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Abstract. This research examines the interplay between emotions and learning
behaviors in Intelligent Learning Environments (ILEs) using data from Brazil-
ian students. We analyze associations between emotions—including confusion,
frustration, boredom, and engagement—and learning behaviors, focusing on
the influence of gender and the duration of these emotions and behaviors. Data
from 30 students in a math step-based tutoring system were annotated by hu-
man coders, with transition probabilities assessed using the L metric. Key find-
ings indicate that engagement and confusion correlate with active task involve-
ment, while boredom and frustration are linked to task withdrawal. Addition-
ally, gender-specific dynamics between emotions and behaviors were observed.
These results highlight the potential to use the observed relationships between
emotions and behaviors to enhance personalized learning experiences and in-
form the design of adaptive learning environments.

Resumo. Esta pesquisa examina a interação entre emoções e comportamen-
tos de aprendizagem em Ambientes de Aprendizagem Inteligentes (ILEs) uti-
lizando dados de estudantes brasileiros. Analisamos as associações entre
emoções—incluindo confusão, frustração, tédio e engajamento—e comporta-
mentos de aprendizagem, focando na influência do gênero e na duração dessas
emoções e comportamentos. Dados de 30 estudantes em um sistema tutor
baseado em etapas de matemática foram anotados por codificadores humanos,
com probabilidades de transição avaliadas utilizando a métrica L. Os princi-
pais achados indicam que o engajamento e a confusão correlacionam-se com
o envolvimento ativo nas tarefas, enquanto o tédio e a frustração estão liga-
dos à retirada das tarefas. Além disso, foram observadas dinâmicas especı́ficas
de gênero entre emoções e comportamentos. Esses resultados destacam o po-
tencial de usar as relações observadas entre emoções e comportamentos para
aprimorar experiências de aprendizagem personalizadas e informar o design de
ambientes de aprendizagem adaptativos.

1. Introduction
Understanding affective states is crucial in educational contexts, as they significantly in-
fluence cognition and learning outcomes. Emotions such as confusion, frustration, bore-
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dom, and curiosity, play a pivotal role in shaping attention, motivation, cognitive strate-
gies, and self-regulation in learners [Pekrun 2014]. This is particularly pertinent in Intel-
ligent Learning Environments (ILEs), where the dynamics of emotional experiences can
profoundly impact pedagogical effectiveness [Graesser et al. 2014].

The model proposed by D’Mello and Graesser [Graesser and D’Mello 2011] high-
lights that unmanaged confusion can lead to frustration and boredom, negatively im-
pacting learning. Subsequent studies support that confusion often transitions to nega-
tive emotions [Fredrickson 1998]. Karumbaiah et al.’s [Karumbaiah et al. 2021] reeval-
uation of affect dynamics, employing an adjusted L metric, has illuminated the influ-
ence of cultural context on emotional transitions. Moreover, gender and the duration
of emotions have been identified as significant factors in learning, with evidence point-
ing to gender-specific variations in emotional experiences and their impacts on education
[Morais and Jaques 2023]. Notably, research indicates that female students may experi-
ence higher levels of anxiety and negative emotions compared to their male counterparts,
who exhibit lower levels of anxiety and experience emotions such as pride, enjoyment,
and boredom differently [Hembree 1988, Zeidner 1998, Frenzel et al. 2007].

The relationship between emotions and learning is further nuanced by factors
such as behavioral patterns in students. Learning-oriented behaviors, which encompass
students’ actions and attitudes towards learning tasks, have been shown to be signifi-
cantly associated with learning outcomes [Perkins 1965]. Research has linked specific
emotions with learning behaviors and outcomes. For instance, boredom has been as-
sociated with poorer learning and problematic behaviors like gaming the system, while
off-task behaviors can sometimes reengage students and alleviate negative emotions
[Baker 2011, Baker et al. 2011, Sabourin et al. 2011, Baker et al. 2007].

This study explores the complex interplay between emotions and behaviors in
education, focusing on the duration of emotions and gender influence. While previous
research examined transitions between emotional and behavioral states, this study inno-
vatively emphasizes how the sustained presence of an emotion can influence behaviors
and how prolonged emotional experiences affect the likelihood of specific behavioral out-
comes. By focusing on Brazilian students, this study addresses a gap in exploring diverse
cultural backgrounds in educational research, particularly in Latin America. It offers in-
sights into adapting universal findings to different cultural settings, highlighting the need
to customize educational strategies for each student population.

