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Abstract

Large language models (LLMs) present new opportunities for
creating pedagogical agents that engage in meaningful dia-
logue to support student learning. However, current LLM sys-
tems used in classrooms often lack the solid theoretical foun-
dations found in earlier intelligent tutoring systems. To bridge
this gap, we propose a framework that combines Evidence-
Centered Design with Social Cognitive Theory and Zone
of Proximal Development for adaptive scaffolding in LLM-
based agents focused on STEM+C learning. We instantiate
this framework with Inquizzitor, an LLM-based formative as-
sessment agent that integrates human-Al hybrid intelligence
and provides feedback grounded in cognitive science princi-
ples. Our findings show that Inquizzitor delivers high-quality
assessment and interaction aligned with core learning theo-
ries, offering effective guidance that students value. This re-
search demonstrates the potential for theory-driven LLM in-
tegration in education, highlighting the ability of these sys-
tems to provide adaptive and principled instruction.

1 Introduction

The emergence of pedagogical agents powered by large lan-
guage models (LLMs) prompts important questions about
their alignment with foundational educational principles.
Cognitive and learning sciences research highlights con-
cerns that these systems are often deployed without the the-
oretical grounding found in earlier intelligent tutoring sys-
tems (ITS; Stamper, Xiao, and Hou (2024); Cohn et al.
(2025b)) and open-ended learning environments (OELEs;
Land (2000); Mavrikis et al. (2015)). The alignment of
LLMs with cognitive science principles is also underex-
plored. Historically, learning environments were based on
cognitive models like ACT-R (Anderson et al. 2004) and dis-
covery learning (De Jong and Van Joolingen 1998). More
recent work links learning design with the Knowledge-
Learning-Instruction (KLI) framework (Koedinger, Corbett,
and Perfetti 2012) for feedback and schedule structuring
(Stamper, Xiao, and Hou 2024). These systems offer stan-
dardized feedback but lack adaptability, requiring system
updates to integrate novel information.

LLM-based agents operate in high-dimensional space,
supporting multi-turn dialogues with students and enabling
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adjustments through prompt engineering without system
redesign. Human-in-the-loop (HITL) prompt engineering
(Cohn et al. 2024) combines human collaboration with
LLMs for prompt refinement through techniques like in-
context learning (Brown et al. 2020) and active learning
(Settles 2009; Cohn et al. 2024), ensuring alignment with
human preferences without parameter updates. This is vital
in education, where training data is scarce (Cochran, Cohn,
and Hastings 2023). Without additional training or prompt-
ing, LLMs can prioritize user-pleasing answers (OpenAl
2025), which can obstruct critical thinking and lead to
knowledge overestimation (Snyder et al. 2025). Human-Al
hybrid intelligence (Jarveld et al. 2025) merges human ex-
pertise with LLM flexibility, presenting promising educa-
tional solutions. Rather than replacing educators, these sys-
tems support them, ensuring student-agent interactions align
with instructional goals. In learning environments that com-
bine STEM and computing (STEM+C), such approaches
provide adaptive scaffolding, addressing interdisciplinary
challenges often requiring cross-domain expertise and ro-
bust critical thinking skills (Snyder et al. 2024).

Current adaptive scaffolding frameworks (Munshi 2023)
underutilize LLM-human interaction capabilities, prompt-
ing the question: “How do we operationalize adaptive scaf-
folding in the LLM era?” Effective pedagogical frameworks
are essential for developing LLM-enabled agents. Social
Cognitive Theory (SCT; Bandura (2001)) highlights the in-
terplay of personal, behavioral, and environmental factors
in learning, supporting agent adaptation via observation and
feedback. Formative assessments are crucial for gathering
evidence of student understanding, enabling timely feed-
back. Evidence-Centered Design (ECD) enriches this pro-
cess by structuring assessments around principled eviden-
tiary reasoning. When integrated with Vygotsky’s Zone of
Proximal Development (ZPD; Vygotsky and Cole (1978))—
the gap between what learners can achieve independently
and what they can accomplish with support—these frame-
works guide the design of agents that are not only adap-
tive but also developmentally responsive. LLMs offer unique
opportunities to implement SCT-informed, ECD-grounded,
and ZPD-aligned assessments in real time, dynamically
adapting dialogue and fostering engagement through natu-
ralistic, personalized interactions.

In this study, we (1) introduce a framework integrating
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Figure 1: Framework for LLM-agent adaptive scaffolding.’

