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Abstract
While teachers often monitor and adjust their learning design based on students’ emotional states in physical
classrooms, synchronous online environments often limit their ability to perceive the emotional climate of the class.
Drawing from the concept of social translucence, it is suggested that making students’ emotional states “visible” in
online settings can help foster empathetic interactions. Recent advancements in emotion recognition technology
are enabling the creation of learning analytics (LA) systems that can estimate students’ cognitive-affective states in
real time. Yet, the adoption of these systems raises ethical, cultural, and practical concerns when implemented in
learning environments, including potential challenges related to accuracy, privacy, and data integrity. To address
these concerns, we conducted an in-depth qualitative study exploring the perspectives of 12 undergraduate students
on modelling and visualizing their cognitive-affective states in the context of a Mexican higher-education institution.
The study provides insights within a particular cultural context, which can guide the design of more human-centred
emotion recognition–based LA tools for online educational contexts or contribute to informed decisions about the
necessity of modelling and visualizing cognitive states.

Notes for Practice

• This paper describes an elicitation process with students of a higher-education institution in Mexico. The
study is aimed at understanding the practical, ethical, cultural, and privacy perspectives that can inform the
design of learning analytics (LA) tools based on cognitive-affective state (CAS) recognition.

• This study emphasizes the need for more human-centred LA studies that can serve as a reference for
regulators in Latin America to create laws that ensure the development of safe LA tools for end-users.

• The paper also confirms that the six foundational emotions (anger, disgust, fear, happiness, sadness, and
surprise) do not represent the emotional states that may be relevant in the synchronous online educational
context from a student’s perspective. A group of more complex states that blend cognition and affect can
be more suitable.

• For designers of LA systems, this study provides a set of guidelines on practical, privacy, cultural, and
ethical aspects that can be used as a starting point for the development of CAS-based LA tools.
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1. Introduction
Emotions play a key role in influencing students’ cognitive processes, including attention, learning, memory, reasoning, and
problem-solving (Tyng et al., 2017). Conversely, the way a student thinks, perceives, or processes information can also
shape their emotional responses. For instance, repetitive failure might lead to feelings of confusion and frustration, while the
successful completion of tasks or the unveiling of new knowledge can result in delight and excitement (D’Mello & Graesser,
2011). This strong bi-directional interrelationship between students’ emotions (affect) and cognition resulted in coining the
term cognitive-affective states (CASs) (Baker et al., 2010). This notion characterizes student states that combine emotion and
cognition, such as feelings of confusion, boredom, or deep focus, which students commonly experience during deep learning
situations (D’Mello & Graesser, 2011).

In synchronous (online and physical) learning situations, it has been stated that the emotional climate of the learning
environment must cater to the fundamental needs of students to keep them engaged and to mitigate disruptive behaviours
(Brackett et al., 2011; Reyes et al., 2012; D’Errico et al., 2016). In physical classrooms, teachers play a key role in continuously
monitoring perceived students’ emotional states and tailoring learning activities accordingly to foster an emotional climate
conducive to students’ learning (Balaam, 2013; Beardsley et al., 2019; Weissberg et al., 2015). Moreover, students’ awareness
of each other’s emotional states can also positively contribute to the emotional regulation of the class (Barsade, 2002). However,
in synchronous online learning settings, perceiving the emotional climate can be more challenging for both teachers and
students due to limited visibility of one another (Yarmand et al., 2021), often restricted to a camera feed at most. In such
situations, a key challenge lies in understanding and recognizing students’ emotional states (Baker et al., 2010) and discerning
how these states influence their learning experience (Harley et al., 2015).

Although online classes offer accessibility and flexibility, they have inherent challenges in mimicking a physical classroom
experience (Ali, 2020). The concept of social translucence was introduced to tackle this issue from a design perspective,
highlighting reduced visibility and awareness of others online, affecting social interactions and group unity (Erickson &
Kellogg, 2000). A central tenet of social translucence, when applied to the awareness of CASs in learning environments, would
involve rendering students’ emotional states visible in fully digital environments with the aim of promoting awareness and
fostering empathetic interactions. Advancements in emotion recognition from video and audio are making it feasible to develop
learning analytics (LA) systems that can automatically estimate students’ varied CASs in real time (D’Mello & Jensen, 2022).
This has enabled the creation of a number of teacher-facing (Beardsley et al., 2019; Zheng et al., 2021; Tarmazdi et al., 2015;
Ez-Zaouia & Lavoué, 2017; Ez-Zaouia et al., 2020; GhasemAghaei et al., 2016; Wiedbusch et al., 2021; Alfredo et al., 2023)
and student-facing (Derick et al., 2017; Ruiz et al., 2016) dashboards aimed at enhancing emotion awareness across different
learning scenarios.

Yet, as emotion recognition algorithms improve, and interfaces based on them become more widespread (Cai et al., 2023;
Boyd & Andalibi, 2023), there’s increasing apprehension within the field of LA regarding the use of multimodal data collection
approaches (e.g., video and audio) blended with AI techniques (Prinsloo et al., 2023; L. Yan et al., 2022). Evidence of this
growing concern is in the Artificial Intelligence Act (Madiega, 2021), the world’s first comprehensive law aimed at regulating
the use of AI in the European Union. This categorizes AI-based systems according to the risk they pose to users. AI systems
based on biometric data, such as some LA systems that assess affective states, can be classified as high risk. A further
issue is that emotion recognition datasets commonly employed to train these AI models are grounded in a set of biological
categories that overlook broader contextual factors such as cultural differences (Crawford, 2021), even though these are crucial
in understanding emotions (Katirai, 2023).

To address these concerns, there’s a growing interest in incorporating students’ perspectives in the design of LA systems
(Dimitriadis et al., 2021), recognizing design features rooted in their lived experiences (Martinez-Maldonado, 2023), and
accounting for contextual and cultural factors (Viberg et al., 2023). In response, this paper presents a study examining students’
perspectives on the practical, ethical, privacy, design, and cultural implications of modelling and visualizing their CASs during
online classes. The study involved 12 undergraduate students enrolled in a fully online program at a Mexican higher-education
institution. Drawing from the literature on CASs (Baker et al., 2010; D’Mello & Graesser, 2011), the study aimed to elicit

(i) students’ perceptions of the emotions they believe might influence their performance in online classes;

(ii) potential design approaches for visualizing their CASs to enhance their visibility during online sessions; and

(iii) students’ ethical, cultural, and practical concerns about sharing data modelled by contemporary algorithms capable of
detecting CASs.

