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Abstract

We present ARTIST, a learning support system
that can help students assess their argumenta-
tive writing and provide automated, individual
feedback, thus improving their writing perfor-
mance. It analyzes student-written argumenta-
tive texts by identifying argument components
and their relationships. The resulting argumen-
tative discourse structure is displayed in an in-
teractive interface. In that way, the ARTIST
tool provides immediate and personalized vi-
sual feedback on the quality of students’ texts,
supporting self-monitoring and reflection on
how to improve their texts.

1 Introduction

Argumentative writing skills are essential to enable
one to convey one’s own understanding and critical
thinking. Effort and training are needed to improve
them. In many contexts however, writing skills are
not promoted and training measures are not very
effective (Thaiss and Zawacki, 2006; Stevenson
and Phakiti, 2014). However lecturers often do not
have time to provide individual feedback to each
student. Generic responses hinder their learning
progress. This is problematic, as argumentative
writing is rarely done outside of schools when one
is a student. To address this issue, recent advances
in Natural Language Processing (NLP) and Artifi-
cial Intelligence (Al) are leveraged to analyze the
writing quality of texts and to provide students with
personalized and adaptive feedback, as well as to
support gains in student’s writing motivation and
quality (Zhang, 2013; Rapp and Kauf, 2018; Strobl
et al., 2019).

Whereas automated support for revisions on
the micro-level, targeting factual knowledge (e.g.,
grammar, spelling, word frequencies) is well-
represented in current literature, tools that sup-
port the development of writing strategies and en-
courage self-monitoring to improve macro-level
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text quality (e.g. argumentative structures, rhetor-
ical moves) are still rare. Therefore, we propose
an Al-enabled learning support system to assess
students’ argumentative writing and to automate
feedback to individual students, thus supporting
writing performance. This enables personalized
learning. One of the most significant benefits of
using Al in education is seen as a support tool
for personalized learning and formative feedback
(Stone et al., 2016; Zawacki-Richter et al., 2019).
ARTIST contributes to this new emerging interdis-
ciplinary research field as recent advances in Al
emphasize the importance of better understanding
of the human-machine power relationship in learn-
ing and problem solving (Wesche and Sonderegger,
2019; Raisamo et al., 2019; Seufert et al., 2020).
We make a video demonstration of ARTIST
available at https://youtu.be/f0s2EcWd7fU
and release the code at https://github.com/
unisg-ics-dsnlp/artist-inlg2025.

2 Interface

ARTIST provides direct and indirect feedback
through three main channels: (i) the Argumentation
Dashboard, (ii) the Discourse Structure overview,
which provides an analysis of the rhetorical struc-
ture and coherence relations of the text to help the
user identify weaknesses, and lastly (iii) through
direct, adaptive Improvement Suggestions. Figure
1 shows the Argumentation Dashboard.

Argumentation Dashboard Claims, major
claims and premises are highlighted in different
colours directly in the input and presented as a
graph, showing the argumentative structure of the
text. A detailed view shows how the individual
components of each argument connect with each
other. A sunburst diagram shows the proportion
of how much of the text consists of argumentative
components. Coherence and Persuasion scores
are presented as a box plot based on the rating
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Figure 1: Screenshot of the ARTIST writing support system. A highlighted argument is shown, as well as the
structure graph, the sunburst diagram of the distribution of components and the Coherence and Persuasion scores.

of multiple LLM raters following the approach
introduced by Hu et al. (2024). To simulate a panel
of experts the model is prompted 50 times with
a temperature of 0.7. Scores are presented as a
boxplot to provide feedback about the consistency
of the scores to the user. We use plotly.js for this
plot.

