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Abstract. The ubiquity of technologies like ChatGPT has raised con-
cerns about their impact on student writing, particularly regarding 
reduced learner agency and superficial engagement with content. While 
standalone chat-based LLMs often produce suboptimal writing out-
comes, evidence suggests that purposefully designed AI writing support 
tools can enhance the writing process. This paper investigates how dif-
ferent AI support approaches affect writers’ sense of agency and depth 
of knowledge transformation. Through a randomized control trial with 
90 undergraduate students, we compare three conditions: (1) a chat-
based LLM writing assistant, (2) an integrated AI writing tool to sup-
port diverse subprocesses, and (3) a standard writing interface (control). 
Our findings demonstrate that, among AI-supported conditions, students 
using the integrated AI writing tool exhibited greater agency over their 
writing process and engaged in deeper knowledge transformation over-
all. These results suggest that thoughtfully designed AI writing support 
targeting specific aspects of the writing process can help students main-
tain ownership of their work while facilitating improved engagement with 
content. 

Keywords: Educational Technology · Large Language Models · 
Knowledge Transformation · Essay Writing 

1 Introduction 

Writing—is not merely an act of text generation but a cognitive process of 
meaning-making, requiring writers to synthesize and organize ideas, refine argu-
ments, adjust language and framing for different readers, etc. Skilled writers 
engage in knowledge transformation, continuously negotiating between the con-
tent (i.e., what to say) and rhetoric (how to say it) [ 5]. As generative AI is 
becoming more embedded in writing tools [ 17, 18, 33, 35], emerging research also 
indicates that these systems may inadvertently undermine essential human cog-
nitive processes [ 4, 34, 37]. While large language model (LLM) based writing tools 
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Fig. 1. These are the three interface conditions for the experiment. [A] is Script&Shift; 
[B] is the chat-based interface condition; [C] is the standard interface. Each condition 
has an always-present dock that contains information about the source-based writing 
task. 

can generate text effortlessly, they often encourage passive acceptance over active 
knowledge transformation, reinforcing “knowledge telling” behavior—a strategy 
where writing is a direct retrieval of information rather than formulated through 
deep reasoning [ 30]. The generative writing phenomenon raises urgent concerns 
about the homogenization of thought, erosion of writer ownership, and dimin-
ished self-regulation and reflection in writing [ 13, 26]. If generative-AI-powered 
writing tools primarily function as text generators, students may bypass critical 
stages in meaning construction, disengaging from essential cognitive processes 
that define effective and intentional writing (Fig. 1). 

To address the problem of cognitive disengagement in AI-assisted writing, 
we need writing tools that take a process-oriented approach, guiding writ-
ers through key cognitive steps in writing rather than bypassing them. This 
approach augments human writers by structuring AI interactions to scaffold 
key writing processes—brainstorming, argument development, content organi-
zation, rhetoric, revision, and reflection—ensuring that AI enhances rather than 
replaces cognitive effort. Building on this perspective, in prior work, we developed 
a process-oriented writing tool called Script&Shift [ 33] that supports writers 
through distinct phases of content development, revision, and rhetorical organi-
zation. Specifically, the tool allows writers to modularly structure their writing 
using a layered interface, invoke specialized AI assistants (Writer’s Friends) for 
targeted support, and seamlessly reorganize content to explore different rhetor-
ical strategies. These affordances ensure that AI assistance is embedded within 
the writing process rather than disrupting it. In contrast, chat-based LLM inter-
faces provide AI assistance through linear, turn-based exchanges, requiring writ-
ers to manually integrate suggestions into their text. For example, when a writer 
receives paragraph-level feedback in a chat interface, they must switch contexts 
between the chat window and their document, manually copy-paste content, and 
then adjust the surrounding text for coherence—a series of interruptions that
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fragments the cognitive flow of writing. This often disrupts the writing flow and 
encourages passive text adoption. 

To systematically examine how these differing AI interaction 
paradigms impact writer agency and knowledge transformation, 
we conducted a randomized controlled trial (RCT) comparing Script&Shift’s 
process-oriented design with a conventional chat-based LLM interface. This 
study evaluates how interface design shapes cognitive engagement, the depth 
of knowledge transformation, and writers’ ability to maintain control over their 
composition process. Our study involved 90 undergraduate students randomly 
assigned across conditions (30 per condition). Participants complete a source-
based writing task requiring synthesizing the provided documents into an essay 
arguing their chosen stance. In line with the focus of this paper, we focused 
on two constructs: 1) knowledge-transformation: Operationalized qualita-
tive coding for markers of knowledge-transformation in the final essays, and 
2) writer agency: Assessed through self-reporting for writing self-efficacy and 
perceived ownership. 

