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Abstract

A central pedagogical value evaluated in Al tu-
tor benchmarks is scaffolding: guiding students
through graduated steps toward a solution. Align-
ment and evaluation methods for embedding scaf-
folding behaviour into chatbots, however, rest on
an implicit assumption: that students will take up
the scaffolding and engage in the conversation.
To examine whether this assumption holds, we
introduce an evaluation pipeline around two met-
rics — Chatbot Scaffolding and Student Uptake
— and apply them across nine datasets of 9,490
chats, spanning Al tutor benchmarks and real-
world deployments of educational chatbots. Our
analysis reveals that while benchmarks assume
a high-scaffolding, high-student-uptake environ-
ment, students in real-world settings exhibit lower
levels of uptake overall — frequently bypassing
the chatbot’s pedagogical framing to drive the in-
teraction toward their own learning goals at little
interpersonal cost. We argue that bypassing scaf-
folding is not necessarily detrimental; rather, it fre-
quently highlights a mismatch between a chatbot’s
pedagogical framing and the student’s learning
goals. To meaningfully evaluate the effectiveness
of a chatbot’s assistance, future benchmarks must
move beyond the assumption that students will
simply take up the scaffolding, and instead evalu-
ate how these chatbots navigate diverse learning
contexts and student-driven interaction patterns.

1. Introduction

Personalised, timely feedback supports student learn-
ing (Shute, 2008), particularly when it is dialogic — deliv-
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ered through a back-and-forth exchange in which the student
can respond, negotiate, and ask follow-up questions (Boud &
Molloy, 2013; Yang & Carless, 2013). This conversational
structure allows students to iteratively build understanding
and exercise agency over their learning (Nedrehagen et al.,
2025), driving deeper engagement with the material. Within
these dialogic exchanges, tutors often employ the technique
of scaffolding.

Scaffolding describes how a tutor calibrates their support
to the learner’s current state — guiding through graduated
hints, posing questions rather than giving answers, and with-
drawing support as the student gains competence (Wood
et al., 1976; Reiser, 2004). Delivering timely, dialogic, and
scaffolded feedback to every student at every moment of
struggle is difficult at scale (Henderson et al., 2019). Au-
tomated chatbots based on large language models (LLMs)
have been proposed as one way to approach this challenge.
LLMs may be feasible candidates for scalable pedagogi-
cal support, including personalised feedback, assessment,
and tutoring (Jurenka et al., 2024; Bauer et al., 2025), be-
cause they support open-ended dialogue and have shown
competence on academic tasks (Wang et al., 2024).

Deploying LLMs as tutors introduces a tension between
their default behaviour and pedagogical values, as they are
trained to be helpful by presenting information and answer-
ing directly, rather than engaging students in guided discov-
ery (Jurenka et al., 2024). This is particularly at odds with
scaffolding, where a tutor withholds answers to promote rea-
soning, yet an unaligned LLM will typically provide them
immediately (Macina et al., 2023; 2025).

Recent work has responded with inference and alignment
strategies intended to adopt scaffolding behaviour in LLMs
— few-shot prompting (Han et al., 2024), fine-tuning on cu-
rated scaffolding demonstrations (Macina et al., 2023), and
reinforcement learning from human feedback (LearnLM
Team et al., 2025) — alongside evaluation benchmarks and
rubrics that assess the pedagogical quality of chatbot re-
sponses (Macina et al., 2025; Xu et al., 2026). Yet, existing
alignment and evaluation methods rest on an implicit as-
sumption: that students will take up the chatbot’s scaffolding
and engage in the dialogic flow it offers. In this paper, we
empirically examine whether this assumption holds across
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real-world deployments of educational chatbots. We present
evidence that because these methods do not account for stu-
dent behaviour within the interaction dynamics, they risk
failing to realistically evaluate how models perform in such
a pluralistic field as learning.

Across the five real-world deployments we analysed, we
found that students frequently diverge from these be-
havioural assumptions, often bypassing the chatbot’s scaf-
folding and exercising substantial control over the interac-
tion. We argue that this mismatch points to two structural
issues in current paradigms. (1) Open-ended LLM chat in-
terfaces permit students to bypass scaffolding at no apparent
social cost, such as seeming rude or disengaged, making it
easier to drive the interaction towards their own goals. (2)
Current scaffolding evaluation methods review chatbot be-
haviour only through the information exchanged in the chat,
without considering the student’s learning goals or context
that drive the interaction itself. We discuss implications
of these issues on the future of artificial intelligence (AI)
tutor designs and argue that the interface and evaluation
methods must be redesigned to account for the diversity
of real-world student learning contexts and interaction
styles. In short, we contribute the following:

* We introduce a two-metric evaluation pipeline — Chatbot
Scaffolding and Student Uptake — that scores both chat-
bot and student sides of the interaction at the turn level,
and apply it across nine datasets spanning four Al tutor
benchmarks, three real-world deployments of scaffolding-
aligned chatbots, and two without scaffolding alignment,
analysing a total of 9,490 chats.

* We show that, while students in real-world settings exhibit
substantially lower uptake of the chatbot’s scaffolding
than benchmarks implicitly assume, their uptake is incon-
sistently linked to the chatbot’s degree of scaffolding. We
discuss the sources and implications of this mismatch,
examining its relationship to effective student learning,
the limitations it exposes in current societal alignment and
evaluation methods, and the directions it opens for future
LLM-based tutors.

2. Background
2.1. Scaffolding as a Pedagogical Practice

Learning involves impasses — moments of learning struggle
where the student cannot make progress on a task without
external support (Vygotsky, 1978; VanLehn, 1988). To
overcome an impasse, the student must recognise it and
actively seek help from an external source, such as tutors.

One well-established way for a tutor to provide help is scaf-
folding. In traditional classrooms, scaffolding is a core
teaching method whereby a teacher or a more knowledge-
able peer provides appropriate, timely feedback and support

to help students solve a task that would otherwise be out of
reach (Wood et al., 1976). Through this support, the student
can overcome their impasse.

Effective scaffolding is framed as a balancing act (Wood
et al., 1976; Reiser, 2004; Koedinger & Aleven, 2007). On
one side, withholding immediate assistance may challenge
students to transform their impasse into a productive strug-
gle (VanLehn, 2011), but risks making them frustrated, fos-
tering a bypassing attempt. On the other side, providing
direct assistance supplies the needed information but can
invite shallow learning and disengagement (Koedinger &
Aleven, 2007). Therefore, the scaffolding process requires
teachers to be aware of the student’s individual learning
context in order to guide students toward solutions through
minimal or graduated assistance or hints, deliberately with-
holding direct answers in order to keep the student in control
of the task (Reiser, 2004).

Furthermore, scaffolding is, fundamentally, a dialogic inter-
action. Its effectiveness therefore depends not only on the
appropriateness of the tutor’s support, but also on the degree
to which the student takes it up and adopts it into their learn-
ing (Boud & Molloy, 2013; Yang & Carless, 2013). This
dialogic framing motivates how we evaluate student-chatbot
interactions in this paper: by measuring both sides of the
exchange rather than the chatbot’s response alone.

2.2. LLMs as Conversational Scaffolding Tutors

Significant effort has been invested in developing automated
systems that can replicate the personalised support provided
through the scaffolding process. Intelligent Tutoring Sys-
tems (ITS) demonstrated that in controlled settings tool-
driven scaffolding can foster learning gains (VanLehn, 2011;
Nye et al., 2014).

