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Abstract

Generative AI tutors have become a common tool for independent learning, yet their
capacity to support self-regulated learning (SRL) is poorly understood. This simulation-
based textual analysis of prompt design evaluates a frontier large language model (Claude
Sonnet 4.6) as a tutor across 60 scripted sessions on a single topic (density), crossing
three levels of SRL-informed system prompting (Minimal, Moderate, Extensive) with four
learner-behavior variants (Standard, Misconception, Disengagement, Overconfidence).
Tutoring transcripts were scored on a 14-dimension framework spanning SRL phases, SRL
developmental stages, self-determination theory principles, and Merrill’s First Principles of
Instruction, applied via an LLM judge. Adding SRL context to the system prompt raised
total tutoring scores, but only at the Extensive SRL support level. Minimal and Moderate
prompting produced the same performance, near 36 on a 70-point scale, and Extensive
prompting raised it to 40, a statistically significant effect (partial η2 = 0.24). The learner’s
behavior in the session had a larger effect than the prompt did (partial η2 = 0.37), with
disengaged learners scoring lowest. The threshold pattern held under an independent
judge from a different developer than the tutor model. The findings support a method
for evaluating GenAI tutors empirically and point to dynamic, dialogue-aware prompting
alongside explicit SRL scaffolding.

Keywords: generative AI; intelligent tutoring systems; self-regulated learning; self-
determination theory; prompt engineering; large language model evaluation

1. Introduction
With the widespread adoption of GenAI, students are shifting how they engage in

independent learning [1,2]. Studying on their own is largely dependent upon their own
motivations and self-regulated learning skills [3]. Working one on one with teachers, par-
ents, or tutors is clearly advantageous and superior to independent learning [4]. Although
attractive, one-on-one human tutoring is difficult to scale. Intelligent tutoring systems
emerged as a potentially scalable adjunct to independent learning and engaged the learner
in logic-based dialogue that depended at least in part on a script [5]. The rapid emergence
of increasingly capable generative artificial intelligence tools has provided learners with
the opportunity to engage with a personalized, ever available, and knowledgeable tutor.
A majority of U.S. teens are using AI chatbots, with as many as 30% using them daily [2].
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The primary use case is to help with schoolwork. This widespread use creates an impor-
tant need to evaluate these tools. In particular, the role of these tools in encouraging and
supporting self-regulated learning is critical.

There is evidence that LLM tutors can improve performance, but results depend on
implementation and tool design [6]. Although in-session performance improves, later un-
aided performance can suffer. Unguarded and poor design can hinder learning. Analysis
of AI-supported human tutor messaging revealed that the tutors made greater use of
high-quality strategies with AI [7]. We should continue to evaluate how GenAI tools can
effectively serve in this role.

1.1. Self-Regulated Learning and Self-Determination Theory as Frameworks for Analysis

Research and frameworks related to self-regulated learning provide a useful back-
stop to approaching the use of generative AI tutoring. Self-regulated learning posits that
students bring certain capacities and skills to the learning environment that can support
effective learning. These propensities include attention to how well one understands what
they are learning (e.g., monitoring), deployment of strategies to improve comprehension
(e.g., self-questioning), and the evaluation of learning outcomes (e.g., self-reflection). Mod-
els by a variety of scholars have demonstrated how this might be developed and what it
looks like in practice. This includes the work of Zimmerman and colleagues that identifies
the cyclical phases of the learning process, forethought performance, and reflection [3].
Zimmerman’s model also provides a developmental framework for the progression to-
wards autonomous self-directed learning. These phases, in sequence from beginners to
experts, are observation, emulation, self-control, and self-regulation.

Most scholars include motivation as a component of SRL, but the details are not as
clearly defined as they are in the work of Ryan and Deci on student motivation. Self-
determination theory (SDT) suggests that student motivation can be described as a three-
pronged construct consisting of a sense of autonomy, a sense of competence, and a feeling
of relatedness [8]. As with self-regulated learning, self-determination theory provides a
useful frame for the evaluation of GenAI tutoring. Tutoring behaviors that leave decisions
with the learner and that build a sense of progress toward mastery would be expected to
sustain the motivation required for independent study.

Together, self-regulated learning and self-determination theory provide an excellent
framework for evaluating how a tutor might support the development of an independent
learner and the delivery of engaging and effective instruction.

1.2. Effective Tutoring

Research into effective tutoring systems has identified four key attributes that are
essential to effective support for learning. These four principles include interactivity,
adaptivity, immediate feedback, and scaffolding [5]. Interactivity refers to the need for
the system to respond in real time to the learner’s needs. Adaptivity supports the need
to customize instruction to the unique characteristics and background of the individual.
Immediate feedback supports students’ needs for specific, corrective, and constructive
suggestions. Scaffolding refers to the capacity of the system or tutor to provide just enough
support to guide the learner towards a better understanding of the concepts under review.
The evidence for the effectiveness of tutoring itself is substantial. A meta-analysis of 89
randomized field experiments found that preK-12 tutoring programs raised achievement
by an average of 0.29 standard deviations [9].

The effects of tutoring hold across countries and delivery formats. In Italy, the Tutoring
Online Program matched volunteer university students with underprivileged middle
school students and raised math performance by roughly 0.2 standard deviations both
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during and after the pandemic school closures [10]. A similar program in Spain produced
gains of 0.26 standard deviations on standardized mathematics tests for secondary students
from disadvantaged backgrounds [11]. In Botswana, tutoring delivered by phone call and
text message improved learning among primary students when schools were closed [12].
These programs differ in tutor preparation and medium, but each depends on a tutor
attending to the needs of an individual learner.

Scaffolding becomes particularly relevant when it comes to using generative AI for
tutoring purposes. The balance between tutoring and cheating is an ever-present challenge.
Depending on the developmental level of the student, some level of encouragement for use
focused on understanding, and discouragement for uses simply designed to produce an
answer, may be needed. Novice learners may need an increased level of encouragement
and support to better understand how to use the tutor for learning and the difference
between that and other uses.

There are also well-established principles that can guide the standard dialogue be-
tween tutors and pupils [5]. At its core is (a) the initial question from the tutor, (b) student
response, (c) tutor feedback, (d) continued dialogue, and (e) a concluding assessment
guided by the tutor. Within each step are numerous considerations that harken back to the
four principles described above. These principles also map onto the self-regulated learning
cycle described in the previous section. Immediate feedback informs the monitoring of
understanding. The scaffolding shifts responsibility for strategy use to the learner. The
assessment of the dialogue supports self-reflection [3,13].

General instructional design principles can also guide the development of effective tu-
toring systems. Merrill’s first principles of instruction include providing problem-centered
instruction, activation of background knowledge, demonstration or worked examples, and
opportunities for application [14].

At a broader level, effective tutoring involves a certain level of metacognitive and
affective support, issues that are traditionally addressed with little difficulty by human
tutors. An effective human tutor can reasonably judge the motivational state of the learner
when they are working right next to them. In addition, metacognitive support is best
provided by modeling the appropriate behavior, something effective human tutors can do
quite well. Early intelligent tutoring systems were challenged in this regard simply by the
broad range of data available and responses possible, which made it difficult to support
these considerations.

These broader considerations are more possible now with the frontier large language
models (LLMs) that present very large interaction space and large context windows capable
of accommodating a substantial amount of support data. The context window, the data
directly available to the system in real time about the learner and the topic, provides helpful
information that the system can use to support learner development and motivation.
The challenge becomes how to best use this capacity. Decades of work in technology-
rich environments suggest that design decisions rather than capacity will best support
learning [15]. Proactive tutoring that incorporates what has been learned regarding self-
regulated learning and motivation is an important consideration to determine how to best
develop learning environments for AI-supported tutoring.

1.3. Generative AI Tutors in Practice

Tutors can be proactive or passive in their interaction style [16]. The passive tutor will
wait for the learner to initiate the dialogue and serve primarily as a source for answers.
The proactive tutor will initiate and direct the learner, serving more as a guide who knows
the domain [17]. Proactive tutoring supports the development of student self-regulated
learning skills and progression toward self-directed learning [3]. In addition, proactive
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approaches can address the motivation and engagement that sustain continued use of the
tool [18].

The nature of feedback is an essential consideration, particularly when comparing
proactive and passive GenAI tutoring styles [16]. Although a passive tutor may offer feed-
back primarily in response to a learner’s direct query or attempted solution, often focusing
on correctness or providing supplementary information, a proactive tutor can use feedback
more strategically. A proactive tutor is better positioned to offer metacognitive and motiva-
tional feedback by assessing the learner’s overall process, strategy use, and engagement,
aligning with the principles of Self-Regulated Learning (SRL) and Self-Determination The-
ory (SDT). This includes timely, contextualized suggestions for monitoring, planning, and
reflection, thereby actively guiding the learner’s development of SRL aptitude rather than
simply evaluating the outcome of a single interaction.

Field tests of GenAI tutors now span a range of contexts, and the findings do not all
point in the same direction. In a large undergraduate physics course, students who worked
through a lesson with a GenAI tutor built on pedagogical best practices learned about
twice as much as peers in an active learning classroom in less time [19]. An after-school
program in which teachers guided secondary students through GenAI tutoring sessions
produced gains of approximately 0.3 standard deviations over six weeks [20]. Results
from high school mathematics classrooms in Turkey are less encouraging. Students given
unrestricted access to GPT-4 solved more practice problems correctly but scored 17 percent
lower than their peers on a subsequent exam taken without the tool [6]. A version with
tutoring guardrails built into the prompt removed the harm but did not produce gains.

These contradictions are informative when read through the proactive and passive
distinction described above. The tutors in the physics and after-school-program studies
were directed, through the prompt or through the teacher, to guide rather than to answer.
The unmodified chatbot in the Turkey study served as a passive answer source, and the
learners treated it as one. What appears to be a contradiction in the effects of GenAI tutoring
may instead be a difference in the instructions the model was given.

