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Abstract. Active listening is an important social–emotional skill for 
productive and inclusive collaboration, yet it remains difficult to assess 
in small-group collaborative problem-solving (CPS) activities. Teach-
ers cannot continuously observe multiple groups simultaneously, while 
existing assessment approaches rely either on self-report—which is prone 
to bias—or on manual coding, which is labor-intensive and difficult to 
scale. We present the Theory-Measurement-Evaluation (TME) frame-
work, a theory-based and explainable approach for modeling active lis-
tening in CPS grounded in the HURIER active listening framework. 
TME comprises three interlocking models. First, a Theory Model oper-
ationalizes HURIER into eight constructs, each translated into observ-
able behavioral indicators. Second, a Measurement Model automati-
cally extracts construct-aligned multimodal behavioral traces from audio 
and video and situates them within layered collaboration context derived 
from idea-evolution analysis across multiple time scales (micro-moments, 
collaboration phases, and whole-conversation dynamics). Building on evi-
dence generated by the Measurement Model, we introduce an Eval-
uation Model that applies Bayesian Skill Tracing to estimate time-
v arying construct expression while preserving uncertainty. This produces
an interpretable Multimodal Learner Model that combines quanti-
tative metrics, exemplary behaviors, and descriptive narratives, and can
be used by both human stakeholders and intelligent agents for down-
stream applications such as providing feedback or personalized learning.
We evaluate the faithfulness and usefulness of the learner model outputs
through expert ratings. Results suggest that TME can assess active lis-
tening skills from multimodal CPS data in a scalable and interpretable
way.

Keywords: Active Listening · Collaborative Problem Solving · 
Multimo dal Learner Modeling

1 Introduction 

Small-group collaborative problem solving (CPS) is widely used in classrooms, 
yet groups often struggle to mak e progress when they fail to establish and
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maintain a shared problem space [3]. Constructing this shared space requires 
more than contributing ideas; it depends on how learners attend to, interpret, 
and responsively build on one another’s contributions to negotiate and update 
common ground in real time. Accordingly, establishing and maintaining shared
understanding is emphasized as a core CPS competency across multiple frame-
works [10,13]. Because shared understanding is achieved through interaction, 
it relies on effective communication—and effectiv e communication begins with
active listening [6]. 

The National Communication Association defines active listening as “the pro-
cess of receiving, constructing meaning from, a nd responding to spoken and/or
nonverbal messages” [17]. This definition emphasizes not only hearing, under-
standing, and remembering, but also interpreting, e valuating, and responding
(HURIER model; [6]). In CPS, these skills help learners interpret peers’ inten-
tions, make space for diverse voices, and align perspectives toward shared under-
standing. Despite its importance, active listening is rarely taught or coached in 
classrooms because it is difficult to observe and assess in real time. Teachers typ-
ically cannot monitor subtle listening behaviors across multiple groups or trans-
late observations into actionable feedback [16]. Existing measurement approaches 
are also ill-suited to CPS: active listening is often assessed through self-report 
surveys or manual behavioral coding [17], which are respectively vulnerable to 
bias and difficult to scale. Moreover, CPS is multi-party and multimodal, and 
listening behaviors are interactionally situated—the same behavior can signal 
different meanings depe nding on what the group is doing in the moment (e.g.,
a nod during idea sharing versus negotiation) [3,10]. Together, these challenges 
reveal a gap: we lack scalable, theory-grounded, context-aware a pproaches for
assessing active listening in small-group CPS.

To address this gap, we propose the Theory-Measurement-Evaluation (TME) 
framework for generating a multimodal learner model of active listening skills in 
CPS–a learner representation that uses multimodal evidence (e.g., audio/video) 
as input and p roduces multimodal, evidence-linked, quantitative and qualitative
outputs. Following a theory-to-measurement perspective [12], TME operational-
izes the HURIER framework into eight constructs with o bservable behavioral
indicators [6], extracts aligned verbal and nonverbal traces from audio and video, 
and situates these behaviors within layered collab oration context through Idea
Tracing Analysis (ITA) [11]. TME then applies an uncertainty-aware Bayesian 
Skill Tracing model, inspired by Bayesian Knowledge Tracing but adapted to 
CPS by integrating bidirectional behavioral evidence and abstaining when evi-
dence is insufficient, to produce interpretable construct estimates suitable for
feedback-oriented use.