Research in LLMs for education has drawn directly on the
ITS scaffolding principles to align LLMs toward more peda-
gogically grounded behaviours (Cohn et al., 2026; Hou et al.,
2026). Despite this, there is an inherent friction caused by
the fact that LLMs have been trained to prioritise being
‘helpful’ — responding directly to the user’s requests. This
helpfulness can conflict with pedagogical values, such as
scaffolding (Jurenka et al., 2024), where the LLM should
guide the student (the user) through gradual scaffolds in-
stead of revealing the answer immediately (Macina et al.,
2023; Jurenka et al., 2024).

In response, recent research has curated datasets alongside
evaluation rubrics and benchmarks to assess LLM perfor-
mance across educationally relevant dimensions for tutor-
ing (Macina et al., 2023; Han et al., 2024; Miller & DiCerbo,
2024; Zent et al., 2025; Rooein et al., 2026). These evalua-
tion methods vary in how they operationalise scaffolding as
a pedagogical dimension. Some focus on turn-level scaffold-
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ing moves, rewarding structured guidance through questions
and hints over direct answer-giving (Macina et al., 2023;
2025; Miller & DiCerbo, 2024). Others assess pedagogical
quality across multiple dimensions, such as cognitive load
management (e.g., clarity and simplicity), emotional respon-
siveness (e.g., motivation and positive reinforcement), and
proactive planning (e.g., goal-directed guidance) (LearnLM
Team et al., 2025; Xu et al., 2026). Despite their breadth of
dimensions, the rubrics focus mainly on the chatbot’s side
of the exchange and not on how the student engages.

In this paper, we show that neither scaffolding benchmarks
nor rubrics consider the student’s side of the interaction
and so implicitly share the assumption that student—chatbot
interactions constitute a human-like, multi—turn dialogic
exchange (a conversation) in which both parties have the
common goal of resolving the student’s impasse.

2.3. The Conversational Assumption in Human-LLM
Interaction

Research from conversation analysis and human—computer
interaction literatures argue that human-LLM exchanges
should not necessarily be considered ‘conversations’. Sacks
et al. (1974) defined conversation through locally man-
aged, party-administered turn-taking, in which speakers
themselves negotiate who speaks next, when, and for how
long. In LLM chats, turn order is rigid and interface-
predetermined: the user prompts, the model responds. Sim-
ilarly, Clark & Brennan (1991) define grounding as the
process by which participants establish mutual belief that
understanding has been achieved, thus requiring both parties
to hold beliefs and update them on evidence of the other’s
understanding. However, Shaikh et al. (2025) showed that
LLMs are 16 times less likely to seek clarification than hu-
mans, and even when an LLM initiates such act, it remains
contested whether it constitutes functional grounding for a
conversation (Jokinen, 2024; Shaikh et al., 2025).

Despite the lack of genuine conversational mechanics, the
conversational interface design was observed to lead non-
expert users to approach LLMs as conversational partners,
expecting human-like capabilities such as environmental
and social awareness (Zamfirescu-Pereira et al., 2023). The
conversational framing of LLM chats is argued to amplify
expectations of human-like interaction (Luger & Sellen,
2016; Zamfirescu-Pereira et al., 2023; Peter et al., 2025)
while masking system capabilities behind conversational
abstractions (Subramonyam et al., 2024; Ibrahim & Cheng,
2025). Thus, current research questions the nature of human—
LLM interactions and whether they should be considered or
designed as conversational at all.

When aligning and evaluating LLMs as scaffolding tutors,
educational research seems to have adopted the conversa-
tional framing despite its concerns. This framing holds in

controlled settings when LLM tutors are engaged in a sus-
tained, dialogic exchange with the student (Macina et al.,
2023; Rooein et al., 2026). However, another interaction
pattern emerges in less controlled settings, such as students
using LLMs for self-study assistance (Ammari et al., 2025;
McNichols et al., 2026; Neagu et al., 2026). Subramonyam
et al. (2024) characterises the multi-turn LLM use as itera-
tive goal refinement, where users progressively reshape their
query until the output matches their intent rather than engag-
ing in jointly negotiated exchange. This interaction pattern
has been observed in less controlled educational settings,
where students use LLM chatbots in iterative exchanges,
prompting procedural questions and requests driven by their
goals (McNichols et al., 2026; Neagu et al., 2026).

To understand the implications of this iterative prompting
behaviour, research looked to help-seeking theory (Nelson-
Le Gall, 1981), which distinguishes instrumental help-
seeking (asking for just enough assistance to remain in con-
trol of the learning task) from executive help-seeking (out-
sourcing the task itself by asking for the answer outright).
Instrumental help-seeking is treated as a self-regulated learn-
ing strategy, while executive help-seeking is associated
with work-avoidance and shallow learning (Nelson-Le Gall,
1981). Viewed through this lens, the iterative prompting
observed in less-controlled settings of student-LLM interac-
tions is not only a non-conversational pattern, but may also
be a low-friction channel for executive rather than instru-
mental help-seeking (Yang et al., 2025).

Executive help-seeking behaviours have also been previ-
ously observed in interactions with ITS. Students “game
the system” through hint abuse and systematic guessing
to extract answers to the learning task while minimising
engagement with the system and course materials (Baker
et al., 2004). So the problems introduced by executive help-
seeking are not new to educational research, but they are
new to the less-controlled settings and iterative prompting
that characterise student-LLM interactions.

In summary, evaluation methods of educational LLMs were
built on the assumption that students are willing conver-
sational partners. However, a growing body of literature
challenges this, suggesting that interactions between users
and chatbots are not necessarily conversational in nature.

3. Methodology

Existing rubrics for LLM scaffolding tutors focus exclu-
sively on the chatbot’s response effectiveness. However,
we argue that scaffolding is only effective if the student
actively engages with it. To quantify how this scaffolding
is received, we evaluate student—chatbot interactions across
various controlled and real-world settings.
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Table 1. Datasets used for analysis. K-12 = Pre-University Education, HE = Higher Education. v'= yes, X= no, ~ = mixed.
“Total chats” are filtered such that we only score “valid chats” that contain at least a turn of informative student-chatbot messages.

Valid / Total . Human Human
Dataset Chats Subject Level Deployment Scaffold Tutor  Student
MathDial (Macina et al., 2023) 2018 /2262  Maths K12 Research v v X
MathTutorBench (Macina et al., 2025) 374 /1477 Maths K12 Research v v ~
QATD3y. (Zent et al., 2025) 197171971  Maths K12 Platform v v v
PATS (Rooein et al., 2026) 1920/1920  Literacy K12 Research v X X
CoMTA (Miller & DiCerbo, 2024) 162 /188 Maths K12 Platform v X v
RECIPE4U (Han et al., 2024) 4177508 Language HE Platform v X v
StemChat ' 422 /573 STEM HE Platform v X v
StudyChat (McNichols et al., 2026) 173272214  Computing HE Stand-Alone X X 4
MathsChat ! 82 /130 Maths HE Stand-Alone X X v

3.1. Evaluation Rubrics

We define two turn-levels metrics: Chatbot Scaffolding as
how much scaffolding the chatbot provides and Student Up-
take as how much the student takes up the scaffolding. The
two metrics define a 2D space that captures the interaction
dynamic between the chatbot and student. The definition of
both metrics was iteratively validated during the develop-
ment of the scoring pipeline as described in Section 3.3. Full
metric definitions and examples are given in Appendix A.