Our methodology utilizes data collection from Brazilian students through
PAT2Math, a step-based Math Intelligent Tutoring System (ITS) [Jaques et al. 2013]. We
focus on annotating students’ learning emotions (engagement, confusion, frustration, and
boredom) and behaviors (on-task, off-task, participating in task-related conversations, us-
ing the system but not on a specific task, and accessing external educational resources)
using the EmAP-ML protocol [Morais et al. 2019]. The analysis includes evaluating the
transition probabilities between emotions and learning behaviors using the adjusted L
statistic [Karumbaiah et al. 2021]. The analysis also considers patterns related to gender
and the duration of emotions. Statistical tests are employed to determine the significance
of these transitions. This study is guided by four primary research questions:

• RQ1: How are students’ behaviors and emotional states in an ILE associated with
each other in the context of Brazilian learners?
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• RQ2: What are the gender-related patterns in the association between emotional
states and learning behaviors in ILEs?

• RQ3: How does the duration of emotions relate to learning behaviors and vice
versa, particularly in the context of Brazilian students?

• RQ4: How do the patterns of association between emotional states and learning
behaviors in Brazilian students compare with international findings? Do these pat-
terns replicate, diverge, or reveal unique insights when contrasted with established
international patterns?

Addressing these questions will enhance our understanding of emotional dynam-
ics in education and inform culturally sensitive teaching strategies. By including data
from Latin American students, the study explores unique demographic aspects and broad-
ens the generalization of research findings, which have been mostly based on North Amer-
ican and Filipino contexts. This approach ensures that insights reflect a wider range of
cultural and contextual nuances in learning.

2. Related Work
The model of affect dynamics proposed by D’Mello and Graesser
[D’Mello and Graesser 2012] stands as a significant contribution to the field. This
model illustrates the progression of student emotions during learning, highlighting
the critical role of cognitive disequilibrium and confusion. The model suggests that
confusion, if appropriately regulated, can lead to re-engagement and learning. However,
unaddressed confusion may devolve into frustration or boredom, stymieing the learning
process. This model underlines two essential aspects: the necessity for ILEs to challenge
students, fostering critical thinking, and the importance of regulating negative emotions
like frustration and boredom through pedagogical interventions.

A recent analysis by [Karumbaiah et al. 2021] reviewed studies applying the L
metric in affect dynamics. Their re-analysis, considering an adjusted version of this met-
ric, revealed notable differences in affect transitions across different cultural contexts,
namely the USA and the Philippines. This finding is significant as it suggests that cultural
and contextual factors play a crucial role in affect dynamics, a hypothesis that our study
seeks to explore further in the Brazilian context.

The relationship between affect and behaviors, while extensively studied, of-
ten lacks a focus on affect dynamics. Notable works in this area include studies by
[Rodrigo et al. 2009, Pardos et al. 2014, Fancsali 2014, Kostyuk et al. 2018]. However,
these studies do not integrate the affect dynamics perspective. In contrast, Baker et al.’s
research in different ILEs across two countries delves into the interplay between stu-
dents’ affect and behaviors, highlighting the persistence of boredom and its impact on
student engagement [Baker et al. 2010]. Further expanding on this, Baker and colleagues
[Baker et al. 2011, Baker et al. 2007] investigated the co-occurrence and sequences of af-
fect and behaviors in various educational settings. Their findings emphasize the intricate
relationship between specific emotions, like boredom and confusion, and student behav-
iors such as being off-task or gaming the system.

The study by Morais et al. [Morais and Jaques 2023] offers a comprehensive anal-
ysis of the dynamics of emotions in Brazilian students using a Math ITS. The research
highlights how affective transitions vary based on gender and the duration of emotions,
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uncovering distinct emotional response patterns between male and female students. Ad-
ditionally, it presents the importance of considering the duration of emotions, illustrating
how short and long-term emotions differently impact learning processes. These findings
emphasize the necessity for educational technology designs that are culturally and emo-
tionally sensitive to the context of Brazilian students.

