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Figure 1: Design Framework of Friction. Users engage in a reflective cycle through three key stages to revise their essays based

on feedback. In Feedback Navigation (A), Friction breaks down and categorizes feedback, highlighting potential areas for

revision through a co-located heatmap, aiding in the detection of writing issues. In Reflective Planning (B), Friction encourages

translating feedback into actions by providing adaptive AI hints for diagnosing issues and strategizing improvements. In

Iterative Revision (C), Friction offers AI-driven evaluation and suggestions, encouraging continuous reflection and iterations.

Abstract

This paper introduces Friction, a novel interface designed to scaf-
fold novice writers in reflective feedback-driven revisions. Effective
revision requiresmindful reflection upon feedback, but the scale and
variability of feedback can make it challenging for novice writers to
decipher it into actionable, meaningful changes. Friction leverages
large language models to break down large feedback collections
into manageable units, visualizes their distribution across sentences
and issues through a co-located heatmap, and guides users through
structured reflection and revision with adaptive hints and real-time
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evaluation. Our user study (𝑁 = 16) showed that Friction helped
users allocate more time to reflective planning, attend to more crit-
ical issues, develop more actionable and satisfactory revision plans,
iterate more frequently, and ultimately produce higher-quality revi-
sions, compared to the baseline system. These findings highlight the
potential of human-AI collaboration to foster a balanced approach
between maximum efficiency and deliberate reflection, supporting
the development of creative mastery.
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1 Introduction

Revision is essential for high-quality writing. It leads writers to
reassess, reorganize, and reconceptualize their work [42]. Effective
revision typically involves gathering feedback from stakeholders,
reflecting on the identified issues, and making changes to address
them [6, 74, 113]. Nowadays, writers can obtain feedback not only
from instructors and peers, but also from online communities [49]
and crowdsourcing platforms [120] quickly and affordably. These
platforms improve availability of feedback and greatly expand its
scale to dozens or hundreds of individual pieces of free-form text
responses. This rapid access to diverse feedback offers transfor-
mative potential in creative writing, especially for novices who
have historically struggled to obtain varied critiques for revision.

However, easy access to feedback can be a double-edged
sword. Even with only a dozen feedback responses, each one
may contain critiques addressing different aspects of the writing,
creating potentially hundreds of more issues for authors to
address individually. For example, when an argumentative essay is
critiqued, a reviewer might point out the need for stronger evidence
to support key claims, suggest clarifying the thesis statement, and
recommend addressing potential counterarguments—all within
the same textual comment. With additional readers, the volume
of critiques can expand exponentially, covering elements such as
claims, warrants, evidence, and rebuttals. The diversity of opinions
can also increase, with the same element receiving different
suggestions from different reviewers. This can leave novice writers
overwhelmed, unsure where to begin, and struggling to translate
feedback into improvements [42, 59].

To execute effective revisions, writers must first organize feed-
back comments based on common issues, identify problematic areas
from a group of similar critiques, and then engage in a reflective
planning process by diagnosing specific deficiencies and formu-
lating a revision strategy [42]. Once this plan is in place, revision
often involves multiple cycles, as authors continuously refine and
reassess their work until the issues are considered resolved [32].
However, novices often lack the necessary skills and experience to
navigate this complex, iterative process [26, 42, 122].

Current research in Human-Computer Interaction (HCI) has
primarily focused on generating feedback summaries or suggested
changes by AI for rapid revision [1, 62, 80, 95, 107]. For example,
students can input the feedback they received to ChatGPT and
ask it to regenerate the full article based on the feedback. While
these approaches have shown promise in helping writers revise
efficiently, several challenges remain: 1) focusing on high-level
summaries can obscure potentially valuable individual comments
and may collapse the distribution of issues in a writing sample,
making it harder to identify problematic areas for broader
improvement; and 2) introducing easy alternatives short-circuits
the reflective learning process and poses the risk of deskilling,
leaving fewer opportunities for novices to practice their writing
skills and bring in their own perspectives.

We aim to strike a balance between efficiency and reflection, mini-
mizing the strain of dealing with the complexity of feedback while
exposing writers to the benefits of reflective practice. We believe
that writers could benefit from a more deliberate, slowed-down
pace of interaction, which encourages deeper reflection. Prior work
has shown that such reflection leads to higher quality results [121].
However, most learners do not naturally engage in meaningful
reflection without targeted intervention [8, 17, 21, 23, 83]. The chal-
lenge lies in achieving a desirable difficulty level [9] of reflection
by scaffolding writers.

Generative AI offers unique potential here: it can alleviate
information overload by revealing patterns among critiques and
coach users through the process of reflection by offering adaptive
hints. Based on the writing context and feedback, these hints
can pinpoint specific issues and suggest actionable solutions.
Rather than replacing writers in the revision process, generative
AI can quickly evaluate revised content and encourage iterative
improvements. By augmenting sensemaking for initial information
processing steps and then slowing down parts of the process that
require reflection, this approach is likely to foster deliberate prac-
tice in revision behaviors, potentially delivering more sustainable
learning outcomes for writers in the long run [4, 35, 71].

In this paper, we introduce Friction1(Figure 1)—a novel Gen-
erative AI-powered interface designed to scaffold novice writers
in structured, in-depth reflection on feedback for critical revisions.
First, it breaks down large feedback collections into manageable
units, identifies writing problems, and predicts their distribution
across the essay. This information is presented via a co-located
heatmap (Figure 1A) to help users navigate feedback and struc-
turally address a certain type of issue across different sections. It
also visualizes helpfulness metrics to help users prioritize feedback.
Upon selecting a problematic sentence, Friction prompts users to
cluster similar feedback units and plan actions for each cluster, main-
taining a detailed focus on valuable comments. If users struggle with
diagnosing problems or proposing solutions, Friction offers adap-
tive hints for inspiration (Figure 1B). As users revise their sentences,
Friction evaluates the improvements and provides explanations
to encourage continuous reflection and iteration (Figure 1C). In
addition to outlining the design and development of Friction, we
will show that our generative model pipelines were able to provide
useful support with low risk of error or miscommunication through
a technical evaluation. While this paper focuses on argumentative
writing as an example domain for system design, our approach is
applicable across various writing genres that require feedback.

To evaluate Friction, we conducted a within-subjects study
(𝑁 = 16) and compared Frictionwith a baseline consisting of a chat
assistant and a similar interface without key features of our system.
Results indicated that Friction enabled participants to navigate
feedback more quickly, encouraging them to dedicate more time to
reflective planning. The feedback heatmap was reported as particu-
larly effective in enhancing participant sensemaking of both global
and local issues in their writing. During reflective planning, par-
ticipants addressed nearly three times as many feedback instances,

1Friction is an acronym for Feedback to Revision with AI Support in Action. The
name was inspired by the educational philosophy of introducing desirable difficul-
ties in learning that require considerable, but desirable, effort to improve long-term
achievement [9].
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with over 80% targeting deep, content-related issues, and produced
longer, more actionable, and more satisfactory action plans. When
revising sentences, they iterated more times per sentence, which
resulted in higher quality revisions and greater satisfaction with the
outcomes. Our findings suggest that human-AI interactive systems
can strike a balance between accelerating tasks and encouraging
deliberate reflection, helping users to develop true creative mastery.

In summary, this paper presents the following contributions:
• a new approach that leverages AI to support writers in re-
flecting on and acting upon received feedback during the
revision process, rather than replacing writers by regenerat-
ing the entire text;

• Friction2, an AI-powered writing support system that im-
plements this approach by helping novice writers organize,
navigate, and act on feedback through features like an in-
teractive feedback heatmap, AI-generated action hints, and
real-time iteration evaluation;

• empirical findings from a within-subject user study that
demonstrate the effectiveness of Friction in fostering re-
flective behaviors and facilitating revision.

2 Related Work

2.1 Feedback Tools

In creative fields like design, writing, and music, gathering feed-
back from diverse audiences is essential for achieving successful
outcomes. To streamline these feedback cycles, HCI researchers
have developed a range of techniques for efficiently collecting high-
quality feedback at scale [7, 22, 48, 70, 124]. For example, crowd-
sourcing platforms like Voyant [118] and CrowdCrit [84] enable
creators to obtain structured feedback from crowds. However, peo-
ple from diverse backgrounds and areas of expertise may prioritize
issues differently. Even when evaluating the same design elements,
they can offer varying, sometimes contradictory, opinions [55].

The complexity of feedback makes its effectiveness dependent on
recipients’ ability to interpret, learn, and act on it. Prior research has
shown that novices are less likely than experts to recognize key in-
sights from feedback for improvement [43]. Instead, they often rely
on personal preference, focusing on feedback that is positive, easy to
implement, or aligning with their existing ideas. Thus, despite hav-
ing access to high-quality feedback, they tend to make superficial
changes rather than addressing deeper content issues [47, 82, 85].

To support feedback interpretation, previous work has intro-
duced methods that aggregate feedback into issue categories to
help users navigate large-scale feedback [59, 84, 118]. For example,
ReviseO [59] categorizes feedback as related to semantics, language,
or mechanics. However, writing feedback goes beyond responding
to different issues and often hints at areas that need to be revised.
Identifying problematic areas and assessing their severity are
often more difficult for novices [42], especially when feedback is
given in free-form text from online communities or crowdsourcing
platforms. To address it, our work visually aggregates feedback
along two dimensions: issue type and the targeted areas of the text,
enabling users to both understand feedback holistically and apply
it more effectively to specific sections of their writing.
2We open-sourced our code at https://github.com/zhangchaodesign/friction to promote
reproducibility and community engagement.

Another line of research has invented new visual representations
for the semantic characteristics of textual feedback [25, 118, 122].
For instance, Decipher [25, 122] visualizes the topic and sentiment
structure of feedback, aiding novice designers in interpreting feed-
back from multiple sources. While these visual approaches are
effective in helping users understand the sources and content of
feedback, they often stop short of guiding users through the process
of planning and implementing their revisions.

In contrast, our work introduces a framework that supports
novice writers by providing scaffolding for feedback interpretation,
reflective planning, and iterative revision. Our system walks
users through the process of translating feedback into actionable
revisions, helping them move beyond merely understanding
feedback to effectively applying it in practice.

2.2 Reflection Interventions

Creativity can be learned through reflection. Schön [99] introduced
the concept of “reflection-in-action,” emphasizing the importance
of regular reflection for professional creators to think critically as
new information, such as feedback, becomes available. Similarly,
Handley et al. [52], in their work Beyond ‘doing time’, underscore
the importance of deliberate reflection in the process of engaging
with feedback. They argue that simply collecting and skimming
through feedback is insufficient; true value arises when feedback
is mindfully reflected upon, interpreted, and used to deepen
understanding, ultimately leading to changes in behavior.

Reflection occurs throughout the revision process [41]. It induces
cognitive dissonance, reconciling writers’ current output with their
intended text [31, 40, 65] and thereby promoting effective action on
feedback and the development of writing skills [63, 97, 100]. How-
ever, most learners do not deliberately engage in meaningful reflec-
tionwithout intervention [8, 17, 23, 83, 128], suggesting that a reflec-
tion process needs to be explicitly guided within the system design.

Researchers, therefore, designed various interventions for learn-
ers, such as reflection prompts with hints [17] and a toolbox of
reflective strategies [39]. For example, Chi et al. [15] found that
prompting students to self-explain each step of the reflective process
causes higher learning gains than having them study the material
without such prompting. Jackson et al. [63] noted improvements
in students’ feedback utilization and academic performance when
required to formulate action plans based on their coursework feed-
back. Choi et al. [17] demonstrated the effectiveness of reflective
hints to increase delayed knowledge transfer and learner percep-
tion of learning. However, these pedagogical materials often fail
to provide personalized guidance tailored to each student’s unique
writing challenges and diverse feedback.

With the rapid advances of large language models (LLMs),
HCI researchers have explored a few new ways of leveraging
its generative capacity to support reflection. For example,
Jamplate [119] integrates LLM-generated responses into design
template, helping designers reflect on their creative ideas. These
prior systems provided initial evidence of the effectiveness of
LLMs in supporting reflection, which inspired us to explore its
adaptability in feedback-driven revision scenarios.

https://github.com/zhangchaodesign/friction
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2.3 Intelligent Writing Interfaces

The HCI community has a long-standing interest in designing in-
teractive writing interfaces [78]. These interfaces support writers
in various writing stages, ranging from brainstorming ideas [45, 98,
125–127] and planning outlines [132] to drafting content [18, 30,
58, 64, 73, 123] and refining existing text [1, 62, 80, 95, 107].