Chatbot Scaffolding: Existing benchmarks and rubrics
for educational LLM converge on a set of observable sig-
nals that distinguish scaffolding from direct telling. We
ground our chatbot scaffolding metric in the intersection of
four benchmarks: MathDial (Macina et al., 2023), Math-
TutorBench (Macina et al., 2025), EduBench (Xu et al.,
2026), and LearnLM (LearnLLM Team et al., 2025). Despite
their differences in scope and interaction model, all four
agree on the core scaffolding signals: the chatbot should
(a) not reveal the answer, (b) target the student’s specific
understanding state and mistake, (c) ask guiding questions,
(d) give minimal hints rather than full explanations, and
(e) keep the discussion on topic and goal directed.

These four benchmarks provide a robust, cross-validated
basis for measuring the chatbot’s pedagogical behaviour.
However, they share a common limitation: they are entirely
focused on the chatbot’s response quality. The datasets
assume the student would always follow the scaffolding and
thus do not focus on the student’s side of the interaction. A
chatbot may score high on scaffolding as it provides helpful
guidance and asks guiding questions, but the student could
ignore this and ask for a direct answer instead. This is the
dimension our second metric addresses.

Student Uptake: We propose Student Uptake to measure
the degree to which the student engages with the chatbot’s
scaffolding acts and follows the topical trajectory within
the chat. At each turn, the chatbot’s scaffolding may take
the form of an invitation for students to engage — asking a

question, proposing a next step to attempt, or pointing to a
concept to consider. Students may, however, bypass those
acts by attempting to extract direct answers or redirecting
the chatbot’s framing towards their own agenda (Ma et al.,
2025). The metric therefore asks: did the student take up the
chatbot’s framing — answering its questions or attempting
the next step it pointed towards — or did the student set their
own agenda by, for example, introducing a new sub-topic,
or bypassing the chatbot’s question? High scores indicate
that the student is taking up the chatbot’s scaffolding, while
low scores indicate the student is overriding the pedagog-
ical framing to drive the chat flow in their own direction,
resulting in the chatbot following their lead.

3.2. Datasets

To investigate how students interact with educational chat-
bots across different design conditions, we selected nine
datasets that span the spectrum from synthetic tutoring to
naturalistic interactions with LLM tutor chatbots (Table 1).
All datasets involve multiple message exchanges (furns)
between a student and a tutor — either human or LLM.
The datasets cover tutors with varying levels of scaffolding,
while assisting students resolve a learning task. Table 1
organises the datasets into three categories based on their
deployment settings and how scaffolding is used in their
interaction. In total, we evaluated a combined 9,490 chats
from four controlled and five real-world settings.

Al Tutor Scaffolding Benchmarks: We selected four
datasets (MathDial (Macina et al., 2023), MathTutor-
Bench (Macina et al., 2025), QATDy; (Zent et al., 2025),
and PATS (Rooein et al., 2026)) that were developed to
capture what effective scaffolding looks like in LLM-based
tutoring interactions. Each dataset consists of multi-turn
chats structured around two roles (a tutor and a student)
where each role may be played by either a human or an
LLM. These chats were constructed to reflect tutoring be-
haviour on a specific learning task.
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(3 earlier turns)

Student: if its short circuit current will take this path no?

Chatbot: You’re right to consider the path of the current when the diode is short-circuited. Could you describe in more

detail the path you’re thinking of and how it affects the voltage V?

Student: through the blown diode

Chatbot: Indeed. And what does that imply about the voltage Vi across the short-circuited diode?

Student: 10 — —10/2 s0 10 V?

Student Uptake: 0.5

Chatbot Scaffolding: 4

Student Uptake: 1

Chatbot Scaffolding: 4

Student Uptake: 0.5

Chatbot: Not quite. Consider what a short circuit does to the voltage across the component. A short circuit means

there’s a path of very low (ideally zero) resistance between two points, causing an extremely high current to flow. Given

Chatbot Scaffolding: 4

this, what would the voltage across the short-circuited diode be? How does this relate to Vi ?

Student: im not sure, give me the answer

Chatbot: The voltage across a short circuit is zero because there is no potential difference across a path of zero resistance.
Therefore, Vi would be 0 V. The DC voltmeter reading would also be O V. Does this make sense?

Student Uptake: -0.5

Chatbot Scaffolding: 1

(1 following turn)

Figure 1. Trajectory of the Chatbot Scaffolding and Student Uptake metrics across turns of one chat segment from the StemChat dataset,
scored by GPT-5-mini. The chatbot sustains high scaffolding until the student explicitly demands the answer and the chatbot reveals it.

In these datasets, the tutor initiates the chat with a pre-
defined question, prompting the student to reflect on their
thought process and identify where they need help. The
multi-turn exchange then continues until the student reaches
a resolution — correcting their mistakes and successfully
solving the task. Throughout the interaction, the tutor ap-
plies scaffolding strategies, guiding the student through
questions and hints rather than directly revealing answers,
which positions the tutor as the primary driver of the chat.

Common to all four datasets is a setup in which the stu-
dent engages with the scaffolding. MathDial, PATS, and
MathTutorBench capture this dynamic in synthetic and semi-
synthetic environments, while QATD», provides reference
examples of real interactions between human tutors and
students. These datasets capture what scaffolded tutoring
should look like, but they systematically exclude some in-
teraction patterns (such as disengagement and executive
help-seeking) that are common in real-world deployments
and that motivate this paper.

Chatbots with Scaffolding: We selected three datasets
(CoMTA (Miller & DiCerbo, 2024), StemChat', and
RECIPE4U (Han et al., 2024)), featuring LLLM chatbots
explicitly prompted to scaffold — guide through questions
and hints, target the student’s mistake, and avoid reveal-
ing the answer outright. These chatbots were deployed on
learning platforms with real students in authentic learning
environments. CoMTA pairs students with a Socratic Al
tutor to support them in online mathematics exercises on
Khan Academy, StemChat integrates a guiding chatbot into
Lambda Feedback, a self-study platform (Johnson et al.,

!'Use of the internal datasets for research was covered by the
institution’s privacy policy (for MathsChat) and institutional ethics
approval EERP2526-059 (for StemChat).

2025) for STEM university students, and RECIPE4U cap-
tures interactions with a ChatGPT-based tutor designed to
support English writing revision. In all these datasets, the
students initiate the chat, determine what to ask, and de-
cide when to disengage. While these systems are designed
to guide and scaffold the student, the student is under no
constraint to engage with the chatbot’s prompts.

Chatbots without Scaffolding: We selected two datasets
(StudyChat (McNichols et al., 2026) and MathsChat!), fea-
turing LLM chatbots with no explicit pedagogical scaffold-
ing in their system design, yet used by real students to assist
them in solving learning tasks. StudyChat captures open,
unconstrained interactions with a ChatGPT-like chatbot for
coding coursework, while MathsChat comprises interactions
with a chatbot retrieving relevant mathematics course mate-
rials for self-study. These datasets represent the lower end
of the scaffolding spectrum, isolating what student-chatbot
interaction looks like when no scaffolding is attempted.