The findings may benefit LA researchers and designers looking to develop tools that enhance teacher or student awareness
of CASs during synchronous online learning sessions and educational decision makers looking into making informed decisions
about the need to model and visualize CASs in particular educational contexts.
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2. Literature Review
2.1 Foundations of CAS Modelling
The relevance of Ekman’s basic emotions (namely happiness, sadness, fear, anger, surprise, and disgust) (Ekman, 1992) in
educational contexts has been continuously challenged due to the need for a more context-specific understanding of emotions,
including a broader range of emotions, their complexity, and their long-term impacts on learning and development (Graesser
et al., 2007; McDaniel et al., 2007). Instead of basic emotions, some researchers have examined CASs (Baker et al., 2010).
These highlight the connection between cognitive processes and emotions in educational settings, namely boredom, confusion,
pleasure, engaged concentration, frustration, and surprise (D’Mello & Graesser, 2011). D’Mello and Graesser (2012) explained
that these states were placed within Russell’s core affect framework (Russell, 2003), which juxtaposes valence (pleasure to
displeasure) against arousal (activation to deactivation), positioning basic emotions based on their arousal and valence values.

Based on the above literature, some LA systems have been proposed to model students’ emotions in educational environ-
ments. For example, using Russell’s framework (Russell, 2003), Yan and colleagues (2022) employed speech data, facial
expression recognition, and convolutional neural network techniques to visualize the emotional dynamics of individual students
in an online class. This visualization was created by mapping the low-level data with arousal and valence. Gupta and colleagues
(2023) introduced a deep learning–based method using facial recognition to detect online learners’ engagement in real time. In
a similar vein, Dawood and colleagues (2018) modelled students’ CASs, such as confidence, uncertainty, engagement, anxiety,
and boredom, using only a webcam.

However, some research has used multiple data sources or wearable devices, which might not scale well for online learning
applications. For example, Mangaroska and colleagues (2022) combined brainwave signals, gaze data, and video to understand
student states during programming activities. Likewise, Arroyo and colleagues (2009) suggested a machine learning model
using wrist sensors and computer vision to infer US-based high-school students’ complex emotions in the context of math
education. These examples highlight the fact that the educational context of application imposes certain conditions that can
influence the feasibility of modelling CASs.

2.2 Privacy Awareness and Human-Centred and Culturally Aware Design in LA
Since the inception of LA as a field of research, there has been an emphasis on addressing privacy concerns (Pardo & Siemens,
2014), yet there’s growing interest in applying multimodal data collection methods, such as video (Roy et al., 2022; Savchenko
et al., 2022) and audio (Son & Kwon, 2024; Madan & Kumar, 2024), as well as wearable approaches (Alwahaby et al.,
2022), for CAS modelling. These methods can be seen as intrusive, capturing aspects of students not directly tied to their
learning, thereby raising privacy and integrity issues (Prinsloo et al., 2023). Conversely, students are protective of personal
data but take contradictory actions; therefore, another important aspect is to understand how students might perceive LA
in terms of its privacy implications and the extent to which their beliefs in privacy are reflected through their actions (Tsai,
Whitelock-Wainwright, & Gašević, 2020). Regarding the most common issues related to information privacy, several authors
coincide in aspects related to purpose, access, and anonymity as benchmarks for privacy integrity (Liu & Khalil, 2023; Tsai,
Whitelock-Wainwright, & Gašević, 2020).

In response to the increasing concerns about the design of LA systems that can be invasive or challenge human agency
(Tsai, Perrotta, & Gašević, 2020), there is an emerging emphasis on integrating students’ viewpoints and experiences directly
into the system’s design and functionalities (Dimitriadis et al., 2021; Martinez-Maldonado, 2023). Additionally, there’s a rising
awareness of the importance of considering broader contextual and cultural dimensions, ensuring that LA systems are sensitive
to diverse student backgrounds (Viberg et al., 2023). As evidence of this, while large public datasets have shown potential for
developing models to detect emotions or CASs (Mollahosseini et al., 2017; Goodfellow et al., 2013), they can be skewed toward
specific demographics in terms of cultural representation. For example, the RAF-DB dataset (Li et al., 2019), sourced from
diverse ages, genders, and races, may not fully encompass cultural particularities. Conversely, the JAFFE dataset (Lyons et al.,
2019), short for Japanese Female Facial Expression, offers a regional perspective, showcasing facial expressions of Japanese
females and emphasizing the need to consider region-specific facial features and cultural indicators. This underscores the
necessity of region-specific datasets and designs that can account for Mexico’s distinctive cultural characteristics (Cavazos et al.,
2020), including those pertaining to facial features, in order to enhance the accuracy and inclusiveness of emotion detection.

2.3 LA Dashboards for Emotion Awareness
In LA, dashboards are commonly used as graphical interfaces that enable educators to adjust teaching strategies based on class
analytics (van Leeuwen & Rummel, 2020). For instance, the ClassMood app (Beardsley et al., 2019) is an online classroom
orchestration tool that identifies the aggregate “mood” of a class, suggesting activities to influence students’ arousal. Tarmazdi
and colleagues (2015) introduced a dashboard for analyzing students’ online team discussions. It displays team mood, role
distribution, and emotional climate, enabling educators to monitor teams in real time, give feedback on interactions, and spot
problematic teams.
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Another system, EMODA (Ez-Zaouia & Lavoué, 2017), monitors students’ emotions during online synchronous learning
activities using four different data sources: audio, video, self-reporting, and interaction traces. In contrast, EMODASH
(Ez-Zaouia et al., 2020) explores the interactions of teachers and learners during teaching sessions, offering a general overview
of learners and a detailed timeline that enables a replay of each session. GhasemAghaei and colleagues (2016) proposed a
dashboard that supports educators to inspect and reflect on the emotional states of students using web learning applications.
Similarly, Wiedbusch and colleagues (2021) reported relevant features of dashboards that allow teachers to explore real-time
data visualizations of students’ self-regulated learning processes.

