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Figure 1: A high-level overview of the interaction design of AnnotateGPT. (a) The user manually annotates the document. (b) 
Tapping on an annotation will activate the assistant. (c) The assistant will guess the purpose of the annotation. (d) Selecting a 
purpose will prompt the assistant to provide further annotations (yellow highlights) based on the selected purpose. (e) Users 
can read, verify and continue the feedback. 

Abstract 
Providing high-quality feedback on writing is cognitively demand-
ing, requiring reviewers to identify issues, suggest fixes, and ensure 
consistency. We introduce AnnotateGPT, a system that uses pen-
based annotations as an input modality for AI agents to assist with 
essay feedback. AnnotateGPT enhances feedback by interpreting 
handwritten annotations and extending them throughout the docu-
ment. One AI agent classifies the purpose of each annotation, which 
is confirmed or corrected by the user. A second AI agent uses the 
confirmed purpose to generate contextually relevant feedback for 
other parts of the essay. In a study with 12 novice teachers annotat-
ing essays, we compared AnnotateGPT with a baseline pen-based 
tool without AI support. Our findings demonstrate how review-
ers used annotations to regulate AI feedback generation, refine 
AI suggestions, and incorporate AI-generated feedback into their 
review process. We highlight design implications for AI-augmented 
feedback systems, including balanced human-AI collaboration and 
using pen annotations as subtle interaction. 
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1 Introduction 
Providing high-quality feedback on writing is a cognitively de-
manding task. Reviewers must identify issues, provide practical 
suggestions, and maintain consistency throughout the document. 
Teachers often value handwritten annotations for their personal 
and specific tone [9]. Yet, these same practices struggle with legibil-
ity, time pressure, and inconsistent quality [5, 6, 9, 13, 49]. Digital 
annotation tools mitigate some of these problems but often reduce 
annotations to static marks, missing the opportunity to treat them 
as interactive, actionable inputs rather than final outputs. 
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Annotations are a routine part of reading and reviewing, guiding 
attention, aiding memory, and recording reflections in paper, or 
printed media [36] and, more recently, on digital formats [42]. Al-
though annotating is a highly personal practice, users’ workflows 
often follow recognizable patterns such as highlighting to signal 
future attention [36, 37]. Digital tools, such as Adobe Acrobat [1], 
support highlighting and sticky notes, while tools like loomp [23] 
allow annotations to be tagged semantically (e.g., question, discus-
sion). Despite these tools, annotation remains burdensome, and pen-
based feedback continues to be valued for its authenticity [9, 13]. 
Other AI-driven supportive tools, such as Grammarly [19], pro-
vide grammar and style suggestions, but typically at the sentence 
level, prioritizing correctness over capturing a reviewer’s intent or 
integrating seamlessly with annotation practices. 

The rise of transformer architectures [53] has enabled LLMs to 
possess incredible language and vision capabilities, and has been 
integrated into everyday tools, such as ChatGPT [60]. This presents 
an interaction design opportunity that leverages a familiar method, 
pen annotations, as implicit signals for reviewers’ intent, guiding AI 
support. We present AnnotateGPT, a pen-based annotation system 
that treats handwritten marks not only as feedback in themselves 
but also as clues for AI collaboration. AnnotateGPT was designed 
to amplify reviewers’ intent while lessening the burden of manual 
annotation. It interprets clusters of pen strokes, infers their likely 
purpose (e.g., revision request, praise, clarity issue), and generates 
contextually relevant feedback across the document. In doing so, it 
positions annotations as a form of implicit interaction that balances 
human judgment with AI scalability. 

This paper makes three contributions: (1) we introduce Anno-
tateGPT, a pen-based system that integrates LLMs into document 
annotation through purpose inference and feedback propagation; 
(2) we report empirical insights from a study with 12 novice teach-
ers that reveal how reviewers manage, appropriate, and negotiate 
AI-augmented feedback; and (3) we present design implications 
for AI-augmented feedback systems, framing pen annotations not 
only as feedback but as a broader interaction design paradigm for 
human-AI communication. 

2 Related Work 
Research shows that annotations support comprehension and re-
flection. However, education research emphasizes that effective 
feedback often suffers from issues such as legibility, timeliness, 
and lack of guidance. To address these challenges, AnnotateGPT 
uses LLMs to enhance both document annotation and pedagogi-
cal feedback, aiming to improve clarity, efficiency, and reflective 
engagement. 

2.1 Studies of Annotation 
Annotations are idiosyncratic and polymorphic, meaning they are 
specific to their process and can serve different purposes even 
for a single reader [18, 38]. Thus, studies have been conducted to 
better understand the nature of annotations. For instance, Mar-
shall’s analysis of student textbook annotations [36, 37] demon-
strates how marks guide attention, aid memory, and structure en-
gagement. With the rise of digital documents, annotation tools 

have expanded to support highlights, freeform ink, and semantic 
tags [17, 20, 39, 42, 51, 57]. 

Despite the move to digital, few systems process annotations 
directly. Noteable precursors to our work include XLibris [18] and 
Metatation [38]. XLibris [18] is a pen-enabled tablet display that 
uses single-stroke annotations as implicit information retrieval 
queries to find research papers related to the annotated text. Metata-
tion [38] analyzes spatiotemporal stroke patterns and the under-
lying poem text to generate real-time, context-specific expanded 
annotation throughout the poem. While these works demonstrate 
the potential of implicit annotation-driven retrieval and augmenta-
tion, they are domain-specific, rely on heuristic pattern matching, 
and cannot infer the purpose of annotations beyond their prede-
fined contexts. 

More recently, LLM-driven systems can extend alternative inputs 
for creative tasks, such as Code Shaping [59], where sketches are 
used to generate code. In contrast, AnnotateGPT supports pen-
based, text-centric annotation and review, producing knowledge 
artifacts rather than code. Together, these approaches highlight the 
diverse ways LLMs can augment human annotation practices, from 
creative authoring to reflective evaluation, and motivate the need 
for tools that scaffold interpretation in feedback workflows. 

2.2 Challenges in Providing Feedback to 
Students 

As educational institutions shift from traditional to digital annota-
tion methods, teachers and students often prefer handwritten com-
ments for their personal tone [9]. Yet, this practice is constrained by 
three recurring problems: poor legibility, limited time for detailed 
responses, and inconsistent or overly negative tone. 

The degraded legibility of annotations is primarily due to physi-
cal and temporal constraints that affect the delivery of feedback to 
students and teachers. Students also struggle to interpret the an-
notations due to poor readability and lack of clarity [6, 13]. On the 
other hand, teachers are unable to provide detailed, thoughtful feed-
back due to time constraints and the importance of prompt return 
to students [5, 9, 49], affecting the quality of feedback. Feedback 
also tends to fixate on surface-level errors rather than providing 
balanced guidance [2, 44, 62]. 

This work focuses on education, where AnnotateGPT aims to 
address these three issues by having an LLM collaborate in the an-
notation process, offering legible, timely, and constructive feedback. 
Annotations are enhanced with AI-generated insights that preserve 
the personal tone of human comments while improving clarity and 
depth. The LLM supports teachers by drafting comments based 
on their annotations, reducing manual labour and enabling more 
consistent, high-quality responses. This hybrid approach retains 
the personalized nature of handwritten feedback while mitigating 
its common pitfalls, ultimately enhancing both the efficiency and 
pedagogical impact of annotation practices. 

2.3 Human-AI Collaboration for Writing 
Beyond annotation tools, a growing body of work explores how AI 
can support writing. Rather than replacing human abilities, these 
systems aim to complement them, fostering collaboration that bal-
ances strengths and weaknesses [30, 48, 61]. 
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Figure 2: An overview of AnnotateGPT’s framework: (a) The user first annotates the document. (b) AnnotateGPT then clusters 
the pen strokes based on spatiotemporal distance, representing an annotation. (c) The user taps on the cluster/annotation to 
activate and open the assistant. (d) The assistant captures two images from the cluster, one with the underlying text and one 
without, and makes four guesses about the annotation’s purpose. (e) The user then selects a purpose, which AnnotateGPT 
will remember for future inferences. (f) Finally, AnnotateGPT generates annotations based on the selected purpose and (g) 
highlights them on the document. 

LLMs have been used as collaborative agents in creative contexts, 
such as story ideation or combining text with AI-generated images 
to support creative flow [12, 14, 14, 16, 24, 47, 48, 50, 55]. Similarly, 
AnnotateGPT positions the model as a partner in sensemaking, 
rather than generating new content. It collaborates with readers 
by interpreting pen annotations and expanding them into clearer, 
more actionable feedback. 

Mainstream applications, such as Grammarly and ChatGPT, scaf-
fold revision through grammar, style, clarity, and tone sugges-
tions [19, 58]. However, their unprompted or bulk suggestions can 
overwhelm writers and blur the boundary between human and 
machine contributions. Research prototypes, such as InkSync [29], 
address this by embedding AI edits within documents, allowing 
users to accept, verify, or audit changes through a chat interface, 
thus improving transparency and trust. 