The three dataset categories allow us to examine how scaf-
folding design shapes student-chatbot interactions. If in-
teractions from real-world chatbots resemble those in the
benchmarks, it would validate the assumption that students
engage with and follow the scaffolding provided. If they di-
verge, however, it would reveal a mismatch between the data
used to develop and evaluate educational chatbots and the
interactions that actually occur in real-world deployments.

3.3. Scoring Pipeline

Preprocessing: To ensure each turn in a chat is valid for
scoring, we filter out uninformative or structurally prede-
fined exchanges (e.g. empty turns, opening questions, greet-
ings) before scoring. We also filter out all chats with only
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one turn to ensure both metrics have chat context when
measured. Full filter details are provided in Appendix B.

Scoring: The pipeline iterates through every turn in a chat.
For each metric, GPT—-5-mini acts as an ordinal classifier,
assigning the turn one of five ordered class labels on an
integer 1-5 scale defined by the rubric anchors. For each
turn, the LLM judge receives: (1) the full chat history up to
and including the current turn as context, and (2) a rubric
prompt asking it to rate the current turn on the two metrics.

The turn-level scores are then aggregated to per-chat means,
which we reference from now on as the values of the metrics.
For Student Uptake, we linearly map this per-chat mean onto
a signed, more interpretable scale from —1 to +1 to display
who drives the chat flow — the chatbot or the student. For
Chatbot Scaffolding, we use the 1-5 scale because unlike
uptake, it captures a single graded quality rather than a
balance between the two parties interacting. Figure 1 shows
an example chat with the respective metric scores for each
message. We include the full prompt and evaluation details
in Appendix A.

Validating: Firstly, to validate that the Chatbot Scaffolding
metric correlates with human-labelled pedagogical quality,
we validated the LLM judge against a random 15% sample
of the training data (550 chats) for the MathTutorBench’s
own pedagogical reward model (Macina et al., 2025). This
dataset contains human-labelled examples of high and low
scaffolding in tutor responses, which the LLM judge distin-
guishes with a 93.8% accuracy.

Secondly, as an initial investigation of the Student Uptake
metric, two human raters reviewed 282 chats stratified by
rounded per-chat mean ordinal scores and sampled within
each score bin, covering typical and outlier interactions
(using cosine similarity to the bin’s text embedding centroid).
While reviewing scores at all turns, raters noted whether
they agreed or not with the LLM judge’s per-chat scoring.
On average, raters agreed with 78.9% of the judge’s scores.
We also measured how consistently the two raters produced
these agree/disagree labels, obtaining a moderate inter-rater
reliability of Gwet’s AC1= 0.580 (Gwet, 2008).

Most inter-rater disagreements involved chats binned as
score 0.5 on the benchmark datasets. A student uptake score
of 0.5 is defined as the student following up on the chatbot’s
scaffolding, but also providing an observation, elaboration,
or follow-up question that stays on topic. Due to the over-
all high student uptake within the chats in the benchmark
datasets, combined with the highly focused conversation
topics and high scaffolding scores, raters noted that scores
of 0.5 were often hard to distinguish from scores of 1 (where
students purely take up the scaffolding, such as by directly
answering the chatbot’s questions).

Appendix A.4 contains more detail on both validations.

4. Experiments

4.1. Are interaction patterns between dataset categories
statistically different from each other?

In Figure 2, we report on the 2D metric space across the
nine datasets grouped into three categories.

We first validated that the dataset categories are statistically
different. We applied pairwise PERMANOVA (Anderson,
2001) tests (p < 0.0001) onto the combined datasets of the
three categories to evaluate the centroid and dispersion dif-
ferences. We also applied pairwise PERMDISP (Anderson
et al., 2006) tests (p < 0.001) to examine whether those
dispersions are also isolated from each other. Both tests
deemed significant separation between the three categories.
Appendix B.2 contains more details on those tests.

By validating the distinctness of the dataset categories, we
can delve deeper into the meaning of the metric scores for
the interactions. Interactions across all four Al Tutor Bench-
marks concentrate in the top-right corner of the 2D space,
representing the idealised scenario in which the chatbot pro-
vides high scaffolding and the student engages — a setting
well-studied in the scaffolded education literature (Wood
et al., 1976; Reiser, 2004). MathDial and MathTutorBench
exhibit particularly tight clustering in this region, reflecting
differing higher levels of chatbot scaffolding paired with
high student uptake. QATD3y, and PATS show a broader, ap-
proximately Gaussian distribution around the same corner,
likely attributable to greater interaction diversity: QATDoy
involves human-played student and tutor roles, while PATS
employs a diverse LLM prompting strategy for the student
and tutor roles.

By contrast, the two categories of real-world deployments
— Chatbots with Scaffolding and Chatbots without Scaf-
folding — occupy regions of the 2D metric space that no
current benchmark covers. These regions are characterised
by widely varied student uptake and chatbot scaffolding
pairs. While interactions collected from the Chatbots with-
out Scaffolding cluster in the bottom-left corner, Chatbots
with Scaffolding category exhibits the largest spread across
the 2D space. RECIPE4U and StemChat cover almost the
whole 2D spectrum in both metrics. Only CoMTA stands
out, considering its high scaffolding scores, which we at-
tribute to the dataset’s dataset’s design: it showcases fil-
tered examples of effective use of LLMs deployed to assist
learning by acknowledging student mistakes. Interestingly,
despite containing mostly high scaffolding chats, student
uptake within CoMTA still exhibits significant variance.

Over all real-world deployment datasets, students seem to
engage with LLM chatbots as on-demand learning assistants
rather than as conversational partners in a scaffolded dia-
logue. The benchmark datasets do not cover these specific
scenarios and so cannot be used to evaluate such interaction.
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Figure 2. Evaluation of per-chat means of Student Uptake and Chatbot Scaffolding across AI Tutor Benchmarks (Top): MathDial,

>

, PATS. Chatbots with Scaffolding (Middle): CoMTA, RECIPE4U,

. Chatbots without Scaffolding

(Bottom): StudyChat, MathsChat. Colour intensity of each cell reflects the number of chats within a hexagon of 0.125 on Student Uptake

(x-axis) and 0.29 on Chatbot Scaffolding (y-axis).

4.2. Does more scaffolding imply more uptake?

Across the three dataset categories, student uptake shifts
from predominantly low in real-world deployments of chat-
bots without scaffolding to more broadly distributed across
the spectrum in scaffolding-aligned chatbots. To investigate
whether the student uptake shift is driven by scaffolding,
we compute Spearman rank correlations between Chatbot
Scaffolding and Student Uptake metrics at both the dataset
and category levels (Table 2).

In both the Chatbots with Scaffolding and Chatbots with-
out Scaffolding categories, the correlation is weak, and it
is inconsistent across datasets. So, in some situations stu-
dents in real-world settings may engage with the scaffolding
provided by the chatbot, but the link is negligible.

In contrast, in Al Tutor Benchmarks there is essentially no
correlation between the two metrics. This lack of correla-
tion might stem from the fact that benchmark datasets are
constructed under controlled conditions and assume high
student uptake throughout their chats, producing too little
variance in uptake to support a meaningful correlation.

