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Make this better: 

[copied full essay] 

Sure, here’s your improved essay… 

I feel it's a bit abrupt that your paragraph starts 
directly with stats. 

Oh, I wanted them to pop! 

Got it! Hmm…I just liked how the 3rd paragraph 
eased in—maybe try something similar here? 

(A) Contrasting AI Writing Support Approaches 

(B) Editor Interface of Writor 

Figure 1: Chat-based LLMs typically generate or rewrite text for direct use, Writor offers process-focused, non-directive feedback 
grounded in writing center pedagogy. 

Abstract 
As AI writing tools evolve from fixing surface errors to creating 
language with writers, new capabilities raise concerns about nega-
tive impacts on student writers, such as replacing their voices and 
undermining critical thinking skills. To address these challenges, 
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we look at a parallel transition in university writing centers from 
focusing on fixing errors to preserving student voices. We develop 
design guidelines informed by writing center literature and inter-
views with 10 writing tutors. We illustrate these guidelines in a 
prototype AI tool, Writor. Writor helps writers revise text by setting 
goals, providing balanced feedback, and engaging in conversations 
without generating text verbatim. We conducted an expert review 
with 30 writing instructors, tutors, and AI researchers on Writor to 
assess the pedagogical soundness, alignment with writing center 
pedagogy, and integration contexts. We distill our findings into de-
sign implications for future AI writing feedback systems, including 
designing for trust among AI-skeptical educators. 
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1 Introduction 
The integration of Large Language Models (LLMs) into writing 
workflows has introduced a tension in Human-Computer Interac-
tion (HCI): how to scaffold writing processes when systems can 
produce ready-to-use text easily. While commercial and research 
systems alike have expanded their capabilities from checking gram-
mar to helping writers with their writings’ flow, coherence, and 
audiences-awareness [30], their interaction paradigms largely rely 
on direct text generation and replacement. By functioning as “prox-
ies” that perform writing tasks for the user, these tools prioritize 
immediate task completion over the writer’s development, thereby 
drawing on an ideology of workplace efficiency. This design ap-
proach risks turning AI writing assistants into “fix-it shops” due to 
their ability to generate quick textual edits, consequently raising 
questions within the HCI community about how to design systems 
that support, rather than displace, the human in the writing process. 

To navigate this tension, we look to a historical precedent in the 
evolution of writing support: the university writing center. Around 
the 1940s, writing centers, then referred to as writing “labs” or “clin-
ics,” began emerging at universities across the United States, aimed 
at addressing student writing problems [15, 16]. As with many au-
tomated writing assistants today, these centers functioned as fix-up 
shops, “cleaning up” students’ papers before submission [15, 69]. 
Forty years later, the purpose of writing centers began to shift. Fol-
lowing the emergence of the process movement in Writing 
Studies (1970s-1980s), writing centers became more writer-
centered rather than curriculum-centered, process-oriented 
rather than product-oriented, and collaborative rather than 
didactic in terms of the student-tutor relationship [15, 69]. In 
response to growing concerns of student ownership and plagiarism 
amid these changes, writing centers developed strategies that re-
alized the vision of collaborative writing spaces while centering 
the student within the writing process [6, 13, 35]. Writing centers 
have become a widely adopted, effective resource across institu-
tions worldwide, thereby demonstrating the value of collaborative 
writing support [3, 10, 93]. They improve student self-efficacy [58], 
enhance writing quality [80, 113], and encourage sustained engage-
ment, with students frequently returning for continued support 
[12]. These outcomes highlight that the strength of writing support 
may lie less in textual correction and more in framing writing as a 
social process that values iteration through collaboration. 

In this paper, we operationalize these pedagogical principles for 
scaffolding writing processes and show potential ways such tools 
can be incorporated into existing writing support ecosystems. We 
thus ask the question, how can AI writing tools be designed to 
facilitate writer-focused, process-oriented, and collaborative 
writing sessions? 

We answer this question through a three-stage research process. 
First, we conducted formative interviews (§3) with writing tutors 
(𝑁 = 10) to identify pedagogical practices that we then integrated 
into concrete design guidelines (§4.4). Second, we used these de-
sign guidelines to develop Writor , an LLM-based prototype that 
emphasizes non-directive feedback by restraining copyable text 
output (§5). The prototype, in sum, does not write for users but 
instead offers writing-center-like feedback. Finally, to validate this 
approach, we gathered feedback from 30 domain experts, i.e., writ-
ing instructors, writing center tutors, and AI researchers, through 
a structured survey and follow-up interviews (§6). 

This expert pedagogical review yielded two critical findings re-
garding the viability of our design approach. First, experts perceived 
Writor’s non-directive feedback approach as equivalent or superior 
to commercial chat-based LLMs, with the strongest endorsement 
coming from educators skeptical of AI in writing. Second, while 
experts confirmed that Writor does not replicate the depth of hu-
man instruction, they verified its ability to align with pedagogical 
principles, specifically in maintaining a positive tone in critiques, 
offering praises, and preserving writer agency. The review also 
mapped out integration contexts where tools like Writor can com-
plement the existing human writing support ecosystem, such as 
preparing students for tutoring sessions or modeling peer review. 
We further derive implications from the findings that can be applied 
broadly in HCI. 

In the paper, we make the following contributions: 
(1) We propose using writing center pedagogy as a theoretical 

foundation for AI writing support tools, focusing on gen-
erating non-directive feedback rather than text that can be 
directly copied. 

(2) Through interviews with writing tutors (𝑁 = 10), we trans-
lated writing center pedagogy into seven design guidelines 
for AI writing tools, bridging educational theory and system 
design. 

(3) We designed and developed Writor , a prototype that opera-
tionalizes these guidelines and emphasizes non-directivity 
that facilitates writing processes. 

(4) We report review and feedback from domain experts (writing 
instructors, writing center tutors, and AI researcher, 𝑁 = 30) 
to validate Writor’s translation of pedagogical design guide-
lines, pedagogical soundness, and potential integration con-
texts for Writor to supplement the existing writing support 
ecosystem. 

https://doi.org/10.1145/3772318.3790292
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2 Related Work 

2.1 Writing with AI 
Many users engage directly with chat-based foundational language 
models like ChatGPT1 , Claude2 , and Gemini3 for various writing 
tasks [30, 33, 56, 63]. These general-purpose conversational systems 
have become popular writing companions, with users employing 
them for brainstorming ideas [27, 29, 37, 53, 61, 72, 100], gener-
ating initial drafts and summaries [27, 33, 47, 72, 89, 96], refining 
writings [33, 47, 53, 89, 104], and providing feedback on existing 
text [40, 57, 68, 88, 97, 98]. Users often treat these models as writ-
ing partners, bouncing ideas back and forth [47, 63, 72], exploring 
different approaches to structure and tone [53, 61], and using the 
conversational format to engage and think through complex argu-
ments together [47, 63, 86]. In addition to chat, many tools now 
integrate dedicated “canvas” writing modes, enabling inline editing 
and rewriting alongside the chat interface [48]. 

Similar to the shift that occurred with writing centers, there has 
also been growing interest in specialized writing tools to support 
writers as collaborators or to provide feedback for revisions. A 
common theme in current AI writing assistants is to treat the model 
as a co-author [67, 109]. This idea extends across domains, such as 
personal journaling [50], academic review writing [20, 90], legal 
writing [102], creative stories [21, 39, 79], and creating characters 
[73]. Another way to support writers as co-authors is emphasizing 
process guidance and exploration over content generation. This 
approach spans contexts ranging from structured, step-by-step 
support to interactive environments that prompt reflection and 
iteration [4, 20, 78, 92]. In addition to guiding users through multiple 
stages of drafting and revision, these systems encourage exploration 
of alternative phrasings [75], metaphors [36], and collaboration 
paradigms [85]. 

A second theme is to provide feedback for revising drafts. Many 
tools provide feedback from surface-level suggestions to persona-
based feedback [8]. Surface-level tools like Grammarly4 focus on 
grammar and spelling corrections, while more sophisticated sys-
tems address broader structural adjustments [42, 65, 102, 105], lan-
guage enhancement [42, 65, 99], and adherence to writing require-
ments [25, 42]. These feedback systems employ diverse techniques 
to support writers. Some use Socratic questioning to prompt deeper 
reflection and critical thinking [5, 20, 51], while others provide 
continuous summaries to help writers reflect on their writing pro-
cesses [26]. Reflection can also be supported through interface-level 
nudges, such as analogies, personas [107], reflection timers [108], 
and delays [7]. Advanced systems attempt to align feedback with a 
writer’s values and intentions, ensuring contextual relevance [55]. 
Recent systems such as Friction visualize feedback across a draft to 
help writers prioritize issues and plan actionable revisions [111]. 

While existing AI writing systems demonstrate diverse approaches 
to supporting writers, most systems operate through text genera-
tion for users (i.e., either by directly editing text or making sugges-
tions). This directive guidance (e.g., making a wording suggestion 
1https://chatgpt.com/
2https://claude.ai/
3https://gemini.google.com/
4www.grammarly.com 

change) can diminish writer agency [76] and has led to many educa-
tional concerns (§2.2) even as AI writing tools are fast being adopted. 
Our work aims to reconcile the growing demand for AI writing tools 
with educator concerns by drawing from writing center pedagogy. 

2.2 Rising Concerns in Writing with AI 
A central concern of writing with AI is that it challenges tradi-
tional notions of authorship and originality [33, 45, 66, 74], rais-
ing widespread fears around plagiarism and academic integrity 
[2, 22, 62, 74, 81, 82]. As LLMs can generate coherent, evidence-rich 
content with minimal user input, they also complicate questions 
of agency and ownership—how writers perceive their connection 
to and control over their work when they write with LLMs [38]. 
Research has shown that users’ sense of agency and ownership— 
both intellectual and emotional—can be diminished depending on 
how AI systems are designed [76, 87, 112]. For instance, longer 
generated text and direct idea generations often reduce perceived 
control and ownership [9, 28, 32, 38, 77], while interaction design 
such as provenance tracking can restore agency [44]. 

From an educational standpoint, AI can hinder writing skill 
development. Students may bypass critical thinking and revision 
processes [31, 54, 63]. There are also worries that habitual reliance 
on AI for brainstorming or drafting will weaken creativity and 
problem-solving capacities [33, 53, 61, 110]. AI responses can also 
homogenize student viewpoints, as outputs tend to reflect dominant 
patterns rather than diverse or critical perspectives [63]. Moreover, 
users can develop over-reliance on the tools, amplifying these risks 
[33, 61, 63, 86, 110]. 

AI suggestions can also shape users’ stances on controversial 
topics [46], push writing toward dominant cultural norms [1], and 
guide content selection in self-presentation [71], yet this influence 
often goes unnoticed by users. Another major concern is accuracy: 
language models are prone to hallucinating facts or generating 
misleading information [43, 52, 62, 81, 101, 104]. Additionally, AI-
generated content often exhibits formulaic linguistic patterns [61], 
frequently lacking the originality and conceptual novelty charac-
teristic of human-authored work [33, 53]. 

While challenges such as factual inaccuracy and algorithmic 
bias in LLMs raise broad ethical concerns that require systemic and 
technical solutions, other issues—such as plagiarism, over-reliance, 
diminished creativity, and reduced writer agency—are more directly 
shaped by how AI writing tools are designed. In this paper, we re-
think the form of AI writing support: moving away from usable text 
generation toward pedagogically grounded strategies that encourage 
writer agency. 

2.3 Writing and Writing Center Pedagogy 
Current writing center pedagogy has been largely influenced by 
North [69]’s seminal essay “The Idea of a Writing Center” in 1984. 
Since then, these ideas have evolved into more specific strategies. 
This section synthesizes writing center pedagogy into three distinct, 
interconnected themes of writing support: 1) writer-centered, 2) 
process-oriented, and 3) collaborative. 

