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Abstract 

Most research on emotions and behaviors in science education has used observational or 

declarative methods. These approaches present certain strengths, but they have important 

limitations for deepening our understanding of the affective domain. In this work, we develop a 

method for analyzing the dynamics of affective variables during an inquiry-based activity with an 

artificial intelligence system that recognizes facial expressions. Although the study was carried out 

on 12 students, here we analyze data from one person to describe the method in detail. The videos 

were processed with a software which outputs behavioral and emotional signals. To analyze them, 

we applied centered moving averages with different widths. This allowed us to align and interpret 

the dynamics of emotional, behavioral, and learning actions. We found spikes of Surprise when 

the student seemingly implemented their models, and their predictions were not met. Our analysis 

suggests the existence of four phases in the inquiry-based activity with specific dynamic profiles. 

This work lays the foundations for researchers and teachers to develop tools to monitor emotions 

and behaviors. 

Keywords: artificial intelligence, gesture analysis, affective domain, emotions, inquiry-based 

learning 

 

INTRODUCTION 

Emotional and behavioral components are involved 
in teaching and learning processes. Both components 
play an important role in academic performance from a 
cognitive and motivational perspective (Artino et al., 
2012; Loderer et al., 2019; Pekrun et al., 2017). 
Specifically, it has been found that these affective 
parameters influence processes such as memory, 
attention, problem-solving, self-regulation, study 
strategies, and academic results (Barrett et al., 2019; 
Chevrier et al., 2019; Graesser, 2020). In addition, 
research has shown the reciprocal or bi-directional 
relation between emotions and teaching-learning 
processes in science. It is thought that previous emotions 
or the anticipation of future achievements condition 
cognitive processes (Marcos-Merino et al., 2021). 
Conversely, the results of learning may predict the 
emotions that students will experience (Putwain et al., 

2018). Thus, to optimize teaching and learning strategies, 
both teachers and students should learn to identify and 
regulate their emotions and behaviors (Borrachero et al., 
2014; Pekrun & Linnenbrink-Garcia, 2014). 

In recent years, the number of studies on the role of 
the affective domain in education and in science teaching 
and learning has increased (Sinatra et al., 2014). As such, 
research in science education has focused on the 
emotions of students (Bellocchi & Ritchie, 2015; Dávila et 
al., 2021), in-service teachers (Bellocchi, 2019), pre-
service teachers (Borrachero et al., 2014; Jeong et al., 
2016; Jiménez-Liso et al., 2021b), or a combination of the 
above (Lombardi & Sinatra, 2013). Moreover, there are a 
few studies which have focused on single subjects–such 
as physics or biology–(Laukenmann et al., 2003; Marcos-
Merino, 2019), self-regulation of emotions (Fredricks, 
2011), and self-regulation of conceptual change in 
science (Sinatra & Taasoobshirazi, 2018). 
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Most studies on the emotional and behavioral 
components in education have collected data using 
observational (based on expert analyses), declarative 
(based on self-reporting) or both procedures at the same 
time (Harley et al., 2019; Loderer et al., 2019). These 
observational or declarative strategies present certain 
strengths such as low cost and versatility of 
implementation in common teaching and learning 
scenarios (Todd et al., 2020). However, they also have 
some important limitations. 

Regarding observational methods, describing the 
presence and intensity of emotions requires training in 
identifying the expressive action units (eAU) that 
characterize facial movements. For people to reliably 
label eAUs, they need to undergo intensive and 
prolonged training and practice (Barrett et al., 2019). 
Regarding declarative methods, it remains unclear 
whether participants are capable of perceiving and self-
reporting their emotions correctly, whether they really 
want to show them or whether they are dragged into 
their responses by ‘social desirability’ (Izard, 2009; 
Pekrun, 2006). Also, self-reports may capture only the 
effect of some events, depending on the filters implicitly 
applied by the subjects (Jiménez-Liso et al., 2021a). 

INTRODUCTION TO AUTOMATED 
MEASUREMENT OF AFFECTIVE & 
BEHAVIORAL COMPONENTS 

To overcome the limitations faced by observational 
and declarative methods, a variety of strategies for 
measuring neurobiological and behavioral parameters 
have been incorporated into educational research. 
Importantly, research has shown strong overlaps among 
the brain representations of experiencing and expressing 
emotions (de Gelder, 2006; Vaessen et al., 2019). 
Therefore, both neurobiological and behavioral methods 
arguably provide reliable and consistent access to 
emotional components. 