Overall, these results suggest that while higher chatbot scaf-
folding does nudge students toward higher uptake in some
scenarios, the effect is far from deterministic overall. We
argue in Section 5 that student uptake is shaped by a multi-
tude of factors beyond the chatbot’s scaffolding behaviour,
thus providing an explanation for the near-zero correlation.

5. Discussion and Implications
5.1. Why don’t students take up the scaffolding?

Students can bypass the chatbot’s scaffolding through sim-
ple means (rephrasing the request, or asking more directly
for the answer (Zhao et al., 2026)) and at little interper-
sonal cost. This reflects a stark difference in accountability
within human and LLM dynamics: there is no witness before
whom the student risks seeming incapable, embarrassed, or
rude (Ma et al., 2019; Jin et al., 2025), and the chatbot has
no authority to enforce its scaffolding. In contrast, the same
bypassing behaviour is harder in a traditional tutoring set-
ting, where the tutor drives the interaction and the student
feels some degree of accountability to engage with how
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Table 2. Chatbot Scaffolding and Student Uptake scores per dataset (mean = std across chats), with the per-dataset Spearman correlation
between Student Uptake and Chatbot Scaffolding and the pooled group-level Spearman correlation (all datasets in the group combined)

Category Dataset N Chatbot Scaffolding  Student Uptake Spearman p
Mean =+ Std Mean + Std (per dataset)  (per category)
MathDial 2018 3.70 £0.82 0.75£0.18 0.080"**
MathTutorBench 374 3.97 +£0.87 0.80 = 0.21 —0.082
Al'Tutor Benchmarks o yppy 1971 3.02 + 0.52 0.76£0.16  0.245" 0-019
PATS 1920 3.60 +0.36 0.59 £0.21 0.078™**
Chatbots with CoMTA 162 4.05+0.42 0.68 £0.28 0.093
Scaffoldin RECIPE4U 417 2.43 +0.72 0.36 £0.37 0.330"** 0.346™**
& StemChat 422 2.86 +1.01 0.30 + 0.41 0.201**~
Chatbots without StudyChat 1732 1.67+£0.70 —0.02 £ 0.40 0.315"** 0.308%**
Scaffolding MathsChat 82 1.41+0.54 —0.07 +0.49 0.194 '

***p < 0.001; MathTutorBench: p = 0.112; CoMTA: p = 0.241; MathsChat: p = 0.080; AI Tutor Benchmarks: p = 0.134

the conversation has been framed (Karabenick & Newman,
2013). So, regardless of the LLM chatbot’s framing as a
tutor, students may approach it as a tool to efficiently resolve
their problem rather than to assist their learning. We argue
this tension is driven by a mismatch between the chatbot’s
pedagogical framing and the student’s learning context.

Uptake is shaped not only by the quality of the chatbot’s scaf-
folding, but also by situational factors within the student’s
learning context (Karabenick & Newman, 2013; Ammari
et al., 2025; Neagu et al., 2026) — such as the student’s
immediate goal (mastering the material versus finishing
the task quickly), prior knowledge, previously invested ef-
fort, and the stakes of the task (e.g., assessment versus
self-study). For instance, a student’s immediate learning
goals dictate whether they engage in instrumental or ex-
ecutive help-seeking. Yang et al. (2025) document that
students with a mastery orientation tended to ask LLM
chatbots conceptual questions (instrumental help-seeking),
whereas students with work-avoidance orientation tended
to ask implementation-oriented questions (executive help-
seeking). These goal-driven behaviours may influence not
only the questions students ask, but also how they take up
the help the chatbot provides. Thus, when the chatbot’s scaf-
folding does not align with the student’s immediate goals —
such as enforcing a guiding question when the student ex-
plicitly seeks a direct answer — a mismatch occurs, and the
student is likely to bypass the framing, leading to observed
low uptake.

The learning context mismatch may explain the large varia-
tions in student uptake across the real-world deployments,
and even within single chats (see example in Figure 1). So,
the uptake of a scaffolded response can vary substantially de-
pending on whether the student is actively working through
an impasse or has been stuck for hours and simply needs a
direct answer.

5.2. Is bypassing scaffolding detrimental to learning?

Low uptake by bypassing the chatbot’s scaffolding has been
linked to concerns about over-reliance (Zhai et al., 2024),
cognitive offloading (Stadler et al., 2024; Bauer et al., 2025;
Favero et al., 2025), and executive help-seeking (Yang et al.,
2025). For instance, Ma et al. (2025) observed that students
frequently offload tasks to the chatbot rather than reason-
ing through them, a behaviour Yang et al. (2025) associate
with a ‘work-avoidance’ orientation. However, low uptake
can also reflect desirable student agency and self-regulated
learning (Guan et al., 2025). When students deliberately
bypass a chatbot’s framing to ask redirecting questions, they
could be exercising instrumental help-seeking, as the learner
recognises and decides what is needed to focus on and when
to seek help. Therefore, we argue that bypassing scaffolding
is not necessarily detrimental; rather, it frequently highlights
a mismatch between a chatbot’s pedagogical framing and
the student’s learning goals.

The perspective on the learning context mismatch provides
a possible rationale for our finding: that uptake is inconsis-
tently linked to the degree of chatbot scaffolding. Providing
a higher degree of scaffolding does not inherently foster
higher student uptake without taking into consideration the
multitude of factors within the student’s learning context.

We suggest that future investigations into help-seeking be-
haviour, scaffolding, and uptake in student-chatbots inter-
actions must be grounded in the student’s learning context.
Thus, to provide a valid measure of pedagogical impact,
future evaluation methods and benchmarks will also require
to move beyond the assumption that students simply take
up the scaffolding, and instead evaluate how chatbots are
designed to navigate diverse learning contexts and varying
student-driven interaction patterns.
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5.3. Implications for design and evaluation of Al tutors

Addressing the interaction mismatch across benchmarks and
real-world deployments calls for changes on two fronts: the
interface through which the student interacts with the chat-
bot, and the alignment and evaluation pipelines by which
we judge whether the chatbot provides meaningful and ap-
propriate scaffolding.

Design interventions at the interface level are worth ex-
ploring, as the open-ended chat interface is one factor that
permits students to bypass scaffolding (Zhao et al., 2026).
A first design question is what the chatbot should do when
a student does not follow its scaffolding; should it concede
and adapt its behaviour, or more actively steer the student
back to its framing? A second question concerns the assump-
tion of the ‘conversational’ interaction. MathDial, MathTu-
torBench, and PATS all simulate continuous, uninterrupted
multi-turn conversations focused on a single learning task.
However, real-world deployments such as StemChat, Study-
Chat, and MathsChat show students leaving and returning to
chats across long gaps, discussing different topics within the
same chat. Treating such sessions as single conversations
likely distorts both the chatbot’s scaffolding choices and our
evaluation of them.

Future evaluation benchmarks and rubrics must cap-
ture the student’s side of the interaction and their learning
context to evaluate situations resembling real-world use.
Our Student Uptake metric is a first step, capturing whether
the student takes up the chatbot’s framing, but not whether
that uptake is productive for learning. Rather than focus-
ing solely on the chatbot’s pedagogical move under a con-
trolled setting, benchmarks should feature varied student
behaviours, such as low uptake, and diverse learning con-
texts. A highly scaffolded response may be effective when
the student is genuinely working through an impasse, but
the same response can be unhelpful, even frustrating, when
the student has already been working on the problem for
hours and now needs a direct answer. Hence, to evaluate
scaffolding effectiveness in real-world settings, we argue
that benchmarks must represent the learning context encap-
sulating the interaction to some degree.

