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Abstract

Collaboration supports learning and problem-solving, but its
effectiveness depends on cognitive engagement during dis-
course. This study applies an extended 7-point ICAP frame-
work based on the Interactive, Constructive, Active, and Pas-
sive modes to characterize variation in cognitive engagement
during collaborative dialogue. Engagement was coded by
trained human annotators and compared with large language
model (LLM)-based labeling approaches, including in-context
learning (ICL), zero-shot prompting, and self-reflective agents.
Interrater reliability among human annotators was robust
across framework refinement stages (k = 0.906-0.998), higher
than the moderate agreement observed for ICL-based annota-
tion (k = 0.541-0.609). The human-refined framework im-
proved agreement among human annotators (Ax = 0.10), but
produced only modest gains for ICL-based LLMs (Ak < 0.04).
Agent-refined frameworks improved cross-model agreement
but remained below the human-refined framework. These find-
ings highlight the promise of agent-based approaches and the
importance of continued interaction between theory-guided
human annotation and LLM-based methods in future work.

Keywords: Collaborative Learning, Interrater Reliability,
Large Language Models, In Context Learning, LLM Agents

Introduction

Collaboration is widely recognized as a powerful context
for learning and problem solving (Nokes-Malach, Zepeda,
Richey, & Gadgil, 2019). It has the potential to enhance not
only group performance on the task at hand but also subse-
quent individual problem solving (Laughlin, Carey, & Kerr,
2008; Lippold, Schulz-Hardt, & Schultze, 2021). However,
simply working in groups is not always sufficient to produce
meaningful gains (Do & Thomas, 2025). Productive collabo-
ration depends on the extent to which learners engage in high-
quality dialogue that supports the generation, refinement, and
integration of ideas (Barron, 2003; Dillenbourg, 1999).

In the present study, we measured cognitive engagement
in collaborative discourse using complementary approaches
based on trained human annotation and large language mod-
els (LLMs). Human annotators can identify theoretically
meaningful distinctions in discourse through contextual inter-
pretation and structured coding frameworks (Chi, 1997; Krip-
pendorff, 2018), whereas LLM-based methods offer strong
potential for scalable analysis across large datasets (Gilardi,
Alizadeh, & Kubli, 2023; Tan et al., 2024). We evaluated the
reliability of LLM-based approaches for characterizing cog-
nitive engagement and supporting refinement of the engage-
ment framework relative to trained human annotation.

Cognitive Engagement in Collaborative Discourse

A prominent theoretical framework for characterizing cog-
nitive engagement is the ICAP model, which distinguishes
Passive, Active, Constructive, and Interactive modes of en-
gagement based on whether learners contribute information
beyond what is already available and whether they coordinate
their reasoning with others (Chi, 2009; Chi & Wylie, 2014).
Passive engagement involves attending without overt contri-
bution, whereas active engagement involves participation that
supports the discussion without introducing new understand-
ing such as expressing agreement or repeating what was al-
ready stated. Constructive engagement involves extending
understanding by generating explanations, summaries, inter-
pretations, or questions. Interactive engagement involves sus-
tained exchanges in which learners build on one another’s rea-
soning. These modes form an ordered hierarchy of engage-
ment, with interactive engagement associated with the most
robust learning outcomes, followed by constructive, active,
and passive engagement (Menekse, Stump, Krause, & Chi,
2013).