Among writing revision tools, commercial applications like
Microsoft Word and Grammarly3 generate suggestions for users to
address convention or grammar, fluency, and organization changes.
Ref-N-Write4 enhances this by focusing on stylistic improvements
for more professional or academic writing. Academically, tools
designed to aid novices in scientific writing suggest more fluent
sentence alternatives [32, 60–62, 67, 87] and typically present users
with multiple revision options [11, 60, 79, 95, 123]. Each option
is often accompanied by a confidence score to help users select
the most appropriate variant [36, 44]. While these approaches
are effective for quick revision, they offer fewer opportunities
for authors, especially novices, to practice their writing skills
in the presence of easy shortcuts. Importantly, writers may lose
ownership with AI taking more agency in generating content [30].
Inspired by Zhou and Sterman’s concept of Creative Struggle [133]
in AI-assisted writing, our work aims to balance enabling creative
momentum by offloading efforts in feedback sensemaking, while
still allowing enough creative struggle for writers to develop skills.

Instead of suggesting changes, some tools generate automatic
visual or numerical assessments for writing quality [88, 117]. For
example, AL [111] visualizes the relations of sentences in an argu-
ment and scores their persuasiveness,. ArgRewrite [130] tracks and
assesses changes made by a writer for each sentence. Sentences
represent a natural boundary of text, which allows for clearer de-
marcations where edits are needed, facilitating easier tracking and
application of changes. Following previous sentence-based revision
interfaces [60, 111, 130], we also set sentences as the scope of re-
vision spans. In addition, Sterman et al. [105] developed a visual
interface that allows users to explore and analyze styles across large
bodies of literature. Their work showed that presenting visualiza-
tion alongside writing fosters self-dialogue and critical reflection.
Inspired by this idea, we aggregate and visualize large collections of
feedback in a co-located heatmap to help writers actively interpret
feedback and identify areas for improvement.

In conclusion, previous research has primarily focused on
suggesting alternatives, auto-complete features, or automatic
assessment, without considering external human feedback in
writing revision. To address this gap, our work develops an
AI-infused interface aimed at supporting the common practice
of revising based on collected textual feedback. Rather than sug-
gesting easy alternatives, our tool guides users in creating justified
and actionable revision plans and evaluating their revisions to
encourage iterative improvements, preserving opportunities for
reflection and skill development.

3 The Friction System

In this section, we will first draw from past research to frame the
workflow of feedback-driven revision and introduce the design

3https://www.grammarly.com/
4https://www.ref-n-write.com/

goals that Friction seeks to achieve. Then, we will demonstrate
the main features of Friction, which support users at each leverage
point in the revision workflow—namely, detection, diagnosis, strat-
egy, revision, and evaluation—by illustrating how a novice writer,
Lee, would interact with the system to revise her essay. Lastly, we
elaborate on the implementation of Friction and an evaluation to
examine the capabilities of its technical pipelines.

In our demonstration of Friction, we chose argumentative
writing as an example domain to help design the system. Argu-
mentative writing is a task that requires individuals to present and
defend their perspective on a specific issue or topic. It is particularly
important in educational settings, where it is commonly assigned to
novice writers to help them practice and develop essential writing
skills [135]. To effectively convey their argument, writers must en-
gage in clear, structured reasoning, consider other viewpoints, and
transform their stance into a persuasive written piece. This process
offers a valuable opportunity for feedback and improvement,
enabling learners to strengthen their claims, refine supporting
evidence, and enhance their overall writing ability [76, 77, 89].

3.1 Feedback-Driven Revision Workflows:

Learning from Expert Practices

To design an effective system, we drew from past research on the
specific workflow that experts follow when conducting feedback-
driven revision [42, 59, 72, 122]. Pushing students to adopt expert
practices has been shown to lead to positive educational outcomes,
because they learn new and effective strategies for improving their
work [29, 92]. Following this thread of research, we extrapolate
the step-by-step improvements observed from expert practices:
detection, diagnosis, strategy, revision, and evaluation (Figure 2). This
five-stage framework forms the foundation of our tool’s user flow.

Experts begin by detecting problematic areas in the text. At this
initial stage, authors organize the received feedback and connect it
with their writing [97]. They break down feedback into manageable
comments and then filter, cluster, and prioritize them [122]. They
also map comments to sections in their writing that potentially need
revisions. Each comment can be associated with multiple sections,
and each section can be linked to multiple comments. Next, experts
diagnose the specific issues within a particular section highlighted
by the feedback [42]. This includes distilling specific issues in the
targeted area from general comments, determining the root causes,
and establishing achievable goals for revision. Following diagnosis,
they devise strategies to address diagnosed issues [42]. This involves
selecting appropriate actions based on their understanding of the
problem, how the intended text should be formed, and the feedback
received. They then proceed to the revision stage, where they itera-
tively revise the problematic section following their planned actions.
Finally, they evaluate the effectiveness of their revisions based on
the goals they set [91]. This evaluation promotes continuous reflec-
tion, encouraging writers to continually refine their writing [100].

3.2 Design Goals

While experts navigate the stages of revision with ease, it remains
challenging and counterintuitive for novices [42]. To inform
our system design for non-experts, we gained insights from the
literature into (1) the challenges faced by novices in feedback

https://www.grammarly.com/
https://www.ref-n-write.com/
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Detection Diagnosis Strategy Revision Evaluation

Iteration

DG1 Feedback Navigation

Streamline detection by visually mapping 
large-scale feedback and writing content. 

DG2 Reflective Planning

Support action planning with adaptive hints for 
diagnosis and strategies.

DG3 Iterative Revision

Facilitate iterative revision by providing 
immediate evaluations.

Figure 2: System workflow and design goals of Friction: In the first step (i.e., Detection), our system aims to provide a visual

structure that maps feedback and writing, simplifying the organization of feedback and the detection of problematic content.

In the second and third steps (i.e., Diagnosis and Strategy), our system aims to guide novices in revision planning by offering

hints that pinpoint specific issues and suggest actionable solutions. In the fourth and fifth steps (i.e., Revision and Evaluation),

our system aims to provide immediate evaluations after each iteration to inform users’ decisions on further revisions.

sensemaking, creative reflection, and writing revision, and (2) the
capabilities and limitations of existing feedback and writing tools.
As such, we identified the following design goals (DG) for different
stages of our system workflow:

3.2.1 DG1: Streamline detection by visually mapping large-scale
feedback and writing content. Different types of feedback target
various writing skills and text sections, creating a high cognitive
demand for interpretation, especially with large amounts of feed-
back [93]. Novices face the dual challenge of organizing large-scale
feedback and linking feedback to specific text needing revision.
Research shows novices are less skilled than experts at identifying
improvement opportunities in their work and understanding
their writing deficiencies when reviewing feedback [43]. They
often struggle to grasp “what feedback is for” [114, 115]. Previous
research suggested that integrating feedback into revisions usually
requires adding structure to the content [118, 122]. Thus, DG1
is about to provide a visual structure that maps and aggregates
large-scale feedback and writing, simplifying feedback organization
and the detection of problematic content.

3.2.2 DG2: Support action planning with adaptive hints for
diagnosis and strategies. Novices often struggle to translate
feedback into actions [114], leading to frustration and “behav-
ioral disengagement” [52]. This difficulty stems from a lack of
knowledge about strategies and opportunities for implementing
feedback [114]. Jonsson’s review [68] highlights this knowledge
gap as a key reason for students’ poor use of feedback. Students
need immediate, applicable direction rather than just invitations
to use support [94]. Providing actionable hints has proven effective
in education [17, 65]. The hints should be targeted and adaptable
to the writing content and the writing issues. Thus, DG2 suggests
the system design to guide novices in effective action planning by
providing actionable, adaptive hints for diagnosis and strategies.

3.2.3 DG3: Facilitate iterative revision by providing immediate
evaluations. Revision is an iterative process where writers test
different alternatives to improve their text. Evaluation is key

to revealing dissonance between the current output and the
intended text [31, 40, 65], motivating reflection and enabling
effective iterations. However, novices often struggle to evaluate
their own work, making it difficult to understand the impact of
their changes [42]. Typically, writers seek external evaluations
to guide their revisions [26]. Effective evaluations should identify
improvements (e.g., better or not) and analyze the effectiveness of
their implementation based on the goals they set [91]. Thus, DG3
sets a goal for our system to provide immediate evaluations after
each iteration to inform users’ decisions on further revisions.

3.3 User Scenario

To demonstrate our system, we present an imagined scenario in
which Lee, an English as a Second Language (ESL) student aiming
to improve her writing skills, uses Friction to revise an essay she
recently practiced for an upcoming IELTS test5. She is tasked with
arguing “whether we should place less emphasis on technological

solutions and more on other values.” After drafting, she sends her
essay to her English teacher and three classmates, and posts it on
EssayForum.com6 for feedback. She received ten reviews in total,
each containing one or two paragraphs of critique. While Lee is
pleased with the extensive and constructive feedback, she finds
it difficult to revise her work due to the overwhelming and varied
nature of the comments. Therefore, she decides to upload her essay
and the collected reviews to Friction and use it to aid her revision.

Friction consists of an Essay Panel (Figure 3A), a Feedback
Heatmap (Figure 3B), and a Reflection & Revision Panel (Figure 3C).
Lee will go through three different pages in the Reflection & Re-
vision Panel (Figure 3C.1) as she navigates through the feedback,
makes reflective plans, and revises the content, respectively. In the
following sections, we will first introduce the features of Friction

5IELTS, or International English Language Testing System, is a well-recognized English
language proficiency test for non-native speakers. In its Writing Task 2, test takers
write an argumentative essay. We have shortened the prompt from a sample test for
use in this scenario.
6EssayForum.com is a non-profit online community for ESL students to solicit feedback
on their essays.

https://essayforum.com/
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at each stage followed by an example scenario depicting how Lee
will use Friction to decipher feedback into improvements step by
step (Figure 4).

3.3.1 Feedback Navigation. First, Friction breaks lengthy reviews
into smaller, individual feedback units and displays them as cards
in the Reflection & Revision Panel. A feedback unit is defined
as one or more sentences that describe a coherent thought [122].
Users can check the original feedback of each unit by hovering
over “Original Feedback” (Figure 3C.3).

Each feedback unit is classified into one of the eight categories
of writing issues proposed by Zhang et al. [129]: surface issues (i.e.,
Conventions,Word-usage, and Organization) and content issues (i.e.,
Claim,Warrant, Evidence,Rebuttal, andGeneral content). Prioritiza-
tion is a particularly challenging aspect of action planning [82, 85],
yet it is closely linked to writing improvement [131]. Without
support, novice writers tend to focus on making superficial changes,
rather than addressing deeper content issues [84]. Following prior
work [1, 130], we encourage writers to focus more on content issues
by color-coding the borders of feedback cards based on category:
cool colors (e.g., blue) for surface-level feedback and warm colors
(e.g., orange) for content-related feedback (Figure 3C.5).

Feedback Overview. For each feedback unit, Friction predicts the
sentences that need revision. With this set of predictions, Friction
provides a feedback overview (Figure 3C.2) to reveal the three
most serious categories of writing issues. For each of the three
categories, it displays the number of feedback units and the number
of targeted sentences. This overview helps novices quickly form
initial impressions about how reviewers perceived their writing
deficiencies.

Feedback Distribution. Friction surfaces distribution patterns
of feedback. All feedback units are aggregated in a co-located
heatmap (Figure 3B), which visually organizes the unit by different
sentences into five content-related categories of writing issues
(DG1). This helps novices effectively detect areas that require
attention and systematically address a certain type of issue across
different sections. The horizontal axis represents issue categories,
while the vertical axis indicates sentence locations. The color depth
of each cell indicates the number of units for that specific category
and sentence. The heatmap, the Essay Panel, and the Reflection
& Revision Panel are cross-linked. For instance, users can click on
a sentence to view all comments related to it. They can also click
on a specific cell in the heatmap (Figure 4 a ) to see comments
associated with a particular category and the sentence in that row.
Solving a feedback unit in the Reflection & Revision Panel will also
result in a color depth reduction in the heatmap.

Feedback Prioritization. To help users prioritize helpful feedback,
Friction evaluates each feedback unit and displays a horizon-
tally stacked histogram at the top-left corner of each feedback
card (Figure 3), indicating the unit’s overall helpfulness. This
visualization incorporates four helpfulness metrics proposed by
Krause et al. [13, 75] (Figure 3C.4)—Negativity (i.e., the degree of
negative feedback), Actionability (i.e., the number of actionable
suggestions), Justification (i.e., the extent of explanations provided),
and Specificity (i.e., the level of detail). Users can hover over each
cell to view a textual description and the normalized score (ranging

from 0 to 1) for each metric. In addition, Friction provides
a toolbar for users to search, sort, or filter feedback units by
keywords, sources, category, and helpfulness metrics. Users can
also remove disagreeable units by clicking the dismiss icon.

