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Abstract

We present a scalable dual-agent architecture
translating multi-source assessment data – in-
tegrating performance with process logs – into
formative data insights. Decoupling classifi-
cation from text generation, embedding expert
rubrics, and optimizing latency enables rapid
first-draft generation. These insights reveal
underlying learning behaviors, facilitating tar-
geted intervention without increasing teachers’
cognitive burden.
Keywords: Multi-source data, Dual-agent
framework, Human-centered AI, Scalable feed-
back system

1 Introduction
As a key feedback mechanism, assessments play a
fundamental role in the education system (Shute ,
2008). With the paradigm shift of AI technolo-
gies from being mere tools for efficiency (e.g.,
automatic grading or predicting at-risk students)
to becoming active collaborators in the classroom
(Carnegie Learning, 2025), it is increasingly criti-
cal that AI-generated feedback is data-driven, con-
textually sound, and strictly free of hallucinations
(Google DeepMind, 2024; Sahlman et al., 2025).

Training AI systems to effectively assist teach-
ing requires human-in-the-loop protocols along-
side large-volume, high-quality assessment data
(Khalil et al., 2025; Hoffmann et al., 2022; Holstein
and Aleven, 2022). Digitally-based large-scale as-
sessments (LSAs), such as the National Assess-
ment of Educational Progress (NAEP), uniquely
satisfy this need by offering the rich empirical
logs necessary to ground AI agents in psychome-
tric reality. Specifically, integrating traditional
response data with process data extracted from
click streams—referred to collectively in the study
as multi-source data—has been shown to reveal
students’ underlying problem-solving strategies
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(Kroehne and Goldhammer, 2018; Winne, 2020),
validate performance (Ercikan et al., 2023), provide
evidence of engagement that illuminates holistic
learning states (Guo et al., 2024), and evaluate how
digital tools functioned (Guo et al., 2024b).

To address the analytical and scalability chal-
lenges identified in prior exploratory research, the
current study investigates an optimized, dual-agent
system built with teachers and for teachers. Specif-
ically, we investigate the following research ques-
tions. RQ-1: How do architectural optimizations,
specifically the implementation of Selective Few-
Shot Learning (SFSL), reduce inference latency to
enable the scaling of this formative feedback gen-
eration from multi-source assessment data? RQ-2:
To what extent does a decoupled, dual-agent archi-
tecture generate highly accurate, formative learner
narratives without introducing hallucinations? RQ-
3: How do AI-generated narratives and visualiza-
tions of multi-source data function as an effective
"first draft" to help educators uncover students’ un-
derlying problem-solving behaviors—such as time
management, regulated navigation behavior, and
productive/unproductive struggle—enabling them
to better understand students’ need to facilitate tar-
geted interventions?

To address these questions, we utilized NAEP
multi-source data to develop a novel dual-agent
framework designed to assist educators in interpret-
ing complex assessment logs. This architecture
decouples cognitive tasks: a Classification Agent
evaluates empirical student data using rigorously
defined features, while a Teaching Agent synthe-
sizes these findings into growth-oriented, forma-
tive feedback. To maintain both technical rigor
and educational relevance, we leveraged the In-
Context Learning (ICL) paradigm (Dong et al.,
2024), embedding expert-validated rubrics and ex-
amples directly into the system workflow. Fur-
thermore, architectural optimizations—specifically
Selective Few-Shot Learning (SFSL) and natural
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language feature engineering—were implemented
to enhance scalability and drastically reduce infer-
ence latency, ensuring the reliable processing of
large-scale datasets.

Ultimately, this framework establishes a scalable
blueprint for transforming raw assessment data into
actionable formative assets. By employing SFSL
and natural language feature translation, technical
profiling reveals an 18-fold reduction in execution
time. This efficiency gain contributes to moving AI
from a theoretical possibility to a practical, deploy-
able reality for large-scale assessment systems.

The subsequent sections detail the background
literature, system architecture, and evaluation
methodology, followed by a discussion of the
framework’s implications.

2 Related Work
To contextualize the development of the dual-agent
architecture, it is necessary to trace the evolution
of how multi-source assessment data has been pro-
cessed and utilized for educational feedback.

