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ABSTRACT
We present a methodology where LLM coding agents au-
tonomously improve classification prompts for behavioral
labeling of educational dialogues. In each iteration, a cod-
ing agent analyzes disagreements between classifier output
and human labels, then proposes theory-grounded prompt
modifications. Applying this to 659 AI tutoring sessions
with three agents and three classifiers, 4-fold cross-validation
indicated non-trivial gains on held-out data: the best agent
improved from baseline κ = 0.70 to test κ = 0.78 (SD=
0.12), at $5–8 per agent in Experiment 2. The process
also surfaced undocumented labeling patterns, and contin-
ued iteration beyond the optimum led to regression. Itera-
tion logs, prompts, and evaluation scripts are available at:
https://github.com/EasonC13/EDM26-Agents.
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1. INTRODUCTION
Understanding student behavior in tutoring dialogues is fun-
damental to improving educational technology. Detecting
patterns such as help-seeking, confusion, and disengagement
enables researchers to evaluate tutoring effectiveness and
design adaptive interventions [3, 1, 7, 8]. Yet behavioral
labeling remains a costly bottleneck: trained coders must
manually analyze hundreds of sessions, a process requiring
weeks of effort and limiting the scale of educational dialogue
research. LLMs offer a promising solution, achieving strong
performance on qualitative coding tasks [12, 11]. However,
developing effective prompts still relies heavily on researcher
trial-and-error over days or weeks.

We present an approach where LLM coding agents serve as

research teammates that iteratively improve labeling prompts
through systematic error analysis. In an exploratory phase, a
researcher collaborated with Claude Code over 21 iterations,
improving Follow-up Type κ from 0.59 to 0.68 at a cost of
$22 and surfacing a key insight: human coders consistently
treated expressions of confusion (“I don’t know,”“I’m stuck”)
as engagement rather than disengagement. To validate gen-
eralizability, we assigned the same task to three independent
coding agents (OpenAI Codex, Claude Code, Gemini), each
starting from scratch. On the development set, all three
improved substantially, with Codex and Gemini reaching
κ = 0.93. Since iterating on a fixed validation set risks over-
fitting, our primary evaluation uses 4-fold cross-validation:
the best agent achieved held-out test κ = 0.78 (SD= 0.12),
improving over the κ ≈ 0.70 baseline, at $5–8 per agent.
Agents independently converged on similar disambiguation
rules, suggesting the methodology identifies genuine patterns.
We also tested three classifier models (GPT, Claude, Gem-
ini), finding that same-family advantages manifest as faster
convergence rather than higher ceilings in development-set
analyses.

Our contributions are a collaborative agent-refinement work-
flow, held-out evidence of non-trivial generalization gains, an
analysis of regression beyond the optimal iteration, and a
demonstration that disagreement analysis can surface implicit
labeling criteria.

2. METHODOLOGY
Our work builds on help-seeking research in tutoring dia-
logues [3, 1], LLM-based qualitative coding in education [12,
11, 18, 20], human-in-the-loop educational judgment work-
flows [13, 2, 9, 10, 17], AI agents in education [5, 4, 6], and
automated prompt optimization methods such as APE, DSPy,
and OPRO [21, 15, 19]. Unlike metric-only prompt search,
our workflow uses coding agents to perform qualitative error
analysis and propose theory-grounded revisions under re-
searcher oversight. More specifically, prior work often studies
LLMs as collaborators in grading, feedback, or assessment,
whereas far less work examines how reliably coding-agent-
style systems can autonomously iterate on heuristic rules
or prompts for theory-grounded labeling tasks. This dis-
tinction matters for educational coding tasks, where prompt
changes can improve a metric while weakening pedagogical
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Algorithm 1 Agent-Driven Iterative Prompt Refinement

Require: Labeled validation set D, initial prompt P0, classi-
fier M , coding agent A

1: for i = 1 to max iterations do
2: Run classifier M with prompt Pi−1 on D
3: Compute κ and inspect disagreement patterns
4: Agent A proposes theory-grounded prompt changes
5: Researcher reviews and approves valid changes
6: Pi ← revised prompt
7: end for
8: return P ∗ = arg maxPi κ(Pi, D)

interpretation.

