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ABSTRACT

Epistemic emotions such as confusion and curiosity play a
central role in learning. However, they are difficult to iden-
tify in collaborative problem-solving. Existing approaches
usually rely on behavioral coding or self-reports, both of
which results in contradictory empirical results in differ-
ent populations and environments, raising concerns about
generalization, construct validity and what constitutes the
gold-standard ground truth. Here, I propose and outline my
ongoing investigation of measurement and analysis of epis-
temic emotions in collaborative problem solving. I adopt a
retrospective cued-recall framework to capture self-reported
cognitive-affective states, providing a minimally disruptive
and ecologically valid method of annotating internal experi-
ence. I then characterize the temporal and relational struc-
ture of these states using ordered network analysis, demon-
strating how epistemic emotions exhibit cooccurrence and
transition dynamics in collaborative problem-solving. Fi-
nally, I propose to systematically compare multiple repre-
sentations of affect to examine how annotation methods,
temporal alignment, and representational choices influence
what is measured, observed, and interpreted as epistemic
emotional dynamics.
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1. INTRODUCTION

Epistemic emotions, such as confusion and boredom, can
play a central role in learning, influencing how learner’s in-
terpret information and construct knowledge [1], and this
influence can sometimes be quite complex. Baker et al. [2]
showed that some of these emotions can have completely dif-
ferent effects on learning depending on their incidence and
persistence. Confusion, for example, is an epistemic emo-
tion often associated with impasse or difficulty. Researchers
find that confusion can actually be beneficial for learning
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when appropriately resolved, leading to deeper understand-
ing. But when it persists without resolution, it’s shown to be
detrimental in the same population groups [3]. This high-
lights that the impact of epistemic emotions depends not
only on their presence, but also on their temporal dynamics.
Therefore, developing computational models that can auto-
matically detect and track these states in real-world learning
environments is of growing interest in the EDM commmu-
nity. Such models have the potential to power intelligent tu-
toring systems that provide pedagogical interventions which
support productive phases of such emotions and break dis-
ruptive cycles.

Epistemic emotions often manifest differently across learn-
ing environments. Prior work has shown that both the inci-
dence and temporal dynamics of affective states vary across
learning contexts and interaction conditions, with the same
emotion exhibiting different patterns and consequences de-
pending on the task and environment [2, 3]. A relatively
less explored learning environment is collaborative-problem
solving (CPS). CPS is a learning paradigm when two or more
individuals come together to solve problems with a shared
goal [4]. In such settings, identification of epistemic emo-
tions becomes challenging, since learning emerges through
interaction, coordination, and shared reasoning among mul-
tiple individuals. In CPS, emotions are shaped by social
dynamics, including negotiation, disagreement, and joint
attention. As a result, these states are often subtle, con-
text dependent, and regulated in ways that differ from indi-
vidual learning scenarios. This introduces additional chal-
lenges for measurement. There is no clear gold-standard
ground truth for cognitive-affective states in CPS, and in-
ternal experiences must be inferred through self-reports or
external observations, both of which are inherently imper-
fect. In particular, social masking and regulation—where
individuals suppress, exaggerate, or modulate their expres-
sions in response to group dynamics—can lead to misalign-
ment between observable signals and true internal states [5].
Conversely, the temporal imprecision and recall bias in self-
reports complicates the alignment between subjective labels
and multimodal behavioral data [6].

Here, I briefly discuss my ongoing work and outline a re-
search roadmap for investigating how epistemic emotions
in collaborative problem-solving can be more reliably mea-
sured. The central premise is that cognitive-affective states
must be conceptualized as temporally dynamic, context de-
pendent, and methodologically constructed phenomena. To
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this end, this work is organized into three components. First,
I employ retrospective cued recall to capture self-reported
cognitive-affective states, providing a non-intrusive and min-
imally disruptive measure of internal experience. Second, I
analyze the temporal and relational structure of these states
using ordered network analysis, revealing patterns of co-
occurrence and transition that challenge static labeling as-
sumptions. Third, I examine how different temporal resolu-
tions and aggregation strategies influence the interpretation
of these states, drawing on recent work on affective chronom-
etry and dynamics. Together, these components aim to
characterize what different forms of “ground truth” capture,
and how methodological choices shape our understanding of
cognitive-affective processes in collaborative learning.