In contrast, there are tools that provide some insight to students on their emotional states, often in the form of student-facing
dashboards. An example of these is AffectVis (Derick et al., 2017), a visual learning dashboard for affective states and learning
activities that includes four visualizations, with the objective of allowing students to reflect on their affective states and their
connection to specific learning activities. Similarly, Ruiz and colleagues (2016) presented a visual dashboard that allows
students to track their emotions and follow up on their evolution during the course.

In sum, although there is a growing proliferation of LA tools that aim at evaluating emotions, and some of them extend to
CAS awareness, a close examination of these works reveals notable gaps: students’ experiences and perspectives have not been
considered in the design of such LA tools, including their perspectives on whether it is important for them to have their CASs
modelled (gap 1) and, if deemed important, how the outputs from this modelling should be used or visualized to support their
learning (gap 2). Moreover, student considerations of design, ethics, privacy, and culture remain unaddressed in the context of
CAS modelling (gap 3). Therefore, many of these advances can fail to adapt to the real learning context.

2.4 Contribution and Research Questions
This paper presents a study examining students’ perspectives on the practical, ethical, privacy, and cultural implications of
modelling and visualizing their CASs during online classes. Results are anticipated to inform the design of more human-centred
emotion recognition–based LA tools for online educational contexts. To guide this study, we formulated the following three
research questions (RQs), each addressing our research gaps above:

RQ1: What are students’ perspectives on the emotions they believe might influence their performance during an online
class session (gap 1)?

RQ2: What are students’ perspectives about visualizing evidence of their CASs for self-reflection, and the prospect of
sharing this with their teachers (gap 2)?

RQ3: What are the ethical, privacy, and cultural considerations when using students’ data (i.e., facial expressions or audio)
to model and visualize students’ CASs (gap 3)?

3. Methods
3.1 Participants
Twelve fifth-semester computer science students (ST1-12) from the faculty of sciences at National Autonomous University
of Mexico (UNAM) participated in the study. Their average age is 22.5 years (std. dev. = 1.38). Of these, 10 identified
themselves as male and two as female. They contributed their student experiences, basic to intermediate programming and
software development skills, and introductory knowledge in AI and computer vision. The study was conducted in accordance
with ethical research practices, involving the explicit, fully informed consent of all participating students, who voluntarily
agreed to be part of the research.

3.2 Study Procedure
For this study, structured, individual interviews were conducted using videoconferencing software. A structured interview
schedule was designed to facilitate in-depth explorations through a mix of open questions and creative drawing activities. The
complete interview schedule is available at https://anonymous.4open.science/r/HCLA elicitation-7708/README.md. We
chose to conduct interviews over other methods due to their elicitation format, which encourages continuous openness and
allows for a variety of interactive materials to be provided to students. Each interview lasted from 60 to 90 minutes. Each
interview had three sections:

1. The first section addressed RQ1 and consisted of exploring the positive and negative emotions that students experience
most frequently during their online courses and how they perceive that these emotions are addressed by their professors.
The questions posed in this section were as follows:

Q1: What emotions do you commonly experience during an online class, and how do you think they may impact your
performance?

Q2: Can you recall a situation when a positive or negative emotional state influenced your performance in online class
activities?
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Q2 was supplemented by a mapping exercise: students were given a brief explanation of the six CASs addressed in this
study (listed in Section 2.1) and asked to identify the equivalence between their perceived emotions and the CASs.

Two additional questions were presented in this section to explore student’s perception of their teacher’s ability to attend
to CASs and the potential benefits of making students’ CASs visible to teachers:

Q3: Do you feel that your CASs are recognized and addressed during your classes?

Q4: Do you think that it may be beneficial that these CASs are made visible to teachers?

2. The second section addressed RQ2. Students were asked to assume that it is possible to obtain evidence of their CASs
automatically through a system or application, and subsequently they were asked to imagine what that evidence would
look like. To answer that question, students participated in two drawing tasks: (i) “Crazy 4,” a design method in which
students were challenged to sketch four different ideas in four minutes, and later (ii) “Solution Sketch,” another design
method in which students spent more time expanding on one idea that they were most interested in, and they also had the
option to sketch a totally new idea or a combination of ideas.

Both drawing tasks are part of Google’s sprint design method (Banfield et al., 2015); we selected this framework
due to its widespread adoption in the software design domain. Furthermore, we considered it ideal for leveraging the
basic-to-intermediate software development abilities of the interviewed students while fostering their creativity. These
two activities had students generate a variety of creative visual representations accompanied by verbal explanations by
responding to the following question:

Q5: How do you imagine this evidence about CASs can be visualized or communicated to you or your teachers?

3. In the final section, RQ3 was addressed. In this section, participants provided their opinions on ethical, privacy, and
cultural implications of the monitoring of their CASs, framing all their answers in the particular context of their
experiences at UNAM. Using a Likert scale, they expressed their level of comfort with the monitoring of their CASs
during a class; afterwards, privacy, ethical, and cultural concerns were addressed individually. The particular questions
students were asked are as follows:

Q6: How comfortable are you with your CASs being monitored for the purpose of evaluating the classroom atmosphere?

Q7: What concerns do you have regarding the potential privacy issues related to [this]?

Q8: What ethical concerns do you have regarding the modelling and visualization of your CASs being shared with
your teacher?

Q9: Based on your own experiences as a student based at UNAM, what cultural considerations do you think should be
taken into account in the design of a tool that supports awareness of CASs?

3.3 Data Analysis
For most of the questions, the analysis was inductive, with the exception of the complement of RQ1, question 2, and RQ3,
question 6. We followed a structured, sequential methodology where each stage was built on the previous one. For each
interview question, we followed the first four phases of the approach suggested by Braun and Clarke (2021): (1) transcription
and familiarization with the data, (2) coding, (3) searching for themes, and (4) reviewing themes.