A coding agent receives a codebook, human-labeled valida-
tion sessions, and an evaluation script. In each iteration, it
runs the classifier (temperature= 0), computes Cohen’s κ,
analyzes disagreements against human consensus, and pro-
poses prompt revisions. The classifier is the model producing
labels; the coding agent is responsible for error analysis and
prompt revision. The researcher reviews proposed changes
to preserve construct validity and pedagogical faithfulness.

We used chatbot interaction data from an undergraduate dis-
crete mathematics course (∼120 students) at a large research
university. The course deployed an LLM-powered tutoring
system with a “Socratic guardrail”: the chatbot used hints
and guiding questions rather than direct answers. This set-
ting creates natural behavioral variation, as some students
engaged with the scaffolding while others attempted to ex-
tract solutions, making the labeling task both challenging
and educationally meaningful.

Our dataset comprises 659 sessions collected over two
semesters (Fall 2024 and Spring 2025), ranging from
brief clarification requests (1–2 exchanges) to extended
problem-solving dialogues (20+ exchanges). The median
session length was 6 exchanges (IQR: 3–12). Topics spanned
logic and propositional reasoning (28%), proof techniques
(35%), set theory (22%), and combinatorics (15%). For
validation, we randomly sampled 80 sessions stratified
by length and topic. Two trained research assistants
independently labeled these sessions after two calibration
meetings to align on codebook interpretation and edge cases;
the first author resolved disagreements through case-by-case
discussion, documenting reasoning for each adjudication.
This study was approved by our institution’s Institutional
Review Board (IRB); all student data were collected with
informed consent and de-identified prior to analysis.

Drawing on help-seeking theory [1], we defined three labeling
dimensions:

• Student Intent (Answer-Seeking, Help-Seeking, Other):
captures whether the student primarily wants the answer
or genuinely seeks to understand.

• Topic Type (Conceptual, Procedural): categorizes the
mathematical content as definitional or problem-solving.

• Follow-up Type (Engage, Escalate, Switch): characterizes
the student’s response to guidance. Engage includes ex-

Figure 1: Example tutoring dialogue. Such sessions were
labeled for student intent, topic type, and follow-up behavior.

pressions of confusion (“I don’t know”), since admitting
confusion signals continued cognitive engagement [14]. Es-
calate requires an explicit request for direct answers, while
Switch indicates topic abandonment.

Human coders achieved substantial inter-rater reliability: In-
tent κ = 0.78, Topic κ = 0.73, Follow-up κ = 0.70 [16]. Over-
all κ = 0.89 was computed over composite labels. To avoid
mixing metrics, we compare overall model performance only
against the human composite κ = 0.89, and per-dimension
results only against the corresponding human kappas.

3. EXPERIMENTS AND RESULTS
3.1 Cross-Agent Validation
To test whether the methodology generalizes across agent
architectures, we assigned the labeling task to three indepen-
dent coding agents: OpenAI Codex, Gemini Code Agent, and
Claude Code. Each received identical instructions and access
to the codebook, the 80 labeled sessions, and the evaluation
script. They worked independently, without access to each
other’s solutions. All used GPT-5.2 as a classifier for com-
parability. We kept the classifier fixed because the research
question is whether coding agents can improve prompts for
a downstream labeling model; using the agent itself as the
classifier would conflate prompt-refinement ability with label-
generation ability.

Starting from baseline κ ≈ 0.70, after approximately 10 iter-
ations ($5–8 per agent in Experiment 2), all three achieved
strong development-set reliability. Table 1 presents the re-
sults: Codex and Gemini tied at κ = 0.93, with Gemini
achieving the highest F1 (0.91). Figure 2 shows the progres-
sion, including regression when Codex was extended beyond
its v7 optimum through v10 (κ dropped to 0.91, with Follow-
up Type declining from 0.83 to 0.75), demonstrating that
more iterations do not always yield improvement. The hard-
est dimension was Follow-up Type: across agents, much of
the eventual gain came from converging on the rule that
confusion expressions should default to Engage unless paired
with an explicit request for direct answers.
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Table 1: Cross-agent validation results (development set). Best performance shown for each agent.