1.4. Providing Context and Evaluating GenAI Tutors

A GenAI tutor does not necessarily carry a proactive approach to a tutoring conver-
sation. In fact, it may not know that it is a tutoring conversation. How the tutor behaves
will depend in large part on the context that is given. Providing this context in and of
itself is an act of self-regulation. Many learners will not know to provide this supportive
context especially when they are using a generic AI chatbot. There is a plain mechanism
behind the expectation that prompt specificity matters. Frontier models are trained to
follow instructions, and the system prompt is the channel through which behavioral expec-
tations reach the model. A prompt that names the tutoring moves it wants gives the model
something concrete to comply with, and a prompt that names none leaves the default
answer-providing behavior in place. The field results reviewed above point the same way,
with gains from a tutor built on content-rich prompt engineering [19] and harm from a
chatbot given no tutoring instructions at all [6].

The primary entry point into generative AI chatbots is through one of the frontier
models, such as OpenAI’s ChatGPT, Anthropic’s Claude, Google’s Gemini, and xAI’s Grok,
rather than a tool designed specifically for learning. Often, learners will approach these
tools with a limited understanding of how to best prompt the tool to be supportive of
learning. Providing context to the tool by, for example, requesting that it act in a more
proactive versus passive manner would be beneficial to the learner. Demonstrating the
differences between relevant context being provided or not is an important consideration
when evaluating the tools. The context provided could be as simple as please behave as
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a tutor and expert tutor and explain to me topic X. The context provided could be much
more elaborate, of course, by providing the tutor or LLM with extensive context such as
the topics described above and maybe even some research. Alternatively, there could be a
simplified version of the context, similar to what Anthropic and others describe as “skills”.
Skills are summary documents that guide the LLM in providing educated responses.

Evaluation of GenAI models in other arenas is common. Users are rightfully interested
in how the models will perform in specific tasks for each discipline. For example, in
customer service applications, models are evaluated on their ability to handle requests
and then compared to human responses. Anthropic conducts extensive tests of its models,
particularly as it pertains to their safety research [21]. Efforts to evaluate the pedagogical
abilities of LLMs directly have produced a mixed picture. An early test of dialogue models
found that their responses could resemble those of a human teacher but were rated well
below the teachers on the ability to help the student [22]. A more recent evaluation
taxonomy scored LLM tutors across eight dimensions, including mistake identification,
providing guidance, and revealing the answer, and found that models often identified the
student’s error and still handed over the solution rather than guiding the learner toward
it [23]. These evaluations score tutoring behaviors themselves rather than downstream
learning, and the two approaches can disagree. A tutor that simply provides answers may
produce strong practice performance and weak learning, as the Turkey study demonstrates.
Prior research has provided preliminary analysis of how ChatGPT performs in a tutorial
mode for a student attempting to learn to code [24]. This study will extend that work
by applying the new GenAI Tutor evaluation framework, a rubric designed to encourage
the use of research-supported practices [25]. The GenAI Tutor Evaluation Framework
is designed to support and evaluate tutors based on self-regulated learning theory [3],
self-determination theory [8], and instructional design first principles [14].

The purpose of this study is to test whether varying the SRL-related context in a
tutor’s system prompt affects the tutoring performance of a frontier large language model.
The design is a simulation-based textual analysis of prompt design, and the evidence it
produces concerns tutoring behaviors visible in transcripts rather than learner outcomes. In
particular, this study examines one model (Claude Sonnet 4.6) on one topic (density) across
60 scripted sessions, crossing three levels of SRL context with four learner behaviors and
scoring every session on the GenAI Tutor Evaluation Framework. The findings come from
a single model, a single topic, and a fixed set of scripted behaviors, and they are reported
as early evidence that a targeted change to the system prompt can move SRL-supported
tutoring behavior in measurable ways. This study also contributes a reusable platform
(GenAITutor.net) for running and scoring this kind of evaluation. This study addresses
three research questions:

RQ1. How does the level of SRL-related context in the system prompt affect the overall tutoring
performance of a single frontier LLM, as measured by the GenAI Tutor Evaluation Framework?

RQ2. Does the effect of SRL context hold across four distinct learner behaviors (Standard, Miscon-
ception, Disengagement, and Overconfidence)?

RQ3. Which dimensions of tutoring performance respond to system-prompt context, and which
respond instead to the learner’s behavior in the dialogue?
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2. Methodology
2.1. Research Design

This study used a factorial design to describe the impact of varying SRL context
support on the tutoring performance of a single large language model. It follows a scripted
student model dialogue methodology that has become a common approach to evaluate
GenAI learner interactions [26,27]. The independent variable is the SRL support level
embedded in the system prompt, operationalized at three levels: Minimal, Moderate,
and Extensive. The dependent variables are the scores on the GenAI Tutor Evaluation
Framework, an instrument grounded in SRL theory [3], self-determination theory [8], and
First Principles of Instruction [14].

The LLM under evaluation is Anthropic’s Claude Sonnet 4.6. Rather than comparing
multiple models, this design isolates the effect of the instructional context provided to a
single model. Learners and educators can influence how they prompt a GenAI tutor but
cannot modify the underlying model, making the system prompt a particularly relevant
variable to investigate.

Each session follows a scripted multi-turn dialogue on the topic of density, a middle-
school science concept with well-documented student misconceptions that lends itself to
varied learner interactions [28]. Four scenario variants represent distinct learner behaviors:
Standard Learning, Misconception, Disengagement, and Overconfidence (see Figure 1).
This yields a 3 × 4 factorial design with 12 unique conditions. Each condition is replicated
five times to account for the probabilistic nature of LLM outputs, producing 60 tutoring
sessions (see Figure 2 for sample session).

 

Figure 1. Configuration panel for the tutoring simulation. Each session is configured by selecting the
model (Claude Sonnet 4.6), the topic (Density), one of three SRL support levels (Minimal, Moderate,
or Extensive), and one of four scenario variants (Standard Learning, Misconception, Disengagement,
or Overconfidence). The auto-run option processes the scripted dialogue and saves the session record.
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Figure 2. Sample dialogue from a session in the Minimal support condition (density topic, Standard
variant). The simulated learner opens with a request for help, the tutor responds, and the panel
presents the next scripted follow-up prompt along with a custom response option.

2.2. Instruments
2.2.1. GenAI Tutor Evaluation Framework

Transcripts were scored using the GenAI Tutor Evaluation Framework [25], which
operationalizes research-supported tutoring attributes through the development of an
Innovation Configuration (IC) Map [29,30]. The framework draws from established research
findings that are behind the SRL, SDT, and First Principles models described above. The
framework evaluates tutoring performance across four categories: SRL phases (forethought,
performance, and self-reflection), SRL developmental stages (observation, emulation, self-
control, and self-regulation), SDT principles (autonomy, competence, and relatedness), and
First Principles of Instruction. The framework scores four of Merrill’s five First Principles,
problem-centered, activation, demonstration, and application. We omit integration, which
concerns the learner carrying new skills into their own life and work over time, because a
single short tutoring session offers no occasion to observe it. Each component is rated on a
1 to 5 scale, where 1 indicates that the attribute is absent or very poorly implemented and 5
represents exemplary implementation. See Table 1 for a summary of the framework and
Appendix B for the detailed scoring rubric.
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Table 1. GenAI Tutor Evaluation Framework: dimensions, guiding questions, and scale anchors.

Dimension Guiding Question 1 (Absent) 5 (Strong)

SRL Phases

Forethought
Does the tutor help the learner
set specific goals and plan
before starting on content?

Skips goal setting and delivers
content immediately

Elicits specific, measurable
goals and revisits them
throughout the session

Performance Phase

Does the tutor scaffold strategy
use, check comprehension, and
adjust instruction during the
session?

Delivers a monologue with no
comprehension checks

Names strategies, checks
understanding frequently, and
adjusts pace and depth

Self-Reflection
Does the tutor prompt the
learner to evaluate their own
understanding and plan ahead?

Session ends with no reflection
prompt

Guides self-assessment against
stated goals, identifies gaps, and
plans next steps

SRL Developmental Stages

Observation
Does the tutor model expert
thinking or SRL behaviors for
the learner to observe?

States facts with no
demonstrations or worked
examples

Walks through a worked
example with an explicit
think-aloud

Emulation
Does the tutor invite the learner
to try a task with scaffolded
support?

Never invites the learner to
attempt anything
independently

Presents a scaffolded task, waits
for the attempt, and gives
targeted feedback

Self-Control
Does the tutor ask the learner to
monitor their own confidence
and strategy use?

No metacognitive prompts
Regularly elicits self-assessment
and uses the answers to adjust
instruction

Self-Regulation
Does the tutor fade scaffolding
and encourage independent or
transferred use?

The same scaffolding persists
from start to finish

Reduces hints over the session
and asks the learner to apply
the concept in a new situation

SDT Principles

Autonomy
Does the tutor offer genuine
choices about direction, pacing,
or approach?

Dictates the entire session with
no learner input

Offers meaningful choices and
visibly follows the learner’s
selections

Competence
Does the tutor provide specific,
calibrated feedback that builds a
sense of capability?

Feedback is generic or absent
Adjusts difficulty to the
learner’s responses and names
what the learner did well

Relatedness
Does the tutor connect learning
to the learner’s experiences,
interests, or goals?

Never references the learner’s
background or context

Solicits and integrates the
learner’s experiences
throughout the session

First Principles of Instruction

Problem-Centered Is learning anchored in a
concrete, authentic problem?

Content is delivered abstractly
with no real-world framing

The session grows from an
authentic problem and concepts
serve its solution

Activation
Does the tutor surface prior
knowledge and connect new
content to it?