Upon synthesizing these studies, several key conclusions emerge: while the affect
dynamics model by D’Mello and Graesser offers substantial contributions, its applica-
bility across different contexts is not universal, highlighting the significant influence of
students’ cultural backgrounds on affect dynamics. Our research pushes the boundaries
of understanding the intricate relationship between emotions and behaviors within educa-
tional environments by emphasizing the previously unexplored roles of emotion duration
and gender. Our focus on the duration of emotions aims to unravel how the prolonged
presence of a specific emotional state might trigger certain behaviors and, conversely,
how the extended experience of an emotion might change its likelihood of leading to
specific behavioral outcomes.

Focusing on Brazilian students, this study fills a gap in educational research on
Latin American contexts. It provides insights into how universal findings should be ad-
justed for different cultures, emphasizing tailored educational strategies. No prior re-
search has developed a statistically significant affect dynamics model for Brazilian stu-
dents or comprehensively considered gender, learning behaviors, and emotion duration
together.

3. Research Method

This section outlines the methodological approach adopted in our study to investigate the
interplay between students’ emotional states and their learning behaviors in the context of
an ILE. The methodological design encompasses a data collection, emotion and behavior
annotation, and statistical analysis, further elaborated in the following subsections.

3.1. Dataset of Emotions and Behaviors

Our study utilized the dataset from [Morais and Jaques 2023], which includes observa-
tions from 30 students—16 females and 14 males, aged 12 to 13, enrolled in two seventh-
grade classes at a private elementary school. Participants engaged in ten sessions with
PAT2Math, a web-based Math Intelligent Tutoring System (ITS), each session lasting
approximately 40 minutes. The version of PAT2Math used includes gamification ele-
ments such as rankings and scores. Webcam recordings captured facial expressions, vo-
cal nuances, and computer screen interactions in detail, providing a rich view of student
emotions and interactions with the ITS. The annotation of emotions and behaviors was
performed by the study’s researchers, who manually recorded these observations in five-
second intervals, known as clips. The annotations complied with the EmAP-ML protocol,
employing the tool provided by the protocol [Morais et al. 2019], allowing for the docu-
mentation of one to two emotions and one to two behaviors in each clip.

Building on this foundation, the annotation process categorized emotions into
four primary learning-centered types: engagement, confusion, frustration, and bore-
dom, with all other emotions being classified as other. Additionally, it identified five
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distinct student behaviors: On-task, indicating direct focus on the current task; On-
task-conversation, highlighting task-related discussions with teachers or peers; On-task-
resource, signifying the utilization of external resources such as notes or notebooks; On-
system, denoting interactions with the ITS not directly related to a specific task; and
Off-task, referring to instances where students were not actively participating in the des-
ignated system task.

3.2. L Metric and Statistical Procedure
Our study employed the adjusted L metric, as refined by Matayoshi and
Karumbaiah [Matayoshi et al. 2020] from D’Mello and Graesser’s original concept
[D’Mello et al. 2007], to assess transitions between affective states (confusion, frustra-
tion, boredom, engagement, and others) and behaviors (On-task, On-task-conversation,
On-task-resource, On-system, and Off-task). This metric, which ranges from −∞ to 1,
accounts for the removal of self-transitions, adjusting the chance-level transition base rate
from zero to 0.0625.

For statistical analysis, we applied two primary methods. The t-test evaluated
the significance of emotion-behavior transitions, while the Wilcoxon rank-sum test, cho-
sen based on Shapiro-Wilk normality test results, compared behavior duration times
across emotions and genders, suitable for our non-normally distributed data. To ad-
dress potential false positives from multiple comparisons with the t-test, we applied
the Benjamini-Hochberg (BH) post hoc correction with an alpha level of .05, ensuring
robustness in our findings related to affect dynamics analysis [Karumbaiah et al. 2021,
Morais and Jaques 2023].

4. Results
To answer RQ1, we assessed whether student behaviors predict emotions or vice versa,
and calculated co-occurrence probabilities between each pair of emotions and behaviors.
Table 1 shows the probability that an emotion predicts a behavior’s onset or continuation,
while Table 2 presents the probability that a behavior predicts the following emotion.
Table 3 exhibits the co-occurrence probabilities of each emotion-behavior pair. To answer
RQ2, we analyzed all transitions considering students’ gender. Tables 1, 2, and 3 present
results based on gender: male (M), female (F), and all (A) students. Throughout the tables
in this section, we use the following acronyms to represent the emotional states: ENG for
engagement, BOR for boredom, CON for conversation, OTH for other emotions, and
FRU for frustration. The first value in each table cell indicates the L metric result, the
second value (in parentheses) is the adjusted p-value per the BH post hoc method, and
the third value (in square brackets) shows the number of transitions or co-occurrences.
To ensure reliability, the L metric analysis was limited to relationships with more than
10 occurrences, avoiding the disproportionate influence of rare events. Thus, L statistics
and significance are not shown for occurrences below 11. Bold values indicate statistically
significant transitions per the BH post hoc method. As described in Section 3.2, an L value
below 0.0625 is considered low probability, while a value above this threshold indicates
a higher transition probability than chance.