AnnotateGPT differs in framing pen annotations as implicit com-
mands that guide the AI. This design places control with the re-
viewer, ensuring AI suggestions extend rather than replace human 
judgment. By grounding augmentation in users’ own annotations, 
AnnotateGPT offers a more purposeful and interpretable integra-
tion of LLMs into feedback workflows. 

3 AnnotateGPT 
This work introduces AnnotateGPT, a pen-based annotation tool 
to assist teachers in providing high-quality feedback on writing. 

It leverages two LLM-powered agents: (1) to infer the form and 
purpose of annotations, and (2) to generate additional low-level, 
context-specific feedback. Pen strokes are classified and clustered 
into annotations, each represented by a marker. When activated, 
agent (1) proposes four purposes; the user selects one, which trig-
gers agent (2) to generate feedback. Figure 2 shows the overall 
framework. 

3.1 Stroke Clustering 
Pen annotations are often idiosyncratic, informal, and ambiguous, 
making it difficult to determine where one ends and another begins. 
Prior systems required explicit pauses [15, 40], or single-stroke 
drawings [31], limiting natural interactions. Alternatively, clus-
tering algorithms group strokes into distinct annotation clusters, 
without prior knowledge of cluster count or shape [11, 27, 38]. 
Drawing from past approaches, we adopt hierarchical agglomera-
tive clustering with single linkage [11, 38], which groups strokes 
by spatiotemporal distance; combining spatial and temporal dif-
ferences to iteratively merge the closest strokes into annotations 
(Figure 2b). To determine the number of clusters in advance, the 
merging would stop if there is a sharp jump in distance, indicating a 
“forced merge”. A virtual stroke is added to the centre of the page to 
prevent fragmentation of a lone complex annotation. This method 
has been applied to diverse domains such as freehand drawings [27] 
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Figure 3: Illustration of the difference in the document and 
ChatGPT output. Therefore, a more rigorous approach is 
necessary to accurately match sentences from ChatGPT to 
the document. 

and document annotation [38] to cluster pen strokes. Formal defi-
nitions of the spatiotemporal distances and the stopping criterion 
are provided in Appendix G. 

3.2 Stroke Classification and Text Extraction 
Each stroke, defined as a sequence of digital pen 𝑥𝑦 coordinates, 
is heuristically classified to support text extraction for LLM input. 
This work classifies three types: 
1. horizontal lines with three subclasses: highlighting, cross-

ing out, and underlining: Horizontal lines are identified using 
𝑦-coordinate proximity and variance thresholds to account for 
jitter, then sub-typed based on relative position to words. 

2. circling: Enclosures are detected by sliding windows at stroke 
ends and “loose” intersections between segments to accommo-
date imperfect enclosures, with text extracted if at least half the 
content is enclosed. 

3. annotated: All other strokes default to this category, capturing 
nearby text within the bounding box or the closest paragraph 
if the bounding box is empty, ensuring robustness to drawing 
errors. 

3.3 Annotation Classification and Purpose 
Inference 

Stroke classifications, extracted text, and cluster images are fed 
into an LLM, which proposes four possible annotation purposes 
(Figure 2d). A system prompt specifies stroke types, extracted text, 
and common annotation categories [36, 37], guiding the model to 
infer purpose from context. Prior annotation history is integrated 
through retrieval-augmented generation (RAG) to personalize inter-
pretations, summarize its findings, and produce alternative expla-
nations using different personas [7]. Through pilots, annotations 
can elicit richer forms of engagement with the document, navi-
gating between detailed textual cues and higher-level themes. To 
better accommodate the user’s unique annotation styles, it aims 
to understand how the user engages with content on a word level, 
determining whether their intent is specific to the text or more 
general. This is only invoked when no stroke annotates more than 
two words. 

The user prompt then includes two images: one shows the un-
derlying text, while the other isolates the annotation, reducing 
visual noise and clarifying overlapping handwritten marks. Since 
annotations may contain multiple types, the annotated label is 
reserved for cases where no other type applies. By combining struc-
tured hints, multi-branch reasoning, and personalization, the sys-
tem guides the LLM toward accurate, context-sensitive interpreta-
tions, consistent with prior evidence that structured inputs improve 

Figure 4: (a) Illustration of a user annotating on the Microsoft 
Surface Studio desktop. Prototype interface of AnnotateGPT 
comprises three components: (b) the toolbar (from top to bot-
tom: colour palette, highlighter, and pen), (c) the document, 
and (d) the specialized scrollbar. 

reasoning [34]. The resulting output is four possible interpretations 
of the annotation’s purpose, expressed at both specific (word-level) 
and broad (conceptual) levels of granularity, or all four at the broad 
level (see Table 5 for prompts). 

3.4 Generating Low-Level Context-Specific 
Annotations 

Once a user selects a purpose, the LLM generates annotations con-
sisting of a target sentence, its target words within, and the associ-
ated feedback (see Table 6 for prompts). During testing, ChatGPT 
occasionally omitted words in its RAG output yet still returned 
valid sentences, requiring a more flexible approach to finding the 
correct passage to highlight (see Figure 3). 

After ChatGPT produces a new annotation, AnnotateGPT needs 
to find the relevant passage to mark it in the interactive interface. 
The search algorithm works across two scopes (single-page and 
cross-page) and at two levels (exact and fuzzy): 

Single-page. Extracts all text from one page simultaneously. 

Cross-page. Sentences can cross over to the next page. Therefore, 
this scope extracts 𝑁 characters from the end of one page and the 
start of the next, where 𝑁 is the length of the targeted sentence. 

Exact. Searches for an exact match within the document. Non-
alphanumeric characters are filtered out and removed (e.g., commas 
and periods) to optimize computation. 

Fuzzy. In some cases, ChatGPT outputs a valid sentence with 
words omitted, where exact search cannot detect. To handle this, 
a fuzzy search is applied using the Levenshtein distance [32]. A 
match is accepted if similarity exceeds 𝑁 /2 characters, ignoring 
non-alphanumeric symbols. At this level, the sentence shown in 
Figure 3 would correctly align with the document. 

The algorithm proceeds from single-page / exact to cross-page / 
fuzzy, advancing if no match is found. The same approach is applied 
to previously found texts to avoid duplicates that the assistant may 
output. 
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Figure 5: (a) Tapping an annotation will open an assistant marker on the left side of the document, displaying suggested 
purposes. An input box is also provided for the user to type a purpose. Hovering over an option will provide more details about 
the purpose. (b) The assistant marker has three possible states: waiting for purpose (yellow), processing (orange), and done 
(green). 

Figure 6: Once the user inputs a purpose, AnnotateGPT will generate additional annotations and display them in yellow 
highlights across the document. Tapping on the highlights will display a tooltip, where users can read the associated feedback 
by AnnotateGPT. Additionally, they can reply to continue the feedback. To verify the annotation, three ratings are given (left 
to right): accept, helpful, and reject. 

3.5 Implementation 
AnnotateGPT was implemented as a web application in Next.js [54]. 
The OpenAI API [41] executes prompts with gpt-4o for generating 
annotations and gpt-4o-mini for purpose inference, both inte-
grated with RAG. The interface comprises three components: a 
toolbar, the document, and a specialized scrollbar (see Figure 4). 
The toolbar includes a colour palette, highlighter, and pen, which 
sits on the non-dominant side (i.e. on the left for right-handed 
users) for simultaneous thumb and pen interaction for effective 
mode switching [45]. The source code is available at https://github. 
com/vialab/AnnotateGPT. 

3.5.1 Document Parsing. The system parses the PDF into two lay-
ers: (1) the image layer, where it displays an image for each doc-
ument page, and (2) the text layer, where it displays text that is 
not visible to the user. The text layer aligns the position of the 
text with the image. It also parses the text into words where each 
word and character is marked by <span> tags in HTML for text 
extraction (subsection 3.2) and displays AnnotateGPT’s annotations 
(subsection 3.4). 

3.5.2 Assistant Marker. Each annotation cluster (subsection 3.1) is 
assigned a hidden assistant marker that serves as the entry point for 
AI support. The marker is revealed when the user taps on a cluster 
with their finger, making interaction lightweight and consistent 
with pen-based workflows. This gives the users agency over when 
the assistant is needed [30, 61]. 

Once activated, the cluster is processed (subsection 3.3). When 
the purpose inference is complete, it displays four possible purposes 
for the annotation. If none are suitable, users can type their own 
purpose in the provided input box (see Figure 5a). After a purpose 
is confirmed, the assistant generates further annotations based on 
that choice. The marker’s states (waiting, processing, done) are 
colour coded (yellow, orange, green) to keep the user aware of 
progress (see Figure 5b). This design enables users to seamlessly 
switch between manual annotation and AI-augmented feedback, 
without disrupting their workflow. 

