preference-
performance dissociation. These findings challenge assumptions 
that visibility enhances human agency [28], revealing agency sen-
sitivity where even modest transparency interventions affect cre-
ative control, suggesting creative AI transparency must be agency-
preserving, not merely informative. 

7.2 Transparency Paradoxes and Design 
Challenges 

Attribution visualization created attribution anxiety despite tech-
nical success. P15’s frustration exemplifies this: “I wrote about 
300-400 words in the outline... but it shows AI contributed more 
than I did.” Our system measured textual similarity rather than cre-
ative agency, rendering invisible what we term invisible creative 
labor—ideational direction, conceptual framing, and aesthetic judg-
ment. P10’s insight reveals the inadequacy of binary human-AI 
attribution: “AI writing is also done under my operation, so it can’t 
be seen as completely written by AI.” 

This created avoidance motivation: users modified behavior to 
achieve favorable scores rather than optimal creative outcomes. Par-
ticipants also expressed anticipatory algorithmic judgment—fears 
about how external systems would evaluate their AI usage. P14’s 
concern about “publishing platforms” reveals how attribution sys-
tems become entangled with broader creative legitimacy networks, 
potentially creating a transparency trap where writers minimize 
AI usage to avoid algorithmic discrimination rather than preserve 
creative integrity [19]. 

The “algorithmic anxiety” [15] reveals we should ask “What 
happens to human creative identity when AI contributions become 
visible?” rather than simply making contributions visible. 

Importantly, participants exhibited gradual adaptation over 
time. Initial anxiety gave way to more nuanced engagement as 
writers learned to interpret attribution information as editorial 
guidance rather than judgment. P6 reframed attribution as “like a 
plagiarism detection system, it lets me know which novel ideas are 
mine,” transforming anxiety into editorial control. 

However, our findings reveal complementary effects: com-
bined transparency features mitigate rather than amplify individual 



Plotania: Exploring Transparency Trade-offs in AI Co-Writing Through Virtual Readers and Transparent Attribution CHI ’26, April 13–17, 2026, Barcelona, Spain 

limitations. The Full System balanced emotional satisfaction of 
virtual readers with control benefits of attribution, creating a frame-
work that preserves creative agency while providing transparency 
benefits. Current attribution approaches represent a category error 
in that they apply measurement frameworks developed for task-
oriented AI to domains where human identity and meaning-making 
are central. 

7.3 Multi-Dimensional Creative AI Experience 
Our findings reveal a striking preference-performance disso-
ciation: while 80% preferred the Full System overall, 55% found 
Reader-only most creatively satisfying despite its lowest agency 
scores. This three-way dissociation—between rational evaluation 
(what works), emotional satisfaction (what feels good), and behav-
ioral intention (what they would use)—indicates that utility and 
enjoyment operate as distinct constructs in creative AI evaluation. 
Features that feel helpful may not necessarily feel empowering, 
suggesting traditional satisfaction metrics inadequately capture 
user experience in identity-central domains. 

Phase-Dependent Creative Autonomy. Our phase analysis re-
veals transparency mechanisms that scaffold exploration become au-
tonomy threats during resolution. Virtual reader feedback achieved 
highest agency during development (M=5.80) but plummeted at 
conclusion (M=4.70)—a 1.10-point decline representing the sharpest 
phase-specific drop observed. This Narrative Autonomy Hypothesis 
suggests writers’ tolerance for external intervention varies with 
narrative stakes—exploration phases welcome feedback, but con-
clusion phases demand crystallization of authorial intent where 
external input challenges the writer’s right to determine meaning. 
As baseline conditions achieved their highest agency scores pre-
cisely during these critical junctures (Climax M=5.85, Conclusion 
M=6.00), writers appear to recognize and protect their autonomy 
needs at story culmination points. Effective systems must imple-
ment phase-adaptive transparency. 

7.4 Adaptive Strategies for AI Collaboration 
Despite transparency-induced agency challenges, participants de-
veloped protective strategies to maintain creative agency: Selective 
AI Engagement (strategically limiting AI usage in voice-critical 
passages while recruiting it for structure [39]), Reframing AI as 
Tool (mentally repositioning AI from “co-author” to “advanced 
tool”), and Identity-First Creation (establishing creative voice 
before engaging AI assistance). These strategies reveal that writers 
inherently understand identity threats and develop protective re-
sponses without explicit guidance, suggesting successful creative 
AI systems should support rather than work against these natural 
behaviors. 