In collaborative problem-solving settings, important varia-
tion can arise within the same mode of participation, as learn-
ers’ contributions differ in their depth and quality of engage-
ment. For example, within the passive category, remaining
silent reflects a different level of involvement than provid-
ing brief acknowledgments (e.g., “yes” or “uh-huh”), which
signal attention and help maintain coordination among group
members (Schegloff, 1982). Questions also vary in how
much they advance understanding: simple clarification or
fact-checking questions reflect active engagement, whereas
higher-level “how” or “why” questions extend the discus-
sion and signal movement toward constructive engagement
(Graesser & Person, 1994; King, 1992). Similarly, contri-
butions can range from partially developed ideas to well-
supported explanations articulated with a clear rationale, with
more elaborated explanations associated with greater learn-
ing (Lachner, Russ, Hiibner, Sibley, & Scheiter, 2025). In-
teractive engagement likewise varies in depth, depending on
whether learners briefly respond to others’ ideas or engage
in sustained exchanges that iteratively refine interpretations.
Short sequences of constructive turn-taking reflect emerging
coordinated reasoning, whereas extended back-and-forth ex-
changes reflect more sustained co-construction of shared un-
derstanding (Stahl, Koschmann, & Suthers, 2006).
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To represent these gradations while preserving the theoreti-
cal ordering of engagement proposed in the ICAP framework,
engagement in the present study was coded using a 7-point
scale anchored to the four engagement modes. Introducing
intermediate levels between adjacent categories allowed us
to capture differences in participation when instances did not
align cleanly with a single mode. This approach enables more
fine-grained analyses of how engagement unfolds over time
and provides a foundation for examining how subtle differ-
ences in participation may contribute to variation in learning
outcomes during collaborative problem solving.

Large Language Models for Text Analysis

LLMs have increasingly been applied as scalable tools in
psychological research, particularly for text-based labeling
tasks in which models assign psychological categories to
qualitative responses or discourse segments (Bermejo, Gago,
Giélvez, & Harari, 2025; Lu, Zhang, & Wang, 2025). For ex-
ample, prior work has shown that a fine-tuned GPT-3 model
can outperform traditional manual coding in capturing or-
chestration actions in collaborative learning scenarios, high-
lighting the potential of LLM-based coding in complex psy-
chological and educational contexts (Amarasinghe, Marques,
Ortiz-Beltran, & Hernandez-Leo, 2023).

One capability of LLMs that has recently received particu-
lar attention is in-context learning (ICL) (Brown et al., 2020).
This approach allows models to perform unseen tasks without
retraining or updating weights by conditioning on a number
of examples provided in the prompt. In some cases, ICL can
achieve strong performance that approaches or even matches
the performance of fine-tuning (Yin et al., 2024). Despite
its effectiveness, it also has important limitations. Previous
research has shown that ICL is highly sensitive to prompt
design, as the selection, ordering, and quality of examples
may lead to various outcomes (Liu et al., 2021). Furthermore,
standard ICL lacks explicit, systematic, and persistent mech-
anisms to support complex, multi-step annotation pipelines
that require ongoing iteration, feedback, and reflection.

In contrast to the one-shot prompting paradigm of standard
ICL, LLM-based agents support more interactive workflows
that enable decision-making and multi-step reasoning (Xi et
al., 2023). These agents can maintain state across turns, per-
form iterative reasoning, and take actions, which may make
them better suited for complex labeling tasks and more com-
plicated systems. Accordingly, recent work has explored the
use of LLM agents to support annotation processes. For
example, MEGAnno+ proposes a collaborative annotation
framework in which humans and LLMs jointly generate re-
liable labels (Kim, Mitra, Chen, Rahman, & Zhang, 2024).
Similarly, recent work introduces a multi-agent system that
coordinates task assignment, data labeling, and quality man-
agement within the annotation pipeline (Qin et al., 2025).
Motivated by these developments, the present study compares
human annotation, ICL-based labeling, and LLM agent-based
approaches for coding cognitive engagement in collaborative
discourse.

The Present Study

The present study used an extended 7-point scale based on
the ICAP framework to capture different levels of cogni-
tive engagement during collaborative problem solving. Prior
work has shown that extensions of the ICAP framework can
help capture finer-grained variation in learners’ cognitive en-
gagement in collaborative learning contexts (Vosniadou et al.,
2023). Building on this line of work, trained coders in the
present study annotated learners’ behaviors and iteratively re-
fined category boundaries and coding criteria across two ver-
sions.