This paper makes three contributions: (1) a theory-driven, context-aware 
measurement approach that operationalizes multimodal behaviors as situated 
evidence for active listening in CPS; (2) an uncertainty-preserving Bayesian 
tracing approach for estimating time-varying construct expression from hetero-
geneous, bidirectional evidence streams; and (3) an evidence-centered learner
model representation that unifies construct-level metrics, linked behavioral
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exemplars, and theory-aligned narrative summaries to support actionable feed-
back. Given the novelty of this approach, the main research question of this 
study is: How faithful and useful a re the outputs of the TME-based multimodal
learner model of active listening skills in CPS?

2 Related Work 

In this section, we review research on active listening measurement and auto-
mated learner modeling. We synthesize these strands and highlight the need for 
con text-aware multimodal learner modeling of active listening skills in small-
group CPS.

2.1 Measurement of Active Listening Skills 

Communication researchers have developed and validated multiple instruments 
for assessing active listening, i ncluding the Active Listening Observation Scale
(ALOS) [9], the Active-Empathic Listening Scale (AELS) [4], the Active Listen-
ing Attitude Scale (ALAS) [8], and the HURIER Listening Skills Measurement
Scale [6]. These instruments operationalize active listening in complementary 
ways: for example, ALAS emphasizes attitudes and perceived conversational 
opportunity, whereas HURIER specifies listening as a set of behavior-oriented 
processes. Because our goal is to model listening from observable interaction 
traces, including both verbal and nonverbal behaviors, we use HURIER as the 
guiding framework. Beyond self-report, active listening has also been studied
using observational methods, including manual coding of verbal and nonver-
bal behaviors [17]. While such approaches capture listening-as-enacted, they are 
labor-intensiv e and difficult to scale.

These measurement challenges are amplified in small-group CPS. Self-report 
depends on learners’ self-perceptions and retrospective recall, which can be unre-
liable in cognitively demanding, fast-moving collaboration, and manual coding 
is impractical for large-scale classro om use. Moreover, CPS is multi-party and
unfolds over time as common ground is continuously negotiated [3,10], so the 
meaning of a listening behavior is often context-dependent. Together, these lim-
itations motivate scalable, context-sensitive multimodal approaches that t reat
listening behaviors as situated evidence rather than decontextualized signals.

2.2 Automated Learner Modeling 

Automated learner modeling is a foundational topic in AIED, aiming to infer 
learners’ latent knowledge, skills, or dispositions from observable traces and
update those inferences as new evidence becomes available [14]. The design 
of a learner model is driven by its intended use (e.g., personalization, diag-
nosis, reflection, feedback) [1], which in turn shapes three key choices: (1) inputs 
(what evidence is observed), (2) inference model (how evidence is mapped to 
latent states over time), and (3) outputs (what is reported and to whom).
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A substantial body of work, especially in intelligent tutoring systems, illus-
trates common learner-model design choices: inputs are typically structured 
traces such as item responses or time and hint use, inference relies on proba-
bilistic estimators of time-v arying state with uncertainty (e.g., Bayesian Knowl-
edge Tracing, Performance Factors Analysis, and IRT variants [1,14]) or learned 
sequence models (e.g., Deep Knowledge Tracing [15]), and outputs are mas-
tery/skill profiles used for diagnosis and personalization. In parallel, open learner 
models are typically designed for reflection and feedback, and thus emphasize 
interpretable representations that expose learner state and the supporting evi-
dence to users [7]. 

These traditions provide useful foundations but do not directly address the 
requirements of modeling collaboration skills such as active listening in CPS. 
Collaborative behavioral traces are not correctness events: they are multimodal, 
often non-binary, and may provide varying degrees of positive or negative evi-
dence for a construct, with diagnosticity shaped by interaction context. To the 
best of our knowledge, no learner models have targeted active listening as the pri-
mary construct, especially in CPS. This motivates learner modeling approaches
that (i) integrate bidirectional behavioral evidence with uncertainty-aware trac-
ing and (ii) produce evidence-linked outputs that are interpretable and usable
for feedback.