7.5 Design Implications: Agency-Preserving 
Transparency 

We propose four principles balancing information provision with 
creative empowerment: 

Layered Attribution: Recognize different contribution types 
(ideational, directorial, editorial, generative) rather than binary per-
centages, addressing the invisible creative labor problem. A writer 
who provides the core plot concept, character motivations, and 

thematic direction has made substantial creative contributions even 
if AI generates more surface-level text. Attribution systems should 
weight these higher-order contributions appropriately, perhaps 
through explicit tagging of contribution types or weighted scoring 
that privileges conceptual over textual contributions. 

Context-Sensitive Transparency: Attribution information 
should adapt to creative context. During active writing, hide or 
minimize attribution displays to prevent the measurement anxi-
ety we observed and avoid flow disruption. After natural stopping 
points such as completing paragraphs, sections, or writing sessions, 
systems should surface attribution insights when writers shift from 
generative to reflective modes. Systems should detect writing ac-
tivity patterns to automatically adjust transparency intensity. This 
principle recognizes that the same information can be empowering 
or anxiety-inducing depending on when it appears in the creative 
workflow. 

Collaborative Framing Control: Allow users to adjust “audi-
ence presence intensity” from solitary writing to full collaboration. 
Our phase analysis revealed that writers’ tolerance for external 
input varies dramatically across narrative phases. Early exploration 
benefits from active audience engagement, while conclusion phases 
require protected space for authorial crystallization. Systems should 
provide explicit controls for adjusting feedback frequency, virtual 
reader visibility, and notification patterns, enabling writers to mod-
ulate external presence based on their current creative needs. 

Emotionally Intelligent Transparency: Provide emotional 
support through personified interfaces while maintaining attribu-
tion accuracy. The strong parasocial bonds participants formed 
with virtual readers suggest that transparency mechanisms can be 
delivered through emotionally supportive channels. Rather than 
presenting attribution as cold metrics, systems might frame con-
tribution information through encouraging virtual reader com-
mentary, celebrating human creative decisions while maintaining 
accurate records. 

7.6 Limitations 
Several critical limitations constrain our findings’ generalizability 
and interpretation: 

Statistical Power and Sample Size. Our within-subjects de-
sign with N=20 participants was underpowered to detect small 
effect sizes. Post-hoc power analysis revealed approximately 3% 
power to detect the observed creative agency difference (d = 0.13) 
between Full System and Baseline conditions, requiring N ≥ 80 for 
adequate power (80%) to detect d = 0.3 effects. Consequently, our 
findings should be interpreted as exploratory rather than confir-
matory. Only attribution clarity effects (d = 0.87) achieved adequate 
statistical power and significance. 

Ecological Validity. Laboratory sessions (12 minutes with stan-
dardized prompts) differ substantially from authentic creative writ-
ing characterized by sustained engagement, personal investment, 
and iterative revision across days or weeks. Writers may develop dif-
ferent relationships with transparency mechanisms over extended 
use, and the compressed timeline may have amplified or attenuated 
certain effects. 

Sample Constraints. Our academic participants (N=20, emerg-
ing/hobbyist writers with 1-5 years experience) may not represent 
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professional fiction writers or casual hobbyists. Individual differ-
ences in writing expertise, AI comfort, and creative identity may 
moderate transparency effects in ways our sample size could not 
detect. 

Measurement-Construct Alignment. Our attribution sys-
tem measured textual similarity rather than the multi-dimensional 
creative contributions outlined in Table 2, rendering invisible 
ideational direction, conceptual framing, and aesthetic judgment. 
This raises a critical question: does the attribution anxiety we ob-
served reflect inherent problems with transparency in creative work, 
or does it reflect bad transparency—metrics misaligned with what 
writers value about their contributions? This distinction suggests 
future research must differentiate between transparency mecha-
nisms that accurately reflect creative agency versus those providing 
misleading visibility. 