To compare human annotation with automated methods,
we evaluated LLM-based labeling under both ICL and agent-
based settings. LLM-based approaches can achieve relatively
high accuracy using ICL and fine-tuning in cognitive research
involving text analysis (Yin et al., 2024; Amarasinghe et
al., 2023). However, ICL relies on single-pass prompting,
which may limit agreement with human annotation. Work
on agentic LLM systems has explored interactive workflows
to improve annotation efficiency, cost control, and coordi-
nation (Kim et al., 2024; Qin et al., 2025). Yet these ap-
proaches typically do not model iterative reflection and re-
finement of the coding framework in response to ambigu-
ous cases, as human annotators do. To address this gap,
we propose an agentic LLM system that assigns labels while
identifying ambiguities and iteratively refining the coding
framework. We conducted a comparative evaluation of three
methods—human annotation, ICL-based labeling, and agent-
based LLM annotation—to examine differences in annotation
reliability and framework refinement. Our code is available at
https://github.com/HanlingJ/human-icl-11lm-agent.

Method
Task and Dataset

We measured cognitive engagement during collaborative
problem solving by analyzing discourse from three-person
groups solving a logical inference task in which ten letters
(A-J) were randomly assigned numerical values (0-9) with-
out replacement. Participants inferred these hidden assign-
ments through iterative reasoning across multiple trials (Do
& Thomas, 2025). On each trial, groups proposed an arith-
metic expression using letters and + or — signs (e.g., A+ B),
received the result in letter form (e.g., CE), and then guessed
the value of one letter with immediate feedback. This struc-
ture enabled trial-level coding of individual cognitive engage-
ment as groups progressed toward solving the full mapping.

Participants were undergraduate students at the authors’
institution. All participants provided informed consent, and
their discussions were video-recorded and transcribed. The
final dataset included 42 group conversations (averaging 11
minutes and six trials per group).

Human Annotation of Cognitive Engagement

Two trained annotators classified cognitive engagement in the
collaborative discourse. We used an extended 7-point scale
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based on the ICAP framework to capture intermediate lev-
els of engagement between the four original modes (Chi &
Wylie, 2014). Annotators labeled participants’ cognitive en-
gagement on each trial of the task, including both the expres-
sion and the subsequent guess.

The 7-point scale ranged from low to high engagement.
Level 1 (Passive) reflected listening without overt contribu-
tion. Level 2 captured minimal responses while primarily lis-
tening (e.g., brief acknowledgments such as “uh-huh”). Level
3 (Active) included observable participation such as express-
ing agreement or repeating a peer’s statement. Level 4 (Ini-
tiating Constructive) represented emerging constructive en-
gagement, such as asking higher-order “how” or “why”’ ques-
tions or introducing new input without elaborated reasoning.
Level 5 (Constructive) involved proposing a new expression
or guess with reasoning. The highest levels reflected sus-
tained interactive engagement. Level 6 consisted of two-
turn exchanges between constructive participants, and Level
7 consisted of three or more back-and-forth turns in which
group members jointly developed or defended ideas. A turn
was defined as all utterances produced by one speaker until
another speaker began speaking.

Annotators independently coded group conversations and
met regularly to resolve disagreements through discussion.
This annotation process unfolded in three stages, reflecting
the gradual refinement of the 7-point scale (Appendix D).

Stage 1 (Video data 1-10) included 306 labeling and
reasoning samples. During this stage, the first author
worked with the two annotators to establish and refine
the rules and criteria for the 7-point Likert scale adapted
from the ICAP framework. This version is referred to
as Criteria Version 1. The first author served as a me-
diator, helping the annotators resolve disagreements and
reach consensus.

Stage 2 (Video data 11-31) included 660 labeling and
reasoning samples. The two annotators worked inde-
pendently without mediator involvement, applying the
criteria developed during Stage 1. They met after every
two videos to discuss their annotations and resolve dis-
agreements on their own, without additional guidance.