4.1. Dynamics between Emotions and Behaviors
According to Table 1, engagement significantly predicts an increase in on-task behavior
(L = .26), on-system behavior for males (L = .17), and off-task behavior (L = .12), while
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Table 1. Statistical results of the dynamics between emotions and behaviors.

G On-task On-system On-task
Resource Off-task On-task

Conver.

ENG
A .26 (.00) [193] .15 (.00) [95] .04 (.11) [31] .12 (.03) [73] .03 (.04) [22]
F .26 (.00) [106] .13 (.05) [49] .06 (.68) [21] .12 (.07) [36] .04 (.41) [14]
M .27 (.00) [87] .17 (.01) [46] [10] .12 (.22) [37] [8]

CON
A .40 (.00) [110] -.02 (.00) [13] .04 (.33) [17] .10 (.39) [32] .14 (.12) [28]
F .43 (.00) [65] .01 (.13) [11] [6] .09 (.49) [22] .11 (.44) [13]
M .37 (.01) [45] [2] .08 (.74) [11] [10] .16 (.16) [15]

FRU
A .47 (.01) [20] [3] [1] [5] [7]
F [8] [1] [1] [3] [5]
M .62 (.02) [12] [2] [0] [2] [2]

BOR
A .61 (.00) [38] [7] [2] [8] [0]
F .60 (.00) [25] [5] [2] [4] [0]
M .61 (.01) [13] [2] [0] [4] [0]

OTH
A .58 (.00) [125] .05 (.74) [33] [10] .03 (.26) [24] .01 (.00) [11]
F .56 (.00) [55] .04 (.47) [16] [4] .07 (.95) [16] [9]
M .60 (.00) [70] .08 (.64) [17] [6] [8] [2]

it reduces the likelihood of engaging in on-task-conversation. Confusion leads to an in-
crease in on-task behavior (L = .40) and is negatively associated with on-system behavior
(L = -.02). Frustration is a strong predictor of on-task behavior in males (L = .62). Bore-
dom notably increases the likelihood of on-task behavior (L = .61). Emotions classified
as ‘other’ are also found to precede on-task behavior (L = .58), indicating a general trend
towards task engagement irrespective of the specific emotional state.

4.2. Dynamics between Behaviors and Emotions

Table 2 shows the probability of a behavior predicting the onset of an emotion. Again, the
results were computed according to the student’s gender. According to Table 2, engaging
in on-task behavior significantly increases the likelihood of experiencing engagement (L
= .16), confusion (L = .17), and other emotional states (L = .20), showing a clear link be-
tween this behavior and a range of emotional responses. Notably, being on-task decreases
the likelihood of experiencing frustration for male students (L = .03) and boredom for
both genders (L = .02). Interacting with the ITS without direct focus on a specific task
(on-system behavior) strongly predicts engagement (L = .65), while also decreasing the
likelihood of confusion (L = -.05) and boredom (L=.02). Utilizing external resources
(on-task-resource behavior) strongly predicts engagement (L = .60). Conversely, being
off-task is associated with an increased probability of engagement (L = .45). Lastly, en-
gaging in on-task conversation is linked to increased engagement for female students (L
= .43).

4.3. Co-occurrence between Emotions and Behaviors

Table 3 shows the probability of co-occurrence of one emotion and one behavior, i.e., the
likelihood of the pair emotion and behavior occurring simultaneously. According to Table
3, the behavior of being on-task is significantly associated with experiencing engagement
(L = .64) and confusion (L = .24). Notably, being on-task shows a reduced likelihood of
coinciding with boredom (L = .04) and other emotions (L = .03). On-system behavior, or
interacting with the ITS without a direct focus on tasks, is predominantly associated with
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Table 2. Statistical results of the dynamics between behaviors and emotions.
G ENG CON FRU BOR OTH

On-
task

A .16 (.00) [173] .17 (.00) [131] .03 (.01) [29] .02 (.00) [28] .20 (.00) [133]
F .16 (.01) [96] .17 (.00) [71] .04 (.09) [15] .02 (.00) [17] .20 (.00) [65]
M .17 (.05) [77] .17 (.01) [60] .03 (.03) [14] .02 (.03) [11] .20 (.00) [68]

On-
system

A .65 (.00) [96] -.05 (.00) [11] [3] .02 (.03) [12] .04 (.55) [27]
F .59 (.00) [47] [8] [0] [10] .06 (.97) [17]
M .71 (.00) [49] [3] [3] [2] [10]

On-
task
res.

