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Abstract. Active listening—the ability to move beyond hearing to 
interpret diverse perspectives and build on others’ contributions during 
collaboration—is a foundational skill in collaborative problem solving 
(CPS). Yet it is rarely explicitly taught because teachers lack scalable 
ways to observe, assess, and support its development during group work. 
This research addresses this longstanding challenge in CPS by leverag-
ing multimodal AI to create new pedagogical interventions for active lis-
tening skill development. These interventions bridge explainable learner 
modeling and dialogic, actionable feedback. We introduce the Theory— 
Measurement—Evaluation (TME) framework, an explainable modeling 
architecture that operationalizes theory-informed behavioral indicators 
into interpretable multimodal learner models using uncertainty-aware 
probabilistic modeling. Rather than producing black-box evaluations, 
explainability is achieved by linking observable multimodal evidence 
directly to theoretically grounded constructs. These explainable evalu-
ations are then translated into pedagogical feedback grounded in feed-
back theories, where actionability is achieved through structured dia-
logic guidance that promotes reflection and skill learning while preserving
learner agency. This work contributes to AIED by advancing pedagog-
ically grounded explainable AI and demonstrating how multimodal AI
can augment pedagogical interventions to support the development of
complex collaboration skills.
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1 Introduction 

Collaborative learning is central to education, not only as a way to build under-
standing across perspectives, but also as preparation for civic life, where collab-
oration is essential [4]. Yet participation in collaboration is rarely equal [2,12]. 
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Studies consistently show that some students dominate while others are side-
lined, which limits both individual learning and group outcomes. Most interven-
tions to date have focused on efforts to design equitable conditions—structuring
tasks, scripting activities, or assigning group roles [2]. Far less attention, how-
ever, has been given to students’ own capacity to notice and regulate unequal 
participation within their groups. A promising but underdeveloped pathway for 
building such capacity is active listening. The National Communication Asso ci-
ation defines active listening as “the process of receiving, constructing meaning
from, and responding to spoken and/or nonverbal messages” [13]. This definition 
highlights core skills such as hearing, understanding, remembering, i nterpreting,
evaluating, and responding [1]. In collaborative learning settings, active listening 
requires interpreting and responding to peers’ contributions in ways that make 
space for diverse voices and foster shared understanding. Despite its impor-
tance, active listening is rarely taught in schools. Teachers often lack the time 
and r esources to observe subtle interactional dynamics and provide feedback,
and even research has largely emphasized regulating speaking (e.g., turn-taking,
talk time) [10] over listening [12]. As a result, one of the most critical levers 
for improving equitable collaboration—students’ ability to listen actively—has
remained underdeveloped.

Recent advances in multimodal learning analytics (MmLA) and multimodal 
AI models offer new opportunities to observe and model collab orative inter-
action through rich multimodal data [9]. However, our prior semi-systematic 
review of collaborative analytics systems [5] identified persistent limitations, 
including insufficient operationalization of theory-informed indicators, limited 
use of interpretable modeling approaches, and a lack of pedagogical grounding 
in analytics-supported feedback design. Many systems rely on black-box model-
ing techniques [11] or static dashboards that provide limited a ctionable guidance
for learners [8]. To address these challenges, this research adopts an explainable 
modeling approach inspired by E vidence-Centered Design (ECD) and integrates
dialogic feedback principles [14] to translate the explainable learner models in to
pedagogical feedback.

Two design principles guide this work: explainability and actionability. 
Explainability is conceptualized not merely as model transparency, but as a ped-
agogical bridge between automated assessment and instruction. Bayesian Skill 
Tracing is used to estimate theory-informed constructs from multimodal behav-
ioral evidence while preserving uncertainty. Rather than assigning global labels 
(e.g., “good” or “poor” listener), the system models multiple sub-constructs (e.g., 
understanding checks) together with confidence estimates. These estimates are 
derived from aggregated multimo dal evidence (e.g., clarifying questions or head
nodding) detected using multimodal AI models. In this approach, AI supports
evidence extraction, while evaluative interpretations remain theory-aligned and
transparent. Actionability extends this bridge by structuring feedback across
cognitive, structural, and social-affective dimensions [14], ensuring that learners 
not only receive guidance on what to do next but also understand the rationale, 
feel capable of acting, and retain agency in the learning process. For example,
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instead of presenting behavioral metrics (e.g., counts of clarifying questions) 
through dashboards, the system presents estimated levels of the “understanding 
checks” construct together with examplary moments (e.g., showing video clips 
when learners asked clarifying questions, or other understanding check behav-
iors). Learners are then invited to reflect on their intentions at these specific 
moments, their perspectives are acknowledged, and actionable guidance (e.g.,
strategies for inviting peers’ contributions) is provided in context. Guided by
these principles, this research addresses the following questions:

– RQ1 : How can theory-informed behavioral indicators of active listening be 
translated into explainable multimodal learner models, and to what e xtent
do these models produce faithful and pedagogically useful assessments?

– RQ2 : Does dialogic and actionable feedback derived from explainable learner 
models support changes in learners’ active listening skill development, includ-
ing self-a wareness, motivation, and observable listening behaviors, in collab-
orative problem solving?

2 Theoretical Frameworks 

This research integrates two complementary theoretical framework: the HURIER
active listening model [1] to operationalize active listening as measurable con-
structs, and the PEARLS framework [3] to structure dialogic, pedagogically 
grounded feedback.