Stage 3 (Video data 32-42) included 315 labeling and
reasoning samples. Following Stage 2, the first author
and two coders collaboratively developed Criteria Ver-
sion 2, with more detailed coding criteria. All videos in
Stage 3 were coded using this revised framework. Anno-
tators were asked to reference specific codebook criteria
to justify their classifications of each behavior.

LLM Model Selection

Two models were used in this study: GPT-40 (OpenAl et al.,
2024) and GPT-5.2 (Singh et al., 2025). Given the complex-
ity of the task, we selected relatively advanced models, as
prior work suggests they demonstrate stronger reasoning and
produce more structured outputs.

In-context Learning

ICL was used to adapt the LLM to the cognitive engagement
annotation task using a few examples provided in the prompt,
without retraining or parameter updates. This approach al-
lowed us to compare machine-based annotation with human
annotators and examine whether different versions of the en-
gagement criteria produced similar improvements in agree-
ment across methods.

Data Splitting. For ICL, our trained human annotators
segmented the video transcripts into trials by identifying the
start and end of each trial. These trial-level segments were
then used as inputs to the LLMs.

Algorithm 1: ICL for Annotation

Input: Criteria C; labeled examples {(x;,y;, 7;)}; data
Xx.
Qutput: Predicted label §, reasoning 7 .

1. Build prompt.
P+I|C // instructions and criteria
foreach example (x;,y;,r;) do

| P Pl (xiyim)
P+ P|x

2. Ask the LLM.
9, F < LLM fo(P)

// add ICL examples
// add the data sample

// LLM generates the answer

Prompt and Examples. Our prompt followed this format:
task description, output rules, the 7-point scale, labeled exam-
ples and test samples, and a final emphasis on the output rules
(Appendix A). The ICL examples were drawn from the hu-
man coders’ consensus codebook, in which all disagreements
were resolved and final labels were jointly agreed upon by
both annotators. These annotations were used as the ground
truth for constructing ICL examples and evaluating model
performance. Examples were randomly sampled from a sep-
arate transcript that was strictly disjoint from the test tran-
script, ensuring no overlap between the example and test data.

Self-Reflective Agent

Inspired by the iterative refinement process of the two human
coders, we designed an LLM-based agent that performed both
annotation and framework refinement. After labeling each
data sample, the agent performed reflection to identify am-
biguities in the current framework and made decisions about
whether to modify, add, delete, hold, or merge classes before
proceeding to subsequent samples (Appendix C).

The agent first labeled each sample, then identified weak-
nesses in the current framework and generated reflections
and revision suggestions (Appendix B). At each iteration, the
agent retained short-term memory of the three most recently
labeled samples and the three most recent versions of the cri-
teria, which served as context for reflection and labeling the
next sample. This iterative memory enabled progressive self-
refinement beyond a single-prompt labeling setup.
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Results
Interrater Reliability

We used three agreement coefficients: quadratic weighted
kappa (QWK) (Fleiss & Cohen, 1973), Krippendorff’s o
(Hayes & Krippendorff, 2007), and Randolph’s k (Randolph,
2005). QWK captures chance-corrected agreement on the ex-
tended 7-point scale. Krippendorff’s o is a standard reliabil-
ity index in content analysis. Randolph’s x is a free-marginal
reliability coefficient that is less sensitive to class imbalance
than fixed-marginal kappa measures. Together, these metrics
provide converging evidence for the reliability analyses.

We compared the original ICAP framework with the ex-
tended 7-point scale using zero-shot learning (Table 1). In-
terrater reliability between the two models increased sub-
stantially when using the 7-point scale (AQWK = 0.261,
ARandolph’s k¥ = 0.427, AKrippendorff’s o = 0.352), sug-
gesting that the extended framework supports more consistent
annotation. Additional results with the 7-point scale across
human annotators, ICL, and LLM agents are reported in Ta-
ble 2.

Table 1: Interrater Reliability Between GPT-5.2 and GPT-40
With Zero-Shot Labeling Across Two ICAP Versions.