In phase 1, one researcher transcribed interviews using the Model Whisper-Large-V2-Spanish (Radford et al., 2022) and
verified the data to ensure accuracy. In phase 2, the same researcher extracted quotes that may include potential topics and
patterns (codes) and segmented them into spreadsheets, each associated with its respective interview question. The researcher
then identified and created a preliminary list of codes and collated them with quotes. In phase 3, using spreadsheets as a
collaborative board for analysis, four researchers worked together to identify and sort the final codes into potential themes,
collating all the relevant coded quotes within the identified themes. In phase 4, the four researchers engaged in discussions to
redefine and merge topics. These discussions were conducted simultaneously and through consensus during multiple sessions,
adhering to recommended practices for qualitative analysis in human studies (McDonald et al., 2019). Kappa values are not
reported in this work, because in our study there was no independent coding. By the end of this phase, a total of 38 quotes and
19 different themes were identified for RQ1, question 1; 29 quotes and 14 themes for RQ1, question 2; 12 quotes and three
themes for RQ1, question 3; 12 quotes and two themes for RQ1, question 4; 42 quotes and 26 themes for RQ2, question 5; 12
quotes and five themes for RQ3, question 7; 18 quotes and 10 themes for RQ3, question 8; and 14 quotes and five themes for
RQ3, question 9. RQ3, question 6, and the supplementary activity of RQ1, question 2, are discussed below.

Due to the nature of drawing activities in RQ2, question 5, thematic analysis employed an extra step: themes found were
classified into five groups, namely data characteristics, reasons of visualization, visualization objectives, feedback, and regulate
(Sedrakyan et al., 2019).
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Deductive content analysis was employed in the supplementary mapping exercise of RQ1, question 2, where students were
requested to map their emotions with six pre-established CASs, and in RQ3, question 6, where a Likert scale was presented to
students.

4. Results and Discussion
From the analysis of Q1, 18 different emotions emerged. After aggregation, boredom was found to be the most common,
with five occurrences. Three emotions occupied second place: frustration, concentration, and stress, with four occurrences
each. In third place, with three occurrences, there was a tie between relaxation, distraction, and pleasure, while only two
students mentioned comfort. Surprisingly, only one student mentioned confusion, despite the fact that this emotion is common
in learning contexts (D’Mello & Graesser, 2012; D’Mello et al., 2014). Refer to Table 1 for the full list of mentioned emotions
and their respective occurrences.

Table 1. Ranking of emotions experienced in online classes.
Rank Emotion Occurrences Rank Emotion Occurrences

1 Boredom 5 10 Fascination 1
2 Frustration 4 11 Curiosity 1
3 Concentration 4 12 Concern 1
4 Stress 4 13 Happiness 1
5 Relaxation 3 14 Confusion 1
6 Distraction 3 15 Interest 1
7 Pleasure 3 16 Disinterest 1
8 Comfort 2 17 Intrigue 1
9 Pressure 1 18 Anxiety 1

Perceived positive or negative influence of emotions in learning From responses to Q2, we found 14 different emotions.
We found eight emotions that were identified by students as having a negative impact on learning and six that were deemed to
have a positive impact. Boredom and concentration, with five occurrences each, were the most common emotions. A total of
four students mentioned frustration, and three students mentioned stress. The top four emotions in Q1 are consistent with the
top four emotions in Q2, despite the fact that each question was asked in the context of a different situation. Additionally, we
found that all top emotions are complex affective states close to the CASs that were described above. Only one student referred
to a basic emotion, happiness. No other basic emotion was mentioned.

Regarding the top four emotions found in Q1 and Q2, participants agreed that frustration is commonly caused by difficult
topics. ST8 explained this as follows: “Integral calculus is often frustrating.” ST4 mentioned a negative consequence of this
emotion. This was explained as follows: “Because I missed a class on angles, I felt frustrated and decided to drop it to focus
on my other subjects.” In contrast, concentration was related to addressing topics that students consider relevant. This was
explained by ST6 as follows: “If a professor is explaining something that really catches my attention, I concentrate and enjoy
the class.”

Stress was associated with not being able to understand a topic. ST8 explained this as follows: “I feel stressed if I am not
understanding a topic or I feel that it is becoming more complicated.” Stress was also associated with answering a test poorly.
Regarding this, ST7 mentioned the following: “When there are exams, I get stressed because I don’t know some answers.”
Boredom was strongly related to deficient teaching methods. Respecting this, ST5 stated, “Teaching by reading slides doesn’t
encourage students to learn. It’s boring.” ST6 agreed with this view: “Sometimes it’s tedious just reading. Students need to
participate more, so that things are clearer.”

For the supplementary part of Q2, frustration along with engaged concentration were the most common CASs mentioned,
with seven emotions mapped for each. Confusion, boredom, and pleasure shared second place, with five emotions mapped for
each CAS. Finally, surprise was not mapped by any student. The complete mapping results are shown in Table 2.

Recognition of CASs by their teachers For Q3, eight students agreed that their CASs are generally not recognized or
addressed by their teachers. However, three students attributed part of the responsibility to students’ reluctance to participate
more actively in online sessions. ST2 described this as follows: “I usually keep the camera off because sometimes I don’t dress
up or I don’t want to turn it on.” ST5 elaborated on this matter as follows: “There are even students who adopt a somewhat
aggressive attitude, becoming confrontational about ‘why do they want us to turn on our cameras?’” However, ST3 mentioned
that it is important to consider that not all students have the proper technical means to actively engage in online classes: “Not
all students can have a good bandwidth; others don’t even have a camera to be able to show themselves.”
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Table 2. Mapping between emotions and CAS.

Student Named
Emotion

Mapping

Boredom Engaged
concentration Confusion Pleasure Frustration Surprise

ST1 Frustration –
Concentration +

ST2 Concentration +

ST3
Boredom –
Fascination +
Concentration +

ST4

Curiosity +
Boredom –
Frustration –
Stress –

ST5 Boredom –

ST6 Concern –
Pressure –

ST7
Stress –
Despair –
Tranquillity +

ST8 Frustration –
Confusion –

ST9 Anxiety –
Excitement +

ST10
Interest +
Distraction –
Boredom –

ST11

Focus +
Enthusiasm +
Tranquillity +
Disinterest –

ST12 Frustration –
Comfort +
Aggregation 5 7 5 5 7 0

Positive impact + Negative impact –

In contrast, three students mentioned that their teachers have addressed some of their CASs, mainly by asking continuously
for doubts or by using some techniques to reduce stress. ST8 referred to this as follows: “Teachers constantly ask ‘did you
understand? how are we doing?’ and so on. I feel that they are a bit more attentive to see if you are understanding the topic.”
ST7 also commented: “When teachers ask ‘are there any questions?’ or for example a teacher who manages the class using the
pomodoro method, which was 25 minutes of work followed by a 5-minute break. I believe that it was a way to address some
kind of stress.” Yet, while these methods hint at recognizing students’ CASs, they are broad and do not cater to individual needs.

