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ABSTRACT
Open-ended learning environments (OELEs) support con-
structivist approaches to STEM learning. This promotes
student engagement and facilitates a deeper understanding
of STEM topics. Despite their benefits, OELEs can present
significant challenges for novice learners. Recent studies
have revealed the complex relationship between students’ af-
fective states, cognitive processes, and performance in OE-
LEs. Yet, a relatively unexplored domain is the relation
between students’ use of effective cognitive processes repre-
sented by coherence measures and their affective states. In
this paper, we used multimodal approach to analyze the in-
teraction log data and affective states from 33 middle school
students constructing causal maps using an OELE named
Betty’s Brain. Deep learning methods were employed for
emotion recognition, focusing on learning-centered emotions:
engagement, delight, boredom, confusion, and frustration.
Our findings reveal significant differences in the coherence of
actions between high and low performers, impacting their af-
fective states. Results indicate that high performers demon-
strated greater coherence in their actions, which correlates
with more positive affective states. This underscores the
need for adaptive scaffolds in OELEs to improve student
engagement and learning outcomes by focusing on the inter-
play between cognitive and affective states.

Keywords
affective states, cognitive processes, coherence, self-regulated
learning, learning-centered emotion, open-ended learning en-
vironments, deep learning, facial expression, multimodal learn-
ing analytics

1. INTRODUCTION
Open-ended learning environments (OELEs) are designed
to provide authentic inquiry-based learning and problem-
solving experiences. They have been shown to promote ac-
tive learning, which deepens student engagement and un-
derstanding of STEM subjects [5]. Despite these benefits,
OELEs also pose significant challenges because the complex-
ity of the learning and problem-solving tasks requires stu-
dents to develop Self Regulated Learning (SRL) strategies
to navigate and learn within these contexts effectively [14].

Several studies have demonstrated the relations between cog-
nition, metacognition, and affect in the context of SRL and
problem-solving. Understanding the interplay between stu-
dents’ affective states and cognitive processes within OELEs
is important because emotions can have a significant impact
on students’ learning behaviors and performance [21]. The
ability to regulate emotions and sustain engagement is vital
for maximizing the educational benefits of OELEs, making
the creation of adaptive, affect-sensitive systems a critical
objective to improve learning experiences and outcomes [7].

Recent advances in technology and deep learning algorithms
have facilitated the online analysis of students’ affective states
using face tracking algorithms [8, 1, 18]. While these ini-
tiatives show promise in enhancing learning through em-
pathetic and motivational support, they often do not fully
encapsulate the dynamic interaction between emotions and
cognitive processes. Typically, the focus is on isolated ele-
ments rather than the holistic learning experience that in-
cludes measures of their understanding over time. Addition-
ally, the interplay of coherence of students’ effective cogni-
tive processes, defined as the degree to which initial activities
generate information that is used to perform subsequent ac-
tions in the learning environment and emotion, remains an
unexplored topic in the current literature [14].

In this paper, we take a deeper dive into investigating these
relations and specifically study the correlations between stu-
dents’ cognitive processes, coherence, and their affective states.
We do this in the context of middle school students learning
about scientific processes by constructing causal models in
the Betty’s Brain OELE [5]. In this environment, students’

C. E. Akpanoko, A. T. S., G. Cordell, and G. Biswas. Investigating
the relations between students’ affective states and the coherence in
their activities in open-ended learning environments. In B. Paaßen
and C. D. Epp, editors, Proceedings of the 17th International Con-

ference on Educational Data Mining, pages 511–517, Atlanta, Geor-
gia, USA, July 2024. International Educational Data Mining Society.

© 2024 Copyright is held by the author(s). This work is distributed
under the Creative Commons Attribution NonCommercial NoDeriva-
tives 4.0 International (CC BY-NC-ND 4.0) license.
https://doi.org/10.5281/zenodo.12729872



cognitive processes and strategies are typically linked to
their acquiring information by reading a science book [Read],
translating what they read into relevant concepts and links
between these concepts, to construct a causal model of a sci-
entific process [Build], and then periodically taking quizzes
to check the correctness and completeness of their evolving
model [Quiz]. In previous work, we have shown that stu-
dents with more coherent activity sequences are more suc-
cessful in their learning and model-building tasks [19]. Since
coherence leads to effective performance, we investigate the
relationship between the coherence of students’ actions and
their affective states when they perform such actions. Using
this framework, we examine the relationship between stu-
dents’ affective states and their performance as they work
in the Betty’s Brain environment.