3.5.3 Verifying AnnotateGPT’s Annotations. Lastly, the user may 
review the annotations made by AnnotateGPT. AnnotateGPT’s an-
notations appear in yellow highlights, whereas the darker yellow 
highlights indicate the words that are the focus of the annotation, 

https://github.com/vialab/AnnotateGPT
https://github.com/vialab/AnnotateGPT
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as seen in Figure 6. Upon tapping, a tooltip displays the associated 
feedback for the sentence. Sometimes, a sentence can be annotated 
multiple times from separate assistant invocations, in which the 
tooltip will display all feedback. 

The user can give one of three ratings inside the tooltip. (1) 
accept if the annotation matches the purpose. Otherwise, (2) reject. 
(3) If the annotation gave helpful feedback but does not match the 
purpose, they can rate it helpful. Rating it accept or helpful will 
change the highlights to green (and dark green ), while reject will 
remove the annotation entirely. 

A reply box is provided in the tooltip to extend AnnotateGPT’s 
comments, support dialogue, and help refine the AI’s feedback, 
as interactive annotation systems encourage clarifications and re-
sponses often missing in footnote-style interfaces [57]. The arrow 
buttons beside the tooltip will navigate to the previous or next 
annotation. Alternatively, the user can tap another annotation. 

3.6 Specialized Scrollbar 
As the assistant markers process, the user can continue to anno-
tate the document. To assess progress from assistant markers and 
quickly navigate annotations that require attention, a specialized 
scrollbar was designed to assist in navigation. It displays the loca-
tions and states of annotations and assistant markers. The scrollbar 
is separated into three columns: left, middle and right (see Figure 7). 

Left. Shows the location and colour of the user’s annotations. 

Middle. Shows the state (based on colour, see (Figure 5b) and 
location of the assistant markers. 

Figure 7: A specialized scrollbar to display the location and 
state of the annotations and assistant markers. 

Right. Shows the location and state (accept, helpful, or unrated) 
of the assistant’s annotations. 

4 User Study 
Our goal was to explore annotations as a form of human-AI com-
munication. We aimed to understand how it supports annotation 
practices, facilitates the generation of annotations, and integrates 
into existing workflows. To frame this goal in a practical context, 
we chose to focus on feedback for English essays, a well-established 
scenario that requires nuanced, text-based annotations, as discussed 
previously. We conducted a comparative user study to evaluate the 
assistive effectiveness of AnnotateGPT compared to traditional 
digital annotation interfaces. The baseline system supported only 
free-form, digital ink annotations (i.e., AnnotateGPT without the 
assistant marker). Our study was approved by our institutional 
Research Ethics Board (File #18136). 

4.1 English Tests Creation 
The data comes from essays written in response to two standardized 
English tests, created using the ETS Corpus of Non-Native Written 
English [8]. This dataset comprises 12,100 essays written by non-
native English speakers as part of the TOEFL (Test of English as a 
Foreign Language) English proficiency exams conducted in 2006 
and 2007. Each essay is categorized into one of eight questions (e.g., 
“Young people enjoy life more than older people do”) associated 
with a low, medium, or high score level. 

From each of the eight questions, we randomly selected an essay 
with a high score level and compiled them into a single document. A 
spelling and grammar checker was applied to reduce the number of 
superficial annotations. The document is then exported into a PDF 
file. This process was repeated for the second document curation 
to ensure that participants worked with different documents across 
the systems, as well as the training document, which had only one 
question. The resulting three PDFs were used for the final study 
documents. 

4.2 Participants 
We recruited 12 pre-service teachers and teachers (1 left-handed), 
of whom nine are aged 18–24 and three are aged 25–34 with a self-
declared minimum proficiency level of upper-intermediate English 
(B2 on the CEFR). Participants were recruited by a mass email sent 
to all students from the Faculty of Education. The participation 
criteria included full mobility of the hand and wrist to allow for 
handwriting with a pen, normal or corrected-to-normal vision (e.g., 
glasses or contact lenses), and the ability to read and comprehend 
English. Recruitment was conducted on a first-come, first-served 
basis. Participants received the equivalent of $40 CAD for their 
time. 

Based on the screening questionnaire, participants had 1 to 7 
years of teaching experience (mdn =1). Among them, eight indi-
viduals teach in STEM education, two teach English and history, 
one focuses on educational studies, and one teaches kindergarten. 
Furthermore, participants shared their experiences with text anno-
tation: for paper, 2 do it daily, 7 weekly, 1 monthly, 1 yearly, and 1 
never; for digital annotation, 3 do it daily, 5 weekly, 1 monthly, 2 
yearly, and 1 never. 
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4.3 Apparatus & Software 
Using the Surface Pen, participants sat before the Microsoft Surface 
Studio 2 (28" touchscreen). They adjusted the screen until they 
felt comfortable with its position. The web/study application ran 
locally, and video recordings were made of the screen and over 
their shoulders to assess qualitative factors of system performance 
and capture quotes. 

4.4 Study Design 
The study followed a within-subjects study design with one primary 
independent variable, techniqe, with two levels (annotategpt 
and baseline). qestions form secondary independent variables 
with 8 levels/questions. For each techniqe, each participant will 
mark one of two English tests consisting of 8 qestions. The order 
of the techniqe and English test order is counterbalanced to 
minimize learning and fatigue effects — half start with baseline 
and half start with English test 1. 

The primary measures taken included the strokes made, anno-
tation ratings (accept, reject, helpful) and interactions from the 
assistant marker (purpose inference and generated annotations). 
Additionally, questionnaires and interviews provided subjective 
measures. 

4.5 Tasks & Procedure 
Pre-study & Instructions. To begin, participants were informed 

about the work’s objective and signed a consent form. They then 
adjusted the screen for comfort and completed a demographics 
questionnaire. 

Training. Participants watched a video tutorial (~2 minutes for 
the baseline, and another ~2 minutes for annotategpt) on the 
features of each technique. They then practised the technique on 
the training document. The following tasks must be completed 
before proceeding (baseline only has the first task): (1) Make an 
annotation. (2) Activate the assistant marker. (3) Generate additional 
annotations using the marker. (4) Navigate the annotations. (5) 
Verify the annotations. Participants can continue to practice until 
they are comfortable. 

Annotating. Participants had 30 minutes to mark and annotate 
the English test by giving feedback, ensuring realistic working 
conditions, consistent time constraints across techniques, and re-
duced fatigue effects. For annotategpt, digital ink is disabled after 
25 minutes to allow them to finalize their ratings (accept, reject, 
helpful). Additionally, participants received a time update every 10 
minutes. The same updates were given for the baseline. Partici-
pants were not required to finish annotating all questions and rating 
all annotations, as the priority is to evaluate the overall experience 
and performance rather than task completeness. 

Questionnaires. After each technique, participants completed 
questionnaires, including NASA-TLX [21, 22] and SUS [10]. The 
study used a 7-point and 5-point Likert scale for TLX and SUS, 
respectively. Additional questionnaires asked about the participants’ 
self-perceived performance in evaluating the test and the features 
of AnnotateGPT. 

Interview. A post-study semi-structured interview was conducted 
to gather information about (1) which system they prefer and to 
provide examples of why, and (2) what issues they sought during 
the test. Additional questions were asked based on observed par-
ticipants’ trends, such as annotation behaviours and comments 
on feedback quality. The study took approximately 90 minutes to 
complete. 

5 Results 
We report findings on how participants annotated using Anno-
tateGPT and the baseline. We describe common workflows, anno-
tation types, and behaviours, followed by quantitative measures of 
annotation density, duration, usability, workload, and participant 
perceptions of feedback quality. 

5.1 Data Analysis 
Following previous annotation work [36–38, 59], the analysis em-
ployed an inductive thematic analysis to examine all collected data, 
including annotations, system logs, questionnaires, observational 
notes, screen recordings, and audio recordings of interviews. To 
complement the qualitative analysis, statistical analyses were con-
ducted using the Wilcoxon signed-rank test and ART ANOVA [56], 
along with its post-hoc tests using the Holm-Bonferroni correction. 
We report 95% confidence intervals, estimated through resampling 
methods (bootstrapping, 10,000 iterations) to better capture uncer-
tainty with our sample size. 

5.2 Workflows Observed 
In our analysis of collaboration with AnnotateGPT, we identified 
two interrelated workflows: (1) annotation workflows, which de-
scribed how participants created and submitted their annotations, 
and (2) interaction workflows, which detail how they engaged with 
AI-generated annotations during verification and refinement. These 
workflows reveal the strategies participants used, such as sequen-
tial or batched annotation, and their approaches to sharing agency 
with the AI for generation, verification, or follow-up tasks. 

There were three common workflows regarding how participants 
manually annotate to collaborate with AnnotateGPT: 

Figure 8: Example of how P6 fills in the gaps of the automated 
annotations, where the annotations were filled around the 
highlights. 
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Table 1: Types of annotations observed in the study are placed into two dimensions: form and purpose. Each type has the 
number of counts observed for the baseline annotations (𝑁𝐵 ), AnnotateGPT user-authored annotations (𝑁𝐴), purpose inference 
(𝑁𝑃 ), and expanded annotations generated from purpose inference (𝑁𝐸 ). 