2.3 Summary of Gaps 

Taken together, prior work provides strong foundations but leaves three gaps for 
modeling active listening in small-group CPS. First, a measurement gap:  we  
lack theory-driven, context-aware methods for constructing multimodal listen-
ing evidence from verbal and nonverbal interaction traces. Second, an inference 
gap: we lack uncertainty-aware tracing approaches that integrate bidirectional 
behavioral evidence rather than correctness events. Third, an output gap:  w  e
lack evidence-centered learner model representations that are actionable for sup-
porting collaboration skill development, such as active listening. These gaps
motivate the TME framework proposed in this paper.

3 Study Context and Dataset 

We conducted an in-person lab study in summer 2024 with IRB approval from 
New York University. Thirty participants (students and local professionals; 
median age = 27; 20 female, 9 male, 1 nonbinary) were assigned to nine teams of 
3–4 members. Teams engaged in a CPS activity in which they designed a commu-
nity park by discussing and deciding which facilities to include. Each participant
received a handout assigning a persona with unique interests, potential conflicts,
and information that only they possessed (see supplementary materials1 ). This 
task design was chosen to elicit active listening behaviors in a controlled CPS

1 https://osf.io/skfx4/overview?view_only=fd869f49ad7f497e9bc512ac0be37a2c. 

https://osf.io/skfx4/overview?view_only=fd869f49ad7f497e9bc512ac0be37a2c
https://osf.io/skfx4/overview?view_only=fd869f49ad7f497e9bc512ac0be37a2c
https://osf.io/skfx4/overview?view_only=fd869f49ad7f497e9bc512ac0be37a2c
https://osf.io/skfx4/overview?view_only=fd869f49ad7f497e9bc512ac0be37a2c
https://osf.io/skfx4/overview?view_only=fd869f49ad7f497e9bc512ac0be37a2c
https://osf.io/skfx4/overview?view_only=fd869f49ad7f497e9bc512ac0be37a2c
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setting. By introducing information asymmetry and interdependent roles, suc-
cessful task completion requires participants to attend to, interpret, and respond
to others’ contributions.

Groups sat around a square table equipped with a 360◦ camera system. 
Video captured both panoramic and individual views (15 fps), and smart pens 
logged writing activity. Four researchers unobtrusively observed each session. 
Collaborative sessions ranged f rom 19–41 minutes (M = 29.9), totaling 4.5 h of
recorded interaction. Audio was transcribed and speaker-diarized using Whis-
perX [2], yielding 3,204 utterances. Three researchers verified transcript content 
and speaker diarization against video. Videos were rendered in two formats: 
a panoramic group view and individual close-up views to support behavioral
annotation.

4 Theory-Measurement-Evaluation (TME) Framework 

We propose the Theory-Measurement-Evaluation (TME) framework for model-
ing active listening in small-group CPS. As shown in Fig. 1, the framework takes 
multimodal interaction data as input and produces an interpretable multimodal 
learner model. TME proceeds in three stages: the Theory Model operationalizes 
active listening constructs and specifies behavioral indicators; the Measurement 
Model extracts and contextualizes multimodal behavioral traces aligned to these 
indicators; and the Evaluation Model aggregates evidence over time to estimate
construct expression with uncertainty. We describe each component below.

Fig. 1. Overview of the Theory–Measurement–Evaluation (TME) Framework.
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4.1 Theory Model: HURIER Operationalization and Behavioral 
Indicators 

The HURIER framework was primarily used in dyadic communication contexts. 
To apply it to small-group CPS, we operationalized HURIER into observable 
constructs and behavioral indicators s uitable for multimodal measurement. We
began with the 35 HURIER-based self-report items [6] and retained 28 items 
that could plausibly be evidenced through observable interaction behaviors. We 
excluded items that rely primarily on internal states or private judgments that 
are difficult to infer from audio/video without self-report (e.g., items requiring 
self-reflection). Rather than using the retained items as independent units, we 
grouped them into eight sub-constructs. This grouping was g uided by (1) con-
ceptual similarity among items and (2) the overlap in their observable behavioral
indicators. In multimodal data, multiple items often manifest through the same
or highly similar behavioral indicators.

