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Figure 1: Human-AI workflow for pedagogical agents: (a) Students engage in collaborative learning activities with support
provided by human educators. (b) Students collaborate with support from an AI agent, with teacher oversight. (c) In the Wizard
of Oz (WoZ) condition, a human expert remotely observes the collaboration and crafts interventions delivered by the agent. (d)
In the Human-in-the-Loop (HITL) condition, a human expert reviews LLM-generated interventions in real time, accepting,
modifying, or rejecting suggestions before delivery.

Abstract

Conversational pedagogical agents powered by large language mod-
els (LLMs) are increasingly deployed in classrooms, yet evaluating
their instructional quality remains a persistent challenge. Dominant
LLM evaluation methods prioritize semantic similarity, fluency, or
surface coherence, but do not account for whether agent interven-
tions are pedagogically aligned with learners’ needs. In this paper,
we advocate for a human-centered evaluation approach grounded in
scaffolding theory. Building on our prior work introducing the Jig-
saw Interactive Agent (JIA), we revisit the corpus through two com-
plementary analyses: (1) a post-hoc comparison of LLM-generated
and expert Wizard-of-Oz (WoZ) interventions during small group
collaboration using theory-grounded scaffolding annotations, and
(2) a workflow analysis of Human-in-the-Loop (HITL) deployments
examining how real-time oversight shaped intervention delivery.
Although LLM responses were often semantically similar to expert
responses, they systematically over-scaffolded, providing excessive
support regardless of student understanding. The HITL data further
demonstrate that human reviewers frequently filtered or replaced
agent outputs prior to delivery. Together, these findings expose the
limits of similarity-based evaluation and highlight the necessity of
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structured human oversight. We argue that advancing Al in educa-
tion requires theory-grounded evaluation and hybrid human-AI
workflows that preserve pedagogical discretion in classrooms.
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1 Introduction

Conversational agents are quickly being introduced in K-12 settings
at a moment when these systems are more capable and adaptable
than ever before. Advances in large language models (LLMs) have
enabled these agents to engage in richer, more adaptive dialogue,
raising interest in their potential for facilitating collaborative learn-
ing experiences, promoting deeper engagement, and bolstering
knowledge sharing among students [18, 22, 29, 45, 58]. However,
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deploying such agents in classrooms is met with understandable hes-
itation. Students, educators, and families have raised concerns about
privacy, trust, pedagogical alignment, and over-reliance on artificial
intelligence (AI) systems [1, 6, 25, 48, 61]. These concerns are not
merely about deployment, but also about evaluation. If we lack eval-
uation frameworks that capture pedagogical alignment, we cannot
meaningfully assess whether such systems support or undermine
learning. In this sense, this resistance highlights a deeper method-
ological gap: current evaluation practices are poorly equipped to
measure the pedagogical effectiveness of LLM-based agents.

In educational contexts, effectiveness is not determined solely by
the linguistic quality or topical relevance of an agent’s responses,
but by how those responses shape learners’ thinking, interaction,
and collaboration over time. An intervention may be fluent and fac-
tually correct, yet pedagogically misaligned if it provides the wrong
type or amount of support at the wrong time. This distinction is
particularly important in small-group learning settings, where facil-
itation requires sensitivity to evolving understanding, participation
dynamics, and opportunities for productive struggle [4].

Most existing evaluation approaches for conversational agents
are poorly suited to these requirements. Automated evaluation met-
rics for Natural Language Generation (NLG) primarily measure
linguistic fluency [41] and emphasize surface-level properties such
as grammar, coherence, or semantic similarity to a reference re-
sponse [21, 36]. While useful for assessing general language quality,
these metrics are largely agnostic to pedagogical intent and learn-
ing processes. There have been some attempts to create automatic
methods for evaluating the quality of teacher-like responses [46],
but they fail to capture whether an agent’s intervention actually
scaffolds collaboration and learning. Beyond response generation,
evaluation of LLM-based agents has focused on task-oriented ca-
pabilities such as planning, memory, function calling, or question
answering [60], reinforcing evaluation paradigms that overlook
judgment criteria central to learning environments.

From a learning sciences perspective, these judgments are cap-
tured by the construct of scaffolding: adaptive, temporary support
that is contingent on learners’ demonstrated understanding and
gradually withdrawn as learners become more independent [37, 49].
Effective scaffolding in collaborative settings requires deciding not
only how to intervene, but when to intervene—and when to re-
frain. Excessive or mistimed support can undermine learner agency
and disrupt collaborative knowledge building [40], even when the
content of an intervention is correct.