Example Scenario. In our design scenario (Figure 4), Lee begins
by checking the feedback overview. She sees that “Evidence” is one
of the three most common issues mentioned by reviewers and then
is intrigued by a particularly dark cell in the heatmap located in the
seventh sentence row, indicating that this sentence faces the most
significant evidence-related issues according to the color mapping
(Figure 4 a ). Clicking on this cell, Friction displays all relevant
feedback units, which Lee then sorted by “Specificity” using the tool-
bar. She hovers over the stacked histogram bars of each unit to care-
fully read the detailed descriptions of helpfulness. Dismissing two
units with a low specificity score, Lee decides to focus on the remain-
ing high-quality feedback to develop plans for revising the sentence.

3.3.2 Reflective Planning. By clicking the “Go to Plan” button (Fig-
ure 3C.6), users will proceed to the second phase in the Reflection
& Revision Panel (Figure 3C.1), which involves developing revision
plans to address feedback units concerning a selected sentence. The
planning process is structured into three steps: cluster, diagnose,
and strategy, during which Friction offers tailored AI support to
help users self-explain their understanding of addressing feedback
and develop justified and actionable plans for each feedback cluster
(DG2). Figure 4B illustrates an example of the interface at this stage
of the Reflection & Revision Panel, prior to moving to the next step.

Clustering Feedback. Before developing revision plans, experts
typically organize feedback into meaningful groups and form a
high-level view of opinions present in the feedback set [122]. Thus,
Friction first prompts users to organize feedback cards into clus-
ters by dragging and dropping feedback units into different groups.
Once clustered, the feedback is collapsed to reduce visual clutter,
with detailed information accessible via hovering (Figure 4 b ). For
each cluster, Friction provides a summary (Figure 4 c ), which
highlights broader patterns and connections among feedback units,
making it easier for users to address related issues comprehensively.

Diagnosing Problems. Novices often struggle to identify the core
problems of a specific sentence that the feedback points to, espe-
cially when feedback is general in nature. Without a clear under-
standing of the problems, effective revisions are difficult to im-
plement. Thus, Friction prompts users to “diagnose the specific
problem within this sentence” for each cluster in a text box. If users
find it difficult to pinpoint specific issues, they can request AI hints
by clicking a button (e.g., Figure 4 d ). These hints are tailored to
the essay’s context and the feedback provided. They highlight po-
tential problems the user may have overlooked, helping them arrive
at a more specific and accurate diagnosis of the underlying issues.

Devising Strategies. The final stage in the process is for users to
devise solutions that address the diagnosed problems. Novices, how-
ever, often lack knowledge of appropriate strategies for effectively
implementing feedback [114]. To address this, Friction prompts
users to “devise a solution that can address the diagnosed problem” for
each cluster in a text box and provides AI-generated hints to assist
in formulating strategies specific to the sentence and its associated
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Figure 3: User Interface of Friction. (A) The Essay Panel displays the user’s uploaded essay. (B) The Feedback Heatmap

visualizes the distribution of feedback across individual sentences and five content-related writing issue categories. (C) In the

Reflection & Revision Panel, users can review feedback, develop reflective plans, and make revisions to their work.

issues (e.g., Figure 4 e ). These adaptive hints offer revision
techniques, suggest examples, or provide guidance on rephrasing or
restructuring problematic sentences. By shuffling the hints with a
button click, users are exposed to various approaches, empowering
them to develop practical, contextually appropriate solutions.

Example Scenario. In our design scenario (Figure 4), Lee begins
the reflective planning process by grouping the second, fourth, fifth,
and eighth comments together (Figure 4 b ). Friction immediately
provides a summary highlighting common themes in this cluster,
such as the need for concrete connections between evidence and
argument (Figure 4 c ). Next, Lee starts to diagnose the problem.
She reads the cluster carefully but still finds the feedback too
general. By clicking the hint button (Figure 4 d ), she receives
suggestions such as “This sentence uses general adjectives like ‘very’
and ‘many’ but doesn’t specify the extent of the positive impact or

which specific aspects are affected,” which help her realize that this
sentence is too obscure and lacks specific evidence. With a clear
diagnosis in mind, Lee moves on to propose a solution to address
the problem, but still unsure of how to rephrase the sentence
with more precise details and supporting evidence. She clicks the
hints button for strategy ideas (Figure 4 e ). Friction suggests
“providing academic statistics to demonstrate how hi-tech devices

positively impact our lives in various areas, such as education, health,

or communication,” which inspires Lee to include statistics she
recently learned from a study about health to revise the sentence.

3.3.3 Iterative Revision. With action plans, Friction encourages
users to iteratively revise the sentence. It evaluates the improve-
ments between the revised and the original sentences. If the revised
sentence shows improvement, the sidebar of the revision panel
turns green (Figure 4 g ) and Frictionwill provide explanations on
how the solutions are successfully implemented in the revision; oth-
erwise, it remains graywhile Frictionwill explainwhy there are no
improvements and suggest next steps. The iterative revision history
is recorded for users to review. This iterative evaluation by Fric-
tion will help novices reflect on their improvements, understand
the impact of their changes, and make effective iterations (DG3).

Example Scenario. In our design scenario (Figure 4), Lee revises
the sentence: “In addition, hi-tech devices also have a very positive

impact on many aspects of our lives” based on the plan she made in
the last phase. However, her first attempt, “Also, high-tech devices

are really good for healthcare, like because of a 30% increase in

recovery...,” is flagged as inadequate by the gray sidebar. Undeterred,
Lee carefully reviews the analysis from Friction (Figure 4 f ),
which states, “...Instead of presenting a clear, credible statistic, the

revision uses informal language and vague phrases, diminishing the

academic tone...” She then makes several other attempts, closely
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Figure 4: Design scenario of Friction. (A) Co-located heatmap of the second paragraph of Lee’s essay during Feedback

Navigation: Friction categorizes and breaks down feedback, using a heatmap to highlight areas needing revision. Lee’s

attention is drawn to the darkest cell, located at the intersection of the seventh sentence row and the evidence column. (B)

Summary, feedback, and action plan for one feedback cluster in Reflective Planning: Friction guides users to decipher feedback

into actionable plans with adaptive AI hints. Lee diagnoses issues and strategizes improvements based on these hints. (C)

Revision history and final successful revision of Lee in Iterative Revision: Friction provides real-time AI evaluation of each

revision, motivating Lee to continually refine her work.
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following the evaluation by Friction, and adjusting accordingly.
Finally, the sidebar turns green (Figure 4 g ), and Lee writes a
successful revision: “hi-tech devices have a very positive impact

on healthcare. For example, wearable health monitors can reduce

hospital readmission rates by 20%, and...” Through this iterative
process, Lee gains a deeper understanding of her writing flaws and
learns how to apply targeted evidence.

Later, with the help of Friction, Lee revises other problematic
sentences, reflecting deeply on the feedback, which leads to a
gradual and sustainable improvement in her overall writing skills.

3.4 Implementation

The web app of Friction is implemented in React.js. It integrates
Firebase for storing log data, Python Flask for the back-end server,
and OpenAI API to access a large language model (GPT-4).

We prompt GPT-4 to break down feedback, classify feedback
purposes, predict problematic sentences (§3.3.1), generate hints for
diagnosis and strategies (§3.3.2), and analyze plan implementation
(§3.3.3). We followed the work of Wu et al. [116] to break down
complex tasks into a set of LLM primitive operations. Each prompt
consists of three parts: directing the model to adopt the role of an
“English writing teacher” to set the tone; using the default prompting
structures proposed by Wu et al. [116] to give explicit instructions;
and injecting up-to-date information on the essay, feedback, and
plans monitored from user actions as context. For special tasks
like hint generation, we list a set of descriptive criteria of good
reflection derived from previous work [17, 29, 81] to guide the
model. Sample prompts and outputs are available in Appendix A.

To assess the improvements in each iteration (§3.3.3), we
adapted the Revision Quality dataset by Afrin and Litman [2]
to fine-tune GPT-3.5 via the OpenAI fine-tune API7. The dataset
comprises 940 pairs of original and revised sentences, each labeled
to indicate whether the revision is “better” or “not better” than
the original sentence. We divided the dataset into training (60%),
validation (20%), and test sets (20%). The training and validation
sets were used to fine-tune our model. The test set was used to
evaluate the model performance, as detailed in §3.5.3.

3.5 Technical Evaluation

We validate the efficacy of our LLM pipelines, acknowledging that
they may be prone to hallucinations or other inaccuracies [66],
which may backfire by misguiding users or diminishing the overall
usability of the system. Specifically, we evaluate Friction’s ability
to (1) accurately classify feedback units, (2) detect problematic
sentences, diagnose writing issues, and suggest revision strategies,
and (3) assess the improvements of revised sentences.

The feedback dataset was made through crowdsourcing, a
method proven to be an effective source of high-quality feedback,
comparable to that from social media, online communities, and
even experts [120, 121, 124]. To ensure the quality of the data,
we adhered to best practices by selecting workers from Prolific8,
with a 99% approval rating and a minimum of 1,000 previous
submissions. Participants were limited to native English speakers
in the United States with at least a Bachelor’s degree. We sampled

7https://platform.openai.com/docs/guides/fine-tuning
8https://www.prolific.com/

100 feedback units on 6 essays from crowd workers as the dataset
to evaluate Friction. The process of feedback collection and some
discussion of its potential limitations are detailed in Appendix B.1.

All human evaluations were conducted by three research
assistants who are experts in English writing. Each has years
of experience in academic writing and has completed two
semesters of specialized training in argumentative writing skills.
Before beginning, evaluators received further training until their
inter-rater reliability reached a satisfactory level.

3.5.1 Performance of LLM Pipelines in Feedback Purpose Classi-
fication. Two research assistants annotated the purposes of the
samples in the dataset, achieving an initial Cohen’s Kappa of 0.80.
After resolving 13 conflicts, the ground-truth consists of 12% Orga-

nization, 3%Word-usage, 14% Conventions, 15% Claim, 20%Warrant,
26% Evidence, 7% Rebuttal, and 3% General content/Others feedback.
After prediction, our prompted model achieved an overall precision
of 0.90, recall of 0.84, and a macro F1-score of 0.84. A closer analysis
showed that although several unique or rare units in the General
content/Others category (33% accuracy) were misclassified, the
model achieved good accuracy in all other categories: 100% in
Word-usage, Evidence, and Rebuttal, 93% in Conventions, 87% in
Claim, 83% in Organization, and 75% inWarrant.

3.5.2 Performance of LLM Pipelines in Detection, Diagnosis, and
Strategies. As there is no established ground truth for performance
evaluation of reflective planning, we conducted an expert rating to
assess the quality of generation from our LLM pipeline. Given all
feedback samples and the corresponding essays, the LLM pipeline
produced an average of 2.6 problematic sentence-issue pairs per
sample and generated 3 revision strategies to address each pair.
Three evaluators rated the quality of generation for each feedback
on a 5-point Likert scale, achieving an inter-rater reliability of 0.84.
The results demonstrated that our tool performed well in detecting
problematic sentences (𝑀 = 4.41, 𝑆𝐷 = 0.60), diagnosing writing
issues (𝑀 = 4.64, 𝑆𝐷 = 0.53), and devising revision strategies
(𝑀 = 4.35, 𝑆𝐷 = 0.62). Evaluators provided detailed comments,
highlighting units where our method excelled or underperformed
to explain their scores. Detailed comments and cases are displayed
in Appendix B.2.

3.5.3 Performance of LLM Pipelines in Evaluating Revision Improve-
ments. We used the test set of Revision Quality dataset [2] in §3.4
to evaluate the performance of the fine-tuned GPT-3.5 and compare
it to a prompted GPT-4 model as the baseline. The fine-tuned
model outperformed the prompted GPT-4, achieving high levels of
precision (ours: 0.89 vs. baseline: 0.88), recall (ours: 0.86 vs. baseline:
0.75), and a macro F1-score (ours: 0.87 vs. baseline: 0.81). These
results demonstrated the effectiveness of our fine-tuned model in
accurately evaluating the improvements of sentence-level revisions.

4 Evaluation

To further evaluate the efficacy of Friction, we conducted a
within-subjects controlled experiment9 which compares fully-
featured Friction against a baseline version of Friction with 16
novice writers. We focus on novices in our initial evaluation as

9The study received approval from our institution’s IRB.

https://platform.openai.com/docs/guides/fine-tuning
https://www.prolific.com/
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suggested by previous research [42, 122]: this audience currently
has the most to gain from tools for feedback-driven revision.
In other words, novices are most likely to use a system like
Friction in the real world and most likely to show benefits in an
experimental setting. For this study we will examine immediate
behavioral changes that Friction evokes among these participants
as an initial proof of efficacy. In the future we hope to explore
learning effects more deeply to understand how Friction can
support skill development over long periods of use.