The existing neurobiological methods can be divided 
into two groups according to the part of the nervous 
system that is being measured: the autonomic or the 
central nervous system. The heart rate, respiratory rate, 
and blood pressure are examples of parameters 
measured from the autonomic nervous system (Clark et 

al., 2020; Monkaresi et al., 2017). The electrical activity of 
the brain, its changes in blood flow and other metabolic 
processes are examples of parameters measured from 
the central nervous system (Azari et al., 2020; Ihme et al., 
2018; Wu et al., 2021). These techniques are helping us 
understand the underlying mechanisms involved in 
teaching and learning processes. However, they are 
often not suitable for real-life scenarios and interfere 
with students’ behaviors. 

The existing behavioral methods are mostly driven 
by artificial intelligence (AI) algorithms. These 
algorithms extract behaviorally relevant patterns from 
videos, soundtracks and texts. In science education 
research, eye-tracking and voice recognition systems 
have opened the door to research reading strategies, 
selection of scaffolds, the use of mono-modal and 
multimodal representations, or the observation of 
experimental setups by students (Abbaschian et al., 2021; 
Jarodzka et al., 2021; Tóthová & Rusek, 2021). However, 
accessing emotional components with eye-tracking and 
voice recognition still remains challenging. 

Here, we focus on the use of an automated method to 
collect and codify facial expressions in an inquiry-based 
science activity. In general, facial recognition software 
uses a series of algorithm chains for identifying shapes, 
detecting faces, assigning facial points, identifying 
expressive action units, and determining associated 
emotions. The iMotions® software is an example of the 
current capacities of artificial intelligence, which we 
have here integrated into educational research. 

The detection of faces is carried out by algorithms 
such as the Viola Jones cascade classifier (Viola & Jones, 
2004). Within the facial image, the assignment of 
reference points is performed through different 
algorithms. These algorithms assign facial markers 
(nose, eyebrows, lips, etc.) to the image. These markers 
are then compared with pre-existing reference patterns. 
The analysis of the differences between the facial 
markers and the pre-existing reference patterns defines 
each eAU (Ekman & Friesen, 1976). For example, the 
distance between the eyebrows defines the intensity of 
the expressive action of frowning. Each eAU identified 
by a number (eAU1, eAU2, etc.) corresponds to the 
contraction of a facial muscle or group of them. As such, 
the work of several authors has established the 

Contribution to the literature 

• Most studies on emotions and behaviors have collected data using observational and declarative (self-
reports) procedures. To overcome some of their limitations, here we focus on the use of artificial 
intelligence (AI) to collect and codify facial expressions during science learning. 

• To access different time scales, we applied centered moving averages with different window widths. Each 
of these allows to explore distinctive emotional and behavioral features. 

• We were able to connect the dynamics of surprise with the educational actions carried out during an 
inquiry-based activity. Furthermore, we identified four phases in the inquiry process, according to the 
emotional and behavioral parameters. 
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relationship of different eAUs with specific emotions 
(Barrett et al., 2019; Ihme et al., 2018; Sayette et al., 2001). 
Importantly, these facial expressions are often visible 
and recognizable by all of us in our personal interaction. 

The databases used by artificial intelligence software 
contain statistical distributions of facial expressions from 
multiple geographic locations, demographic profiles and 
recording conditions. This means that the categorization 
of emotions is carried out at a purely statistical level, 
considering movements of the facial reference points 
corresponding to each eAU. For example, the emotion of 
joy is identified by the ‘Duchenne configuration’ (Figure 
1). In this example, the eAUs are essentially eAU6 and 
eAU12, which correspond to the activity of the muscle 
that lifts the cheeks, the orbicular muscle of the eye in its 
orbital portion, and the muscle that lifts the angle of the 
mouth, the zygomaticus major (Barrett et al., 2019). 

The artificial intelligence software extracts the eAUs 
independently and then applies algorithms to assess the 
probability that a specific configuration of eAUs is 
produced by a given emotion (e.g., joy). Thus, the facial 
action code system (FACS) system performs a modular 
identification of the emotions based on the combination 
of the different eAUs (Ekman & Friesen, 1978). This 
provides standardization and objectivity in the 
identification of emotions as opposed to the limitations 
found when the identification is performed by human 
observers. 

The iMotions® software detects human faces and 
assigns 34 facial reference points. Based on these data, 
this software uses the algorithm affectiva AFFDEX® to 
identify head movements, the interocular distance and 
20 facial eAUs. Finally, it associates various facial 
expressions with the seven basic emotions as well as 
with some behavioral parameters. 