Category Subcategory Description 𝑵𝑩 𝑵𝑨 𝑵𝑷 𝑵𝑬 Example 

Grammar 

Tense 
Correct and consistent use of verb 
forms. 

110 31 13 182 P4Preposition 
Proper use of prepositions in 
phrases and expressions. 

Punctuation Accurate use of commas, periods, etc. 

Capitalization 
Correct use of uppercase or lowercase 
letters. 

Vocabulary 

Word Choice 
Suggesting precise, context fitting 
words. 

93 33 9 139 P9Spelling Correct spelling of words. 

Collocation 
Suggesting a better natural 
combination of words. 

Sentence 
Structure 

Clarity 
Suggesting unclear or confusing 
sentences. 

157 59 17 305 P12Run-ons Avoid long, improperly joined 
sentences. 

Fragment Avoids incomplete sentence 
fragments. 

Organization 
& Coherence 

Logical Flow 
Ideas are disjointed and 
lack clear flow. 94 26 25 407 P5 

Paragraphing 
Proper use of paragraphs to group 
related ideas. 

Pu
rp

os
e 

Task 
Achievement 

Completeness Fully responds to the question or task 
requirements. 19 10 1 16 P2 

Encouragement Offering constructive and encourag-
ing feedback. 

Type 
Telegraphic A personal opaque coding. 93 73 48 — see Figure 9, right 

Fo
rm

Explicit Clear and explicit meaning, usually 
textual. 380 86 17 — see Figure 9, left 

1. annotate-interpret: Participants (𝑁 = 10) makes one annota-
tion, then has the assistant interpret it and waits for the result. 

2. annotate-k-interpret-k: Participants (𝑁 = 9) makes 𝐾 an-
notations, then has the assistant interpret them concurrently. 
Participants used this workflow to initially focus on making an-
notations while the assistant processed previous ones, or they 
first annotated the entire question and then allowed the assistant 
to interpret multiple annotations afterward. 

3. annotate-followup: Participants (𝑁 = 5) make an annotation 
to fill in the gaps for AnnotateGPT, to address anything Anno-
tateGPT has overlooked, where AnnotateGPT did not highlight, 
as seen in Figure 8. 
In addition to the annotation workflow, participants have three 

common workflows for how they interact with AnnotateGPT: 
1. generate-verify: Participants (𝑁 = 6) generate additional anno-

tations based on one of their annotations and verify afterwards. 
Participants used generate-verify to provide feedback on the 

first question and then propagate the same feedback to the other 
questions using AnnotateGPT one at a time. 

2. generate-k-verify: Participants (𝑁 = 9) generated additional 
annotations based on 𝐾 of their annotations and verified all at 
once. Participants used this workflow to first manually annotate 
the first question without using AnnotateGPT, then interpret 
and generate at the end. 

3. verify-comment: Participants (𝑁 = 7) verified and continue to 
comment on the annotation. 

5.3 Types of Annotations 
The types of annotations can be placed into two dimensions: form, 
which ranges telegraphic-explicit, and purpose, which ranges 
micro-macro (see Table 1). The telegraphic-explicit range de-
scribes whether the annotations are personal opaque codings ver-
sus explicitly textual feedback. The micro-macro range describes 
whether the annotation targets fine-grained textual features (such 
as spelling) versus broader, structural aspects of the text (such as 
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Figure 9: Screenshots of the first page for P9. The left side is with the baseline, and the right side is with AnnotateGPT. It 
demonstrates different annotation approaches, with the baseline annotations focusing on identifying issues such as unclear 
phrasing and negative tone using textual feedback, while in the AnnotateGPT condition, P9 only used highlights with no 
textual feedback. 

logical flow). Participants have used a combination of these types 
of annotations to give feedback on the English tests. In total, 473 
and 159 annotations were manually made for the baseline and 
annotategpt, respectively. 

5.4 Annotation Behaviours 
Participants were also asked about their annotation behaviours, 
as it was observed that telegraphic annotations were used more 
frequently than explicit annotations for annotategpt. Six partici-
pants (P1, P4, P5, P9, P10 and P12) exhibited drastic differences in 
annotation behaviours between the two techniques (see Figure 9). 
These participants produced significantly more telegraphic annota-
tions with AnnotateGPT compared to the baseline. In these cases, 
they provided little explicit textual feedback themselves, instead 
relying on the system to generate fuller comments. For example, 
one participant explained that they would “let [AnnotateGPT] come 
up with the comments”’ [P4], while another noted there was “no 
point writing it if the AI would come up with it itself” [P9]. 

Several noted that the assistant could “classify the purpose of 
my annotation” [P7], so their own input was reduced to shorthand, 
quick marks, because they no longer felt the “need to add [explicit] 
comments” [P5]. Some participants described needing to “make sure 
the assistant is picking up the right things” [P8], while others wel-
comed that the tool could “scan the whole document” [P9] or even 
“look at all for me, so I could focus on structure” [P10]. One partic-
ipant contrasted this with the baseline, saying they felt “more 
responsible” [P1] when annotating alone. Another noted that they 
often only highlighted text because they were “seeing if it would 
pick up on it” [P12] and liked “how it can detect highlights [...] If 
I select the highlight, it will recognize what I highlighted and give 
me feedback” [P2]. Even one acknowledged they sometimes found 

themselves “missing the regular [textual] feedback” [P10] as their 
attention shifted away from writing explanatory comments and 
towards curating AI suggestions. Overall, although annotations 
became increasingly telegraphic, AnnotateGPT was generally able 
to infer their intended purposes, with 63% being correctly inferred 
(see Table 2). 

5.5 Misclassifications 
There were instances where AnnotateGPT failed to accurately in-
fer the purpose of the annotations. Out of 65 inferences, 24 were 
manually typed by the participants. All of the failed cases involved 
telegraphic annotations, causing the LLM to produce vague and 
general descriptions of the annotations. This guided the LLM to 
make very broad guesses, which would not suffice to pinpoint the 
purpose (see Table 2). Further analysis shows that this pattern re-
flects the annotation behaviour discussed earlier: participants often 
under-specified their intent by providing no textual feedback. In 
these cases, AnnotateGPT lacked sufficient semantic grounding to 
reliably infer the annotation purpose, leading to misclassification 
in 24 of 48 telegraphic annotations (50%). In contrast, annotations 
with explicit textual feedback were consistently classified correctly 
across all 17 explicit cases (100%). Overall, the system inferred 41 of 
65 purposes correctly (63%), underscoring the challenge of interpret-
ing highly telegraphic input. From a user experience perspective, 
participants did not report these misclassifications as disruptive. 
When the inferred purpose did not align with their intent, par-
ticipants typically typed the correct purpose after reviewing the 
system’s suggestion, treating the inference as an editable starting 
point rather than a final decision. 
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Table 2: Examples of purpose inference along with its annotation description. Green text indicates AnnotateGPT correctly 
inferred the purpose, while red text indicates participants manually typed the purpose. 

Type Annotation Description Listed Purposes 

Telegraphic 
The annotation shows a crossing out of the 
phrase ‘coming from different’, indicating a 
need for clarity and precision in language use. 

1. Promoting Clear Language 
2. Fostering Coherence in 

Writing 
3. Promoting Clear Language 

(word-specific) 
4. Fostering Coherence in 

Writing (word-specific) 

Explicit 

The annotation is a handwritten note in red 
pen stating, ‘Break your essay into paragraphs 
to separate your thoughts.’ This instruction 
emphasizes the importance of organizing the 
essay clearly. 

1. Improving Essay Structure 
2. Constructive Criticism 
3. Emphasizing Clarity 
4. Fostering Skill Development 

Telegraphic 

The annotation consists of a circle around the 
phrase [...] This indicates that the user is 
focusing on this passage for scrutiny during 
the grading process. 

1. Encouraging Critical Analysis 
2. Highlighting Key Content for 

Revision 
3. Promoting Clarity in 

Expression 
4. Identifying Areas for 

Conceptual Clarity 
5. Run On Sentence 

Telegraphic 

The annotation consists of a line circling the 
phrase [...] The use of a circle emphasizes 
significance, indicating it’s noteworthy in the 
context of the English test. 

1. Emphasizing Life Lessons 
2. Focus on Clarity 
3. Inspiring Courage 
4. Critical Analysis 
5. Not Connected to the Answer 

5.6 Density of Annotations 
The inter- and intra-density of annotations significantly differ be-
tween techniqe and qestions. ART ANOVA revealed a signifi-
cant main effect of techniqe (𝐹1,70 = 34.50, 𝑝 < 0.0001, 𝜂2 

𝐺
= 0.30), 

with an average of 44 strokes (95% ci :[30, 61]) and 13 strokes (95% ci : 
[9, 17]) per annotation for baseline and annotategpt, respectively 
(see Figure 10a). This suggests that telegraphic annotations were 
used significantly more frequently for annotategpt. 