Overall, this research aims to study how students’ emotional
experiences vary depending on the coherence of their read,
build, and quiz action sequences. We use students’ logged
activities in the Betty’s Brain environment to derive coher-
ence between paired action sequences that can be interpreted
as cognitive strategies [5]. Simultaneously, we track their af-
fective states using face-tracking algorithms applied to we-
bcam videos to study the following research questions:

RQ1: Is there a difference in the percentage of coherent read-
to-build, quiz-to-build, and quiz-to-read action pairs
between the high and low performing students?

RQ2: Are there significant differences in aggregated affec-
tive states exhibited by high and low performers when
working in the Betty’s Brain environment?

RQ3: What are the differences in emotional experiences be-
tween high and low performers when involved in co-
herent versus incoherent action sequences?

RQ4: Are there emotional differences between high and low
performers in their quiz-to-build action pairs when they
are coherent versus not coherent?

The rest of this paper is organized as follows. The next
section discusses the literature review. In the following sec-
tion, we provide a generalized definition of coherence when
analyzing students’ cognitive strategies as they work in the
Betty’s Brain environment. We also discuss our method for
identifying students’ academic affective states. Next, we re-
port our findings to answer the three RQs presented above.
We address the significance of our findings for developing
OELEs that promote effective learning processes and emo-
tional regulation. Finally, we summarize our contributions
and offer suggestions for further research.

2. RELATED WORK
OELEs promote constructivist STEM learning processes through
problem-solving and inquiry-based experiences [5, 6]. The
open-ended nature of these environments demand high lev-
els of cognitive and metacognitive involvement, as learners
are expected to set goals and formulate plans to learn and
apply new information, formulate and verify hypotheses,
and engage in monitoring and reflection activities to ensure
progress toward their goals [12, 25].

Novice learners often need help in these environments be-
cause they struggle to acquire knowledge and effectively
regulate their learning and problem-solving tasks simultane-
ously. Therefore, these environments must scaffold students’
learning and use self-regulation strategies to help them ad-
vance in their learning tasks [3, 13]. To address these chal-
lenges, it is imperative to consider the multifaceted nature
of self-regulated learning. Beyond the acquisition of knowl-
edge, successful self-regulation involves a nuanced interplay
of students’ affective experiences, cognitive processes, and
metacognitive strategies. Recognizing the influence of emo-
tions, cognitive engagement, and metacognitive awareness
is pivotal in creating a comprehensive understanding of how
students navigate and succeed in complex learning environ-
ments. This holistic perspective sets the stage for explor-
ing the intricate connections between affect, cognition, and
metacognition in the context of self-regulated learning [15].

Identifying learning-centered emotions, encompassing states
like confusion, boredom, frustration, engagement, and de-
light, plays a pivotal role in comprehending learner behaviors
and performance dynamics [15, 2, 11]. Despite the success of
state-of-the-art computer vision methods in recognizing ba-
sic emotions, their application within Open-Ended Learning
Environments (OELE) introduces distinctive challenges [23,
1]. Existing techniques notably lack training with K-12 stu-
dent data, and, specifically, on learning-centered emotions
derived from OELE datasets. Therefore, an effective ap-
proach necessitates developing methods that are pre-trained
on K-12 student data focusing on academic emotions.

While some architectures are trained on extensive datasets,
including children’s data, they primarily target continuous
emotions like valence and arousal. Russell’s circumplex model
guides the conversion of continuous emotions into discrete
categories. However, the challenge remains in transforming
them into distinct learning-centered emotions, revealing a
gap in OELE learning environments.

However, none of the existing literature tries to understand
the interplay between the coherence of cognitive processes
and affective states during learning and problem-solving ac-
tivities. In this study, we aim to fill this gap and explore
the intricate relationship between the coherence of cognitive
processes and affective states to understand the learning ex-
perience better.