Starts teaching with no check of
prior knowledge

Surfaces prior knowledge,
corrects misconceptions, and
builds on what the learner
knows

Demonstration

Does the tutor show examples,
worked problems, or
representations rather than only
explain?

Explains in words alone with no
examples

Provides varied examples and
step-by-step walkthroughs tied
to the learner’s situation

Application
Does the learner receive
structured practice with timely,
specific feedback?

No practice opportunities are
given

Provides several practice
exercises with feedback
explaining why answers are
right or wrong

Note. Each dimension is rated on a 1 to 5 scale. A rating of 3 marks partial implementation, and ratings of 2
and 4 fall between the anchors. Appendix B presents the full rubric with anchor descriptions and examples for
every dimension.
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2.2.2. GenAI Tutor Evaluation System

Data collection and scoring were conducted through a custom web-based application
available at GenAITutor.net. The system includes two modules relevant to this study.

The Scenarios module manages the execution of scripted tutoring sessions. Researchers
configure each session by selecting the LLM model, topic, SRL support level, and scenario
variant. The module sends the system prompt to the LLM via API and manages the multi-
turn conversation by presenting scripted learner responses at each turn. The interface
displays the conversation in a chat format and permits custom responses if needed. Upon
completion, the full transcript with timestamps is saved to a database.

The Evaluate module supports the application of the GenAI Tutor Evaluation Frame-
work to completed session transcripts. For this study, scoring is performed by an automated
LLM judge [31]. The system presents each transcript alongside the evaluation rubric and
returns dimension-level scores (see Table 1 for the dimensions scored and Appendix B for
detailed description of the LLM judge prompt).

2.3. SRL Support Levels

The SRL-related context varied across three system prompts that define the tutor’s
behavior before the conversation begins. See Table 2 for the exact prompt to the LLM tutor.

Table 2. SRL support levels (LLM system prompts).

SRL Level System Prompt

Minimal You are a tutor for [TOPIC]. Before answering, ask what the student already
knows. Provide clear explanations when asked.

Moderate
You are a tutor for [TOPIC]. Begin by asking about prior knowledge. Guide
students toward answers using questions rather than giving direct answers. After
each exchange, ask the student to summarize their understanding.

Extensive

You are a tutor for [TOPIC]. Begin by helping the student set a specific learning
goal. Assess prior knowledge before introducing new concepts. Use Socratic
questioning. Prompt metacognitive reflection (e.g., ‘What strategy did you use?’).
Before ending, ask the student to self-assess their progress toward their goal.

1. The Minimal condition provides a basic instructional persona. The prompt directs
the LLM to act as a tutor on the selected topic, ask what the student already knows,
and provide clear explanations on request. It contains no guidance regarding SRL
support, metacognitive prompting, or motivational strategies. This approximates the
experience of a learner who asks a chatbot to help them study without providing
additional context.

2. The Moderate condition adds structured pedagogical guidance. In addition to the
basic tutor persona, the prompt includes instructions to guide the learner toward
answers with questions rather than direct answers and to ask for a summary of
understanding after each exchange. The questioning supplies scaffolding and the
summaries provide a recurring comprehension check. This represents a learner or
educator who provides a general instructional framework to guide the AI’s behavior.

3. The Extensive condition adds research-grounded SRL guidance. The prompt in-
corporates specific guidance drawn from the GenAI Tutor Evaluation Framework,
with instructions that map onto the three SRL phases: help the student set a specific
learning goal (forethought), assess prior knowledge and use Socratic questioning
(performance), prompt reflection on strategy use, and close with a self-assessment
of progress toward the goal (self-reflection). The prompt does not name SDT princi-
ples, Merrill’s First Principles, or the SRL developmental stages. Those dimensions

https://doi.org/10.3390/fi18080397

https://doi.org/10.3390/fi18080397


Future Internet 2026, 18, 397 10 of 30

are scored as observed tutoring behavior rather than instructed behavior. This rep-
resents the most deliberate and informed use of system-level context to shape the
tutoring interaction.

4. The three prompts differ in the number of SRL-phase instructions they carry rather
than in framework coverage. No prompt names the full set of dimensions the frame-
work scores. The rubric measures 14 dimensions of tutoring behavior, and the prompts
instruct a small subset concentrated in the SRL phases. Dimensions such as relat-
edness, developmental stage support, and most of the First Principles appear in no
prompt and are scored as emergent behavior. The separation is intentional. Instructing
every scored dimension would reduce the evaluation to a test of instruction following.
The design asks instead whether brief SRL-phase steering changes the behaviors the
framework measures, including the ones the prompt never mentions.

2.4. Scripted Learner Scenarios

Each tutoring session follows a fixed script for each variant (Standard, Misconception,
Disengagement, and Overconfident) that simulates a realistic learner interaction on density.
Scripted interactions were used to ensure that all conditions receive identical learner inputs.
This approach follows earlier vignette-based investigations of AI tutoring systems [24] and
is a common approach in LLM investigations [21].

Each script consists of an initial learner prompt followed by three structured follow-up
responses. The first two follow-ups are consistent across all variants and represent typical
student engagement with the material. The third follow-up diverges based on the scenario
variant. See Table 3 for the specific dialogue used in this evaluation.

Table 3. Learner scenario scripts for the topic density.

Shared Script for All Scenarios Student Submits

Initial I have a test on density tomorrow and I don’t really get it. Can you help me
understand it?

Follow-up 1 Okay but why does a big ship float when a small rock sinks? The ship is way
heavier.

Follow-up 2 I think I get it. So density is just about how heavy something is?

Pathway Variant Student Submits

Standard So if I wanted to figure out if something would float, I just need to know its density
and compare it to water?

Misconception Okay, but if I cut a block of metal in half, wouldn’t its density be cut in half too
since there’s less of it?

Disengagement This is confusing. Can you just tell me the formula so I can memorize it for the test?

Overconfident Got it. Mass divided by volume. I’m ready for my test now.

The four variants test the tutor’s capacity to respond to distinct learner states:

1. Standard Learning. The learner engages constructively throughout, asking clarifying
questions and demonstrating steady progress. This variant serves as a baseline.

2. Misconception. The learner introduces a factual error or misconception in the third
follow-up. This tests whether the tutor can identify and address the misconcep-
tion by guiding the learner toward understanding rather than simply providing the
correct answer.

3. Disengagement. The learner signals a loss of interest or motivation in the third follow-
up, expressing boredom or a desire to stop. This tests the tutor’s ability to re-engage
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the learner, a capacity directly relevant to the SDT components of the evaluation
framework (autonomy, competence, and relatedness).

4. Overconfidence. The learner expresses premature certainty about their understanding
despite gaps in knowledge. This tests the tutor’s ability to challenge the learner’s
self-assessment and encourage deeper reflection, behaviors tied to the monitoring and
self-reflection phases of SRL.

Sample Dialogue

To make the support-level manipulation concrete, we show how tutors under the
Minimal and Extensive prompts answer the same scripted learner turn in the Standard
variant. The learner has just offered a partial definition, that density is a matter of weight,
and both tutors respond with a contrasting example. What differs is the self-regulatory
scaffolding around that example.

- Learner. I think I get it. So density is just about how heavy something is?
- Tutor, Minimal. Great instinct, you’re partially right. Weight definitely plays a role, but

there’s a missing piece. Imagine two boxes, both weighing exactly 1 kg. Box A is the
size of a shoebox, and Box B is the size of a refrigerator. Which one do you think is
more dense?

- Tutor, Extensive. Great thinking, you’re getting closer. Consider two objects: a small
lead ball the size of a grape that weighs 50 g, and a large beach ball the size of a car that
also weighs 50 g. They weigh the same. Would you expect them to behave the same
way in water? So if density isn’t just about weight, what is the other ingredient we are
missing? And what strategy are you using to think through this, are you picturing the
objects in your head?

Both tutors work at a middle-school reading level and both use a same-weight,
different-size comparison to separate weight from volume. The difference is the self-
regulatory layer. The Extensive tutor adds a metacognitive prompt, asking the learner to
notice the strategy they are using, and earlier in the same session it set an explicit goal
and tracked progress against it. The Minimal tutor does neither. Full transcripts for both
sessions appear in Appendix A.

2.5. Procedures

All sessions were conducted using the Scenarios module of the GenAI Tutor Evaluation
System. The system sent the corresponding system prompt to the Claude Sonnet 4.6 API
and generated the tutor’s opening response. The pipeline ran in three separate stages,
structured so that no stage or session could draw on another. The Scenarios module sent
scripted learner turns to the tutor model and recorded each transcript, and the Evaluate
module then scored each completed transcript in a later, independent stage. Within a single
session, the tutor model receives the turns of that session so far, as any multi-turn tutor
must, but each session was an independent run, and no content carried from one session
to the next. The scoring stage was a separate API call that took the finished transcript as
its only input, so the judge did not share the tutor’s session, and the tutor never received
the scores or the scoring criteria. The learner turns were scripted and fixed in advance
rather than generated alongside the tutor. Because the work used API access rather than
a single persistent chat account, no hidden account or session state linked the stages or
carried context across sessions. Upon completion of the four-turn exchange, the session
was ended and the transcript saved to the database with metadata including model, SRL
level, variant, timestamp, and session label (see Figure 3 for Session Evaluation).
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Figure 3. Session evaluation results page. The left panel displays the session configuration and the
full transcript. The right panel lists the completed evaluations for the session, supports comparison
across evaluators, and reports the selected evaluation’s total score along with a score and written
feedback for each SRL phase.

All model access ran through paid developer APIs rather than consumer chat products.
The tutor was Claude Sonnet 4.6 through the Anthropic API (model identifier claude-sonnet-
4–6), and the judges were GPT-5.4 through the OpenAI API (model identifier gpt-5.4) and
Claude Sonnet 4.6 as the second judge. No plugins, add-ons, retrieval tools, or web
browsing were enabled, and the calls used no custom instructions or memory features.
Each session opened a fresh context containing only the assigned system prompt, so no
prior prompting, account history, or personalization could shape a tutor response. The
consumer subscription tiers of these products, which can add memory and personalization
on top of the same underlying models, were not used.