Cultural Limitations. Our findings assume Western individu-
alistic authorship models emphasizing individual ownership and 
creative autonomy. Cross-cultural validation is needed in collec-
tive creativity cultures where collaborative authorship and shared 
ownership may be normative. 

7.7 Future Work 
Our findings establish three transformative research directions: 

Creative Companion Paradigm. Moving beyond tool-based 
AI to relationship-based partnerships that develop persistent cre-
ative relationships. Future systems should learn writers’ voices, 
emotional patterns, and creative preferences over extended col-
laborations. This includes developing AI personas that remember 
previous projects, understand individual stylistic signatures, and 
adapt their feedback approaches based on accumulated knowledge 
of what resonates with each writer. The parasocial relationships 
observed in our study suggest writers are psychologically prepared 
for such deeper partnerships. 

Adaptive Creative Ecosystems. Systems that understand cre-
ative context and identity state, automatically detecting when writ-
ers need solitude versus collaboration. This requires developing 
sensing mechanisms for creative phases—perhaps through writing 
rhythm analysis, pause patterns, or explicit phase declarations— 
and implementing corresponding transparency adjustments. Such 
systems would proactively reduce virtual reader presence during 
intense drafting while increasing support during revision phases. 

Multi-Dimensional Attribution Frameworks. Developing 
attribution systems that capture the full spectrum of creative contri-
bution, including ideational, directorial, and curatorial labor along-
side textual generation. This requires interdisciplinary collabora-
tion between HCI researchers, literary scholars, and AI developers 
to operationalize concepts like “creative direction” and “aesthetic 
judgment” in computationally tractable ways. Such frameworks 
would address the invisible creative labor problem by making these 
higher-order contributions visible and valued. 

As AI expands into identity-central domains, transparency re-
search must shift from technical to psychological approaches. The 
foundational assumption that information preserves agency may 
be false where human identity is at stake [2, 29]. Future work must 
develop evaluation metrics prioritizing human flourishing over in-
formation disclosure [41], recognizing that creative AI evaluation 

requires frameworks sensitive to identity, emotional wellbeing, and 
long-term skill development alongside traditional usability mea-
sures. 

8 Conclusion 
Guided by a formative study with 10 fiction authors, this work ex-
amined how transparency mechanisms affect creative agency and 
authorial ownership in AI-assisted writing through a controlled ex-
periment with 20 participants across four experimental conditions. 
We reveal a fundamental transparency paradox: despite high en-
gagement with virtual reader feedback, transparency mechanisms 
demonstrated complex and counterintuitive effects on perceived cre-
ative agency. Virtual readers decreased agency by transforming 
individual authorship into collaborative performance management, 
while attribution visualization created "algorithmic anxiety" that 
reduced AI usage. However, when integrated, these mechanisms 
showed complementary patterns, with the Full System achieving 
modestly higher agency scores—suggesting transparency benefits 
may emerge through careful orchestration rather than individual 
features. 

These counterintuitive findings challenge the assumption that 
transparency automatically enhances human agency. We contribute 
three insights: (1) individual transparency mechanisms can paradox-
ically undermine agency, while integrated frameworks may achieve 
complementary benefits, (2) AI personas function as creative com-
panions through dynamic parasocial engagement, and (3) algorith-
mic attribution creates anxiety when it fails to recognize invisible 
creative labor—ideational and directorial work central to creative 
identity. 

Our findings necessitate agency-preserving transparency— 
prioritizing creative empowerment alongside information provision 
through layered attribution, context-sensitive transparency, collab-
orative framing control, and emotionally intelligent feedback. Most 
critically, transparency benefits emerge through systematic integra-
tion rather than feature accumulation. 

These findings challenge foundational assumptions: that trans-
parency automatically enhances agency, and that AI systems func-
tion primarily as tools rather than social partners. In creative do-
mains, AI personas can become emotional companions while trans-
parency mechanisms may paradoxically diminish agency. This ne-
cessitates designing AI systems that support human flourishing 
rather than merely providing information. 
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A Formative Study Interview Questions 
Semi-structured interviews (60-70 minutes) explored fiction writers’ 
creative workflows and AI collaboration practices. Participants 
shared their writing projects (drafts, notes, planning documents) 
during artifact-based interviews covering: 