In this paper, we advocate for a human-centered approach to
evaluating LLM-based pedagogical agents that prioritizes pedagog-
ical theory and expert judgment. This paper builds on our prior
CHI publication introducing the Jigsaw Interactive Agent (JIA)
[11], a LLM-based conversational agent designed to support youth
working in small groups on an open-ended programming and brain-
storming activity. In [11], we conducted an empirical study with
youth aged 12-17 to evaluate JIA. Student groups were placed into
one of two treatment groups: (1) The first group worked with the
LLM-based JIA agent while an expert in the learning sciences mod-
erated LLM-generated interventions in real time, acting as a human-
in-the-loop (HITL), with the ability to approve, modify, or reject
each intervention in real-time. (2) The second treatment group
worked with a Wizard of Oz (WoZ) version of JIA, where a human
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expert crafted interventions delivered by JIA in real time. In our
prior work we demonstrated the effectiveness of JIA by making
comparisons at the group level between the groups exposed to the
HITL vs. the WoZ treatments, respectively.

Our prior work did not evaluate the HITL or WoZ interactions
at the intervention level, which is the focus of this workshop pa-
per. Thus, we present two complementary analyses: (1) a theory-
grounded post-hoc audit comparing JIA’s LLM-generated interven-
tions and the human expert WoZ interventions from 16 student
groups, using annotations of scaffolding level and student under-
standing alongside automated metrics, and (2) a workflow analysis
of the HITL sessions examining how the real-time human oversight
shaped which JIA agent interventions were delivered. Together,
these analyses illustrate both the limitations of similarity-based
evaluation and the role of structured human oversight in govern-
ing Al in classrooms. Figure 1 illustrates the broader human—-AI
workflow examined in this paper, spanning real-time intervention,
human oversight, and post hoc pedagogical auditing.

Our results reveal a systematic misalignment between similarity-
based automated metrics and pedagogical quality. Although LLM-
generated responses are often semantically similar to expert inter-
ventions, they tend to provide higher levels of scaffolding regard-
less of students’ demonstrated understanding—directly opposing
the principle of contingent scaffolding [49]. In contrast, expert
WoZ interventions decrease support as understanding increases.
These findings illustrate a critical challenge for evaluating peda-
gogical agents: automated metrics (e.g., surface-level similarity)
do not capture important dimensions of pedagogical effectiveness.
The real-time HITL data further reinforce this concern. In deploy-
ment, human reviewers frequently filtered, modified, or replaced
the LLM-generated interventions before delivery, and over one-
third of messages ultimately sent to students were entirely written
by the human expert. Together, these findings suggest that even
linguistically appropriate responses require human calibration to
maintain pedagogical alignment.

The goal of this paper is therefore to demonstrate how peda-
gogical expertise can be incorporated into both evaluation and
deployment workflows to audit agent behavior in context. By treat-
ing scaffolding as a human-centered evaluation lens, we surface
dimensions of instructional support that automated metrics rou-
tinely overlook. Our findings demonstrate that sustained human
oversight is not merely complementary, but essential for meaning-
fully assessing and governing educational Al in classroom settings.

2 Background

2.1 Scaffolding to Support Learning

Scaffolding refers to dynamic, temporary support, adapted to the
learner’s needs [59]. The scaffolding construct is rooted in sociocul-
tural learning theories, particularly Vygotsky’s Zone of Proximal
Development (ZPD), which is the gap between what learners can
do independently and what they can achieve with support from
more knowledgeable others [53]. As the learner becomes more
independent, the scaffolding can be gradually removed or faded.
Van de Pol and colleagues [49, 50] emphasized the importance of
contingent scaffolding, where guidance is adjusted according to stu-
dent capabilities—reducing support when students demonstrate
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greater understanding and independence and increasing it when
they face difficulties. Although traditionally focused on individual
learning and conceptual understanding, scaffolding can be extended
to collaborative settings where groups of learners may need more
structured support to manage group dynamics and interactions
[19, 56]. However, asking teachers to monitor multiple groups and
provide continuous adaptive scaffolding simultaneously in real time
is not feasible [9] and researchers have been investigating tools
[13, 31] and pedagogies [52] that can potentially provide more
structure and/or support for collaboration. A further challenge is
that many of these tools offer uniform support rather than adaptive
support, in the true nature of scaffolding [37]. Al-driven technology
that leverage LLMs and Natural Language Processing (NLP) offer
a promising solution by analyzing student conversations as they
work together in groups, identifying conceptual or collaborative
challenges, and providing more targeted, adaptive support. One
such application is a conversational pedagogical agent.