Multi-Source Data and Learner Profiles. Prior
research has increasingly relied on human-centered
AI (HAI) approaches to discover student en-
gagement profiles from multi-source data. By
integrating performance scores with behavioral
process data collected from LSAs (e.g., using
pseudonymized, restricted-use NAEP data), re-
searchers can contextualize a student’s perfor-
mance beyond a unidimensional score: not only
we know what scores student received on a test,
but also we can "see" how they engaged with and
solved the problems on the test. Earlier HAI frame-
works utilized human expertise to engineer explain-
able features, subsequently applying clustering and
active machine learning techniques to identify typi-
cal engagement patterns (Guo et al., 2024).

LLM Agents and Scalability Bottlenecks. To
bridge the gap between statistical clustering and ac-
tionable classroom feedback, a recent exploratory
study tested multi-agent AI systems on a small, con-
trolled sample of validated student profiles (Guo et
al., 2025). This early work confirmed that agentic
AI could successfully enrich feedback by generat-
ing individualized profiles, identifying strengths,
and suggesting intervention strategies.

However, transitioning from traditional machine
learning to generative Large Language Models
(LLMs) in assessment contexts exposed critical
bottlenecks. 1. Formative Grounding: Ensuring
AI narratives remain strictly grounded in empirical

Data Type
Item score 0,1, 1, 0, 2, 0, . . .
Item response time 41, 112, 150, 292, ...
Item visit sequence 1,2,3,4, 3,4, 5, 6, 7, 14, . . .

Table 1: Multi-source data for one student on 15-item
block with a 30-minute time limit.

classroom practice rather than generating plausi-
ble but hallucinated pedagogical advice. 2. Infer-
ence Latency: There are concerns associated with
the prohibitive computational cost and processing
time, when feeding massive prompt payloads (in-
cluding few-shot examples and numerical feature
mappings) into the model context window.

The current paper departs significantly from the
above prior exploratory efforts by directly address-
ing these critical bottlenecks. Rather than focusing
purely on algorithmic exploration, this work oper-
ationalizes AI models into a deployable, scalable
infrastructure designed with educators in the loop,
transforming theoretical LLM capabilities into a
high-fidelity pipeline capable of generating safe
and formative feedback at scale.

3 Methodology
To realize the scalable, educator-in-the-loop infras-
tructure proposed above, we utilized a multi-phase,
human-centered AI research design. The methodol-
ogy traces the translation of raw multi-source data
through an initial teacher co-design pilot, subse-
quent architectural optimizations, and a final large-
scale system evaluation.

3.1 Data Source and Explainable Features
NAEP multi-source data used in this study are
the NAEP restricted-use data collected from 2017
Grade Eight Math assessment (NCES, 2021),
which include, for each student, item response
scores, item response times (in seconds), and item
visit sequences (refer to Table 1) on a released item
block.

A dozen explainable features (refer to Table 2)
were created from the multi-source data, which
were also visualized in the navigation and position
plots (refer to Figure 1 for details). These explain-
able features enable us to communicate with edu-
cators who participated in the study, as well as AI
agents.

3.2 Phase I: Teacher Training Module and
Co-Design Pilot

NAEP is well-known as the national report. How-
ever, participation in these NAEP assessments is
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Figure 1: Visualization of one student’s data. The navigation plot (upper panel) traces how a student worked through the
math problems on the studied item block (15 items within a 30-minute time limit). The text above the plot shows this student’s
overall score ( 5 out of 25), time spent (1815 over 1800 seconds), and total number of item visits (49). The x-axis shows the
step sequence the student took from one item to another. The Y-axis on the right shows the item sequence (1 - 15), associated
content area (algebra-ALG, data analysis and probability and statistics-DAP, geometry-GEO, measurement-MEA, and number
property and operation-NPO)s, and item difficulties (Easy, Medium hard,or Hard). In the legend, mid-low time, mid-high time,
and high time are defined as: between RR and 50%tile, 50%tile to 75%tile, and 75% to PL, respectively. The position plot
(lower panel) reflects where the student’s data features are positioned compared to their peers. This plot contains a few key
features, standardiazed within [0,1]. The background distribution dipicts that of the reference group, where each circle stands
for 50 students. Any value less that 50 are not shown. Because of the explainability of the features, the position plot provides
contexture information to understand a student’s performance and behaviors with their peers as a reference.
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Name Description Interpretation
Total score Sum of item scores Value range (discrete): [0, 25]. High value: good performance; low

value: low performance. Most important feature, affecting interpretation
of others.