The writer-centered approach tailors support to “the writers it 
serves” rather than to fixed curricula [69]. To foster a writer-centered 

https://chatgpt.com/
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environment, writing center literature has developed a set of indi-
vidualized scaffolding techniques. One key type of scaffolding is 
motivational scaffolding, which aims to cultivate students’ interests 
in writing tasks and encourage their persistent engagement with 
writing processes [23, 35, 60, 103], through practices such as offer-
ing specific praises and demonstrating sympathy and empathy [60]. 

A process-oriented approach to writing instruction emphasizes 
developing writers’ skills over writers’ texts [69]. One influential 
framework within this approach is minimalist tutoring. Initially 
focused on promoting student ownership of their work [11], min-
imalist tutoring later evolved into a widely accepted strategy for 
fostering student learning by minimizing direct intervention [35]. 
Instead of providing students with explicit corrections, minimalist 
tutoring encourages them to engage actively in the writing process 
[13]. Ultimately, the goal of minimalist tutoring is to cultivate in-
dependent writers who can critically assess and refine their work 
[35]. Writing center literature reinforces this process-oriented ap-
proach through several scaffolding techniques to give feedback that 
encourages students to engage with their writing [35]. Key scaf-
folding strategies include reacting as a reader, where tutors provide 
feedback from the perspective of an imagined reader and metacom-
mentary, where tutors explain the reasoning behind feedback to 
help students internalize the revision process [35]. 

A collaborative approach in writing centers emphasizes part-
nership between tutors and writers rather than a hierarchical in-
structional model [69]. Instead of tutors simply directing students, 
both parties engage in dialogue. Writing center literature shows 
that collaborative approaches encourage critical thinking [14] and 
deeper engagement with writing [6, 95]. Through discussion, tutors 
provoke thought in a social context, encouraging active learning 
[14]. In writing center literature, writing itself is often viewed as 
a re-externalized conversation, meaning that the writing process 
mirrors the way ideas are developed and refined through dialogue 
[14, 64]. By engaging in dialogic interactions about their writing, 
students can improve their ability to articulate ideas clearly, refine 
their arguments, and thereby develop stronger writing skills [35]. 

Although writing center pedagogy offers well-established strate-
gies to support student agency, collaboration, and process-based 
learning, its insights are rarely integrated into the design of AI 
writing tools. Our work bridges this gap by systematically translat-
ing writing center pedagogy into actionable design guidelines (§4.4) 
and providing an example of their implementation with a prototype 
LLM-based writing tool, Writor (§5). 

3 Formative Interview 
To ground the writing center principles introduced in §2 into design 
guidelines for intelligent writing support, we examined how writing 
tutors implement them in tutoring sessions through semi-structured 
interviews. While writing center literature outlines pedagogical 
principles, their implementation is deeply contextual and situated. 
Talking directly with tutors allowed us to see how they translate 
abstract principles into concrete strategies and to explore their 
perspectives on current AI’s role in writing centers. 

The study was guided by two research questions: (1) What 
strategies do writing tutors use to support students, and how 
are these strategies implemented during tutoring sessions? 

(2) What are tutors’ perspectives on how AI could support or 
transform writing center practices? 

3.1 Procedure 
We conducted semi-structured interviews with writing center tu-
tors. Interested tutors completed an online screening survey to 
confirm their tutoring background (have worked in a writing cen-
ter for at least three months). All interviews were conducted in 
English via Zoom, lasted approximately 60 minutes, and each partic-
ipant received a $20 Amazon gift card as compensation. Interviews 
were audio-recorded, transcribed, and anonymized. The interview 
schedule is included in the Appendix A. This study was approved 
by the relevant Institutional Review Board. 

3.2 Participants 
Participants were recruited through multiple channels, including 
writing center email lists, campus fliers, and participant referrals. 
Fliers were posted on a college campus, and recruitment emails 
were sent to writing center administrators at U.S. universities, who 
were asked to share the study information with their tutoring staff. 
We also employed snowball sampling, where tutors who agreed to 
participate could refer other tutors they knew who may be inter-
ested by sharing the interest form. 

We recruited ten writing center tutors from three U.S. universi-
ties, including two private institutions and one public institution. 
As writing centers operate on a peer-tutoring model, the sample 
included six graduate students and four undergraduate students. 
Participants’ tutoring experience ranged from three months to five 
years, with an average of 1.95 years (SD = 1.54 years). 

3.3 Analysis 
To identify themes and strategies tutors used to support student 
writing processes, we conducted a reflexive thematic analysis on 
the transcribed interviews following Braun and Clarke [11]. Al-
though existing writing center literature provided concrete theo-
retical grounding, we chose this approach over purely deductive 
coding to remain open to tutors’ situated practices that may not 
align with established categories and to surface emergent themes 
around how principles are being adapted in the age of AI. 

After conducting the interviews, the first author familiarized 
herself with the interview data and made initial notes on tutoring 
strategies and themes. This author created an initial set of codes for 
individual strategies (e.g., “providing reader-perspective feedback”) 
and iterated on these codes through discussions with the last author. 
Iteration happened weekly during in-person discussions over the 
course of a month and included the last author and first author 
recoding the same interview transcript and meeting to resolve 
differences in codes. Following iteration, the authors reviewed the 
strategies and transcripts collectively to assess supporting evidence 
for each strategy. After refining the strategies, the first author 
revisited the data and checked for consistency between strategies 
and observations from the study. 

Throughout the analysis, we iteratively engaged with writing 
center literature and guidelines to understand how emergent strate-
gies connected to established pedagogical principles. In the follow-
ing section, we describe the strategies surfaced by our interviews, 
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organized around the writing center literature’s characterization of 
support as writer-centered, process-oriented, and collaborative. 

Positionality. Both coders (first and last authors) previously trained 
and served as writing center tutors and now work as AI/HCI re-
searchers. Their tutoring experience provided firsthand insight 
into writing center pedagogy, which allowed them to quickly con-
nect participant comments to established writing center literature. 
Many of the strategies identified therefore resonated as confirma-
tory of existing practices. At the same time, their roles as AI/HCI 
researchers meant they approached the data with an interest in 
how AI might authentically embody these pedagogical values. 

4 Formative Interview Findings 
4.1 Writing Support is Writer-Centered 
4.1.1 Empathy and Building Confidence. “How do you feel?” Six 
out of ten tutors mentioned this specific phrase during their inter-
views as they described what they would typically say to students. 
Empathy and confidence building emerged as an important writer-
centered approach, often mentioned as a means of motivational 
scaffolding in writing center literature [35, 60]. For example, P5 
mentioned listening to and reassuring students when they felt frus-
trated with reviewer comments or their relationship with advisors, 
while P7 deliberately tried to build emotional rapport to help stu-
dents feel more comfortable during sessions. 

This foundation of empathy naturally fed into confidence-building, 
where tutors used encouraging language and praise to help students 
recognize their own progress. Five tutors used encouraging lan-
guage and verbal compliments to affirm students’ writing abilities. 
For example, P2 emphasized the importance of helping students 
recognize their own progress, creating an environment where the 
student can believe that, “Yes, [student] can be a writer” ; P5 described 
boosting students’ confidence by reassuring them that their writing 
was already strong, particularly for those experiencing imposter 
syndrome or writing in non-native languages. 

4.1.2 Preserving Students’ Voices. Another crucial aspect of the 
writer-centered approach was preserving students’ voices in writ-
ing. Six tutors emphasized the importance of maintaining students’ 
original meaning and personal characteristics in their writing. As 
P2 noted, they prefer to “keep [students’ writings] as a kind of per-
sonal characteristic.” P8 highlighted their training to emphasize “it’s 
the students’ ideas that we’re working with” rather than imposing 
their own thoughts. P3 also employed a strict rule in giving students 
no more than four continuous words to ensure this, because “some-
times I say a sentence, and they [students] go: ‘Oh, that’s what I like.” 
This focus on preserving student voices and maintaining ownership 
aligns with many centers’ minimalist, non-directive tutoring [6]. 

4.1.3 Centering the Writer with AI. Five tutors brought up issues 
related to plagiarism raised by supervisors or students when dis-
cussing AI in tutoring contexts. P1 described a common scenario: 
“You [the student] use the words correctly, but you don’t know what 
they mean.” Tutors argued that any AI writing support should prior-
itize student voices by adopting non-directive, minimalist feedback. 
As they explained, such an approach should “force people to make 

sure what they[AI] generates” (P5) and “tell them[AI] not to touch 
any content” (P8). 

4.2 Writing Support is Process-Oriented 
Process-oriented writing support strategies emerged as another 
significant theme in our study. We identified three key strategies, 
with each being independently mentioned by eight tutors during 
our interviews. 

4.2.1 Using Examples and Analogies. Tutors emphasized the use of 
examples and analogies to facilitate student learning and compre-
hension. They provided a wide range of examples, from providing 
sentence structure options to sharing personal experiences for un-
derstanding writing contexts. They also used analogies to clarify 
complex concepts. For instance, P3 described using a simple topic— 
such as apples—to illustrate how to structure an introduction: “If I 
was writing a paper on apples, I would start with a broader history of 
apples and how they fit into my thesis, and then gradually lead into 
the thesis itself.” 

4.2.2 Providing Reader-Perspective. Eight tutors delivered feedback 
from a reader’s perspective rather than a purely instructional stand-
point. Instead of providing directive feedback as tutors, they shared 
their reactions and understanding of the text as readers, helping 
students recognize how their writing affects their audience. For 
example, P9 provided their perspective as a reader and asked clari-
fying questions accordingly by asking questions like, “I also noticed 
[something] as I was reading...maybe you could expand here?” 

4.2.3 Understanding Prompts. Tutors ensured students thoroughly 
understood assignment prompts to maintain alignment with in-
structor expectations. Specifically, this involved having students 
explain prompts in their own words and collaboratively reading 
instructions to establish shared understanding. For instance, P6 
emphasized checking for misalignment, noting that if students 
explained the instructions differently from how they initially inter-
preted them, they would “literally point to parts of the instructions 
and say, ‘When your instructor says to add more ethos to your paper, 
what does ethos mean?”’ 

4.2.4 Orienting Process in AI. Organization and planning was the 
most highly regarded capability of AI tools among tutors. Tutors 
shared their experiences using AI for organization, flow, generating 
ideas, and outlining. P3 imagined a scenario where a student might 
ask how their essay differs from a standard academic essay, and that 
an AI model could be helpful in simply pointing out basic elements, 
such as telling a freshman, “you need an introduction.” Three tutors 
reported using AI for these purposes in their own writing, while one 
tutor had experience using AI for writing tutoring. In total, six tutors 
perceived that AI could be effectively employed in writing tutoring 
for process-oriented tasks, making it the most highly perceived 
capability of AI. 

4.3 Writing Support is Collaborative 
4.3.1 Tutoring is Conversational. “Sometimes they show the writ-
ing... I say, close your laptop for a second, and I close my laptop, too, 
and I say, like, talk to me,” P6 said. Six tutors highlighted how 
conversation forms the foundation of collaborative writing support. 
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G6: The system should provide dialogic feedback and 
actively encourage conversation grounded to writing 

G7: The system should elicit and respond to what the 
writer wants to work on 

G3: The system should use examples and analogies to 
illustrate and support writing processes 

G4: The system should model reader responses to 
help writers gain audience-awareness 

Figure 2: Interview insights and design guidelines categorized by writer-centered, process-oriented, and collaborative. Based on 
insights from formative interviews with writing tutors, we identified seven core design guidelines. 

Tutors actively created opportunities for dialogue rather than deliv-
ering one-way instruction. Some tutors, like P6 and P8, intentionally 
asked students to close their laptops to facilitate conversation, shift-
ing focus from the written text to the verbal expression of ideas. 
Tutors also engaged in back-and-forth discussions instead of direct 
instruction about writing strategies and clarity, as noted by P4 and 
P9. Additionally, P7 emphasized that conversation is central to their 
tutoring philosophy, using dialogue as a primary tool for helping 
students develop their ideas. 