2. THE PROBLEM AND STATE OF THE ART

Research in educational psychology has long argued that
emotions are not peripheral to learning, but are tightly cou-
pled with attention, motivation, self-regulation, and knowl-
edge construction. Control-value theory, for example, frames
achievement emotions as arising from learners’ appraisals of
control and value [7]. In parallel, research on epistemic emo-
tions has emphasized that states such as confusion are es-
pecially relevant during complex sense-making because they
arise from cognitive disequilibrium, uncertainty, and the ef-
fort to resolve gaps in understanding [8, 3]. Researchers have
also shown that affect in learning could be modeled as dy-
namic, contextual, and tied to the learner’s meaning-making
process rather than as a static display of basic emotion [1].

Within EDM, this perspective motivated a substantial body
of work on detecting learner affect from observations, inter-
action traces, and multimodal signals. A particularly influ-
ential line of research focused on building reliable observa-
tional infrastructures for studying affect in authentic edu-
cational settings. The Baker Rodrigo Ocumpaugh Monitor-
ing Protocol (BROMP) was developed to support minimally
disruptive field observation of student affect and behavior,
and became one of the field’s most widely used protocols
for collecting affect labels in classrooms and digital learn-
ing environments [9]. This foregrounded a measurement
problem that is easy to underestimate in machine learn-
ing: affect detectors are only as meaningful as the labels
and populations on which they are built. Ocumpaugh et
al. [10] demonstrated that affect detectors trained in one
population or setting may not generalize well to another,
even when the nominal task appears similar. Zambrano et
al. [11] compared different ground-truth measures of emo-
tion and showed that the choice of measurement approach
can materially shape the conclusions drawn from affective
modeling studies.

Previous research also suggests that states such as confu-
sion, frustration, and surprise are meaningful in how they
unfold and interact over time [12]. For instance, confusion
may support learning when it transitions into productive in-
quiry, yet hinder progress when it persists or co-occurs with
disengagement. However, empirical approaches that aggre-
gate affective experiences across entire activities or treat
them as independent labels have struggled to recover consis-
tent evidence for these theoretical dynamics [13, 14]. This
disconnect points to a key limitation in current modeling
approaches: by collapsing temporal sequences into static
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representations, they discard the relational and transitional
structure that defines epistemic emotions.

These concerns become sharper in collaborative problem-
solving. Compared to individual tutoring or solo problem-
solving, collaborative settings introduce social regulation and
coordination. Learners may mask confusion to preserve com-
petence in front of peers, suppress frustration to maintain
group harmony, or display attentiveness strategically while
being disengaged internally [5]. This creates a particularly
difficult setting for automatic affect detection because the
mapping from observable signal to felt state is neither di-
rect nor stable [15, 7]. For this reason, collaborative learning
is not simply another application domain for affect models
developed elsewhere. It is a setting that stresses the assump-
tions built into those models.

Taken together, this literature points to three key design re-
quirements for the present work. First, measurement must
be treated as a primary research problem rather than a pre-
processing step, echoing prior work on observational rigor,
population validity, and the instability of ground truth in af-
fect modeling [?, 10, 11]. Second, epistemic emotions should
be conceptualized as dynamic and relational processes rather
than independent, static categories, consistent with work on
affective dynamics, confusion resolution, and state transi-
tions [3]. Third, collaborative problem-solving should be
treated as a distinct affective context, where social regu-
lation, masking, and interactional dependencies complicate
the mapping between observable signals and internal states.
Building on these insights, I investigate the problem of ground
truth for epistemic emotions by combining construct-aligned
annotation, analysis of temporal and relational structure,
and systematic examination of how different measurements
of affect shape our understanding of cognitive-affective pro-
cesses in collaborative learning.