Total time Sum of item response times Value range (continuous): (0, 1800]. Low value: less engaged; high
value: issues in time management. Important feature, affecting interpre-
tation of others

Total visit Sum of item visits Value range (discrete) [1, 73]. A student visiting all items just once
has a value of 14. Low value: few item visits/less engaged; high value:
issues in behavior regulation. Important feature, affecting interpretation
of others

Not-reached
(NR)

Number of not-reached items
(no response time)

Value range (discrete): [0, 14]. High value: worked on few items; low
value: worked on many items. Speeded: if non-zero NR & high time.

Rapid response
(RR)

Sum of rapid-responded items Value range (discrete): [0, 14]. Low value: more engaged; high value:
issues with effort. RR: likely not spent adequate time to understand/work
the item and associated with low effort and guessing an answer on a
mulitple-choice question.

Prolonged
time(PL)

Sum of items with prolonged
times (over 95 percentile)

Value range (discrete): [0, 6]. High value: likely struggling on a high
number of items. Non-zero value may indicate struggling, mostly due to
lack of knowledge and skills to solve the problem(s), and subsequently
led to NR items (i.e., test was speeded).

Navigation Reg-
ularity (Reg)

A measure to show whether a
student mostly followed the or-
der of item presentation on the
test

Value range (continuous): [0.23, 1]. High value: orderly navigation
through items (value of 1 indicates always moving forward or backward
one item a time; no skipping around); low value: irregularly navigated
through items. Also refer to item visit and jump related features for
context.

Max jump
length

Largest jump from one item to
another

Value range (discrete): [0, 14]. High value may indicate global review;
low value local review (moving frowrd or backward one item is counted
as no jump with a value of zero).

Max jump loca-
tion

Indicator to show from which
item the max jump occured.

Value range (discrete): [0, 15]. High value may indicate global review;
low value pre-review.

Table 2: Main features created and their interpretation. Revised and reproduced from (Guo et al., 2025) with the
studied data. Due to space limitations, detailed definitions for Reg and RR, for example, can be found in Guo et al.
(2025) and references therein.

limited to a representative sample, meaning most
teachers and students may never encounter the as-
sessments, let alone have the opportunity to engage
with NAEP’s granular process data (NCES, 2021).

The initial pilot involved a focused cohort of
nine educators with extensive (20-years or more)
teaching experiences. To assist participants to un-
derstand and interpret the multi-source data, we
conducted extensive training sessions to introduce
NAEP math assessments and student data, explain
the meaning of the features, and illustrate how to
read the plots. Participants were also instructed on
how the data may provide insights to contextual-
ize students’ performance. For example, Figure 1
shows that the student got a total score of 5 out of
25 points, used maximum testing time, and visited
the items 49 times. Combined with the granular
information, such as spending prolonged time on
Item 4 ( with three visits) and Item 5 ( with seven
visits), and frequent jumping between Item 6 and
Item 14, the data may indicate the student lacked
the knowledge and skills necessary to solve the
problems, had issues with regulating navigation be-

haviors and time management, but they persistently
tried hard on the assessment.

A dedicated teacher module (refer to Figure 2)
was developed to assist participants. On the mod-
ule, educators participated in three activities. In Ac-
tivity 1 – Student Experience and How students Per-
formed, teachers experience the NAEP Math assess-
ment themselves to know digitally-based NAEP
platform and understand under what circumstances
the multi-source data were collected. They also
have opportunities to explore how students per-
formed on those items.

A crew of agents (three teachers, one profes-
sional coach, and a researcher; similar to that used
in (Guo et al., 2025)) was experimented to create
structured narratives (student profiles, strengths,
areas for growth, and possible interventions). In
Activity 2 and Activity 3 – Evaluate AI Suggested
Narratives, student data and AI narratives are pre-
sented for teachers to elicit feedback, so that data
visualizations and AI narratives can be improved
for Phase II.
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Figure 2: The teacher module.