2.2 Conversational Pedagogical Agents

Pedagogical agents have facilitated student learning for nearly
thirty years now, providing support through various digital medi-
ums [44]. Specifically, we focus on conversational pedagogical agents
(CPAs), which allow for dialog-based human-agent interaction
[2, 16, 28]. Recent surveys have categorized educational LLM agents
into two main types: pedagogical agents that support teachers (e.g.,
through classroom simulation or feedback generation) and those
that provide direct support to students in real time [7]. Our work
falls into the latter category, we are evaluating an LLM-based agent
designed to provide adaptive collaborative support during peer
learning. Such agents can play different pedagogical roles including
tutors [10], teachers [5], or peers [47]. CPAs in a teacher-like role
help learners perform tasks by imitating the gold standard of edu-
cators and presenting instructions, providing examples, and asking
questions [32, 55, 57]. There are many examples of these CPAs,
including Wambsganss et al’s ArgueTutor [54], which supported
student learning with adaptive argumentation feedback, and Ruan’s
EnglishBot [39], that provided adaptive support during language
learning. Winkler et al. [57] also developed Sara, a web-based CPA
that provides voice- and text-based scaffolds to learners during
online video lectures. However, many of these agents are primarily
evaluated based on student performance, which may introduce po-
tential biases—for example, students might perform better simply
due to the novelty or engagement of interacting with an Al system,
rather than the instructional quality of the responses [3].

Because CPAs can adopt diverse instructional roles (e.g., tutor,
teacher, peer), their success cannot be evaluated with a single out-
come metric; instead, evaluation must account for pedagogical
intent and interactional context. Some CPA applications have mea-
surable evaluation metrics, e.g., improved learning [10] or engage-
ment [39]. Other applications, however, are challenging to evaluate
or measure, including facilitating collaboration [47] and promoting
critical thinking skills [20, 35]. Many existing methods do not cap-
ture content related to pedagogical goals, demonstrating a need for
improved evaluation criteria for CPAs.
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2.3 Current Evaluation Methods

In this section, we review existing evaluation methods to illustrate
how many assess linguistic form and task completion over pedagog-
ical outcomes, creating systematic blind spots for CPAs. Current
evaluation methods consist of: automated and pre-trained metrics,
and human evaluation methods. Automated metrics such as BLEU
[36] and ROUGE [30] assess lexical overlap between generated and
reference text. While effective for tasks like machine translation and
summarization, these metrics capture surface-level similarity rather
than contextual or instructional quality. Despite known limitations
outside their original domains [38], they remain widely used in
conversational agent research [41]. While text overlap can indicate
general semantic alignment, it fails to capture specific pedagogical-
related measures, such as appropriate level of scaffolding.

Pre-trained metrics such as BERTScore [62] and BLEURT [42]
leverage contextual embeddings to measure semantic similarity
and correlate with human judgments of fluency and coherence.
Although more robust than n-gram metrics, they remain similarity-
based and implicitly assume that semantic alignment corresponds
to response quality. In educational settings, however, the same idea
may be delivered in pedagogically appropriate or inappropriate
ways depending on the level of control, contingency, and timing.

Educational research has developed theory-grounded frame-
works for analyzing teacher discourse, operationalizing instruc-
tional moves such as question types, goal specificity, cognitive
demand, and conversational uptake [8, 12, 15, 26, 33, 34, 43]. For
example, Jensen et al. [23] showed that computational models can
approximate structured pedagogical dimensions, though higher-
order judgments involving cognitive complexity remain difficult
to model reliably. Together, this work demonstrates that pedagog-
ically meaningful features of teacher talk can be operationalized
and measured—standards that conversational pedagogical agents
should likewise meet in classroom settings.

Human evaluation is frequently used for assessing conversa-
tional agents, typically through Likert-scale ratings or pairwise
comparisons [14, 51]. However, annotation standards are inconsis-
tent, and evaluator expertise is often unspecified [14]. In educational
contexts, domain knowledge is critical: pedagogical appropriate-
ness depends on instructional intent, learner understanding, and
interactional context. Structured comparison frameworks such as
the AI Teacher Test [46] and domain-specific annotation schemes
[17, 27, 57] highlight the value of theory-grounded evaluation, yet
such approaches are rarely integrated systematically into LLM eval-
uation workflows of pedagogical agents.