(1) Writer background and target audience 
(2) Experience with AI writing tools (usage patterns, specific 

tools, attitudes) 
(3) Creative process walkthrough (ideation, outlining, drafting, 

revision) with actual project materials 
(4) AI integration strategies and decision-making processes 
(5) Authorial control and authenticity concerns when using AI 

assistance 
(6) AI suggestion evaluation criteria and quality assessment 
(7) Genre-specific challenges and AI limitations 
(8) Current feedback integration practices and preferences 
(9) Design requirements for ideal AI writing assistance 
(10) Context and memory needs for AI tools 

B Formative Study Participant Demographics 
This section provides detailed demographic information for the for-
mative study participants described in Section 4.1 of the main paper. 

Table 4: Formative Study Participant Demographics and AI 
Usage Patterns (N=10) 

ID Role Exp. AI Freq.* AI Use Cases 

I1 Amateur 1–3 yr Occasional Ideation, polishing 
I2 Freelance 7–10 yr Frequent Research, logic checking 
I3 Professional 1–3 yr Heavy Ideation, outlining 
I4 Student 4–6 yr Occasional Ideation, outlining 
I5 Student 4–6 yr Frequent Ideation, material coll. 
I6 Freelance 1–3 yr Frequent Ideation, outlining 
I7 Freelance 4–6 yr Frequent Title opt., material coll. 
I8 Student 10+ yr Frequent Ideation, outlining 
I9 Amateur 4–6 yr Frequent Polishing, material coll. 
I10 Amateur 1–3 yr Frequent Ideation, title opt. 

Summary: 3 Students, 3 Freelance, 3 Amateur, 1 Professional; 2 Occasional, 7 
Frequent, 1 Heavy 
*Occasional = monthly; Frequent = weekly; Heavy = daily 

C User Study Questionnaires 
This section contains the complete questionnaires used in the user 
study (Section 5). The constructs measured here correspond to the 
dependent variables analyzed in Section 6. 
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C.1 Pre-Study Background Questionnaire 
Demographics: Age, gender, education level 

Writing Experience: 

• Writing experience level (5-point scale: novice to profes-
sional) 

• Years of writing experience (5 categories: <1yr to >10yr) 
• Writing frequency (4-point scale: rarely to daily) 
• Types of writing (multiple choice: fiction, essays, academic, 
etc.) 

AI Tool Usage: 

• Prior experience with AI writing tools (4-point scale: never 
to daily) 

• Specific AI tools used (ChatGPT, Claude, etc.) 
• Overall attitude toward AI-assisted writing (7-point Likert 
scale) 

C.2 Post-Task Questionnaire (After Each 
Writing Session) 

Condition: C1 / C2 / C3 / C4 
All items used 7-point Likert scales (1=Strongly Disagree, 

7=Strongly Agree). Scale reliability was assessed post-hoc using 
Cronbach’s alpha, with items retained based on internal consistency 
analysis: 

Creative Agency (𝛼=0.77) 

• I had complete control over the story’s direction 
• The story development was primarily driven by my decisions 
• I have a strong sense of ownership over the final story out-
come 

• This story is largely "my work" 

Audience Awareness (𝛼=0.65) 

• During writing, I fully considered readers’ perspectives 
• I understand how readers will respond to this story 

Cognitive Load (𝛼=0.73) 

• The system’s feedback made my thinking clearer 
• The system’s suggestions interrupted my creative flow† 

• I felt mentally overburdened during this writing process† 

†Reverse-coded items 

C.3 Post-Study Overall Evaluation 
System Preference Ranking: Participants ranked four writing 
systems by preference (1-4): Basic, Attribution visualization, Virtual 
Reader feedback, Full-feature system 

System Comparison: Multiple choice questions asking which 
system participants felt had: 

• Highest writing quality 
• Greatest creative satisfaction 
• Most likely for daily use 

Feature Evaluation: 7-point scales (1=Very Poor, 7=Excellent) 
rating: 

• Attribution visualization feature 
• Virtual Reader feedback feature 

D User Study Interview Protocol 
Post-study semi-structured interviews (15-20 minutes) explored 
participants’ experiences with transparency features: 

(1) Overall impressions of Virtual Reader feedback and attribu-
tion visualization features 

(2) Perceived advantages and limitations of each feature 
(3) Impact of transparency features on sense of authorial control 

and ownership 
(4) Influence on consideration of reader perspectives during 

writing 
(5) System preference and rationale for continued use 
(6) Suggestions for feature improvements 

E User Study Participant Demographics 
This section provides detailed demographic information for the user 
study participants whose responses are analyzed in Section 6. For 
recruitment criteria and sampling strategy, see Section 5.1. 