ECD with SCT and ZPD to enhance adaptive scaffold-
ing in LLM-powered pedagogical agents, aiding students
in STEM+C problem-solving within a middle school Earth
Science curriculum; (2) present a hybrid intelligence ap-
proach to formative assessment scoring and feedback via
Inquizzitor, an LLM-based agent rooted in cognitive sci-
ence; (3) evaluate the agent’s scoring accuracy using data
from 104 students across three assessments; (4) examine the
agent’s capacity to implement constructs in real student in-
teractions; and (5) provide qualitative student feedback on
the agent’s value. Together, these outcomes form a basis
for theory-driven LLM integration in education, showcasing
their potential for flexible, effective instruction delivery.

2 Theoretical Framework

In traditional classrooms, teachers use their knowledge of
students to provide personalized guidance, considering prior
knowledge and learning preferences for tailored scaffolding
and enhanced retention. Conversely, LLMs often lack con-
textual understanding. This poses challenges in equipping
LLM-based agents with relevant student information. We
propose a theoretical framework for adaptive scaffolding,
leveraging LLMs’ dialogic capabilities for continuous stu-
dent understanding. The framework, illustrated in Figure 1,
comprises: (1) an assessment module (in blue) employing
ECD to determine student knowledge, and (2) an adaptive
decision module (in green) integrating ZPD and SCT to in-
fer learning needs and response strategy.

ECD structures assessments around Domain, Evidence,
and Task models (Mislevy, Almond, and Lukas 2003), defin-
ing what knowledge, skills, and abilities (KSAs) align with
standards (e.g. NGSS; Bybee (2014)) and expertise, speci-
fying mastery observations, and outlining evidence-eliciting
activities. This alignment grounds LLM reasoning, facil-
itating accurate scoring and mastery evidence generation
for adaptive scaffolding. ZPD identifies the gap between
independent and supported achievements, bridging assess-
ment evidence with adaptive support and ensuring scaffold-
ing maintains task progression beyond current independent
ability levels. SCT shapes how agents deliver this support,
influencing the manner and intent of their interactions. Self-
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Efficacy impacts motivation and persistence, while Goal Set-
ting encourages metacognition and structured learning (Ban-
dura 2001). Integrating ZPD and SCT within an ECD-driven
architecture allows agents to monitor progress and adapt
scaffolding to learners’ emerging needs. The agent boosts
self-efficacy by encouraging and validating mastery, guides
goal setting by suggesting actionable steps, and tunes in-
structional content to ensure engagement and inquiry.
These constructs reinforce each other: ECD links tasks to
KSAs, enabling reliable grading and mastery cues; adaptive
scaffolding uses these cues for praise, encouragement, goal
setting, and ZPD-aligned hints. At each dialogue turn’s end,
the latest student utterance updates the evidence store, refin-
ing the adaptive decision module’s learner model for sub-
sequent responses. As self-efficacy increases and goals are
achieved, scaffolds diminish in future interactions.

3 Study Design

Evaluating our agent in a real-world setting necessitated
data grounded in authentic classroom contexts; no exist-
ing public dataset met our scientific needs. Thus, our 2025
study involved 104 sixth-grade students (ages 11-12) from
a Nashville, TN, USA public middle school (51% male,
49% female; 67% White, 14% Black/African American,
11% Asian, and 8% Hispanic/Latino). Students completed
a three-week, NGSS-aligned Earth Science curriculum—
Science Projects Integrating Computing and Engineering
(SPICE; Hutchins et al. (2020); Cohn et al. (2025a))—
challenging students to redesign their schoolyard to min-
imize water runoff while adhering to cost and accessibil-
ity constraints. The curriculum was co-designed by Vander-
bilt University’s OELE Lab researchers and two experienced
middle-school teachers, and refined over five years via par-
ticipatory design. Students used Dell Inspiron 15 5510 lap-
tops (Windows x64, Intel Core i7-11390H 3.40GHz CPU,
16GB RAM) with Google Chrome and accessed the system
through the school’s internet. All participants provided in-
formed assent and consent, with study approval from Metro
Nashville Public School and Vanderbilt University’s IRB.
All students were assigned anonymous IDs prior to the
study’s start.

Formative assessments (FAs) evaluated student progress
in understanding scientific rainfall processes, computational
modeling, and engineering design; focusing on three tasks:

1. a conceptual modeling task (FA2) to test student under-
standing of conservation of matter by expressing the re-
lationship between rainfall, absorption, absorption limit,
and runoff as conditional statements;

. a debugging activity (FA3) engaging students in analyz-
ing and correcting block-based code errors in a computa-
tional model using FA2 insights; and

3. anengineering design assessment (FA4), getting students
to align their science and computing knowledge with fair
test principles to compare engineering designs.