2.6. Automated Scoring

Completed transcripts were scored using two frontier LLMs, Claude Sonnet 4.6 and
GPT-5.4, as automated LLM judges [31]. Each transcript was presented to the judge
alongside the full GenAI Tutor Evaluation Framework rubric, including the 1–5 rating scale
and component descriptions. The judges evaluated each transcript on every dimension
and returned numerical scores with brief justifications. The full evaluation system prompt
for the LLM judge appears in Appendix B. A random stratified sample of 12 (20%) of the
transcripts were independently evaluated by the first author. GenAITutor.net includes a
blind review function that keeps human evaluations blind to the research condition.
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2.7. Data Analysis

The primary analysis examines mean scores across the four framework categories
(SRL phases, SRL developmental stages, SDT principles, and First Principles of Instruction)
as a function of SRL support level and scenario variant. We did not conduct an a priori
power analysis, and we report a sensitivity analysis in its place. With three support levels
and 20 sessions per level, the design detects a main effect of Cohen’s f = 0.41, a partial η2 of
about 0.15, at 80% power with α = 0.05, which is a large effect by conventional benchmarks.
The three support levels were built as deliberately distinct prompts, ranging from zero
support to a detailed research-grounded prompt, so a large effect was anticipated, and the
five replications per cell were adequate for that purpose.

3. Results
3.1. Reliability and Validity of the Scores

We conducted 60 tutoring sessions across 12 conditions (3 SRL support levels × 4
scenario variants) with 5 replications per condition. All sessions used Claude Sonnet 4.6
as the tutoring model and GPT 5.4 as the primary automated judge. Each session was
scored on 14 dimensions across 4 categories of the GenAI Tutor Evaluation Framework:
SRL Phases (3 items, max 15), SRL Developmental Stages (4 items, max 20), SDT Principles
(3 items, max 15), and First Principles of Instruction (4 items, max 20). The maximum
possible total score was 70. All sessions were conducted on a single day to minimize
variation from model updates. The grand mean across all 60 sessions was 37.7 (SD = 4.6).

To establish the reliability and validity of the automated scoring, we evaluated the
transcripts with multiple judges. The content validity argument rests on the rubric itself,
whose 14 dimensions operationalize constructs from established frameworks of SRL, moti-
vation, and instruction [3,8,14]. The reliability argument rests on the multi-judge design
described here. The Scenarios platform supports scoring by any of the commonly used
frontier models, the same tools that learners and educators encounter in practice. GPT-5.4
served as the primary judge and scored all 60 transcripts twice, on separate passes, so
that we could measure the stability of the judge itself. Claude Sonnet 4.6 scored the same
transcripts as a second judge. We then drew a stratified subset of 12 transcripts, one from
each cell of the 3 × 4 design, and scored them with a human expert (the first author) using
the same 14-dimension rubric. Stratification guarantees that each of the 12 conditions
appears in the human comparison exactly once, so the subset spans the full design rather
than clustering in particular cells. This comparison serves as a calibration check on the
automated scores. The results of this study rest on the full 60-session sample scored by the
model judges. This design lets us examine the self-consistency of the primary judge, the
agreement between two independent models, and the convergence of the automated scores
with a human rater. Table 4 reports agreement on the total scores. The primary judge was
highly self-consistent. The two GPT-5.4 passes agreed at an intraclass correlation of 0.85
(95% CI 0.75 to 0.90) [32], in the good to excellent range under the criteria of Cicchetti [33].
The two models agreed less closely, at 0.55 (95% CI 0.26 to 0.72), in the fair range. The
convergent validity coefficients, comparing the human rater to each model on the 12-session
subset, were lower, at 0.14 for both GPT-5.4 and Claude, in the poor range. The intervals for
the human coefficients are wide and include zero, a result of the small calibration subset.

Comparing the intraclass correlations with the Pearson correlations shows where the
human–model gap comes from. The human rater correlated with GPT-5.4 at 0.40 and with
Claude at 0.38, both above the matching intraclass coefficients of 0.14. When a correlation
exceeds the absolute-agreement coefficient, it points to a constant offset rather than a
disagreement about which sessions were better. The human ranked the sessions broadly
as the models did but scored them higher throughout, by an average of 10.8 points over
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GPT-5.4 and 9.9 points over Claude on the 70-point scale. The size of this gap did not
depend on the quality of the session. The correlation between the human-minus-model
difference and the average of the two scores was near zero (r = 0.03), the mark of a fixed
offset. Because the offset is close to constant across conditions, it shifts all three SRL levels
together and does not bias the comparisons across conditions, which are the basis of every
result that follows.

Table 4. Agreement between judges on total scores.

Comparison n ICC (2,1) [95% CI] Pearson r [95% CI]

GPT-5.4 pass 1 vs. pass 2
(self-consistency) 60 0.85 [0.75, 0.90] 0.84 [0.75, 0.90]

GPT-5.4 vs. Claude Sonnet 4.6
(cross-model) 60 0.55 [0.26, 0.72] 0.61 [0.43, 0.75]

Human vs. GPT-5.4 12 0.14 [−0.09, 0.52] 0.40 [−0.23, 0.79]

Human vs. Claude Sonnet 4.6 12 0.14 [−0.10, 0.51] 0.38 [−0.25, 0.78]
Note. ICC(2,1) = two-way random effects, absolute agreement, single measures [32]. The cross-model comparison
uses all 60 sessions. The human comparisons use the 12-session stratified subset, one transcript per design
cell. This and all subsequent analyses were conducted with JASP version 0.97.1 (JASP Team, Amsterdam, The
Netherlands) [34].

The two models did not produce identical totals. Claude scored about 2.1 points
higher than GPT-5.4 on the 70-point scale, with Claude above GPT-5.4 in 36 sessions, below
it in 16, and tied in 8. Because Claude also served as the tutor model, this small gap runs
in the direction a self-preference would take. Its size, about three percent of the scale, is
modest, and the primary scores come from GPT-5.4, a model from a different developer, so
the headline results are not self-judged.

At the level of the 14 individual dimensions, the same pattern appears (Table 5). The
two GPT-5.4 passes agreed at a weighted kappa of 0.93, with 83.1% exact agreement and
every rating within one point. The two models agreed at a weighted kappa of 0.74, with
56.1% exact agreement and 96.8% of ratings within one point. The human rater agreed
with the models at weighted kappas of 0.50 (GPT-5.4) and 0.42 (Claude), with roughly
three-quarters of ratings within one point in both cases. The primary judge is stable, the
two models form a consistent cluster, and the human rater sits a fixed distance from both.

Table 5. Dimension-level agreement between judges.

Comparison Sessions Ratings Weighted κ Exact (%) Within 1 (%)

GPT-5.4 pass 1 vs. pass 2 60 840 0.93 83.1 100.0

GPT-5.4 vs. Claude Sonnet 4.6 60 840 0.74 56.1 96.8

Human vs. GPT-5.4 12 168 0.50 32.1 77.4

Human vs. Claude Sonnet 4.6 12 168 0.42 28.0 72.6

Note. Weighted κ = quadratic weighted kappa across the 14 dimensions, each rated 1 to 5. Ratings = sessions × 14
dimensions.

3.2. Total Scores by SRL Support Level and Scenario Variant

Total scores were highest under Extensive SRL support, but the increase was not
graded across the three levels. Sessions in the Minimal condition averaged 36.9 (SD = 5.1),
and Moderate sessions averaged 36.0 (SD = 4.2), a difference of less than one point. Exten-
sive sessions averaged 40.2 (SD = 3.6). The gain came almost entirely at the top level, with
Extensive standing 3.3 points above Minimal on the 70-point scale and a similar distance
above Moderate. Table 6 presents the full cross-tabulation.
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Table 6. Mean total scores (SD) by SRL support level and scenario variant (max = 70).

Standard Misconception Disengagement Overconfidence Overall

Minimal 37.8 (5.4) 40.0 (3.4) 31.6 (5.1) 38.2 (2.2) 36.9 (5.1)

Moderate 38.0 (1.4) 37.8 (3.3) 30.2 (1.5) 38.0 (3.3) 36.0 (4.2)

Extensive 41.4 (1.5) 39.6 (4.8) 38.6 (3.8) 41.2 (3.7) 40.2 (3.6)

Overall 39.1 (3.5) 39.1 (3.7) 33.5 (5.2) 39.1 (3.3) 37.7 (4.6)

Across variants, the three non-disengagement scenarios produced nearly identical
means, at 39.1 for Standard, Misconception, and Overconfidence. Disengagement sessions
scored markedly lower at 33.5 (SD = 5.2), a gap of 5.6 points below the next closest variant.
The Disengagement variant produced the lowest scores in all three SRL conditions.

The SRL support effect appeared in most scenario variants but not all, and there was
no crossover interaction. The Extensive-minus-Minimal gap was largest in the Disengage-
ment variant, at 7.0 points, where Extensive support recovered much of the ground that
disengagement otherwise cost. In the Misconception variant, the Extensive level did not
exceed the Minimal level. The threshold shape was consistent across variants even though
its size varied.

A two-way analysis of variance located the effects. The main effect of SRL support
level was statistically significant, F(2, 48) = 7.79, p = 0.001, partial η2 = 0.24 (Table 7). The
main effect of scenario variant was larger, F(3, 48) = 9.51, p < 0.001, partial η2 = 0.37, so the
learner’s behavior accounted for more of the variance in total scores than the SRL prompt
did. The interaction between the two factors was not statistically significant, F(6, 48) = 1.24,
p = 0.30, which means the threshold pattern held across all four scenario variants.