Metric 7-point Scale  Original ICAP
QWK 0.874 0.613
Randolph’s K 0.609 0.182
Krippendorff’s o 0.839 0.487

Human-Human and Agent-Agent Reliability. Interrater
agreement between the two human annotators (H 'H?y was
high in Stage 1 (QWK = 0.906; Krippendorff’s a = 0.873)
and increased further as the framework was refined, reach-
ing near-perfect agreement by Stage 3 (QWK = 0.998; o =
0.999). Overall, reliability between the two human coders
was very high (QWK = 0.974; Randolph’s x = 0.894).

Agreement between the two LLM agents (A'A?) was sub-
stantial but lower than human—human agreement. During the

Algorithm 2: LL.M-based Agent with Reflection and
Criteria Update

Input: Initial criteria C(); data {x,}7_,.
Output: Annotations {(x;,J,7)} ; Updated criteria
C(final)

forr < 1to T do

1. Label current sample

Piaper < instructions, criteria C, history Hp, s with
most recent K samples, and sample x;

(yh ?t) < LLM fo (Plabel)

2. Reflect on criteria
Build P,y from C, Hp, s, and (x;,¥;,7;)
A< LLM fo(Pref) // choose action

3. Update criteria
C < APPLYCHANGES(C,A)

4. Update history
Append (x;,3,7) to Hyy

return All annotations, H history with all versions of
the criteria and reflection, the final criteria
cUinal) .

refinement process, the agents reached QWK = 0.841. After
applying their separately refined frameworks under zero-shot
prompting, agreement ranged from QWK = 0.655 to 0.790,
suggesting variability in annotation consistency across foun-
dation models. More advanced models may support more sta-
ble and reliable framework refinement.

Human-Machine Reliability. For machine-based anno-
tation using GPT-5.2 with ICL prompting, human—machine
QWK values ranged from 0.593 to 0.655 across stages and
criteria versions, with Krippendorft’s o around 0.575-0.641.
The human-refined framework produced only small changes
in reliability from Criteria Version 1 to Version 2 (overall
AQWK = 0.01-0.04), in contrast to the larger gains observed
for human-human agreement. A similar pattern held for
GPT-40, with overall QWK remaining around 0.585-0.631.
Differences between ICL and zero-shot prompting were also
modest and sometimes favored zero-shot, indicating that few-
shot prompting with human examples did not consistently im-
prove human—machine reliability on this task.

Machine-Machine Reliability. Machine-machine reli-
ability was higher than human-machine reliability but re-
mained lower than human—human agreement. Under the ICL
setting, QWK was 0.882 for Criteria Version 1 and 0.851
for Version 2, with corresponding Krippendorff’s o values
of 0.847 and 0.810, respectively. Zero-shot prompting us-
ing human-refined framework produced slightly higher agree-
ment (QWK = 0.894 and 0.874), suggesting that in-context
examples did not improve annotation consistency once a clear
framework was provided. Overall, agreement remained sta-
ble across prompting conditions, with only modest reliability
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Table 2: Interrater Reliability Across Human Coders, ICL and LLM Agents throughout Criteria Refinement Process