This process yielded eight constructs that capture distinct but comple-
mentary components of active listening in CPS: (1) Attention regulation 
(AR): maintains attention to the ongoing discussion and minimizes distrac-
tions; shows reception/orientation signals. (2) Tracking and remembering 
(TR): tracks the flow of ideas and recalls prior contributions. (3) Under-
standing checks and confirmation (UC): checks understanding, clarifies 
meaning, and confirms shared understanding. (4) Broad engagement across 
peers (BE): engages with multiple peers’ ideas rather than focusing on a single 
partner or only one’s own contributions. (5) Synthesis and other-oriented 
modification (SY): produces synthesized ideas that build on peers’ contribu-
tions (beyond self-elaboration). (6) Evaluation depth (DP): evaluates ideas 
using constraints/criteria (e.g., feasibility, evidence, tradeoffs), not only agree-
ment/disagreement. (7) Respectful and responsible responding (RR):
responds constructively during disagreement (e.g., reasoned, repair-oriented) and
avoids derailing interruptions. (8) Facilitation of an environment for shar-
ing (FA): invites participation and creates space for others to contribute.

For each construct, we produced a construct card that specifies: (a) a con-
struct definition, (b) linked HURIER items, (c) observable behavioral indicators 
grounded in the item content and in CPS interaction patterns, and (d) prime con-
texts in which the construct is most diagnostic. Indicators include verbal actions 
(e.g., asking for clarification, paraphrasing, confirming), nonverbal cues (e.g.,
nodding, orienting gaze toward the speaker), and, when appropriate, derived
interaction metrics (e.g., the proportion of contributions that engage with peers’
ideas).

As an example, Synthesis & Other-Oriented Modification (SY) is derived 
from HURIER items (1, 6, 27, 34) and captures the extent to which a learner 
generates synthesized or modified ideas that build on peers’ contributions rather 
than solely elaborating their own. SY is most diagnostic during idea exploration, 
evaluation,  and  merging micro-moments, and during phases where ideas are
actively negotiated (divergent, mixed, and convergent phases). Evidence for SY
combines (i) a primary metric: the ratio of modified ideas that build on oth-
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ers’ contributions to all modified ideas; with (ii) secondary behavioral indicators 
reflecting synthesis moves (e.g., modifying/synthesizing peers’ ideas, explicitly 
connecting or integrating contributions). Repeated re-statement of one’s own 
ideas without incorporating peer input is treated as negative evidence. Con-
struct cards, operational details for the metric bands and indicator mappings
are reported in the supplementary materials.

4.2 Measurement Model: Context-Aware Multimodal Evidence 
Extraction 

The Measurement Model transforms raw multimodal recordings into contex-
tualized evidence units aligned with the active listening constructs defined in 
the Theory Model. Given synchronized audio, video, and pen traces, we (1) 
extract multimodal behavioral traces corresponding to construct indicators, (2) 
infer collaboration context at multiple timescales, and (3) time-align behaviors
and context to produce contextualized multimodal transcript for the Evaluation
Model.

Behavior Extraction. Guided by HURIER, we defined 19 verbal action types 
(e.g., asking for clarification, paraphrasing, inviting participation). A codebook 
was developed iteratively by three coders (20% double-coded with adjudication) 
and then used to build an LLM-based labeling pipeline (ChatGPT 5.0 API), 
with prompt and context-window refinement validated against the human-coded 
subset. We employed iterative prompt engineering, including structured task 
instructions, context-window design, and example-based prompting. Prompts 
were refined through multiple iterations by comparing model outputs against 
the human-coded subset, and we incorporated rationale generation (i.e., requir-
ing the model to justify its labels) to improve consistency. The final labeling 
pipeline was evaluated against the human-coded subset, achieving substantial 
agreement (above 70% accuracy). The finalized pipeline was then applied to 
the remaining unlabeled data. For nonverbal behaviors, we annotated gaze ori-
entation, head nods, and writing activity in Datavyu; disagreements were rare 
and resolved through group adjudication. While prior work in AIED has demon-
strated the feasibility of automatically detecting nonve rbal behaviors using com-
puter vision methods, we intentionally used manual annotation in this study to
ensure high reliability and construct validity of the behavioral measures. Given
that these nonverbal indicators serve as inputs to the measurement model, anno-
tation noise could directly affect downstream inferences. We therefore prioritized
high-quality human annotations to establish a reliable foundation for validating
our construct operationalization. We view the integration of automated non-
verbal behavior detection as an important direction for future work once the
measurement framework is further validated.