To bring this technology into science education, the 
relationship of emotional and behavioral parameters 
with teaching-learning processes needs to be further 
studied. Hence, this work has the following objectives: 

1. To implement an experimental design which 
allows the study of emotional and behavioral 
parameters from facial expressions in a science 
education activity. 

2. To develop an analysis procedure to use the 
signals provided by the AI system for studying 
the dynamics of emotions and behaviors 
manifested by students. 

3. To link the data provided by the AI system with 
educational actions. 

EXPERIMENTAL DESIGN 

The experimental strategy involved the selection of 
an appropriate science education activity, the 
development of a procedure to analyze the emotional 
and behavioral parameters provided by the AI system 
and the educational actions carried out by the students. 

Science Education Activity: The Black Box 

To integrate facial expression recognition technology 
into research in science education, we selected and 
adapted an activity that elicits changes in emotional and 
behavioral states. This activity was carried out in the 
context of the Spanish master’s in secondary education 
(major in science, specifically in biology and geology) of 
the Faculty of Education at Complutense University of 
Madrid, Spain. Once the activity had been completed, 
there was a discussion with the pre-service teachers on 
the emotions that they had felt. The overarching aim of 
the session was to explore the different emotions they 
had felt and to consider what their future pupils would 
feel in equivalent activities. This qualitative data is not 
shown in this article. 

The activity is coherent with the inquiry-based 
science education (IBSE) approach (Abd-El-Khalick et 
al., 2004; Minner et al., 2010). In this activity, students 
had to discover the content of a black box without 
opening or breaking it. This activity has been previously 
implemented by different authors such as Haber-Schaim 
et al. (1979), and Lederman and Abd-El-Khalick (1998). 

The black box (9x6x20 cm) used in the activity 
contained coins of different sizes and materials: one of 1 
euro, one of 20 cents, one of 10 cents, one of five cents 
and two of one cent. All the coins moved freely inside it. 
Students were given a couple of magnets and a set of all 
the existing euro coins to explore their interaction with 
the magnets, their friction with the box surface, the 
sounds they produced, etc. The students had to use their 
own skills to formulate hypotheses, carry out tests and 
draw conclusions regarding the content of the box. At 

 
Figure 1. The expressive AUs involved in the emotion of 
joy. The figure is reproduced from Barrett et al. (2019) with 
permission from the authors and PSPI (Psychological 
Science in the Public Interest) 
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the end of the activity, the students had to report what 
they thought the box contained. 

Videos were recorded for their subsequent analysis 
with the iMotions® software. Video cameras were placed 
on tripods one meter away from the students, who were 
sitting down on a chair by a table with the items and had 
to solve the task individually. This arrangement 
appeared to be the most appropriate to obtain the best 
view of the face, the upper body, and what the students 
did with the items. 

Before starting the experimental section, students 
were given instructions on how to carry out this activity. 
They were told to remain within the image frame 
throughout the recording. Students were also told to 
avoid placing the box and their hands between the 
camera and their face. In addition, the necessary 
permissions were requested for the recording and the 
later use of the images for research purposes. 

The experimental section lasted twenty minutes. The 
recordings made during the activity were stored and 
labelled according to a system generated ad hoc. The 
videos were edited for subsequent analysis (e.g., by 
cropping out the frames recorded outside of the duration 
of the activity). 

Procedure to Analyze the Parameters Provided by the 
AI System & the Educational Actions Carried Out by 
the Students 

We recorded 12 students performing the inquiry-
based task. In this article, we aim to explain in detail how 
to integrate automated facial expression recognition on 
educational research, and particularly in science 
education. Therefore, we will focus on data from one 
single individual. Specifically, we selected the video in 
which the face was visible and within frame for most of 
the time. 

After edition, the selected video lasted 1,203,569 
milliseconds (approximately 20 minutes) and it had 
36,070 frames, so the time resolution was about 33 ms. 
This video was processed by the artificial intelligence 
system. This analysis provided a total of 141 entries per 
frame, i.e., 36,070 frames x 141 data per frame=5,085,870 
total entries.  

The data was exported as a CSV file to be analyzed 
by custom-written Python code. iMotions® also provides 
an output video that includes animated graphs of the 
recorded emotions alongside the original video. Thus, it 
was possible to observe in parallel the emotional and 
behavioral signals, and the student’s actions to 
understand their relationship. 