Previous studies highlighted challenges, such as (1) Eval-
uating written formative responses is subjective, with varied
interpretations causing disconnects in student understanding
and teacher perception (e.g., conflated absorption contexts



leading to inconsistent ratings and feedback); and (2) Timely
formative feedback is challenging, due to curriculum pace
limiting swift scoring return. In this study, students received
assessment feedback and support within hours rather than
weeks, engaging with our formative assessment agent, In-
quizzitor.

4 Methodology

Inquizzitor is a formative assessment agent powered by the
GPT-40 API (version=2024-08-06; temperature=0, top, =
1; seed=312). Tt aids students in score interpretation, mis-
understanding clarification, and strategy identification for
improvement. Google Forms facilitated formative assess-
ment completion and data collection, while Gradio (Abid
et al. 2019), hosted on Amazon AWS EC2 (t2.medium,
2 vCPUs, 4GB RAM), served as the interaction interface.
The agent’s architecture (Figure 2) comprises an assessment
module and an adaptive decision module, aligning with our
theoretical framework (Figure 1). The technical details of
each component are presented in the following subsections.

4.1 Assessment Module

The assessment module comprises two core components:
ECD for designing assessments and rubrics, and HITL
prompt engineering for automated scoring and evidence
elicitation, grounded in a design-based research methodol-
ogy emphasizing iterative, collaborative design (Collective
2003). Teachers and researchers collaboratively developed
learning objectives (domain), identified indicators of mas-
tery (evidence), and designed assessments and rubrics (fask).
Over five years, =500 students and two middle school teach-
ers have co-developed the curriculum through participatory
design sessions, refining curricular intent and practice based
on feedback and automated scoring results.

Before the study, iterative inter-rater reliability checks en-
sured Cohen’s x,, > 0.7 for formative assessments, ana-
lyzing disagreements to anticipate potential LLM grading
errors. Grading prompts instructed the LLM to act as a
teacher’s assistant. Each prompt included relevant curricu-
lum knowledge, the assessment details, and its rubric, pro-
viding context across assessments. For instance, FA3 fo-
cused on debugging a computational model and required
knowledge from FA2, which centered on modeling the rain-
fall process. We used in-context learning by providing ex-
amples of responses for minimum and maximum scores. We
initially considered retrieval-augmented generation (RAG;
Lewis et al. (2020)); however, long-context prompting out-
performed RAG when texts fit within the LLM’s context
window (Li et al. 2024), so evidence was stored in-context.
To enhance accuracy, we incorporated chain-of-thought rea-
soning (Wei et al. 2022), requiring the model to quote parts
of the student’s response, align them with rubric criteria, and
assign a score, thus ensuring fidelity to the assessment and
curricular goals.

20ur study’s OpenAl API calls cost ~$100. All formative as-
sessments, rubrics, prompts, experimental design details, prepro-
cessing code, and evaluation code appear in the appendices:
https://github.com/claytoncohn/A AAI26_Appendices.
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To evaluate and refine prompts, we sampled 20 unlabeled
responses as a validation set and applied active learning.
Traditionally, active learning reduces model uncertainty by
querying an oracle; here, it identified systematic LLM scor-
ing inaccuracies, addressed via (1) added scoring guidelines,
(2) clarified rubric language, and (3) more exemplars de-
signed to address specific scoring error trends. This con-
tinued until validation errors lacked identifiable trends. We
avoided changes for isolated errors to prevent overfitting
(Cohn et al. 2024, 2025a). Once refined, the prompts were
ready for study deployment. Inquizzitor graded formative
assessments, storing scores and chains-of-thought as mas-
tery evidence.

4.2 Adaptive Decision Module

The adaptive decision module uses evidence from the as-
sessment module, presented in-context along with curricu-
lar knowledge, the formative tasks, and rubric information.
This helps generate personalized feedback based on each
student’s current mastery level. To align feedback with our
theoretical framework, the agent is guided to connect its re-
sponses to key concepts: Zone of Proximal Development
(ZPD), self-efficacy (SE), and goal setting (GS). For exam-
ple, it is instructed to help students identify gaps in knowl-
edge (ZPD), maintain an encouraging tone (SE), and suggest
actionable steps to improve understanding (GS). These in-
structions shape the agent’s tone and content to foster learner
growth.