Finally, just one student perceived that teachers have been attentive to students’ CASs in the past. ST1 stated, “A teacher
makes me realize they are truly interested in how I am reacting to their class by asking us to turn on our cameras to see our faces,
checking if we are not falling asleep, if we are answering correctly, if there are questions about the topic.” All the teaching
strategies mentioned suggest some awareness of CASs and at the same time reflect a latent disposition of some teachers to
potentially include LA technology in their classes.

Perceived benefits of making CASs visible to their teachers Regarding Q4, one student responded with “maybe,” while
the remaining 11 answered positively. All 12 agreed that visualizing CASs during online classes could enhance the quality of
their online learning experience. ST9 said, “Teachers need to know what emotional factors are present in their students; whether
they perceive them or not, emotions are there anyway.” ST6 mentioned the importance of teachers’ awareness of CASs: “This
lets teachers know if their methods aren’t working or if a student needs help.” ST5 pointed out the possibility of personalizing
learners’ attention: “If teachers see that there are doubtful faces, they can ask directly to the students who have some expression
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(a) Crazy 4’s: four ideas in four minutes. (b) Solution Sketch.

Figure 1. ST4’s results of drawing activities.

of confusion.” All these viewpoints suggest that students recognize the potential benefit of making their emotional states more
visible to assist their teachers in tailoring learning tasks to students’ needs.

4.1 RQ2: Students’ Perspectives on How Evidence about Their CASs Can Be Visualized
Although at this point in the interview the students were familiar with CASs, all, without exception, interchanged the concept of
CAS for the concept of emotion. To avoid confusion, in this section we will refer exclusively to the concept of CAS. Examples
of the results of the Crazy 4’s and Solution Sketch activities are illustrated in Figure 1(a) and (b), respectively.

All students proposed a solution resembling an LA dashboard interface, incorporating ideas they brainstormed in the Crazy
4’s activity. For instance, Figure 1(b) displays an interface designed by ST4. It features a grid using emoticons to represent
identified CASs in lieu of actual faces, a real-time ranking based on CAS occurrences, and a bar graph reflecting this ranking.
ST3 suggested a distinct LA dashboard, segmenting class topics to provide specific statistics. The drafted dashboard also
incorporated real-time suggestions based on a list of common issues, with the objective of enhancing immediate teachers’
intervention, as well as a CAS ranking, a timeline detailing CAS occurrences, and an anonymous survey for assessing teachers
at the end of each class.

At the end of the analysis, 21 different design features were found and classified into five groups, based on the literature
as described in the previous section (Sedrakyan et al., 2019). Within the Data features group, all students mentioned, as the
primary source of data for CAS recognition, the acquisition of images and the use of datasets containing images of people
expressing various emotions. Voice was mentioned by two students, and biometrics was proposed by one student.

In the group Reasons of visualization, the most common interface element was face grid, proposed by six students, followed
by ranking of emotions, mentioned by five students. Within the group Visualization objectives, chart with percentage of
emotions updated in real time was the most common element, proposed by five students, while a timeline with the count
of emotions was in second place with three occurrences. The complete list of classified design features is shown in Table 3.
Within the first four groups the top two features have been designated with a ++ suffix and presented in bold. In the “Regulate
Learning” group, only one feature was highlighted.

4.2 RQ3 Students’ Ethical, Privacy, and Cultural Concerns
Students’ comfort regarding CAS monitoring Using a five-level Likert scale, where level 1 indicated total discomfort and
level 5 indicated total comfort with CAS monitoring, students generally accepted the use of technology for assessing their CASs.
Four students chose total comfort (level 5), five felt comfortable (level 4), two were neutral (level 3), one felt uncomfortable
(level 2), and none chose total discomfort.

Privacy issues This question elucidated four concerns related to data privacy: (i) information leakage, (ii) inappropriate use
of data, (iii) loss of database, and (iv) inappropriate use of devices.

Two students mentioned information leakage. ST1 addressed the anxiety that inappropriate handling of data can cause
students by explaining the following: “My biggest concern would be that those data and those images reach an inappropriate
place, I would start to panic.”

Four students expressed concern about inappropriate use of data. ST8 explained this as follows: “If these personal data
are being used for another purpose, different from recognizing emotional states, I would feel scammed.” In contrast, ST3
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Table 3. Features classified by data visualization, design, and interaction paradigm.
Concepts about
visualization, design or
interaction

Feature Occurrences

Data characteristics

Images ++ 12
Use a dataset of images expressing different emotions ++ 12
Voice 2
Smart watches 1

Reasons of visualization
(Explore, Discover,
Summarize, Present,
Enjoy)

Face grid (Explore) ++ 6
Ranking of emotions (Discover) ++ 5
Use emoticons to depict emotions (Explore) 2
Accompany questions with emotion at the time of asking them (Discover) 1
Panel with list of students and emotion detected (Explore) 1
Use colours to depict emotions (Explore) 1
Digital whiteboard 1

Visualization objectives
(Relationship, Distribution,
Trend over time, Composition)

Real-time charts with count or porcentage of each
emotion (Trend over time) ++ 5

Emotions count in a timeline (Trend over time) ++ 3
Charts with distribution of answers of quick questionnaires
about topics just seen in class 1

Feedback

Anonymized survey at the end of class to asses teachers,
students, or the class ++ 3

Divide the class into topics ++ 2
Manual analysis after class 1
Quick questionnaires about the topics just seen in class 1

Regulate learning

Real-time suggestion to improve the class based
on the emotion state ++ 2

Set of solutions/recommendations for the teacher 1
Emotion-based class meter 1

mentioned that inappropriate use of data is not a concern: “In general, I don’t have any concern; I mean, normally on the
Internet, the sale of data is for targeted advertising, and that’s not a concern for me.”

On the other hand, two students mentioned loss of database as their main concern, and finally one student was concerned
about inappropriate use of devices. ST4 explained this as follows: “Some apps use the camera without us knowing.”