The system detects human faces and assigns 34 
reference points. This set of points allows to associate 
facial expressions with emotional and behavioral 
parameters. In this study, the parameters analyzed were 
surprise, joy, disgust, fear, contempt, sadness, and anger 

(basic emotional parameters), plus attention and 
engagement (behavioral parameters).  

The system assigns to each parameter a numeric score 
in intensity, from absent (0%) to fully present (100%). 
This percentage is a measure of the similarity between 
the graph of facial markers detected and the set of 
reference patterns stored by the artificial intelligence 
system. The software estimates the presence of each 
parameter at each frame. 

To reduce the noise from the signals, we applied a 
moving average with custom-written Python code. This 
statistical technique replaces each value in a time-series 
by the average of the window around each original 
value. To smooth the signals and keep relevant patterns 
in the data, the appropriate mathematical factors must 
be selected, such as the width of the window around the 
original value and the position of the original value 
within the window. 

By adjusting these factors, we could find an optimal 
way of associating the emotional and behavioral signals 
to the dynamics of the observed learning actions. 
Specifically, the position of the original value within the 
window was established to be in the center. Thus, we 
used a centered moving average, since the emotional 
and behavioral parameters measured are influenced by 
the recent past (e.g., the challenges faced in the inquiry-
based process) and modulate the future behavior (e.g., 
they drive students’ decision-making). The widths of the 
windows initially considered were of 0.5, 1, 2, 4, 12, 24, 
30, 60, and 120 seconds. 

The windows with widths between 0.5 and 4 seconds 
were considered because some facial macro-expressions 
have durations that fall within these time periods 
(Adegun & Vadapalli, 2020; Ekman, 2003). This kind of 
emotional macro-expressions occur in daily interactions, 
and they are evident at first sight. The windows between 
12 and 120 seconds were included because the duration 
of actions and events in inquiry-based science activities 
is within this range (Lämsä et al., 2018). 

To interpret the emotional and behavioral signals 
from an educational perspective, the actions carried out 
by the student over time were manually and 
independently tabulated by two of the researchers. 
Later, we worked together to reach an agreement on the 
final tables that best capture the behavior of the student. 
By combining the tabulated actions with the signals at 
the appropriate time scales, we could associate 
educational, emotional, and behavioral events. The aim 
of this approach was therefore to bridge the affective, 
behavioral, and educational spheres. 

RESULTS AND ANALYSIS 

The analysis of the entire process implied carrying 
out different studies in parallel and linking the 
successive results. For clarity, we show (see Figure 2) the 
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studies sequentially, although sometimes we will refer 
to elements that are shown later or further back. 

Tabulating Educational Actions 

The actions of the student were tabulated manually 
by the researchers. In Table 1, the second column 
contains a summary of the actions observed during the 
activity. This analysis is consistent with the content 
analysis applied in research in science education, in 

particular with the analysis of inquiry-based activities 
(Crujeiras & Jiménez-Aleixandre, 2019; Lämsä et al., 
2018).  

Based on the dynamics of the educational (Table 1), 
behavioral, and emotional events, we were able to define 
four phases which the student followed during the 
inquiry-based activity, which are coherent with the main 
features and practices involved in this educational 
approach (Jiménez-Liso et al., 2021a, 2021b). For 

 
Figure 2. Flow chart to integrate AI into research on emotions and behaviors in science education 

Table 1. Summary of observed relevant actions and proposed inquiry phases 

Time 
(min.) 

Actions Inquiry phases 

0:00-
3:00 

The student observes and lifts the box. They open the envelope and take the coins and 
magnets out. They shake the box and the envelope (with some coins inside) a few times. 
They laugh nervously. They bring the magnets close to the box and slide them over it. They 
observe and shake the envelope and the box a few times, while they listen to the resulting 
sounds. They move the magnets close to different coins. They slide a magnet over the box. 
They shake the box and the envelope (with some previously selected coins). They slowly 
turn the box upside-down. 

Phase 1a-
Non-
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observation 
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3:00-
4:15 

They pick up and look at the envelope. They shake it. They look at the coins and magnets, 
and seem to ponder. They slowly turn the box upside-down. They bring a magnet towards 
different points around the box. While holding the magnet in one position, they shake the 
box. They bring a second magnet to the opposite side of the box, turn it over and seem to 
ponder. 