3. THEORETICAL FRAMING

The theoretical framing of my doctoral research is grounded
in the premise that epistemic emotions in collaborative prob-
lem solving are mutually inclusive and context-dependent
processes, rather than static and independently observable
states. Drawing from educational psychology, epistemic emo-
tions arise from learners’ interactions with uncertainty, task
demands, and social context, and their role in learning de-
pends on how they evolve over time and in relation to other
states. From this perspective, the notion of a single, fixed
ground truth for affect is inherently problematic. Instead,
what is commonly treated as “ground truth” should be viewed
as a methodological construct shaped by choices in measure-
ment, temporal aggregation, and representation. To adress
this, I ground the investigation in a sequence of studies that
progressively examine how epistemic emotions can be mea-
sured and represented in collaborative problem-solving in a
meaningful and valid way. Some of this work has already
been carried, and the remaining is in plan.

3.1 Foundations (Completed Work)

Initially, I explored the space of internal states that arise
in collaborative contexts. Using a retrospective cued-recall
paradigm, I collected data of collaborative problem-solving
sessions where participants were asked to verbalize their in-
ternal states while reviewing recordings of their group in-
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(b) Distribution across reporting mechanisms

Figure 1: Distribution of reported cognitive-affective states
in our dataset

teractions. These internal monologues were transcribed and

thematically analyzed, revealing a set of prevalent epistemic

states—including labels such as conflicted and reserved—that
are not commonly emphasized in prior work on individual

learning. Analysis of n-grams and manually extracted key-

words further supported the consistency of these states, and

semantic similarity analysis confirmed coherence within and

across identified categories. This study established both the

diversity and context-specificity of epistemic emotions in col-

laborative settings [16].

Building on this, I developed a structured self-report frame-
work in which participants labeled their cognitive-affective
states using a more structured retrospective protocol that
provided a subset of the initial labels, either spontaneously

(self-caught) or in response to periodic probes (probe-caught).

This enabled the collection of a more formalized dataset of
retrospectively reported affective states that are temporally
anchored across multiple groups. along with rich metadata
including timestamps, reporting type, and participant roles.
Analysis of the resulting data showed that frequency dis-
tributions of reported states were largely consistent across
reporting mechanisms, with subtle but meaningful differ-
ences (Figure 1). For example, states such as confused were
reported more frequently in self-caught conditions, while
probe-caught reports tended to capture lower-arousal states,
suggesting that participants may use available labels as ap-

proximations for a broader “neutral-engaged” condition. These

findings highlight how measurement choices influence not
only what is captured, but how affective states are inter-
preted. I further examined the temporal characteristics of
these states by analyzing their distribution over normalized
task time. Figure 2 shows a scatterplot of affective state
reports over normalized collaborative task time. This anal-
ysis revealed systematic patterns: disengagement increased
over time, likely reflecting fatigue or waning attention, while
confusion persisted over longer durations, consistent with its
characterization as a sustained epistemic state [3]. Frustra-
tion exhibited mid-task peaks, aligning with its role as an in-
termediate response to prolonged difficulty [1], and surprise
appeared as a transient, intermittent state [2]. These results
reinforce that epistemic emotions are not static events, but
temporally structured processes with distinct dynamics [17].

Next, I investigated the relational structure of these epis-
temic emotions using ordered network analysis (ONA) (see
Figure 3) [18]. This work showed that epistemic emotions
form a structured system of co-occurrences and transitions
that cannot be recovered from frequency-based summaries
alone. In particular, I identified a stable “epistemic core”
linking curiosity, optimism, and confusion, while also ob-
serving that reporting mechanisms (self-caught vs. probe-
caught) and group performance (faster vs. slower groups)
emphasize different aspects of this structure. For example,
the roles of confusion and disengagement shift in their rela-
tionship to conflict depending on group dynamics, suggest-
ing that the meaning of a state is contingent on its position
within an interactional sequence [19].