Context Extraction. To interpret behaviors as interactionally situated evidence, 
we applied Idea Tracing Analysis (ITA) [11], which automatically extracts col-
laboration context by tracing group idea evolution (e.g., ideas being introduced,
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expanded, evaluated, accepted, or refuted). ITA produced context labels at mul-
tiple timescales, including micro-moments (e.g., introduction, exploration, eval-
uation, merging, stance-taking), collaboration phases (e.g., ideation, divergence, 
convergence, mixed), and conversation-level indices (e.g., engagement with oth-
ers’ ideas, discussion depth, discussion balance). These contexts were time-
aligned with behavioral traces to form evidence units used for context-aware
construct estimation downstream.

4.3 Evaluation Model: Uncertainty-Aware Bayesian Skill Tracing 

The Evaluation Model aggregates the construct-indexed evidence streams pro-
duced by the Measurement Model to estimate each learner’s latent proficiency 
for each active listening construct, while preserving uncertainty. The key idea 
is to treat behavior-in-context evidence as weighted pseudo-observations that 
update a probabilistic belief state. This design is inspired by Bayesian student 
mo deling and Bayesian Knowledge Tracing, but adapted to collaborative dis-
course where observations can provide varying degrees of positive or negative
evidence rather than binary correctness events.

Evidence Encoding. For each learner s,  construct  c, and evidence unit t, extracted 
behavior-in-context is mapped to one of five evidence states: strong positive 
(S+), weak positive (W +), ambiguous (AMB), weak negative (W −), or strong 
negative (S−). These states contribute pseudo-count evidence with fixed weights: 
S+ → 1.0, W + 0.5 to positive evidence; S− 1.0, W − 0.5 to nega-
tive evidence; AMB 0. To reflect context-dependent diagnosticity, we scale 
evidence by a construct-specific multiplier mc,t ≥ 1 when the unit falls in
the prime context defined in the construct card. Aggregating over units yields
total weighted evidence Ps,c (positive) and Ns,c (negative), with evidence mass
ms,c = Ps,c +Ns,c.

Bayesian Tracing and Outputs. We model construct expression as a latent 
parameter θs,c ∈ [0, 1] with a Beta prior:

θs,c ∼ Beta(α0,β0). (1) 

Given aggregated evidence, the posterior is: 

θs,c |  Es,c ∼ Beta(α0 + Ps,c,  β0 + Ns,c), p̂s,c = 
α0 + Ps,c 

α 0 + β0 + Ps,c +Ns,c
. (2) 

We discretize p̂s,c into five ordinal valence categories (growth area → clear 
strength; thresholds in the supplementary material). We compute confidence 
from evidence mass using a saturating mapping:

confs,c = 1 − exp −ms,c

τ
, (3) 

and discretize confs,c into five ordinal confidence levels (very weak → very strong; 
bins in the supplementary material). Finally, to avoid over-interpretation under 
sparse data, we label a construct as insufficient evidence when ms,c < mmin and
do not report directional valence.
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4.4 Multimodal Learner Model 

The output of the TME framework is a multimodal learner model intended to 
support evaluation and downstream feedback. It comprises three components: 
(1) quantitativ e construct estimates, (2) exemplary interaction moments linked
to those estimates, and (3) natural-language summaries that contextualize the
evidence.

Quantitative Metrics. For each learner–construct pair (s, c), the model outputs a 
continuous construct estimate p̂s,c (or a metric-based valence label where appli-
cable) together with an uncertainty-aware confidence score and ordinal con-
fidence level derived from evidence mass. For interpretability, we also report 
an ordinal valence label (e.g., strength vs. opportunity). For example, Partici-
pant 003’s Attention Regulation receiv ed p̂ = 0.94 (clear strength) with confi-
dence = 0.99 (very strong), whereas Broad Engagement Across Peers received
p̂ = 0.06 (opportunity) with confidence = 0.75 (strong).