3.3 Phase II: Model Iteration and
Architectural Refinement

The experiment and formative feedback elicited
from the Phase I pilot cohort revealed major gaps
in the initial system design. First, we noticed that
the average inference time was unacceptably long,
taking three to five minutes per student, mainly
due to the crew of five agents. Second, the early
classification logic was deemed too generic to fa-
cilitate targeted interventions. Third, while educa-
tors found the visualizations of the multi-source
data highly valuable, they noted that the AI crew
generating narratives frequently suffered from task
confusion—blending raw statistical classification
with formative feedback, which occasionally led to
hallucination without data evidence.
Dual-Agent Architecture. To address these gaps,
we fundamentally restructured the system into a
decoupled architecture, explicitly separating cog-
nitive workloads between a Classification Agent
(Dr. Metric) and a Teaching Agent (Dr. Coach).
This decision stems from the established limita-
tions of monolithic LLMs, which frequently suf-
fer from task interference and elevated hallucina-
tion rates when simultaneously handling rigorous
analytical classification and generative tasks (Ji
et al., 2023). In educational contexts, attempting
to process complex empirical logs and synthesize
formative feedback within a single prompt often
yields ungrounded recommendations (Macina et
al., 2023). Because separating cognitive responsi-
bilities is a standard method for enforcing model
factuality (Du at al., 2023), this dual-agent design
is an architectural prerequisite for systemic safety.

This dual-agent system strategically decouples
cognitive responsibilities. Dr. Metric analyzes stu-

dent multi-source data and suggests a primary and
a secondary profile, Dr. Coach synthesizes data and
Dr Metric’s recommendation into growth-oriented
formative feedback in two sets of narratives (i.e.,
student strength, areas for growth, and potential
intervention based on learning science). The two
sets of narratives, as well as the opportunities to
enter text, provide more flexibility for teachers to
provide feedback based on their extensive knowl-
edge and teaching experiences (refer to Figure 4
for one student example).

Engineering optimzation. To eliminate the hal-
lucinations flagged in Phase I, we embedded the
expert language based on the Phase I participants’
feedback into profiling rubrics and a few-shot ex-
amples (consisting of data, profiles, and narratives)
for each profile. The structured rubrics helped Dr.
Metric to recommend two profiles aligned with data
evidence; these two recommended profiles, in turn,
enforced guardrails via Selective Few-Shot Learn-
ing (SFSL), to reduce latency and for Dr Coach to
ground narratives in teaching practice.

Figure 3 details the design of the dual-agent
system with SFSL in three stages. Stage I -
Initialization. The system prepares the environ-
ment by loading the necessary resources. This in-
cludes the Profile Rubric (guidelines for classifica-
tion improved upon Phase I study (refer to Table 4);
Few-shot Examples (demonstrations/context cre-
ated from Phase I study). It also instantiates the
two AI agents. Stage II: Agentic Reasoning. This
is the core processing stage where a student’s multi-
source data (input CSV) is ingested. Agent-1 per-
forms a zero-shot classification based on profile
rubrics and suggests primary and secondary student
profiles. The suggested two profiles guide Agent-2
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Figure 3: The dual-agent system

to select the two sets of relevant few-shot exam-
ples to generate data-driven AI narratives. Stage
III: Final Results. The system finalizes the output
and tracks performance. It calculates operational
metrics (such as running time) and records state
change (adding details on profile, strength, growth,
and intervention). Finally, the AI narratives are
written to a CSV file line-by-line for each student,
and any issues are captured in an Error Log.

3.4 Phase III: Large-Scale System Evaluation
To rigorously validate the finalized dual-agent in-
frastructure and answer our core research questions,
Phase III transitioned from iterative co-design to
a large-scale deployment simulation. The evalua-
tion was structured across two distinct dimensions:
teaching practice alignment (assessing system effi-
cacy and safety) and operational scalability (assess-
ing computational deployability).
Participants and Task Design. The expanded
evaluation phase involving 47 educators and a cor-
pus of over 2,000 students’ multi-source data. As
in Phase I, educators participated in the training
sessions, and then logged onto the teacher training
module (refer to Figure 2) to participate in the three
activities, presented with the dual-agent generated
growth-oriented narratives and the accompanying
multi-source visualizations (refer to Figure 4 for
the student example); this helps to simulate a real-
world deployment scenario. They also took an exit
survey to provide general feedback to the study,
particularly on how the AI-generated narratives in-
fluenced their understanding of the students.
Data Collection and Metrics: Operational Scala-
bility. Because the primary bottleneck in deploying
agentic architectures for large-scale assessments is
processing speed and compute cost, data collec-
tion focused on deterministic computational met-
rics rather than stochastic model variance to answer