3. METHODS
The Betty’s Brain Environment: Betty’s Brain, an OELE
designed for middle school students, uses a learning- by-
teaching approach to help students learn their science by
building a causal model of a scientific process, and, at the
same time, by developing their cognitive and metacognitive
abilities to become better learners.

Betty’s Brain system interface provides learners with a vari-
ety of resources and tools for knowledge acquisition, model
construction, and model evaluation. The system compo-
nents include a science book, which is a collection of hyper-
media resource pages that provide the subject knowledge
for constructing the causal model. Learners read relevant
pages of the science book to learn about relevant science
concepts and the causal (cause-and-effect) relationships be-







The not-coherent counterparts record a notably higher me-
dian percentage, near 80%. The quiz-to-build coherent ac-
tion pairs have a median percentage of around 40%, while
not-coherent actions record a median close to 60%. For quiz-
to-read actions, particularly for the low performers, there
is a distinct difference between coherent and not-coherent
actions, with medians below 20% and above 70%, respec-
tively. These boxplot distributions highlight the fact that
low-performers perform more non-coherent action pairs than
high performers.

Table 1: Percentage of coherence difference between high and
low performers

AP High: M (SD) Low: M (SD) U Stat P-Value
R-B 42.00 (13.98) 22.57 (21.59) 210 0.0077*
Q-B 84.63 (13.70) 46.54 (42.45) 201.5 0.0177*
Q-R 61.29 (20.06) 55.11 (26.14) 159 0.4167

Note: * indicates significance at p < 0.05; AP: Action Pairs

Table 1 shows the averages and standard deviations of the
three coherent action pairs for high and low performers. The
Mann-Whitney U test indicated statistically significant dif-
ferences between groups for R-B (U = 210, p < .05) Q-B
(U = 201.5 and p = .0177). However, for Q-R coherence,
the Mann-Whitney U test did not show statistically signifi-
cant differences between the groups (U = 159, p < .05). In-
terestingly, the high performers were much better than the
low performers in converting the information they READ
into relevant causal map links (BUILD), and they were also
effective in using the QUIZ results to go back and READ rel-
evant pages. However, all students seemed to have difficulty
with using the Quiz results to make informed corrections in
their maps.

RQ2: Are there significant differences in the aggregated af-
fective states exhibited by high and low performers when
working in the Betty’s Brain environment?

Table 2: Aggregated Affect State Distributions for High and
Low Performers (RQ2)

E High: M (SD) Low: M (SD) U Stat P

De 6.38 (10.06) 2.49 (3.21) 192 0.0456*

En 5.04 (3.61) 3.20 (3.50) 184 0.0871

Co 21.15 (10.48) 20.89 (11.93) 144 0.7870

Bo 13.56 (13.47) 17.87 (12.81) 105 0.2719

Fr 3.46 (7.31) 4.55 (5.85) 108 0.3219

Ot 39.27 (13.65) 43.96 (11.06) 112 0.3973

Note: * indicates significance at p < 0.05.
E: Emotion; De:Delight; En:Engagement; Co:Confusion;

Br:Boredom; Fr:Frustration; Ot:Other; P:P-Value

To address RQ2, we first computed the ratio of the aggre-
gated duration of each discrete emotion to the total duration
of time spent in the learning environment and then con-
verted these ratios to percentages (see Table 2). The Mann-
Whitney U-tests revealed that Delight was the only affec-
tive state where there were differences between High and
Low performers. This result confirms our previous results,
where we found that High performers were more success-
ful in building their causal maps, and, therefore, expressed
more Delight as they kept getting more and more correct an-
swers on their quizzes [20]. Though their Engagement states
(when the student is engaged in their task but shows no vis-

ible emotion) had a low percentage, the difference between
High and Low performers showed a trend (P = 0.09).