Table 7. Two-way analysis of variance for total score.

Source df F p η2p ω2

SRL support level 2, 48 7.79 0.001 0.24 0.13
Scenario variant 3, 48 9.51 <0.001 0.37 0.25
SRL × Variant 6, 48 1.24 0.30 0.13 0.01

Note. η2p = partial eta squared. ω2 = omega squared, the less biased estimate, with negative values reported as
0.00. Residual df = 48.

Tukey post hoc comparisons located the SRL effect at the top level (Table 8). The step
from Minimal to Moderate was small and not statistically significant, less than one point
with a near-zero effect size. The step from Moderate to Extensive was statistically significant
and large (d = 1.19), as was the overall gap from Minimal to Extensive (d = 0.93). Added
SRL context improved tutoring behavior only when the prompt moved from Moderate to
Extensive support.

Table 8. Tukey post hoc comparisons for SRL support level on total score.

Comparison Mean Diff. SE t p Cohen’s d

Moderate−Minimal −0.90 1.12 −0.80 0.70 −0.25
Extensive−Moderate 4.20 1.12 3.75 0.001 1.19
Extensive−Minimal 3.30 1.12 2.95 0.014 0.93

Note. df = 48 for all comparisons. p adjusted by the Tukey method for a family of three. Cohen’s d standardized
by the root mean square error of the two-way ANOVA.

3.3. Category Subtotals

The Extensive advantage appeared in all four framework categories, and in each one
Moderate scored at or below Minimal (Table 9). The largest gain from Minimal to Extensive
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was in SRL Phases (1.5 points on a 15-point scale), driven by forethought. The other three
categories gained less than a point. Relative to scale maximum, First Principles scored
highest even in the Minimal condition (12.5 out of 20, 63%), and the SRL Developmental
Stages category scored lowest (8.6 out of 20, 43%).

Table 9. Mean category subtotals (SD) by SRL support level, collapsed across variants.

Category Minimal Moderate Extensive Max

SRL Phases 7.7 (0.8) 7.5 (1.1) 9.2 (0.8) 15

SRL Developmental Stages 8.6 (2.0) 8.4 (1.3) 9.2 (1.2) 20

SDT Principles 8.2 (1.1) 8.0 (1.1) 8.9 (0.9) 15

First Principles 12.5 (2.2) 12.2 (1.2) 12.9 (1.1) 20

3.4. Dimension-Level Findings

Table 10 presents mean scores for each of the 14 dimensions by SRL support level,
collapsed across variants.

Table 10. Mean dimension scores (SD) by SRL support level (max = 5 per dimension).

Dimension Minimal Moderate Extensive

SRL Phases

Forethought 3.0 (0.0) 2.5 (0.5) 4.2 (0.4)

Performance Phase 3.5 (0.7) 3.7 (0.5) 3.9 (0.4)

Self-Reflection 1.1 (0.5) 1.2 (0.5) 1.2 (0.5)

SRL Developmental Stages

Observation 2.4 (1.1) 1.7 (0.6) 2.1 (0.6)

Emulation 3.2 (0.8) 3.6 (0.5) 3.6 (0.5)

Self-Control 1.9 (0.5) 1.8 (0.6) 2.2 (0.6)

Self-Regulation 1.1 (0.3) 1.2 (0.4) 1.2 (0.4)

SDT Principles

Autonomy 3.0 (0.7) 2.6 (0.5) 3.4 (0.6)

Competence 3.2 (0.6) 3.4 (0.7) 3.6 (0.5)

Relatedness 1.9 (0.4) 1.9 (0.2) 1.9 (0.2)

First Principles

Problem-Centered 3.5 (0.5) 3.4 (0.5) 3.6 (0.5)

Activation 4.0 (0.2) 4.0 (0.0) 4.3 (0.5)

Demonstration 2.5 (1.1) 2.0 (0.7) 2.2 (0.6)

Application 2.5 (1.1) 2.8 (0.4) 2.8 (0.4)

3.4.1. Dimensions Responsive to SRL Context

Forethought support showed the strongest response to SRL context, rising from 3.0
in the Minimal condition to 4.2 in the Extensive condition. The rise was not graded.
Forethought dipped to 2.5 in the Moderate condition before climbing at the Extensive level,
the same threshold pattern seen in the total scores. Autonomy support followed a similar
shape, moving from 3.0 to 3.4 with a dip at Moderate. Competence support rose more
steadily, from 3.2 to 3.6.
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3.4.2. Dimensions Resistant to SRL Context

Self-reflection support did not respond to SRL context and stayed near the floor of the
scale, at 1.1 (Minimal), 1.2 (Moderate), and 1.2 (Extensive). The scenario variant moved this
dimension more than the system prompt did, though the effect was small. Table 11 shows
self-reflection scores across the full design. In the Overconfidence variant, self-reflection
averaged 1.6 at the Minimal level and 1.8 at the Extensive level, above the values of 1.0 to
1.2 seen in the other variants. A learner’s expression of premature certainty drew slightly
more reflective tutoring behavior than the other scenarios did, but the system prompt alone
did not raise this dimension at any level.

Table 11. Mean self-reflection scores (SD) by SRL support level and scenario variant.

Standard Misconception Disengagement Overconfidence

Minimal 1.0 (0.0) 1.0 (0.0) 1.0 (0.0) 1.6 (0.9)

Moderate 1.4 (0.9) 1.2 (0.4) 1.0 (0.0) 1.2 (0.4)

Extensive 1.0 (0.0) 1.0 (0.0) 1.0 (0.0) 1.8 (0.8)

3.4.3. Persistent Weaknesses

Amongst First Principles, Demonstration and Application scored below 3.0 in every
condition. Demonstration averaged 2.5 in the Minimal condition and did not rise with
added context. Application ranged from 2.5 to 2.8. The tutor seldom provided worked
examples or structured practice opportunities regardless of how much instructional context
was provided.

Within the SRL Developmental Stages, three of the four dimensions stayed low. Ob-
servation, Self-Control, and Self-Regulation averaged at or below 2.4 across all SRL levels,
with Self-Regulation near 1.2. Emulation was the exception, rising to 3.6 under Moderate
and Extensive support. Relatedness support, from the Self-Determination Theory category,
was also low at 1.9. The model did not produce advanced self-regulatory or relational
moves on its own, and added SRL context did not reliably draw them out.

3.4.4. Relative Strengths

Activation was the highest-scoring dimension across all three SRL levels (4.0, 4.0, and
4.3). The tutor reliably connected new material to what the learner already knew, even in
the Minimal condition. Performance-phase support and problem-centered instruction were
also among the stronger dimensions, both near 3.5 and rising modestly with SRL context.
These were the moves the model produced well without detailed prompting.

3.5. Robustness: Replication Under an Independent Judge

The threshold pattern did not depend on the choice of judge (Table 12). The primary
analysis used GPT-5.4. Re-scoring the same sessions with Claude Sonnet 4.6, a model
from a different developer, reproduced the same shape. Under GPT-5.4, total scores were
36.9, 36.0, and 40.2 across the three SRL levels, with Extensive standing 3.3 points above
Minimal (d = 0.93). Under Claude, the values were 38.9, 38.3, and 42.3, with a similar
3.4-point Extensive-minus-Minimal gap (d = 1.07). Both judges placed Moderate at the
level of Minimal and separated only at the Extensive level. The finding that the gain in
tutoring behavior comes at the top level of SRL support, not in graded steps, does not
depend on the judge.
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Table 12. SRL support level effect on total score, by judge.

Judge Minimal Moderate Extensive Ext. − Min. Cohen’s d

GPT-5.4 (primary) 36.9 (5.1) 36.0 (4.2) 40.2 (3.6) +3.3 0.93
Claude Sonnet 4.6 (secondary) 38.9 (4.6) 38.3 (3.7) 42.3 (2.2) +3.4 1.07

Note. Total scores out of 70. Cell values are M (SD), n = 20 per condition. Cohen’s d is for the Extensive versus
Minimal contrast, standardized by the root mean square error of the two-way ANOVA.

4. Discussion
The purpose of this study was to test whether varying the SRL context provided to a

frontier LLM affects its tutoring performance as measured by the GenAI Tutor Evaluation
Framework. The effect was real but concentrated at the top of the prompt range. Minimal
and Moderate SRL context produced the same overall performance, and only the Extensive
prompt produced a gain. The learner’s behavior in the session had a larger effect on total
scores than the level of SRL context did, and the model showed clear performance ceilings
on specific instructional moves [16].

4.1. SRL Context Support Improves Tutoring Performance

The main result needs one qualification. Adding SRL-informed content to the system
prompt improved tutoring performance, but the gain came only at the top level. Total
scores were 36.9 in the Minimal condition and 36.0 in the Moderate condition, a difference
of less than one point, and rose to 40.2 under the Extensive prompt. The Extensive level
stood apart from the other two across all four scenario variants and all four framework
categories. No crossover interactions appeared, but the step from Minimal to Moderate did
not move performance at all.

A learner or educator who provides specific SRL-related context to a generalized
LLM, without modifying the model itself, can shift the tutoring behavior in measurable
ways. The Forethought dimension showed the largest gain, rising from 3.0 in the Minimal
condition to 4.2 in the Extensive condition, though it dipped at the Moderate level before
climbing. Autonomy moved from 3.0 to 3.4 and Competence from 3.2 to 3.6. These are
the goal-setting and choice-supporting moves that learners need at the start of a tutoring
exchange [3,14]. The Extensive prompt produced them more reliably than the Minimal or
Moderate prompts did.

This result aligns with prior work on context engineering [25] and extends the case
study findings reported by Hartley et al. [24]. Where the earlier study showed that ChatGPT
could function as an effective coding tutor when given task-specific guidance, this study
adds the capacity of GenAI to provide SRL-related guidance.