4.3.2 Understanding Expectations. Rather than prescribing solu-
tions, five tutors described a collaborative process of understanding 
writers’ expectations. Tutors usually dedicated initial session time 
to mutual exploration of achievable goals for the session that are 
“the most helpful to [the writer]”, as P7 noted. This approach posi-
tioned writers as active participants rather than passive recipients 
of instruction, creating a shared understanding that guided their 
collaborative work rather than imposing a tutor-directed agenda. 
“[The way] we’re trained isn’t necessarily like we’re gonna go through 
and tell you everything,” P9 emphasized. 

4.3.3 Collaboration in AI Systems. While tutors did not specifically 
mention AI’s capabilities in fostering a similar collaborative writing 
space, five tutors expressed skepticism about AI’s ability to truly 
understand student writing. They noted that tools like ChatGPT of-
ten provide overly general feedback, struggle with long or complex 
texts, and lack awareness of context or instructional expectations. 

Unlike human tutors who facilitated back-and-forth conversations, 
AI systems seemed only capable of engaging in vague discussion. 
As P6 noted, “ChatGPT sounds like the classmate who didn’t do the 
reading, but still has to participate in class.” 

4.4 Design Guidelines 
We translate tutoring practices from our interviews into actionable 
design guidelines for intelligent writing support systems, as shown 
in Figure 2. We unified guidelines around how we perceived these 
strategies interacting based on interviews with tutors and writing 
center literature. “Empathy to Writers” and “Building Confidence” 
were merged into G1, as both contribute to motivational scaffolding. 

5 System Design 
We illustrate how our design guidelines can inform the design of 
intelligent writing tools by developing Writor , a prototype writing 
system that aims to provide process-oriented, writer-centered, and 
collaborative writing support. 

5.1 System Architecture & Workflow 
Writor utilizes a client-server architecture with a Flask-based back-
end and a JavaScript frontend. The backend integrates prompting to 
OpenAI’s GPT-4.1-mini for writing analysis and Firebase Firestore 
to store session data and interaction history. 

The system operates in two key stages: (1) a preparation and 
goal-setting stage, where writers input context, upload texts, and 
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Figure 3: Illustration of Preparation & Goal Setting Stage of 
Writor: (A) entering writing task’s purpose and requirements, 
(B) selecting goals to focus on during revision, (C) enter the 
essay, and (D) review the input and selected goals. See Fig. 15 
in the appendix for actual system interfaces. 

define their writing objectives (§5.2); and (2) an editing stage, where 
they receive and engage with AI-generated feedback (§5.3). Prompts 
used for Writor are included in Appendix B. 

5.2 Preparation & Goal Setting 
Two tutors in our study noted that students often struggle to articu-
late goals independently or propose goals misaligned with writing 
center practices (e.g., seeking only grammar correction). Because of 
this, Writor generates goals as starting points for writers to think 
through their own goals. 

Writers start by reflecting on three planning questions (Fig. 3 
A): their task details, potential readers, and areas they want to 
improve. Based on the writer’s input, Writor generates a list of five 
suggested goals (Fig. 3 B, G5), with one of these goals focusing on 
potential audiences. An example of a generated goal is “use effective 
transition sentences and phrases to ensure smooth and logical flow 
between paragraphs and ideas.” Writers can then select which of the 
generated goals to use and write in their own additional goals (G7). 
After setting the goal, writers will then input their essay and review 
their inputs before going to the editor interface. Figure 3 shows a 

high-level illustration of the goal-setting stage, and screenshots for 
these four stages can be found in Appendix Fig. 15. 

5.3 Editing Stage 
Following goal-setting, Writor automatically overlays feedback (Fig. 
4) aligned to the writer’s goals on the writer’s working draft. There 
are two types of feedback: critique and praise. Below we describe 
the individual interface elements that support the editing stage. 

5.3.1 Text Editor. The text editor on the left panel serves as the 
core space for writing and revising. It provides basic text formatting 
tools including bold, italic, and underline. The two key features in 
the editors are: 

• Interactive Highlighting (Fig. 4c): Each suggestion or 
comment generated by Writor is linked directly to high-
lighted spans of the writer’s text, color-coded to critique or 
praise. When a highlighted span is clicked, the associated 
feedback card will scroll into view in the sidebar. 

• Highlight & Get Feedback Button (Fig. 4b): Writor allows 
writer-initiated feedback in addition to initial generated feed-
back (G7). A writer can highlight any sentence within the 
text editor and request feedback from Writor . 

5.3.2 Feedback Sidebar. Writor’s sidebar (Fig. 4e) holds cards rep-
resenting all generated feedback, including praise (G1) and areas 
for improvement. For each area of improvement, Writor is designed 
to generate feedback using one or more of the following strategies 
(G2): asking questions (G6), providing examples and analogies (G3), 
or offering a reader perspective (G4). We limit initial feedback to 
five items and three praises in order to not overwhelm writers with 
long lists of generated feedback. 

Writers can ask follow-up questions for each critique within 
each card (G6). If a writer wants examples of how to implement 
a suggestion, a Find Example button below the chat bar enables 
an additional strategy: finding examples within the writer’s own 
text that might be a first step to addressing the current suggestions 
(G3 & G6). If no examples can be found, Writor provides analogies 
or examples on a different topic (e.g., P3’s use of a basic topic like 
apples to illustrate a suggested revision). 

5.4 Summary of Features 
Table 1 summarizes the key features of Writor , grouped according 
to our three pedagogical themes: writer-centered (G1–G2), process-
oriented (G3–G5), and collaborative (G6–G7) support. Features 
are listed with their location, description, and the specific design 
guideline they address. This overview illustrates how each design 
guideline operationalizes into Writor’s features. 

5.5 Internal Audit 
To ensure that generated feedback aligned with our intended fea-
tures and writing center standards, we conducted an internal audit 
of the generated goals (§5.2) and feedback (§5.3). Two authors inde-
pendently reviewed system outputs using a structured coding tem-
plate with defined criteria (listed in Table 2). Initial agreement was 
substantial (𝜅 = 0.79), and disagreements were resolved through 
discussion. Full definitions and examples are in Appendix C. 
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Figure 4: Edit Interface of Writor: (a) Expandable button for viewing selected writing goals; (b) Highlight & Get Feedback 
for user-initiated analysis; (c) Interactive highlighting that connects feedback to specific text; (d) Progress bar for tracking 
addressed feedback items; (e) Critique and praise cards. 

In Writor , goals and feedback are generated via a mixture of 
single prompts and multi-prompt pipelines. Goals are generated 
via a single prompt, and evaluated for relevance and specificity 
toward writer’s writing prompt details and editing expectations. 
Feedback includes both critique and praise. Critiques use a 4-stage 
pipeline: (1) identify feedback topics from goals, (2) locate relevant 
sentences, (3) select feedback type (e.g., giving examples), and (4) 
generate feedback. Praise uses single prompt generation. We gen-
erated and evaluated 24 goals, 24 topic identifications, 60 critiques, 
and 36 praises across four texts. We report the results of the audit 
in Table 2. The results indicated that Writor successfully met its in-
tended standards: goals were always relevant, specific, and tailored 
to the prompts (100% across criteria); critique feedback was accurate, 
non-directive, and appropriately mapped to higher-order concerns 
(mostly greater or equal to 96%, with feedback-type alignment a bit 
weaker at 88.33%); and praise was consistently appropriate, though 
slightly less specific (91.67%). 

We also compared our prompting approach against a single 
prompt for praise and critique, in which we asked the critique 
feedback to be non-directive and constructive. The results showed 
that our critique pipeline produces significantly longer (+46.9%) 
and more specific (in terms of noun chunks) (+74.3%) critiques 
compared to the baseline (𝑝 < 0.01). Writor’s critiques have slightly 
higher sentiment than the baseline (0.25 vs. 0.21), but the difference 
is not significant. Additionally, our approach generated praise that 
was significantly more specific (+20.2%) and encouraging (+51.9% 
sentiment). Details in Appendix C.1. 

6 Expert Review of Writor 
Our study aims to explore how writing center pedagogy translates 
and operationalizes into design guidelines (§4.4) for AI writing 
support tools. Our system, Writor , is a functional prototype that 
operationalizes the design guidelines in practice. 

To evaluate this approach, we conducted an expert review with 
instructors, tutors, and AI researchers. We prioritized expert feed-
back for this stage of research because experts are uniquely posi-
tioned to assess the faithful translation of pedagogical guidelines 
(RQ1) into technical implementations and to validate Writor’s ped-
agogical soundness (RQ2). Furthermore, this approach allows us to 
examine the role of writing center principles in guiding AI develop-
ment and to identify where tools like Writor might integrate into— 
rather than replace—existing writing support ecosystems (RQ3). 

Our review was guided by the following research questions: 
• RQ1: In what ways does Writor reflect or diverge from core 
principles of writing center pedagogy? (Translation of Design 
Guidelines) 

• RQ2: How do participants rate the quality and usefulness of 
Writor’s feedback? (Pedagogical Soundness) 

• RQ3: What specific writing contexts or scenarios do partici-
pants view as appropriate for Writor integration? (Potential 
for Integration) 

6.1 Procedure 
We conducted a mixed-methods study that had participants in-
teract with Writor and complete a structured survey evaluating 
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Feature Description Design Guideline 

Writer-Centered Features (G1–G2) 
Praise Cards 
(Sidebar, Fig. 4e) Highlights strengths in the draft with specific and con-

textualized praise. 
G1: Empathy & Confidence 

Critique Cards 
(Sidebar, Fig. 4e) Provides non-directive, empathic critiques aligned with 

goals set in the goal-setting stage (§5.2). 
G2: Non-directive Feedback 

Prompting 
(Backend, Appendix B) A prompting pipeline explicitly forbids copy-pasteable 

text and enforce empathic, supportive tone in critiques. 
G2: Non-directive Feedback 

Interactive Highlighting 
(Editor + Sidebar, Fig. 4c, e) Color-coded linking between text and cards encourages 

reflection and prevents direct insertion. 
G2: Non-directive Feedback 

Process-Oriented Features (G3–G5) 
Analogies & Examples Feedback uses generated analogies/external examples 

to clarify feedback. 
G3: Examples & Analogies 

Reader Perspective Provides critiques through phrasing as readers’ reac-
tions (e.g., “As a reader, I feel...”) to increase reader-
awareness. 

G4: Reader-Perspective 

Goal Generation 
(Goal Setting stage, Fig. 3A&B) Generates five suggested goals from writer-provided 

task, audience, and concerns. 
G5: Align with Goals 

Topic Identification 
(Backend, Appendix B) Identifies relevant high-level writing topics (e.g., thesis) 

based on selected goals as part of the critique prompting 
pipeline. 

G5: Align with Goals 

Collaborative Features (G6–G7) 
“Find Example” Button 
(At the bottom in critique cards) Prioritizes examples from the writer’s own draft to 

demonstrate how to address the critiques; if none exist, 
it generates an illustrative example to guide revision. It 
also offers an easy starting point for conversations. 

G3: Examples & G6: Dialogic 

Open-Ended Question 
(Backend) Ensures all feedback ends with a question to invite 

dialogue. 
G6: Dialogic Feedback 

Conversational Chat 
(In each critique card) Enables multi-turn discussion on specific feedback 

cards while preserving non-directiveness. 
G6: Dialogic Feedback 

Custom Goal Input 
(Goal Setting stage, Fig. 3B) Writers can add their own revision goals beyond AI-

suggested ones. 
G7: Meet Writer Expectations 

Revisit Selected Goals 
(Fig. 4a) Displays chosen goals for ongoing reference throughout 

writing. 
G7: Meet Writer Expectations 

“Get Targeted Feedback” 
(Fig. 4b) Allows sentence-specific, writer-initiated feedback re-

quests. 
G7: Meet Writer Expectations 

Table 1: Overview of Writor features mapped to pedagogical design guidelines. 