Our findings reveal that writers experience significantly greater agency and 
demonstrate more markers of knowledge transformation when using process-
oriented tools compared to chat-based interfaces. This aligns with theoreti-
cal predictions: process-oriented tools maintain separate content and rhetorical 
spaces, preserving the cognitive moves that characterize expert writing while 
providing targeted assistance at each stage. In contrast, chat-based interfaces 
often collapse these spaces by generating complete text, encouraging passive 
acceptance rather than active transformation. These results reinforce emerging 
evidence that conversational LLMs, while powerful, may not optimally support 
educational writing objectives when deployed through chat interfaces. Instead, 
we advocate for process-oriented AI design—systems that function as “critical 
partners” rather than text generators. By embedding LLMs within structured 
interfaces that scaffold (but do not automate) writing sub-processes, educators 
can empower students to engage deeply with content, refine their ideas, and 
maintain ownership of their work—key principles for effective human-AI collab-
oration in education. Enabling through granular scaffolding for diverse writing 
processes, we observe greater agency and deeper knowledge transformation for 
the process-oriented writing system than the alternative conditions. 

2 Related Works 

2.1 Writing and Knowledge Transformation 

Writing is a dynamic, non-linear process that cycles between planning, translat-
ing, and reviewing phases, with writers continuously adjusting their goals based 
on insights gained during composition [ 12]. Scardamalia and Bereiter [ 30] devel-
oped the knowledge-transforming model of writing, in which content generation 
emerges from a dialectical process [ 19] between two problem spaces: content 
(addressing belief and logical consistency) and rhetorical (handling composi-
tional goals). Novice writers, who lack the metacognitive skills to traverse this
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complex problem-solving model, default instead to the task-execution model of 
knowledge-telling where they retrieve information from memory based on genre 
and topic cues. Exercises like source-based writing tasks, emphasizing source 
understanding and idea synthesis, are powerful tools for evaluating and develop-
ing knowledge-transformation tendencies [ 32], which correlates with high-quality 
writing [ 29]. However, the rise of LLMs introduces complexities regarding writ-
ing development. While some evidence suggests AI assistance can yield immedi-
ate productivity gain [ 24], other research highlights potential drawbacks. For 
example, reliance on current chat-based LLMs might undermine knowledge-
transformation as writers often passively accept their suggestions to produce 
subpar and generic writing rather than engaging with them [ 37]. 

2.2 Writing and Agency 

In the context of writing, agency refers to students’ active, independent partici-
pation [ 10] Writers achieve agency through engagement with specific contexts like 
classroom narrative writing [ 6, 11]. LLMs raise concern among creative writers 
regarding ownership [ 14] and agency over content [ 16, 22, 23], along with broader 
ethical and societal risks [ 38]. When using ChatGPT for source-based writing 
tasks, Tarchi et al. found reduced writer agency and a disconnect between source 
documents and the composed prose [ 37]. Chat-based LLMs homogenize con-
tent, hindering students’ stylistic development [ 1]. While language is inherently 
dialogic—each utterance responding within broader sociocultural contexts [ 3]— 
current human-AI writing interactions fail to position voices effectively within 
these interconnected dialogues. 

2.3 AI and LLM in Writing Education 

The integration of AI in writing education has roots in cognitive science research 
on computer text-editors as writing aids. Collins and Gentner [ 8] emphasized 
how writers manage multiple cognitive processes throughout the writing process, 
and that computers are suited to supporting the cognitive processes they out-
line. Building on this foundation, early systems like iSTART [ 20] demonstrated 
computer-based scaffolding of metacognitive strategies through interactive train-
ing and pedagogical agents. Key findings revealed that computer experiences 
combining reading comprehension and writing strategy training enhanced stu-
dents’ knowledge-transformation abilities in source-based writing [ 39]. 

Recent advances have expanded both theory and application, particularly 
for knowledge-transformation and cognitive load management. There has been 
significant progress with machine learning algorithms for automatically identify-
ing knowledge-transforming in argumentative essays [ 29], while AI has demon-
strated effectiveness in improving academic argumentation writing through AI-
Supported Scaffolding (AISS) systems [ 17]. Studies reveal nuanced patterns of 
human-AI interaction: open-source LLMs perform comparably to proprietary 
models in providing writing feedback [ 15], while research on real-time assis-
tance tools shows writers engaging thoughtfully with AI suggestions rather than
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accepting them passively [ 9]. More saliently, Parker [ 25] showed that AI inte-
gration fosters metacognitive reflection and maintains writer agency through 
dynamic evaluation and negotiation. 

However, several research gaps persist: (1) developing more sophisticated 
mechanisms for multilingual writing support and macro-level feedback that goes 
beyond surface corrections [ 36]; (2) creating structured frameworks to accom-
modate diverse learning approaches while maintaining academic integrity, par-
ticularly as institutions adapt to ethically integrate AI technologies [ 25]; (3) 
improving AI algorithms specifically tuned for educational purposes rather than 
general text processing [ 17]; and (4) establishing robust validation methods for 
measuring educational impact across different writing contexts and complexities. 