The prior research in this space demonstrates that instructional
discourse can be meaningfully characterized using theory-grounded
frameworks, but reveals a gap in applying these standards to LLM-
based classroom agents [41]. In this paper, we address this gap
by grounding evaluation in scaffolding theory and incorporating
expert human annotation alongside pre-trained metrics.

3 Human-Centered Evaluation & Auditing of
JIA

In order to investigate human-centered evaluation of LLMs in small
group K-12 settings, we leverage the JIA LLM-based interactive
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agent, which was constructed to support small group collaboration,
as presented in our prior work [11].

JIA and Prior Empirical Study. The JIA LLM-based agent was
informed by a rule-based dialogue policy that monitors discourse
in real-time and detects when students are in a certain state (i.e.,
Parallel Interaction, Contributing to the Shared Problem Space, and
Unproductive Perseverance), so that JIA can intervene accordingly.
The states detected via student discourse and suggested interven-
tion types are included in a prompt to Mistral-7B-Instruct-v0.3 model
[24], which generates JIA’s responses. JIA was evaluated in an em-
pirical study where dyads and triads (total n = 145) aged 12-17
collaborated together on a group programming activity. Participant
groups were placed into one of three conditions: (1) A control con-
dition, where youth worked on the programming activity without
any support, (2) a Wizard-of-Oz subject matter expert (WoZ-SME)
condition where groups were supported in real time by a human
expert, and (3) a JIA-HITL condition, where groups were supported
by an LLM-agent, whose interventions were overseen and moder-
ated by a human-in-the-loop expert, while completing the activity.
Specifically, the HITL could accept, modify, or reject each interven-
tion, preserving instructional discretion in real time. This design
reflected concerns about deploying fully autonomous Al systems
in classrooms and allowed us to examine how human oversight
shapes intervention quality. For more detail on the experimental
design, creation of the JIA’s underlying dialogue policy, and prompt
construction, please see [11].

3.1 Comparing JIA-LLM & WoZ-SME
Interventions

For this set of analyses, we revisit the student dialogue and inter-
ventions during the JIA-HITL and WoZ-SME data collections. We
also generated a new set of post hoc JIA responses based on the
student dialogue from the WoZ-SME data collections, by prompt-
ing the agent to respond to the same student dialogues addressed
by WoZ-SMEs, enabling direct comparison between human- and
Al-generated interventions. We compared 67 SME-written interven-
tions from 16 WoZ-SME sessions to 67 post hoc JIA LLM-generated
responses to the same student dialogue. All conversation histories
and interventions were double-coded by four human annotators,
who are graduate students in the U.S. with backgrounds in learning
sciences or human-computer interaction. Raters annotated the pre-
ceding student dialogue for Level of Understanding and evaluated
both WoZ-SME and JIA LLM-based interventions for Appropriate-
ness and Level of Scaffolding. To assess appropriateness, raters were
shown the 30 seconds of dialogue preceding each intervention in or-
der to judge how well the response aligned with students’ evolving
needs. Appropriateness was rated on a scale from 0 to 2. Level of Un-
derstanding was annotated using a rubric adapted from Van de Pol
et al. [49], classifying group comprehension as Too Off-Topic to Tell,
Poor (0), Partial (1), or Good (2) (see Table 4). Our scaffolding metric
was adapted from Van de Pol’s (2019) five levels of teacher control,
ranging from minimal support with open-ended questions (Level 1)
to more structured guidance (Level 5) [49]; according to contingent
scaffolding, the lower the student understanding, the greater the
amount of control the teacher should use to guide the conversation.
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Table 1: Mean (SD) Appropriateness and Scaffolding ratings
across 67 matched WoZ-SME and JIA intervention contexts.

Appropriateness Scaffolding
WoZ-SME 1.22 (0.53) 0.57 (0.47)
JIA 1.23 (0.45) 0.81 (0.49)
t-test 1(66) = —0.18, p = .86 | £(66) = —2.76, p = .008

While these levels primarily address conceptual understanding, stu-
dents may also need support for collaboration. For example, while
monitoring groups, teachers may intervene to encourage more
equal or active participation from group members, help negotiate
group norms, or support the group’s knowledge-building by asking
questions [56]. Therefore, we extended Van de Pol’s framework to
include low, medium, and high levels of collaborative support in
our Levels of Scaffolding (see Table 3).