Writor’s feedback. We then conducted follow-up interviews with a 
subset of the participants. The study was conducted online, where 
participants accessed Writor and the associated survey through a 
link. 

After providing consent, participants chose between using Writor 
with provided sample texts or their own writing samples. We pro-
vided two types of sample texts: 5 argumentative essays from The 
Michigan Corpus of Upper-Level Student Papers,5 an open corpus 
of student writing samples, and 5 open-source cover letters from 
universities’ career centers. Participants who selected a sample 
5https://elicorpora.info/main 

bypassed the goal-setting stage (§5.2) and proceeded directly to the 
editor, since setting artificial goals for texts they did not author 
was unnecessary. The goals for sampled essays were pre-selected 
by the researchers. However, those uploading their own samples 
completed the full workflow (Fig. 5). 

After using Writor , participants completed a structured survey 
evaluating Writor’s feedback quality, features, and alignment with 
writing center pedagogy. We collected survey responses from two 
sources: a short survey directly in the editor interface and a longer 
survey after participants finished interacting with Writor . Using 
two surveys allowed us to increase response rates and capture 

https://elicorpora.info/main
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Audit Component Evaluation Criteria Success Rate 

Goal Generation Is this goal relevant to the prompt or edits? 100.00% 
Is this goal specific for the prompt or edits? 100.00% 
Is Goal 5 tailored to the instructor’s expectations? 100.00% 

Critique Feedback Does this topic (e.g. thesis, argument) fit into the pre-
set categories of high-order writing concerns? 

100.00% 

Does the topic align with one or multiple goals? 96.00% 
Is the feedback appropriate for the sentence? 100.00% 
Is there any inaccurate information? 98.33% 
Does the feedback include any usable text? 96.67% 
Is the feedback non-directive? 100.00% 
Does the feedback align with the feedback type? 88.33% 

Praise Feedback Is the feedback appropriate for the sentence? 100.00% 
Is the praise specific to the details in the sentence? 91.67% 

Table 2: Summary of Internal Audit Results for Writor. All questions were evaluated on binary scales. 

both immediate impressions and more reflective feedback. At the 
end of the long survey, participants could indicate their interest in 
participating in a raffle to win one of five $25 Amazon gift cards. 

Participants could also indicate interest in a follow-up interview. 
Interested participants were contacted to schedule approximately 
30-minute semi-structured interviews conducted via Zoom. They 
received a $25 Amazon gift card within a week of completion. 
Interviews were audio-recorded, transcribed, and anonymized for 
analysis. This study was approved by the relevant Institutional 
Review Board. 

6.1.1 Data Collection. We collected three types of data for analysis: 
(1) telemetry data, including feature usage, chat histories, and page 
navigation; (2) survey responses, from both the short and long 
surveys; and (3) interview transcripts from follow-up sessions with 
selected participants. 

The short survey included one 5-point Likert-scale question 
on overall helpfulness, two open-ended questions about Writor’s 
impact on writing education and its most and least useful features, 
one question on the participant’s professional role, and an optional 
email field. The long survey consisted of 5 parts, categorized as: 

(1) Feedback quality questions, covering aspects including 
clarity, tone, usefulness, specificity, and willingness to adopt. 
We also include questions that asked participants to com-
pare Writor’s feedback with other feedback sources such as 
writing instructors and other generative AI tools. 

(2) Questions about the alignment of generated feedback 
to writing center principles, grouped under the three core 
principles: writer-centered, process-oriented, and collabora-
tive. 

(3) Demographic and professional background, including 
experience, institution type, and roles. 

Both the short and long surveys can be found in Appendix D. 
All questions in the short survey were required except for leaving 
an email address. We did not require participants to answer all 
questions in the long survey. 

For interviews, we contacted participants in the order they com-
pleted the long survey and provided their email addresses. We asked 
participants about their overall impressions of the tool and how it 

compared to other AI writing tools, how well its strategies align 
with their tutoring values, scenarios where it could be most helpful, 
suggestions for improvement, and any feedback type or goal they 
felt were missing. 

Table 3: Survey Participant Demographics. Note that partici-
pants were not required to answer demographics questions. 

Characteristic Category Count 

Age 

18–24 years 3 
25–34 years 7 
35–44 years 9 
45–54 years 3 
55–64 years 1 
65+ years 3 

Gender 
Women 19 
Men 6 
Non-binary 1 

Race/Ethnicity 
White 9 
Asian 5 
Hispanic 2 

Experience 

Less than 1 year 7 
1–5 years 5 
6–10 years 5 
11–15 years 3 
15+ years 6 

Institution Type 
Public universities 11 
Private universities 7 
Industry 4 

6.2 Participants 
We recruited participants through multiple channels to reach writ-
ing educators and AI researchers. We sent direct email invitations 
to writing center administrators at U.S. universities, asking them 
to share the study information with their staff. We also distributed 
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Figure 5: Study 2 Complete Workflow 

recruitment flyers at academic conferences related to writing stud-
ies and composition, posted recruitment materials on social media 
platforms and professional networks, and leveraged personal and 
professional connections within the writing studies and educational 
technology communities. Additionally, we employed snowball sam-
pling, encouraging participants to share the study with qualified 
colleagues. We closed the survey when there were no new responses 
for a week. 

A total of 44 eligible participants completed the study between 
Jun 10, 2025 and July 28, 2025. To be eligible, participants needed 
to be between 18 and 80 years old, fluent in English, and have 
greater than 3 months experience tutoring or teaching writing 
and/or building AI-writing tools. Given the survey was distributed 
widely, we applied several exclusion criteria to ensure data quality 
and authenticity: 

• Responses reporting conflicting professional roles or exper-
tise across multiple role-related questions (e.g., inconsistent 
answers about being a tutor, instructor, or researcher) were 
excluded; 

• Responses utilizing atypical email domains6 were excluded; 
• Multiple submissions containing substantially similar or 
identical open-ended and close-ended responses across dif-
ferent email addresses were excluded; 

• Submissions exhibiting identical ratings (e.g., answering ’not 
at all’ to every question) across all quantitative survey items 
were excluded; 

• Responses with blank open-ended fields or placeholder con-
tent (e.g., “.”, “NA”) in all required responses were excluded. 

After applying exclusion criteria, survey responses from 30 par-
ticipants were included in the final analysis. Of these, 26 completed 
both the short and long surveys. 23 participants identified as writ-
ing instructors, 11 as writing tutors, and 6 as having AI writing 
research experience (see Table 3 for more demographic informa-
tion and Appendix E for a detailed role breakdown). Participants 
could select multiple roles. Participants engaged with Writor using 
different text types: 8 used a provided argumentative essay, 14 used 
a provided cover letter, and 8 uploaded their own writing. 11 partic-
ipants were selected for follow-up interviews. Their backgrounds 
can be found in Table 4. Five of the 11 interviewees also participated 
in Study 1 (§ 3). 
6E.g., domains similar to hahahahahaha.io (not the actual domain) 

6.3 Analysis 
6.3.1 Quantitative Analysis. We conducted descriptive and compar-
ative analyses using participants’ responses to the structured survey 
(Appendix D). We grouped responses by self-identified professional 
roles (tutor, writing instructor, AI researcher) and by attitude to-
ward AI in writing. Because participants could select multiple roles, 
some analyses included overlapping categories, meaning individual 
responses may appear in more than one group. To assess pedagogi-
cal alignment, we analyzed aggregated responses across three core 
dimensions (writer-centered, process-oriented, collaborative) and 
examined sub-component ratings and variability using standard 
deviations. We elected to not perform or report inferential statistics 
(e.g., paired t-tests) on our data for two reasons. The first was that 
we recruited from multiple expert populations and therefore had a 
relatively small sample size for each group (e.g., 6 AI researchers) 
and would be performing tests without the requisite power. Sec-
ond, our study did not focus on comparisons with existing systems 
but rather aimed to assess experts’ reactions to non-directive in-
telligent writing support. Because existing systems provide quali-
tatively different support, we did not compare Writor’s feedback 
against a baseline or control group and therefore did not have a 
null-hypothesis to reject or accept based on statistical significance. 
When reporting quantitative findings, we include insights from our 
interviews to deepen our overall review of Writor . 

6.3.2 Qualitative Analysis. We analyzed open-ended survey re-
sponses and interview transcripts using a similar procedure as §3.1. 
One researcher performed initial open coding on all transcripts, 
identifying recurring ideas and themes related to feedback quality, 
pedagogical alignment, system usability, and areas for improvement. 
To generate possible new codes and assess consistency with initial 
codes, a second researcher independently coded one interview and 
reviewed initial codes with the first researcher. Through weekly 
collaborative discussions over the course of a month, we refined 
and consolidated the code structure. Both researchers iteratively 
developed a shared codebook, resolving discrepancies through con-
sensus. Once finalized, the primary researcher applied the codebook 
across all transcripts to ensure consistency. 

Positionality. The background and experiences of our research 
team impacted our data collection and interpretation. Our team 
consisted of two former writing center tutors who are now AI/HCI 
researchers along with researchers in English studies and HCI. Our 

https://hahahahahaha.io
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Table 4: Interview Participant Background 

Participant Role Institution YOE 

P1 Tutor Public University 5 
P2 Tutor Private University 2 
P3 Tutor Private University 3 
P4 Tutor Private University 1 
P5 Instructor Public University 5 
P6 Tutor Public University; Industry 5 
P7 AI Researcher Industry 2 
P8 Instructor Public University 10+ 
P9 Tutor; Instructor; AI Researcher Private University 10+ 
P10 Instructor; AI Researcher Public University 15+ 
P11 Instructor Private University 15+ 

network gave us access to participants with diverse experiences 
and backgrounds (writing tutors, writing instructors, and AI re-
searchers). Some participants with anti-AI attitudes revealed that 
they still chose to participate because of the team’s connection 
to writing studies and the trust they placed in them. In addition, 
the first author’s background in writing tutoring allowed them to 
quickly establish rapport and connect with discussions of writing 
instruction during interviews. In coding the interviews, the team’s 
background allowed us to interpret participants’ responses from 
multiple perspectives: our tutoring experience enabled understand-
ing of pedagogical terminology, theoretical frameworks, and the 
practical challenges of using systems like Writor , while our AI/HCI 
expertise allowed us to contextualize technical critiques regarding 
feedback specificity, algorithmic reasoning, and interface design. 

7 Expert Review Findings 
7.1 RQ1: In what ways does Writor reflect or 

diverge from core principles of writing 
center pedagogy? 

Fig. 6 reports overall ratings for each dimension associated with 
writing center pedagogy and design guidelines. Interview responses 
generally revealed strong recognition of writing center pedagogical 
approaches in Writor . In the interview, nine participants noted how 
Writor is similar to writing centers. P3 observed: “what they[Writor] 
said is like very standardized writing center language... these strategies 
are like, good, writing center strategies.” P5 confirmed: “the questions 
raised by... the system... those questions are pretty much standard 
like those are some of the things that we’ll typically ask.” P6 noted 
the authentic sound: “it repeats the kinds of language that we use in 
the writing center.” Moreover, P9 memorably described Writor as 
feeling “like a writing center at 3 AM.”. Below we go into detailed 
responses for each dimension. 

7.1.1 Writer-centered. As shown in Fig. 6, “Feedback tone is pos-
itive” and “Feedback boosted confidence” both had high agree-
ment ratings, demonstrating that Writor instantiates G1 (Fig. 2). 
In the interview, seven participants strongly valued Writor’s pos-
itive, confidence-building approach. P3 noted: “it [the feedback] 
seems to be very encouraging... [and] helps the writer feel confi-
dent in writing, which I think is probably one of the most important 

things.” Writor’s balanced approach—combining both praise and 
critique—distinguished it from other AI tools, as P1 appreciated: 
“The other thing that’s annoying about using ChatGPT...[is that it] 
always give me something to change, even when it really doesn’t 
need to be changed anymore.” P11 valued the potential to reinforce 
good practices through praise: “[it’s] not just saying like great job, 
but pointing out, what about it that is good. So that students kind of 
reinforce whatever skill or principle that’s being applied there.” 