A .60 (.00) [40] .13 (.42) [14] [0] [1] [7]
F .68 (.00) [22] [7] [0] [1] [4]
M .52 (.03) [18] [7] [0] [0] [3]

Off-
task

A .45 (.00) [67] .06 (.95) [29] [0] .08 (.65) [15] .07 (.91) [27]
F .53 (.00) [39] .12 (.37) [22] [0] [8] [8]
M .35 (.04) [28] [7] [0] [7] .20 (.19) [19]

On-
task
conv.

A .41 (.00) [32] .09 (.63) [14] [4] [1] .12 (.47) [14]
F .43 (.01) [19] [7] [3] [1] [10]
M .38 (.13) [13] [7] [1] [0] [4]

engagement for male students (L = .28) and with the emotion classified as other (L = .59)
across genders. For female students, on-system behavior also significantly coincides with
boredom (L = .22). The use of external resources (on-task resource) strongly correlates
with high student engagement (L = .82), indicating that engaged students actively seek
additional support, like using notebooks for problem-solving or reviewing notes. Con-
versely, off-task behavior is associated with other emotions (L = .76). Lastly, engaging
in on-task conversations is uniquely associated with experiencing confusion (L = .66),
highlighting the role of social interaction in the emergence of this emotional state.

Table 3. Statistical results of the co-occurrence between emotions and behaviors.
G ENG CON FRU BOR OTH

On-
task

A .64 (.00) [308] .24 (.00) [127] .05 (.24) [25] .04 (.01) [19] .03 (.00) [15]
F .66 (.00) [170] .24 (.00) [68] .04 (.21) [12] [10] [4]
M .61 (.00) [138] .24 (.00) [59] .05 (.68) [13] [9] .05 (.32) [11]

On-
system

A .18 (.02) [30] .05 (.76) [12] [3] .15 (.01) [24] .59 (.00) [80]
F .10 (.42) [13] [10] [2] .22 (.00) [19] .56 (.00) [38]
M .28 (.03) [17] [2] [1] [5] .62 (.00) [42]

On-
task
res.

A .82 (.00) [47] .14 (.12) [12 ] [0] [1] [2]
F .85 (.00) [27] [4] [0] [1] [2]
M .78 (.00) [20] [8] [0] [0] [0]

Off-
task

A .08 (.51) [15] [9] [4] .07 (.86) [11] .76 (.00) [99]
F [9] [9] [2] [6] .69 (.00) [51]
M [6] [0] [2] [5] .84 (.00) [48]

On-
task
conv.

A .15 (.11) [14] .66 (.00) [40] [4] [0] [7]
F [7] .72 (.00) [26] [2] [0] [5]
M [7] .59 (.01) [14] [2] [0] [2]

4.4. Duration of Behaviors and Emotions
To answer our RQ3, we computed the results of the duration time of the students in the
learning behaviors and in the emotions when considering the behaviors. First, Figure 1
shows the duration time distribution in behaviors according to the student’s gender. For
the analysis of the duration of emotions and behavior distributions, we conducted the
Shapiro-Wilk normality test to assess normal distribution. Given that the data did not
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exhibit a normal distribution, we utilized the Wilcoxon rank-sum test for comparison.
Therefore, all p-value (p) are based on the Wilcoxon rank-sum test with a .05 significance
level. Also, for each distribution, we described the sample mean (X̄), the sample median
(M ), and the sample standard deviation (SD).

Figure 1. Distribution of the duration time in behaviors.

Figure 2. Distribution of the duration time in emotions and behaviors.