Two independent annotator pairs coded separate subsets of the
data (n = 55; n = 12). Inter-rater reliability was assessed via Cohen’s
k (quadratic-weighted for ordinal variables). For the larger subset,
agreement was substantial to near-perfect for Level of Understand-
ing (x = .82) and Scaffolding (WoZ-SME k = .86; JIA k = .81), and
moderate for Appropriateness (WoZ-SME k = .43; JIA k = .57).
For the smaller subset, reliability estimates were comparable for
Level of Understanding (x = .80) and WoZ-SME Level of Scaffolding
(x = .80), while agreement was lower for JIA Level of Scaffolding
(x = .31) and Appropriateness (WoZ-SME k = —.06; JIA k = .22),
likely due to the much smaller sample size.

Additionally, we computed BERTScores to compare JIA LLM-
based responses to WoZ-SME interventions, using the latter as the
reference text. While BERTScore only evaluates for semantic sim-
ilarity and does not account for pedagogical effectiveness, it can
serve as a complementary metric to human annotations by provid-
ing a quantitative measure of textual overlap. This helps identify
whether LLM-generated responses align conceptually with human
interventions, while human annotations capture deeper aspects
such as scaffolding, appropriateness, and contextual relevance that
pre-trained metrics overlook.

Results. We report the means and standard deviations of Ap-
propriateness and Scaffolding across the 67 matched intervention
contexts (Table 1). Paired-samples t-tests were conducted to com-
pare WoZ-SME and JIA LLM-based responses.

JIA’s LLM-generated responses were slightly more appropriate
than the WoZ-SME responses, yet there was no statistical signifi-
cant difference. However, JIA’s responses did provide overall higher
scaffolding than WoZ-SME responses (t(66) = —2.76, p = .008).
While this suggests that JIA offered more structured support, it
does not necessarily reflect greater instructional quality. In fact,
providing high levels of scaffolding regardless of student need may
indicate a lack of pedagogical sensitivity, whereas WoZ-SME re-
sponses more often adapted support to the students’ demonstrated
understanding.

We then break down ratings of Scaffolding by the Level of Un-
derstanding to see whether students with lower understanding
received a high level of scaffolding, as expected (Table 2). These
descriptive statistics reflect annotator-level ratings across all 134
coded responses (67 responses, double-coded). We retain coder-level
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Table 2: Mean (SD) Scaffolding ratings by Level of Under-
standing across all 134 annotator-level coded responses.

Level of Understanding | WoZ-SME | JIA

Too off-topic (n = 26) 0.44 (0.51) 0.625 (0.58)
Poor (0) (n = 26) 0.8077 (0.63) | 0.4231 (0.50)
Partial (1) (n = 52) 0.5882 (0.70) | 0.9608 (0.63)
Good (2) (n = 30) 0.4667 (0.68) | 1.0714 (0.72)

observations for this breakdown to preserve variation in annotators’
judgments of student understanding. Collapsing to intervention-
level averages would require resolving disagreements into a single
Level of Understanding category per intervention, thereby con-
straining the distribution of cases across categories and obscuring
how scaffolding ratings co-varied with individual annotator per-
ceptions.

When broken down by student understanding, WoZ-SME re-
sponses followed expected patterns of contingent scaffolding (i.e.,
increased Scaffolding with lower Levels of Understanding), while
JIA responses did not. In contrast, JIA responses exhibit an op-
posite trend, with scaffolding increasing as students demonstrate
greater understanding. This suggests that WoZ-SME responses were
more reactive to struggling students, whereas JIA may have applied
more structured scaffolding, even when students showed higher
comprehension. Qualitative inspection of the intervention pairs
helps explain this divergence. When students demonstrated higher
understanding, often by discussing concepts or giving examples,
WoZ-SME responses frequently validated or extended students’
ideas, resulting in lower scaffolding ratings. Table ?? illustrates this
pattern: following a rich student discussion connecting multiple
sensors to real-world examples, the WoZ-SME response affirmed
the connection without adding additional structure, whereas the
JIA response redirected the group toward task alignment through
more explicit guidance.