Discourse Structure The Rhetorical Structure
Theory (RST) (Mann and Thompson, 1988) parse
tree of the input text is shown, with explanations
for the more high-level discourse markers. The
RST tree shows the text split into discourse units
and how they relate to each other. By default a
simplified version using the high level markers by
Fraser (1996) is shown. The complex markers are
mapped to Elaborative, Inferential, Contrastive
and Temporal. Experienced users can switch to
‘Expert Mode* to see fine-grained labels. Users can
select discourse units to highlight the relation in the
text. Explanations for the labels are shown next to
the graph. Figure 2 shows the Discourse Structure
functionality.

Improvement Suggestions The user can request
adaptive improvement suggestions for their text.
These suggestions are made by an LLLM, and adapt
to the user’s input.

3 Implementation Details

Backend The backend of ARTIST is a Python
Django project.
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LLM ARTIST supports using self-hosted LLM:s.
We use a Llama 3.3 70B instance running on 8
V100 GPUs. We want to emphasize that smaller
models, with lower hardware requirements, are suit-
able alternatives. This includes small models like
the Phi family of models, which are designed to be
hardware efficient (Abdin et al., 2024a,b), and can
be run locally on current consumer grade laptops.
The LLM is used for the improvement suggestions
feature, as well as to calculate the Coherence and
Persuasion scores.

Visualization We use vis.js for the visualization
of the argument structure, Plotly.js for the structural
feedback, Cytoscape.js for the RST tree.

Discourse Structure Detection We use an
updated version of RST parser by Feng and
Hirst (2014b,a). The parser itself is un-
changed, but we provide a Python package
to make it easier to use. The updated
package is available at https://github.com/
ThHuberResearch/feng-hirst-rst-parser.

4 Evaluation

We evaluated successive prototypes of our argu-
mentation feedback system through a series of con-
trolled laboratory experiments and real-world class-
room studies, demonstrating its effectiveness in
improving students’ argumentative skills. For in-
stance, in a study with first-year students (n=80),
we observed measurable gains in argumentation
competency (Burkhard et al., 2023). In a comple-
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Figure 2: Screenshot of the Discourse Structure functionality of ARTIST. A subgraph of the discourse tree is
highlighted, and the relation is shown in the argument on the left. The labels are explained to the right of the graph.

mentary study with 30 participants, we collected
qualitative feedback on the tool’s usability and per-
ceived effectiveness (Htaw et al., 2024). Moreover,
students (n=63) rated the quality of the feedback
provided by open-source and proprietary LLMs
positively. More precisely, they regarded the sug-
gestions for improving their argumentative texts as
helpful (7.51 vs. 7.65 on a 10-point Likert scale)
(Gubelmann et al., 2024). Most importantly, stu-
dents wrote more convincing essays with higher
formal argument quality, producing on average 5.1
arguments with our tool compared to 3.2 with a
baseline scripting tool (Wambsganss et al., 2020).

5 Example User Interaction

In the following, we describe a typical use case
scenario of the ARTIST tool.

The user enters an argumentative text. They click
Analyze Argumentation. This highlights their ar-
gument components, and shows their relationships
in the dashboard, which helps find unsubstantiated
claims in the text. The Structural Feedback sun-
burst diagram shows that a large portion of the
text is non-argumentative. The Coherence and Per-
suasion scores are also rather low. Next, the user
presses Analyze Discourse. This generates an RST
parse tree, which shows the individual discourse
units and their relation. The user is experienced,
so they toggle Expert View, which provides fine-
grained labels. They right-click a subgraph with an
Explanation and it is highlighted in the text. The
user realizes that a part of their text, intended to
explain a certain point they were making, does not
have this relation in the graph. They read the cor-
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responding passage and note they did not properly
elaborate their point. They revise the sentence and
generate the graph again. The user analyzes the
new graph and is satisfied. Lastly, they open the Im-
provement Suggestions tab, and request individual
feedback. The feedback suggests to add concrete
examples or evidence to further strengthen the ar-
gument. Based on the analyses provided by the
tool the user improves their argument further. As
the user keeps working with the tool, their overall
argumentation skills improve.
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