The baseline system shared a similar interface (Appendix C.3)
with Friction but without its major advancements, such as
feedback heatmap, AI hints, and AI evaluation, etc. In this baseline
system, users could manually select and cluster feedback pieces,
create action plans, and make necessary revisions on certain
sentences. AI hints were replaced with validated reflection prompts
from the work of Yen et al. [121] to resemble established practices
for supporting novices in reflection. Based on the prompts,
participants can write their revision plans for each feedback cluster
in a text box in a similar manner to Friction. In addition, there
is the possibility that general AI functionality could be responsible
for any improvements offered by Friction over control rather
than the specific affordances that Friction contributes, so we
provided participants in baseline with access to the GPT-4 version
of ChatGPT10 to level out this difference. ChatGPT, a generative AI
chatbot based on the same model as Friction, is now commonly
used for writing assistance [106]. Users can upload text files to
ChatGPT and provide instructions for processing the text.

4.1 Hypothesis

Drawing on Flower et al.’s framework [42], our study anticipates
that Friction will bridge the knowledge and intention gaps of
novices, thereby improving their performance in both reflection
and revision. For example, with a feedback heatmap that will help
them quickly organize feedback and locate problematic sentences,
we expect that they will reflect on more feedback and revise more
sentences. Additionally, by offering AI hints, Friction ought to
lower the barriers for novices to tackle content-level feedback and
improve the quality of crafted reflective plans [37, 38]. That is to
say, their diagnoses are expected to be more justified, and their
strategies are expected to be more actionable [81]. Moreover, AI
evaluation of revised sentences is anticipated to encourage novices
to reconcile their current efforts with their intended text outcomes,
thus facilitating revision iterations [31, 40]. High-quality planning
and multiple iterations should further improve the quality of
revision. Therefore, we make the following hypotheses with regard
to participants’ performance:

H1 Compared to the baseline, Friction will significantly en-
hance novices’ performance in reflective planning (H1). This
improvement will be evidenced by a higher number of feed-
back units being addressed (H1a), an increased proportion of
content-level feedback among those units (H1b), and reflec-
tive plans that are longer (H1c), more justified (H1d), more
actionable (H1e), and more satisfactory (H1f ).

H2 Compared to the baseline, Friction will significantly en-
hance novices’ performance of iterative revision (H2). This

10https://chat.openai.com/

improvement will be demonstrated by an increased number
of revised sentences (H2a) and word changes (H2b), more
iterations per revised sentence (H2c), higher expert ratings
for revision quality (H2d), and higher satisfaction levels with
their revised sentences (H2e).

4.2 Methodology

4.2.1 Participants. We recruited 16 participants (8 female, 8 male)
aged 22—35, with one preferring not to say their age (𝑀 = 24.53,
𝑆𝐷 = 3.31), from our university via email advertising and
word-of-mouth. None of the participants had advanced knowledge
of the project. All participants self-reported as non-native English
speakers and ESL writers. We specifically recruited ESL writers,
following the approach of Huang et al. [59], who also recruited ESL
writers as novices for similar tasks. Subjectively, the participants
rated their writing expertise on a scale from 1 (beginner writer) to 7
(professional writer), yielding an average self-rated expertise of 3.25
(𝑆𝐷 = 0.68). Based on the two criteria, we anticipated that most,
if not all, of our participants would be novice writers. Additionally,
all participants reported that they often used generative AI tools,
especially ChatGPT, in their daily writing practice. Each participant
received a 20-dollar gift card as compensation for their time.
Appendix C.1 provides the detailed information of our participants.

4.2.2 Task Materials. Participants received two essays written by
ESL learners from a widely used dataset [104]. Both essays were
comparable in scope—one about technology development and the
other about mobile phones—and each was approximately 300 words
long. Following the method in Appendix B.1, we collected 10 pieces
of feedback for each essay via crowdsourcing, totaling around
2,000 words per set. The three trained expert evaluators from
technical evaluation rated the feedback’s perceived usefulness on
a 7-point Likert scale (𝐼𝐶𝐶 = 0.77). An independent t-test showed
no statistical difference, indicating no observable quality difference
between the two feedback sets (5.2 vs. 5.3; 𝑡 (18) = 0.22, 𝑝 = .826)

4.2.3 Study Procedure. The user study procedure is outlined in
Figure 5. In the beginning, the researchers collected informed con-
sent and demographic information from the participants. Following
this, participants engaged in two separate sessions, each starting
with a 3-5 minute tutorial and followed by a 20-minute task session
using either Friction or baseline. We used a within-subjects Latin
square experimental design [96] to counterbalance the order of
materials and system conditions. At the beginning of each session,
the tutorials highlighted the key features of the current tool, and
the following task required participants to review the feedback,
reflect, and make revisions by using the tool. As participants all had
prior writing experience with ChatGPT, we avoided mentioning
any specific cases or prompts for how to use ChatGPT to avoid
influencing their natural approach and to ensure unbiased results.
Sessions were designed to be independent, with no carryover
effects between them. After each session, they completed a
post-task survey. Participants also had the option of a 10-minute
break between sessions. Lastly, we conducted a 20-minute
semi-structured interview to ask about the difference between
their experience in the two conditions, their workflows, their

https://chat.openai.com/
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The order of tools and tasks are counterbalanced.

Figure 5: Study Procedure.

perceived ownership towards final revision, and their perception
of the tools. The interview protocol is presented in Appendix C.2.

4.2.4 Measures. We gathered usage logs (i.e., participant actions
with descriptions and timestamps) to obtain quantitative metrics
for user behaviors. We used this data to calculate the time allocated
for each stage and observed how often participants checked AI
hints and how they used these hints in reflective planning. We also
collected their reflective plans and revised sentences. With these
materials, we calculated the number of feedback units addressed
(both content-level and surface-level), the number of sentences
revised, and the number of iterations, among other metrics.

The post-session survey included questions regarding the overall
usefulness of the given system, as well as specific inquiries into
the utility of Friction’s inner functions (e.g., feedback heatmap,
AI hints on diagnosis/strategy, AI evaluation on iterations).
Additionally, the survey gauged participants’ satisfaction with
their reflective plans and sentence revisions. Lastly, the survey
incorporated several standardized scales for a comprehensive eval-
uation: the short-form User Engagement Scale (UES) [90] and the
Task Load Index (NASA-TLX) [54]. Because revision is traditionally
viewed as a creative process [12, 112] and to explore whether users
can effectively express their own ideas with the involvement of
AI, we also included the Creativity Support Index (CSI) [14]. All
items in the post-session survey adopt a 7-point Likert scale.

We also conducted an expert evaluation of the revisions. Two
experts, who were both English teachers with extensive years of
experience in practicing, teaching, and assessing writing, were
recruited for this task. They were presented with 96 pairs of
original and revised sentences (3 randomly selected pairs × 16
participants × 2 conditions), along with the associated feedback.
The task is to rate the degree to which the revisions addressed
the feedback on a 5-point Likert scale, without awareness of the
conditions under which the artifacts were produced. Following
Choi et al.’s design [16], raters handled significant disagreements
(>2 score difference) through discussion and re-evaluation.

5 Results

In our quantitative analysis, we explore how well participants did
in each condition and the performance characteristics of Friction.
We analyzed participants’ usage logs, reflection and revision
outcomes, and data collected from surveys using statistical meth-
ods. In qualitative analysis of interview transcripts, we followed
established open-coding protocols [10, 101]. Two authors first inde-
pendently coded the transcripts. After that, they discussed, reached
a consensus, and created a consolidated codebook. This codebook
was then used to conduct a thematic analysis to identify emerging

topics from the interviews. The entire research team collectively
reviewed the coding outcomes to discern high-level themes.

5.1 Reflective Planning Performance

We first calculated the number of feedback units being addressed by
participants in each condition. Feedback was considered resolved
when participants created a revision plan for it and the final revision
showed improvements as measured by our revision improvement
evaluation model (§3.5.3) We expect that more effective tool will
lead to a higher number of units addressed (H1a). As shown in Fig-
ure 6, participants attended to about 6.6 more feedback units when
using Friction compared to using the baseline. Using a paired
t-test, we observed that there is a statistically significant difference
(𝑡 (15) = −4.54, 𝑝 < .001∗∗∗), supporting our hypothesis. Next, we
calculated the percentage of content-level feedback units among the
reflected feedback units. Prior work suggests that novices tend to
address surface-level issues [47, 65, 85], so we investigated whether
Friction helped participants to examine deeper, content-level fea-
tures. We applied the same model used to classify feedback in Fric-
tion to classify the planned feedback in baseline (see §3.4). Our find-
ings revealed that in the Friction condition, over 80% (9 out of 10.38
per participant) of feedback addressed by participants pertained to
essay content, which is significantly higher than in the baseline con-
dition (𝑡 (15) = −5.31, 𝑝 < .001∗∗∗; H1b). These findings support our
hypotheses and indicate that Friction facilitated effective reflective
planning to address feedback, especially for content-level issues.

We then analyzed the quality of reflective plans written by par-
ticipants. Here we use length as a proxy measure for the general
efforts that participants have put into the process, as supported
by the tools. As shown in Figure 6, the reflective plans in Fric-
tion were approximately twice as long as those in baseline. A
paired t-test showed that this was significant for both diagnosis
(𝑡 (15) = −2.92, 𝑝 = .011∗) and strategies (𝑡 (15) = −3.57, 𝑝 = .003∗∗),
supporting H1c. Then, we calculated the average number of sen-
tences in participants’ reflective plans that contained justified expla-
nations (denoted as justified diagnosis) and the average number of
sentences that included actionable solutions (denoted as actionable
strategies) [13, 75, 81]. Participants developed significantly more ac-
tionable strategies when using Friction compared to the baseline
(𝑡 (15) = −3.62, 𝑝 = .003∗∗; H1e). However, the number of justified
diagnoses in Friction was only marginally higher than in baseline
in our test (𝑡 (15) = −1.93, 𝑝 = .073). We believe that this might be
a result of the relative ease of extracting diagnoses from feedback
regardless of tool support for novices, as compared to the more
challenging task of developing actionable strategies. Lastly, we ana-
lyzed participants’ self-reported satisfaction levels with their crafted
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Figure 6: Bar plots illustrating the statistical metrics of participant performance of reflective planning in two conditions, where

the t-values from the Student’s paired t-test, W-values from the Wilcoxon signed-rank paired test, and p-values (*: p<.05, **:
p<.01, ***: p<.001) are reported. Error bars represent 95% confidence intervals (CIs). A table of these values is also provided in

the Appendix C.4.1.

reflection plans. The results from a Wilcoxon signed-rank test in-
dicated that participants were significantly more satisfied with the
plans they made using Friction (𝑊 = 8.00, 𝑝 = .014∗; H1f ).

Based on our observations of the analysis results, we believe
that Friction helped participants produce longer, more actionable,
and more satisfactory reflection plans.

Qualitative Findings. During reflective planning, Friction aided
participants in drilling down to the specifics of each troubled
sentence. AI-generated hints played a crucial role at this stage, sup-
porting participants to diagnose specific issues within a sentence
and plan revision actions from obscure, vague feedback. For exam-
ple, P11 mentioned that the AI-generated diagnosis hints “provided
an opportunity to re-examine the writing problem” and helped them
to “identify precise reasoning issues that were not immediately clear

from the initial feedback.” Importantly, the AI strategy hints further
“helped to elaborate on the identified problems” (P01) because they
provided “diverse” and “comprehensive” (P01, P08, and P12) ways
of solving a writing issue and “considered the context” (P03).

However, in the baseline, when creating revision plans most
participants often copied key words or phrases directly from the
feedback and pasted them into the text box. This behavior indicated
a relatively superficial level of reflection. P11 even noted, “(the
behavior) was due to it (the baseline) workflow requiring me to write

a reflective diagnosis and strategies; if it didn’t require it, I would skip

it and directly ask ChatGPT to help me revise.”

5.2 Iterative Revision Performance

Participants now move on from planning to conducting their re-
visions. To evaluate participants’ performance in this stage of the
process, we first examined the number of revised sentences and the
number of iterations per revised sentence. We initially predicted
that users of Frictionwould revise more sentences (H2a). However,
as shown in Figure 7, we could not detect an observable difference
between Friction and baseline in improving the quantity of revised
sentences (𝑡 (15) = 0.51, 𝑝 = .615). We further calculated the word
changes between each pair of original and final revised sentences

and also found no observable difference (𝑡 (15) = 0.51, 𝑝 = .615;
H2b). While this breaks with our initial expectations, we noted that
a well-performing revision tool could also provide benefits in the
form of increased quantity of iterations. While participants spent
similar time on revision in both conditions (Table 2), they iterated
0.5 more times per sentence when using Friction than using the
baseline (𝑡 (15) = −3.48, 𝑝 = .003∗∗; H2c).