In addition to theoretical constructs, participatory de-
sign sessions with teachers revealed several dimensions they
wanted the agent to embody in its feedback; we refer to
these as teacher constructs. These include: (1) Readability
(R), ensuring responses are suitable for middle school stu-
dents; (2) On-Task, guiding the agent to redirect students
who stray from activities; and (3) Consistency, maintaining
reliable formative assessment scoring and resisting student
pressure to change scores.

These components, i.e., formative assessments, rubrics,
student responses, theoretical constructs, and teacher con-
structs, are utilized by the agent to generate individualized
feedback. Students respond to this feedback, which is then
added to the evidence store, completing the feedback loop.
This process allows the agent to continuously update its un-
derstanding of each student, grounding future responses in
the latest evidence. Together, these design elements create an
agent that aligns with established learning theories, responds
to teacher preferences, follows the curriculum, and is aware
of students’ evolving knowledge states. Within this frame-
work, we evaluate Inquizzitor with these research questions:

1. How closely do Inquizzitor’s assessment scores align
with human experts?

2. How faithfully does Inquizzitor’s feedback mirror theo-
retical constructs and teachers’ pedagogical intentions?

5 Evaluation

During the study (see Section 3), we collected data from 104
students, including formative assessments and agent interac-
tions. All responses were anonymized and stored on IRB-
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Figure 2: Inquizzitor’s key components. The blue assessment module applies ECD to generate mastery evidence from formative
assessments; the green adaptive decision module uses this evidence to scaffold student feedback.

approved cloud servers with multi-factor authentication.
Some students missed assessments due to absences, and two
agent conversations contained malformed data that our sys-
tem could not process. Additionally, some students inter-
acted with Inquizzitor across multiple sessions. In total, we
analyzed 282 formative assessments (FFA2 = 93, FA3 =
97, F A4 = 92) and 288 Inquizzitor conversations (F A2 =
97, FA3 = 97, F'A4 = 94), totaling 3,413 agent utterances
(FA2 =1,259, FA3 = 1,157, F A4 = 997).

We evaluated our system based on its two primary
components—the assessment module and the adaptive de-
cision module (see Figure 2)—corresponding to Research
Questions 1 and 2. For the assessment module, we analyzed
Inquizzitor’s scoring accuracy (RQ1). Accuracy in forma-
tive assessment scoring is essential, as it directly influences
the agent’s feedback and its alignment with student knowl-
edge. For the adaptive decision module, we measured the
agent’s faithfulness (RQ2) to the theoretical and teacher con-
structs outlined in Sections 2 and 4. All evaluations were
conducted using Google Colab Pro+ (Linux x64, Intel Xeon
CPU, 2.20GHz, 12.7 GB RAM), processing approximately
48 million tokens at a total cost of $121.

5.1 Scoring Accuracy (RQ1)

Two authors of this paper sampled 20% of assessment re-
sponses, scoring them independently and resolving discrep-
ancies until reaching a consensus (x,, > 0.7). One author
then scored the remaining responses while a second verified
all scores, creating the ground truth data for evaluating In-
quizzitor’s scoring accuracy. Score distributions for forma-
tive assessments were as follows [no credit, partial credit,
full credit]: FA2 = [0.38, 0.51, 0.12], FA3 = [0.18, 0.64,
0.19], and FA4 = [0.12, 0.60, 0.28]. For each assessment,
50 responses were held out for testing, while the rest were
used for prompt engineering, maintaining the original score
distribution through stratified random sampling with seeds.

To assess the impact of each component in our prompt
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engineering pipeline on scoring performance, we tested
prompts at four stages: (1) input-output (I/0): this stage con-
tained only prompt context and instructions, with no few-
shot examples; (2) in-context learning (ICL): here, we in-
cluded two labeled few-shot instances—one full-credit and
one zero-credit—without explanations; (3) chain-of-thought
(CoT): this approach added explanations to the ICL in-
stances, highlighting relevant parts of responses and linking
them to rubric criteria; and (4) active learning (AL), which
identified mis-scoring trends in the validation set, leading to
prompt revisions and the addition of new few-shot examples
to correct those errors. This helped us evaluate each stage’s
contribution to scoring performance.