Agreement be- ICL setting Model Condition QWK Randolph’s-k  Krippendorff’s-a
tween
N/A Stage 1 0.906 0.705 0.873
o2 Stage 2 0.986 0.937 0.981
Stage 3 0.998 0.986 0.999
Overall 0.974 0.894 0.966
AlA? N/A Refinement Stage 1 0.841 0.600 0.823
ICL GPT-5.2 Cri-V1 Stage 1,2 0.655 0.354 0.641
Cri-V2 Stage 3 0.593 0.351 0.575
Cri-V1 Overall 0.631 0.327 0.622
Cri-V2 Overall 0.635 0.369 0.622
Zero-shot GPT-5.2 Cri-V1 Stage 1,2 0.649 0.315 0.624
Cri-V2 Stage 3 0.518 0.255 0.580
Cri-V1 Overall 0.629 0.300 0.613
H*M Cri-V2 Overall 0.608 0.353 0.594
ICL GPT-40 Cri-V1 Stage 1,2 0.631 0.340 0.616
Cri-V2 Stage 3 0.585 0.417 0.589
Cri-V1 Overall 0.607 0.323 0.594
Cri-V2 Overall 0.589 0.367 0.569
Zero-shot GPT-40 Cri-V1 Stage 1,2 0.640 0.323 0.626
Cri-V2 Stage 3 0.523 0.332 0.509
Cri-V1 Overall 0.624 0.315 0.617
Cri-V2 Overall 0.576 0.341 0.559
ICL Cri-V1 Overall 0.882 0.541 0.847
Cri-V2 Overall 0.851 0.594 0.810
Cri-V1 Overall 0.894 0.547 0.853
1172 )
MM Zero-shot Cri-V2 Overall 0.874 0.609 0.839
Zero-shot Cri-A' overall 0.655 0.406 0.636
Cri-A? overall 0.790 0.588 0.762

Note: H' and H? denote the human coders. A' and A denote the GPT-40 and GPT-5.2-based agents. “Cri-V1” and “Cri-V2”
refer to the human-refined criteria versions, whereas “Cri-A'” and “Cri-A2” refer to the criteria refined by the GPT-40 and
GPT-5.2 agents. H*M indicates agreement between the human consensus annotations and an LLM, whereas M'M? indicates
GPT-40 vs. GPT-5.2 agreement. “Stage” refers to phases of human annotation, and “Overall” aggregates results across all
videos and stages. Purple represents the highest agreement values under each condition, and red represents the lowest.

gains from the human-refined framework.

Human Annotation Disagreements and Framework
Refinement

Human disagreements occurred most frequently between
Levels 4 and 5 (24% of all disagreement pairs), followed by
Levels 5 and 6 (17%) and Levels 3 and 4 (16%), although
this pattern may partly reflect the higher frequency of Level
5 behaviors. The confusion matrices further showed bidirec-
tional confusion across levels (Figure 2). When one annotator
coded Level 4, the other coded Level 5 in 11-23% of cases.
A similar pattern was observed between Levels 5 and 6, with
13-22% of Level 6 ratings coded as Level 5 by the other an-
notator. Together, these findings indicate greater ambiguity
in the mid-level categories than at the endpoints of the scale.

Consistent with this pattern of disagreement, human an-
notators made the most revisions to the mid-level categories,
adding more detailed criteria to distinguish among Levels 3—
5 (Appendix D). Across the agent refinement process, Lev-
els 3-5 likewise underwent more modifications than the other
levels (Figure 3), mirroring the refinement trajectory ob-
served for human coders. Although agents could take mul-
tiple types of refinement actions, they only modified existing
levels and did not add, merge, or remove any categories, pre-
serving the seven-level structure throughout refinement.

Discussion

The present study highlights both the promise of LLM-based
agent annotation and important differences in how engage-
ment coding frameworks operate for human versus LLM-
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right plot shows (1 — CosSim) between the Criteria Version 1
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based annotators. Human coders showed consistently high
interrater reliability across the three stages of annotation,
indicating that continued training and clarification of cate-
gory definitions improved agreement. LLM-based annotation
also showed moderate to relatively high interrater reliabil-
ity in machine-machine and agent—agent agreement. How-
ever, agreement between human and LLM-based annotations
remained more moderate, indicating that consistency within
LLM-based annotation does not necessarily translate into
closer alignment with human coding. Furthermore, apply-
ing the same human-refined criteria produced only small and
sometimes inconsistent changes in reliability for LLM anno-
tators across annotation stages, suggesting that refinements
optimized for human interpretation do not directly translate
into comparable improvements for models through modifica-
tion of the task instruction in the prompt alone.