3 Methodology 

Our study’s aim was to validate two constructs: Knowledge Transformation and 
Agency, within the context of different LLM-based writing scaffolding experi-
ences. We structured the experiment as a randomized control trial with three con-
ditions for writing: (1) Script&Shift, which provided integrated process-oriented 
LLM scaffolding; (2) a custom chat-based LLM to support writing; and (3) a 
standard writing interface with no LLM support as a control to ground our find-
ings. For the LLM conditions we used Claude 3.5 sonnet by Anthropic, known 
for its writing ability [ 2]. We conducted this human subjects research under 
the purview of Stanford University’s IRB. We recruited participants through 
Prolific [ 27], with filtering criteria requiring them to be students actively pur-
suing undergraduate degrees in the United States. The participants consented 
to volunteer 1.5 h for $15. In addition to the main task, we asked participants 
to complete a pre-test survey for demographic and main task-specific questions, 
and a post-test survey geared towards understanding their writing experience. 
We did not collect personally identifiable information from participants. 

3.1 Participants 

We recruited 90 participants (Female= 47, Male= 42, Non-Binary=1) and ran-
domly assigned them to one of three conditions (participant per condition=30). 
Participants reported age between 18 and 41, the mode of age range was 18– 
39 and the median age range was 26–30. The English proficiency of partici-
pants was high as the recruitment pool was restricted to university students in 
the United States (native=76, proficient=13, intermediate=1). All participants 
besides 3 had previously used AI for writing, most participants had used mul-
tiple tools (ChatGPT: 80, Grammarly: 55, Gemini:29, Claude:13, Others:11). 
The self-reported confidence of participants is as follows: Script&Shift (.μ = 3.9, 
.σ = 0.75), chat-based interface condition (.μ = 4.03, .σ = 1) and standard condi-
tion (.μ = 4.06, .σ = 0.72). The median time for task completion was 1 h 13 min. 

For the main writing task, we gave participants a source-based writing task 
to construct a position on advertisement based on provided documents in 800– 
1000 words. We derived our writing task from a College Board AP Language
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Fig. 2. Codes For Knowledge Transformation (Synthesis, Analysis, Application, Eval-
uation, and Comprehension) and Knowledge Telling (Knowledge) from Raković et al. 
2019 [ 28] with an example from our participant essays’ coding. 

and Composition exam due to its psychometric robustness. Before starting the 
main writing task, we showed participants an interface tutorial and assessed their 
understanding through a quiz. We provided participants with a grading rubric to 
guide their essay writing and additionally recommended composing their writings 
into three sections: introduction, body, and conclusion. We prescribed having 
three body paragraphs but made it clear that we accepted shorter essays if they 
were able to make their case sufficiently. We informed participants that using 
aid outside the interface was not allowed and that we tracked their interface 
transactions. We validated their submissions by assessing their interface logs. 

Two independent raters assessed each essay using two evaluation frameworks: 
(1) using the AP Language and Composition essay rubric; (2) using a knowl-
edge transformation evaluation, following the coding methodology from prior 
work [ 28]. To motivate high-quality writing in our participants, we offered a $5 
bonus if their essay scored in the top 5 for their condition based on the AP rubric 
scores and the agreement between both raters. The protocol involved coding for 
knowledge-transforming and essay quality scoring including the raters indepen-
dently coding a single essay and discussing their disagreements. Following this, 
each coder separately coded the rest of the essays. At the end of this first round, 
the inter-rater reliability was calculated using pooled Cohen’s Kappa yielding 
a score  of  .κ = 0.76. Following a discussion to resolve disagreements, raters re-
coded for a score of .κ = 0.86, which is a very good inter-rater reliability. Any 
remaining disagreement was resolved by an independent third rater. 

Following the writing task, a post-test survey was administered to assess 
participants’ experience with their task. For participants in treatment conditions,
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we asked about their experience using the LLM interface and their perceived 
agency over their writing, allowing us to validate our agency construct (Fig. 2). 