Participants agreed that “feedback maintained integrity” of their 
voices and ideas, echoing G2. Beyond the 5-point Likert scale ques-
tions, 84% (21/25) of participants noted that Writor never generated 
text they could copy and paste. After manual review of the chat 
logs for the four participants who reported getting usable text, we 
saw that in five of the 94 total conversation turns7 among these 
participants, Writor generated copyable text, either a full or partial 
sentence (such as how to start a sentence). While in some longer 
conversations Writor eventually provided text, participants gener-
ally saw that Writor’s value was in discouraging shortcuts. As P8 
described it: “if there’s a platform available to discourage shortcuts 
and encourage that rhetorical, critical thinking while still taking ad-
vantage of the fact that students are using generative AI, then that is 
a value.” In the survey responses, three participants believed that 
non-directive approaches were “what AI for writing needs to be as it 
continues growing.” 

7.1.2 Process-Oriented. In the interviews, participants recognized 
Writor’s effective use of questioning to promote deeper thinking. 
While the feature was designed to sustain conversation (G6), par-
ticipants valued the questions for supporting process-oriented revi-
sion. P4 noted: “it sort of prompts the students to think about different 
ways they can write something.” In the submitted surveys, 5 partici-
pants explicitly praised the prompting questions, highlighting their 
usefulness in guiding reflection and encouraging thinking in the 
revision process. Reflecting these responses, “Feedback prompted 
deeper thinking” had high agreement among survey respondents 
in the process-oriented category. 

In addition to the features at the editing stage, an important 
process-oriented design choice was the goal-setting stage (G5). In 
the interviews, two participants appreciated Writor’s goal-setting 
7A conversation turn includes a user’s prompt and an agent’s response. 
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Figure 6: Participant ratings of Writor’s alignment with writing center pedagogical principles across three key dimensions: 
writer-centered, process-oriented, and collaborative. Color indicates their agreement levels, and the number inside each segment 
indicates the number of participants. Below each statement is the associated design guideline. As a note, G5 (Aligns with Goals) 
was not presented in the survey because participants were not required to go through the goal-setting stage. We also include 
supplementary analyses by participants’ writing-instruction backgrounds (Fig. 18) and by their attitudes toward AI (Fig. 17) in 
Appendix E. 

functionality for helping writers understand their writing objectives. 
P7 noted: “I did really like the goal setting part, because the reality is 
that if you are not writing an expository piece of writing, you actually 
probably have a weaker sense of what the goals are,” and stated that 
the goal setting part is “the most helpful” in their experience using 
the tool. However, three participants noted that students might be 
unfamiliar with the concept of setting writing goals or uncertain 
about how to articulate them, often having a vague idea without 
knowing exactly what they want to focus on. 

7.1.3 Collaborative. Participants generally supported the follow-
up chat feature and felt that interacting with Writor was con-
versational. Overall, 22 of the 30 participants engaged with the 
chat function. Their average engagement time was 6.38 minutes 
(𝑀𝑒𝑑𝑖𝑎𝑛 = 2.5, 𝑆𝐷 = 10.78). On average, they completed 10.91 
conversational turns with Writor (𝑆𝐷 = 8.77). Three participants 
emphasized the importance of the chat function. P8 observed how 
the chat functionality promotes engagement, aligning with G6: 
“you’ve forced students to engage with the with the chat... Because the 
student has to engage... I think that students would use that oppor-
tunity to chat more... instead of just taking a shortcut which doesn’t 
teach them anything.” 

7.2 RQ2: How do participants evaluate the 
quality and usefulness of Writor’s feedback? 

7.2.1 Feedback Shows Strong Balance and Positive Tone. Partici-
pants consistently praised Writor for delivering a well-balanced mix 
of praise and constructive critique in a positive tone. While related 
to participants’ appreciation of positivity and confidence-building 
in RQ1’s findings (§7.1), this subsection highlights how balance and 
tone were assessed as core quality dimensions of Writor’s feedback. 

Seven interviewees emphasized the role of praises: P8 noted it 
“gave the student confidence” and P4 highlighted that “the compli-
ment section. . . is really important in writing.” These impressions 
were mirrored in quantitative ratings (Fig. 7). Balance—the mix 
of positive and constructive comments—earned the highest score 
overall (𝑀 = 3.84, 𝑆𝐷 = 1.09, with 1 = Not at all helpful and 5 = 
Extremely helpful), with all professional groups rating it favorably. 
In survey responses, nine participants identified positive tone in 
the constructive critiques as Writor’s greatest strength. 

Interestingly, participants rated the overall helpfulness of Writor’s 
feedback as only somewhat helpful (mean and median = 3.00, SD 
= 1.02). While this overall rating was moderate, participant com-
ments pointed to specific factors that may have influenced their 
assessments and room for future improvements or customization. 
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Relevance 
(M=3.31) 
(SD=1.16) 

Accuracy 
(M=3.42) 
(SD=1.33) 

Specificity 
(M=2.77) 
(SD=1.39) 

Clarity 
(M=3.35) 
(SD=1.02) 

Actionability 
(M=3.23) 
(SD=1.14) 

Balance 
(M=3.84) 
(SD=1.09) 

Figure 7: Mean feedback quality ratings across six dimensions by expert type. Balance is rated the highest, and Specificity 
the lowest. We also include supplementary analyses by participants’ writing-instruction backgrounds (Fig. 20) and by their 
attitudes toward AI (Fig. 19) in Appendix E. 

One factor was balancing specificity in generated feedback. In 
the interviews, while two participants found certain comments too 
general (P2: “This feedback does feel a little, general” ), three felt 
they were overly specific, as P2 noted “I would feel pressured to 
do that [changes] because it highlighted that...[in a] such specific 
feedback.” This range of reactions suggests that mismatched levels 
of detail may have lowered overall ratings and points to the need 
for calibrating feedback to individual writer needs. 

7.2.2 Writor is preferred over other AI and might complement human 
feedback. Although participants with negative attitudes toward AI 
often rated Writor lower on alignment and feedback quality (see 
Appendix E), Writor was perceived as preferred over other AI 
tools (particularly for participants with a negative attitude 
towards AI) but fell short of human feedback sources, sug-
gesting its optimal role as a complement to—rather than a 
replacement for—human tutoring. In interviews, seven partici-
pants expressed strong preferences of Writor over other generative 
AI tools, while citing concerns about existing generative tools re-
placing human thinking. P3 explained that “a big reason why a lot 
of tutors don’t like generative AI is that they don’t want the AI to 
take away the human thought in the writing process.” In contrast, 
participants valued that Writor preserved student agency and origi-
nal text due to its non-directive nature. P10 appreciated that “this 
is an invitation for students to analyze their writing, and it seems 
like the goal is not to make the human or the thinker obsolete, but 
to give them more information about what their writing is doing.” 
The non-intrusive approach was particularly valued by P10: “I like 

that. . . whatever interaction is happening is off to the side that the 
writing itself isn’t being touched.” In the survey responses, 8 par-
ticipants expressed positive attitudes toward systems like Writor 
specifically because they avoid direct text generation. 

While Writor rated lower than instructors and writing center tu-
tors in direct comparisons (Fig. 8a), interviews framed this feedback 
as emphasizing the complementary nature of AI support rather 
than a limitation. P1 recognized the distinct value humans provide: 
“I don’t think it [the system] totally does the same thing that we do in 
person. . . ...[we do] like moral support and like encouragement.” P9 
similarly highlighted human tutors’ unique capacity for empathy: 
“it’s easier to deal with as a person, because I can see that they’re 
like frustrated, whereas I think, like a agent would not be able to.” 
Below, we discuss the opportunities participants saw for Writor to 
complement existing human writing support. 

7.3 RQ3: What specific writing contexts or 
scenarios do experts view as most 
appropriate for Writor’s integration? 

Participants identified four primary contexts where Writor could 
be integrated: before writing sessions, modeling peer reviews, self-
directed learning, and after writing sessions. Notably, participants’ 
focuses slightly differed based on professional background (e.g., 
writing tutors mostly focused on Writor support within writing 
centers). 

Before Writing Sessions. The most frequently cited context was 
using Writor before tutoring sessions, with 6 participants (including 
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Figure 8: Perceived quality of Writor’s feedback compared to instructor, peer, writing center, and generative AI feedback. 
Dashed line represents the “same” rating, diamond shape represents the mean value. Participants generally found Writor better 
than other generative AI tools, yet worse than writing center or instructor’s feedback. Note that these are perceptual ratings 
and participants were only given text examples of generative AI (e.g., ChatGPT, Claude, etc.). 

5 writing tutors) citing this use case. P1 suggested pre-session use 
could improve efficiency: “if they entered some information in on a 
form, and then, like ran it through this thing before the appointment 
that might actually get them moving a little better.” This reflects the 
view that students could arrive more prepared and already familiar 
with writing center strategies and session formats. P5 highlighted 
the comparative value: “students can use this tool and then come 
into the writing center, and then compare the feedback. . . they can 
also analyze like, hey, how is this conversation with the [system] 
different from the conversation that I have with my tutor.” This com-
parative value highlights how Writor and human tutors together 
can broaden the role of writing support by encouraging students to 

reflect on how different feedback sources complement one another. 
Ultimately, participants saw Writor as an additional aid but not a 
replacement for writing tutors: supporting rather than supplanting 
human feedback. 

Modeling Peer Reviews. 3 participants identified Writor’s poten-
tial to model peer review practices for student writers. P6 explained: 
“it could be useful in modeling what peer review could look like. . . the 
only model that my students would have for this kind of feedback 
is for me, and I think they might take it differently when it comes 
from an instructor.” P10 also noted: “students aren’t sure how peer 
review is helpful for them as writers. So I would think that this kind of 
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parsing and the interaction might be helpful.” Together, these com-
ments suggest that Writor may help students better understand the 
purpose and process of peer review by providing a practice model 
distinct from instructor feedback that can be distorted by power 
dynamics. 

Self-Directed Learning. Writor was viewed by 3 participants as 
appropriate for independent practice. P1 compared it to personal 
writing tools: “this is very similar to how how I use ChatGPT... I could 
see this as like almost like a regular way, a regular thing you use while 
you’re writing.” P9 identified broader applications and improving 
accessibility: “this would be a game changer for people who are not 
confident about their writing skills even after graduation, or having 
never gone to college.” 

After Writing Sessions. 2 participants valued Writor for extending 
learning beyond session constraints. P2 explained: “it would make 
more sense to use it after a session, because often we’ll have a session, 
and, like our sessions were always 45 min. . . And then. . . they’re like, 
Oh, it’s over.” Writor could provide “more time to kind of look at 
every single potential question that the [student] has without taking 
the writing tutor[s’ time]. . . there’s not enough time for every single 
question.” 

8 Discussion 
Writing centers have long recognized that giving students ready-
made sentences or paragraphs, while seemingly helpful, ultimately 
undermines the learning process of writing by reducing writer 
agency and ownership [35]. Practically, too, ready-made writing 
reduces practicing writing. Building on this pedagogical approach, 
we propose design insights to a form of intelligent writing support 
that focuses on non-directive feedback buttressed by writing center 
strategies. 

8.1 Designing for Writing Process 
The default text-generation capabilities of LLMs create a tension 
in how to scaffold writing process when systems can rapidly pro-
duce ready-to-use text. While previous literature identified risks 
of AI-generated text, including plagiarism [2, 22, 62, 74, 81, 82], 
reduced writer agency [38, 76, 87, 112], and discouraged critical 
thinking and reflection [63]—Writor shows that AI can provide 
meaningful support without directly producing text for writers, 
thereby mitigating some of the aforementioned concerns. This de-
sign stance situates Writor within recent calls to develop generative 
AI to support human cognition rather than supplant it [5, 72, 84, 94]. 