Our results also indicate that ICL does not necessarily
enhance annotation consistency for LLMs in this setting.
Across criteria versions and model configurations, ICL and
zero-shot prompting produced similar levels of agreement,
and in several cases zero-shot prompting slightly outper-
formed ICL. This pattern suggests that few-shot examples
derived from human annotations may not provide a stronger
signal than clear task instructions alone for complex, theory-
based engagement coding tasks.

When comparing human-developed criteria with agent-
refined frameworks, we found that both supported substantial
agreement between LLMs, though with greater variability un-
der agent refinement. Cross-model agreement remained rela-
tively high under human-developed criteria (QWK ~ 0.85-
0.89), but ranged more widely under agent-refined criteria
(QWK = 0.66-0.79). Notably, both human annotators and
agents concentrated revisions on the mid-range engagement
levels, particularly Levels 3-5 (Figure 3). This pattern sug-
gests greater ambiguity in the mid-level categories, whereas
the lower and upper levels remained relatively stable. These
findings suggest that refining mid-level category boundaries
may improve extended ICAP frameworks in future work.

Limitations and Future Directions

The first limitation concerns differences in the information
available to human versus LLM-based annotators. Human
coders had access to both video recordings and transcripts,
whereas LLMs were restricted to text-only inputs. Although
human annotators were instructed to focus on explicit verbal
behaviors, they were naturally exposed to cues such as tone,
timing, and nonverbal behavior while watching the videos.
The restriction of LLMs to text-only inputs was due to the
high computational cost of processing long video data with
large vision—language models and may have reduced the sen-
sitivity of LLM-based annotation to multimodal aspects of
engagement. A second limitation concerns differences in
how framework refinement unfolded for human annotators
and LLM agents. Human refinement occurred across three
stages, whereas LLM agents refined the framework at each it-
eration. Additionally, human annotators frequently discussed
disagreements during coding, whereas agent-based refine-
ment relied solely on each agent’s own analysis. The high
interrater reliability observed for human coders may partly
reflect these opportunities for discussion. Future work should
adopt more comparable refinement procedures and include
independent annotators outside the consensus process to bet-
ter evaluate their relative contributions.

Future work could also extend this research in two direc-
tions to further enhance scalability and annotation support.
First, it is important to examine whether LLMs can be fine-
tuned using the human-refined framework and annotated data,
to assess whether models can acquire implicit knowledge not
fully captured by the explicit criteria. Second, future research
could explore LLM agent systems from two perspectives: hy-
brid systems in which human coders and LLM agents collab-
orate, and multi-agent systems in which multiple agents co-
ordinate without human involvement. Both approaches may
help refine the coding framework, identify challenging cases,
and support annotation and quality control. A key question is
whether LLMs can make reliable autonomous decisions and
align with human judgments, which has important implica-
tions for redefining the roles of LLMs and human annotators
in text analysis. Ultimately, these approaches may improve
reliability while reducing the workload of human annotators.
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Appendix A: In Context Learning
Prompt

In Context Learning Prompt = ICL task description + output
rules + the 7-point framework + labeled examples and test
samples + final emphasis on the output rules

Example:

You will be given a classification task
involving student engagement in a group
discussion while playing the letters-to-number
game. Your goal is to analyze each conversation
and, for each subject, assign a 7-point Likert
scale score and provide a brief reasoning based
on their statements. You will first see a few
examples. Then, you will be given a new task to
label.

Please follow these rules: -For each
**Subject**, assign a Likert scale score (1-7)
and provide a concise reasoning for your choice.
-Follow the structure in the example. -Only
provide labels and reasoning for trial(s) shown
in TASK. **Do not** make up or add any trial
that are not included.