We report two metrics: micro-averaged Fj, computed
across all classes (scores), and Cohen’s quadratic-weighted
kappa k., (Eq. 1). Both metrics were calculated using scikit-
learn (Kramer 2016). While micro-F} is provided as a ref-
erence for classification performance, k., serves as our pri-
mary metric because it accounts for the ordinal nature of the
scores, penalizes larger disagreements more heavily, and ad-
justs for chance agreement. Formally, &, is defined as:

k k
Y w0
- i=1 j=1 o 11—
K)w—l_T7 w”_(k*l)27 (])
> D wi
i=1 j=1

where £ is the number of score levels, O;; and Ej; are the
observed and expected agreement matrices, and w;; is the
quadratic weight applied to each cell. We present our find-
ings in Table 1.

Inquizzitor’s scoring accuracy matched human agreement
for FA4 (90.74) and surpassed it for FA2 (86.63) and FA3
(94.12), as indicated by the weighted kappa statistic (x.,).
For FA2 and FA3, metrics improved with each additional



M FA2 FA3 FA4
Yo F11 1 62.00 £ 13.00 | 72.00 £ 12.00 | 82.00 £ 11.00
KT | 91.28 £7.37 | 92.31 £5.51 | 89.73 £ 10.36
ICL F11 1 68.00 £ 13.00 | 74.00 £ 12.00 | 78.00 £ 11.02
KwT | 93.58 £5.59 | 94.45 +4.01 | 80.69 £ 15.69
CoT F11 | 72.00 £ 12.00 | 78.00 £ 11.00 | 78.00 £ 11.02
KwT | 96.03 +3.04 | 96.12 +2.59 | 84.91 £+ 14.10
AL it - - 86.00 + 9.00
KwT - - 90.61 £ 10.45

Table 1: Inquizzitor scoring performance (M=metric) for
formative assessments 2-4, reported as F and k., with 95%
bootstrapped confidence intervals. Active learning (AL) was
not used for FAs 2-3, as no discernible scoring error trends
were identified in the validation set. Results are shown for
the four levels of prompting: I/O, ICL, CoT, and AL.

prompt component. However, introducing in-context learn-
ing instances without chains-of-thought initially lowered
FA4’s performance. Adding rubric clarifications and an extra
exemplar during active learning improved results. Despite
wider confidence intervals due to the limited test set, the
lower bounds of Inquizzitor’s 95% confidence intervals for
K were above 0.80 for all assessments, indicating “Strong”
agreement, and surpassed 0.90 for FAs 2 and 3, reflecting
“Almost Perfect” agreement (McHugh 2012).

5.2 Faithfulness (RQ2)

To evaluate Inquizzitor’s faithfulness to theoretical and
teacher constructs, we analyzed student-agent interaction
data (i.e., textual conversations). Faithfulness measures how
agent utterances reflect intended pedagogy during multi-turn
interactions. Unlike scoring accuracy (RQ1), this analysis
lacks predefined ground-truth labels due to open-ended di-
alogue. Traditionally, detecting constructs like ZPD or self-
efficacy in free-form responses has relied on qualitative cod-
ing, which isn’t scalable, or rigid pattern matching, which
lacks nuance for LLM agents. We applied a modified textual
entailment approach, framing evaluations as:

“Given preceding dialogue and construct X prompt
instructions, rate this utterance for X faithfulness.”

This approach enabled systematic evaluation of each utter-
ance, supported by evidence.

We report on three theoretical constructs—Zone of
Proximal Development (ZPD), Self-Efficacy (SE), and Goal
Setting (GS)—and three teacher constructs—Readability
(R), On-Task (OT), and Consistency (C). We define these as:

e ZPD: Agent’s initial guidance advances student knowl-
edge appropriately based on assessment evidence; 1 for
appropriate scaffold, O for prior mastery, -1 if misaligned.

* Self-Efficacy (SE): Highlights mastery evidence, boosts
confidence; 1 for explicit praise or encouragement, O for
implicit support, -1 if absent.

* Goal Setting (GS): Provides actionable, proximal steps
based on rubric gaps; 1 for explicit guidance, O for broad
recommendations, -1 if missing.

* Readability (R): Feedback suitability for middle school-
ers, using utterance-level Flesch-Kincaid Grade Level,
score 1 if grade level < 9, else 0.

* On-Task (OT): Agent keeps students focused; 1 if redi-
recting off-task students, O if on task, -1 if following off-
task students.

* Consistency (C): Adhering to original scores; 1 if resist-
ing score change attempts, O if none, -1 if altering score.