The HURIER model conceptualizes listening as a set of interrelated pro-
cesses (e.g., understanding, interpreting, evaluating, and responding) that can be 
manifested through observable verbal and nonverbal behaviors. While originally 
developed for dyadic communication and self-report assessment, this research 
adapts HURIER for small-group collaborative problem solving by t ranslating
listening processes into multimodal behavioral indicators suitable for computa-
tional modeling. These theory-informed constructs provide the foundation for
explainable learner modeling of active listening.

To turn assessment into pedagogically meaningful intervention, this work 
draws on the PEARLS framework, a structured dialogic debriefing model widely 
used in simulation-based learning. PEARLS organizes feedback around guided 
reflection, facilitated discussion, and targeted instructional support. Adapted 
for AI-mediated feedback, it provides a pedagogical structure for transforming
explainable assessments into dialogic guidance that supports reflection, learner
agency, and skill development.

3 Proposed Solution and Current Progress 

Figure 1 illustrates the overall approach. An initial empirical study has been 
completed to develop and validate the explainable modeling approach, and a
second study is planned to evaluate the effectiveness of the dialogic feedback
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intervention within the same experimental context: small-group, in-person col-
laborative problem-solving tasks. In these settings, groups of 3–4 college students 
engage in information-distribution challenges that require integrating unique 
pieces of knowledge held by each participant, creating conditions that necessi-
tate active listening and shared understanding. Group interactions are captured 
through multimodal audio and video recordings. Interaction data are processed 
during collab oration, while feedback is delivered after the session to avoid dis-
rupting natural group dynamics. The system generates explainable evaluations
from multimodal data and pedagogical feedback aligned with the modeling and
pedagogical principles described earlier.

Fig. 1. System Overview: Bridging Explainable Modeling a nd Actionable Feedback

3.1 Explainable Modeling 

To address RQ1, this work introduces the Theory-Measurement -Evaluation
(TME) framework [7], an explainable modeling architecture (Fig. 1). TME trans-
forms multimodal interaction data into interpretable learner models by explicitly 
linking theoretical constructs, observable b ehavioral evidence, and uncertainty-
aware probabilistic evaluation.

TME consists of three stages. The Theory Model operationalizes HURIER-
informed listening processes into theory-aligned behavioral indicators, including 
19 verbal and 3 nonverbal behaviors (e.g., paraphrasing, clarifying questions, 
integrating peers’ ideas, head nodding, note-taking) organized across eight sub-
constructs. The Measuremen t Model extracts and contextualizes multimodal
behavioral traces, incorporating collaboration context through Idea Tracing
Analysis (ITA) [6]. Multimodal AI techniques (e.g., language and vision models) 
are used to detect behavioral indicators aligned with theory-informed constructs.
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The Evaluation Model applies Bayesian Skill Tracing, inspired by Bayesian 
Knowledge Tracing but adapted for collaborative discourse. Rather than treating 
observations as binary correctness events, behavior-in-context evidence is mod-
eled as weighted probabilistic updates that estimate each learner’s latent pro-
ficiency while preserving uncertainty. The resulting multimodal learner model 
supports both evaluation and downstream pedagogical intervention, producing 
(1) quantitative c onstruct estimates, (2) exemplary interaction moments linked
to those estimates, and (3) LLM-supported natural-language summaries derived
from structured evidence. Preliminary evaluation indicates high faithfulness and
usefulness of model outputs (mean ratings > 4.4/5 across components).

3.2 Actionable Feedback 

To address RQ2, this work conceptualizes actionability as extending beyond feed-
back content (what to improve) to include feedback structure (how guidance is 
organized) and its social-affective delivery (how it is conveyed). The goal is to 
support learners’ agentic and self-regulated development of active listening skills 
by combining actionable guidance with reflective dialogue that promotes under-
standing and autonomy. Building on the multimodal learner model produced
by TME, feedback is delivered through a LLM-mediated conversational inter-
face structured by the PEARLS framework and its advocacy-inquiry method
[3], as shown in Fig. 1. The system presents construct estimates and exemplary 
moments, invites learners to reflect on their perspectives, and provides person-
alized actionable guidance. In this design, the LLM operates within predefined
pedagogical constraints rather than as an open-ended generative agent.

To evaluate the effectiveness of this intervention, a randomized between- and 
within-subjects experiment with 90 college students is planned for Spring 2026. 
Participants will be randomized at the group level to either an active control 
condition involving prompted self-reflection or an experimental condition receiv-
ing the dialogic feedback intervention. All groups will complete two comparable 
collaborative s essions; the first session serves as baseline, and feedback or self-
reflection is delivered between sessions. Outcomes will assess pre-post changes
between conditions in (1) self-awareness of active listening [1], (2) motivation 
toward active listening [13], and (3) behavioral change measured through TME
across tasks.
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4 Expected Contributions 

This work contributes to AIED and CPS research by advancing pedagogically 
grounded multimodal AI for supporting complex collaboration skills. Theoreti-
cally, it operationalizes active listening as a measurable construct linking active 
listening theory with multimodal behavioral indicators. Methodologically,  it  
introduces the Theory-Measurement-Evaluation (TME) framework, connecting 
theory-informed indicators, multimodal evidence, and uncertainty-aware learner
modeling. Pedagogically, it demonstrates how explainable assessments can be
translated into actionable dialogic interventions that support self-regulated col-
laboration skill development.
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