Regarding the number of annotations per question, ART ANOVA 
revealed significant main effects of techniqe (𝐹1,70 = 16.80, 𝑝 < 
0.001, 𝜂2 

𝐺
= 0.22) and qestions (𝐹7,70 = 25.18, 𝑝 < 0.001, 𝜂2 

𝐺
= 0.35), 

where participants significantly created fewer annotations for an-
notategpt (m = 4, 95% ci : [3, 5]) than the baseline (m =7, 95% ci : 
[6, 9]) (see Figure 10b). In terms of qestions, the post-hoc test 
only reveals significant effects (𝑝 < 0.05) for question 1 from 5 and 
7. However, the average number of annotations decreased after 
question 1. This suggests that only some participants experienced 
fatigue effects after the first question. The same trend is observed 
for annotategpt, but this is due to the first question being the 
primary interaction space of the assistant, where they introduced 
what they are looking for and curated AI suggestions. Subsequent 
questions serve as follow-ups, requiring fewer new annotations. 

5.7 Annotating Duration 
The annotating duration for each question is the time elapsed from 
the first to the last stroke being drawn on said question. ART 
ANOVA revealed a significant main effects qestions (𝐹7,70 = 5.14, 
𝑝 < 0.0001, 𝜂2 

𝐺
= 0.31). However, only question 1 differed signifi-

cantly (𝑝 < 0.05) from questions 2, 4, and 7. When considering the 
number of annotations, participants spent the most time on the 
first question, creating more annotations, further suggesting that 
fatigue effects were present. Additionally, participants spent more 
time on the first question for annotategpt than the baseline due 
to the diverse workflows described earlier, where participants verify 
suggestions made by AnnotateGPT and then continue to annotate 
the first question. 

5.8 Questionnaires 
Participants also rated AnnotateGPT’s features (Figure 12) and their 
overall experience in annotating the tests (Figure 13) on a 5-point 
Likert scale. Participants agreed that the automated annotations 
(mdn =4.0, iqr =0.5) and feedback were very helpful (mdn =4.0, iqr= 
0.25) and easy to understand (mdn=4.0, iqr=1.25). Participants also 
agreed that AnnotateGPT was able to provide helpful guesses on 
the purpose of their annotations (mdn=4.0, iqr=0.0), despite their 
annotations being highly telegraphic. However, participants found 
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Figure 10: Plots representing the (a) intra-density: strokes per annotation for each technique, showing that participants used 
more explicit annotations in the baseline condition. (b) Inter-density: average number of annotations per question, indicating 
that participants focused more heavily on the first question. Only user-authored annotations are included. 

0 2 4 6 8 10 
Average Duration (min) 

1 

2 

3 

4 

5 

6 

7 

8 

Q
ue

st
io

n 
N

um
be

r 

AnnotateGPT (User) Baseline 

Figure 11: Annotating duration for AnnotateGPT and base-
line for each question. Only user-authored annotations are 
included. It shows participants spent the most time on the 
first question. 

that AnnotateGPT was unable to find all the issues (mdn=3.0, iqr = 
1.0). These findings suggest that AnnotateGPT can accurately infer 
the purpose of its annotations and provide meaningful feedback to 
the identified sentences. However, there were some inconsistencies 
in targeting all issues based on the ratings. 

Regarding their overall annotating experience, there were no sta-
tistical differences between techniqe. Participants found grading 
the test (annotategpt: mdn =4.5, iqr =2.25; baseline: mdn =4.0, 
iqr=1.0) and providing feedback to be easy (annotategpt: mdn = 
4.5, iqr = 2.0; baseline: mdn = 4.0, iqr = 1.0). They also reported 
comparable confidence in the final results of their annotations 
(annotategpt: mdn =3.0, iqr =2.0; baseline: mdn =3.0, iqr =2.0) 
and in identifying all issues in the test (annotategpt: mdn =2.5, 
iqr =1.25; baseline: mdn =2.0, iqr =2.0). Finally, both techniques 
were rated similarly in terms of ease of navigation (annotategpt: 

mdn = 4.5, iqr = 1.25; baseline: mdn = 5.0, iqr = 1.0), indicating 
overall similarity in user experience across conditions. 

5.9 Feedback Ratings 
Participants, on average, made 10 (95% ci : [7, 12]) user annotations 
when collaborating with AnnotateGPT. Participants also verified 
each AnnotateGPT’s annotations. On average, there were 47 (95% ci : 
[31, 64]) accepted annotations, 19 (95% ci : [11, 28]) rejected annota-
tions, 8 (95% ci : [5, 12]) helpful annotations. annotategpt signifi-
cantly (𝑊 = 0.0, 𝑝 < 0.001, 𝑟 = 0.88) made more annotations (see 
Figure 14). 

5.10 Feedback Quality 
Participants generally perceived AnnotateGPT as providing broader 
and more efficient support during the annotation process compared 
to the baseline. Participants praised the assistant’s ability to scan 
more widely and surface issues they would have missed: one ob-
served it could “look at a bigger scope than me” [P1], another said it 
caught “other points that I may have missed” [P12] and “made my 
life easier to [go] quicker” [P9] when they had many students to 
grade, and “graded more in total using [AnnotateGPT] and was able 
to find things a lot faster” [P3]. This suggest that AnnotateGPT had 
increased coverage and throughput, especially under time pressure. 

A common theme in the difference between each technique’s 
feedback is that the baseline only states what the problem is (e.g. 
“awk” or “reword”), while AnnotateGPT explicitly states the reason 
(see Table 3). Several participants acknowledged AnnotateGPT’s 
strengths in content-related feedback. For example, one participant 
said “[AnnotateGPT] gave better feedback than I would write” [P4] 
and “knows the correct terms to use” [P11], while another explained 
they preferred the assistant when “looking more at the content of an-
swers” [P5]. Several teachers appreciated that AnnotateGPT “would 
help me come up with more ideas to edit English work” [P9] and make 
feedback writing faster. 

However, this expanded capability sometimes introduced new 
concerns about over-reliance. For example, one participant noted, “I 
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Figure 12: Questionnaire responses for AnnotateGPT’s features on a 5-point Likert scale. Participants agreed that AnnotateGPT 
accurately inferred the purpose of their annotations and provided helpful feedback. However, it was unable to identify all 
issues for a given purpose. 
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Figure 13: Questionnaire responses for the evaluation experience on a 5-point Likert scale. Participants found it easy to grade 
and provide feedback on the essay, but they are not confident that they found all the issues for both techniques. 
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Figure 14: Number of annotations between AnnotateGPT 
and baseline, along with human-rated annotations for An-
notateGPT. 

liked the suggestions it gave for [AnnotateGPT], I didn’t find it always 
consistent” [P6] in finding the issues, while another reflected that 
they were letting “the AI would write for me in a way” [P5]. One 
noted they were “relying on AnnotateGPT to read it for me and find all 
those errors” [P5], but “it wasn’t perfect, there were a lot of grammar 

things it didn’t pick up” [P1] or occasionally missing context (e.g., “it 
gave me a concrete example, but there was an example further down 
the paragraph” [P7]). 

Participants generally found AnnotateGPT beneficial for creating 
faster and more in-depth feedback, particularly in complex or time-
sensitive situations. However, they also emphasized the importance 
of balancing it with manual review. As one participant proposed, a 
better workflow might be to “go through it and mark it first, and then 
use the assistance as the secondary tool” [P5], which followed the 
workflows of P3 and P6. AnnotateGPT was regarded as a valuable 
support tool for surfacing major issues and enhancing the feedback 
process (“I would definitely use it for humanities and arts” [P10] 
and “this would be helpful [...] especially for beginner writers” [P12]), 
especially when used in conjunction with manual annotation. 

5.11 Summary 
A user study (𝑁 = 12) was conducted to evaluate AnnotateGPT, a 
system that leverages LLMs to generate feedback based on user 
annotations during the evaluation of English essays. Participants en-
gaged with AnnotateGPT and a baseline annotation tool to evaluate 
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Table 3: Example feedback from the baseline and AnnotateGPT from each category, and has been accepted by the participants. 

Category Example Annotation Purpose Example AnnotateGPT Feedback 

Grammar Grammar and 
Punctuation Issues 

Grammar issue: Change “brought him in” to “brought him into.” 

Vocabulary Vocabulary 
Enhancement 

Revise “having a blast” to a formal or descriptive term that suits the 
discussion’s tone. 

Sentence 
Structure 

Promoting Clarity 
in Expression 

Sentence is overly complex and verbose; divide into smaller sentences 
for clarity and focus. 

Organization & 
Coherence 

Importance of 
Transitional Phrases 

Use preceding transitions to connect the personal example to the 
broader argument smoothly. Example: “This pursuit often results in...”. 