RQ-1 (Latency & Scalability).
We systematically logged the system execution

time across the pipeline’s optimization iterations
when applying engineering techniques against a
baseline model (T-0) that uses numerical features,
feature mapping to natural language, and full few-
shot examples in the dual-agent framework (refer
to the first two columns in Table 3. These engi-
neering techniques are intended to reduce latency
and added to the baseline model one by one. T-1:
The selective few-shot learning, instead of inject-
ing the full few-shot examples (Dong et al., 2024).
Dr. Coach only reads those two sets of examples
associated with the two profiles recommend by Dr.
Metric. T-2: Use natural language as input, in-
stead of the numerical features with mapping. That
is, we prepared the numerical features into natural
language as input, so that the pipeline eliminates
the feature mapping data. T-3: Application-level
cache, which reduces the redundancy of generating
narratives for the same data patterns.
Data Collection and Metrics: Teaching Practice
Alignment. To directly address RQ-2 (Formative
Validity & Safety) and RQ-3 (Human-AI Augmen-
tation), data collection focused on both quantitative
human-AI agreement and qualitative user feedback
to measure the system’s utility as a collaborative
tool.

Each educator independently reviewed AI gen-
erated narratives. For each student, they first eval-
uated Dr. Metric’s profile classification against
the expert-validated rubrics; and then they evalu-
ated Dr. Coach’s suggested narratives on the stu-
dent’s strength, growth, and possible intervention
using their own teaching expertise and practical
knowledge. Human-AI Agreement rates on the
feedback quantify systemic safety and the elimi-
nation of hallucinations. Qualitative data analy-
sis on the exit survey is used to evaluate whether
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Figure 4: Data and visiualization (left) and AI narratives (right) for one student. On the screen, AI suggested narratives for this
student are presented (two profiles, two strength, two growth, and two interventions) for teachers to evaluate. In addition, space is
dedicated for teachers to enter comments. For this student, AI-suggested profile highlighted low performance, high time spent on
the test, but also acknowledged their strength in high engagement, persistent effort, and different strategies in solving problems.

these "first drafts" successfully revealed underlying
problem-solving behaviors—such as time manage-
ment, persistence, or rapid guessing—and whether
this multi-source perspective would help them to
design targeted pedagogical interventions without
increasing their overall cognitive burden.

4 Results
4.1 Operational Scalability
Table 3 details the execution time comparisons
across three optimization iterations (T-1 to T-3).
The baseline dual-agent system (T-0) exposed se-
vere In-Context Learning (ICL) token bottlenecks.
Processing a massive prompt payload—which
included exhaustive few-shot examples, expert
rubrics, and the complex mapping of numerical fea-
tures into natural language—resulted in prolonged
latency (averaging 90 seconds to generate forma-
tive narratives per student) and frequent API rate-
limit errors.

Implementation of the Selective Few-Shot Learn-
ing (T-1) shows that execution time dropped to 60
seconds (a 1.5x speed increase), mainly due to re-
duction of injected few-shot examples. Further

leverage of the explainability of the features via
converting students’ multi-source data directly into
descriptive text prior to inference (T-2), it drasti-
cally reduced the generation time to 15 seconds
(an additional 4x speed increase), due to the reduc-
tion of the heavy feature mapping. Finally, imple-
menting application-level caching via LangChain
(T-3) eliminated redundant queries for identical
profile combinations, lowering the average process-
ing time to just 5 seconds (an additional 3x speed
increase).

Working in concert, these three engineering opti-
mizations achieved an 18-fold reduction in overall
executing time and inference latency. The broader
trade-offs of these techniques—evaluating their im-
pact on narrative richness, formative accuracy, con-
sistency, data privacy, and latency—are synthesized
in Table 3 in details.