Except for readability, we used LLM-as-a-Judge (Zheng
et al. 2023; Shi, Liang, and Xu 2025) with the reasoning
model GPT-03 (version=2025-04-16, seed=312, reasoning
effort=medium)—five judges, one per construct (ZPD, SE,
GS, OT, C). Judges received evidence criteria instructions,
first producing zero-shot explanations referencing dialogue
and rubric for scoring reliability and interpretability, then
classifying utterances as faithful (1), neutral (0), or unfaith-
ful (-1). We report faithfulness and unfaithfulness rates for
alignment and misalignment with pedagogical intentions.
This allowed us to evaluate each utterance in a systematic,
evidence-driven manner. Formally, we define faithfulness as:

N
1
F :(Nzl[si:”) x 100,
=1

with s; € {1,0,—1} (or s; € {1,0} for readability; dis-
cussed shortly) as the faithfulness label for utterance ¢ and
N the total number of agent utterances. Unfaithfulness is
computed identically but using utterances with label -1 (or 0
for readability).

ZPD required a specialized procedure. We created knowl-
edge graphs to represent hierarchical concepts for each as-
sessment, from “no knowledge” to “mastery,” and used de-
cision trees to help the ZPD judge determine if an utterance
advanced the student within their ZPD.

The ZPD judge evaluated the agent’s initial utterance for
each conversation, and the other four judges evaluated all
utterances. For validation, we sampled 50 utterances per
judge, stratified by assessment number and judge score using
random seeds. These were scored anonymously by two au-
thors through consensus coding. We assessed agreement be-
tween the LLM judge and human consensus using weighted
kappa (k). If K,y > 0.7, the dataset was accepted; if not, we
refined prompt instructions based on feedback and repeated
the process. Goal setting required two iterations to meet reli-
ability standards. All other constructs needed only one. Final
human-judge ., agreements were ZPD = 93.15,SFE =
92.76,GS = 79.36, 0T = 83.94, and C = 87.8.

Readability (R) was automatically scored via textstat
(Bansal and Aggarwal 2025) using the Flesch-Kincaid
Grade Level (FKGL) metric, defined as:

Words Syllables
Sentences Words
where Words, Sentences, and Syllables denote the counts of
each unit within an agent utterance. Utterances were bina-
rized as 1 if the grade level was < 9 (appropriate for middle
school) and 0 otherwise. Results appear in Table 2.

In all three assessments, Inquizzitor effectively adhered to
the ZPD and self-efficacy (SE) constructs. It used students’

FKGL = 0.39 —15.59, (2)



Theoretical Constructs

FA 7PD SE GS

Ft UNFE| Ft UNFE| Ft UNFE|
FA2 | 59.26 + 10.49 29.63 +-9.88 | 45.04 +2.78 11.60 + 1.75 | 28.59 + 2.46 53.38 4+ 2.74
FA3 | 65.88 + 10.00 20.00 + 8.82 | 48.49 +2.85 8.30 + 1.60 | 21.18 +2.33 51.34 £ 2.90
FA4 | 62.20 +10.98 4.88 +£4.27 | 39.224+3.06 7.22+1.60 | 18.36 £2.41 56.87 & 3.06

Teacher Constructs

FA R oT C

Ft UNF] Ft UNF] Ft UNF]
FA2 | 79.83 +£2.26 20.17 £2.26 | 19.43 +2.25 449+ 1.17 |16.75 +2.16 1.12 + 0.60
FA3 | 7822 +242 21.78 +2.42[29.62+274 453+127 | 717+ 156 0.94 + 0.61
FA4 | 88.57 £2.01 11.434+2.01 |27.78+2.89 4.11+1.28 | 456+1.39 0.00 = 0.00

Table 2: Faithfulness of Inquizzitor to theoretical (ZPD, SE, GS) and teacher (R, OT, C) constructs in formative assessments
2-4, reported as faithfulness (F) and unfaithfulness (UNF) percentages with 95% bootstrapped confidence intervals.

assessment scores and mastery evidence to provide relevant
feedback aligned with each learner’s knowledge level. How-
ever, the agent fell short in supporting goal-setting (GS) be-
haviors, often giving vague suggestions rather than clear, ac-
tionable steps. It also tended to answer student questions
without linking the responses to future goals. Future work
will focus on strategies for better goal-setting support and
how LLM-based agents can foster metacognitive behaviors.