Insert examples and test samples here

Please follow these rules: - For each
**Subject**, assign a Likert scale score (1-7)
and provide a concise reasoning for your choice.
- Follow the structure in the example. - Only
provide labels and reasoning for trial(s) shown
in TASK. **Do not** make up or add any trial
that are not included. For each subject: 1.
Assign a Likert score refer to your criteria.
2. Provide short reasoning. 3. Output your
annotation follow the format:

Trial n expression

subject_1 (Subject ID): label = x, reasoning =

one line
subject_2 (Subject ID): label = x, reasoning =
one line
subject_3 (Subject ID): label = x, reasoning =
one line

Trial n guess

subject_1 (Subject ID): label = x, reasoning =

one line
subject_2 (Subject ID): label = x, reasoning =
one line
subject_3 (Subject ID): label = x, reasoning =
one line

Again, only provide labels and reasoning for
trial(s) shown in TASK. **Do not** make up or
add any trial that are not included.

Appendix B: Example of Agent Reflection

Reflection

The current codebook leaves gaps that caused interpretive de-
cisions:

(a) proposals without justification are not explicitly placed
(we treated them as 4)

(b) weak heuristics blur 4 vs 5

(c) 6-7 rely on vague "turn-taking’ language that can mislabel
parallel contributions as interactive

(d) the 1-3 boundary between silence, backchannel, and sim-
ple task talk is underspecified. The proposed updates supply
clear decision rules and examples aligned with the observed
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utterances (e.g., ‘random guess’ as 4; ’mid-range’ without
why as 4; constraint-based reasoning as 5) and make inter-
action levels reliably detectable by requiring explicit builds
across turns.

Appendix C: Actions Assigned to the Agent for
Framework Refinement

- Modify: refine an existing scale definition

- Add: introduce a new scale level

- Merge: merge multiple scales into a target scale

- Delete: remove a scale entirely

- Rename: reindex a scale (e.g., shifting numbers) or rename
keys

- Hold: no changes.

Note: If no action was detected, hold was automatically se-
lected. Although the agent was allowed to take different ac-
tions, in our experiments it consistently chose only to modify
one or more of the seven levels and never proposed adding,
merging, or deleting any level.

Appendix D: Criteria Versions

Criteria Version 1

Level 1 (Passive):

The student does not say anything.

Level 2 (Between Passive and Active):

Minimal responses like ’uh-huh’.

Level 3 (Active):

Agrees, repeats others, asks simple
clarifications.

Level 4 (Between Active and Constructive):

Adds reasoning or asks ’why’/’how’.

Level 5 (Constructive):

Suggests expressions or guesses with
reasoning, explains situation.

Level 6 (Between Constructive and Interactive):
Two turn-taking between two constructive
participants.

Level 7 (Interactive):

Three or more turn-taking between two
constructive participants.

Criteria Version 2

Level 1 (Passive):
Not saying anything.
Level 2 (Between Passive and Active):
Has a minimal response, such as "uh-huh."

Level 3 (Active):
Agreed and/or repeated what others said.
Asked simple questions for basic
clarification (e.g., "What did you just
say?" or whether they could divide the
letters).
Simple correction (e.g., when all members
agreed that C was 6, but the host mistakenly
entered 7, and someone corrected her).
Expressions and guesses based on others’
suggestions and kept track of the
group’s progress by taking notes, without
contributing new information beyond what
others already knew.

Level 4 (Between Active and Constructive):
Agreed and added their own reasoning.
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Asked advanced questions that led to
constructive information, such as "how"

and "why" types.

Provided some new input (e.g., an
alternative expression; or says the
expression should go up to J) but did not
elaborate the reasoning.

Attempted to provide new input, but failed
to complete their reasoning.

Disagreed without elaborating the reasoning.

Level 5 (Constructive):

Suggested a new expression or guess with
reasoning (or implicitly conveys reasoning
that is understood by members). This
includes suggestions such as making a random
guess.

Answered questions.

Explained or summarized the situation to a
member.

Identified possible values or ruled out
impossible values for a specific letter or
number.

Disagreed with reasoning.

Level 6 (Between Constructive and Interactive):

Two turn-taking between two constructive
participants.

Level 7 (Interactive):

Three or more turn-taking between two
constructive participants.