Agent Ver. Overall κ F1 Intent κ Topic κ Follow κ Cost

Codex v7 0.93 0.88 0.84 0.85 0.83 $8

Gemini v9 0.93 0.91 0.85 0.81 0.87 $7

Claude Code v5 0.91 0.79 0.73 0.78 0.88 $7

Human – 0.89 – 0.78 0.73 0.70 –
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Figure 2: Overall κ progression across iterations. Codex and
Gemini both reached κ = 0.93. Continued iteration led to
regression for Codex after v7. Dashed line: human baseline
(κ = 0.89).

Table 2: 4-fold cross-validation results (held-out test κ). Base-
line κ ≈ 0.70 for all agents.

Agent Fold 0 Fold 1 Fold 2 Fold 3 Mean ± SD

Codex 0.85 0.61 0.88 0.79 0.78 ± 0.12

Claude 0.71 0.81 0.84 0.66 0.76 ± 0.08

Gemini 0.71 0.67 0.88 0.63 0.72 ± 0.11

Despite working independently, agents converged on similar
disambiguation rules: (1) Switch reserved for truly unrelated
topics; (2) Escalate requires explicit answer requests; (3) En-
gage as default for continued dialogue, including expressions
of confusion. This independent convergence across three
architectures suggests the methodology identifies genuine
patterns rather than agent-specific artifacts.

3.2 Cross-Validation
Because all three agents iterated on the same 80 sessions,
strong development-set performance may reflect overfit-
ting. To assess generalization, we conducted a 4-fold
cross-validation, splitting the 80 sessions into four folds of
20 sessions each, stratified by intent distribution. We chose
4-fold rather than 10-fold because with three multi-class
dimensions, 8-session folds risk zero instances of rare
categories (e.g., Switch), making κ estimation unreliable.
For each fold, agents developed prompts using 60 training
sessions and evaluated on 20 held-out sessions (113 total
iterations across all agent-fold combinations).

Table 2 reveals substantial overfitting: Codex dropped from

Table 3: Best development-set κ across classifiers.

Agent GPT Claude Gemini
Codex 0.93 0.93 0.87
Claude Code 0.91 0.91 0.89
Gemini 0.93 0.85 0.92

development κ = 0.93 to test 0.78; Claude from 0.91 to 0.76;
Gemini from 0.93 to 0.72 (∆κ ≈ 0.15–0.21). Nevertheless,
the methodology shows improvement over baseline: all agents
improved from baseline test κ ≈ 0.70 to 0.72–0.78 on held-out
data. The best result (Codex, κ = 0.78, SD= 0.12) remains
below human composite agreement (κ = 0.89), so the held-
out result should be interpreted as a meaningful gain over
baseline rather than as surpassing human overall agreement.
Variance across folds (SD= 0.08–0.12) reflects sensitivity to
fold composition given the small validation pool.

3.3 Classifier Effects
We also explored whether a “same-family advantage” exists
when agent and classifier share the same model architecture.
These comparisons are descriptive development-set analyses
rather than held-out cross-validation results. Same-family
pairings generally converged faster, but did not consistently
produce higher ceilings. For example, Gemini Agent reached
κ = 0.92 by v5 with Gemini but required v9 to reach 0.93
with GPT, while Codex reached 0.93 with both GPT and
Claude but showed smoother convergence with GPT. Overall,
classifier choice appears to matter more for iteration dynam-
ics than for the final peak achieved on the development set.

4. DISCUSSION AND CONCLUSION
Convergent solutions and tacit knowledge. The most striking
finding is independent convergence across Codex, Claude
Code, and Gemini. Despite different model families, all
three agents moved toward similar disambiguation rules,
especially around the treatment of confusion expressions.
The key rule, “confusion = engagement,” was absent from the
original codebook and emerged through systematic human-
AI disagreement analysis, aligning with productive failure
theory [14]. This suggests that the agent workflow can do
more than optimize prompts: it can help surface tacit labeling
criteria that researchers already apply but have not yet
articulated explicitly.

Iteration dynamics and stopping rules. Continued iteration
beyond the optimum can hurt performance through over-
correction or output instability. In practical terms, once
an agent reaches strong agreement, additional rules may
introduce new errors while fixing only a handful of old ones.
Our results therefore support a simple stopping principle:
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use held-out validation to select the best prompt version
rather than assuming the latest version is the best. This is a
straightforward methodological recommendation for prompt-
engineering research that has often been missing from prior
educational coding work.