Exemplary Moments. To ground quantitative estimates in observable behav-
ior, we select 3–4 exemplary moments per participant. Moments are sampled to 
cover both strengths and growth areas (typically 1–2 of each), prioritizing higher-
confidence constructs and including at least one insufficient evidence case when 
applicable. Including insufficient-evidence cases is important because the absence 
of observable listening behaviors can itself be diagnostically and instructionally 
meaningful (e.g., limited engagement with peers). For each selected construct,
we identify the most diagnostic action (i.e., the highest-weighted indicator con-
tributing to the estimate) and use its timestamp to retrieve a short video clip.
To preserve interactional context, each clip includes a 10-second buffer before
and after the focal action.

Narrative Descriptions. Finally, we translate the structured learner-model out-
puts into brief narrative descriptions intended for educators and downstream 
intelligent agents. Using an LLM (ChatGPT 5.2; prompts in the supplementary 
material), we generate summaries that (a) reflect the quantitative metrics, (b) 
cite linked exemplars as supporting evidence, and (c) highlight actionable feed-
back opportunities consistent with the target constructs. Each narrative descrip-
tion includes four elements: the group context, strengths, growth areas, and
exemplary moments. We present one generated narrative as an example:

This discussion appeared deep overall but unbalanced in participation. The stu-
dent showed strong attention regulation by staying oriented to the group’s imme-
diate needs and responding with clarification when questions arose. Moment:
02:00–02:10 (Clip: 01:50–02:20) reflects the student’s present, on-task engage-
ment through answering questions and providing needed clarification.
The student also demonstrated understanding checks that supported shared 
meaning-making. Moment: 14:02–14:30 (Clip: 13:52–14:40) shows the student 
asking for clarification, a concrete move that helps prevent the group from build-
ing on misaligned assumptions. This type of checking supports continuity in a
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high-depth discussion by confirming what others mean before the conversation
advances.
A next growth area is making synthesis more explicit and portable for the group. 
Moment: 10:10–10:20 (Clip: 10:00–10:30) shows the student starting to expand 
others’ ideas and establish common ground, and the student could strengthen 
this by clearly linking multiple contributions and stating a combined takeaway. 
Facilitation f or sharing was not clearly observed in the available evidence, so
additional, observable inclusion moves would help the student support more
balanced participation in future discussions.

5 Evaluation Methodology of Multimodal Learner Model 

Evaluating learner models for enacted social skills differs from cognitive knowl-
edge tracing because there is rarely a single ground-truth target comparable to 
the correctness labels typically used in knowledge tracing. Because our goal is to 
support feedback, we a dopt an open learner model perspective and evaluate out-
puts in terms of transparency and actionability rather than predictive accuracy
alone [7]. Moreover, judgments of listening behaviors are perspective-dependent 
and show limited convergence across raters, suggesting that no s ingle “clean”
objective measure is available for supervision [5]. Accordingly, rather than com-
paring construct estimates against a single set of human scores, we evaluate 
our learner-model outputs by (i) faithfulness—whether each claim is supported 
by the linked e vidence, and (ii) usefulness—whether the output can support
actionable feedback by a teacher or downstream agent.

To assess the faithfulness and usefulness of the multimodal learner model 
outputs (construct estimates, exemplary moments, and narrative descriptions), 
we developed 5-point ordinal rating scales. Faithfulness captures the extent to 
which linked evidence supports the model’s claims (1 = not supported; 5 = 
fully supported with clear evidence). Usefulness c aptures the extent to which an
output could support actionable instructional feedback (1 = not actionable; 5
= clearly actionable). The full rating scheme is provided in the supplementary
material.

To cover both strong inferences and potential failure modes, we adopted a 
stratified sampling approach to select constructs for evaluation. For each partic-
ipant, we selected four constructs representing distinct confidence and evidence 
conditions: (1) the highest-confidence strongest claim, (2) a high-confidence 
claim in the opposite direction when available, (3) the lowest-confidence non-
insufficient claim, and (4) one construct labeled as insufficient evidence. This 
strategy ensured coverage of confident, contrasting, uncertain, and insufficient-
evidence cases. For exemplary moments, we rated all selected moments (3–4 per
participant). We also rated one narrative description per participant (30 total).