Our prior results indicate that quantity and speed of revision
did not differ, but Friction helped users to iterate might have led
to differences in the quality of their changes. To measure this, we
calculated and compared the average scores of the revisions rated
by two experts in two conditions (outlined in §4.2.4). Experts rated
revisions made with Friction as significantly higher compared to
the baseline (𝑡 (15) = −2.13, 𝑝 = .038∗; H2d). Moreover, the results
from a Wilcoxon signed-rank test showed that participants were
significantly more satisfied with the revisions made with Friction
(𝑊 = 10.50, 𝑝 = .046∗; H2e), as shown in Figure 7.

Based on our observations of the analysis results, we believe
that the increased iterations that Friction facilitated allowed the
participants to develop higher quality and more satisfied results.

Qualitative Findings. The AI evaluation played a crucial role in
motivating participants to make iterative revisions. Participants
like P11 expressed a sense of achievement with positive results,
stating, “I felt a sense of achievement every time I got a green (positive)

report. I wanted to turn every sentence into green.” Curiosity about
the explanation led participants like P04 and P16 to try out different
versions of revision to probe the evaluation reports. However,
their decision to either adopt or reject suggestions depended on
how well the report aligned with their expectations. Some sought
affirmation from the evaluation, as P13 noted that they “gained
confidence on reflective plans when their revision was evaluated to

be better.” This confirmed belief encouraged bolder refinement.
In addition, the evaluation consistently fostered awareness of
progress, encouraging participants to “rethink” their changes and
make informed decisions on iterations. P10, for example, described
how the evaluation “(tells) me whether I’m making progress, so I can
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Figure 7: Bar plots illustrating the statistical metrics of participant performance of iterative revision under two conditions,

where the t-values from the Student’s paired t-test, W-values from the Wilcoxon signed-rank paired test, and p-values (*: p<.05,
**: p<.01, ***: p<.001) are reported. Error bars represent 95% confidence intervals (CIs). A table of these values is also provided in

the Appendix C.4.1.

decide what I should do next.” Initially, they tackled an evidence-
based problem with a general statement like “Research shows...,”
but when the report indicated that the response was still too
broad, they replaced it with more specific research examples. This
revision led to an improvement, demonstrating how the evaluation
guided their decision-making process and iterative refinements.

In the baseline condition, the most common pattern among par-
ticipants was to input both the feedback snippets and the original
sentence, then ask ChatGPT to “revise the sentence based on the feed-
back.” Some participants also provided the entire essay as context.
Their iteration process involved first asking ChatGPT to regenerate
text, then fine-tuning specific words within the generation.

5.3 Engagement Patterns

Engagement in reflective activities contributes to a learner’s arti-
fact improvement and skill development [49, 86, 113]. As shown in
Table 1, participants scored Friction significantly higher than the
baseline on all four dimensions of UES (FA:𝑊 = 3.00, 𝑝 = .003∗∗;
PU:𝑊 = 19.00, 𝑝 = .021∗; AE:𝑊 = 4.50, 𝑝 = .002∗∗; RW:𝑊 =

6.00, 𝑝 = .001∗∗∗). For example, they reported being significantly
more absorbed with Friction and found it to be more rewarding.

We then took a closer view of the engagement patterns of partici-
pants. We examined the timestamps when participants entered each
stage of the baseline and Friction, calculating the time spent at
each stage. As shown in Table 2, participants using Friction spent
a statistically significant 14.58% less time in feedback navigation
(𝑡 (15) = 3.95, 𝑝 = .001∗∗), while spending a statistically significant
12.35% more time in reflective planning (𝑡 (15) = −2.64, 𝑝 = .019∗),
during a 20-minute task session. A detailed illustration of each par-
ticipant’s time allocation can be checked in Appendix C.4.2. Based
on the results, we believe that Friction eased the initial feedback
processing, thus freed up more time for participants to reflect.

Qualitative Findings. The significantly reduced time spent on
feedback navigation initially demonstrated that the scale of feed-
back units did not overwhelm users with the help of Friction.
Qualitative insights further highlight the role of feedback heatmap

in this process. Participants found the feedback heatmap particu-
larly helpful in forming an initial impression of their writing issues,
identifying more problematic sections, and noticing the most promi-
nent categories. For instance, it helped P05 “prioritize revising more

troubled sentences in body paragraphs” and assisted P15 in noticing
evidence-related writing problems that they usually overlooked.
This approach allowed participants to focus on feedback units of
greatest interest, by locating sentences and categories efficiently,
mitigating feelings of overload by the entire collection of feedback.

In our quantitative results, we also found that users of Friction
spent more time on reflective planning. This is likely because
Friction fosters process-oriented learning by requiring active
engagement with feedback, unlike the passive acceptance of
automated revisions typical of other AI tools. For instance, P03
and P15 noted that Friction encourages “thinking,” a critical step
often bypassed when AI offers direct corrections. As P15 put it,
“One advantage of Friction over ChatGPT is that it allows me to

stop and think about the feedback and its revisions. Otherwise, I

directly use the output from ChatGPT as long as it’s better than the

original sentence.” We saw other evidence of critical thinking in
response to different scaffold modes. P04 shared “Friction provided

hints instead of direct answers, allowing me to learn from examples

and practice on my own. However, ChatGPT gave direct revisions.

I couldn’t learn as effectively merely from the results.”

5.4 AI Hint Usage Patterns

We examined the AI hint usage behaviors of participants. For the 84
diagnosis-strategy pairs created by participants with Friction, we
categorized their creation into three categories: whether the par-
ticipants did not check AI hints at all, got inspiration from AI hints,
or directly adopted AI hints. Although there is no observable differ-
ence between participants’ usage of AI hints for diagnosis versus
strategies, participants directly adopted marginally more hints from
AI when devising strategies (Diagnosis:𝑀 = 2.38, 𝑆𝐷 = 2.85; Strate-
gies:𝑀 = 2.94, 𝑆𝐷 = 3.26). This suggested reliance might be attrib-
uted to the more difficult nature of developing strategies compared
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Table 1: Survey results of perceived experience on engagement, creativity support, overall usefulness, and task workload under

two conditions, where theWilcoxon signed-rank paired t-test W-values and p-values (*: p<.05, **: p<.01, ***: p<.001) are reported.

Standardized Scales

Baseline Friction Statistics

M SD M SD W p

User Engagement Scale

Focused Attention 3.25 1.27 4.27 1.03 3.00 .003**
Perceived Usability 2.54 1.46 3.50 1.68 19.00 .021*
Aesthetic Appeal 3.19 1.21 5.04 1.23 4.50 .002**
Reward 3.35 1.51 5.25 1.20 6.00 .001***

Creativity Support Index

Enjoyment 2.66 1.27 4.47 1.58 2.50 .002**
Exploration 3.47 1.34 5.19 1.11 8.00 .002**
Expressiveness 2.91 1.23 4.22 1.29 4.00 .006**
Immersion 2.78 1.05 3.31 1.34 25.50 .094
Results Worth Effort 3.38 1.20 4.69 1.28 6.50 .004**
Collaboration 2.47 1.35 4.97 1.41 8.00 .002**

Perceived Overall Usefulness — 3.00 1.32 4.94 1.65 1.50 .003**

NASA Task Load Index

Mental 5.00 1.71 5.25 1.07 27.50 .642
Physical 4.31 1.99 3.50 1.79 42.00 .151
Temporal 4.19 1.42 4.38 1.46 34.50 .751
Effort 4.44 1.63 4.38 1.20 48.00 .887
Performance 3.88 1.50 4.81 1.05 17.00 .089
Frustration 4.25 1.84 3.88 1.75 43.50 .353

Table 2: The statistical metrics of participants’ time allocation under two conditions, where the Student’s paired t-test t-values

and p-values (*: p<.05, **: p<.01, ***: p<.001) are reported.

Time Allocation

Baseline Friction Statistics

M SD M SD t(15) p

% of Time Spent on Feedback Navigation 38.83 11.42 24.26 14.23 3.95 .001***
% of Time Spent on Reflective Planning 25.84 9.60 38.19 14.66 −2.64 .019*
% of Time Spent on Iterative Revision 35.33 14.36 37.56 12.09 −0.74 .473

to extracting problems, which is also evidenced in §5.1. The detailed
data of participant AI hint usage is shown in Appendix C.4.3.

Qualitative Findings. While both conditions included deep
engagement with a generative AI model, we found that most par-
ticipants reported a stronger sense of ownership in their content in
Friction compared to baseline. For instance, P09 highlighted that
Friction respected manual effort, stating, “the final revision was

made by myself... Friction helped my thinking, but didn’t directly

change any of my words.” However, P10, who heavily relied on
ChatGPT and felt minimal ownership, noted “ChatGPT was taking

over everything.” Similarly, P03 described ChatGPT as a “time saver

that quickly completed revision on my behalf,” and P09 noted that
“ChatGPT helped with quick revisions” that they will directly use.

With Friction, Participants’ usage patterns of AI hints shaped
their perception of ownership. Those like P13, P14, and P16, who
initially relied on AI hints but gradually reduced their use, reported
the highest levels of ownership. For example, P16, evolving
from initial AI reliance to independently creating revision plans,
reported a highest score of 7. In contrast, others (P01-03, P05-12)
who tended to combine AI hints with their own insights felt a

strong, yet slightly lesser, sense of ownership. For example, P12,
who scored a 5, appreciated the AI’s role in shaping direction
without restricting creativity, commenting, “AI hints are very

instructive by only giving me a general direction without giving

a specific answer. This leaves room for creativity.” Conversely, an
outlier P04, who replicated nearly all AI hints from Friction,
experienced a comparatively lower sense of ownership (3).

5.5 Perceived Creativity Support

As displayed in Table 1, participants perceived significantly more
support from Friction than baseline in terms of enjoyment,
exploration, expressiveness, and results worth effort. Notably, we
changed the original survey questions about collaboration between
users to collaboration between the user and AI. The results showed
that Friction was perceived as easier to collaborate with AI
than the baseline (𝑊 = 8.00, 𝑝 = .002∗∗). However, there is no
observable difference between the two conditions in terms of
immersion (𝑊 = 25.50, 𝑝 = .094) and both scores are relatively
low. We suppose that this was caused by the mentally demanding
nature of reflection & revision tasks for novice writers.
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5.6 Perceived Usefulness

As shown in Table 1, participants perceived Friction as signifi-
cantly more useful than the baseline (𝑊 = 1.50, 𝑝 = .003∗∗). The
top three most useful features were AI hint (𝑀 = 5.81, 𝑆𝐷 = 1.72),
feedback heatmap (𝑀 = 5.75, 𝑆𝐷 = 1.06), and AI evaluation
(𝑀 = 5.31, 𝑆𝐷 = 1.66). This result aligns with our expectations,
as these features were among the most novel and specifically de-
signed for Friction to address key user needs. We illustrate the
usefulness ranking of Friction’s features in the Appendix C.4.4.

5.7 Perceived Task Workload

We conducted a Wilcoxon signed-rank test to compare participants’
perceived workload in two conditions. As shown in Table 1, there
is no observable difference between Friction and baseline in all
dimensions of NASA Task Load Index. This result suggests that
the increased complexity of Friction did not overwhelm users.

5.8 Additional Participant Observations

Participants appreciated the sentence-based mapping between feed-
back and essays: it preserved context (P15), provided a manageable
granularity for novices (P16), and enhanced reflection on specific
details (P13). However, some participants (e.g., P06, P15) highlighted
a trade-off: certain feedback necessitates revisions at the paragraph,
essay, or even topic level. While this larger range of revision can
be achieved by revising multiple sentences, a more flexible revision
span may achieve a more engaging authoring experience. P02 sug-
gested adding a slider to control the granularity of revision spans,
ranging from words and phrases to sentences and paragraphs.

In addition, some participants (e.g., P04, P16) observed that
Friction presented a steeper learning curve than the baseline
tool, as it required them to learn and adapt to new features such as
understanding the helpfulness metrics. The need to engage deeply
in reflection also contributed to an increased mental load (e.g., P04,
P11), as participants had to “push themselves to carefully interpret

feedback, read suggestions, and make decisions” (P10). P14 suggested
that automatically condensing feedback content and making
suggestions more concise could help reduce this load. Participants
also reported usability challenges, including issues with the legacy
effect when dragging feedback cards, the smoothness of scrolling,
and the time spent waiting for AI responses.