This work contributes to HCI literature on human-AI co-writing 
by creating a design framework arising from established writing 
center pedagogy to scaffold writing processes. Prior HCI work has 
often framed AI as a collaborator that shares the labor of text pro-
duction [20, 67, 106, 109], whereby the system and user take turns 
generating content. In contrast, we utilize the idea of generating 
non-directive feedback to facilitate writers’ own production of text. 
Other systems have moved toward scaffolding by offering inspira-
tion for metaphors [36] or scientific writing ideas [37], yet these 
still rely on providing content for users to select. Closer to our 
approach are systems that employ Socratic questioning [5, 51], con-
tinuous summaries [26], or use examples [20] to provoke reflection. 

In our work, we translate writing center principles into innovative 
strategies that inculcate reflection beyond these approaches. These 
include: (a) using reader-perspective feedback, examples, and analo-
gies to guide revision without supplying content (process-oriented); 
(b) pairing praise with emphatic critiques oriented towards writer’s 
goals (writer-centered); (c) inviting open-ended, goal-aligned dia-
logue to keep the system accountable to what the writer wants to 
work on (collaborative). 

Broadly, this work highlights how pedagogy can be translated 
into design guidelines that provide a foundation for designing inter-
active systems like Writor . While prior systems often incorporate 
individual design tenets—such as non-directive feedback through 
questioning and examples [5, 20, 51], empathy [99], conversations 
[49, 92], reader perspective [8]—these implementations are typically 
piecemeal. In contrast, writing center pedagogy offers an integrated 
framework that inherently encodes boundaries around agency and 
levels of assistance. Translating such framework into system design 
allows us to move beyond isolated features to a consistent and 
proven theory of support. 

8.2 Design Implications From Expert Review 
8.2.1 Designing for Trust Among AI-Skeptical Educators through 
Non-Directivity. Our expert review revealed a notable pattern: par-
ticipants with the most negative attitudes toward AI consistently 
perceived Writor as better or much better than standard generative 
tools.8 As P3 in the expert evaluation explained, tutors “don’t want 
the AI to take away the human thought in the writing process.” 
Participants saw Writor as avoiding this pitfall. They emphasized 
that Writor’s non-directive design preserved student agency, kept 
the writer’s original text intact, and prompted reflection rather than 
replacement. These reactions suggest that skepticism toward AI in 
writing education is not entirely a rejection of technology itself, 
but of modes of AI intervention that diminish agency, originality, 
or critical thinking. 

This insight points to a broader design implication: AI writing 
tools can earn trust among AI-skeptical educators by making stu-
dents’ agency visible and protected [41, 59]. More broadly, ground-
ing system design in an explicit pedagogical framework may itself 
contribute to trust, signaling to educators that the tool is built to re-
inforce, rather than erode, the learning process. This non-directive 
design philosophy can extend beyond writing instruction to other 
domains susceptible to AI automation to build trust among edu-
cators, such as computer science education and mathematics. For 
instance, rather than generating functional code blocks or solving 
equations directly, an agent might be restricted to providing de-
bugging logic (if the goal is not to learn debugging), while a math 
assistant could focus on identifying conceptual misconceptions. In 
these contexts, as in writing, trust is established not by the AI’s 
capability to perform the task, but by its distinct refusal to do so in 
favor of guiding the students’ own process in learning. 

Nevertheless, careful attention is still needed when relying on 
non-directive design. Even when a model refrains from generating 
text, it still shapes the writing process by deciding what to critique, 
what to praise, and what to disregard. By subtly directing revision, 
8In the survey, the examples provided for standard generative AI tools were ChatGPT, 
Claude, Gemini, and DeepSeek. 
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agency can be shaped rather than supported [17]. Although Writor 
uses goal-setting to help ensure feedback reflects writers’ stated 
intentions—an approach aligned with ethical nudging [91]—the 
inherent opacity of LLMs complicates how faithfully this alignment 
is enacted and limits the transparency necessary for users to under-
stand or evaluate those guiding choices. As we integrate these tools 
into educational settings, systems should help students be aware 
of these limitations. Given these inherent constraints of AI-only 
feedback, co-support between human instructors and AI agents 
presents a promising direction for addressing these tensions, which 
we examine next. 

8.2.2 Designing AI Tools within Human Writing Ecosystems. Writor 
was perceived as a complement to, rather than a replacement for, 
human writing instruction (§7.3). While AI systems like Writor can 
offer scalable feedback and will potentially improve as the under-
lying technology continues to mature, human tutoring remains 
irreplaceable for fostering interpersonal relationships, empathy, 
and individualized support. Thus, the vision we advance is not sub-
stitution but augmentation, that AI writing support tools should 
extend and complement human writing support. 

Participants identified four potential integration contexts for 
Writor , with two directly supporting traditional tutoring sessions: 
to use for preparation before sessions and follow-up after sessions. 
These integration contexts open the door to specific technical en-
hancements that could strengthen Writor , increasing the accessibil-
ity and continuity of writing support. For pre-session preparation, 
Writor can add an export function that allows students to bring edit 
logs and interaction histories to tutoring appointments. Tutors also 
benefit from seeing a record of the student’s prior interactions with 
Writor , giving early insight into the student’s needs as well as eas-
ing the introduction of writing center pedagogy. For post-session 
editing, Writor can be redesigned to support continuity with past 
tutoring conversations, extending learning beyond the time con-
straints of writing sessions and into hours when the writing center 
is inaccessible. Rather than Writor automatically highlighting sen-
tences for feedback, students and tutors could together identify 
specific areas to continue working on beyond the tutoring session. 
These improvements would transform Writor from a standalone 
tool into a bridge between human and AI writing support. 

In addition to direct integration with writing centers, partici-
pants also identified that Writor could be use to model peer reviews 
for student writers. Since participants recognized Writor’s align-
ment with writing center principles and non-directive feedback ap-
proaches, students could learn effective feedback practices through 
interaction with the system. While Writor was not designed as 
a trainer for giving feedback, its demonstration of constructive, 
process-oriented commentary could serve as implicit modeling for 
how students might approach reviewing their peers’ work. 

8.2.3 Integrating Specific Praise into Feedback Design. Writing is in-
herently vulnerable work, as writers expose their thinking and ideas 
through their texts, and productive feedback must create a support-
ive environment for growth [35]. The importance of praise emerged 
as one of Writor’s most valued features. Prior work showed that 
giving students praise enhances their motivation [24], engagement 
[24], acceptance of feedback [70], and improvements in grades [34]. 

In our study, participants rated “balance”—defined as the appropri-
ate mix of positive (praise) and critical feedback—as the highest 
dimension across all professional groups, with interview partic-
ipants consistently praising the system’s encouraging tone. The 
effectiveness of praise extends beyond mere encouragement to ac-
tive learning support. In the interview, participants believed that 
positivity helps to reinforce positive behaviors. 

At the same time, praise may risk collapsing systems into syco-
phancy. LLMs have a tendency to generate excessively agreeable 
responses to align with users’ expectations [83]. In the writing 
context, this might look like overly generous praise. To avoid syco-
phancy, we designed Writor’s feedback to make praise specific and 
integrated with critiques. For instance, positive comments high-
light particular achievements (e.g., “your last sentence clearly sum-
marizes the paragraph and strengthens your argument”) rather 
than generic approval (e.g., “great job”) inspired by writing cen-
ter pedagogy [35], and are deliberately balanced with a slightly 
greater number of constructive suggestions. Our audit (§5.5) fur-
ther demonstrating that Writor’s praises are more specific than a 
generic prompt for positive feedback. 

We argue that integrating praises into AI writing feedback is not 
only about making systems “nicer” but about supporting writers’ 
development. We suggest future feedback systems to prioritize spe-
cific positivity as a core design principle (e.g., praise for particular 
achievements, such as a well-structured thesis) . 

8.2.4 Designing for Adaptive Granularity in Feedback. Specificity 
was the lowest-rated dimension in Writor’s feedback. In qualita-
tive findings, some participants found comments too general to be 
actionable, while others felt “pressured” by feedback that was so 
specific it bordered on being directive. This discrepancy suggests 
that a static approach to feedback generation may be insufficient 
for the diverse needs of writers, suggesting a need for adaptive 
specificity for feedback-giving systems. 

To address this, future systems should move beyond single-turn 
prompting and implement user-controlled granularity for feedback 
specificity. Interfaces could offer mechanisms, such as a slider, al-
lowing writers to explicitly request the level of detail they need. 
While highly specific feedback carries the risk of becoming directive, 
systems can mitigate this by utilizing process-oriented strategies, 
such as providing analogies and examples (G3) or using reader-
perspective style feedback (G4), to ensure that the feedback remains 
a scaffold for user reflection rather than a correction to be passively 
accepted. 

8.3 Alternate Design of Writor 
Writor represents one possible implementation of our design guide-
lines for integrating writing center pedagogy into intelligent writ-
ing support systems. However, the guidelines we developed (Fig. 2) 
could inform alternative designs or modalities. For example, rather 
than providing structured feedback cards, a system could represent 
feedback exclusively through dialogue (e.g., a conversational agent). 
This approach would more directly mirror the conversational na-
ture of writing center sessions, allowing for immediate clarification 
via follow-up questions, thereby suiting a writer’s specific needs. 
Extending the idea of dialogue, a system could be entirely voice-
based [49] to mirror person-to-person tutoring conversations. 
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These guidelines can also inform the design of tools that integrate 
more directly with existing writing center sessions. Rather than 
standalone systems like Writor , alternative designs could enhance 
and scaffold writing center sessions. We have pointed to potential 
new features to support before and after writing sessions in §8.2.2, 
as suggested by the participants. However, we imagine that tools 
that work during the tutoring sessions would also be helpful. For 
instance, an AI transcription and summarization tool could capture 
session dialogue in real time, showing whether goals were met 
and highlighting key discussion and feedback areas. Tutors and 
students could then revisit these summaries to reflect on the process 
and decide on next steps. Aligned with our guidelines, future tools 
could use empathic language to highlight strengths while focusing 
on higher-order concerns. 

8.4 Limitations and Future Work 
Here we discuss four limitations and suggested directions for future 
research. 

First, our study focused exclusively on expert viewpoints. Be-
cause evaluating whether Writor is designed to support effective 
writing processes is fundamentally a question of pedagogical fi-
delity, this stage of research relied on experts rather than students. 
While this approach provided valuable insights into understanding 
pedagogical practices and evaluating Writor’s effectiveness, align-
ment, and potential for integration, it may not capture how students 
actually experience writing centers and Writor . For example, stu-
dents without any writing center experience may find the feedback 
confusing, as the feedback approach might be unusual for them. 
Future work could conduct interviews with student writers who 
have used writing centers and comprehensive user studies with 
them to understand real-world usability and learning outcomes of 
systems such as Writor . Additionally, a longitudinal field deploy-
ment could investigate whether students internalize the revision 
strategies modeled by Writor and apply them to subsequent writing 
tasks without AI support. 

Second, participants rated Writor’s feedback as moderately help-
ful (M = 3.00), and pointed out that some of the feedback could 
be improved. These concerns may reflect the limitations of cur-
rent prompt-based approaches for building Writor . Recent work 
shows that prompt-based LLM-generated texts often exhibit persis-
tent, model-agnostic weaknesses such as clichés in writing quality 
[18, 19], suggesting purely prompt-based approaches may inher-
ently struggle with consistency. Future work could explore more 
robust techniques, such as finetuning on curated writing center 
dialogue, to better reflect pedagogical practices. 

Third, we reviewed Writor as a complete system and did not per-
form ablations. This limits our ability to strictly attribute perceived 
benefits to specific design components. Future research can iso-
late how elements such as the balance of feedback types, prompts, 
and interaction flow independently shape users’ perceptions and 
experiences with systems. 