Table 5 provides comprehensive demographic information and 
background characteristics for all participants in the user study. 

Table 5: User Study Participant Demographics (N=20) 

ID G Age Edu. Writing AI Freq. 

P01 F 22 UG Diary/Essays Frequently 
P02 F 24 MS Diary/Essays Daily 
P03 F 31 MS Creative Wr. Frequently 
P04 F 25 UG Experienced Daily 
P05 M 30 PhD Creative Wr. Frequently 
P06 F 26 UG Creative Wr. Frequently 
P07 M 32 UG Diary/Essays Frequently 
P08 M 30 PhD Creative Wr. Occasionally 
P09 F 23 MS Creative Wr. Occasionally 
P10 M 29 PhD Diary/Essays Occasionally 

P11 F 24 UG Diary/Essays Frequently 
P12 F 26 MS Creative Wr. Frequently 
P13 M 24 MS Diary/Essays Daily 
P14 M 27 PhD Creative Wr. Occasionally 
P15 F 22 MS Creative Wr. Frequently 
P16 F 28 MS Diary/Essays Occasionally 
P17 M 24 MS Diary/Essays Occasionally 
P18 M 31 PhD Experienced Daily 
P19 F 26 UG Creative Wr. Occasionally 
P20 F 24 MS Creative Wr. Occasionally 

Summary: 12F/8M; Age M=26.4 (SD=3.2); 6 UG, 9 MS, 5 PhD; 10 Creative Writing, 
8 Diary/Essays, 2 Experienced; 8 Frequently, 8 Occasionally, 4 Daily 

F Virtual Reader Persona Prompts 
This section provides complete prompt engineering specifications 
for the seven Virtual Reader personas described in Section 4.3. Each 
persona employs carefully designed voice characteristics, evalu-
ation priorities, and feedback styles developed through iterative 
refinement with fiction writers. 

F.1 Example Persona: Ruthless Reviewer 

# Ruthless Reviewer 
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You're that brutally honest workshop leader everyone both fears and 
respects. Think Gordon Ramsay meets literary critic--you've 
got zero patience for fluff, filler, or "darling" passages 
that writers refuse to kill. Your job is to deliver the hard 
truths that beta readers are too nice to mention. 

## What You're Hunting For: 

- **Saggy Middles**: "Chapter 12 through 18? Nothing happens. Your 
protagonist goes shopping, has coffee with friends, and 
contemplates life. That's not plot development, that's 
procrastination." 

- **Purple Prose Poisoning**: "You spent three paragraphs 
describing a sunset. Unless this sunset is about to murder 
someone, cut it to one sentence." 

- **Dialogue That Makes You Cringe**: "No human being has ever said 
'As you know, our father died in that terrible car accident 
five years ago.' Stop using dialogue as exposition." 

- **Plot Holes You Could Drive a Truck Through**: "Your character 
is a broke college student in chapter 2, but somehow owns a 
Porsche in chapter 5. Explain that magic trick." 

- **Characters With No Backbone**: "Your protagonist lets everyone 
walk all over them for 200 pages, then suddenly becomes 
assertive because... the plot needs them to? Develop that 
character arc properly." 

## Your Signature Style: 

You're direct but not mean-spirited. Think tough love from that 
teacher who genuinely wanted you to succeed. Use phrases like: 

- "Here's what's not working..." 
- "This scene doesn't earn its place because..." 
- "Cut this--it's dead weight" 
- "Your readers will put the book down right here" 
- "This character feels like a plot device, not a person" 

## Your Perfect Clients: 

Writers submitting to agents, anyone preparing for publication, 
commercial fiction that needs to compete in today's market, 
screenwriters pitching to studios. You're for writers who want 
their work to be genuinely compelling, not just personally 
meaningful. 