Lastly, participants provided valuable recommendations for ex-
panding the system’s capabilities. P13 recommended a sorting func-
tion to rank feedback cards by the chosen helpfulness metric. P16
proposed adding a feature to automatically cluster feedback units
based on common issues. Several participants (e.g., P07, P09, P11,
P13) believed Friction could also be useful in other writing sce-
narios, such as narratives, cover letters, and statements of purpose.
P06 suggested the system has potential for training young scholars
in academic writing, but P11 cautioned against using it for revising
research papers, as “it needs academic knowledge, statistic data, and

innovative ideas,” but AI may not be fully reliable.

6 Discussion

In this paper, we propose and evaluate Friction, a novel AI-infused
tool that strategically scaffolds novice writers in structured, in-
depth reflection on feedback for writing revision. Based on our

findings, we suggest several design implications for future human-
AI interaction and creativity support tools.

6.1 Balancing the Trade-Off Between Efficiency

and Reflection

The HCI community is currently debating the rapid transformation
of the creative industry driven by LLMs [27]. LLMs enable the
generation of various forms of text at unprecedented speeds [110],
promising to reshape the creative landscape [5]. For instance,
writers of all skill levels can now use tools like ChatGPT to produce
large volumes of text at their fingertips. HCI researchers have
also developed revision tools that generate multiple alternatives
in seconds [11, 32, 60–62, 87, 95], enabling less confident writers to
easily replace their original work. However, creativity is a nuanced
process that often requires sustained focus, time for reflection,
and the development of domain-specific skills through long-term
dedication [28]—particularly for novices. This creates an urgent
need to critically assess the temporal dynamics of LLM systems
and explore ways to align their rapid output with the slower,
deliberate nature of human creativity to ensure users can develop
essential skills through interaction.

Our work leverages AI to provide guidance when participants
reflect on their writing issues and potential solutions during the
planning phase, aligning with the principles of “cognitive appren-
ticeship” [19, 20]. In cognitive apprenticeship, a more experienced
individual deliberately makes tacit thinking processes visible to
the apprentice, enabling the learner to observe, enact, and prac-
tice the processes with guidance from the more experienced men-
tor. Compared to most current AI writing tools—which directly
generate revised text for users, bypassing the thinking process—
our apprenticeship-based interaction emphasizes making both the
thinking process (§3.1) and the AI’s step-by-step guidance visible to
learners. This approach lowers the barriers to engaging in reflective
activities, increases the time participants spend on reflective plan-
ning (§5.3), and likely contributed to the observed improvements
in participants’ performance of planning (§5.1) revision (§5.2).

While we cannot directly measure learning in a single usability
study, the observed improvements in behaviors provide preliminary
evidence of potential long-term learning gains. According to the
theory of deliberate practice [4, 35, 71], sustained focus on challeng-
ing tasks, coupled with feedback, leads to the gradual acquisition of
expertise. Reflective behavior, emphasized in our work, is a corner-
stone of deliberate practice, as it allows individuals to internalize
skills through focused effort and self-assessment. Guided reflec-
tion through Friction allowed users to move beyond surface-level
changes, fostering deeper engagement with the content and helping
them understand the nuances of writing issues. However, a trade-off
emerges: when AI support focuses primarily on fostering reflection
rather than directly assisting users in content generation, efficiency
may remain constant or even decline slightly, as evidenced by the
number of revised sentences and word changes (§5.2). This work
calls for a broader conversation in human-AI interaction on the
balance between productivity and reflection, and efficiency and
deliberation.

The philosophy of Friction draws from design traditions that
push back against the pervasive focus on efficiency above all other
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metrics in interactive systems—such as slow technology [50, 51],
reflective design [102], and design frictions [24, 34]. Cognitive
psychology provides further insight into this balance. Kahneman’s
work [69] describes two modes of thinking: System 1 and System
2. System 1 operates quickly and automatically, guiding routine,
mindless behaviors—such as the feedback processing phase. In
contrast, System 2 is slower, more deliberate, activated during
mindful, reflective tasks like the planning stage in our work. In our
work, Friction augmented sensemaking during the initial feedback
processing, where efficiency is crucial (System 1), while deliberately
slowing down the action-planning phase, which requires deeper
reflection (System 2). We argue that combining these two modes of
thinking could and should be combined in design to optimize the
use of LLMs in creative processes. Future endeavors could explore
how to seamlessly integrate both systems in LLM-enhanced tools
in broader creative domains (e.g., visual design).

6.2 Leveraging Visualization as a Proxy for

Complex AI Outputs

LLM outputs are purely textual and often unstructured, which can
be challenging to interpret at scale. In our work, textual feedback
comments are organized within an interactive heatmap, spread
across different sections of the essay and various types of writing
problems. This visualization proved effective in guiding user
attention toward problematic content and salient issues (§5.1):
Participants used it to prioritize areas needing revision and to
systematically address a specific type of issues in different sections.
This aligns with prior research [56–58], which showed that
visualizations are powerful interfaces for representing complex AI
reasoning and uncovering hidden patterns in human-AI co-writing.

As LLMs become increasingly integrated into creative and intel-
lectual tasks, the need for intuitive and scalable methods of interac-
tion is all the more pressing [46]. In our work, when the input (i.e.,
feedback) was large in volume, the output of LLMs (i.e., predictions
of problematic sentences) expanded proportionally, further compli-
cating user sensemaking. In other words, when assistance was most
needed, it became paradoxically harder and harder to interpret mod-
els’ assistance. The interactive heatmap emerges as a suitable proxy
to represent LLM output and effectively bridges the gap between
feedback and writing. By highlighting areas of concern, users were
guided toward amore systematic workflow that balances addressing
both local and global issues during revision. This work extends prior
research, demonstrating the critical role of visualizing AI outputs
in directing human attention and augmenting user sensemaking.

However, while visualizing LLM output may help to reduce com-
plexity and draw user attention, reducing complexity by its nature
is lossy. Some amount of useful context may be abridged by the
visualization, diminishing potential benefits. For users of Friction,
we aimed to strike the right balance between providing summaries
in visual form and access to raw text when desired, but there is
no canonical strategy for doing so. It remains to be seen where and
when this approach is most advantageous, and whether it scales
smoothly with different levels of task and feedback complexity.
In addition, future studies could also investigate how different
types of visualizations and varying levels of interactivity in these
visualizations would affect human sensemaking of LLM outputs.

6.3 Preserving Ownership While Being

Scaffolded by AIs

Our study provides initial evidence that offering participants hints
to scaffold their revision efforts, rather than replacing their work,
can enhance their sense of ownership (§5.4). While participants
generally reported a strong sense of ownership, this was influenced
by how they used AI-generated hints. Specifically, a greater reliance
on AI hints was linked to a reduced feeling of ownership. This
aligns with prior research showing that increased AI involvement
in text generation—from none to sentence-level to paragraph-level
contributions—diminishes individuals’ sense of ownership over
the text [30]. In addition, Zhou and Sterman [134] suggested that
imperfect, intermediate AI-generated text, which leaves room for
writers to modify, may foster greater ownership compared to fluent
AI continuations. A similar dynamic may be at play when an AI
offers hints instead of full text generation.

Prior work showed that timing of feedback delivery can impact
recipients’ feedback-seeking behaviors and creative outcomes [33].
This is similar to timing of hint provision. For instance, giving
students more agency in the planning process—by providing AI-
generated hints after they have written an initial draft themselves—
could act as a “second opinion” and potentially bolster their sense of
ownership [103]. In addition, Aleven et al. [3] found that adaptive
fading of hints led to greater robust learning than fixed-fading and
no fading conditions. We can imagine that if an AI was able to
monitor user performance in reflection and dynamically adjust the
granularity and frequency of their hints, both learning effectiveness
and sense of ownership might be further enhanced. On the other
hand, it may not be the presence of hints which improves ownership,
but rather agency in terms of activating and using the system.

In light of these initial findings, we encourage future researchers
to explore several key areas: comparing creators’ sense of
ownership when AI provides scaffolding in the form of hints
versus full text generation, examining the relationship between
user engagement with AI hints and their perception of ownership,
and investigating the impact of hint timing and fading on creators’
sense of ownership. We believe that these future explorations
would offer valuable insights for designing appropriate AI scaffolds
that preserve ownership while providing desired creativity support.

7 Limitations

There are a few limitations to consider with regard to our proto-
type system, study methodology, and analysis. First, since we chose
argumentative writing as an example domain to help design the sys-
tem, the prompting method for feedback categorization is designed
specifically for this genre. Creative genres may differ substantially
in the issue topics addressed by critics. For example, instead of
claims, reasoning and evidences, feedback for fictions may be re-
lated to character, settings, and story lines. However, we believe
that the design of workflows, visualizations, and AI scaffolds is
applicable across domains.

Second, our participants provided valuable suggestions for
improving and expanding the system. We are working on imple-
menting these suggestions to make Friction more usable. Some
suggestions also open avenues for future research. For instance, we
followed previous work to adopt a sentence-based revision model
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given its advantages of representing the natural boundary of text
and proved effectiveness in supporting revisions [1, 60, 111, 130].
However, sentence-based revision may not apply to all scenarios.
This raises a broader question about the most appropriate level
of granularity for feedback. While Friction provided an initial
exploration in this area, future study is warranted to understand
how adjusting the scope of revisions shapes the process.

Third, with regard to our methodology, we followed previous
work [122] to provide participants with existing essays and feedback
in the tasks. They might react differently if they were revising
their own work based on the feedback collected by themselves.
For example, a user might reflect more on writing habits when
reviewing salient issues from the heatmap. Moreover, we collected
feedback through crowdsourcing. Previous research has shown that
crowd workers could potentially use LLMs to complete tasks [109].
We adopted several methods from prior work [108] to prevent
LLM use, as detailed in Appendix B.1. However, we acknowledge
that the potential for LLM use by crowd workers cannot be entirely
eliminated. Additionally, while we adopted computational linguistic
methods from prior work to quantitatively assess reflection plans,
we recognize that reflection is inherently nuanced and complex,
which may not be fully captured by these computational techniques.
Future research could benefit from a more detailed, qualitative
content analysis to better understand the differences in the nature
of plans developed with and without Friction.

Lastly, the size of the user study (𝑁 = 16) is also a limitation.
A more extensive study in the future, involving a larger and more
diverse participant pool, would provide a stronger foundation
for evaluating the system’s usability and generalizability across
different user groups, including more experienced writers and
professional writing contexts. For example, we can analyze how
different demographic factors (e.g., gender, age, writing proficiency,
AI tools used, frequency, and purposes) may influence the quantita-
tive results tested in the study. Moreover, our study’s duration was
based on prior research and preliminary investigations, revealing
initial evidence of participants’ more engaged behaviors and the
positive immediate outcomes from it. To measure learning effect
and writing skill development, we plan to conduct a long-term,
longitudinal study.

8 Conclusion

In conclusion, our work with Friction highlights the potential
of generative AI in transforming the feedback-driven revision
process for novice writers by striking a critical balance between
efficiency and reflection. By strategically breaking down and
organizing feedback, Friction encourages deeper engagement
with content-related issues, leading to more thoughtful and
effective revisions. The integration of adaptive hints and feedback
heatmap further aids in navigating complex feedback, enhancing
sensemaking, and promoting iterative reflection. As AI continues
to evolve, its role in creativity should not merely be to simplify
tasks but to improve learning experience, enabling users to
develop greater mastery and creative autonomy. Our findings open
new avenues for the design of human-AI systems that promote
deliberate practice and reflection, offering a promising direction
for future research in creativity support and beyond.
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A GPT-4 Prompts Used in Friction

Here, we outline the techniques we employed to guide the GPT-4
model within the context of Friction. We followed the work of Wu
et al. [116] to break down complex tasks into a set of LLM primitive
operations and borrowed their proposed default prompting and
data structures to design instructions. The temperature of the model
is set to 0.7 for creative operations like Strategy Generation and 0.0
for factual or deterministic tasks like Feedback Classification.

A.1 Feedback Segmentation

System Prompt:

Split the feedback paragraph into an ordered list of different
writing problems. Group adjacent sentences that target the same
problem or subject. Keep the original text. No rephrasing. Correct
mis-spelled words in the feedback. Ignore sentences that are not
stating problems. Return 0 if there is no problem provided.