FKGL scores averaged 6.6 (SD = 2.7) across all agent
interactions and assessments, with feedback being mostly
age-appropriate. Students often veered off task, trying to
“break” Inquizzitor or manipulate it, but the agent consis-
tently redirected them. Only 4-5% of utterances showed the
agent succumbing to off-task behavior, typically due to stu-
dent trickery (e.g., embedding off-task requests in Earth Sci-
ence language). Inquizzitor maintained its initial scoring de-
cisions, changing scores in fewer than 1% of cases (usu-
ally due to manipulation). Although students frequently at-
tempted to change their grades in FA2, these attempts de-
creased significantly with each assessment, reaching zero
successful attempts in FA4. We hypothesize students ini-
tially found it intriguing to test score alterations, but this
behavior dwindled as they realized it was unlikely to suc-
ceed. In the future, we plan to add a verification mechanism
for students’ claims of scoring errors, allowing score adjust-
ments in the rare cases of agent scoring error.

Case Study: Adaptive Scaffolding in Practice

To demonstrate Inquizzitor’s adaptivity, we analyzed three
conversations during FA3 (Figure 3): (1) an on-fask student
improving comprehension; (2) an off-task student discussing
sports; and (3) a mixed student who starts on task, goes
off task, then re-engages. Figure 3 details agent utterance
sequences aligned with theoretical and teacher constructs,
evidencing strong adherence across cases. Inquizzitor con-
sistently offered feedback within the ZPD (green), ensuring
high readability (R=green) despite occasional drops (R=red)
for detailed, bullet-point explanations—highlighting clarity-
comprehensiveness trade-offs. The agent maintained scor-
ing consistency (C=green), never altering scores when asked
(C=yellow).
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Figure 3: Inquizzitor utterance turns (x-axis) for three FA3
case studies with theoretical and teacher constructs (y-axis).

The on-task student engaged productively with the as-
sessment, never deviating or requesting grade changes
(OT=green; C=green). The agent lacked goal-setting early
on (GS=red), transitioning to implicit (GS=yellow) or ex-
plicit (GS=green) guidance toward deeper comprehension
(e.g., “Here are a few tips to help you understand cod-
ing better...”). Self-efficacy remained high via upbeat tone
(SE=yellow) and direct encouragement/praise (SE=green),
reinforcing effort and mastery.

The mixed student initially engaged productively, dis-
cussing assessments without attempting score changes
(C=green). Self-efficacy was largely present throughout
(SE=green), but the agent struggled with explicit goal-
setting (GS=yellow), often addressing inquiries directly
rather than suggesting actionable steps (GS=red). Mid-
interaction, score change attempts met refusal (C=yellow),
prompting disengagement signaled by an emoji and irrele-
vant input, e.g., “pizza” (OT=yellow). Interaction concluded
with re-engagement seeking next steps (OT=green).

The off-task student initiated the session with an unrelated
topic, asking the agent to “name one NBA player.” The agent
consistently redirected focus to assessments (OT=yellow),
maintaining positivity (SE=yellow) with motivational fram-
ing (e.g., “Let’s channel that energy into improving your
Earth Science skills”; SE=green). No grade change attempts
occurred (C=green), but unrelated topic probing persisted



(OT=yellow), embedded in curricular contexts (e.g., “mlb
the show is related to Earth Science”). The agent resisted
(OT=yellow), gradually introducing implicit goal-setting
(GS=yellow) to incite question-driven feedback exploration.

5.3 Insights from Students’ Perception Survey

We gathered anonymous survey responses from all 104 stu-
dents who used Inquizzitor. Students rated experiences on
5-point Likert scales (1 = Strongly Disagree, 5 = Strongly
Agree) and offered open-ended feedback. The survey tar-
geted enjoyment, helpfulness, accuracy, and trust.

Overall Enjoyment and Helpfulness: Positive experiences
prevailed, with students expressing enjoyment in interac-
tions (M = 4.03,SD = 0.98) and helpfulness in under-
standing concepts (M = 3.82,SD = 1.05). Remarks in-
cluded, “I really liked talking to [Inquizzitor] because it
could easily simplify my scores and it helped me stay on
topic, which is really important.”, and “Everything I got
wrong, [Inquizzitor] helped me understand it fully.”
Perceived Accuracy and Trust: Ratings indicated per-
ceived accuracy in scoring and explanations (M
3.90,5D 1.06), despite perceptions of stubbornness
when differing opinions arose (e.g., “Very accurate but also
a bit stubborn.”). Trust for evaluating the formative assess-
ments was slightly lower (M = 3.48,SD = 1.08), with
concerns over Al’s influence on grades (e.g., “Because it is
an Al.. grading might concern me...”).