The SDT category gained little overall, 0.7 points on a 15-point scale from Minimal to
Extensive. Within the category, the three principles behaved differently. Autonomy support
responded to the prompt, rising from 3.0 to 3.4. No prompt asked the tutor to support
choice or ownership. The gain tracks the goal-setting instruction in the Extensive prompt.
Helping the learner set and revisit a goal hands them ownership of the session’s direction,
a move the rubric credits as autonomy support. Competence support was moderate and
rose slightly. Relatedness support stayed near the floor at 1.9 across all three conditions.
Under the detailed rubric, the model rarely produced the relational moves the framework
credits as relatedness support, and the prompt did not draw them out [8].

4.2. Learner Behavior Shapes Tutoring Performance

The learner’s behavior shaped tutoring performance more than the system prompt
did. The pattern matches research on human tutoring that locates much of the benefit in
what the learner does during the exchange rather than in the tutor’s moves [35,36]. The
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scenario variant accounted for more of the variance in total scores than the SRL support
level did (partial η2 = 0.37 versus 0.24). The Disengagement variant, where the learner
asked for the formula to memorize rather than work toward understanding, produced the
lowest scores at every SRL level, 33.5 overall against roughly 39 for the other three variants.
A request for the formula in place of an explanation is what the help-seeking literature
calls executive help seeking, an approach associated with shallow processing and weaker
outcomes [37].

The self-reflection dimension showed a smaller version of the same pattern. It did not
respond to the SRL context and stayed near the floor of the scale, at 1.1 to 1.2 across the three
conditions. It moved instead with the learner’s behavior. In the Overconfidence variant,
where the learner declared premature mastery, self-reflection support averaged 1.6 to 1.8,
above the 1.0 to 1.2 seen in the other variants. The tutor’s reflective questioning in this
variant is the response the calibration literature would prescribe, given that overconfident
self-assessment is a reliable barrier to durable learning [38]. The model has the capacity to
prompt reflection but does not deploy it unless the dialogue gives it a reason to. Lower
scores on self-reflection and similar dimensions also reflect the nature of the relatively short
session length. The tutor has limited opportunity to solicit genuine self-reflection.

One caution applies to this result. The rubric credits the tutor for prompting self-
reflection, not for prompting it at the right moment or to good effect. When the learner
declared premature mastery, the tutor responded with reflective questioning, which the
framework scores as self-reflection support. We did not test whether that questioning
corrected the underlying gap or only surfaced it, so the higher scores show that the dialogue
cue elicited the behavior, not that the behavior resolved the learner’s overconfidence. The
size of the shift was also small, and it should be read as a tendency rather than a strong effect.

4.3. Persistent Weaknesses in Tutoring Performance

Two First Principles dimensions stayed weak under all three SRL conditions. Demon-
stration averaged 2.5 in the Minimal condition and did not rise with added context, reach-
ing only 2.2 under the Extensive prompt. Application ranged from 2.5 to 2.8. Across all
60 sessions, neither dimension averaged above 3 out of 5. The model was inconsistent
at producing worked examples and structured practice opportunities, and no level of
SRL-phase prompting drew them out. No prompt named these moves, so their absence is
an emergent-behavior finding rather than a failure to follow an instruction. The gap matters
because worked examples and structured practice carry a large share of the instructional
benefit documented in the research on example-based learning [39,40].

Most of the SRL Developmental Stages dimensions were also low. Observation, Self-
Control, and Self-Regulation averaged at or below 2.4 across SRL levels, and Self-Regulation,
the most advanced stage in Zimmerman’s [3] progression, stayed near 1.2. Emulation was
the exception, reaching 3.6 under Moderate and Extensive support. The model does not, by
default, support learners moving toward independent self-direction. Supporting a learner’s
progression from observation through emulation, self-control, and self-regulation is a longer
arc than a single tutoring session can accomplish. The developmental account behind these
stages describes a progression across repeated social and self-directed experiences, with
each level building on mastery of the prior one [41].

4.4. The GenAITutor Platform as a Research Tool

This study contributes a working demonstration of the GenAITutor research platform.
The Scenarios module ran all 60 tutoring sessions in approximately one hour through
automated script execution. The Evaluate module applied the 14-dimension rubric to the
resulting transcripts using an LLM judge [31]. The full dataset, including session-level
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scores and complete transcripts, is stored in a single database that can be queried for
additional analysis. The platform supports controlled experimental work that can reliably
assess LLM responses. Replicated runs let researchers separate prompt effects from the
stochastic variation in LLM outputs. The same tools that ran this study can run further
studies with different models, topics, prompts, and rubrics. The platform adds to the effort
to judge GenAI tutors on evidence, not impression [26,27].

4.5. Recommendations for Practice

The results offer concrete guidance for practice. A learner or educator who wants
a general-purpose chatbot to behave like a tutor does not need a fine-tuned model or
a special tool. They need a prompt that names the SRL moves they want, goal setting,
prior-knowledge checks, Socratic questioning, and prompts for self-assessment. In this
study, that prompt reliably changed the scored tutoring behaviors in simulated sessions.
Whether the effect transfers to real learners and to real learning gains is untested. The
Extensive prompt in Table 2 is a workable template, and the results suggest the full set
matters. Second, because learner behavior shapes the tutoring, the learner has an active
role to play, and it starts before the first question. A general-purpose chatbot does not open
a session with goal setting or reflection prompts on its own, so the learner supplies the
tutoring context themselves, for example, by pasting a prompt like the Extensive row of
Table 2 at the start of a session. Within the session, a learner who voices a misconception or
signals confusion often draws out a more responsive tutor than one who stays passive.

4.6. Limitations

We acknowledge this study has limitations and will address several. First, this study
used a single LLM (Claude Sonnet 4.6) as a tutor and a single topic (density). Whether
the SRL context effect generalizes to other models and other content domains is an open
question [27]. Another model might respond to SRL prompts in its own way, and a topic
with heavier cognitive demands could shift the pattern.

Second, the scenarios are scripted. Real learners do not follow scripts. They wander.
One changes the subject, another asks something off-task, a third cuts across the arc the
tutor had planned. The scripted approach buys experimental control at the cost of ecological
validity. A tutor that performs well under scripted conditions may perform differently
when the learner deviates from the script [5,26].

Third, the analysis revealed limited opportunities to address some of the components of
the rubric. For example, the brief script used in this study offered little room for self-reflection.

In addition, the framework scores tutoring behavior, not learning outcomes. A high
score means the tutor produced the moves that research links to effective tutoring, but the
study did not measure whether learners understood, retained, or transferred more as a
result. This study measured what the tutor did, not what learners took away. In particular,
the tutoring system was not tested for its ability to teach density. No claim is made that a
learner working through these sessions would come away understanding the concept, and
whether this methodology would produce learning in real students is unknown.

Finally, the scoring itself was automated. LLM judges are efficient and self-consistent,
but they must be calibrated to expert judgment. Beyond the stratified 12-transcript check
by the first author, the scripted learner turns, the tutor responses, and the rubric scores
received no independent human validation. The stratified draw does place one transcript
from every cell of the design in that check, so each condition is represented, but a sample
of 12 supports only wide intervals around the human coefficients. The 5-point scale is a
further constraint. Anchors that coarse limit the granularity of the feedback a score can
carry, and fine differences between adjacent performances compress into a single point.
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4.7. Future Research Directions

Several extensions follow directly from these findings. The learner-behavior result
points toward research on dynamic, dialogue-aware prompting [16,17]. If a disengaged or
overconfident learner moves tutoring performance more than the prompt does, then more
responsive prompting strategies could close the gap. One approach worth testing is whether
a Moderate prompt augmented with dialogue-state cues (e.g., detecting disengagement
and inserting a re-engagement instruction mid-conversation) can match the performance of
an Extensive prompt without requiring all the upfront context. The Disengagement variant
produced the lowest scores across all three SRL levels in this study, 33.5 overall. It is the
most obvious candidate for a responsive-prompting intervention.

The learner variations in this study changed the trajectory of the dialogue through
a misconception, a moment of disengagement, or an overconfident claim but held all
else constant. They say little about how a tutor responds to learners of different genders,
countries, first languages, or dialects, and tutoring models can carry bias along exactly
these lines [42,43]. A useful extension would vary the learner profile along a wider set of
dimensions and test whether SRL-supportive prompting holds its effect or whether the
gains we observed are uneven across groups.

A tutor multi-model comparison would test whether the effects we observed are
specific to Claude Sonnet 4.6 or apply across other frontier models [17,27]. The same design
could be run with ChatGPT and Gemini, with the same scripted scenarios and the same
evaluation framework.

The persistent weakness on Demonstration and Application invites prompt-engineering
work focused on those specific moves. A study that varies the level of explicit instruction
on worked examples, separate from the broader SRL framing, could test whether these
dimensions can be raised independently.

External validation of the evaluation framework itself is a further priority. A panel
of human experts rating a common set of transcripts would test whether the framework’s
scores track expert judgment, dimension by dimension, and would locate the places where
the rubric and the experts part ways.

5. Conclusions
In this simulation-based analysis of prompt design, adding SRL-related context to the

system prompt improved the tutoring behavior of a frontier LLM, but the improvement
came only at the top of the prompt range. Minimal and Moderate prompting produced the
same overall performance, and only the Extensive prompt raised total scores on the GenAI
Tutor Evaluation Framework, by about three points on a 70-point scale (d = 0.93). The
threshold pattern held across all four scenario variants and under an independent judge
from a different developer than the tutor model.

The learner’s behavior in the session shaped tutoring performance more than the
prompt did, accounting for a larger share of the variance in total scores. A disengaged
learner pulled performance down at every level of SRL support. Two dimensions, self-
reflection and relatedness, stayed near the floor of the scale regardless of the prompt.
Static prompts can shape tutoring behavior in many dimensions but not all, and dynamic,
dialogue-aware approaches are needed to reach the dimensions and the learner states that
a fixed prompt cannot [5,17].