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Examples:

Input:

feedback: Egad! First of all, the rubric related to grammar is
so hideously abused here it is hard to get over. There, I have
said that, and I will not linger on it, but really? The structure
and organization is not bad. The student stated the issue, let
us know they disagreed with the premises, broke their argument
down into useful subsets, and addressed what they thought the
issue was and why they believed it was possible to overcome each
issue. They also provided a conclusion. This is the only plus,
but it should have some weight, since so many cannot muster it.
The issues are poorly described, and the reason behind the issue
misunderstood. There are far more salient points to make on each
of the sub-topics, and only a little research would have helped
to see them. The suggestions for how to overcome the perceived
issues were laissez-faire, generic and not proven or supported by
any discussion of merit. As for fluidity, I suppose despite being
largely oblique and unsupported, the essay enjoys a reasonable
flow, and one poor point is followed smoothly to another poor
point. The language precision is dreadful. I would love to edit
this with this student and push them to work a little harder and
research much more, since the bones are there. All word processors
contain very easy to use spelling and grammar functions, and the
student would be wise to spend the several minutes required to
take advantage of them.
Output:

1. First of all, the rubric related to grammar is so hideously
abused here it is hard to get over.
2. The issues are poorly described, and the reason behind the
issue misunderstood. There are far more salient points to make
on each of the sub-topics, and only a little research would have
helped to see them.
3. The suggestions for how to overcome the perceived issues
were laissez-faire, generic and not proven or supported by any
discussion of merit.
4. As for fluidity, I suppose despite being largely oblique and
unsupported, the essay enjoys a reasonable flow, and one poor
point is followed smoothly to another poor point.
5. The language precision is dreadful.
6. All word processors contain very easy to use spelling and
grammar functions, and the student would be wise to spend the
several minutes required to take advantage of them.
Input:

feedback: The essay contains grammatical errors. The sentence
“some students utilize their cell phones as an effective cheating
tools...” should not have the word “an.” The sentence “the mobile
phone has become a dispensable multifunctional tools” should have
singular “tool” instead of “tools.” The writer gives specific
examples to support their argument, such as when they explained
how mobile phones can cause social issues. However, some of their
points are vague and seem rushed. For example, they claim that the
social problems and privacy concerns of mobile phone users can be

solved, but they don’t give any ideas on how to solve them. The
writer doesn’t cite any sources to support this claim: “It has been
proved that overusing of the electronic devices including mobile
phones could lead to higher possibility of suffering hearing loss
and even cancers, although the further investigation are needed.”
Output:

1. The essay contains grammatical errors. The sentence “some
students utilize their cell phones as an effective cheating
tools...” should not have the word “an.”
2. The sentence “the mobile phone has become a dispensable
multifunctional tools” should have singular “tool” instead of
“tools.”
3. However, some of their points are vague and seem rushed. For
example, they claim that the social problems and privacy concerns
of mobile phone users can be solved, but they don’t give any ideas
on how to solve them.
4. The writer doesn’t cite any sources to support this claim:
“It has been proved that overusing of the electronic devices
including mobile phones could lead to higher possibility of
suffering hearing loss and even cancers, although the further
investigation are needed.”

A.2 Feedback Classification

The prompt that we used to classify the purposes of feedback con-
sists of two steps. We first instruct the model to categorize the
given feedback into “Surface” or “Content,” and then tasked it with
a detailed taxonomy.

System Prompt:

Step-1: Categorize the given feedback into “Surface” or “Content”
purposes. Surface feedback focuses on critiquing the language,
organization, and technical aspects of the writing, including
word usage, grammar, fluency, and sentence structure. Content
feedback critiques the substance of the essay, including the
claims, reasoning, evidence, and counterarguments presented.
Respond with the most relevant category.

Step-2 if surface : Categorize the given feedback into
“Organization”, “Word-usage” or “Orthography” purposes.
Organization feedback helps the author get a better flow of
the paper. Word-usage feedback critiques words or phrases for
better representation of ideas. Orthography feedback focuses
on spelling or grammar errors, misusage of punctuation, or
adherence to the organizational conventions of academic writing.
Respond with the most relevant category.

Step-2 if content : Categorize the given feedback into “Claim”,
“Reasoning”, “Evidence”, “Rebuttal”, or “Others” purposes. Claim
feedback critiques the position or claim being argued for.
Reasoning feedback focuses on the principle or reasoning of
the claim. Evidence feedback critiques facts, theorems, or
citations for supporting claims/ideas. Rebuttal feedback focuses
on the development of content that rebuts current claims/ideas.
Others critique content that does not directly support or rebut
claims/ideas. Respond with the most relevant category.

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Examples:

Input:

feedback: I also don’t understand why the author did not clearly
state a main idea to start out the essay, such as I am here today
to convince you of why cooperation is more important to a child’s
development as opposed to competing rather than to wait until the
end.
Output:

Step-1: Content
Step-2: Claim
Input:

feedback: However, I would also argue that this argumentative
essay lacks quantitative data to support these claims. The author
should be able to identify specific economic data to be able to
prove that the impact of international tourism grows the local
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economy.
Output:

Step-1: Content
Step-2: Evidence
Input:

feedback: I just do not feel that the writer talked about how
cruel it is to animals to be tested on and how it makes them feel.
Many people love animals so I can see how they would not like
what the writer wrote.
Output:

Step-1: Content
Step-2: Reasoning
Input:

feedback: The essay does not appear to provide any counter
examples or arguments, and opposing positions are only briefly
acknowledged in the first paragraph without any expansion on the
arguments.
Output:

Step-1: Content
Step-2: Rebuttal
Input:

feedback: The conclusion felt brief and did not tie up many loose
ends. It felt like it was the briefest possible summary.
Output:

Step-1: Content
Step-2: Others
Input:

feedback: Also, some of the work choices were awkward, such
as ’borne in mind’ and ’serious problems springing from modern
technology.’ Again, this is a simple fix for the author.
Output:

Step-1: Surface
Step-2: Word-usage
Input:

feedback: The claims are easy to understand but I did not like
the structure of the body paragraphs and felt it was not clear
enough.
Output:

Step-1: Surface
Step-2: Organization
Input:

feedback: The sentence “the mobile phone has become a dispensable
multifunctional tools” should have singular “tool” instead of
“tools.”
Output:

Step-1: Surface
Step-2: Orthography

A.3 Problematic Sentence Detection and

Diagnosis

We direct the model to adopt the role of an “English writing teacher”
to set the tone. The original full essay will be injected as context
information. The output is required to be structured in the JSON
format for information extraction.

System Prompt:

You are an English writing teacher. Your job is to detect a list
of sentences from the essay to address the given feedback. If the
feedback suggests revising certain sentences, return the sentence
index and give a specific and justifiable rationale to diagnose
why they need to be revised rather than tell how to revise them.
If the feedback suggests adding new content, identify the certain
sentence index after which the new content should be inserted and
explain why it should be positioned there.
Only respond in JSON structure like this: [“id”: <index start
from 1>, “text”: “<original text>”, “rationale”: “<rationale>”]

Essay: injecting the full essay content

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Examples:

Input:

feedback: However, there is no clear evidence cited in his essay
response, only vague generalities and “more studies are needed”
responses.
Output:

[“id”: 10, “text”: “It has been proved that overusing of
the electronic devices including mobile phones could lead to
higher possibility of suffering hearing loss and even cancers,
although the further investigation are needed.”, “rationale”:
“This sentence makes a claim about the health effects of overusing
electronic devices, but does not provide any specific evidence or
sources to support this claim. It also ends with a vague statement
about needing further investigation.”,
“id”: 13, “text”: “This possibility exists all the time. But
a more efficient and reliable system can also be invented to
guarantee the private information of users.”, “rationale”: “This
sentence makes a claim about the possibility of conversations
being intercepted and the potential for a more reliable system,
but does not provide any specific evidence or sources to support
these claims.”]
Input:

feedback: In terms of language usage, the essay contains several
grammatical errors and awkward phrasings. For example, the phrase
“Nowadays, the popularity of mobile phones has brought about a
lot of convenience but at the meanwhile a variety of problems as
well” could be revised for clarity and conciseness.
Output:

[“id”: 1, “text”: “Nowadays, the popularity of mobile phones has
brought about a lot of convenience but at the meanwhile a variety
of problems as well”, “rationale”: “The phrase ’at the meanwhile’
is grammatically incorrect and awkward. The correct phrase should
be ’in the meantime’ or ’meanwhile.’ Additionally, the sentence
is quite long and could be made more concise.”,
“id”: 5, “text”: “Mobile phones are not out of expectation.”,
“rationale”: “The phrase ’not out of expectation’ is awkward and
unclear. It’s not immediately clear what the writer means by
this.”,
“id”: 7, “text”: “What is worse, some students utilize their
cell phones as an effective cheating tools in examinations in
which they can send and receive answers by texting each other.”,
“rationale”: “The phrase ’as an effective cheating tools’ is
grammatically incorrect. The singular form ’tool’ should be used
instead of the plural ’tools.”’,
“id”: 8, “text”: “Nevertheless, it is not impossible to solve
these problems, as long as some regulations and rules can be
effectively implemented.”, “rationale”: “The phrase ’it is not
impossible to solve these problems’ is a double negative and
could be rephrased for clarity.”,
“id”: 9, “text”: “It is also worth mentioning that some harmful
effects on our health are lethal.”, “rationale”: “The phrase
’some harmful effects on our health are lethal’ is awkward and
could be rephrased for clarity.”,
“id”: 14, “text”: “Moreover, the mobile phone has become a
dispensable multifunctional tools in people’s daily life.”,
“rationale”: “The phrase ’a dispensable multifunctional tools’
is grammatically incorrect. The singular form ’tool’ should be
used instead of the plural ’tools.”’]

A.4 Revision Strategy Generation

System Prompt:

You are an English writing teacher. Your job is to offer three
one-sentence, diverse, specific, and actionable strategies for
revising the given sentence in the essay below, based on the
provided feedback. Do not include any revised sentences in your
response.
Only respond in JSON structure like this: [“title”: <three word
strategy name>, “strategy”: “<strategy content>”]

Essay: injecting the full essay content

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
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Examples:

Input:

feedback: Using a quote that, I also had to infer was a quote
because it was stated like a quote but wasn’t quoted nor cited is
not much support for convincing one of their side of an argument.
sentence: It is always said that competition can effectively
promote the development of economy.
Output:

[“title”: “Cite Source Clearly”, “strategy”: “Explicitly mention
the source of the quote about competition promoting economic
development to add credibility to the argument.”,
“title”: “Avoid Unattributed Quotes”, “strategy”: “Rephrase the
sentence about competition promoting economic development without
using an unattributed quote to strengthen the argument.”,
“title”: “Provide Supporting Evidence”, “strategy”: “Include
factual data or examples to support the claim that competition
is effective in promoting economic development.”]
Input:

feedback: I also do not think the conclusion does a good job of
going through the main points of why a cooperative attitude is
superior than a competitive one. There are no new insights in the
conclusion.
sentence: Consequently, no matter from the view of individual
development or the relationship between competition and
cooperation we can receive the same conclusion that a more
cooperative attitudes towards life is more profitable in one’s
success.
Output:

[“title”: “Summarize Main Points”, “strategy”: “Summarize the
key points discussed in the essay regarding the benefits of
cooperation over competition to strengthen the conclusion.”,
“title”: “Include New Insights”, “strategy”: “Add fresh insights
or perspectives in the conclusion that were not explicitly
mentioned in the body of the essay to make the conclusion more
impactful.”,
“title”: “Provide Actionable Steps”, “strategy”: “Offer specific
actions or recommendations based on the advantages of a
cooperative attitude to make the conclusion more practical and
engaging.”]

A.5 Plan Implementation Analysis

The prompt that we used to provide analysis on the plan implemen-
tation of each iteration is depend on the results of our fine-tuned
GPT-3 model’s results about revision improvements (seen in §3.4).

System Prompt:

If not better: You are an English writing teacher. Your job

is to analyze how the student failed in using the following
strategies in revision and therefore, makes no improvement to
the original sentence. Keep your analysis within 30 words. Start
with “The revision ...”

Strategies: injecting the action plans crafted by the user

If better: You are an English writing teacher. Your job is
to analyze how the student succeeded in using the following
strategies in revision and therefore, makes improvements to the
original sentence. Keep your analysis within 30 words. Start with
“The revision ...”

Strategies: injecting the action plans crafted by the user

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Examples:

Input:

original sentence: In addition, hi-tech devices also have a very
positive impact on many aspects of our lives.
revised sentence: Also, high-tech devices are really good for
healthcare, like because of a 30% increase in recovery, like
with better diagnostic things and monitoring patients more
efficiently.
Output:

The revision lacks a clear presentation of statistics, using

vague language (”really good” and “like”) instead of precise
terms. The phrase “30% increase in recovery” lacks context, and
“better diagnostic things” is informal.
Input:

original sentence: Personally, I partly disagree with this point
of view, and the reasons are given below.
revised sentence: I disagree with this view that we should refrain
from technology advancement, due to the vast opportunities it
enables despite potential dangers.
Output:

The revised sentence provides a clear statement of disagreement,
specifies the topic, and hints at the reasons for disagreement
making it more informative and engaging. It also avoids
unnecessary phrases like “personally” and “the reasons are given
below”, making it more concise and direct.