While most existing benchmarks evaluate the chatbot’s re-
sponse based strictly on the information exchanged within
the chat, PATS (Rooein et al., 2026) took a step towards
addressing this limitation by augmenting its chats with stu-
dent personality profiles and affect signals. However, this
approach still misses the dynamic states driven by the stu-
dent’s learning goals that shape whether a scaffolding act is
appropriate at a given moment.

Literature in ITS and educational data mining offer tech-
niques for representing some of the dynamic learning states:
such as capturing behavioural signals, time-on-task, prior

attempts, and engagement patterns (Baker et al., 2016) or
applying knowledge tracing methods to estimate the stu-
dent’s current knowledge state and where they are likely to
struggle (Corbett & Anderson, 1994). Recent work has be-
gun applying such methods to evaluate whether LLM-based
tutors can trace such learning context (Neshaei et al., 2024;
Scarlatos et al., 2025).

We recommend that future scaffolding benchmarks and
alignment datasets should incorporate the learning context
external to the chat, both as input to the chatbot and as
grounding for its evaluation. Future rubrics, in turn, will
need to measure the educational quality of student-driven
interactions, distinguishing patterns that should be fostered
from those that should be discouraged. Together, these di-
rections could ensure that the scaffolding is judged against
scenarios that resemble the pluralistic dynamics of the real-
world learning process.

6. Conclusions

In this paper, we identified that current scaffolding rubrics
and alignment datasets for educational LLM chatbots fo-
cus primarily on the quality of the chatbot’s responses and
assume that students will take up the scaffolding acts pro-
vided. However, across nine datasets spanning four Al Tutor
Benchmarks, three real-world deployments of scaffolding-
aligned chatbots, and two without scaffolding alignment,
we showed that this assumption does not hold in practice.

Our evaluation pipeline revealed that student uptake and
chatbot scaffolding exhibit negligible correlations across
all benchmark and real-world datasets. However, one main
distinction between datasets is that in real-world settings,
students often do not take up the chatbot’s scaffolding, in-
stead bypassing or driving the interaction toward their own
learning goals. We argue that the low uptake is not neces-
sarily detrimental to learning, and actually often highlights
a mismatch between the chatbot’s pedagogical framing and
the student’s learning context.

Evaluating scaffolding in practice therefore requires con-
sidering the multitude of factors influencing the student’s
side of the interaction, not only the chatbot’s behaviour. We
recommend that future educational rubrics and datasets ac-
count for the diversity of students’ learning contexts, and
inform how chatbots are designed to dynamically adapt to
low-uptake, student-driven interactions.
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A. Rubric

To score the messages, each LLM Judge call had a prompt containing the two rubric metrics (Chatbot Scaffolding and
Student Uptake), the full chat history, and the target message exchange as context. We provided the chat history up to the
scored turn because the same isolated message can score differently depending on the prior narrative of the chat. The judge
only scores the target exchange on a 1-5 integer ordinal scale for each of the metric. The two metrics are scored in a single
prompt call to reduce costs and latency. The prompt also included orchestration prompts to mitigate verbosity bias — LLM’s
preference to score longer entries higher.

The Chatbot Scaffolding metric was developed by comparing the evaluation criteria across four educational Al benchmarks—
MathDial (Macina et al., 2023), MathTutorBench (Macina et al., 2025), EduBench (Xu et al., 2026), and LearnLM (LearnLM
Team et al., 2025)—and extracting their common ground. Each benchmark defines pedagogically desirable and undesirable
chatbot behaviours, but they use different terminology and granularity. For example, MathDial’s “telling” move, MathTutor-
Bench’s “answer leakage” metric, and LearnL.M’s “guides to answer without giving it away” all capture the same underlying
signal: whether the chatbot reveals the answer. Similarly, MathDial’s “focus” and “probing” moves, MathTutorBench’s
“targeted help” and “Socratic questioning”, and EduBench’s “pedagogical application” all relate to whether the chatbot
targets the student’s specific state and asks guiding questions. We distilled these overlapping definitions into five observable
signals (a—e) and mapped the 1-5 anchor scale so that each level corresponds to a distinct combination. The specific details
provided to the LLM judge are found in Appendix A.1.

The Student Uptake metric was developed independently, based on an iterative manual coding of whether the student engages
with or bypasses the chatbot’s framing of a random subset of the deployed chatbot datasets (StudyChat (McNichols et al.,
2026), StemChat (internal dataset)). The specific details provided to the LLM judge are found in Appendix A.2.

Both metrics were iteratively tuned on a random subset of 100 chats from MathDial, StemChat, and StudyChat, adjust-
ing anchor descriptions and calibration examples until the judge’s scores matched the authors’ consensus ratings (see
Appendix A.3).

An initial investigation of the validity and trustworhiness of the metric scores set by the LLM Judge can be found in
Appendix A.4.

A.1. Chatbot Scaffolding

Definition: How effectively does the chatbot scaffold the student’s learning in this exchange? This metric is grounded in the
common evaluation criteria used across four major tutor-dialogue benchmarks:

This metric is grounded in the common evaluation criteria used across four major tutor-dialogue benchmarks:

* MathDial (Macina et al., 2023): penalises the “telling” move and rewards “focus” (targeting the student’s current
sub-step) and “probing” (asking the student to justify or extend their reasoning).

* MathTutorBench (Macina et al., 2025): explicitly measures “answer leakage” as a negative, and “targeted help without
revealing the solution” and Socratic questioning quality as positives.

* EduBench (Xu et al., 2026): evaluates tutoring across dimensions including guidance quality, pedagogical application,
scaffolded guidance, and scenario adaptation.

* LearnLLM (LearnLM Team et al., 2025): defines chat-level pedagogical rubrics across meta-cognition (guide mistake
discovery, constructive feedback), active learning (asks questions, guides to answer without giving it away), adaptivity
(levelling, unstuck, adapts to needs), and cognitive load (manageable chunks, appropriate response length)

Their intersection reduces to five observable signals:

(a) Answer revelation: Does the chatbot reveal the answer or next concrete result?

(b) Targeting: Does the chatbot target the student’s specific mistake or current state?

(¢) Guiding question: Does the chatbot ask a guiding question instead of stating?

(d) Minimal hint: Does the chatbot give a minimal or graduated hint rather than a full solution?
(e) Generic filler: Is the response generic or off-task with no pedagogical content?

Positive signals (push score up): withholds the final answer and the next numeric/logical result (a); points at the specific
line, term, or step the student got wrong (b); asks a question the student has to answer before progressing (c); names the
relevant concept or operation without executing it (d); builds on what the student just said rather than restarting.
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Negative signals (push score down): states the answer, next step’s result, or performs the calculation for the student (violates
a); long exposition that walks through the full solution (violates d); generic content with no pedagogical move (violates
b, e); ignores the student’s specific state and gives boilerplate help (violates b); reactive only—answers and stops with no
pedagogical follow-up, no targeting, no guiding question (violates b, c).