Context (30s Student Utterances) ‘T know. ‘Oh my gosh.
‘Shut up.” “I can’t wait, hear me out.” ‘Let me try’ ‘So we have
the moisture, we have the sound. ‘And the temperature,
whenever we walk outside, the moisture attributes a lot” “To
the temperature outside it’s always crazy, and inside they
keep it super cold so that all the fish and the butterflies...”
‘Have you ever been to there? Yeah, of course, they have fish
in the water Level of Understanding: Good

WoZ-SME: "I love butterfly pavilions! Great connection to
something you’ve experienced :)” Level of Scaffolding:
Low

JIA: "Let’s focus on our assignment and share our sensor
expertise to progress together” Level of Scaffolding: High

For pre-trained metrics, we selected BERTScore and used the
WoZ-SME responses as the reference text. The average F1 score
calculated using BERTScore was 0.865, indicating that the JIA and
WoZ-SME responses shared overall semantic similarity. However,
when we analyzed BERTScore values by human-annotated cate-
gories, we found minimal variation: for Appropriateness levels 0,
1, and 2, the average BERTScores were 0.853, 0.857, and 0.863 re-
spectively; for Scaffolding levels 0, 1, and 2, they were 0.853, 0.860,
and 0.852. These negligible differences suggest that BERTScore

HEAL @ CHI’26 Workshop, April 15, 2026, Barcelona, Spain

does not meaningfully differentiate between varying levels of ed-
ucational quality, reinforcing the need for human annotation to
capture critical pedagogical dimensions.

3.2 Human-in-the-Loop Workflow Outcomes

In the HITL condition, JIA provided LLM-generated interventions
to a human expert throughout the session. The human expert then
chose to modify, reject, or send the generated intervention as is. Our
analysis focuses on two stages of this workflow: (1) review decisions
for interventions that the HITL actively engaged with, and (2) the
composition of messages ultimately delivered to participants.

Results. At the review stage (N = 588 reviewed interventions
across 22 HITL sessions), SMEs marked 23.0% as Accept, 5.1% as
Modity, 45.1% as Reject, and 26.9% as Ignore. Importantly, these
counts reflect only interventions that the SME interacted with, not
all interventions generated by the system. Instead, they reflect the
necessity of human calibration when deploying generative systems
in sensitive instructional contexts.

Examining the delivered messages provides a clearer view of
the hybrid human-AI collaboration. Of the 253 total messages sent
to students, 53.4% were direct Al accepts, 10.3% were modified Al
responses, and 36.4% were authored entirely by the human expert.
In other words, humans chose to accept the LLM-generated re-
sponse over half of the time, while the remainder reflected included
some form of human oversight or authorship. Most modifications
involved making the agent’s response more succinct and to more
directly answer the student’s question, especially when they specif-
ically requested help.

4 Discussion

Evaluating CPAs remains a major challenge, as existing evalua-
tion methods are poorly suited to assess the effectiveness of agent
support. Most LLM evaluation methods focus on fluency and coher-
ence, but these do not capture educational-related goals, including
whether a response scaffolds learning or supports collaboration.
Some pre-trained metrics (e.g., semantic similarity) can be comple-
mentary to human annotations, but only provide a surface-level
analysis of responses. As Chu et al. (2025) note, most current eval-
uation frameworks focus on task automation and model utility,
overlooking alignment with pedagogical goals and learner-centered
outcomes [7]. This highlights the importance of human annotation
in capturing the nuances of student-agent interactions.

Our case study demonstrates the disconnect between surface-
level pre-trained evaluation metrics and finer-grained expert human
annotations, highlighting the need for human-centered practices
grounded in learning sciences. While scaffolding of the JIA LLM-
based responses increased with student understanding, this was
the opposite for WoZ-SME responses, which generally decreased
with increasing understanding. This suggests that the WoZ-SME
responses offered more support when students struggled, aligning
with the theory of contingent scaffolding [50], while JIA’s LLM-
generated responses may have offered more support when it was
not warranted. One likely explanation for the LLM’s tendency to
over-scaffold is that the model lacks an explicit representation of
student understanding or pedagogical intent. While the prompt in-
cludes dialogue state and suggested intervention types, it does not
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encode principles of contingent scaffolding (e.g., reducing support
as understanding increases). As a result, the model may default to
providing more directed or structured responses, which are often
statistically associated with “helpfulness” in general-purpose train-
ing data, but are pedagogically misaligned in collaborative learning
contexts. This limitation further explains the role of HITL oversight
observed in our deployment: human experts frequently filtered or
revised over-scaffolded responses, effectively reintroducing contin-
gent pedagogical judgment that the model itself lacks.