Interestingly, the label Other (i.e., situations where we could
not assign an affective state to the student) was quite high
across all students. This could be because the student had
moved away from their laptop so the webcam could not track
the students’ faces. It could also be that our computed va-
lence and arousal values did not quite fall with the regions
where we could label definitive educational affective states
using Figure 1. Among the other affective states, Confusion
levels, i.e., a state of cognitive disequilibrium, were relatively
high for both groups. This indicated that the learning task
was not easy, and students often had to put in some effort
before they could overcome their state of cognitive disequi-
librium. However, students did not get into prolonged pe-
riods of Frustration. We expected that Frustration levels,
a negative and disruptive affective state, would be higher
for Low performers, but it is good to see that was not the
case. Students did seem to go into the Bored or Disengaged
state for about 15% of the total time spent on the system.
Typically, this may be considered to be a negative affec-
tive state, but as others have pointed out, boredom’s causes
and consequences are ambiguous and often associated with
individual differences [4, 24]. At times, disengagement, i.e.,
taking a break, may be beneficial because it enables recovery
and avoids negative frustrated states [26].

RQ3: What are the differences in emotional experiences be-
tween high and low performers when they are performing
coherent versus incoherent action sequences?

Table 3: Affect State Differences between High and Low Per-
formers for Coherent Action Pairs

E High: M (SD) Low: M (SD) U Stat P

De 8.26 (8.00) 4.12 (6.46) 190 0.0536

En 8.35 (7.04) 4.32 (5.72) 188.5 0.0608

Co 41.31 (44.21) 55.16 (79.19) 150.5 0.6140

Bo 21.43 (24.72) 47.46 (89.77) 108 0.3217

Fr 8.74 (17.74) 8.70 (11.92) 121.5 0.6115

Ot 68.83 (39.71) 107.02 (110.76) 114.5 0.4493

Note: * indicates significance at p < 0.05.
E: Emotion; De:Delight; En:Engagement; Co:Confusion;

Br:Boredom; Fr:Frustration; Ot:Other; P:P-Value

Table 4: Affect Differences Between High and Low Perform-
ers for Non-Coherent Action Pairs

E High: M (SD) Low: M (SD) U Stat P

De 11.91 (15.14) 5.44 (7.68) 173 0.1884

En 8.34 (6.91) 6.58 (8.86) 172 0.2006

Co 38.99 (23.72) 54.41 (57.26) 144 0.7870

Bo 40.09 (65.52) 32.88 (29.83) 115 0.4601

Fr 7.44 (21.21) 11.72 (18.82) 108 0.3211

Ot 80.55 (55.99) 85.38 (49.33) 128 0.7870

Note: * indicates significance at p < 0.05.
E: Emotion; De:Delight; En:Engagement; Co:Confusion;

Br:Boredom; Fr:Frustration; Ot:Other; P:P-Value

We addressed RQ3 in a similar manner to RQ2. We calcu-
lated the ratio of the duration of each discrete emotion for
high and low performers when they were performing coher-



ent action pairs to the total time they spent on the system
(see Table 3). We performed similar calculations for the ra-
tio of the duration on non-coherent action pairs to the total
time spent on the system (see Table 4).

As anticipated, High-performing students exhibit greater
Delight compared to Low-performing students when execut-
ing coherent action pairs. Although the observed difference
lacks statistical significance, we see a discernible trend in
the result. A similar pattern is observed for Engagement.
We hypothesize that this difference may be attributed to
the greater confidence of High performers in the success of
their system-related actions, leading to a more positive affec-
tive state compared to Low performers. This proposition is
further supported by the observation that these differences
diminish when both High and Low performers engage in
non-coherent action pairs, as neither group is certain about
the outcomes of their actions.

Surprisingly, the Confusion percentages are high for High
and Low performers, even when they are performing coher-
ent action pairs. One would have expected that the Con-
fusion percentage would be lower for High performers when
they were performing coherent action pairs, and significantly
less than that of the Low performers. Similarly, there were
no differences for the other Affect states between the High
and Low performers.

RQ4: Are there affect differences between high and low per-
formers during the quiz-to-build action pair when they are
coherent versus not coherent?