4 Results 

4.1 Knowledge Transformation 

To examine differences in knowledge transformation across conditions, we con-
ducted Kruskal-Wallis tests followed by pairwise Mann-Whitney U tests. The 
Kruskal-Wallis test revealed significant differences in Analysis scores across con-
ditions (.H = 8.72, .p = .013). Subsequent pairwise comparisons showed that 
Script&Shift participants displayed significantly higher Analysis performance 
compared to both Standard (.U = 236.50, .p = .007) and chat-based conditions 
(.U = 271.50, .p = .020). Additionally, Script&Shift participants showed signifi-
cantly better performance in Evaluation (.U = 287.50, .p = .033) and  Knowledge 
(.U = 554.00, .p = .038) compared to the ChatLLM condition. While no signifi-
cant differences were found in Application (.H = 0.67, .p = .715), Comprehension 
(.H = 0.92, .p = .632), or Synthesis (.H = 2.75, .p = .253), the overall pat-
tern suggests that Script&Shift was more effective at facilitating higher-order 
knowledge transformation, particularly in analytical and evaluative tasks. These 
findings indicate that Script&Shift’s structured approach may better support 
students in developing advanced cognitive skills compared to both traditional 
methods and standard AI writing assistance. In Fig. 4, we showcase participant 
self-reporting for various knowledge transformation processes [ 30, 31]. 

4.2 Agency 

The post-test survey contained 12 questions on a 7-point Likert scale, ranging 
from Strongly Disagree to Strongly Agree, for the chat-based and Script&Shift 
condition. Due to the nature of the control condition, there were no questions 
regarding the perception of AI usage as the system and only three questions 
regarding writing agency for establishing a baseline to compare the two AI con-
ditions. The questions were: (Q1) “I felt in control during the writing process”, 
(Q2) “I feel content with the writing I produced” and (Q3) “I would feel comfort-
able publishing this essay in my name.” One-way ANOVAs revealed significant 
differences between conditions for all three measures: Q1 (.F (2, 85) = 101.90, 
.p < .001), Q2 (.F (2, 85) = 72.91, .p < .001), and Q3 (.F (2, 84) = 26.15, .p < .001). 

To examine specific differences between the Script&Shift condition and other 
conditions, we used Welch’s t-test due to its robustness against unequal vari-
ances. For Q1, Script&Shift (.μ = 6.59, .σ = 0.87) showed significantly higher 
ratings compared to both chat-based (.μ = 3.34, .σ = 0.72; .t(54.20) = 15.48, 
.p < .001) and Standard conditions (.μ = 5.83, .σ = 1.09; .t(55.06) = 2.95, .p < .01). 
Similar patterns emerged for Q2, where Script&Shift (.μ = 6.34, .σ = 1.11) 
demonstrated significantly higher satisfaction than chat-based (.μ = 2.83, . σ =
1.04; .t(55.74) = 12.46, .p < .001) and Standard conditions (.μ = 5.50, .σ = 1.31; 
.t(56.10) = 2.68, .p < .01). For Q3, Script&Shift (.μ = 5.90, .σ = 1.54) also
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Fig. 3. This figure compares agreement for (A) Script&Shift, (B) Chat-based LLM, 
and (C) Standard interfaces across three dimensions of agency: perceived control during 
writing (Q1), content satisfaction (Q2), and publication comfort (Q3). 

showed significantly higher comfort levels compared to chat-based (.μ = 3.21, 
.σ = 0.82; .t(42.60) = 8.29, .p < .001) and Standard conditions (.μ = 4.90, 
.σ = 1.76; .t(55.06) = 2.30, .p < .05). 

Across all measures, the differences between Script&Shift and chat-based 
conditions were notably larger than those between Script&Shift and Standard 
conditions (.ΔμShift−Chat > ΔμShift−Standard), suggesting that Script&Shift 
substantially improved the writing experience compared to both baseline and 
chat-based approaches, look at Fig. 3 for more details. To isolate the perception 
of AI with respect to agency, the following two items were present in the case of 
Script&Shift and chat-based interface: (1) “I felt that my essay maintained my 
original voice even when using AI” and (2) “I felt that the AI did not replace 
my writing.” For the first question (see Fig. 4 for more details), Script&Shift 
(.μ = 6.62, .σ = 0.86) showed marginally higher ratings compared to the Chat 
condition (.μ = 6.10, .σ = 1.08; .t(53.38) = 2.01, .p < .05). However, for question 2, 
there was no significant difference between Script&Shift (.μ = 5.97, .σ = 1.52) and  
Chat conditions (.μ = 6.07, .σ = 1.18; .t(55.88) = −0.29, .p > .05). These results 
suggest that while Script&Shift maintained slightly higher perceived effectiveness 
for question 2, both conditions performed similarly on this measure. 

4.3 Essay Scoring 

While the Script&Shift condition showed the highest College Board scores (. μ =
5.34, .σ = 2.75), the substantial variability across Standard (.μ = 5.04, .σ = 1.82) 
and ChatLLM (.μ = 4.52, .σ = 2.59) conditions suggests individual differences 
may have outweighed experimental effects. Source Integration revealed marginal 
differences between Script&Shift (.μ = 3.31, .σ = 1.78), Standard (.μ = 2.75, 
.σ = 1.27), and ChatLLM (.μ = 2.83, .σ = 1.53) conditions, though high variance 
indicates considerable group overlap. Other dimensions were similar across the 
board with moderate variability.
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Fig. 4. These plots are for individual questions in the survey on a 7-point Likert scale 
to measure writing scaffolding and agency experienced by the writer. 