Lastly, we acknowledge that writing center pedagogy represents 
just one of many possible pedagogical or composition frameworks 
for informing the design of writing support systems, alongside 

others such as genre-based or writing program administration ap-
proaches. We encourage future research to explore alternative edu-
cationally grounded approaches, particularly those from different 
cultural contexts, that may offer valuable alternatives or additions 
to the principles we propose. 

9 Conclusion 
In this work, we demonstrate that writing center pedagogy provides 
a valuable theoretical foundation for designing AI writing support 
systems that address current concerns about plagiarism, reduced 
writer agency, and undermining critical thinking. Through inter-
views with writing tutors, we translated pedagogical principles into 
seven actionable design guidelines and implemented them in Writor , 
an AI writing support prototype that provides non-directive feed-
back. Expert review with 30 domain experts revealed that Writor 
was consistently perceived as preferred over other generative AI 
tools—especially among AI-skeptical educators. Writor also aligns 
closely with writing center principles and shows potential com-
plementary integration contexts that enhance rather than replace 
existing writing support. Building on these findings, we discuss 
design implications, including designing non-directive systems that 
earn trust among AI-skeptical educators, designing AI tools to in-
tegrate within the human writing ecosystem, integrating specific 
praises into feedback, and designing for adaptive granularity in 
feedback for future works. 
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A Interview Questions 
Opening (5-8 min) 

• Welcome and introduction. 
• Brief overview of the research project and purpose of the 
interview. 

• Present the consent form; assure confidentiality and explain 
that the interview will be recorded for research purposes; 
give time for the participants to ask questions about the 
consent form. 

• Obtain consent. 

Body (50 min) 
Tutor Background (5 min). 

• Can you tell me about your experience as a writing tutor? 
• How long? Where? Which grade level? 
• What kinds of articles and students do you mostly work 
with? At what stages of writing? 

Tutoring Approaches and Strategies (15 min). 

• [Grounded to a scenario the tutor described earlier] We 
want to focus on the editing stage, where students come in 
and present a draft. What kinds of strategies do you usually 
use? 

• Can you give examples of non-directive tutoring strategies, 
such as scaffolding, that you use for advising on a draft? 
How effective do you find these? Do you think students find 
these approaches useful? 

• How do you balance offering guidance while ensuring that 
students retain ownership of their writing? 

• What kinds of questions or prompts do you find most effec-
tive for helping students think critically about their writing? 

• If you find out that a student might be using a language 
model to write their script, what guidance do you think is 
most necessary to give them? 

AI & Writing (24 min). 

• Do you use AI during your sessions? If so, how? 
• How do you feel about students’ writing after ChatGPT and 
other large language models gained tremendous popularity? 
What are your opinions on these tools from a writing tutor’s 
perspective? 

• How might an AI writing support tool complement the work 
done in writing centers? Are you using any AI tools right 
now during your sessions? 

• How could AI augment or help before, during, or after tutor-
ing sessions with you? 

• What opportunities do you see for expanding access to writ-
ing support through AI? 

• How could an AI tool potentially address common issues 
you encounter in tutoring sessions? 

Closing (6 min) 
• Is there anything else you’d like to share about your expe-
rience as a tutor or your thoughts on integrating writing 
center strategies into AI systems? 
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• Do you have any concerns or suggestions for the direction 
of this research project? 

• Based on your experience, what advice would you give to 
developers creating an AI writing support tool? 

Conclusion (2 min) 
• Thank the tutor for their time and insights. 
• Explain the next steps in the research process, restating how 
the interview data will be used. 

B System & Prompts 
The prompting strategy for areas of improvement follows the fol-
lowing 4-stage pipeline: 

(1) Topic Identification (Fig.9): Identifies high-order concerns 
(topics of writing concerns) based on the writer’s selected 
goals (G7); 

(2) Sentence-Level Analysis (Fig.10): Maps identified topics to 
specific sentences, focusing on the most significant issues 
(limited to top 5); 

(3) Feedback Type Selection (Fig.11): Determines the most appro-
priate feedback approach (e.g., reader-perspective feedback) 
for each identified sentence; 

(4) Final Feedback Creation (Fig.12): Generates concise (under 
700 characters) feedback using the feedback type paired with 
open-ended questions to promote writer engagement. 



CHI ’26, April 13–17, 2026, Barcelona, Spain Yijun Liu, John Gallagher, Sarah Sterman, and Tal August 

Given the following assignment details (with writer’s goals), identify up to 4 major high-order concerns that are the most 
urgent ones to fix from. However, please also make sure to only identify the topics that are relevant to the goals of the 
assignment. High-order concerns are: - Thesis/Argument: Whether the main argument is clear and well-structured. -
Organization: The logical flow and structure of ideas. - Development: Whether evidence, examples, and reasoning support 
arguments. - Audience and Purpose: How well the writing communicates its purpose to the intended audience. 
This is the goals students want to achieve for this essay: {assignment_goals} 
Return your response in JSON form, be specific in the reason: 

{ 
"HOCs": [ 

{"Issue": ""}, 
{"Issue": ""} 

] 
} 

Figure 9: Prompt for Topic Identification 

The essays want to focus on the following issues due to the given reasons: {topic_results} 
Please identify the issues in sentence level that are related to the issues and reasons. If you believe that the issue 
requires inserting a new sentence, highlight the previous sentence of the new sentences to be inserted. 
Here is the writing that needs to be improved: {essay} 
Return your response in JSON form, only return the top 5 most significant sentences’ issues: 

{ 
"Sentences": [ 

{ 
"Sentence": "", 
"HOC": "", 
"Reason": "" 

}, 
... 

] 
} 

Figure 10: Prompt for Sentence-Level Issues 

We want to give two types of feedback: Reader-Perspective Feedback and feedback involving giving examples or analogies. 
Giving reader-perspective feedback involves providing feedback on how the writing is perceived by the reader. Giving 
examples or analogies involves providing examples or analogies to help the writer understand how to improve their writing. 
Here are a list of problematic sentences that need feedback, with reasons and issue categories: {sentence_results} 
Here is the argumentative essay: {essay} 
Please decide which type of feedback is more appropriate for each sentence and provide feedback accordingly. 
Return your response in JSON form: 

{ 
"Feedback_type": [ 

{ 
"Sentence": "", 
"HOC": "", 
"Reason": "", 
"FeedbackType": "" 

}, 
... 

] 
} 

Figure 11: Prompt for Feedback Type Selection 



From Crafting Text to Crafting Thought: Grounding AI Writing Support to Writing Center Pedagogy CHI ’26, April 13–17, 2026, Barcelona, Spain 

Please provide an empathetic and encouraging feedback for the following sentences. Please use the specific feedback type in 
the list: {type_results} 
Here is the complete argumentative essay: {essay} 
Keep in mind these are user’s goals and assignment details: {assignment_details} 
Return your response in JSON form, never give users anything to copy and paste directly into their essay: 
Make sure each feedback sentence ends with an open-ended question to promote engagement, and keep the feedback under 700 
characters. Keep HOCs into one or two word. 

{ 
"Feedback": [ 

{ 
"Sentence": "", 
"HOC": "", 
"Reason": "", 
"FeedbackType": "", 
"Feedback": "", 

}, 
... 

] 
} 

Figure 12: Prompt for Final Feedback Generation 

Please identify the sentences that the writer did well and provide encouraging feedback for them. 
Here is the complete argumentative essay: {essay} 
The category should always include a praise word like "Good", "Excellent" plus the specific aspect. 
Return your response in JSON form only for the top 3 most significant sentences, keep the feedback under 400 characters, be 
concise yet constructive. 

{ 
"Encouragement": [ 

{ 
"Sentence": "", 
"Feedback": "", 
"Category": "" 

}, 
... 

] 
} 

Figure 13: Prompt for Encouragement Feedback 
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Here is the assignment prompt and requirements ’{assignment_prompt}’, please analyze what the expected goals are for the 
writing to fit the prompt or grading rubrics. Now, the user also have their expectations for the editing service, which 
are: {edit_expectations}. Given the information about the writing prompt, please provide the top 4 goals that the writer 
should aim for in their writing. Goal 5 should be a goal aim to satisfy the instructor/grader’s expectations for the 
assignment, who is described as {reader}. Be specific in your goals, refrain from broad goals. Return ONLY a JSON object 
with the following structure: 

{ 
"goals": [ 

"Goal 1", 
"Goal 2", 
"Goal 3", 
"Goal 4", 
"Goal 5" 

] 
} 

Replace the placeholder goals with the actual goals. Do not include any extra text. 

Figure 14: Prompt for Generating Goals 
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(A)  Enter Writing Task Details (B) Set Goals 

(C) Enter Essay (D) Review & Submit 

Figure 15: Screenshots for the Goal Setting Stage 
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C Internal Audit 
Goal Evaluation Definitions: 

• Relevant: A goal is relevant if it clearly aligns with either the 
assignment prompt or the student’s stated edit expectations. 

• Specific: A goal is specific if it mentions explicit concepts 
or strategies directly traceable to the prompt or edit expecta-
tions. If it is too vague or broad, it is marked “Not specific.” 

• Goal 5 Tailoring: Goal 5 is tailored if it reflects awareness of 
the potential reader’s role (e.g., instructor, grader, or HR) and 
tries to match their likely priorities (e.g., clarity, argument 
depth, detail). If it’s a Goal 5, it will display as “to be filled” 
in the audit sheet. We have in total four Goal 5 evaluated. 

Topic Evaluation Definitions: 
• Topic Fit: Topics should fall into one of the following: The-
sis/Argument, Organization, Development, Audience and 
Purpose. 

• Topic Alignment: The topic should directly address a chal-
lenge the goals aim to improve. No alignment means it in-
troduces a new issue. 

Critique Evaluation Definitions: 
• Appropriate: Feedback should correctly identify and stay 
focused on the issue. 

• Non-Directive: Feedback should encourage reflection rather 
than prescribe exact fixes. 

• Feedback Types: 
– Reader-Perspective: Offers feedback on how the writing is 
perceived. 

– Examples or Analogies: Helps illustrate revision strategies. 
Praise Evaluation Definitions: 
• Appropriate: Focuses on real strength. 
• Specific: References detailed content. 

C.1 Comparison to Baseline 
We compared our prompting approach (e.g., 4-stage critique gener-
ation and separate praise generation) to a single prompt (Fig. 16). 
We compared it with a total of 150 critiques and 90 praises from 10 
different essays as presented as samples used in the user study. We 
present our findings in Table 9. 
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Type ID Details Generated Goal Relevant? Specific? G5 Tailored? 

Argumentative Essay Essay 1 Class assignment analyzing The Age of In-
nocence. Prompt asks for contrast between 
“spaces of dreams” and societal norms. 

Develop a clear and arguable thesis that 
addresses how Wharton contrasts these 
elements and what the Parisian setting 
reveals. 

No No Not applicable 

Table 5: Audit Example – Goal Generation 

Type ID Goal Summary Generated Topical Concerns Category Fit? Aligned? 

Argumentative 
Essay 

Essay 1 Goal about thesis clarity Lacks a concise thesis that addresses 
both dreams and Parisian symbol-
ism. 

Thesis/Argument Yes Yes 

Table 6: Audit Example – Topic Mapping 

Type Feedback Type Sentence for Feedback Generated Response A? I? U? ND? AL? 

Argumentative 
Essay 

Reader-
Perspective 

"In Edith Warton’s The Age 
of Innocence, dreams of self-
fulfillment lie in contrast to the 
context in which the charac-
ters exist—the time, the place, 
the society." 

Topic: Thesis/Argument; From a reader’s per-
spective, this sentence feels somewhat vague 
and does not clearly set up the specific ar-
gument the essay will make. Consider refin-
ing it to clearly state your main thesis that di-
rectly addresses both the contrast of the dream 
spaces versus Old New York society and how 
Paris symbolizes the hope or impossibility in 
Newland and Ellen’s romance. This clarity will 
help readers immediately grasp your essay’s 
focus. 