According to the box-plots in Figure 1, the student’s gender did not significantly
affect behavior duration, except for on-task conversation, where male students (X̄ =
24.5s,M = 25s, SD = 16.9s) spent more time than female students (X̄ = 12.4s,M =
9s, SD = 12.2s) (p = .0154). Students spent more time on-task (X̄ = 19.9s,M =
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15s, SD = 22.5s) compared to other behaviors, except on-task-resource (p < .05). On-
task-resource (X̄ = 15.6s,M = 12s, SD = 13.3s) had a similar duration to on-task and
on-task conversation but lasted longer than on-system and off-task (p < .0001). On-task
conversation (X̄ = 15.9s,M = 10s, SD = 14.6s) was shorter than on-task (p = .0478)
but longer than on-system and off-task (p < .001). On-system duration (X̄ = 7.4s,M =
5s, SD = 9.3s) was shorter than all other behaviors (p < .01). Finally, off-task (X̄ =
9.5s,M = 6s, SD = 11.9s) was shorter than all behaviors except on-system (p < .001).

We computed the duration of emotions and behaviors for students, considering
their gender, as shown in Figure 2. A straight line indicates the median emotion duration
for all students, while a dotted line represents the median behavior duration. The grid
in Figure 2 displays the duration distribution for combinations of student emotions and
behaviors. Rows show behaviors for each emotion, and columns show emotions for each
behavior. The vertical axis indicates duration in seconds, and the horizontal axis shows
the time distribution by gender. The number below each lane indicates the sample count.
Unlike the analysis of dynamics between behaviors and emotions, this graph includes
occurrences less than 11 because it only shows the duration of behaviors and emotions,
without statistical analysis.

Based on Figure 2, emotion duration varied by behavior. Students generally stayed
engaged for a median of 10 seconds (X̄ = 16.3s, SD = 17.2s). Engagement duration
was shorter on-task (X̄ = 11.2s,M = 9s, SD = 11.2s) compared to on-task-resource
(X̄ = 14.1s,M = 10s, SD = 12.8s) (p = .0289), but longer than on-system (X̄ =
3.9s,M = 2s, SD = 4.6s) (p < .0001) and off-task (X̄ = 7.9s,M = 6s, SD = 6.2s)
(p = .0597). During engagement, on-system behavior duration was shorter than on-
task-resource (p < .0001), on-task-conversation (p < .001), and off-task (p = .0013).
On-task-resource lasted longer than on-task-conversation (p = .0328) and off-task (p =
.0098). No significant gender differences were found. Engagement without behaviors
lasted longer than engagement combined with on-task (p = .0073), on-task-conversation
(p = .0638), on-system (p < .0001), and off-task (p = .0136).

In general, students remained confused for a median of 7 seconds (X̄ =
10.9s, SD = 13.2s), with longer confusion during on-task-conversation (X̄ =
12.1s,M = 10s, SD = 10.4s) and on-system (X̄ = 13.9s,M = 10s, SD = 11.9s)
compared to other behaviors (p < .02). Confusion during on-task (X̄ = 8.5s,M =
6s, SD = 12.6s), on-task-resource (X̄ = 6.7s,M = 6s, SD = 5.4s), and off-task
(X̄ = 6.2s,M = 4s, SD = 4.9s) behaviors showed similar durations. Duration was sim-
ilar between on-task-conversation and on-system while confused. Female students were
less confused than males during on-task (p = .0229). Confusion without behaviors lasted
longer than when combined with on-task (p = .0094), on-task-resource (p = .0977), and
off-task (p = .0821), was shorter than on-system (p = .0714), with no difference with
on-task-conversation.

Frustration had a short duration with a 4-second median (X̄ = 5.3s, SD = 7.2s),
similar when measured during on-task behavior (X̄ = 3.5s,M = 3.5s, SD = 1.4s).
Other behaviors showed varying durations due to limited samples of frustration combined
with on-system, on-task-resource, on-task-conversation, and off-task. No samples were
found for on-task-resources. Frustration without behaviors lasted longer than during on-
task-resource (p = .0094). Other behaviors had similar durations. No significant gender
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differences were found in the emotion-behavior analysis.

Boredom had a short duration with a 6-second median (X̄ = 7.9s, SD = 5.5s).
Bored students spent similar time on-task (X̄ = 6.6s,M = 5s, SD = 6.3s), on-system
(X̄ = 6.7s,M = 6s, SD = 3.6s), and off-task (X̄ = 8s,M = 5s, SD = 6.6s). Boredom
without behaviors lasted longer than during on-task (p = .0807, marginally significant).
We lacked enough samples for on-task-resources and on-task-conversations. No signifi-
cant gender differences were found in the emotion-behavior analysis.