Anchors:

1 Direct telling. Reveals answer/next result, no targeting of student’s specific state, no guiding question. Generic or
full-solution exposition. (violates a, b, c, d)

2 Mostly tells. Heavy exposition with the answer embedded, token question tacked on. May target vaguely but reveals too
much. (violates a, d; weak on b, ¢)

3 Mixed. Partial hint + partial reveal, or a question so leading the answer is obvious. Some targeting of student state.
(partial on all signals)

4 Active scaffolding. Answer withheld, targets student’s specific current state or mistake, asks a guiding question that steers
to a specific sub-step, minimal hint. (meets a, b, c, d)

5 Full Socratic scaffolding. Answer fully withheld, precisely targets the student’s specific error or current sub-step, minimal
and well-aimed question that steers the student to the right place, leaves the cognitive step entirely to the student. The
ideal move across all four benchmarks.(strongly meets a, b, ¢, d; no e)

Length/fluency warning: Response length, fluency, formatting, or authoritative tone are not evidence of scaffolding. A long
polished explanation that states the answer is a 1-2; a short “what is 9¢/0r?” aimed at the student’s specific error is a 5.

A.2. Student Uptake

Definition: How much does the student shape the direction of this exchange? To what degree does the student engage with
the chatbot’s scaffolding?

Anchors:

i1

1 Pure following. The student answers the chatbot’s question, executes the requested step, or says I don’t know / I’'m lost
- without adding any direction of their own.

2 Follows with initiative. The student addresses the chatbot’s prompt AND adds an observation, elaboration, or follow-up
question that shows independent thinking but does not change direction.

3 Shared control. The student partially addresses the chatbot’s prompt but also introduces a side question, reframes the
problem in their own terms, or steers the scope.

4 Student leads. The student bypasses the chatbot’s specific prompt - asks their own question, retreats to a more general
question, or introduces a new sub-topic. Polite and on-topic still counts.

5 Student overrides. The student rejects the chatbot’s approach, demands a different path, or shifts to a different aspect of
the problem against the chatbot’s direction.

Note on the first turn: if there is no prior chatbot framing, score by how much the student defines the agenda. “I don’t
know” is a 1, an open “how do I start?” is a 3; a specific “help me compute the radial derivative of ¢” is 4.

From ordinal scores to a signed uptake scale: The judge scores each turn on the ordinal 1-5 anchors. However, for the
analysis, we adopt a signed, more interpretable Student Uptake scale by linearly mapping the score via u = (3 — ) /2, so
that u € [—1,+1]. u > 0 indicates a chat in which the student predominantly takes up the chatbot’s scaffolding, u < 0
indicates a chat in which the student predominantly drives the chat flow while the chatbot follows their lead.

A.3. Few-Shot Examples

The following worked examples are included in the judge prompt for calibration.

Example 1—Student softly reframes the chat:

[Turn 1] Student: How can I start solving this question?
Chatbot : Let’s work on Part (a). The velocity is the gradient of the scalar potential. Do you remember how to compute the
radial component of the gradient in spherical coordinates, given that ¢» only depends on 7?

[Turn 2] Student: Whatis V¢ in spherical coordinates?
Chatbot : In spherical coordinates, the gradient of ¢(r, 8, ) is ... [states general formula]. In our case ¢ only depends on
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r, so it simplifies to d¢/Or 7. Can you apply this to the given ¢ to find u,?

Scores for Turn 2: Student Uptake = 4 (student redirected the chat with another question); Chatbot Scaffolding = 3 (partial
reveal of the general formula, but answer withheld and guiding question re-asked).

Example 2—Cooperative Student:

[Turn 1] Student: How can I start solving this question?

Chatbot : Let’s work on Part (a). The velocity is the gradient of the scalar potential. Do you remember how to compute the
radial component of the gradient in spherical coordinates, given that ¢ only depends on r?

[Turn 2] Student: So the radial component is just O¢/dr times 7, right?

Chatbot : Exactly—and with ¢ = (A/r) e“*=*") can you differentiate that with respect to 7? Watch out for the product
rule.

Scores for Turn 2: Student Uptake = 2 (answered the chatbot’s question, but framed it as a verification of knowledge);
Chatbot Scaffolding = 4 (answer withheld, targeted next sub-step, guiding question, minimal hint about product rule).

Example 3—Short Socratic questioning:

[Turn 1] Chatbot: Hi, please talk me through your solution.

[Turn 2] Student: Sure. I started by figuring out Maxwell’s age in 2 years. Since his sister is currently 2 years old, in 2
years she will be 4 years old. So, if Maxwell is twice her age in 2 years, he will be 4 years old.
Chatbot : At what point in time will Maxwell be twice his sister’s age?

Scores for Turn 2: Student Uptake = 1 (followed the chatbot’s previous request to present reasoning); Chatbot Scaffolding =
5 (answer fully withheld, precisely targets the student’s error, minimal one-line question).

Example 4—Chatbot revealing specific step in solving the task:

[Turn 1--6] Student restructures their reasoning based on the chatbot’s graduated hints.

[Turn 7] Student: It will take 29 days ...
Chatbot: 14 x 1 will not equal 15, only 15 x 1 = 15. Redo the problem please, remember that fact.

Scores for Turn 7: Student Uptake = 1 (attempting to follow the chatbot’s correction); Chatbot Scaffolding = 2 (explicitly
reveals a key step but also prompts the student to reconsider knowing the current step).

A.4. Rubric Validation Against Human-Labels
A.4.1. VALIDATE CHATBOT SCAFFOLDING

To validate that the Chatbot Scaffolding metric correlates with human-labelled pedagogical quality, we tested the judge against
arandomised subset (15% of the dataset) of the dmacjam/pedagogical -rewardmodel-data dataset (Macina et al.,
2025). This dataset represents MathTutorBench’s training split for their pedagogical reward model. Each row consists of a
dialogue history paired with a human-labelled positive (good scaffolding) and negative teacher response (poor scaffolding).

For validation, we scored the final teacher response in each row using the same judge prompt and rubric used for the main
analysis. We evaluated whether the judge agrees with the human labels and assigns a strictly higher Chatbot Scaffolding
score to the positive teacher response than to the negative one (referred to as a “Win” in Table 3) and measured the proportion
of score assignments that aligned with the human labels (“Accuracy”). The results in Table 3 validates that the judge is able
to capture the same pedagogical distinctions that human annotators used to construct the reward model training data.

Table 3. Scaffolding judge validation against human-labelled positive/negative teacher response pairs from MathTutorBench’s reward
model dataset. “Win” = judge agrees with the human labels

Judge model N Wins Ties Losses Accuracy
GPT-5-mini 550 516 32 2 93.8%
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For comparison, MathTutorBench’s own pedagogical reward model—a fine-tuned DeBERTa-based classifier—achieved 84%
accuracy on the test set when distinguishing expert from novice teacher responses (Macina et al., 2025). We note that the
comparison is not a strict mapping: our judge is validated on the publicly available training split, whereas MathTutorBench
their reward model’s accuracy on a non-disclosed test set. Even though the two approaches differ in metrics and score
granularity, the comparison allows us to validate that our judge and rubrics are aligned with the benchmarks.

A.4.2. VALIDATE STUDENT UPTAKE

To validate the LLM judge’s scoring of the Student Uptake metric, we asked two human annotators to inspect whole chats
and indicate, per chat, whether they agreed or disagreed with the judge’s per-turn scores. In total, 282 chats were reviewed.