Phase 1b-Pre-
systematic 

observation & 
reflection 

4:15-
8:15 

They move a magnet towards and away from the box a number of times. They get the 
envelope and take some coins out. They shake the envelope and the box a few times. They 
get the box and observe it. They turn it over. They take a magnet and hold it against one 
side of the box. Then, they turn the box over a few times. They laugh. They explore the 
coins on the table with a magnet. They move a magnet towards and away from the box 
several times. They shake the box (without any magnets). While holding the box in their 
hands, they think and look at the items on the table. They simultaneously move close or 
away one, two or three magnets to different parts of the box. They take a coin out of the 
envelope and check whether it is attracted by the magnets. They move a magnet close to 
one side of the box. While keeping one magnet in a fixed position, they change the angle of 
the box. 

Phase 2-Exploration 
of problem-solving 

strategies 
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convenience, this is displayed in Table 1 (third column), 
although it was definitely determined in subsequent 
analyses. 

Global Average Presence of Emotional & Behavioral 
Parameters 

To begin with the exploratory analysis, the global 
average presence of each emotional and behavioral 
signal throughout the whole activity was calculated 
(Table 2). The parameter attention had the highest 
average presence, 79.30%. The parameter engagement 
had an average presence of 45.45%, while the data for the 
signal of surprise was 16.60%. In contrast, the other 
parameters were considerably less frequent. Disgust, 
fear, joy, and contempt had a mean presence in the order 
of tenths. Meanwhile, anger and sadness showed values 
in the order of hundredths. 

These results suggest that the student was very 
attentive and engaged, and they were also surprised 
during the activity. In the future, the application of this 
analysis will allow us to compare the average presence 
of each parameter in different individuals for a given 
activity, and between different types of activities and 
contents. Furthermore, the results of the global average 
presence (Table 2) informed the choice of window 
widths for smoothing the signals with the centered 
moving average. Thus, longer windows between 12 and 
120 seconds were applied to the parameters with high 
presence (e.g., attention and engagement); in contrast, 
the only window applied to the parameters with low 
presence (joy, disgust, fear, contempt, sadness, and 
anger) was the shortest one (0.5 s). The parameters with 
medium presence (in this case, surprise) could be 
analyzed by both procedures. 

The parameters with medium and high presence 
offer information about the global dynamics of the 
activity. However, the high-presence parameters do not 
seem to be so clearly associated with specific actions 
carried out by the student. For this reason, here we first 
analyze surprise (medium presence) which seems to be 
associated both with global dynamics of the activity and 
specific actions carried out by the student. 

Study of Parameters with Medium Presence 

This analysis was carried out by applying a centered 
moving average of a width of four seconds. This time 
scale is close to the facial expressions of basic emotions 
(Adegun & Vadapalli, 2020; Ekman, 2003). In Figure 3, 
surprise shows several low intensity spikes of presence 
at the beginning of the activity. The analysis of the 
student’s actions in this period (Table 1) indicated that 
the student appeared to play with the box. They made 
unsystematic observations through which they seemed 
to familiarize with the problem and the items. During 
this phase, the behavior of the box did not substantially 
surprise the student. Therefore, this initial period, which 

Table 1 (Continued). Summary of observed relevant actions and proposed inquiry phases 

Time 
(min.) 

Actions Inquiry phases 

8:15-
19:00 

They gradually change the tilt of the box while keeping one magnet in a fixed position. At a 
given angle, they move the magnet away. They change the tilt of the box several times 
without magnets. They check at what angles the coins start to slide. They carry out several 
tests in which they gradually modify the angle of the box, while keeping a magnet fixed. 
They stop and seem to ponder. 
They place a magnet on the lower part of the box and carry out some tests: they shake the 
box, turn it around, bring a magnet towards and away of the box, etc. They gradually 
modify the angle of the box, while keeping a magnet fixed. 
They design the next test. They change the tilt of the box until they set a given position. 
They then move the magnet away. 
They repeat the previous strategy several times. Sometimes, after setting an angle and 
moving the magnet away, they continue to increase the inclination of the box. They try a 
test in which they slide a few magnets over the bottom of the box, while the box is tilted. 
They perform several similar tests with two magnets arranged in an L-shape. As they reach 
a certain angle, they move one of the magnets away. 

Phase 3-
Implementation of 
problem-solving 

strategies 

19:00-
the 
end 

The student is warned that there is 1-minute left. They perform their actions at a faster 
pace. Some are repeated actions (2 magnets arranged in an L-shape) & there are new ones 
(3 magnets arranged in a U-shape). They nervously think of & write their conclusions. 