Further, the pre-trained metrics fail to capture the differences be-
tween the scaffolding of the responses. The high average BERTScore
proves that WoZ-SME and JIA discuss similar ideas in their re-
sponses, but it does not show how the WoZ-SME provided less
scaffolding. In fact, when the BERTScore results were averaged
across both of our human annotated values, there was minimal
difference between each of the levels and the corresponding auto-
mated score value. One driving factor in the discrepancies between
the human evaluation and pre-trained metrics is that the human
annotators had access to the conversation history and therefore
understood the context in which the advice is being given. Since
pre-trained metrics can only compare a reference response to a
prediction, they fail to use the context of the lesson and conversa-
tion history in evaluating responses. A promising direction is the
development of agentic systems that incorporate richer context,
including full conversation history and inferred student understand-
ing, enabling more context-sensitive evaluation and intervention
generation.

Furthermore, these metrics are trained to assess general semantic
similarity scores, which may not adequately capture the nuances
between responses that convey similar concepts at different levels
of control. Together, these findings suggest that evaluating CPAs
requires attention to learner context and instructional function,
rather than relying solely on automated similarity metrics. Incor-
porating expert-informed, context-sensitive evaluation approaches
may therefore be essential for accurately assessing pedagogical
quality and alignment.

Human-in-the-Loop as a Safeguard: Beyond post hoc evalua-
tion, our HITL analysis highlights the importance of integrating
human oversight into the intervention workflow. In the original
JIA deployment [11], LLM-generated interventions were surfaced
to an expert for review prior to delivery. Our analysis examined
two stages of this process: (1) SME review decisions over interven-
tions that entered the review interface, and (2) the composition of
messages ultimately delivered to students.

At the review stage, SMEs frequently rejected or ignored inter-
ventions. However, these decisions reflect filtering within a forced-
generation design (interventions were proposed at fixed intervals),
rather than a global measure of system failure. More informative
is the composition of delivered messages. Of all instructional mes-
sages sent to students, over half were sent without modification and
one third required full human authorship. Thus, while the agent
contributed substantially to classroom discourse, many of delivered
messages required full human authorship or modification. Notably,
the tendency of JIA’s LLM-generated responses to over-scaffold
in the post-hoc analysis helps explain why real-time filtering was
frequently necessary. The HITL data therefore complement the

Doherty et al.

evaluation findings: even semantically appropriate responses may
require human calibration to maintain pedagogical alignment.

Toward a Hybrid Human-AI Evaluation Workflow: Taken
together, the misalignment observed in post-hoc evaluation and
the filtering patterns observed in HITL deployment point toward a
hybrid evaluation and governance model. First, humans remain in
the loop during live interventions, reviewing and curating agent
interventions before they reach students. Second, after the collabo-
ration, videos and/or conversation logs can be audited by human
annotators using pedagogically grounded criteria (e.g., scaffolding
level, understanding). These annotations can then inform iterative
updates to dialogue policies and model prompting strategies. This
two-stage workflow: 1) real-time human filtering followed by 2)
post hoc pedagogical auditing, reframes evaluation as an ongoing
governance process rather than a one-time benchmarking exercise.
Rather than optimizing solely for semantic similarity or fluency,
evaluation becomes an ongoing process of aligning agent behavior
with instructional goals and contextual classroom realities. In this
way, resistance to fully autonomous Al becomes a productive de-
sign constraint, motivating evaluation practices that embed human
judgment as a structural feature rather than a temporary safeguard.

Overall, our findings suggest that JIA functioned most effec-
tively as a intervention generator within a human-governed sys-
tem, rather than as autonomous support. Particularly in youth
classrooms, where pedagogical decisions are sensitive and develop-
mentally consequential, sustained human oversight is not merely
a temporary safeguard but a core design requirement. Real-time
review enables educators to filter over-scaffolded or mistimed inter-
ventions, preserving instructional discretion and learner agency. At
the same time, whether teachers can feasibly monitor Al interven-
tions in real time while also circulating, supporting, and monitoring
students warrants careful consideration, as classroom realities may
constrain the extent of continuous oversight.

To improve CPA evaluation, future work should focus on devel-
oping context-aware metrics that incorporate pedagogical features,
conversation history, and student understanding levels. One promis-
ing direction is training evaluation models on expert-annotated
datasets, ensuring that response quality is measured against instruc-
tional effectiveness rather than linguistic similarity alone. Addition-
ally, integrating human-centered approaches into evaluation can
help create adaptive, pedagogically informed agents that respond
dynamically to student needs. Without such improvements, evalu-
ation methods will continue to misrepresent the effectiveness of
CPAs, limiting their potential for supporting meaningful learning
experiences.