4.4 Correlation Between Interface Use and Knowledge 
Transformation 

Analysis revealed a moderate positive correlation (.r = 0.61) between inter-
face transactions (.μ = 14.43, .σ = 5.95) and knowledge transformation markers 
(.μ = 15.29, .σ = 7.40). The relatively high standard deviations in both measures 
suggest substantial variability in how participants engaged with the interface and 
transformed knowledge. Figure 5A shows the correlation between interface use 
and knowledge transformation. Among participants in the Script&Shift condi-
tion with high knowledge transformation, ‘Idea Ivy’ (Fig. 5B1), the AI support-
ing brainstorming, was used most frequently. We observed that participants with 
moderate knowledge transformation favored ‘Detail Danny’ (Fig. 5B2), while 
those with low knowledge-transformation and overall lower LLM usage primar-
ily relied on feedback features, ‘Audience Ali’ and ‘Feedback Felix’ (Fig. 5B3), 
that do not allow writers to explicitly specify their prompts. This usage pat-
tern mirrors our prior findings for interfaces without Script&Shift’s spatial affor-
dances [ 33], suggesting participants with low knowledge-transformation did not 
utilize the spatial features of the interface available to them.
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4.5 Prompt Characteristics 

We analyzed participants’ prompts across both LLM interfaces by cat-
egorizing their target (T), constraint (C), and output (O). Evaluation-
focused prompts .(TextT , QualityC , EvaluateO) were preferred by high 
knowledge-transformation participants. In Script&Shift, they also utilized 
generation and organization prompts, .(TextT , GenerateC , EvaluateO) and 
.(StructureT , OrganizeC , ReviseO). In the chat-based interface condition, they 
preferred generation with examples .(TextT , GenerateC , ExampleO). On the  
other hand, low knowledge transformation participants mainly used elabora-
tion .(TextT , ElaborateC , ExpandO) in Script&Shift and generation prompts 
.(TextT , GenerateC , ExpandO) in chat-based interfaces. 

Fig. 5. (A) shows the correlation between knowledge transformation markers and LLM 
feature access. While chat-based shows no correlation, Script&Shift exhibits moderate 
positive correlation (.r = 0.608, .p = 0.001). (B1-B3) display most-used LLM features 
for three representative Script&Shift participants. 

5 Discussion 

Our study findings indicate that using an integrated process-oriented AI writing 
tool like Script&Shift enhances writers’ agency over the writing process com-
pared to chat-based writing tools. Notably, the self-reported agency was also 
higher for users in Script&Shift condition than for writers in the control condi-
tion, where they worked with complete autonomy (no AI assistance). An expla-
nation for Script&Shift fostering greater agency than even complete autonomy 
could be, that without any AI mediation, subjects in the control condition likely 
had a different mental model of what “control” is, e.g., how they felt about the 
writing prompt.
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Participants were more comfortable publishing work from Script&Shift 
(.μ = 5.90) versus the chat-based (.μ = 3.21) and standard interface conditions 
(.μ = 4.90). This suggests process-oriented scaffolding better preserves writers’ 
sense of ownership than tools that write for them, supported by Script&Shift’s 
higher ratings for maintaining original voice. Such interfaces provide diverse 
combinations of target, constraints, and  outputs in prompts, facilitating reflec-
tive processes that support knowledge-transformation [ 30, 31]. 

The correlation results between LLM usage and knowledge-transformation 
provide some support for Script&Shift’s process-oriented design approach. The 
moderate positive correlation (.r = 0.61) suggests some relationship between 
active engagement with the tool and depth of cognitive processing. The substan-
tial variation in both interface transactions (.μ = 14.43, .σ = 5.95) and knowledge-
transformation (.μ = 15.29, .σ = 7.40) markers complicates this interpretation, 
but it may also indicate that our participants engaged in different strategies while 
using the tool and in knowledge-transformation during writing. Script&Shift 
demonstrated higher overall and component-specific knowledge-transformation 
trends, with its integrated support fostering deeper content engagement versus 
the passive acceptance of shallow insights observed in the chat-based condition. 

While we were unable to discriminate between essay quality across the three 
conditions, despite greater markers of knowledge-transformation in Script&Shift 
condition, it is not unexpected. Prior studies that have analyzed essays for mark-
ers of knowledge-transformation and graded them have found a weak correla-
tion at best [ 29]. This disconnect may reflect the complexity of writing quality 
assessment. Grading by The College Board rubric shows the highest means for 
Script&Shift (.μ = 5.34), but with substantial variability (.σ = 2.75), suggesting 
that individual differences may have played a larger role than AI tool support 
in determining final essay quality. To observe a significant effect size, longer-
term treatments have to be applied. Several limitations should be considered. 
The 1.5-hour timeframe may have constrained writers’ ability to fully engage in 
knowledge-transformation and deeper cognitive processes. 