Phase 4-Conclusion & 
communication 

 

Table 2. Global average presence of each parameter 
throughout the activity 

Parameter Global average presence (%) 

Attention 79.30 
Engagement 45.45 
Surprise 16.60 
Joy 0.61 
Disgust 0.58 
Fear 0.36 
Contempt 0.29 
Sadness 0.03 
Anger 0.02 
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was considered to be sub-phase 1a (from t≃0 min to 
t≃3:00 min), was labelled as non-systematic observation. 

Then, we observed that the presence of Surprise 
became very low (<15%) (Figure 3). In this period, from 
t≃3:00 min to t≃4:15 min, the student performed small 
tests on the behavior of the supporting items and went 
through moments of reflection (Table 1). The tests on the 
behavior of the tools apparently confirmed that 
everything worked as expected, which did not surprise 
the student. This period, sub-phase 1b (from t≃3:00 min 
to t≃4:15 min), was called pre-systematic observation and 
reflection. Together with the previous sub-phase, both 
periods were considered as phase 1 (from t≃0 min to 
t≃4:15 min), and labelled as accommodation to the problem. 

From t≃4:15 min to t≃8:15 min, the student presented 
sets of spikes of surprise separated by epochs of between 
30 and 45 seconds during which this parameter had a 
low presence (Figure 3). In this period, the student 
performed actions to find possible problem-solving 
strategies. They carried out tests with the items available 
and they stopped every so often to observe the items and 
ponder (Table 1). When watching the video alongside 
Figure 3, we observed a potential correlation between 
the sets of surprise spikes and the successive tests carried 
out for solving the problem. This period, phase 2 (from 
t≃4:15 min to t≃8:15 min), was called exploration of 
problem-solving strategies. 

The period from t≃8:15 min to t≃19:00 min had a 
continuous fluctuation of surprise. The student carried 
out systematic tests in which they aimed to find changes 
in the behavior of the box (Table 1). For example, they 
varied the angle until they perceived that the coins 
moved down. This process of systematic testing was 
repeated several times, but with different strategies. This 
repetition is reflected in the dynamics of surprise (Figure 
3). The spikes seemed to occur after their predictions 
were not confirmed. This period, phase 3 (from t≃8:15 

min to t≃19:00 min), was labelled as implementation of 
problem-solving strategies. 

Finally, from the announcement of the end of the 
activity until its conclusion (from t≃19:00 min to t≃20 
min), the level of surprise fell slightly. This period, phase 
4 (from t≃19:00 min to t≃20 min), was labelled as 
conclusion and communication. 

To sum up, it seems that the dynamics of surprise 
reflected the student’s different actions. Interestingly, 
the student showed high levels of surprise once they had 
familiarized with the problem. Thus, the student 
appeared to firstly develop a framework based on the 
behavior of the items. After this, they implemented their 
models, observed the outcomes and compared these 
with their predictions. Then, surprise began to decline 
(less pronounced spikes) as the observed behaviors 
appeared to be in line with their conjectures. Thus, 
surprise seemed to be linked to the implementation of 
their models, rather than to the novelty or amusement of 
the activity. This result is in line with an up-to-date view 
of inquiry as an approach which conceives surprise 
(connected with data analysis) as a learning enhancer 
(Jiménez-Liso et al., 2021a; Rodríguez-Arteche & 
Martínez-Aznar, 2016). 

Study of Parameters with High Presence 

To analyze the parameters with high presence, we 
smoothed the signals with the moving average with 12-, 
24-, 30-, 60-, and 120-second windows. These times scales 
suit better the duration of educational actions (Lämsä et 
al., 2018). Here, the signals after smoothing with the 24-
second window are shown (Figure 4). 

During phase 1, we observed that attention began at 
high levels of presence and decreased while fluctuating 
(from t≃0 min to t≃4:15 min). This pattern is consistent 
with the dynamics observed for surprise and with the 

 
Figure 3. Surprise signal smoothed with a centered moving average with a width of four seconds. The Y-axis represents 
the percentage of presence (>15%), and the X-axis represents time. The colored band below the X-axis represents the phases 
proposed in Table 1: 1a/b (light/dark orange), 2 (blue), 3 (grey), and 4 (green) 
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actions performed by the student in sub-phases 1a and 
1b.  

During phase 2, attention decreased below 50% and 
increased above 90% while fluctuating (from t≃4:15 min 
to t≃8:15 min). In this phase, we could not find 
meaningful matches with other behaviors. From minute 
8 onwards, right before the start of phase 3, attention 
began to stabilize at high levels. 

It seems that during the first two phases the student 
was trying different strategies but could not find one that 
focused their attention. When they decided how to 
approach the problem (phase 3, from t≃8:15 min to 
t≃19:00 min), they began to carry out systematic tests 
that fixed their attention (over 80%, see Figure 4). 