6 Related Work

Recent research has investigated LLM-based human-AlI hy-
brid intelligence in educational applications (Jarveld et al.
2025). Naik et al. (2025) utilized GPT-4 to produce con-
trasting database design solutions for undergraduate com-
puter science teams to examine collaboratively. This inter-
vention aided novices but lacked dynamic, real-time adap-
tive dialogue; which our study addresses by integrating live,
assessment-based scaffolding via an interactive human-Al
hybrid agent. Yu, Yu, and Chen (2025) utilized GPT-3.5-
Turbo to rephrase, label, and integrate peer feedback with
multimodal Al analytics to generate a hybrid intelligence
feedback (HIF) report in a video-based feedback activity
for preservice teachers. This method targets teachers, giving
post hoc summaries without real-time interaction or person-
alized feedback.

While Munshi (2023) and others have explored adap-
tive scaffolding outside LLM environments, few have devel-
oped LLM-based frameworks for educational agents. Ma-
lik et al. (2025) initiated LLM integration into K-12 set-
tings through a three-stage scaffolding process with GPT-
4o, generating tasks to activate student background knowl-
edge. These scaffolds were primarily intended for teacher
use and have not yet been implemented through agents in
classrooms. Goslen et al. (2025) presented an LLM-based
plan-generation framework for the Crystal Island science
game (Rowe et al. 2009), anchored in self-regulated learn-
ing (SRL) theory (Zimmerman 1990). They propose these
plans could support real-time scaffolding but lack diagnos-
tic capability for assessment mastery and scaffold timing.
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Few have merged formative assessment with LLM-based
pedagogical agents. Guo et al. (2024)’s AutoFeedback sys-
tem employed a generator-validator loop for delivering feed-
back aligned with learning goals, though it lacks a compre-
hensive learning-science foundation. Hou et al. (2025) de-
veloped a system where LLM agents use ECD to analyze
student dialogue evidence but stop at assessment, not trans-
lating evidence into adaptive scaffolding. EducationQ (Shi,
Liang, and Xu 2025) embedded formative assessment in its
triadic teacher-student-evaluator framework, simulating in-
struction within ZPD principles, but relying on simulated
students and lacking individual adaptivity.

7 Discussion and Conclusions

In this paper, we presented a theoretical framework combin-
ing ECD, SCT, and ZPD to implement adaptive scaffold-
ing for LLM-based pedagogical agents, illustrated by our
assessment agent, Inquizzitor. Our human-Al hybrid intelli-
gence approach provides high-fidelity assessment and adap-
tive scaffolding that is aligned with core learning theories,
empowering educators to maintain pedagogical sovereignty
amid black-box tuning trends.

However, Inquizzitor struggled with goal setting, often
failing to effectively guide students toward mastery. This
limitation raises concerns about whether LLMs can hin-
der learning. A recent study found 83% of students using
ChatGPT for essays could not recall any text they wrote
(Kosmyna et al. 2025). Another found learning gains dur-
ing programming tasks disappeared after LLM feedback
was removed (Zhou et al. 2025). Our findings also indi-
cated students often prioritize scores over feedback, lead-
ing to off-task behavior that can hinder growth. The rise
of “prompt hacking” suggests increasing student proficiency
with LLMs, which can result in frustration when agents do
not provide immediate answers (Cohn et al. 2025b).

There is a need to develop quantitative metrics based
on domain knowledge graphs that can compute the effec-
tiveness of ZPD over time and support adaptive behavior.
We argue that true adaptive scaffolding involves continual
ZPD estimation from assessment evidence and students’
self-regulation behaviors that include self-efficacy and goal-
setting strategies, challenging prevalent one-time feedback
methods (Naik et al. 2025; Yu, Yu, and Chen 2025; Malik
et al. 2025). Traditional LLM training methods, such as re-
inforcement learning from human feedback (RLHF; Ouyang
etal. (2022)), can be adapted to consider feedback quality by
incorporating a “zone of proximal development loss.” How-
ever, if LLM training continues to prioritize human satis-
faction, it may limit opportunities for critical thinking and
deviate from theoretical foundations, highlighting the need
for pedagogically grounded systems.

Our study focuses on English-speaking sixth-grade Earth
Science learners, and its applicability to other age groups,
subjects, and languages needs to be investigated. Addition-
ally, we did not use a randomized controlled trial (RCT)
to measure Inquizzitor’s impact on learning gains and be-
haviors. However, we offer a needed, foundational step
towards implementing cognitive theoretical constructs for
LLM-based adaptive scaffolding in education.
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