4.2 Formative Validity
To assess system safety and formative validity, we
quantified the alignment between the AI-generated
outputs and human expert evaluations. For each
participating educator, a composite human-AI
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Table 3: Comparison of Execution Time by Engineering Optimization

Techniques Pros Cons Latency

Base (T-0) Numerical features,
mapping, full demo

Nuanced info,
individualized feedback

High latency, risk of rate
limits

90s (1x)

T-1 Selective few-shot
demonstration

Focused dynamic
context, faster

Fewer examples exposed,
risk of less accurate
interpretation

60s (1.5x)

T-2 Natural language
features, no mapping

Privacy-friendly, fast
compute

Less nuance, risk of less
accurate interpretation

15s (6x)

T-3 Application-level cache Consistent narratives,
ultra-fast

Reduced language variation 5s (18x)

agreement score (Yes_Rate_Total) was computed
by calculating the proportion of affirmative re-
sponse ("Yes") across the two sets of narrative
dimensions (i.e., profile, strength, growth, inter-
vention). Figure 5 displays these agreement rates,
categorized by the primary set (left panel) and sec-
ondary set (right panel) generated by dual agents.
The results demonstrate a robust baseline consen-
sus, with agreement rates stabilizing at approxi-
mately 75% across the majority of the profiles.
This level of expert validation confirms that the
decoupled architecture effectively mitigates halluci-
nations, keeping the formative feedback grounded
in the empirical data. Notably, minor deviations
from this 75% average occurred within the "Un-
engaged/Minimal Effort" (right panel) and "Very
Low Performance / Low Engagement" (left panel)
profiles; however, these variances may be quantita-
tively attributable to the limited sample sizes within
these specific classifications (n < 5 and n < 45,
respectively) and contextually attribute to the chal-
lenges in identifying strength when students did
not engage.

4.3 Human-AI Augmentation
Evaluating the system’s true potential for human-
AI collaboration requires understanding its per-
ceived utility from the educator’s perspective.
Drawing on data from the post-evaluation exit sur-
veys, we assessed whether the participating educa-
tors felt these "first drafts" successfully revealed
underlying problem-solving behaviors and reduced
their analytical burden.

The exit survey data indicates that educators
strongly valued the multi-source data that inte-
grate performance with processes. Rather than
relying solely on a unidimensional performance
score, teachers reported that the multi-source data
visualizations were informative (which 80% of par-
ticipants rated as "good" or "excellent") and the

Teaching Agent’s narrative helped them concep-
tualize the students’ underlying behaviors (with
60% rating this generative capability as "good" or
"excellent"). The qualitative feedback underscored
these values: several educators noted that the sys-
tem helps "differentiate students’ needs" and pro-
vides "an idea for moving forward." One teacher
particularly appreciated the strength-based narra-
tives for lower-performing students, commenting
that "students would love to know that their ef-
fort was acknowledged." Another educator emphat-
ically stated that these data insights "should be the
starting point for any intervention."

Crucially, the system was not designed to re-
place human judgment, but to augment it. Survey
responses indicated a high perceived readiness to
translate these narratives into action. Educators
reported that having the raw data synthesized into a
structured "first draft" significantly lowered the cog-
nitive barrier to interpreting complex click stream
logs. By offloading the heavy computational task
of feature mapping and initial data synthesis to the
dual-agent architecture, educators found the system
"easy to navigate" and noted that it provided "pro-
ductive feedback" that "could save time." In other
words, such a system enables educators to more
rapidly extract data formative insights to guide tar-
geted interventions, confirming the framework’s
value as a collaborative asset.

5 Discussion and Conclusion
Phase III evaluation involving about fifty educators
and over 2,000 student profiles confirmed that the
proposed dual-agent architecture can effectively
translate complex, multi-source assessment data
into safe and actionable formative narratives. By
explicitly decoupling empirical classification from
narrative generation and introducing targeted archi-
tectural optimizations, this work demonstrates how
AI can move beyond general exploratory research
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Figure 5: The overall human-AI agreement rates by the primary profile categories (left panel) or the secondary profile categories
(right panel) by the dual-agents.

Table 4: Student Holistic Profiles and Corresponding Numeric Label

Profile ID Behavior Profile Description

1 Unengaged/Minimal Effort. Attempted few items or took minimal time
2 Very Low Performance / Low Engagement. Very low score despite reaching most items. Low effort (low

time/regular visit)
3 Low Performance / Basic Engagement. Low score, but completed most items with a consistent, low time

commitment. Low effort level
4 Low Performance / Persistent Effort. Low score, but used full/regular time. Engaged and navigated most

items with mixed, persistent strategies
5 Low Performance / Unregulated. Low score with high revisits and unregulated navigation. High

engagement but poor strategy/test speededness
6 Low Performance / Struggling & Engaged. Low score, high total time, and evidence of Prolonged Focus

on specific items. Lack of knowledge forced deep struggle
7 Medium Performance / Balanced. Consistent medium score, time, and visit behavior. Meets expected

performance and strategic norms
8 Medium-High Performance / Strategic Effort. Medium-to-high score. Good time use with some

Prolonged Focus (strategic engagement/struggle)
9 High Performance / Expected Strategies. High score with balanced time and visit behavior. Consistent,

efficient performance
10 Very High Performance / Mastery. Highest score. Expected time uses and navigation. Represents the

highest level of efficiency and content mastery

into a robust, deployable infrastructure to assist
educators.