Task 
Achievement 

Recognition of 
Strength 

Emphasizes the emotional aspect of guided tours effectively. Specify 
how guides enable this emotional connection. 

essays, revealing a tendency to rely on the model for interpreting 
short or unclear annotations, but AnnotateGPT often accurately 
inferred the purpose of the annotations. Participants acknowledged 
the high quality of feedback but noted some inconsistencies in 
coverage (i.e. grammar). These insights indicate that LLM-based 
systems can significantly enhance human annotation by provid-
ing context-sensitive suggestions, particularly when user input is 
explicit and intentional. 

6 Discussion 
Study findings suggest several design directions for LLM-integrated 
annotation tools. These include using LLMs to augment feedback 
workflows, support educational equity for diverse educators, and 
rethinking annotation as a rich interaction paradigm for guiding 
AI output. Together, these insights suggest that users can collabo-
rate with LLMs by using annotations, while also raising important 
considerations around balancing agency and over-reliance. 

6.1 Balancing Agency and Over-Reliance 
Building on prior work emphasizing integrated, user-directed AI 
support, our work similarly designs annotation workflows that pre-
serve user agency by embedding AI assistance within the workspace 
while maintaining manual control [25]. Our analysis revealed sub-
stantial variability in participants’ annotation workflows, ranging 
from single-pass approaches (annotate–interpret and gener-
ate–verify) to batched workflows (annotate-k-interpret-k and 
generate-k-verify). While these strategies produced comparable 
feedback quality, batched workflows appeared to promote more 
deliberate engagement with the text (P3 and P6). Such sequencing 
may help sustain user agency by providing structured moments 
for reflection and re-engagement, rather than encouraging continu-
ous delegation of interpretive tasks to the model. This observation 
aligns with human–AI interaction principles that emphasize con-
trollability and reliance, as well as human-centred AI that augments 
rather than replaces human cognition [3, 4]. 

Future work could extend this insight by incorporating light-
weight behavioural metrics to promote more engaged workflows. 
In our study, annotation density and duration dropped significantly 
after the first question, suggesting changes in attention and engage-
ment over time. If such metrics fall below typical thresholds, the 
system could prompt users to reflect or annotate more thoughtfully 
before invoking AI feedback, leading to more explicit annotations 
and improving the LLM’s ability to infer the annotation’s pur-
pose. Prior work shows that prompting users to elaborate before 
relying on AI can strengthen psychological ownership [26]. Such 
approaches could help preserve the teacher’s voice and identity 
within the annotation process, balancing agency and over-reliance, 
a central tension in effective human–AI collaboration. 

Equally important, systems must be designed to respect cultural 
variation and pedagogical diversity, supporting teachers’ voices 
rather than overshadowing them with dominant perspectives. With 
AnnotateGPT, we propose one promising approach is sequencing: 
participants suggested marking a document manually first, then 
allowing the AI to propose additional feedback, a practice echoed 
by prior work showing that writing without AI followed by revision 
with AI fosters ownership and more strategic integration [28]. 

6.2 LLMs as Cognitive Augmentation in 
Feedback Workflows 

Our study shows that AnnotateGPT acted as a cognitive aug-
mentation, expanding brief or telegraphic annotations into fully 
articulated feedback. Participants often relied on AnnotateGPT 
to infer intent from minimal to no textual cues, and in most 
cases, found the model’s interpretations aligned with their inten-
tions. This aligns with previous works on LLM-integrated sys-
tems [12, 14, 16, 24, 47, 50, 59], which support expression rather than 
idea generation, allowing users to concentrate more on the overall 
content and less on specifics. For example, Code Shaping [59] en-
ables programmers to create and edit code by making annotations 
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and sketches, shifting the programming process from a syntax-
focused method to one that prioritizes code structure and flow. 

In our study, AnnotateGPT played a similar role for teachers. 
By externalizing the work of phrasing and formatting, it allowed 
educators to focus cognitive effort on identifying issues rather than 
constructing detailed responses. For example, participants marked 
a telegraphic annotation on a student essay, and AnnotateGPT 
returned a comment explaining the problems across paragraphs. 
The users confirmed it was what they intended by verifying the 
annotations, but would not have typed it out themselves. This 
demonstrates that LLMs are not just automation tools, but cognitive 
collaborators that can empower educators to focus on tasks that 
require critical expertise, provided the system maintains alignment 
with pedagogical intent. 

6.3 Support Equity in Education 
AI-driven systems such as AnnotateGPT may help address in-
equities in education, particularly where teachers have limited 
time or training to provide detailed, individualized feedback. Our 
findings suggest that AnnotateGPT can expand shorthand annota-
tions into fuller comments, potentially supporting novice teachers 
and teaching assistants in giving feedback that is clearer and more 
consistent. In our study, for example, participants focused on gram-
mar and sentence-level issues more often in the baseline condition, 
while AnnotateGPT was used to address organization and coher-
ence, broadening feedback toward higher-level concerns. This shift 
suggests that annotation-driven AI can help educators move beyond 
surface corrections toward more substantive guidance. 

By grounding AI generation in teacher-provided annotations, 
AnnotateGPT aims to preserve educators’ voices and styles, reduc-
ing the risk of homogenized or overly standardized feedback. Still, 
our study did not examine student outcomes or long-term peda-
gogical effects. Future work should investigate how AI-augmented 
feedback affects student learning, trust, and motivation, and how 
systems can adapt to diverse teaching practices rather than impose 
uniform standards. 

More broadly, prior work shows that LLMs can “level the playing 
field” by providing access to domain-specific knowledge or com-
munication skills users may lack [33, 52]. In educational contexts, 
AnnotateGPT extends this benefit by enabling novice teachers to 
deliver feedback that is timely, accurate, and aligned with curricu-
lum objectives, even at scale. For instance, teachers could guide 
AnnotateGPT with annotations aligned with curriculum objectives, 
ensuring generated feedback remains tailored to course goals. Cur-
riculum materials could also be directly provided to the model to 
further tailor feedback generation. 

6.4 Annotation as an Interaction Paradigm 
Our study highlights annotation as a central component, not just as 
a tool, but as an interaction paradigm for engaging with AI systems. 
While annotations have traditionally been private or instructor-
focused, combining them with LLMs like AnnotateGPT transforms 
them into expressive inputs that shape system behaviour and feed-
back. This reflects a broader trend toward low-friction, in-context 
interfaces that leverage users’ micro-actions (e.g., highlights, mar-
ginal notes, shorthand feedback) as signals to AI systems [3]. 

In our study, participants often employed the system to elabo-
rate brief annotations into comprehensive suggestions, effectively 
making annotations a shared language between humans and AI. 
This aligns with recent work on intent-aware AI [35] and prior 
research that situates annotation as a space of interpretation and 
sense-making [36, 57]. Rather than requiring deliberate commands 
or structured forms, AnnotateGPT supports opportunistic interac-
tion: users write freely, and the AI infers intent, reducing overhead 
and effort. Although our study focused on essay feedback, several 
aspects of AnnotateGPT’s design, such as purpose inference and 
stroke clustering, are domain-independent and can be extended to 
other domains. To adapt the system to new domains would primar-
ily require re-specifying domain taxonomies and the annotation 
generation prompt to match the context. 

Future systems can extend this paradigm with multimodal an-
notations or real-time previews of AI inferences to enhance trans-
parency and accuracy. Ultimately, framing annotation as an interac-
tion paradigm opens a design space for collaborative, intent-aware 
interfaces that augment rather than replace human input. We next 
illustrate how AnnotateGPT could be applied in everyday teaching 
contexts and beyond. 

7 Educational Scenarios: Applying 
AnnotateGPT in Practice 

We illustrate the implications of AnnotateGPT in practice through 
two educational scenarios. These examples highlight the potential 
for teachers to integrate the system into their existing workflows, 
demonstrating both efficiency gains and shifts in feedback practices. 

7.1 Lightweight Annotation for High-Volume 
Feedback 

Justina teaches English at a public high school, where her two 
classes total nearly 50 students. The current assignment, a persua-
sive essay on environmental responsibility, has generated a stack 
of essays that need review. With limited time between classes and 
meetings, she needs to provide meaningful feedback while staying 
consistent. 

She turns to AnnotateGPT, rather than asking ChatGPT to pro-
vide the grades directly, because she wants to retain control and 
agency over the grading process. Working quickly, Justina high-
lights phrases and leaves brief, often fragmentary annotations, such 
as “vague,” “support?,” or “good rhetoric.” Rather than forcing her 
to slow down and draft full comments, AnnotateGPT treats these 
annotations as intent-rich cues and generates expanded feedback 
suggestions on the fly. 

Justina reviews each suggestion in line. She accepts many as 
written, editing some to match her preferred tone for students by 
commenting, and rejects others if redundant. Because AnnotateGPT 
operates within her natural annotation process, she does not need to 
switch modes or perform additional steps. Her shorthand becomes 
a trigger for expanding feedback, enabling a smooth flow between 
recognition and response. 