Two researchers who directly observed and assessed the participants inde-
pendently rated an overlapping subset comprising 30% of items for each output 
type. Because ratings were concentrated toward the high end of the scale, we 
report inter-rater reliability using Gwet’s AC2 with quadratic weights. Agree-
ment was high across all outputs: construct scores (Faithfulness AC2= 0.952,
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95% CI [0.924, 0.980], N =  44;  Usefulness  AC2=  0.839, 95% CI [0.770, 0.908], 
N =  44), exemplary moments (Faithfulness AC2=  0.937, 95% CI [0.889, 0.984], 
N =  39;  Usefulness  AC2=  0.863, 95% CI [0.794, 0.931], N =  39), and generated 
descriptions (Faithfulness AC2=  0.987, 95% CI [0.966, 1.000], N =  11;  Us  eful-
ness AC2= 0.978, 95% CI [0.951, 1.000], N = 11). After establishing reliability
on the overlap subset, the remaining items were divided evenly and rated by a
single researcher.

6 Results 

In this section, we report results addressing the research question: we first present 
the multimodal learner model produced by the T ME framework and then eval-
uate the faithfulness and usefulness of its outputs.

6.1 Quantitative Metrics Evaluation 

For construct-level estimates, Faithfulness averaged 4.59 (SD = 0.57) with 95.8% 
of ratings ≥ 4, and Usefulness averaged 4.50 (SD = 0.55) with 97.5% ≥ 4. 
We inspected the small number of cases rated 3 on faithfulness or usefulness 
to characterize failure modes. These cases were concentrated in the Resp ectful
& Responsible Response (RR) construct, where the model produced weaker or
insufficient-evidence judgments that raters viewed as overly conservative.

Qualitative review of the corresponding videos suggests a context-driven 
explanation: the group reached consensus on strategy early, and the remain-
ing discussion proceeded smoothly with limited disagreement or negotiation. 
As a result, the interaction contained few opportunities for the RR construct 
to surface through its most diagnostic behaviors (e.g., reasoned disagreement, 
repair moves, or constructive responses under tension). Participants still exhib-
ited some evaluative talk and occasional elaboration on others’ ideas, whic h
generated non-zero evidence and prevented a purely “insufficient” classification,
but the overall evidence mass remained low. Notably, the model’s confidence for
these RR estimates was also weak/insufficient, consistent with limited diagnostic
evidence rather than a strong negative judgment.

This failure mode highlights a limitation of construct estimation for behav-
iors that are opportunity-dependent: when a collaboration episode lacks the 
interactional conditions that elicit a construct (here, negotiation under disagree-
ment), both human raters and models may differ in whether the appropriate 
conclusion is “insufficient e vidence” versus “neutral/adequate.” Future refine-
ments could incorporate explicit opportunity modeling (e.g., detecting whether
disagreement/negotiation opportunities occurred) before interpreting RR evi-
dence.

6.2 Exemplary Moments Evaluation 

For exemplary moments, Faithfulness averaged 4.56 (SD=0.83), with 89.4% ≥ 4 
and 5.7% ≤ 2; Usefulness averaged 4.40 (SD=0.85), with 90.1% ≥ 4 and 5.7%
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≤ 2. Inspection of low-rated cases revealed two recurring failure modes that 
reflect a tension between evidential diagnosticity (what best supports estimation)
and instructional salience (what works as a coachable exemplar).

Low-salience Evidence. In several cases, the highest-weight indicators were subtle 
behaviors that are meaningful as evidence in aggregate but weak as standalone 
exemplars (e.g., brief head nods or short gaze shifts contributing to attention 
regulation). These clips were often rated as faithful because the behavior was 
observable and aligned with the construct, yet less useful because the action was
fleeting, ambiguous, and difficult to coach reliably. This suggests that selecting
exemplars solely by evidence weight can surface signals that support inference
but do not function well as persuasive instructional examples.

Form–function Mismatch. A second pattern involved moments whose surface 
form matched a construct, but whose function depended on immediate local out-
comes. For example, an utterance like “Is that fair?” can be coded as facilitating 
participation, yet may not create genuine space if the speaker does not pause, 
yield the floor, or if peers do not take up the invitation. In these cases, useful-
ness ratings decreased because stakeholders judged the clip as a less authentic
strategy, even when the coded behavior was present. This points to the need
for moment selection criteria that incorporate short-horizon interactional conse-
quences (e.g., floor transfer or peer uptake) in addition to phase-level context.