For learners and educators using generalized GenAI tools as tutors, a detailed, research-
grounded prompt produced measurably better tutoring than a generic one, though only
when the prompt carried the full set of SRL moves. For researchers, this study contributes
both a finding, that the gain in SRL-supportive tutoring appears at a threshold of prompt
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detail rather than in graded steps, and a research platform (GenAITutor.net) that can extend
the work to other models, topics, and prompting strategies.
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Appendix A. Full Session Transcripts
The two transcripts below are the sessions featured in the worked example (Section

Sample Dialogue). Both used the Standard learner variant on the topic of density, with
Claude Sonnet 4.6 as the tutor. The learner turns are identical across the two sessions
because they are scripted; the tutor turns differ because the two sessions ran under different
support-level prompts. Decorative emoji and interface formatting have been removed and
dashes normalized for readability. The wording is otherwise preserved.

Appendix A.1. Minimal Support, Standard Variant

Topic: Density. Support level: Minimal. Learner variant: Standard. Tutor model:
Claude Sonnet 4.6.

Tutor. Welcome! Hi there! I’m your Density Tutor, and I’m here to help you understand
everything about density, from the basic concept all the way to solving problems and real-
world applications. Before we dive in, I’d love to know a little about what you already
know. This helps me pitch my explanations at just the right level for you. So let me ask
you a few quick questions: Have you heard of density before? If so, what do you think
it means? Have you seen the formula for density? Do you remember what it looks like?
Is there anything specific about density that confuses you, or something you really want
to understand? Don’t worry if you don’t know much yet, that’s completely fine. There
are no wrong answers here. Just tell me where you’re starting from, and we’ll build from
there together.

Learner. I have a test on density tomorrow and I don’t really get it. Can you help me
understand it?

Tutor. That’s great that you reached out before your test, we have time to make this
click. Before I start explaining, I want to make sure I teach you exactly what you need.
Can you tell me: What do you already know about density? Even if it’s just a little bit,
maybe something your teacher said, or something you vaguely remember? Do you know
the formula? (D = M/V, for example, does that look familiar at all?) What specifically is
confusing you? For example: the concept of what density actually means? How to use the
formula to solve problems? How to find volume of different shapes? Understanding units
like g/cm3? What grade or level are you at? This helps me know how deep to go. The
more you tell me, the better I can focus our time on exactly what will help you most on that
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test tomorrow. We want to make every minute count. Go ahead and share whatever comes
to mind, even if it feels jumbled, we’ll sort it out together.

Learner. Okay but why does a big ship float when a small rock sinks? The ship is
way heavier.

Tutor. Ooh, that is a fantastic question, and honestly, it’s one of the best ways to
understand density. But before I explain, I want to build on what you already have: When
you look at that ship versus rock situation, what’s your gut feeling about why that might
happen? For example, do you think it might have something to do with: The shape of
the ship? What they’re made of? How much space they take up? Something about the
water itself? Just take a guess, even if you’re not sure. There’s a reason I’m asking before
explaining. Your guess will actually help the explanation make way more sense when I
give it to you. It’s not a trick, I promise. What’s your instinct?

Learner. I think I get it. So density is just about how heavy something is?
Tutor. Great instinct, you’re partially right. Weight definitely plays a role. But there’s

actually a missing piece that makes all the difference. Let me ask you this: Imagine two
boxes, both weighing exactly 1 kg: Box A is the size of a shoebox, Box B is the size of a
refrigerator. Which one do you think would be more “dense”? Take a guess and tell me
your thinking. This will help you see that density isn’t just about weight, there’s another
ingredient involved. And once you see it, I think the ship versus rock question is going to
answer itself. What do you think?

Learner. So if I wanted to figure out if something would float, I just need to know its
density and compare it to water?

Tutor. Yes! You’ve basically just figured out one of the most important rules in density.
But wait, I want to make sure you fully own this idea before your test tomorrow. Let me
ask you: Do you know what the density of water actually is? And based on your thinking
so far, would you guess that something floats if its density is higher than water’s density,
or lower than water’s density? Take a shot at it. Also, going back to something we haven’t
fully nailed down yet, do you know the formula for calculating density? Because once
we connect the concept (which you’re already getting), the formula, and the floating rule,
you’ll be in really great shape for tomorrow’s test. So what do you think, does something
float if its density is higher or lower than water? And do you know the formula?

Appendix A.2. Extensive Support, Standard Variant

Topic: Density. Support level: Extensive. Learner variant: Standard. Tutor model:
Claude Sonnet 4.6.

Tutor. Welcome to Density Tutoring! Hi there! I’m your Density tutor, and I’m really
excited to explore this topic with you today. Density is one of those concepts that shows
up everywhere in the real world, from why ships float to why hot air balloons rise, so
there’s lots of cool stuff to discover. Let’s start with a goal. Before we dive in, I want to
make sure our time together is as useful as possible for you specifically. What would you
like to be able to do by the end of this session? For example: “I want to understand what
density means and how to calculate it”; “I want to be able to solve density problems on
my upcoming test”; “I want to understand why some things float and others sink”; “I’m
not sure yet, I just know we’re covering density in class.” There’s no wrong answer. Take
a moment and tell me what your goal is. The more specific, the better we can focus our
work together.

Learner. I have a test on density tomorrow and I don’t really get it. Can you help me
understand it?

Tutor. That’s a great reason to be here, and don’t worry, we have time to make real
progress before your test. Let’s set your goal. It sounds like you want to be ready for
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your test tomorrow. Let’s make that goal a bit more specific so we know when we’ve
succeeded. Would you say your goal is something like: “By the end of this session, I want
to understand what density is, know how to calculate it, and feel confident solving density
problems on my test.” Does that sound right, or is there something more specific you’re
worried about? For example: Word problems? Floating and sinking? The formula and
calculations? Units of measurement? But before I start explaining anything, I want to find
out what you already know, because you probably understand more than you think. Can
you tell me, in your own words, what you think density means? Even a guess is totally
fine. Don’t worry about being “right”, I just want to see where you’re starting from so I
don’t waste your time explaining things you already know. What comes to mind?

Learner. Okay but why does a big ship float when a small rock sinks? The ship is
way heavier.

Tutor. Ooh, I love this question, and it’s actually a perfect way to understand density.
You’ve noticed something that puzzles a lot of people. Your instinct says “heavier things
should sink” but clearly that’s not the whole story. Let me ask you something to get
you thinking: Imagine I gave you two boxes, both exactly the same size. Box A weighs
5 pounds, Box B weighs 1 pound. Which box do you think would be packed more tightly
with stuff inside? And which would feel more “solid”? Now here’s the key question that
connects to your ship example: A ship is huge, but what do you think is inside most of a
ship? Think about what’s actually taking up all that space inside a large ship. This is the
key to unlocking why size versus weight alone doesn’t determine floating or sinking. What
do you think? Take a guess. There’s no wrong answer here, I want to know how you’re
thinking about it.

Learner. I think I get it. So density is just about how heavy something is?
Tutor. Great thinking, you’re getting closer. But I want to push you just a little further,

because I think you’re almost there. You mentioned the ship is filled with air and empty
space, right? So let’s think about this. Consider these two objects: A small lead ball the size
of a grape, weighs 50 g. A large beach ball the size of a car, weighs 50 g. They weigh the
exact same amount. Would you expect them to behave the same way in water? So if density
isn’t just about weight, what’s the other ingredient we’re missing? Here’s a hint, look back
at my two examples and think about what’s different between them besides weight. What
do you notice? You’re actually really close to figuring out the definition of density yourself,
which is way better than me just telling you. What strategy are you using to think through
this, are you picturing the objects in your head?

Learner. So if I wanted to figure out if something would float, I just need to know its
density and compare it to water?

Tutor. Yes! You’re absolutely right! That’s a huge insight. But wait, I want to pause for
a second because I noticed something. We jumped ahead a little. You went from “density is
about weight” to “compare it to water” really quickly. I love the intuition, but I want to
make sure the middle part is solid before your test. Can you tell me in your own words:
What is density exactly? How would you define it? Think about our two examples: the
grape-sized lead ball, heavy and tiny; the beach ball, same weight and enormous. What
are the two things you need to know about an object to figure out its density? I’m asking
because your test will likely ask you to calculate density, not just understand floating and
sinking. And I want to make sure you have that foundation solid. Once you can define it in
your own words, we can look at the formula, practice some calculations, then come back to
your floating and sinking question with full confidence. So what are those two ingredients
of density? What do you think?
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Appendix B. LLM Judge System Prompt
You are an expert evaluator of AI tutoring interactions. You will score a transcript

between a tutor and learner based on a research-backed evaluation rubric.
Base your evaluation solely on what occurs in the transcript.
Score each of the 14 dimensions below on a 1–5 scale. For every dimension you are

given a guiding question and anchored descriptions at 1 (Absent), 3 (Partial), and 5 (Strong);
assign a 2 when the transcript sits between Absent and Partial, and a 4 when it sits between
Partial and Strong. Score only what the tutor actually does in the transcript—do not credit
good intentions that are never carried out. Each dimension’s JSON key is shown in brackets.

EVALUATION RUBRIC
## SRL Phases
Support for the cyclical phases of Self-Regulated Learning.
### Forethought Phase [JSON key: ‘forethought_support’]—Goal setting & planning
What to look for: Does the tutor help the learner set specific goals and plan before

diving into content?
- 1 (Absent): Tutor skips goal-setting entirely and delivers content immediately.

Example—“Sure! Let me explain how photosynthesis works . . .”
- 3 (Partial): Tutor acknowledges the topic but goals remain vague or implicit.

Example—“So you want to learn about X—let’s get started.”
- 5 (Strong): Tutor elicits specific, measurable goals and revisits them throughout.