6 Limitations and Future Work 

Our study revealed knowledge-transformation trends in single writing samples 
produced after experimental exposure to new technologies. Script&Shift demon-
strated promising patterns in knowledge-transformation and writer agency, sug-
gesting directions for future AI-assisted writing research. 

We aim to explore how LLM-based systems can augment pedagogical strate-
gies to produce better learning outcomes for students. While prior research indi-
cates unintended negative consequences of ChatGPT on student writing [ 37], we 
believe integrated process-oriented systems can amplify students’ abilities while 
aligning intent with process-specific scaffolding [ 25]. 

Despite their potential, the risks of hallucination and bias remain serious. 
While these systems can help students become better writers, they may also 
produce a homogenizing effect [ 1]. This can lead to the propagation of biases
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and misinformation encoded in these systems. Additionally, school personnel are 
concerned about the impact of generative technologies in classrooms [ 7, 21], as 
students often use them to complete assignments while forgoing crucial learning 
steps. Under such circumstances, it becomes imperative to build technologies 
that can be monitored by teachers to provide students with safe access to these 
technologies, which could otherwise have severe unintended consequences. 

7 Conclusion 

This paper shares findings from a randomized control trial comparing chat-based 
writing interface with integrated process-oriented writing tools like Script&Shift 
for the constructs of knowledge-transformation and experienced agency. The sup-
port provided by Script&Shift for varying writing processes helped writers map 
their intentions to different scaffolds to produce writing rich in rhetorical and 
content interplay. We believe technologies like these can help improve student 
writing while empowering them to engage with their content deeply. 

Acknowledgment. We are grateful to the reviewers for their helpful feedback. We 
also thank Jessica Roberts for her help with the statistical analysis. This work is sup-
ported through the AI Research Institutes program by the National Science Foundation 
and the Institute of Education Sciences, U.S. Department of Education through Award 
.#2229873 - National AI Institute for Exceptional Education. 

References 

1. Anderson, B.R., Shah, J.H., Kreminski, M.: Homogenization effects of large lan-
guage models on human creative ideation. In: Proceedings of the 16th Conference 
on Creativity & Cognition, pp. 413–425 (2024) 

2. Anthropic: Claude (2025). https://www.anthropic.com. Accessed 22 Jan 2025 
3. Bakhtin, M.M.: The dialogic imagination: Four essays. University of Texas Press 

(2010) 
4. Bastani, H., Bastani, O., Sungu, A., Ge, H., Kabakcı, O., Mariman, R.: Generative 

AI can harm learning. Available at SSRN 4895486 (2024) 
5. Bereiter, C., Scardamalia, M.: The Psychology of Written Composition. Routledge 

(2013) 
6. Biesta, G., Tedder, M.: How is agency possible? Towards an ecological understand-

ing of agency-as-achievement. Learning Lives: Learning, Identity, and Agency in 
the Life Course, pp. 132–149 (2006) 

7. Bowman, E.: A new AI chatbot might do your homework for you. But it’s still 
not an A+ student. NPR, December 2022. https://www.npr.org/2022/12/19/ 
1143912956/chatgpt-ai-chatbot-homework-academia 

8. Collins, A., Gentner, D.: A framework for a cognitive theory of writing. In: Gregg, 
L.W., Steinberg, E.R. (eds.) Cognitive Processes in Writing, pp. 51–72. Erlbaum 
(1980)

https://www.anthropic.com
https://www.anthropic.com
https://www.anthropic.com
https://www.anthropic.com
https://www.npr.org/2022/12/19/1143912956/chatgpt-ai-chatbot-homework-academia
https://www.npr.org/2022/12/19/1143912956/chatgpt-ai-chatbot-homework-academia
https://www.npr.org/2022/12/19/1143912956/chatgpt-ai-chatbot-homework-academia
https://www.npr.org/2022/12/19/1143912956/chatgpt-ai-chatbot-homework-academia
https://www.npr.org/2022/12/19/1143912956/chatgpt-ai-chatbot-homework-academia
https://www.npr.org/2022/12/19/1143912956/chatgpt-ai-chatbot-homework-academia
https://www.npr.org/2022/12/19/1143912956/chatgpt-ai-chatbot-homework-academia
https://www.npr.org/2022/12/19/1143912956/chatgpt-ai-chatbot-homework-academia
https://www.npr.org/2022/12/19/1143912956/chatgpt-ai-chatbot-homework-academia
https://www.npr.org/2022/12/19/1143912956/chatgpt-ai-chatbot-homework-academia
https://www.npr.org/2022/12/19/1143912956/chatgpt-ai-chatbot-homework-academia
https://www.npr.org/2022/12/19/1143912956/chatgpt-ai-chatbot-homework-academia
https://www.npr.org/2022/12/19/1143912956/chatgpt-ai-chatbot-homework-academia