Finally, seven students said that they didn’t have any concern about privacy implications as long as the purpose of data
collection is clearly explained, and teachers and other stakeholders observe strict respect for those agreements. ST2 explained
this as follows: “None in particular as long as the ‘what is it for?’ is well explained.”

In addition to these opinions, an alternative to mitigate privacy concerns emerged. ST9 proposed erasing CAS data
immediately after each class to help students feel more secure about their personal data, explaining as follows: “Something that
could be applied is that each class is a fresh start; I mean, it’s like, my information is being processed at the moment to give
statistics to the teacher, and once the Zoom is closed, that information disappears.”

Ethical concerns The analysis of this question allowed us to identify four possible ethical concerns: (i) prejudging students,
(ii) unauthorized use of camera, (iii) wrong people using collected data for unethical actions, and (iv) crime profiling. The most
common concern was prejudging students, mentioned by three students. ST1 addressed this issue as follows: “Maybe upon
realizing that at a certain time of the day students tend to be more apathetic, some teachers might react negatively.”

Two students were concerned about the wrong people using collected data for unethical actions; we found this ethical
concern to be equivalent to the data privacy concern inappropriate use of data. This similarity reflected one issue that can be
seen from two different perspectives. From the ethical point of view, ST5 addressed this concern as follows: “In the wrong
hands even the Bible can be used for something unethical. So, in the end, it doesn’t depend on the program or the developer; it
depends more on the person who is going to use that program.”

In contrast, two students mentioned unauthorized use of camera; again we found this ethical concern equivalent to the
data privacy concern inappropriate use of devices. This time, the explanation given by ST7 in this section was very close to
that given by ST4 for the same concern in the data privacy section: “Some apps continue to use the camera after the application
is closed.”
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Finally, the ethical concern related to crime profiling was proposed by only one student. ST7 addressed this ethical concern
as follows: “Taking it to a higher scale, it could even serve for something more, such as scanning the traits, gestures, or emotions
of a person who is prone to committing crimes.”

Moreover, four strategies to mitigate some problems related to the ethical concerns also emerged: (i) awareness courses, (ii)
psychometric tests for the end-user, (iii) avoiding individual statistics, and (iv) prior consent. The first strategy, awareness
courses, was proposed by two students. ST3 explained this strategy as follows: “Teachers must have professional ethics; I think
they should take awareness courses on this.” The second strategy, psychometric tests, was mentioned by one student. ST3
explained this strategy as follows: “You are going to use this system, well, you have to take this psychometric test so that at
least initially, we can trust that you will not misuse this data.”

The third strategy, avoiding individual statistics, was mentioned by one student. ST4 explained this strategy as follows:
“Maybe it would be better if only a ranking of how many people show that emotion was displayed and not specifically who
shows that emotion.” Finally, the fourth strategy, prior consent, was proposed by two students. This strategy was explained by
ST6 as follows: “It’s paramount asking for prior consent to prevent issues; if something shady or crooked is discovered with the
use of the data, action can be taken.” Table 4 shows the results of aggregating all the occurrences of each concern and strategy
proposed by interviewed students.

Table 4. Ethical issues and strategies.
Issue/Strategy Occurrences

Issues

Prejudging students 3
Wrong people using collected
data for unethical actions 2

Unauthorized use of camera 2
Crime profiling 1

Mitigation strategies

Awareness courses 2
Prior consent 2
Avoid individual statistics 1
Psychometric tests 1

Doesn’t have any ethical issue 3

Cultural considerations The last question elucidated three cultural considerations: (i) diversity in lexical expressions, (ii)
high cultural diversity in facial features in Mexico, and (iii) high expressiveness in facial expressions. Two students mentioned
the diversity of lexical expressions used in Spanish spoken in Mexico as a critical cultural aspect to be taken into account.
This concern was explained by ST2 as follows: “In the case of audio, I think there would be more considerations because here
at UNAM people come from all over the country.” In the same sense, ST5 explained, “The slang in Mexican Spanish, the fact
that, even on a state-by-state basis, there are expressions used in Mexico City that are not used in the north; the accent could
also be a matter to take into account.”

The second consideration, high cultural diversity in facial features, was mentioned by six students. This cultural feature
was addressed by ST3 as follows: “Mexico is a very diverse country; we have everything, there are a lot of people with very
marked Asian features, with Indigenous features, with Caucasian features; at the end of the day, it is a super diverse population.”
In the same sense, ST4 mentioned the following: “One says well it’s UNAM and one believes that almost everyone is from
Mexico City, but since students also come from various states, even a change from one state to another makes a difference.” ST6
outlined the importance of considering the diversity of students attending classes at UNAM in the design of what he identifies
as an algorithm: “We live in a country that is ethnically very diverse. Some students don’t completely match the features of
‘Mexican people.’ They might need a more specialized algorithm.”

The last consideration, high expressiveness in facial expressions, was mentioned by two students. This concern addressed
a very representative feature of Mexican culture that is shared in some parts of Latin America. ST1 explained this as follows:
“At least here in Mexico City, we are very expressive. Our faces speak before our mouths do, and I consider myself one of
those people.” In addition, ST1 mentioned that due to this cultural trait, facial expressions should be considered above other
types of features: “Anyone studying here shares that part of the culture where we are very expressive and you should, I believe,
focus precisely on expressions; face is going to speak first.” Finally, two students did not express any cultural consideration or
concern. Table 5 summarizes the results of aggregating all the occurrences of each of the cultural considerations described in
this section.

5. Discussion
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Table 5. Cultural considerations.
Cultural consideration Occurrences
High cultural diversity in facial features 6
Diversity in lexical expressions 3
High expressiveness in facial expressions 2
No cultural consideration needed 2

5.1 RQ1: Students’ Perspectives on the CASs That Influence Their Performance
In addressing our RQ1, we discovered that the emotions students associate with their performance during online classes were
boredom, confusion, pleasure, engaged concentration, and frustration. These states closely align with the major CASs that
students naturally experience during deep learning sessions, namely boredom, confusion, pleasure, engaged concentration,
frustration, and surprise (Baker et al., 2010; D’Mello & Graesser, 2011); the latter was not paired with any of the students’
emotions. This is in contrast to Ekman’s work, which focuses on a set of universal, biologically hardwired basic emotions,
which include fear, anger, happiness, sadness, disgust, and surprise (Ekman, 1992). These emotions are expressed primarily
through facial expressions and are hypothesized to be ubiquitous in everyday experience. In contrast, D’Mello and Graesser’s
work examines emotions as dynamic, context-sensitive phenomena that emerge in complex environments, such as learning or
social interactions, emphasizing cognitive and social factors beyond Ekman’s fixed categories.