5 Conclusion

This study highlights the misalignment between existing evalua-
tion metrics and pedagogically meaningful CPA assessment. We
analyzed the ability of LLMs to provide appropriate levels of sup-
port in a collaborative learning context. LLM-generated responses
exhibited higher scaffolding levels than WoZ-written interventions,
including at times when providing more scaffolding could take
away from learning opportunities. The analysis of BERTScores
further demonstrates that pre-trained metrics fail to account for
instructional effectiveness, as they lack access to essential context.
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These findings underscore the need for education-specific evalua-
tion frameworks that move beyond surface-level textual compar-
isons. Beyond metric misalignment, our findings demonstrate that
even when responses appear semantically aligned with expert in-
terventions, real-time human oversight remains critical in youth
classrooms. Evaluation and governance are therefore intertwined:
meaningful CPA assessment requires both theory-grounded anno-
tation and structured human-AI workflows. We advocate for future
work in developing CPA evaluation benchmarks based on expert-
annotated datasets and incorporating human-centered approaches.
By bridging the gap between current evaluation and pedagogical
expertise, we can create more effective conversational agents that
truly enhance student learning and collaboration.
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Table 3: Levels of Scaffolding, Based on the Amount of Control over the Conversation

Scaffolding Level and Description

Example

Misc: Mostly procedural or task support (e.g., giving students instructions to look some-
thing up), details about the task (e.g., time remaining), or generic responses.

Low: Does not provide new content. May ask students to elaborate on their response,
but not provide an explanation. Asks students to share or attempts to give everyone a
chance to talk. Generic praises or validates work.

Medium: Does not provide new content. Asks why questions, prompting students to
explain or elaborate. Asks a more detailed but still open-ended question. Validates student
idea that prompts more discussion of that idea. Asks students to share their knowledge
with each other and work together.

High: May provide new content. May not be based on or build off students’ existing
ideas. Provides a hint or suggestive question. Provides an explanation.

“Got it! Thank you for explaining that!”
“You still have 15 minutes. Can you think of any other problems?”

“Great work, team!”
“What do you know about each other’s sensors?”
“Tell me more about how the sensors would solve that problem.”

“How could you use your sensors to help your community?”
“That’s an interesting idea about the zoo.”

“Let’s share our sensor expertise and work together to
complete the assignment.

Can someone explain their sensor’s function and

how it contributes to the project?”

“What if you used the sensor for detecting plant activity?”
“To measure humidity, you can use a hygrometer..
Let’s share our findings with each other.”

Table 4: Levels of Understanding and Appropriateness

Level and Description

Example

0 - No Understanding / Active Confusion: The response shows little to no compre-
hension of the topic. The student may be confused, provide incorrect information, or
show a lack of engagement with the concept.

1 - Partial Understanding: The response shows some understanding but lacks clarity,
is incomplete, or contains minor inaccuracies. The student may recognize key ideas but
struggle to fully explain them.

2 - Good Understanding: The response demonstrates a strong grasp of the concept.
The student can explain key ideas clearly, provide relevant examples, and make logical
connections.

Too Off-Topic to Tell: The response is unrelated, disorganized, or lacks enough context
to determine comprehension.

0 - Not Appropriate (Intervention): The intervention is irrelevant, ineffective, or does
not support learning. It may be confusing, dismissive, or too vague to be helpful.

1 - Somewhat Appropriate (Intervention): The intervention is somewhat helpful but
may not fully align with the student’s needs. It may be too generic, lack depth, or miss
opportunities to clarify misconceptions.

2 - Highly Appropriate (Intervention): The intervention directly addresses the stu-
dent’s needs and fosters deeper understanding. It is well-aligned with the conversation
and encourages critical thinking.

‘Idon’t get what this is asking.”
“Is this about animals or something else?”

“I think it means the sensor measures heat, but I'm not sure how.”
“It’s kind of like tracking movement, I guess.”

“The humidity sensor measures moisture in the air,

which helps us track plant health."

“This works because the sensor detects changes in temperature and
converts them into data.”

“My favorite animal is a turtle.”
“Did you know it’s almost lunchtime?”

“Just try harder.”
“That’s wrong. Move on.”

“Maybe think about what the sensor does.”
“Try explaining it again.”

“Your idea is close — the sensor measures humidity, which helps
detect moisture changes. How might that help your design?”
“Let’s break down what the sensor detects and how that connects
to your project goal.”
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