6.3 Narrative Description Evaluation 

For generated descriptions, Faithfulness averaged 4.73 (SD=0.52), with 96.7% of 
ratings ≥ 4, and Usefulness averaged 4.83 (SD=0.38), with 100% ≥ 4. Overall, 
experts rated the narratives highly on both dimensions. This pattern is consis-
tent with our design: narratives are generated from structured, evidence-linked 
inputs: the construct estimates and selected exemplary m oments. We also pri-
oritize higher-confidence constructs and clips when producing descriptions. As a
result, narrative quality largely reflects the quality of upstream evidence selection
rather than unconstrained free-text generation.

The small number of lower narrative faithfulness ratings co-occurred with 
cases where the underlying construct estimate or selected moment was rated 
lower in faithfulness, suggesting that narrative errors were primarily inherited 
from upstream evidence rather than introduced by the narrative generation 
step itself. These results indicate that evidence-linked narrative summaries can
improve interpretability and perceived instructional usefulness, provided that
the underlying evidence selection is reliable.

7 Discussion 

Regarding our research question, expert ratings suggest that the TME-based 
multimodal learner model produces outputs that are generally faithful to linked
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evidence and useful for feedback in small-group CPS, with the strongest perfor-
mance for narrative summaries and high-confidence construct estimates. Impor-
tantly, the failure cases point to a substantive measurement insight: some active 
listening constructs are opportunity-dependent and some evidence is diagnostic 
but not instructionally salient. For example, respectful/responsible responding 
may not surface when groups reach early consensus and rarely negotiate dis-
agreement, and subtle nonverbal cues can support inference in aggregate but 
function p oorly as standalone teaching exemplars. These findings suggest that
future iterations should more explicitly model local interaction outcomes (e.g.,
whether invitations yield peer uptake or floor transfer) and construct-specific
opportunities before interpreting low-evidence cases as learner deficits.

TME is a promising framework because it targets three gaps in prior work: 
a measurement gap,  an  inference gap,  and  a  n output gap. Addressing the
measurement gap, TME builds on HURIER [6] and the view that CPS success 
depends on maintaining shared understanding [3,10] by operationalizing active 
listening as construct-aligned behavioral indicators and interpreting multimodal 
behaviors as situated evidence within evolving collaboration contexts, respond-
ing t o concerns about decontextualized CPS features and limited interpretabil-
ity [12]. Addressing the inference gap, our uncertainty-aware Bayesian Skill 
Tracing extends learner-state estimation beyond correctness events by integrat-
ing bidirectional behavioral evidence and abstaining under insufficient evidence, 
producing estimates that are interpretable and calibrated for feedback-oriented 
use. Addressing the output gap, TME links construct estimates to exemplary
moments and theory-aligned narratives, aligning with open learner model goals
of transparency and actionability [7]. Together, expert ratings indicate that 
these evidence-linked outputs are both inspectable and instructionally mean-
ingful, complementing prior measurement approaches t hat rely on self-report or
labor-intensive observation [17]. 

8 Conclusion 

This paper introduces the Theory–Measurement–Evaluation (TME) framework 
for modeling active listening in small-group CPS from multimodal interaction 
traces. By linking theory-grounded constructs to contextualized behavioral evi-
dence and uncertainty-aware tracing, TME produces evidence-linked learner-
mo del outputs (construct estimates, exemplars, and narratives) that expert
raters judged to be generally faithful and useful for feedback.

This work has limitations. Evidence rules, prime-context specifications, and 
weighting choices are design decisions that may require calibration across tasks, 
populations, and classroom conditions, and our evaluation is based on a relatively 
small lab dataset. Future work should validate robustness in authentic class-
rooms and test downstream impact—whether feedback informed by the learner 
model improves active listening and collaboration outcomes at scale. Deploy-
ment of multimodal learner models also raises important ethical and privacy
considerations. The use of audio, video, and interaction data requires careful
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attention to informed consent, data minimization, and secure storage, particu-
larly in classroom settings. To preserve privacy, for example, outputs of TME 
can be designed to limit access to the individuals who generated the data or
to authorized stakeholders, thereby reducing unnecessary exposure of sensitive
behavioral information.

Although demonstrated in the context of active listening, TME represents 
a generalizable framework for constructing multimodal learner models. It could 
be extended to other learning constructs that are operationalized through mul-
timodal behavioral indicators, with corresponding adaptations to theory, mea-
surement, and evaluation models.
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