3.2 Proposed Analysis (Future Work)

The next stage of this doctoral research centers on a sys-
tematic investigation of ground truth by comparing different
annotation methods, temporal resolutions, and data modali-
ties. Specifically, I propose a set of studies organized around
three questions. First, how do different annotation methods
capture epistemic emotions? 1 will compare self-reported
states obtained through retrospective cued recall with ex-
ternally observable indicators derived from multimodal be-
havioral data, including facial action units, vocal prosody,
and conversational features. Agreement will be assessed us-
ing both categorical metrics (e.g., Cohen’s k, F1) and distri-
butional comparisons, while also examining where and why
divergence occurs. Rather than treating disagreement as
error, I will analyze systematic patterns of misalignment,
such as cases where internal reports indicate confusion but
observable signals remain neutral, as potential evidence of
social masking or regulation.

Second, how does temporal alignment influence interpreta-
tions of affect? I will investigate the temporal fidelity of
different signals by comparing self-reported events with be-
havioral data across varying temporal windows (e.g., *1s,
+5s, +10s) and aggregation strategies. This includes eval-
uating whether certain modalities exhibit leading or lag-
ging relationships with reported states, and whether affec-
tive episodes are better represented as point events or tem-
porally diffuse intervals. Building on prior work in affective
chronometry, I will quantify differences in persistence, on-
set, and decay across representations, examining how these
properties shift under different temporal assumptions.
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Third, how do representational choices shape conclusions
about affective dynamics? Using ordered network analy-
sis and related sequence-based methods, I will construct re-
lational representations of affect from each operationaliza-
tion (e.g., raw self-reports, temporally aggregated labels,
multimodal-derived signals) and compare their structural
properties. This includes examining differences in cooc-
currence patterns, transition probabilities, and higher-order
structures such as stable “cores” or hubs of interaction. By
comparing these structures across representations, I aim to
identify which aspects of affective dynamics are robust to
measurement choices and which are artifacts of specific an-
notation or aggregation strategies.

Across these studies, the goal is not to identify a single “cor-
rect” ground truth, but to characterize the space of plau-
sible representations and the conditions under which they
converge or diverge. In doing so, this work treats ground
truth as a multi-faceted construct that must be interrogated
empirically. The outcome is a framework for understand-

ing how methodological decisions—ranging from annotation
protocols to temporal segmentation—shape both the analy-
sis and interpretation of cognitive-affective states in collab-
orative learning.

4. CONTRIBUTION AND IMPACT

This research aims to contribute to both the learning sci-
ences and computer science communities by reframing the
problem of affect modeling as a question of measurement,
representation, and validity.

From a learning sciences perspective, this work advances
the study of epistemic emotions in collaborative settings by
emphasizing construct validity and temporal dynamics. By
leveraging retrospective cued recall, it provides a minimally
disruptive yet theoretically grounded approach to capturing
internal states in naturalistic environments. Further, by an-
alyzing the temporal and relational structure of these states,
this work contributes to a deeper understanding of how epis-
temic emotions unfold during collaborative problem-solving,
moving beyond frequency-based accounts toward process-
oriented representations. More broadly, it contributes to
ongoing discussions in EDM regarding the nature of ground
truth, the role of measurement in learning analytics, and the
interpretation of affective data.

From a computer science perspective, this work frames af-
fect modeling as a data-centric machine learning problem,
where the primary challenge lies in the definition and re-
liability of supervision signals rather than model capacity
alone. By systematically examining how different annota-
tion strategies, temporal resolutions, and representations in-
fluence downstream analysis, this research provides insights
into learning under weak, subjective, and temporally mis-
aligned supervision. These challenges are not unique to af-
fect modeling, but arise in many real-world machine learning
settings involving human-centered data. As such, this work
contributes to broader efforts in machine learning to un-
derstand label uncertainty, temporal misalignment, and the
relationship between data collection methods and model be-
havior.

Finally, this research has implications for the design of affect-
aware systems in education. By clarifying what different
forms of “ground truth” capture and where they fall short,
this work provides a foundation for developing models and
systems that are more interpretable, robust, and aligned
with the constructs they aim to represent. In doing so, it can
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support the development of educational technologies that re-
spond not only to observable behavior, but to the underlying
cognitive-affective processes that drive learning.
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