Table 5: Affect Differences for Coherent Q-B

E High: M (SD) Low: M (SD) U Stat P

De 5.77 (10.81) 1.30 (4.05) 205.5 0.0097*

En 4.57 (5.05) 2.17 (4.49) 200.0 0.0183*

Co 15.93 (11.80) 5.59 (8.54) 220.0 0.0022*

Bo 9.13 (11.57) 9.73 (15.40) 167.5 0.2525

Fr 3.73 (8.28) 1.12 (2.84) 172.0 0.1688

Ot 34.43 (17.18) 24.89 (29.13) 161.0 0.3685

Note: * indicates significance at p < 0.05.
E: Emotion; De:Delight; En:Engagement; Co:Confusion;

Br:Boredom; Fr:Frustration; Ot:Other; P:P-Value

Table 6: Affect Differences for Non-coherent Q-B

E High: M (SD) Low: M (SD) U Stat P

De 2.12 (3.54) 0.31 (0.72) 157.0 0.3788

En 1.88 (3.88) 2.41 (5.59) 148.0 0.6307

Co 12.57 (14.34) 7.22 (12.37) 162.0 0.3229

Bo 7.96 (12.43) 8.15 (14.02) 138.0 0.9521

Fr 0.43 (1.27) 2.23 (5.29) 116.0 0.3879

Ot 26.52 (27.68) 20.87 (28.00) 154.0 0.4976

Note: * indicates significance at p < 0.05.
E: Emotion; De:Delight; En:Engagement; Co:Confusion;

Br:Boredom; Fr:Frustration; Ot:Other; P:P-Value

Given the significant differences in coherence for two of the
action pairs (R-B and Q-B) between the High and Low per-
formers for RQ1, but no significant differences in the affec-
tive states for RQ2 and RQ3, we decided to probe further
and study differences in affect for action pairs individually.

In this paper, we analyze results for affect state differences
for the Q-B action pair. As discussed earlier, we hoped to
see more differences between the two groups because the
High performers were likely more confident in their success
in correcting their maps using the Quiz results. Tables 5 and
6 show the affective states for the high and low performers
for coherent Q-B and non-coherent Q-B action pairs. Ta-
ble 5 for the coherent action pairs shows significant differ-
ences between High and Low performers for Delight (De)
and Engagement (En), and Confusion (Co), with respective
P-values of .01, .02, and .0022. No significant differences
were found for boredom (Bo), frustration (Fr), or other emo-
tions (Ot) in coherent sequences.

On the other hand, Table 6 shows no significant affect dif-
ferences detected between High and Low performers in ac-
tion pairs that were not coherent across all of the learning-
centered emotions. The combinations of these results indi-
cate that there is a relation between coherence and the pos-
itive affective states, i.e., Delight and Engagement. In other
words, High performers may have a better understanding
of how to combine action pairs to generate effective results,
i.e., higher map scores. This is also demonstrated in their
positive affect. However, in situations, where the High per-
formers may not have this understanding, i.e., their action
pair are non-coherent (which corresponds to making guesses
or performing trial and error actions), there is little differ-
ence between their affective states and that of the Low per-
formers.

5. CONCLUSIONS AND FUTURE WORK
This paper presents some of our initial results in understand-
ing the relations between students’ cognitive and strategic
processes (i.e., action pairs) and their affective states as they
work on complex learning and problem-solving tasks in an
OELE. The notion of coherence, which is a measure of stu-
dents’ effective strategic behaviors, does show some relation
to students’ affective states. Our results demonstrated sig-
nificant differences in the coherence of action pairs between
High and Low performers. High performers showed a greater
percentage of coherent Read-to-Build and Quiz-to-Build ac-
tion pairs as compared to low performers. This provides
some explanations as to why they perform better − they
are better at interpreting what they read than low perform-
ers, and they are better at debugging errors in their maps as
compared to low performers. This conforms to and supports
a number of our previous results in OELE environments [21,
13, 22].

Future research should investigate how students’ coherence,
specifically the correctness/effectiveness of their actions, in-
teracts with the dynamic interplay of emotions within OE-
LEs. Exploring the impact of coherence on academic out-
comes and evaluating the outcomes associated with coherent
action pairs will provide valuable insights.
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