Chats were selected by a two-level stratified sampling scheme designed to give the raters balanced coverage across both
score levels and chat types. First, for every chat we took the judge’s per-turn scores and computed a per-chat mean, which
we then rounded to the nearest integer on the ordinal 1-5 scale; this assigns each chat to one of five score bins. Second,
within each dataset we then stratified by how representative each chat is within that bin. Each chat was embedded with
text-embedding-3-large, and we measured the cosine similarity between its embedding and the centroid of all
chats in the same bin. The bin was split into three similarity sub-bins (¢typical, mid, outlier), and up to 9 chats were drawn
evenly across these sub-bins. This ensures that for every score bin the raters see both best-of-class examples and edge cases.

For each sampled chat, each rater independently applied an Agree or Disagree tag at the chat level, indicating whether the
judge’s per-turn scores along the chat were, on the whole, justified. Table 4 reports the resulting agreement percentages
averaged across the two raters, broken down both by dataset and Table 5 reports by rounded score. To evaluate the reliability
of the human raters, we also calculated Gwet’s AC1 (Gwet, 2008) to measure the inter-rater reliability of the agree/disagree
labels. Gwet’s AC1 was chosen due being more robust to highly uneven distributions of labels that can lead to artificially
lower inter-rater reliability scores (Derksen et al., 2024).

Interestingly, score bin of 2 had the lower agreement between raters possibly due to the subjectivity of the rubric’s anchor of
having the student “add” more information onto the direct answer to the chatbot’s previous message. This also can be seen
in the lower agreement scores in MathDial and MathTutorBench. Their Score 2 binned chats had the human raters highly
disagreeing, so the rubric-level ambiguity at Score 2 bin drives the dataset-level numbers down as well.

Table 4. Human agreement with the GPT-5-mini judge on per-chat Student Uptake, broken down by dataset. Counts are averaged across
the two human raters with respective inter-rater agreement (Gwet’s AC1).

Category Dataset Total Agree Disagree % Agree Gwet’s AC1
MathDial 28 20 8 71.4% 0.155

Al Tutor Benchmarks MathTutorBench 20 11.5 8.5 57.5% 0.315
QATDyy, 28 21.5 6.5 76.8% 0.723

PATS 30 26.5 3.5 88.3% 0.706

CoMTA 25 21 4 84.0% 0.672

Chatbots with Scaffolding RECIPE4U 36 29.5 6.5 81.9% 0.566
StemChat 39 35 4 89.7% 0.874

. . StudyChat 45 34 11 75.6% 0.436

Chatbots without Scaffolding g, Cpat 31 235 75 15.8% 0.541
Total 282 2225 59.5 78.9% 0.580

Table 5. Human agreement with the GPT-5-mini judge on per-chat Student Uptake, broken down by the judge’s rounded per-chat ordinal
score (1-5). Counts are averaged across the two human raters with respective inter-rater agreement (Gwet’s AC1).

Score Bin  Total Agree Disagree % Agree Gwet’s AC1

1 73 65.5 7.5 89.7% 0.782
2 81 46 35 56.8% 0.127
3 70 57 13 81.4% 0.549
4 42 39.5 25 94.0% 0.866
5 16 14.5 1.5 90.6% 0.774
Total 282 2225 59.5 78.9% 0.580
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B. Methodology
B.1. Chat Data Preprocessing

Not every turn is sent to the judge. A turn is valid to be scored only if both the student message and the chatbot response
are non-empty. If the chatbot opens the chat, its opening message is dropped as it is a templated greeting throughout the
benchmarking datasets. For all datasets, if the student starts the chat, the student uptake metric is not measured as that
message has no related chat history to base the metric upon. For MathDial, the final exchange is also dropped, as it is
conventionally a student solution-readout after the tutoring has concluded—Iliable to bias per-chat aggregates. All skipped
turns are preserved in the output with a reason tag but excluded from aggregation.

B.2. Dataset Categories

To verify whether the datasets are split into significantly different categories, we apply PERMANOVA (Anderson, 2001)
tests to evaluate the centroid and dispersion differences between the categories, alongside PERMDISP (Anderson et al.,
20006) tests to examine whether those dispersions are also isolated from each other.

A pairwise PERMANOVA test on the 2D distributions (Euclidean distance, 9,999 permutations) confirms that the three
categories — Al Tutor Benchmarks, Chatbots with scaffolding, and Chatbots without scaffolding — separate cleanly
(p < 0.0001 on every pair in Table 6, with higher values indicating greater between-group separation relative to within-group
variation). Accompanying PERMDISP tests are also significant on every pair (p < 0.001), indicating that the three categories
differ in within-group spread — consistent with the visibly tighter benchmark dataset variation and the more diffuse variation
for Chatbots without Scaffolding in Figure 2.

Table 6. Pairwise PERMANOVA + PERMDISP between category groups on the 2D (Student Uptake, Chatbot Scaffolding) plane, for the
datasets in Table 1. Euclidean distance; PERMANOVA 9,999 permutations, PERMDISP 999 permutations. PERMANOVA tests whether
group locations and/or shapes differ (higher F' = greater between-group separation relative to within-group variation); PERMDISP tests
only whether within-group spread differs (higher ' = more unequal dispersion).

Pair n PERMANOVA PERMDISP
avs.b a b F P F P

Benchmarks vs. Scaffolding 6,283 1,001 868.5 <0.0001 956.8 0.001
Benchmarks vs. No-scaffolding 6,283 1,814 10,132.3 <0.0001 550.1 0.001
Scaffolding vs. No-scaffolding 1,001 1,814 1,057.0 <0.0001 99.2  0.001

C. Limitations

We selected datasets in which a tutor — human or LLM — provides scaffolded assistance to a student through a chat interface.
We deliberately excluded data from face-to-face human tutoring, which introduces a multitude of variables that cannot be
controlled against chat-based interaction: in-person tutoring carries multi-modal signals (visual cues, intonation, gesture)
that a chat transcript cannot capture, and typically involves different power dynamics, where the teacher’s institutional
authority may shape how the student engages. We therefore restrict our analysis to chat-based student—tutor exchanges,
within which both human-played (such as in QATD5,) and LLM-played tutor data are represented.

We chose GPT-5-mini as our LLM judge because of cost constraints, given the volume of turn-level scoring required, and
because this specific model was not used as the basis of any of the educational chatbots from the datasets analysed (to
mitigate self-preference bias). However, we acknowledge that the validation of the two metrics (detailed in Appendix A.4) is
only an initial investigation of the trustworthiness of the scores labelled by the LLM Judge. Future work will consider more
thorough scoring and validation processes involving bigger human-reviewed samples and further analysis of the inter-rater
reliability of multiple judge models and human raters. Also, we acknowledge that because both metrics are scored in a
single prompt call (Appendix A), it may influence the final output score; thus, a split-prompt ablation is left to future work.

Our scaffolding rubric is grounded in the Al tutor benchmarks (Section 2.2), which define scaffolding behaviours over the
trajectory from student impasse to a correct solution. As a result, chatbot turns that acknowledge a student’s correct answer
and reiterate it are scored as low scaffolding, since they state the final answer. Such turns appear regularly in the real-world
deployments, as students continue to ask follow-up questions even after arriving at the right answer. A richer rubric would
need to recognise such acknowledgement moves as a distinct, confirmation of resolution.
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