What the classifier comparison suggests. The classifier com-
parison adds a more tentative point. Same-family pairings
did not consistently yield higher final peaks, but they of-
ten converged faster. That pattern suggests that model
family may matter more for the efficiency and stability of
iteration than for the final achievable performance. Because
these analyses remain development-set only, we treat them
as exploratory.

Practical implications for educational research. From an ap-
plied perspective, the workflow lowers the cost of rigorous
dialogue coding. Each agent required only $5–8 for roughly
ten iterations, and the total researcher effort remained modest
compared with traditional multi-coder training and calibra-
tion. The gains are not large enough to claim that agents
replace human agreement, but they are meaningful enough to
support hybrid workflows in which agents accelerate prompt
refinement, expose edge cases, and reduce the manual burden
of theory-grounded labeling.

Prompt strategies and why they mattered. A useful secondary
observation is that not all prompt-revision styles behaved
the same way. The strongest prompts tended to make cat-
egory boundaries explicit through ordered decision rules,
especially for the hardest dimension, Follow-up Type. In
contrast, more heuristic prompt language left greater inter-
pretive burden on the downstream classifier. This matters for
educational dialogue coding because the task often hinges on
subtle distinctions such as confusion versus disengagement, or
productive help-seeking versus answer-seeking. Our results
therefore suggest that for nuanced theory-grounded coding
tasks, agents are most helpful when they distill tacit quali-
tative judgments into concrete disambiguation rules rather
than merely adding more examples or longer prose.

Recommendations for future users of this workflow. Two prac-
tical recommendations follow. First, researchers should begin
with a compact prompt derived directly from a codebook,
then let the agent target the weakest dimension rather than
modifying all dimensions at once. Second, they should save
richer artifacts than we did here: fold assignments, selected
prompt versions, and per-dimension held-out outputs. Doing
so would make later audit, replication, and paper writing
much easier.

What the remaining errors suggest. Our error analysis also
points toward concrete future directions for educational dia-
logue research. Remaining disagreements clustered into four
recurring patterns: ambiguous intent, context-dependent
interpretation, multi-turn dynamics, and rare interaction
patterns. Some were cases of genuinely ambiguous intent,
where even human coders disagreed before adjudication. Oth-
ers reflected context dependence across turns, where the same
phrase could signal productive confusion in one exchange
and frustration in another. These patterns suggest that fu-
ture systems may benefit from richer representations than
single-label session coding alone, such as turn-level coding,

uncertainty-aware labeling, or multi-label treatments for bor-
derline cases. In that sense, the present workflow is useful
not only for prompt optimization but also for diagnosing
where the current coding ontology itself begins to strain.

Why human oversight remains important. One lesson from
the full iteration history is that higher agreement alone is
not always enough. Some prompt changes initially looked
attractive because they improved a subset of cases, but
they did so by blurring theoretically meaningful distinctions.
Human review therefore remains central, not as a bottleneck
to eliminate, but as the mechanism that keeps the refinement
process aligned with pedagogical constructs rather than with
metric chasing alone.

Limitations. The study also has clear limitations. The
80-session validation set limits statistical power and cre-
ates overfitting risk, and we did not retain fold-level per-
dimension held-out artifacts or full fold metadata in the
current supplementary release. Thus, our preserved held-out
evidence is stronger for overall composite performance than
for dimension-specific generalization. Because fold sizes are
small, we treat differences between agents and classifiers
descriptively rather than as statistically significant. Cross-
validation also provides a held-out estimate within the 80-
session pool, not a completely untouched final test set from
the broader 659-session corpus. We also relied on commercial
models and coding-agent frameworks, which limits exact re-
producibility despite releasing prompts, logs, and evaluation
scripts. We did not compare against fine-tuned models, and
session-level classification cannot capture within-session in-
tent shifts. Finally, although the coding scheme transfers con-
ceptually to other tutoring contexts, some decision rules are
domain-shaped by mathematical dialogue and would likely
need adaptation in writing, science, or language-learning
settings.

Why this matters methodologically. Prompt engineering for
educational coding should be documented as a process rather
than reported only as a final prompt plus a final score.

Overall, the results suggest that LLM coding agents can act
as collaborative partners in codebook development, yielding
held-out gains and useful stopping rules.

The agent’s iteration logs, prompts, and evaluation scripts are
available at: https://github.com/EasonC13/EDM26-Agents.
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