Students remained in the other state for a 5-second median (X̄ = 8.5s, SD =
12.4s). In combination with behaviors, the duration in the other state was similar for on-
task (X̄ = 5.5s,M = 4s, SD = 6.2s), on-system (X̄ = 5.6s,M = 4.5s, SD = 5.1s),
and on-task-conversation (X̄ = 5.3s,M = 5s, SD = 3.1s). Students in the other state
spent less time on-task than off-task (X̄ = 9s,M = 5s, SD = 14s, p = .0504) and less
time on-system than off-task (p = .0278). There were insufficient samples for on-task-
resource behavior. The other state without behaviors lasted longer than during on-task
(p = .0387) and shorter than on-system (p = .0136). No significant gender differences
were found in the emotion-behavior analysis.

Figure 2 shows that students were engaged and working on their tasks, either on-
task or on-task-resource. When confused, they sought help from classmates or teachers
or did something else in the system. Students in on-task-resource did not experience
frustration, which was most common during on-task activities. Boredom was not experi-
enced during on-task-resource and on-task-conversation but did occur during on-system,
on-task, and off-task behaviors.

5. Discussion
This section answers the research questions based on the results reported in Section 4,
exploring the dynamics between emotional states and learning behaviors in an ILE for
Brazilian students.

RQ1: Association Between Behaviors and Emotional States. Engagement, a
key emotional state, predominantly leads to on-task behavior, showing deep immersion in
activities. Engagement also influences on-system, on-task resource, and off-task behav-
iors, but negatively relates to on-task conversation, suggesting engaged students may not
seek help. Conversely, on-task behavior frequently results in engagement, creating a pos-
itive feedback loop. On-system and on-task resource behaviors also lead to engagement,
highlighting the system’s effectiveness. Confusion drives task focus, likely to resolve
uncertainties, and negatively relates to on-system behaviors. Frustration leads to on-task
behavior, showing a determined effort to overcome difficulties. Boredom increases on-
task behavior, likely due to the gamified elements of the ILE, providing distraction and
enjoyment. ‘Other’ emotions also precede on-task behavior, indicating a general trend
toward task engagement. Co-occurrence analysis shows that on-task behavior often ac-
companies engagement and confusion, highlighting the dual role of task involvement in
maintaining focus and presenting challenges. On-system behavior is primarily associ-
ated with engagement, suggesting these activities sustain interest and prevent confusion.
Off-task behavior aligns with various emotions, indicating diverse states during disen-
gagement. On-task conversation is uniquely associated with confusion, underscoring the
role of social interaction in seeking help and resolving uncertainties.
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RQ2: Gender Differences in the Interaction Between Emotional States and
Learning Behaviors. Gender differences were also found in the interaction between
emotional states and learning behaviors. Male students exhibit a strong relationship be-
tween on-system behavior and engagement, indicating that exploring gamified elements
like rankings and scores is highly motivating. This preference for competitive aspects
enhances their engagement and likely sustains their interest. In contrast, female students
display a unique relationship between off-task behavior and engagement, suggesting they
may use off-task behaviors as a strategy to manage frustration and re-engage with learn-
ing tasks. For both genders, on-task behavior leads to engagement, but it is negatively
associated with frustration primarily in males, suggesting they are more likely to become
frustrated when their on-task efforts are unsuccessful. On-system behavior is negatively
associated with confusion and boredom for both genders, but males tend to stay more en-
gaged while exploring the system, possibly because they find the gamified features more
compelling. Co-occurrence patterns reveal that on-system behavior often co-occurs with
engagement for males, highlighting the role of gamified elements in sustaining their in-
terest. For females, on-system behavior frequently aligns with boredom, suggesting a
different interaction with the system’s features. Additionally, off-task behavior is asso-
ciated with various emotional states, indicating that females might experience a broader
range of emotions when disengaged from tasks. Finally, on-task conversation is uniquely
associated with confusion, emphasizing the importance of social interaction in clarifying
doubts and resolving uncertainties, a dynamic observed across both genders.