Moreover, the presence of engagement had large 
fluctuations during phase 1 (from t≃0 min to t≃4:15 min) 
and seemed out of synchrony with the other parameters. 
This pattern is consistent with the student’s actions in the 
initial minutes (phase 1, Table 1). During this phase, the 
student appeared to get distracted and take breaks to 
ponder. Then, they started focusing on the box and the 
other items and tested problem-solving strategies (phase 
2). From minute 8 onwards, right before the start of 
phase 3 (from t≃8:15 min to t≃19:00 min), the signals of 
engagement and surprise began to synchronize, and 
attention reached its highest levels of presence. 

It seems that when the student familiarized with the 
problem and began applying appropriate strategies 
(phase 3), they remained attentive and engaged to check 
whether their predictions were met or not. Graphically, 
the signals of surprise and engagement increased as the 
student accommodated to the problem and showed 
synchrony with the tests and results obtained. This fact 
is consistent with the results obtained by Inkinen et al. 
(2020) and Jiménez-Liso et al. (2021a) on the greater 

engagement of students in the practices of using models 
and constructing explanations. These practices are 
preceded by an adequate accommodation to the 
problem. 

Interestingly, there appeared to be lags of the order 
of half a minute between the behavior of some of the 
parameters provided by the AI system and the inquiry 
actions of the student. This means that the transition 
from one phase to another possibly had the time scale of 
problem-solving actions, which is about 30 seconds 
(Lämsä et al., 2018). Although this work is still 
preliminary, we could speculate that either the behavior 
of the student, the behavior of the items, or some of the 
parameters could act as triggers for the phase changes. 

Study of Parameters with Low Presence 

To study the parameters with low presence, the 
moving average with the 0.5-second window was 
calculated. This criterion is consistent with the duration 
of facial expressions associated with basic emotions 
(Adegun & Vadapalli, 2020; Ekman, 2003). Thus, the 
smoothed signals of the low presence parameters were 
expected to show short, high levels of presence (spikes) 
throughout the session. 

In this analysis, an upward increase in the signal was 
considered a spike when the signal was above 50.0% of 
presence. Additionally, spikes were considered 
independent of each other when they were separated by 
∆t>4 s. Following this criterion, 69 peaks were obtained 
for the seven basic emotional parameters. After this, the 
videos were reviewed to identify the events associated 
with the spikes. We discarded those spikes which were 
triggered by external events (interaction with students 
and trainers, four peaks) or induced by partial occlusion 
of the face (two peaks). So, we considered 63 spikes: 53 
(84.1%) of surprise, four of joy (6.3%), three of fear 

 
Figure 4. Attention (grey), engagement (orange), & surprise (blue) signals smoothed with a centered moving average with 
a width of 24 seconds. The Y-axis represents the percentage of presence (>5%), and the X-axis represents time. The colored 
band below the X-axis represents the phases proposed in Table 1: 1a/b (light/dark orange), 2 (blue), 3 (grey), & 4 (green) 
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(4.8%), and three of contempt (4.8%). Figure 5 shows the 
spikes of the parameters with low presence (without 
surprise) vs. time. 

To facilitate the interpretation of the basic emotions 
other than surprise, Table 3 shows the educational 
actions that were carried out at a given time. Contempt 
seemed to be related to the annoyance elicited when a 
test did not provide apparent results, or either to the 
uncertainty that followed periods of reflection. The 
actions associated to fear suggest that this parameter had 
a high presence during periods of excitement and 
agitation (e.g., at the beginning of the activity) and of 
careful handling of the materials. Finally, joy was 
associated to periods of appreciation of the activity (e.g., 

initial excitement) and of pride related to understanding 
or achievement of results (Bellocchi & Ritchie, 2015). 

All in all, it seems that the study of parameters with 
low presence (spikes) does not contribute to the 
interpretation of the inquiry phases. However, it 
provides insights on the association between specific 
educational actions and the corresponding emotional 
responses. 

CONCLUSIONS 

This paper focuses on showing a novel procedure to 
integrate artificial intelligence into research on emotions 
and behaviors during an inquiry-based science activity. 
In this regard, the study carried out presents some 

 
Figure 5. Spikes of the parameters with low presence: contempt (red), fear (purple), & joy (yellow). The signals were 
smoothed with a centered moving average with a width of 0.5 seconds. An upward increase was considered a spike when 
the signal was above 50% and separated by ∆t>4 s. The Y-axis represents the percentage of presence, and the X-axis 
represents time. The colored band below the X-axis represents the phases proposed in Table 1: 1a/b (light/dark orange), 2 
(blue), 3 (grey), & 4 (green) 

Table 3. Educational actions associated to the spikes of the parameters with low presence 

Emotion Educational action Time 

Contempt After some time changing the position of a magnet with respect to the box without apparent results, 
they change the strategy & start modifying the angle of inclination. 