In most instances, students found that linking emotions to CASs was intuitive, either due to identical naming or close
meanings. Upon aggregation, frustration emerged as the dominant CAS, alongside engaged concentration. This was followed
by confusion, which students linked with feelings of pressure or stress. This is consistent with recent findings that highlight
the prevalence of frustration in higher education, especially in assessment-related scenarios (Wass et al., 2020). Boredom
and pleasure also ranked second. The interplay between these two CASs has been examined recently, revealing that while
pleasure or enjoyment positively influences the use of learning strategies, boredom does not (Obergriesser & Stoeger, 2020).
Despite their significance, many students felt that their CASs often went unnoticed by their educators, with only a few dedicated
teachers perceived to acknowledge and address these states. This points to the potential ethical application of LA dashboards,
like those discussed in Section 2.3 (Beardsley et al., 2019; Tarmazdi et al., 2015; Ez-Zaouia & Lavoué, 2017; Ez-Zaouia et al.,
2020; GhasemAghaei et al., 2016; Wiedbusch et al., 2021; Alfredo et al., 2023). The majority of students believed that making
CASs visible to teachers would be beneficial. This can contribute to increasing social translucence in online learning settings
(Erickson & Kellogg, 2000). This widespread acceptance signals a promising avenue for integrating multimodal LA tools into
online higher-education courses at public Mexican universities, a region currently underrepresented (Yan et al., 2022).

5.2 RQ2: Students’ Perspectives on How Evidence about Their CASs Can Be Visualized
For RQ2, students envisaged solutions that incorporated a variety of data sources to aid in emotion recognition, with a significant
emphasis on facial recognition (as shown in Table 3, first row). This aligns with prior studies that have predominantly used
video and voice to model CASs or other emotion-related constructs (Yan et al., 2022; Gupta et al., 2023; Dawood et al.,
2018). In contrast, wearables, as explored by some researchers (Mangaroska et al., 2022; Radhakrishnan et al., 2023; Arroyo
et al., 2009), may limit scalability (L. Yan et al., 2022). Predominantly, students conceptualized dashboard designs to visually
represent data for teachers. These visualizations either depict individual students (using emoticons instead of actual faces) or
rank emotions to provide an overview of the online classroom’s emotional atmosphere in real time. Such designs resonate with
genuine challenges teachers face in online settings (Yarmand et al., 2021). The comprehensive list of features derived from the
students’ prototypes (shown in Table 3) could inform the creation or evaluation of LA dashboards centred on CASs.

5.3 RQ3: Students’ Ethical, Privacy, and Cultural Concerns
For RQ3, an initial point of discussion is the potential overconfidence of students regarding the topic of CAS recognition.
Regarding data privacy, most students expressed no concerns at all. Although Mexico is not far behind in creating laws that
ensure data privacy, their actual adoption is slower than in other countries or regions such as Europe (Carrillo & Jackson, 2022).
It is therefore crucial to design LA systems with region-specific considerations. In regions where data privacy concerns may not
be widely recognized due to a lack of awareness about potential risks, and in the absence of external oversight bodies to ensure
proper implementation, tailored approaches to system design are necessary.

Nevertheless, students in the hosting university displayed a high degree of trust in the ways their university may use their
data. Their primary concerns were associated with data leakage and potential consequential misuse. Interestingly, students’
privacy concerns were focused on potential undesired marketing and potential scams, which may reflect the particularities of
the context where the study was conducted. With a quarter of its young people being at risk of falling victim to scams, Mexico
is in first place among OECD countries (Jerrim, 2023). This underscores the importance of conducting studies that consider the
local context, as this may ultimately influence students’ perspectives (Mutimukwe et al., 2022).
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Regarding wider ethical issues, elicitation with students may not aid in the definition of guidelines, due to their susceptibility
to interpret privacy and ethics as equivalent concepts. In this regard, other sources need to be consulted (Katirai, 2023; Crawford,
2021; Banzon et al., 2023; Rets et al., 2023). Nonetheless, two students mentioned one ethical issue related to the recognition
of their affect states, the potential prejudging of students encouraged by long-term analytics/statistics that could be shared
with teachers. These kinds of concerns, related to individual profiling, are increasing all over the world as affective computing
systems spread. The emergence of the Artifical Intelligence Act (Madiega, 2021) underscores the importance of conducting
research that enables regulatory bodies to understand the perspectives and concerns of key educational stakeholders. Such
studies are crucial for proposing laws that prevent ethical harms while facilitating the safe use of emotion-based technologies.

Finally, regarding cultural implications, students strongly emphasized how the specific area of emotion recognition can
be very sensitive to the cultural characteristics of Mexico. This supports the growing interest within the LA community in
creating culturally aware LA solutions (Viberg et al., 2023). Indeed, the emotional response to environmental stimuli involves
several crucial cognitive components, each significantly influenced by culture (Schrauf & Sanchez, 2004). Students highlighted
the multicultural aspect of the university where they study, the rich variation in people’s facial features in Mexico, and the
various ways emotions are expressed in Mexican Spanish. At UNAM, people from all over the Mexican Republic are served,
and each state has certain representative lexical features; even the tone of speech can be highly distinctive. This variability in
the recognition of emotions in the particular context of Mexico has long been identified and extensively studied using acoustic
modelling (Caballero-Morales, 2013). In summary, there are two main considerations for other LA researchers and designers
working in the area of culturally aware emotion recognition in online environments: considering the potential high cultural
diversity in facial features and the high expressiveness in both facial and verbal expressions.

5.4 Implications for Research and Practice
For LA researchers, this study provides practical confirmation that the six foundational emotions proposed by Ekman (1992)
do not represent the emotional states that may be relevant in the synchronous online educational context. A group of more
complex states that blend cognition and affect may be more suitable. Although it was relatively easy for students to map their
emotional states with the six CASs addressed in this study, the list of CASs can be adjusted to cover a larger number of states.