202 M. N. Siddiqui et al.

9. Cummings, R.E., Le, T., Shrestha, S., Smith, C.V.: The unexpected effects of 
google smart compose on open-ended writing tasks. In: Olney, A.M., Chounta, IA., 
Liu, Z., Santos, O.C., Bittencourt, I.I. (eds.) Artificial Intelligence in Education. 
AIED 2024. LNCS, vol. 14829, pp. 468–481. Springer, Cham (2024). https://doi. 
org/10.1007/978-3-031-64302-6_33 

10. Dahlström, H.: Digital writing tools from the student perspective: access, affor-
dances, and agency. Educ. Inf. Technol. 24(2), 1563–1581 (2019) 

11. Emirbayer, M., Mische, A.: What is agency? Am. J. Sociol. 103(4), 962–1023 
(1998) 

12. Flower, L., Hayes, J.R.: A cognitive process theory of writing. Coll. Compos. Com-
mun. 32(4), 365–387 (1981) 

13. Geng, M., Chen, C., Wu, Y., Chen, D., Wan, Y., Zhou, P.: The impact of large 
language models in academia: from writing to speaking (2024). arXiv preprint 
arXiv:2409.13686 

14. Gero, K.I., Liu, V., Chilton, L.: Sparks: inspiration for science writing using lan-
guage models. In: Proceedings of the 2022 ACM Designing Interactive Systems 
Conference, pp. 1002–1019 (2022) 

15. Gubelmann, R., Burkhard, M., Ivanova, R.V., Niklaus, C., Bermeitinger, B., Hand-
schuh, S.: Exploring the usefulness of open and proprietary LLMs in argumentative 
writing support. In: Olney, A.M., Chounta, IA., Liu, Z., Santos, O.C., Bittencourt, 
I.I. (eds.) Artificial Intelligence in Education. Posters and Late Breaking Results, 
Workshops and Tutorials, Industry and Innovation Tracks, Practitioners, Doctoral 
Consortium and Blue Sky. AIED 2024. Communications in Computer and Infor-
mation Science, vol. 2151, pp. 175–182. Springer, Cham (2021). https://doi.org/ 
10.1007/978-3-031-64312-5_21 

16. Hoque, M.N., et al.: The HaLLMark effect: supporting provenance and transparent 
use of large language models in writing with interactive visualization. In: Proceed-
ings of the 2024 CHI Conference on Human Factors in Computing Systems, pp. 
1–15 (2024) 

17. Kim, M.K., Kim, N.J., Heidari, A.: Learner experience in artificial intelligence-
scaffolded argumentation. Assess. Eval. Higher Educ. 47(8), 1301–1316 (2022) 

18. Lee, M., et al.: A design space for intelligent and interactive writing assistants. In: 
Proceedings of the CHI Conference on Human Factors in Computing Systems, pp. 
1–35 (2024) 

19. McNamara, D.S., Allen, L.K.: Toward an integrated perspective of writing as a 
discourse process. In: The Routledge Handbook of Discourse Processes, pp. 362– 
389. Routledge (2017) 

20. McNamara, D.S., Levinstein, I.B., Boonthum, C.: istart: interactive strategy train-
ing for active reading and thinking. Behav. Res. Methods Instrum. Comput. 36(2), 
222–233 (2004) 

21. Meyer, J.G., et al.: Chatgpt and large language models in academia: opportunities 
and challenges. BioData Mining 16(1), 20 (2023) 

22. Mieczkowski, H., Hancock, J.: Examining agency, expertise, and roles of AI systems 
in AI-mediated communication, July 2022. osf.io/asnv4_v1 

23. Mirowski, P., Mathewson, K.W., Pittman, J., Evans, R.: Co-writing screenplays 
and theatre scripts with language models: Evaluation by industry professionals. In: 
Proceedings of the 2023 CHI Conference on Human Factors in Computing Systems, 
pp. 1–34 (2023) 