07:44 

They spend some time reflecting & looking at the box.  
After this, they seem uncertain & start a new test of changing the angle. 

12:41 

The student faces a problem when increasing the angle of inclination of the box & has to stop & restart 
the test. 

13:46 

Fear They shake the envelope with the example coins inside & then shake the box. They seem nervous, 
probably because they realize that some of the example coins might also be inside the box. 

00:38 

They shake the envelope with example coins inside and then the black box. They seem to give meaning 
to these experiences and then feel nervous. 

01:40 

The student carefully & nervously modifies the angle of inclination of the box while holding a magnet 
on one side. 

13:29 

Joy They laugh after shaking the box & comparing this behavior to the envelope with coins. 00:39 
They happily look at the box after a small break of reflection. 06:02 
They laugh after finishing a test in which they shake the box with a magnet on one side & test the 
behavior of the coins inside. 

14:15 

The student starts a new trial & laughs proudly. 19:21 
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relevant implications to improve the limitations of 
observational and declarative methods.  

In particular, the use of automated facial expression 
recognition minimizes limitations such as the need to 
train learners and observers in the recognition and 
evaluation of emotions, or the difficulties in 
systematizing these processes (Barrett et al., 2019; 
Pekrun, 2006). 

Importantly, the students’ faces and upper bodies 
should always remain within the camera frame, since 
this allows collection of face expressions together with 
educational actions. However, the use of static cameras 
is a limitation in this study because students inevitably 
move out of frame at certain points. 

The first analysis performed on the behavioral and 
emotional signals was a global average. The top-3 most 
present parameters were attention, engagement, and 
surprise for the dataset analyzed here. This is also 
observed when this preliminary analysis is conducted on 
all the datasets collected. We also found presence of the 
parameter joy in some of the datasets not included here. 
The results from the global average suggest that the 
student was very attentive and engaged, and they were 
also surprised during this activity. This kind of analysis 
provides a first-level assessment to compare individuals’ 
behaviors for a given activity, and the effect of each type 
of activities and science contents. 

To smooth the signals and extract relevant patterns, 
we developed an analysis pipeline. By using a centered 
moving average and different window widths, we were 
able to study the emotional and behavioral parameters 
at time scales relevant to educational actions. The results 
from the analyses with time windows between 0.5 and 4 
seconds emphasized the connection between emotional 
or behavioral responses and specific educational actions. 
Thus, we identified the association between the spikes of 
surprise and the implementation of predictive models. 
In this sense, we could observe how the student firstly 
developed a framework about the behavior of the items, 
later implemented their models, observed the outcomes, 
and compared these with their predictions. In this 
process, the dynamics of surprise seemed to reflect their 
tests of their conjectures. Thus, surprise seemed to be 
linked to the validity of their models rather than to the 
novelty or amusement of the activity. 

Moreover, the results from the analyses with wider 
time windows (e.g., 24 seconds) appeared to be more 
appropriate to study the inquiry phases. Thus, we 
identified four phases in the inquiry process: 
accommodation to the problem; exploration of problem-solving 
strategies; implementation of problem-solving strategies; and 
conclusion and communication. We also observed that the 
transition between phases was potentially triggered by 
external stimuli (e.g., box behavior), by the actions 
carried out by the student (e.g., completion of a test), or 
by the emotional state. The preliminary analysis 

performed on all the collected datasets shows the 
existence of the phase 1 in the 12 students, but with 
different duration from person to person. Actually, two 
of them remained in phase 1 during all activity, and only 
four students were able to reach the level of conclusion 
and communication (phase 4). 

Science education needs to further understand the 
role of the affective domain and provide teachers with 
evidence of how emotions may affect the cognitive 
development of students (Mellado et al., 2014). By 
developing and implementing methods such as the one 
described here, we can explore the flow of emotions in 
science education. The understanding of affective and 
neuroscientific factors should be integrated into teacher 
training (Ezquerra & Ezquerra-Romano, 2019). This 
would allow teachers to understand the emotions that 
students feel when they are learning science and develop 
more effective teaching activities. 
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