RQ3: Duration of Emotions and Learning Behaviors. The duration of emo-
tions and learning behaviors reveals key patterns. Engagement, the most sustained emo-
tion, lasts longest during on-task and on-task-resource behaviors, indicating deep emo-
tional involvement when students are focused on tasks or using external resources. Con-
versely, engagement is shortest during on-system behaviors, showing less emotional in-
volvement in non-task-related activities. Confusion lasts longer during on-task conver-
sations and on-system behaviors as students seek help or explore the system to resolve
doubts. Female students spend less time confused during on-task activities compared to
males. Frustration is generally brief, especially during on-task behavior, suggesting that
focused work helps alleviate frustration quickly. Boredom is also short-lived but occurs
during on-task, on-system, and off-task behaviors, indicating these activities may not be
sufficiently engaging. Notably, boredom is less common during on-task-resource and on-
task-conversation behaviors, highlighting these activities as more engaging for students.

RQ4: Comparison with International Findings. Comparing our findings with
international studies reveals both similarities and divergences. The affect dynamics model
by [D’Mello and Graesser 2012] emphasizes cognitive disequilibrium and confusion in
learning, suggesting that properly managed confusion can lead to re-engagement. Our
study supports this as confusion often leads to on-task behavior, but negatively corre-
lates with on-system behavior, indicating task-focused efforts to resolve uncertainties.
The re-analysis of [Karumbaiah et al. 2021] using the L metric shows cultural context
affects affect dynamics, aligning with our unique patterns in Brazilian students. We
further highlight the role of sustained engagement during on-task and on-task-resource
behaviors, fostering deeper emotional involvement. Previous studies on affect and be-
haviors by [Rodrigo et al. 2009, Pardos et al. 2014, Fancsali 2014, Kostyuk et al. 2018]
often overlook affect dynamics. Consistent with [Baker et al. 2010, Baker et al. 2011,
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Baker et al. 2007], we emphasize boredom’s impact on engagement, but also note that
boredom can lead to on-task behavior due to ILE gamification elements providing dis-
traction and enjoyment. The study of [Morais and Jaques 2023] on Brazilian students
highlights gender and emotion duration’s importance. Our research confirms and ex-
pands these findings, showing engagement and confusion as the most sustained emotions,
deeply affecting learning behaviors. Female students spend less time confused during
on-task activities, indicating gender-specific emotional responses.

6. Conclusion

This study highlighted the nuanced relationships between students’ emotions, behaviors,
and gender in ILE learning. Our statistical analysis emphasizes the significant impact
of gender and learning behaviors on emotions. Unlike previous research, our findings
suggest that ILE characteristics, such as gamification, play a crucial role in managing
emotions like boredom, underscoring the importance of ILE design in shaping learning
experiences. Our results highlight the potential for ILEs to leverage affect dynamics and
learning behaviors to create more adaptive and engaging environments [D’Mello 2020].
Identifying that specific student actions can predict emotional shifts underscores the im-
portance of integrating these insights into ILE design. For instance, the observation that
students benefit from brief breaks after periods of sustained engagement suggests a strat-
egy where ILEs could proactively provide cognitive breaks or engaging activities to pre-
emptively address or mitigate negative emotional states. Similarly, addressing boredom
during on-system activities, particularly among female students, suggests targeted inter-
ventions to re-engage students before disengagement intensifies.

These insights not only contribute to the development of more nuanced affect
detectors but also offer a foundation for creating ILEs that are responsive to the diverse
and dynamic needs of learners. By integrating behavioral predictions with emotional
state detection, we can enhance the accuracy and relevance of affective interventions,
promoting an engaging and effective learning experience.

Acknowledging the study’s limitations is crucial. Its focus on a specific student
demographic and a single ILE highlights the need for broader research. The EmAP-ML
protocol [Morais et al. 2019] used for collecting student emotions and behaviors showed
good inter-rater agreement (Cohen’s Kappa > .6) but later relied on single-coder an-
notations, which may introduce bias. Although the protocol’s short annotation clips (5
seconds) capture detailed emotions and behaviors, this method is time-consuming and
challenges large data set collection.Our use of the L statistic revealed significant direc-
tional relationships between states, indicating transitions that merit further study. How-
ever, this evidence does not imply causality. Future research should conduct experiments
to rigorously investigate the causal nature of these transitions.

As future work, there is an evident opportunity to apply these insights in the de-
velopment of adaptive learning technologies. Incorporating automated affect detection,
accounting for learner diversity, and undertaking longitudinal and comparative studies are
pivotal steps toward crafting educational experiences that are not only more personalized
and engaging but also inclusive and effective for every student.
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