24. Noy, S., Zhang, W.: Experimental evidence on the productivity effects of generative 
artificial intelligence. Science 381(6654), 187–192 (2023)

https://doi.org/10.1007/978-3-031-64302-6_33
https://doi.org/10.1007/978-3-031-64302-6_33
https://doi.org/10.1007/978-3-031-64302-6_33
https://doi.org/10.1007/978-3-031-64302-6_33
https://doi.org/10.1007/978-3-031-64302-6_33
https://doi.org/10.1007/978-3-031-64302-6_33
https://doi.org/10.1007/978-3-031-64302-6_33
https://doi.org/10.1007/978-3-031-64302-6_33
https://doi.org/10.1007/978-3-031-64302-6_33
https://doi.org/10.1007/978-3-031-64302-6_33
http://arxiv.org/abs/2409.13686
https://doi.org/10.1007/978-3-031-64312-5_21
https://doi.org/10.1007/978-3-031-64312-5_21
https://doi.org/10.1007/978-3-031-64312-5_21
https://doi.org/10.1007/978-3-031-64312-5_21
https://doi.org/10.1007/978-3-031-64312-5_21
https://doi.org/10.1007/978-3-031-64312-5_21
https://doi.org/10.1007/978-3-031-64312-5_21
https://doi.org/10.1007/978-3-031-64312-5_21
https://doi.org/10.1007/978-3-031-64312-5_21
https://doi.org/10.1007/978-3-031-64312-5_21


AI in the Writing Process 203

25. Parker, J.L., et al.: Negotiating meaning with machines: AI’s role in doctoral writ-
ing pedagogy. Int. J. Artif. Intell. Educ. 1–21 (2024) 

26. Peterson, A.J.: AI and the problem of knowledge collapse. AI & SOCIETY (2025) 
27. Prolific: Prolific—participant recruitment for online research (2025). https://www. 

prolific.com/. Accessed 22 Jan 2025 
28. Rakovic, M., Marzouk, Z., Chang, D., Winne, P.H.: Towards knowledge-

transforming in writing argumentative essays from multiple sources: a method-
ological approach. In: International Learning Analytics & Knowledge Conference 
2019, pp. 267–272. Society for Learning Analytics Research (2019) 

29. Rakovic, M., Winne, P.H., Marzouk, Z., Chang, D.: Automatic identification 
of knowledge-transforming content in argument essays developed from multiple 
sources. J. Comput. Assist. Learn. 37(4), 903–924 (2021) 

30. Scardamalia, M., Bereiter, C.: Knowledge telling and knowledge transforming in 
written composition. Adv. Appl. Psycholinguist. 2, 142–175 (1987) 

31. Scardamalia, M., Bereiter, C., Steinbach, R.: Teachability of reflective processes in 
written composition. Cogn. Sci. 8(2), 173–190 (1984) 

32. Segev-Miller, R.: Writing from sources: the effect of explicit instruction on college 
students’ processes and products. L1-Educ. Stud. Lang. Lit. 4, 5–33 (2004) 

33. Siddiqui, M.N., Pea, R.D., Subramonyam, H.: Script&Shift: a layered interface 
paradigm for integrating content development and rhetorical strategy with LLM 
writing assistants. In: Proceedings of the 2025 CHI Conference on Human Factors 
in Computing Systems, pp. 1–19 (2025) 

34. Singh, A., Taneja, K., Guan, Z., Ghosh, A.: Protecting human cognition in the age 
of AI. arXiv preprint arXiv:2502.12447 (2025) 

35. Singh, N., Bernal, G., Savchenko, D., Glassman, E.L.: Where to hide a stolen 
elephant: leaps in creative writing with multimodal machine intelligence. ACM 
Trans. Comput. Human Interact. 30(5), 1–57 (2023) 

36. Strobl, C., et al.: Digital support for academic writing: a review of technologies 
and pedagogies. Comput. Educ. 131, 33–48 (2019) 

37. Tarchi, C., Zappoli, A., Casado Ledesma, L., Brante, E.W.: The use of ChatGPT 
in source-based writing tasks. Int. J. Artif. Intell. Educ. 1–21 (2024) 

38. Weidinger, L., et al.: Ethical and social risks of harm from language models. arXiv 
preprint arXiv:2112.04359 (2021) 

39. Weston-Sementelli, J.L., Allen, L.K., McNamara, D.S.: Comprehension and writing 
strategy training improves performance on content-specific source-based writing 
tasks. Int. J. Artif. Intell. Educ. 28, 106–137 (2018)

https://www.prolific.com/
https://www.prolific.com/
https://www.prolific.com/
https://www.prolific.com/
http://arxiv.org/abs/2502.12447
http://arxiv.org/abs/2112.04359

	AI in the Writing Process: How Purposeful AI Support Fosters Student Writing
	1 Introduction
	2 Related Works
	2.1 Writing and Knowledge Transformation
	2.2 Writing and Agency
	2.3 AI and LLM in Writing Education

	3 Methodology
	3.1 Participants

	4 Results
	4.1 Knowledge Transformation
	4.2 Agency
	4.3 Essay Scoring
	4.4 Correlation Between Interface Use and Knowledge Transformation
	4.5 Prompt Characteristics

	5 Discussion
	6 Limitations and Future Work
	7 Conclusion
	References