B Technical Evaluation

B.1 Process of Crafting Feedback Dataset

We first collected a corpus of feedback following human annotation
to establish a ground truth. To create this corpus, we sampled six
argumentative essays from a widely used dataset [104]. This dataset
consists of 90 argumentative essays collected from an online com-
munity where English as a Second Language (ESL) learners share es-
says they write to practice for standardized English tests like IELTS.
We chose this dataset because the authors of the papers match the
target users of our system, i.e., novices. The sampled essays covered
different topics, such as education, technology, economy, and policy.
For each essay, we recruited 10 crowd workers to provide feedback.
We also provided a rubric to guide the feedback generation process,
adopted from Harrell’s work [53]. This approach aligns with pre-
vious research indicating that crowdsourced feedback, especially
when guided by a rubric to enhance its quality, is comparable in
terms of quality, scope, and length to that generated by social me-
dia, online communities, and even experts [120, 121, 124]. Each
feedback task paid $4.

Previous research has shown that crowd workers could poten-
tially use LLMs to complete tasks [109]. To prevent LLM use, we
followed the work of Veselovsky et al. [108] by explicitly instruct-
ing crowd workers not to use LLMs and converting the original
rubric into an image. However, we acknowledge that even with both
methods, we cannot entirely eliminate the potential for LLM use by
crowd workers. Given that the quality of collected feedback is rated
as relatively high by trained expert evaluators in Section 4.2.2 and
considering the previous usage of AI in providing feedback on writ-
ing content [7], we believe that occasional instances of LLM usage
in the feedback data would not significantly affect data quality.

One research assistant divided the 60 pieces of feedback into 223
unique feedback items, each targeting one issue in the associated
essay. We sampled 100 items as our final corpus for subsequent
annotation and evaluation.

B.2 Additional Comments on Performance of

LLM Pipelines in Detection, Diagnosis, and

Strategies

B.2.1 Comments on LLM Performance in Detection. Evaluators
commented that our LLM method effectively scanned the entire
essay for issues, not only catching problematic sentences in
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Table 3: Demographic information of participants and their usage of AI writing tools in daily writing practice. *Writing

proficiency. **English proficiency (both on Likert scales from 1/low to 7/high). ***Usage purposes of AI writing tools include:

1—Grammar and spelling assistance, 2—Writing prompt or idea suggestions, 3—Refining writing styles or tones, 4—Polishing

content or language, 5—Plagiarism detection, 6—Summarizing text, 7—Reflecting on writing, 8—Understanding feedback.

ID Gender Age Writing* English** AI Tool Types AI Usage Freq. AI Usage Purpose***

P01 Female 23 4 4 ChatGPT Weekly 1, 2, 3, 4, 6
P02 Female 22 4 4 ChatGPT, Grammarly Daily 1, 3, 4
P03 Female 24 2 4 ChatGPT, Grammarly, Notion AI Daily 1, 2, 3, 7
P04 Male 26 2 3 ChatGPT, Grammarly, Notion AI Weekly 1, 3, 4
P05 Female 22 4 6 ChatGPT Weekly 3, 4
P06 Female 25 3 3 ChatGPT, Grammarly Weekly 3, 4, 6
P07 Female 24 4 5 ChatGPT, Gemini Weekly 2, 4
P08 Female 35 4 5 ChatGPT, Grammarly, Deeplearn Daily 1, 2, 3, 4
P09 Female 23 3 5 ChatGPT, Grammarly Weekly 1, 2, 3, 6
P10 Male 22 4 6 ChatGPT Daily 1, 2, 3, 4, 6, 9
P11 Female 24 3 5 ChatGPT Weekly 1, 2, 4, 6
P12 Male — 4 4 ChatGPT Weekly 2, 3
P13 Male 28 3 5 ChatGPT, Grammarly Weekly 1, 3, 4
P14 Male 24 3 7 ChatGPT, Bing Chat, Gemini Monthly 7
P15 Male 23 4 5 ChatGPT, DeepL Daily 1, 3, 4
P16 Male 23 3 3 ChatGPT, Grammarly, Notion AI Weekly 2, 3, 4, 6

noticeable areas like the beginning paragraph but also thoroughly
reviewing the body paragraphs. It was particularly adept at identi-
fying multiple problematic sentences simultaneously, maintaining
accuracy without the risk of fatigue. However, the LLM sometimes
failed to identify all problematic sentences when the feedback was
overly specific. For instance, when feedback highlighted specific
sentences that needed revision, the LLM sometimes neglected to
scan for additional sentences in other areas of the essay.

B.2.2 Comments on LLM Performance in Diagnosis. Evaluator feed-
back indicated that LLM-generated diagnoses were generally ob-
jective, straightforward, and concise. They focused on logical ex-
planations without directly proposing specific solutions, aligning
with expectations for the diagnosis phase. These diagnoses avoided
emotional or ambiguous expressions, instead favoring declarative
statements that are easily understood by novices. For instance, LLM-
generated diagnoses clearly point out issues within the context of
both feedback and writing: “It is unclear what strategies or methods

can be used to encourage scientists to pay more attention to developing

new technologies.”
While these statements were clear, the evaluators suggested that

the diagnosis would have been more thought-provoking if it had
taken a questioning tone. For example, “How do you address coun-

terarguments against international tourism?,” could inspire deeper
reflection compared to declarative statements like “this sentence
does not discuss any counterarguments.” Additionally, there were
edge cases where the LLM misinterpreted the author’s intent, likely
due to context ambiguity or conflicting counterarguments.

B.2.3 Comments on LLM Performance in Strategies. In the strate-
gizing phase, evaluator believed that our method excelled in gener-
ating creative and diverse strategies, offering distinct perspectives
on problem-solving. For example, when optimizing a quote, the

LLM suggested not only to “include a source to clarify its origin”
but also to “paraphrase the statement instead of presenting it as a

quote.” Our LLM method was particularly good at using complete
and detailed examples when describing strategies, especially for
evidence or reasoning issues. For instance, when given feedback
that “the writer does not go into specifics about how tourism helps

locals with jobs,” rather than suggesting a vague “be more specific,”
the LLM provided actionable strategies: “elaborate on the specific

benefits of these tourism-related jobs, such as higher wages, better

working conditions, or job security compared to other local jobs.”
Similar to diagnosis, the strategies generated from our method

were sensitive to the context of feedback, sentences, and instruc-
tions. However, the LLM sometimes failed to incorporate distant
context, leading to strategies that were either too broad or redun-
dant. For instance, when the LLMoverlooked the overarching theme
or existing examples, their suggestions often lacked relevance or
added unnecessary repetition.

C User Evaluation

C.1 Participant Information

The demographic information of participants is shown in Table 3.

C.2 Interview Protocol

These are the questions used in the semi-structured interview after
the two revision sessions.

(1) What was your overall experience with each tool? Was there
anything that excited or frustrated you?

(2) Comparing the baseline and Friction, what were the main
differences you noticed in the feedback-driven revision pro-
cess?
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ChatGPT (GPT-4)

Figure 8: Screenshot of the baseline system.
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Figure 9: Participants’ time distribution across three stages in a 20-minute task session: Feedback Browsing, Reflective Planning,
and Iterative Revision. The time spent on reflective planning is marked with dashed borders.

(3) In the three main stages of feedback-driven revision—
feedback browsing, reflective planning, and iterative
revision—did you find one tool to be more helpful than the
other, and why?

(4) Were there any differences in your typical approach to
feedback-driven revision when using these tools? If so, how
was it different from your usual work flow?

(5) Which features did you find most beneficial in both tools,
and in what scenarios were they particularly useful?

(6) Do you think the two tools will contribute to your long-term
writing skill development? If so, how?

(7) How much ownership do you feel for what you created in
the revision task? Rate from 1 to 7 for both tools and explain
why.

(8) What role do you think the two tools play in your feedback-
driven revision?

(9) Do you have any suggestions or ideas to improve the tools?

C.3 Baseline System Interface

The baseline system shared a similar interface with Friction but
without its major advancements. In baseline, users could manually
select feedback pieces, reflect on the selected feedback, and make
necessary revisions on certain sentences. To ensure improvements
were due to Friction’s unique features and not general AI
capabilities, participants in baseline also had access to ChatGPT11,
a widely-used generative AI tool for writing assistance [106].

11https://chat.openai.com/

https://chat.openai.com/
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Table 4: The statistical metrics of participant performance of reflective planning, where the t-values from the Student’s paired

t-test, W-values from the Wilcoxon signed-rank paired test, and p-values (*: p<.05, **: p<.01, ***: p<.001) are reported.

Reflective Planning Performance

Baseline Friction Statistics
Hypotheses

M SD M SD 𝑡 (15) 𝑊 p

Addressed Feedback # of Addressed Feedback 3.75 1.65 10.38 5.23 −4.54 — .001*** H1a supported
# of Content-level Feedback 1.94 1.18 9.00 5.16 −5.31 — .001*** H1b supported

Reflective Plan

Length of Diagnosis 7.82 4.88 16.44 11.24 −2.92 — .011*
H1c supportedLength of Strategies 6.33 4.81 13.33 6.73 −3.57 — .003**

# of Justified Diagnosis 0.31 0.60 1.63 2.68 −1.93 — .073 H1d marginal
# of Actionable Strategies 2.25 2.15 7.50 5.19 −3.62 — .003** H1e supported
Self-reported Satisfaction 3.94 1.61 5.06 1.39 — 8.00 .014* H1f supported

Table 5: The statistical metrics of participant performance of iterative revision, where the t-values from the Student’s paired

t-test, W-values from the Wilcoxon signed-rank paired test, and p-values (*: p<.05, **: p<.01, ***: p<.001) are reported.

Iterative Revision Performance

Baseline Friction Statistics
Hypotheses

M SD M SD 𝑡 (15) 𝑊 p

# of Revised Sentences 3.93 1.06 3.69 1.14 0.51 — .615 H2a not supported
# of Word Changes Per Sentence 16.14 6.02 15.93 6.69 0.11 — .913 H2b not supported
# of Iterations Per Sentence 1.24 0.27 1.74 0.58 −3.48 — .003** H2c supported
Expert Evaluation 2.78 1.19 3.22 0.88 −2.13 — .038* H2d supported
Self-reported Satisfaction 4.44 1.50 5.25 1.13 — 10.50 .046* H2e supported

0 1 2 3 4 5 6 7

AI Hints on Reflective Planning

Feedback Distribution Vis

AI Evaluation on Iterations

AI Summary for Feedback Clusters

AI Summary for Reflective Plans

Feedback Helpfulness Vis

Likert Score

Figure 10: Bar plot of perceived usefulness. Error bars repre-

sent 95% confidence intervals (CIs) of mean.

C.4 Additional Results

C.4.1 Task Performance. Table 4 and 5 show detailed statistical
results of participant performance in reflective planning and itera-
tive revision separately, including the results from Student’s paired
t-tests and Wilcoxon signed-rank paired tests.

C.4.2 Time Distribution. We investigated each participant’s time
allocation in detail during the feedback-driven revision tasks in
both conditions. As shown in Figure 9, Friction increased the time
spent in reflective planning for 12 participants (except P03, P05,

Table 6: The statistical metrics of participants’ average AI

hint usage, where the Student’s paired samples t-test t-values

and p-values (*: p<.05, **: p<.01, ***: p<.001) are reported.

Diagnosis Strategies Statistics

M SD M SD t(15) p

No AI Hint Usage 1.18 1.68 1.31 1.70 −0.40 .697
AI Hint Inspiration 1.69 2.72 1.00 2.00 1.23 .239
AI Hint Adoption 2.38 2.85 2.94 3.26 −1.19 .254

P06, and P10), while helping 14 participants (except P10 and P14)
spend less time in feedback browsing.

C.4.3 AI Hint Usage. For the 84 diagnosis-strategy pairs created by
participants with Friction, we categorized their creation into three
categories: whether the participants did not check AI hints at all, got
inspiration from AI hints, or directly adopted AI hints. As shown in
Table 6, although there is no observable difference between partici-
pants’ usage of AI hints for diagnosis versus strategies, they directly
adopted marginally more hints from AI when devising strategies
(Diagnosis:𝑀 = 2.38, 𝑆𝐷 = 2.85; Strategies:𝑀 = 2.94, 𝑆𝐷 = 3.26).

C.4.4 Perceived Usefulness. We took a detailed look into the use-
fulness of the individual features of Friction. As shown in Fig-
ure 10, The top three most useful features of Friction were AI Hint
(𝑀 = 5.81, 𝑆𝐷 = 1.72), feedback heatmap (𝑀 = 5.75, 𝑆𝐷 = 1.06),
and AI Evaluation on Iterations (𝑀 = 5.31, 𝑆𝐷 = 1.66). This result
aligns with expectations, as these features were among the most
novel and specifically designed to address key user needs.
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