On the other hand, this study can contribute to the growing interest and emerging developments in LA in Latin America
(Hilliger et al., 2024) by providing a foundation for further elicitation studies aimed at understanding the practical, ethical,
cultural, and privacy perspectives that should inform the design of LA tools based on CAS recognition. Alongside other
much-needed human-centered LA studies, this work can also serve as a reference for policy makers and designers to ensure the
development of safe LA tools for users, without the overly restrictive measures that, arguably, can be seen in the European
Union.

In Section 5.5, a set of guidelines for LA systems based on CAS recognition in Latin America is provided. These guidelines
can be used as a starting point for the development of CAS-based LA tools. Furthermore, they can serve as a reference point for
supporting the requirement-gathering process of CAS-based LA systems.

Additionally, this study suggests that incorporating students’ concerns regarding data privacy, culture, and ethics can aid in
the adaptation of CAS-based LA tools to the regulatory framework of the region in which the LA system will be used.

5.5 Limitations and Future Work
Our study had several limitations. Firstly, only computer science students participated in the study. This means that the students
had some basic data/AI literacy that enabled them to provide technical details about their envisioned LA solutions. At the same
time, they may have been biased as they all proposed a dashboard interface, which they may have already been familiar with
as part of their studies, potentially limiting creative thinking. Similarly, the demographic profile of the study population was
characterized by a male-dominated cohort, which reflected the gender imbalance observed in the computer science degree
program at the university where the study was conducted. The program had a 27% female to 73% male student ratio.

In future studies, to obtain more diverse points of view, it would be beneficial to prioritize the design needs of underrepre-
sented groups in order to improve diversity and inclusivity (Martinez-Maldonado, 2023). This can lead to breakthroughs that
are beneficial to both minority and majority cohorts (Nielsen, 2019). Finally, this strategy could be complemented by fostering
robust relationships with underrepresented educational stakeholders, in this case female students, offering compensation for
their time and using inclusive design kits (Martinez-Maldonado, 2023). Future work could also explore interviews with students
from other areas of study.

Secondly, the Internet connection of two of the interviewees was intermittent; therefore, their transcriptions were not
entirely accurate. However, this also highlights one concern that was precisely flagged in the study: poor Internet connection
can be a significant obstacle to the adoption of any LA system relying on a continuous audio or video feed. Thirdly, the
sample of students was small. Nonetheless, qualitative studies and design studies prioritize quality and rigour over quantity.
Therefore, the results remain relevant and can be considered as one of several studies necessary to understand the specifics
of the educational contexts where LA tools can be deployed. Additionally, we only considered the perspectives of students.
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Interviews with teachers could provide valuable insights to enhance the design of a CAS-based LA dashboard and elucidate the
level of acceptance of this kind of technology among the teaching staff.

Finally, in consideration of the findings reported in this study, we propose a series of guidelines for the development of
CAS-based LA tools in Latin America as potential avenues for future research. The guidelines have been classified according
to the research questions that they address.

RQ1: Students’ perspectives on the CASs that influence their performance (1) When designing LA tools based on affect
states, designers should consider modelling complex states that are common in the learning context. (2) Eliciting students’
academic emotions for explicit mapping with CASs is useful for defining the list of CASs to be considered in the LA tool.

RQ2: Students’ perspectives on how evidence about their CASs can be visualized (3) In modelling CASs, the data
modalities that are feasible for synchronous online learning include facial expression, gaze data, corporal movement, speech,
and text analysis. The scalability of wearable devices such as smartwatches, EEG, and wrist and ear sensors in online settings
may be limited. (4) Unobtrusive visual aids can facilitate rapid evaluation of class affective state by teachers, such as an
affective class meter, a ranking of states, real-time charts and timelines, emoticons, and suggestion messages for teachers.
(5) For CAS modelling verification, surveys can be conducted to allow students to self-evaluate their top two or three states
experienced during a class.

RQ3: Students’ ethical, privacy, and cultural concerns Regarding privacy concerns: (6) To establish a trustworthy
relationship with end-users, designers should provide a comprehensive privacy policy that outlines the data collected, its
intended usage, and the measures taken to ensure its protection in accordance with the privacy laws and regulations of the
region where the LA tool will be used. (7) It is recommended that video and image data be deleted on a class-by-class basis or
stored for a limited period of time.

Regarding ethical concerns: (8) Access to cameras and microphones should be requested at the point of use, explaining
the need for permission. (9) Psychometric tests should be adminstered to teachers to identify potential data misuse. (10)
Cohort-level data should be collected to avoid prejudging students. (11) Both teachers and students should be made aware of
privacy and ethical guidelines and their consent obtained before first use.

Regarding cultural considerations: (12) Designers should take into consideration high cultural diversity in facial features
and the high expressiveness in both facial and verbal expressions. (13) Region-centric databases for both facial and verbal data
are highly recommended to avoid demographic bias introduced by the use of large public databases.

6. Concluding Remarks
This paper presented a study that addresses the increasing concerns about data privacy, ethics, and culture related to the design
of multimodal LA tools, in the particular context of emotion recognition in online learning sessions in a Mexican university.
The study responds to the emerging interest in integrating students’ perspectives into the systems design. The findings may
guide the design of more human-centred LA tools to enhance social translucence of students’ CASs during synchronous online
learning sessions.
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Tsai, Y.-S., Whitelock-Wainwright, A., & Gašević, D. (2020). The privacy paradox and its implications for learning analytics.
In Proceedings of the 10th International Conference on Learning Analytics and Knowledge (LAK 2020), 23–27 March
2020, Frankfurt, Germany (pp. 230–239). ACM. https://doi.org/10.1145/3375462.3375536

Tyng, C. M., Amin, H. U., Saad, M. N., & Malik, A. S. (2017). The influences of emotion on learning and memory. Frontiers
in Psychology, 8, 1454. https://doi.org/10.3389/fpsyg.2017.01454

van Leeuwen, A., & Rummel, N. (2020). Comparing teachers’ use of mirroring and advising dashboards. In Proceedings of the
10th International Conference on Learning Analytics and Knowledge (LAK 2020), 23–27 March 2020, Frankfurt,
Germany (pp. 26–34). ACM. https://doi.org/10.1145/3375462.3375471

Viberg, O., Jivet, I., & Scheffel, M. (2023). Designing culturally aware learning analytics: A value sensitive perspective. In
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