Yes No Yes Yes Yes 

Table 7: Audit Example - Critique Feedback Evaluation. A=Appropriate, I=Inaccurate, U=Usable Text, ND=Non-Directive, 
AT=Aligned Type 

Type Sentence for Feedback Praise Feedback Approp.? Specific? 

Argumentative 
Essay 

“He wants a space devoid of 
context, not only without ex-
pectations and conventions to 
follow, but entirely without 
categories to qualify love.” 

Excellent sentence that effectively 
unpacks complex ideas about soci-
etal constraints and personal desire 
with clarity and depth 

Yes Yes 

Table 8: Audit Example – Praise Feedback 

Please provide feedback on the following essay. 
Below are the assignment details and the student’s stated goals: {assignment_details} 
Please review the essay and provide: 1. Three specific sentences that deserve praise (Encouragement). 2. Five specific 
sentences that need improvement (Critique), using non-directive and constructive feedback. 
Here is the essay: {essay} 
Return your response in JSON form: 

{ 
"Praise": [ 

{ "Sentence": "...", "Feedback": "..." }, 
... 

], 
"Critiques": [ 

{ "Sentence": "...", "Feedback": "..." }, 
... 

] 
} 

Figure 16: Prompt for Baseline Praise and Critique Generation 
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Type Metric Writor Baseline Diff % P-Value Sig. 

Critique Length 36.67 24.96 +46.9% 0.0000 ** 
Critique Specificity 10.32 5.92 +74.3% 0.0000 ** 
Critique Sentiment 0.25 0.21 +14.8% 0.1599 
Praise Length 21.14 19.89 +6.3% 0.0414 * 
Praise Specificity 6.88 5.72 +20.2% 0.0013 ** 
Praise Sentiment 0.42 0.28 +51.9% 0.0001 ** 

Table 9: Comparison between Writor’s feedback and a single-prompt baseline (N=10 essays, 3 runs each) using paired t-test. 
Specificity measures the average number of noun chunks (concepts) per feedback item. ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05. 
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D Writor Evaluation Survey 
The majority of survey questions used 5-point Likert-style scales, 
with labels adapted to match question intent. These included quality-
oriented scales (Poor—Excellent), adoption likelihood (Definitely 
Not—Definitely Yes), agreement (Strongly Disagree—Strongly Agree), 
helpfulness (Not at All Helpful—Extremely Helpful), and compar-
ative judgments (Much Worse—Much Better). For questions that 
needed educational background or system building background, 
we added a “not applicable” option. For example, we recognized 
that some AI researchers may not have experience with writing 
centers. Therefore, when asking participants to compare Writor to 
writing centers, we included the “not applicable” option. 

D.1 Popup Survey 
(1) Overall, how helpful was the feedback you received? 

(Required) 
(a) Not at all helpful 
(b) Slightly helpful 
(c) Somewhat helpful 
(d) Very helpful 
(e) Extremely helpful 

(2) What impact do you think the system you interacted 
with, or systems like it, could have on writing educa-
tion? (Required) 

(3) What features of the system were most and least useful 
to you? Why? (Required) 

(4) Do you mainly work in writing tutoring/teaching or 
AI writing? (Select all that apply) (Required) 
□ I teach writing 
□ I tutor 
□ I research or build AI writing systems 
□ None of the above 

(5) Please leave your email address (optional): 

D.2 System’s Feedback 
(1) Accuracy 
(a) Poor 
(b) Fair 
(c) Good 
(d) Very good 
(e) Excellent 
(f ) Not applicable 

(2) Relevance 
(a) Poor 
(b) Fair 
(c) Good 
(d) Very good 
(e) Excellent 
(f ) Not applicable 

(3) Specificity (level of detail you wanted) 
(a) Poor 
(b) Fair 
(c) Good 
(d) Very good 
(e) Excellent 
(f ) Not applicable 

(4) Clarity 
(a) Poor 
(b) Fair 
(c) Good 
(d) Very good 
(e) Excellent 
(f ) Not applicable 

(5) Actionability 
(a) Poor 
(b) Fair 
(c) Good 
(d) Very good 
(e) Excellent 
(f ) Not applicable 

(6) Balance (positive and critical feedback) 
(a) Poor 
(b) Fair 
(c) Good 
(d) Very good 
(e) Excellent 
(f ) Not applicable 

(7) How would you describe the overall tone of the feed-
back? 

(a) Very critical 
(b) Somewhat critical 
(c) Neutral 
(d) Somewhat positive 
(e) Very positive 

(8) Would you consider adopting this feedback approach 
in your own teaching or tutoring practice? 

(a) Definitely not 
(b) Probably not 
(c) Unsure 
(d) Probably yes 
(e) Definitely yes 
(f ) Not applicable 

Please answer the following questions. Feel free to skip 
any questions that are not relevant to you. Rate your agree-
ment with the following statements: 

(1) The feedback helped me boost my confidence in writ-
ing. 

(a) Strongly disagree 
(b) Somewhat disagree 
(c) Neither agree nor disagree 
(d) Somewhat agree 
(e) Strongly agree 
(f ) Not applicable/Didn’t See/Didn’t Use 

(2) The feedback maintained the integrity of my ideas and 
voice. 

(a) Strongly disagree 
(b) Somewhat disagree 
(c) Neither agree nor disagree 
(d) Somewhat agree 
(e) Strongly agree 
(f ) Not applicable/Didn’t See/Didn’t Use 
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(3) The feedback helped me think more deeply about my 
writing. 

(a) Strongly disagree 
(b) Somewhat disagree 
(c) Neither agree nor disagree 
(d) Somewhat agree 
(e) Strongly agree 
(f ) Not applicable/Didn’t See/Didn’t Use 

(4) The follow-up chat function for each feedback is help-
ful. 

(a) Strongly disagree 
(b) Somewhat disagree 
(c) Neither agree nor disagree 
(d) Somewhat agree 
(e) Strongly agree 
(f ) Not applicable/Didn’t See/Didn’t Use 

(5) How helpful did you find this system’s reader point of 
view ("As a reader, I noticed. . . ")? 

(a) Not at all helpful 
(b) Slightly helpful 
(c) Somewhat helpful 
(d) Very helpful 
(e) Extremely helpful 
(f ) Not applicable/Didn’t See/Didn’t Use 

(6) How useful was the function to highlight and receive 
feedback for customized sections? 

(a) Not at all useful 
(b) Slightly useful 
(c) Somewhat useful 
(d) Very useful 
(e) Extremely useful 

How would you compare the quality of the system’s feed-
back to other forms of writing feedback you’ve received? 

(1) Compared to instructor/professor feedback 
(a) Much worse 
(b) Worse 
(c) About the same 
(d) Better 
(e) Much better 
(f ) Not applicable 

(2) Compared to peer feedback 
(a) Much worse 
(b) Worse 
(c) About the same 
(d) Better 
(e) Much better 
(f ) Not applicable 

(3) Compared to writing center feedback 
(a) Much worse 
(b) Worse 
(c) About the same 
(d) Better 
(e) Much better 
(f ) Not applicable 

(4) Compared to generative AI writing systems (ChatGPT, 
Claude, Gemini, DeepSeek, etc.) 

(a) Much worse 
(b) Worse 
(c) About the same 
(d) Better 
(e) Much better 
(f ) Not applicable 

(5) Did you receive any feedback that you can directly 
copy to your text? 

(a) Yes 
(b) No 

D.3 Interface and Designs for Writing Process 
Please rate your agreement with the following statements: 

(1) The system’s feedback approach felt more like a con-
versation than a critique 

(a) Strongly disagree 
(b) Somewhat disagree 
(c) Neither agree nor disagree 
(d) Somewhat agree 
(e) Strongly agree 

(2) I learned writing strategies that I can apply in the fu-
ture 

(a) Strongly disagree 
(b) Somewhat disagree 
(c) Neither agree nor disagree 
(d) Somewhat agree 
(e) Strongly agree 

(3) The system can support my development as a writer 
(a) Strongly disagree 
(b) Somewhat disagree 
(c) Neither agree nor disagree 
(d) Somewhat agree 
(e) Strongly agree 

D.4 Demographic Data 
(1) What’s your age range? 
(a) 18-24 
(b) 25-34 
(c) 35-44 
(d) 45-54 
(e) 55-64 
(f ) 65 or above 

(2) What is your race/ethnicity? 
(a) White 
(b) Black or African American 
(c) Asian 
(d) Hispanic or Latino 
(e) Native American or Alaska Native 
(f ) Native Hawaiian or Other Pacific Islander 
(g) Other (Please specify): 
(h) Prefer not to say 

(3) What’s your gender? 
(a) Male 
(b) Female 
(c) Non-binary 
(d) Prefer to self-identify: 



From Crafting Text to Crafting Thought: Grounding AI Writing Support to Writing Center Pedagogy CHI ’26, April 13–17, 2026, Barcelona, Spain 

(e) Prefer not to say 

D.5 Professional Background 
(1) Years of experience (tutoring or teaching writing; re-

searching or building AI writing systems): 
(a) Less than 1 year 
(b) 1 
(c) 2 
(d) 3 
(e) 4 
(f ) 5 
(g) 6 
(h) 7 
(i) 8 
(j) 9 
(k) 10 
(l) 11 

(m) 12 
(n) 13 
(o) 14 
(p) 15 
(q) 15+ 

(2) Institution type (select all that apply): 
□ Public university 
□ Private university 
□ Industry 
□ Other (please specify): 

(3) Your role (select all that apply): 
□ Writing center tutor 
□ Non-tenure track instructor 
□ Tenure-track/tenured faculty 
□ Research/Engineer roles in industry 
□ Other (please specify): 

(4) How frequently do you use AI writing systems? 
(a) Never 
(b) Rarely (a few times a year) 
(c) Occasionally (a few times a month) 
(d) Regularly (a few times a week) 
(e) Frequently (almost daily) 

(5) What is your attitude toward using AI for writing as-
sistance? 

(a) Very negative 
(b) Somewhat negative 
(c) Neutral 
(d) Somewhat positive 
(e) Very positive 

(6) How do your attitudes might differ between the system 
you just interacted with and other AI writing systems 
you have used? 

D.6 Follow-up Interview 
(1) Would you be willing to enter the raffle of winning 

one of 5 $25 Amazon Gift Card? (Required) 
(a) Yes 
(b) No 

(2) Please include your email if you would be interested 
in following up with us for a future interview. 

(a) Yes 
(b) No 

(3) If you answer yes to any of the questions above, please 
provide your email address: 
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E Additional Survey Results 

Table 10: Participants’ Professional Backgrounds 

Role Configuration Count Percentage 

Writing Instructor (sole role) 14 46.67% 
Writing Center Tutor (sole role) 4 13.33% 
AI researcher (sole role) 3 10.00% 
Instructor + Tutor 6 20.00% 
Instructor + AI researcher 2 6.67% 
Tutor + AI researcher 0 0.00% 
All three roles 1 3.33% 

Any writing instructor experience 23 76.67% 
Any writing center tutoring experience 11 36.67% 
Any AI research experience 6 20.00% 
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Figure 17: Participant ratings of Writor’s alignment with writing center pedagogical principles separated by AI attitudes. The 
text overlaying on each bar indicates the mean rating score. 

Figure 18: Participant ratings of Writor’s alignment with writing center pedagogical principles separated by with or without 
writing instruction/tutoring backgrounds. “No Writing Backgrounds” group consists of participants who exclusively identified 
as AI researchers. The text overlaying on each bar indicates the mean rating score. 
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Figure 19: Participant ratings of Writor’s feedback quality across six dimensions by AI attitudes. The text overlaying on each 
bar indicates the mean rating score. 

Figure 20: Participant ratings of Writor’s feedback quality across six dimensions by with or without writing instruction/tutoring 
backgrounds. “No Writing Backgrounds” group consists of participants who exclusively identified as AI researchers. The text 
overlaying on each bar indicates the mean rating score. 
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