By answering the three core research questions,
this study contributes to the advancement of human-
AI synergy in educational assessment in three key
areas: A. Engineering for Scalability. While many
agentic systems remain theoretical due to high com-
putational costs and inference latency, this study
contributes a validated blueprint for scalable de-
ployment. By integrating the selective few-shot
learning technique and natural language feature
translation, we achieved an 18-fold reduction in
inference latency. This technical innovation breaks
the primary bottleneck of large-scale assessments,
paving the way to transform agentic systems from
slow, offline tools into responsive computational
"teammates", and to potentially enhance the use
of assessment data . B. Operationalizing Human

Knowledge through Agentic Design. The proposed
dual-agent architecture is explicitly grounded in
human expertise. By leveraging formative find-
ings from our pilot study, we constructed expert-
validated profile rubrics and a repository of tar-
geted demonstration narratives (few-shot exam-
ples). Constraining the teaching agent with these
human-designed guardrails can effectively miti-
gate AI hallucinations, proving that generative
models are most reliable—and most educationally
valid—when strict empirical indicators dictate their
outputs. C. From Data Processing to Teacher Part-
nership. Ultimately, this work contributes to ad-
vances of the assessment field by redefining the role
of AI in processing multi-source data. We show
that by offloading the heavy cognitive burden of
interpreting click stream logs the AI, educators can
rapidly access the "invisible" underlying problem-
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solving behaviors of their students. Providing this
structured "first draft" of formative insights empow-
ers teachers to focus on their unique, irreplaceable
strengths: relationship-building and designing tar-
geted, empathetic interventions.

However, given the scope of the study, several
key limitations remain. First, although the decou-
pled system significantly reduces hallucinations via
human guardrails, the feedback generated remains
synthetic—it is based on retrieving and matching
data patterns rather than possessing a genuine cog-
nitive understanding of the student’s holistic con-
text. Second, while the evaluation utilized offline
and historical NAEP data to validate the architec-
ture, this approach does not sufficiently account for
live deployment challenges, specifically concern-
ing real-time data streaming infrastructure, data
privacy, and ethical compliance in active class-
rooms. Third, strict data privacy regulations and
the scarcity of high-quality, multi-source classroom
datasets necessitated the use of NAEP data to val-
idate this architecture. However, because NAEP
is fundamentally a summative, large-scale assess-
ment, translating its empirical logs into formative
classroom insights introduces an unavoidable infer-
ential gap. While our framework demonstrates the
mechanical feasibility of this translation, there re-
mains an inherent construct mismatch between the
macro-level policy design of NAEP and the micro-
level pedagogical needs of formative assessments.

Future work would focus on transitioning from
offline simulation to live classroom environments.
For example, the system can be deployed as a ‘well-
ness check’ for students to work through the NAEP
assessment, and for teachers to view their students’
performance and processes and prepare a formative
feedback based on AI narratives. When the system
is deployed in a human-in-the-loop pilot study in
classrooms, we could measure how teachers mod-
ify the AI-generated drafts before sharing them or
acting upon them. This textual "edit distance" will
serve as a quantitative metric for trust and practi-
cal utility. Furthermore, through the accumulation
of this teacher-edited feedback, future work could
compare the current dual-agent in-context learn-
ing performance against a fine-tuning approach,
which theoretically represents the highest form of
efficiency for inference.

Finally, while the immediate application of this
framework is to generate formative feedback, its po-
tential as a professional development tool is equally
significant. By exposing pre-service teacher and

educators with limited resource to these rich multi-
source data and AI-generated "first drafts," the
system can function as an educational simulator
to train educators to recognize complex engage-
ment patterns they might otherwise miss, effec-
tively preparing them for the next generation of
digital assessment systems.
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