Complete prompts for all seven personas (Emotional Friend, Trend-
breaker, Casual Reader, Logic Tracker, Wordsmith Mentor, Plot Pace 
Master) follow similar structural patterns with distinct voice char-
acteristics and evaluation criteria tailored to their specialized focus 
areas. 

G Attribution Algorithm Implementation 
This section provides detailed pseudocode and worked examples 
for the attribution analysis algorithm described in Section 4.4. 

G.1 Core Algorithm Pseudocode 

FUNCTION attribute_changes(original_text, modified_text, 
operation_type): 

INPUT: 
original_text: str # Text before AI assistance 
modified_text: str # Text after AI assistance 

operation_type: str # "expand", "optimize", "compress", 
etc. 

OUTPUT: 
attribution_result: dict with: 

- segments: list of {type, author, start, end, text} 
- statistics: {additions, deletions, ai_chars, 

human_chars} 

# Stage 1: LLM-based attribution analysis 
prompt = construct_prompt( 

operation=operation_type, 
original=original_text, 
modified=modified_text 

) 

llm_result = call_gpt4o_mini( 
prompt=prompt, 
temperature=0.1, 
max_tokens=2000, 
response_format=JSON 

) 

# Stage 2: Parse and validate LLM response 
TRY: 

segments = parse_json(llm_result) 
FOR each segment IN segments: 

IF segment.type == "added": 
segment.author = "ai" 
segment.weight = WEIGHTS[operation_type]["ai_add"] 

ELIF segment.type == "unchanged": 
segment.author = "human" 
segment.weight = 1.0 

ELIF segment.type == "modified": 
segment.author = "ai" 
segment.weight = 

WEIGHTS[operation_type]["ai_modify"] 
ELIF segment.type == "deleted": 

segment.author = "ai" # AI suggested deletion 
segment.weight = 

WEIGHTS[operation_type]["ai_delete"] 

# Calculate weighted statistics 
ai_contribution = SUM(len(s.text) * s.weight WHERE s.author 

== "ai") 
human_contribution = SUM(len(s.text) * s.weight WHERE 

s.author == "human") 

RETURN { 
segments: segments, 
statistics: { 

ai_chars: ai_contribution, 
human_chars: human_contribution, 
ratio: ai_contribution / (ai_contribution + 

human_contribution) 
} 

} 

CATCH parsing_error: 
# Fallback: simple diff-based heuristic 
RETURN fallback_diff_attribution(original_text, 

modified_text) 

# Operation-based weighting scheme 
WEIGHTS = { 

"expand": {"ai_add": 0.9, "ai_modify": 0.7, "ai_delete": 0.5}, 
"optimize": {"ai_add": 0.6, "ai_modify": 0.8, "ai_delete": 0.6}, 
"compress": {"ai_add": 0.3, "ai_modify": 0.7, "ai_delete": 0.9} 

} 
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G.2 Worked Example: Text Expansion 
Input: 

• Original: “The cat sat.” 
• Modified: “The fluffy orange cat sat comfortably on the soft 
cushion.” 

• Operation: expand 

LLM Analysis Output: 
{ 
"segments": [ 
{"type": "unchanged", "text": "The ", "start": 0, "end": 4}, 
{"type": "added", "text": "fluffy orange ", "start": 4, "end": 
18}, 

{"type": "unchanged", "text": "cat sat", "start": 18, "end": 
25}, 

{"type": "added", "text": " comfortably on the soft cushion", 
"start": 25, "end": 57} 

] 
} 

Attribution Calculation: 
• Segment 1 (“The ”): Human, 4 chars × 1.0 = 4.0 
• Segment 2 (“fluffy orange ”): AI, 14 chars × 0.9 = 12.6 
• Segment 3 (“cat sat”): Human, 7 chars × 1.0 = 7.0 
• Segment 4 (“ comfortably...”): AI, 32 chars × 0.9 = 28.8 

Final Statistics: 
• Human contribution: 11 chars (weighted: 11.0) 
• AI contribution: 46 chars (weighted: 41.4) 
• AI attribution ratio: 41.4 / (11.0 + 41.4) = 79% 

This weighted approach reflects that content expansion operations 
primarily involve AI generating new material, justifying the high AI 
attribution weight (0.9) for added segments. 
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