Example—“Before we begin, what specifically do you want to be able to do after this
session? What would success look like for you?”

### Performance Phase [JSON key: ‘performance_phase_support’]—Strategy use &
monitoring

What to look for: Does the tutor scaffold strategy use, check comprehension, and
adjust instruction during the session?

- 1 (Absent): Tutor delivers a monologue with no comprehension checks or strategy
guidance. Example—Three paragraphs of content with no questions asked.

- 3 (Partial): Tutor asks occasional comprehension checks but doesn’t adapt based on
responses. Example—“Does that make sense? Great. Moving on . . .”

- 5 (Strong): Tutor explicitly names strategies, checks understanding frequently, and
adjusts pace or depth based on learner responses. Example—“Let’s try a think-aloud—walk
me through your reasoning step by step. Based on what you said, I think we need to slow
down on X . . .”

### Self-Reflection Phase [JSON key: ‘self_reflection_support’]—Evaluation & adaptation
What to look for: Does the tutor prompt the learner to evaluate their own understand-

ing and adapt for next time?
- 1 (Absent): Session ends with no reflection prompt; tutor just summarizes. Example—

“That covers the topic. Any other questions?”
- 3 (Partial): Tutor asks a single surface-level reflection question. Example—“How

well do you think you understood today’s material?”
- 5 (Strong): Tutor guides learner to self-assess against stated goals, identify gaps, and

plan next steps. Example—“Looking back at your goal from the start—how well did you
achieve it? What’s still unclear? What will you do before our next session?”

## SRL Developmental Stages
Support for the developmental stages of self-regulated learning.
### Observation [JSON key: ‘observation_stage’]—Modeling and vicarious learning
What to look for: Does the tutor model expert thinking or SRL behaviors explicitly for

the learner to observe?
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- 1 (Absent): Tutor only states facts with no demonstrations or worked examples.
Example—“Mitosis has 4 phases: prophase, metaphase, anaphase, telophase.”

- 3 (Partial): Tutor provides an example but doesn’t narrate the thinking behind it.
Example—“Here’s how you solve this type of problem: [solution steps].”

- 5 (Strong): Tutor walks through a worked example with explicit think-aloud, narrat-
ing each decision. Example—“Watch how I approach this: first I notice X, which tells me to
do Y—notice how I’m checking my work at each step . . .”

### Emulation [JSON key: ‘emulation_stage’]—Practice with guidance
What to look for: Does the tutor invite the learner to try a task with scaffolded support

(within their ZPD)?
- 1 (Absent): Tutor never invites the learner to attempt anything independently.

Example—All responses are tutor-delivered information.
- 3 (Partial): Tutor asks the learner to try but gives the answer quickly if there’s any

hesitation. Example—“Can you try? . . . Never mind, here’s the answer.”
- 5 (Strong): Tutor presents a scaffolded task, waits for learner attempt, gives targeted

feedback, and keeps difficulty calibrated to learner’s current level. Example—“Now you
try a similar one. Take your time. What’s your first step? . . . Good—now what? Here’s a
hint if you need it . . .”

### Self-Control [JSON key: ‘self_control_stage’]—Independent practice under stan-
dard conditions

What to look for: Does the tutor prompt metacognition—asking learners to monitor
their own confidence and strategy use?

- 1 (Absent): No metacognitive prompts; tutor never asks learner to self-monitor.
Example—Session proceeds with no questions about learner’s confidence or process.

- 3 (Partial): Tutor asks once about confidence but doesn’t follow up or use the response.
Example—“How confident are you on this? OK. Let’s continue.”

- 5 (Strong): Tutor regularly elicits self-assessment, uses answers to adjust instruction,
and names metacognitive strategies explicitly. Example—“Before I explain, rate your
confidence 1–5. What makes you uncertain? Let’s address that specifically. What strategy
are you using here?”

### Self-Regulation [JSON key: ‘self_regulation_stage’]—Adaptive application across
contexts

What to look for: Does the tutor fade scaffolding over time and encourage the learner
to work independently or transfer to new situations?

- 1 (Absent): Tutor provides the same level of scaffolding throughout; no fading or
transfer encouragement. Example—Every problem is solved with equal tutor involvement
from start to finish.

- 3 (Partial): Tutor mentions learner can try on their own but doesn’t structure inde-
pendence. Example—“You could practice this on your own too.”

- 5 (Strong): Tutor explicitly reduces hints over the session, asks learner to apply
concepts to a new scenario, and frames independence as the goal. Example—“This time,
try it without any hints—you’ve got this. Now apply the same idea to [different context].
What would you do differently?”

## Self-Determination Theory (SDT)
Support for basic psychological needs.
### Autonomy [JSON key: ‘autonomy_support’]—Volition & choice
What to look for: Does the tutor offer genuine choices about direction, pacing, or

approach—and respect them?
- 1 (Absent): Tutor dictates the entire session with no learner input on direction.

Example—Tutor decides what to cover next without asking the learner.
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- 3 (Partial): Tutor offers one choice but doesn’t follow through or ignores learner
preferences. Example—“Would you like to continue? OK great.” (then proceeds with
tutor’s plan)

- 5 (Strong): Tutor regularly offers meaningful choices about content, pacing, and
format—and visibly adapts to learner selections. Example—“Would you rather go deeper
on X or move to Y? You chose X—so let’s spend more time there. Is this pace OK or would
you like to slow down?”

### Competence [JSON key: ‘competence_support’]—Mastery & effectance
What to look for: Does the tutor provide specific, calibrated feedback that helps the

learner feel genuinely capable and appropriately challenged?
- 1 (Absent): Feedback is generic (“Good job!”) or absent; no calibration to learner skill

level. Example—“Great! Moving on.”
- 3 (Partial): Tutor provides some specific feedback but doesn’t calibrate difficulty to

learner’s demonstrated ability. Example—“That’s mostly right—the key difference is X.”
- 5 (Strong): Tutor adjusts difficulty based on learner’s responses, gives specific action-

able feedback, and names what the learner did well. Example—“You correctly identified
X—that’s the hardest part. Your reasoning on Y was off because [specific reason]. Let’s try
a harder version now.”

### Relatedness [JSON key: ‘relatedness_support’]—Connection & belonging
What to look for: Does the tutor connect learning to the learner’s own experiences,

interests, or goals?
- 1 (Absent): Tutor never references learner’s background, interests, or context.

Example—Generic examples with no personalization.
- 3 (Partial): Tutor asks about learner’s background once but doesn’t incorporate the

answer. Example—“What do you do? Oh interesting. Anyway, let’s look at this formula . . .”
- 5 (Strong): Tutor actively solicits and integrates learner’s experiences throughout—

examples reference what the learner shared. Example—“You mentioned you’re a nurse—
this is exactly the kind of problem you’d face with medication dosing. Based on your
experience, what would you do first?”

## First Principles of Instruction
Adherence to evidence-based instructional design.
### Problem-Centered [JSON key: ‘problem_centered’]—Real-world application
What to look for: Is learning anchored in a concrete, authentic problem rather than

abstract concept delivery?
- 1 (Absent): Content is delivered abstractly with no real-world framing. Example—

“Photosynthesis converts CO2 + H2O + light into glucose + O2.”
- 3 (Partial): Tutor mentions a real-world application but doesn’t structure the session

around it. Example—“This is important in agriculture. Anyway, let’s look at the equation . . .”
- 5 (Strong): The entire session grows from a specific authentic problem; concepts are

learned in service of solving it. Example—“A farmer’s crop yield is declining. Let’s figure
out why—what does the plant actually need? Let’s trace each factor . . .”

### Activation [JSON key: ‘activation’]—Prior knowledge
What to look for: Does the tutor surface what the learner already knows and connect

new content to it?
- 1 (Absent): Tutor starts teaching without any check of prior knowledge. Example—

Jumps directly into new content with no warm-up.
- 3 (Partial): Tutor asks what the learner knows but doesn’t visibly use the answer.

Example—“What do you already know about X? OK. So the definition is . . .”
- 5 (Strong): Tutor explicitly surfaces prior knowledge, corrects misconceptions, and

builds new content as extensions of what the learner already knows. Example—“You said
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you know that plants need sunlight. That’s the key—now let’s understand exactly what
the plant does with that light. Your prior knowledge is the foundation here . . .”

### Demonstration [JSON key: ‘demonstration’]—Show, don’t just tell
What to look for: Does the tutor show examples, worked problems, or representations—not

just verbal explanations?
- 1 (Absent): Tutor only explains in words with no examples, diagrams, or modeled

steps. Example—Three paragraphs of explanation with no “for example” or worked prob-
lem.

- 3 (Partial): Tutor provides one generic example without tying it to the learner’s
specific context. Example—“For example: [textbook example]. Does that help?”

- 5 (Strong): Tutor provides multiple varied examples, uses step-by-step walkthroughs,
and ties them to the learner’s situation. Example—“Let me show you three versions: a
simple one, a harder one, and one like the problem you described. Watch my steps . . .”

### Application [JSON key: ‘application’]—Practice & feedback
What to look for: Does the tutor give the learner structured practice with timely,

specific feedback?
- 1 (Absent): No practice opportunities given; session is entirely instructional.

Example—Tutor explains everything without asking learner to try anything.
- 3 (Partial): Tutor asks one or two questions but feedback is vague or confirmatory

only. Example—“Can you solve this? . . . Yes, that’s right!”
- 5 (Strong): Tutor provides multiple practice exercises, gives specific feedback explaining

why answers are right or wrong, and adapts subsequent problems to learner performance.
Example—“Try this problem. . . . You got the first step right, but notice you forgot to account
for X. Try again with that in mind. Here’s a slightly harder version now . . .”

For each dimension, provide a 1–2 sentence justification that cites a specific moment
from the transcript.

Return your evaluation as JSON.
End Prompt.
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