Over the weekend, she is able to provide detailed feedback on 
each submission more quickly, while maintaining consistency and 
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Figure 15: Sample use cases of using annotations: Left: editing and refining generative content, including (a) refining image 
generation, (b) making action flows for video generation, and (c) creating and editing user interfaces. Right: interacting with a 
phone using on-screen annotations and form complex queries, such as (a) which apples are best for apple pies, (b) translation, 
and (c) saving an item for later reference. All sample queries are sourced from ChatGPT and paired with the corresponding 
image. 

structure across a large number of essays. In this scenario, An-
notateGPT serves not as a substitute but as a cognitive amplifier, 
supporting efficiency while preserving her pedagogical intent. 

7.2 Leveraging Annotation History Across 
Subjects 

Ash is a teaching assistant responsible for evaluating writing as-
signments in two undergraduate courses: an introductory academic 
writing class and a course on the ethics of computer science. While 
both involve writing, the standards and priorities differ. In academic 
writing, he emphasizes structural clarity, effective transitions, and 
logical organization. In ethics, the focus shifts to argumentative 
rigour, ethical frameworks, and engagement with real-world case 
studies. 

Ash uses AnnotateGPT in both contexts. As he works through 
assignments each week, AnnotateGPT builds an annotation his-
tory, noting patterns in his annotations, identifying the types of 
annotations used for each context, and linking those patterns to 
the course context and content. 

Now, evaluating an ethics essay, Ash highlights a paragraph 
with a vague appeal to fairness in AI. He writes “needs clarity.” 
Rather than suggesting feedback on vague writing mechanics, as 
might be provided in a writing course, AnnotateGPT draws on prior 
annotations related to the ethics course and infers that “clarity” in 
this context referred not to sentence-level writing but to conceptual 
framing. In contrast, the same input in the writing class would have 
triggered feedback about transitions or sentence rephrasing. 

By retaining past annotations, AnnotateGPT enables Ash to 
teach ethics while preserving the subtleties of his teaching style. 
The tool adapts to the context of each class, enhancing the quality 

of feedback, aligning with learning objectives, and providing timely 
feedback. 

8 Beyond Education: Envisioned Applications 
of Annotation as Interaction 

While our study focused on educational feedback, annotations can 
serve more broadly as a lightweight, intentional interaction par-
adigm for AI systems. Their contextual and in-situ nature makes 
them valuable wherever explicit input is costly or disruptive. We 
highlight two speculative directions. Future work should evaluate 
their practicality, user acceptance, and integration with domain-
specific workflows. 

8.1 Editing Generative Content 
Generative AI tools often rely on text prompts, but users struggle to 
craft effective prompts for refining outputs [43]. Annotations could 
instead define spatial constraints or indicate reference elements 
directly within an image, video, or interface design. For example, a 
scribble might specify where an object should appear in an image 
or mark a sequence for a generated video. Compared to repeated 
prompting, annotations offer a low-friction alternative for guiding 
iteration. 

8.2 Annotating the World 
While LLMs can now process images and live video feeds, users are 
often still limited to voice or text for interaction. Voice commands 
are disruptive in public spaces, while typing out descriptions of 
a live scene is slow and often inaccurate. On-screen annotations 
provide a discreet and precise alternative. For example, a user can 
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simply mark a specific area on their camera feed, such as writing 
“Pie?” next to a display of apples, to ask “Which of these apples 
are best for making pie?” (see Figure 15). This enables users to 
seamlessly direct the AI’s attention and feedback in the real world 
without speech or text. 

9 Limitations & Future Work 
Our study has several limitations. First, the participant pool was 
small (𝑁 = 12) and consisted entirely of pre-service teachers at a 
single institution. While this limits generalizability, our goal was 
to explore interaction patterns in depth rather than make broad 
claims about pedagogy. Future work should test AnnotateGPT with 
larger and more diverse groups of educators and students. 

Second, our evaluation measured teacher experiences rather than 
student outcomes. As such, we cannot claim effects on learning, 
trust, or motivation. Understanding these downstream impacts will 
be essential for future research. 

Third, although AnnotateGPT grounds generation in teacher 
annotations, errors and misclassifications still occurred, and our 
study did not measure their influence on teaching practice or stu-
dent reception. More systematic evaluation of failure cases and 
mitigation strategies is needed. 

Fourth, AI support may risk overshadowing the teacher’s iden-
tity; transparent design choices, such as disclosing AI involvement 
and preserving the educator’s voice, are crucial. Future work could 
also test dynamic generation scopes to align with varied work-
flows. For example, restricting the scope to one question at a time 
or across multiple students’ answers may encourage more anno-
tations, while detecting when an annotation is complete before 
activating assistance may promote ownership [28]. 

Finally, although AnnotateGPT was designed for classroom set-
tings, our study took place in a controlled environment with limited 
time. Longer-term adaptation of workflows, such as trust building, 
habit formation, efficiency, and the risks of AI over-reliance, should 
be investigated through longitudinal deployments spanning weeks 
or semesters. 

Future work on system design could explore multimodal in-
teractions to enhance efficiency, such as speech recognition (i.e., 
DrawTalking [46]), which would allow teachers to specify intent 
without relying solely on pen gestures. Beyond explicit multimodal 
input, background inference could be leveraged to precompute ini-
tial guesses, further reducing system friction while keeping users 
in the loop. More broadly speaking, AnnotateGPT emphasizes user-
initiated interaction to maintain agency and control. Although 
proactive AI suggestions can pinpoint areas for assistance, they 
may also limit individual agency and ownership [25, 26]. Further 
investigation of hybrid approaches that combine pre-computing 
inferences and proactive suggestions with user-driven annotation 
feedback could clarify how different degrees of automation affect 
control, trust, and perceived ownership in future human–AI anno-
tation systems. 

Although stroke clustering was effective in our study due to the 
high use of telegraphic annotations, these annotations are typically 
sparse and visually consistent, which simplifies the clustering pro-
cess. While we did not observe failures of our heuristic approach 
even for annotations accompanied by explicit text, more advanced 

methods may perform better as users annotate more naturally or 
extensively. Future work should investigate advanced clustering 
methods, like machine learning models, to enhance robustness and 
ensure accurate AI interpretation in diverse scenarios. 

While our study focused on education, future work could ex-
plore how annotation-driven AI applies in other domains, such as 
peer review, collaborative writing, or note-taking. These contexts 
may benefit from its emphasis on precision and interpretability, 
clarifying how annotation-based interaction can augment human 
judgment across diverse settings. 

10 Conclusion 
This work explored how large language models can augment hu-
man annotation practices, transforming handwritten feedback from 
a static artifact into a collaborative interaction. Through our study 
of AnnotateGPT, we showed that even brief and telegraphic anno-
tations can serve as rich signals for AI, enabling the generation of 
fuller, more consistent feedback while keeping educators in control. 
These findings highlight annotation not only as a support for read-
ing and review, but as a broader interaction paradigm for guiding AI 
behaviour. Looking forward, the challenge is to design systems that 
preserve teacher intent, respect pedagogical diversity, and extend 
this paradigm into new domains where lightweight, in-situ cues 
can shape meaningful human–AI collaboration. 
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A System Usability Scale 

I felt very confident using the system. 

I found the various functions in 
this system were well integrated. 

I think that I would like to 
use this system frequently. 

I thought the system was easy to use. 

I would imagine that most people would 
learn to use this system very quickly. 
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I found the system unnecessarily complex. 

I found the system very cumbersome to use. 

I needed to learn a lot of things before 
I could get going with this system. 

I think that I would need the support of a 
technical person to be able to use this system. 

I thought there was too much 
inconsistency in this system. 
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Figure 16: Plot representing the SUS scores across AnnotateGPT and baseline. 

B NASA Task Load Index 
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Figure 17: Plot representing the TLX scores across AnnotateGPT and baseline. Asterisk depict significant difference (𝑝 < 0.05). 
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C Annotation History 

Table 4: The annotation history shown at the last activation when inferring the annotation purpose for each participant. 

ID Last Annotation History Entry 

P1 
The user has a pattern of marking significant terms and grammatical elements in their annotations, often using red to 
denote importance, as seen in previous annotations that emphasized key beliefs and grammatical elements like subject 
pronouns. 

P2 
The user has previously provided annotations aimed at improving clarity in student writing, recognizing strong 
arguments, and informing students about structuring their thoughts and engaging with their educational perspectives. 

P3 
User has a history of using underlining for emphasizing important phrases, red pen strokes for indicating questions, and 
comments that encourage clarity and conciseness in student writing. 

P4 
Past annotations have included corrections and highlights for clarity and precision, emphasizing the importance of strong 
argumentative language and precise wording in student writings. 

P5 
Previous annotations in the history involve circling significant phrases and marking corrections, emphasizing the 
importance of clarity and coherent sentence structures. The user often highlights crucial ideas or transitions, indicating a 
focus on constructive critique and feedback for student improvement. 

P6 
The user’s annotations support both revision by highlighting key educational arguments and targeted feedback by 
clarifying student performance and future planning. 

P7 
The user has a track record of highlighting, underlining, and making handwritten notes to improve clarity and coherence 
in student writing, while also evaluating transitional phrases and main arguments. 

P8 
Previous annotations demonstrate a consistent approach to improving clarity, removing unnecessary words, and ensuring 
grammatical accuracy in students’ writing, often focusing on seamless flow and concise expression. 

P9 
Previous annotations reflect an approach that emphasizes critical points in student writing, often highlighting areas for 
improvement and clarity. 

P10 
Previous annotations have involved circling phrases to indicate grammatical issues, unclear phrases, or themes relevant to 
English test marking, indicating a methodical approach to grading. 

P11 
Previous annotations aimed at enhancing clarity and articulation in student writing, often indicating vagueness or areas 
needing revision. 

P12 
The user’s past annotations involve marking areas for grammatical corrections, emphasizing clarity, and enhancing logical 
flow, particularly in English tests, demonstrating a consistent focus on effective communication. 
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D Annotation Heatmaps 

P1 P2 P3 P4 P5 P6 

Figure 18: Heatmaps of P1-6 annotations, where the left heatmap of each figure is with the baseline and the right is with 
AnnotateGPT. 
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P7 P8 P9 P10 P11 P12 

Figure 19: Heatmaps of P7-12 annotations, where the left heatmap of each figure is with the baseline and the right is with 
AnnotateGPT. 
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E Prompts for Annotation Classification and Purpose Inference 

Table 5: The prompt for annotation classification and purpose inference. Blue text is only added when no stroke annotates 
more than two words to understand further how the user engages with content. 

Prompt Role Prompt 

System 

You are an expert in describing annotations and determining their purpose. You will be shown two images of 
annotations from a document a user has personally annotated. The first image shows the annotation with the 
document, and the second shows the annotation without the document. Do not give vague answers, such as whether 
the user is interested in or emphasizing the text; be very specific. Describe your steps first. 

User 

Types of annotation: 
- circles or boxes 
- underlining 
- highlighting 
- crossing out 
- handwritten notes/text 
- punctuation marks (e.g., commas, periods, question marks, asterisks, etc.), choose which one 
- arrows 
- brackets, angle brackets, or braces 

Here are the steps: 
1. Describe the annotation by reviewing the list of annotation types for possibilities. 
2. Guess the purpose of the annotation based on the context. 
3. Use [four / two] branches of thinking such as backtracking to check for any other possibilities. 
4. Look at past annotation history in your knowledge base 
5. Summarize your past findings and relate them to the annotation 
6. Give [four / two] different guesses of the purpose using different personas and past annotation history. The 
purposes should have different themes and relate to the context. 
7. For each guess, give two levels of detail: specific and broad. When describing with specific, describe the purpose 
so it is specific to the words of the annotated text. When describing with broad, use umbrella terms without using 
the annotated text. 

[annotation image] 
[annotation image without underlying text] 

Context: The user is [context] and has [annotation type and annotated text]. 

User Let’s work this out in a step by step way to be sure we have the right answer. 
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F Prompts for Generating Annotations 

Table 6: The prompt for generating annotations by extracting the sentence and its associated feedback and targeted words. 

Prompt Role Prompt 

System 

You are an expert at annotating documents. The user has annotated the document I have given you. Given the 
purpose of an annotation, you will find all sentences in the document that could be annotated for the same purpose. 
Do not change the sentence from the document in any way. Give one sentence in one annotation. Describe your 
steps first. Do not ask follow-up questions. 

User 

[context]. Read every page and find sentences that could be annotated with: 

[purpose] 

Here is a step-by-step list for annotating a document: 

1. Describe what details in sentences to look for in the document. Be specific. Do not change the original purpose in 
any way. 
2. Explain why you annotated the sentence. 
3. Suggest fixes for the sentence by describing the fix without giving the answer. 
4. Combine the explanation and suggestion without quoting the sentence using less than 20 words. 
5. Do not include any sentences that need no modification. 
6. Make a list of sentences for each response using triple asterisks for sentences and double curly braces for the 
explanation and suggestion. For example: 

## Response <number> 

*** <sentence> *** 
{{ <explanation and suggestion> }} 
... 
7. For each sentence, you can optionally target words in the sentence to annotate. If you do, list the words or phrases 
to look for in the sentence, separated by commas and enclosed by triple quotation marks. For example: 

## Response <number> 

*** <sentence> *** 
""" <words or phrase to look for (e.g. <word/phrase 1>, <word/phrase 2>)> """ 
{{ <explanation and suggestion> }} 
... 

Make sure you have all the sentences needed to be annotated in the format above. 

User Walk me through one question at a time in manageable parts step by step, summarizing and analyzing as we go to 
make sure we have all the sentences needed to be annotated 
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G Stroke Clustering 
The temporal distance between two pen strokes, (𝑠𝑖 , 𝑠𝑖+1) is: 

Δ𝑡 = 

  

𝑡0 (𝑠𝑖+1) − 𝑡 𝑓 (𝑠𝑖 ) 
30 

if 𝑡0 (𝑠𝑖+1) − 𝑡 𝑓 (𝑠𝑖 ) < 30 seconds, 

1 otherwise, 
where 𝑡0 (𝑠𝑖+1) is the start time of 𝑠𝑖+1 and 𝑡 𝑓 (𝑠𝑖 ) is the end time of 𝑠𝑖 . The temporal distance has an upper bound of 30 seconds to ensure 
normalization across all pen stroke pairs. The spatial distance between two pen strokes is the minimum Euclidean distance between two 
bounding boxes of 𝑠1 and 𝑠2, normalized by page size. Thus, the spatiotemporal distance is defined as: 

𝑑𝑠𝑡 = 
√︁ 
Δ𝑠2 + Δ𝑡 2 

Hierarchical agglomerative clustering merges the closest pen strokes, but the challenge lies in not knowing the number of clusters in 
advance. A heuristic can help identify this number automatically [27]. During iterations, if there is a sharp increase in the closest pairwise 
distance, it indicates a “forced merge,” which combines distant clusters. Thus, identifying the optimal stopping iteration, 𝑖 ∗ . 

𝑖 ∗ = arg max 
𝑖 

 
𝑑𝑖+1 − 𝑑𝑖 
𝑑𝑖 − 𝑑𝑖 −1 

× (𝑑𝑖+1 − 𝑑𝑖 ) 
 

The ratio in this expression compares the increase between consecutive iterations to detect sharp increases. However, if the prior increase 
is small, even a minor rise can skew the ratio early on. The method prioritizes larger global leaps by using the absolute increase (𝑑𝑖+1 − 𝑑𝑖 ) 
as a scaling factor to address this. 

H Post-Study Interview Questions 
1. What types of things did you annotate when grading the test? 
2. Which annotation system did you prefer and why? 
3. What were your first impressions of the assistant? 
4. Why did your annotations not have textual feedback when using the assistant? 


	Abstract
	1 Introduction
	2 Related Work
	2.1 Studies of Annotation
	2.2 Challenges in Providing Feedback to Students
	2.3 Human-AI Collaboration for Writing

	3 AnnotateGPT
	3.1 Stroke Clustering
	3.2 Stroke Classification and Text Extraction
	3.3 Annotation Classification and Purpose Inference
	3.4 Generating Low-Level Context-Specific Annotations
	3.5 Implementation
	3.6 Specialized Scrollbar

	4 User Study
	4.1 English Tests Creation
	4.2 Participants
	4.3 Apparatus & Software
	4.4 Study Design
	4.5 Tasks & Procedure

	5 Results
	5.1 Data Analysis
	5.2 Workflows Observed
	5.3 Types of Annotations
	5.4 Annotation Behaviours
	5.5 Misclassifications
	5.6 Density of Annotations
	5.7 Annotating Duration
	5.8 Questionnaires
	5.9 Feedback Ratings
	5.10 Feedback Quality
	5.11 Summary

	6 Discussion
	6.1 Balancing Agency and Over-Reliance
	6.2 LLMs as Cognitive Augmentation in Feedback Workflows
	6.3 Support Equity in Education
	6.4 Annotation as an Interaction Paradigm

	7 Educational Scenarios: Applying AnnotateGPT in Practice
	7.1 Lightweight Annotation for High-Volume Feedback
	7.2 Leveraging Annotation History Across Subjects

	8 Beyond Education: Envisioned Applications of Annotation as Interaction
	8.1 Editing Generative Content
	8.2 Annotating the World

	9 Limitations & Future Work
	10 Conclusion
	Acknowledgments
	References
	A System Usability Scale
	B NASA Task Load Index
	C Annotation History
	D Annotation Heatmaps
	E Prompts for Annotation Classification and Purpose Inference
	F Prompts for Generating Annotations
	G Stroke Clustering
	H Post-Study Interview Questions



