Australasian Journal of Educational Technology, 2022, 38(5). AJET 1A% ASCILITE

Schema and emotion in memory retrieval following video-based
learning: An artificial intelligence study

Anjana Junius Vidanaralage, Anuja Thimali Dharmaratne
School of Information Technology, Monash University

Shamsul Haque
Department of Psychology, Jeffrey Cheah School of Medicine and Health Sciences, Monash University

Adapting innovative educational technologies to bolster students’ academic learning is
increasing rapidly. This study explored schema congruent and incongruent participants
behaviour when experiencing video-based materials as the medium of learning within the
frame of a flipped learning environment. The participants watched an educational learning
video on a given topic and completed memory retention tests in different time variations:
immediate and delayed. Additionally, an artificial intelligence-based emotion analysis
examined the emotional valency of participants during two phases: study phase and test
phase. The experiment comprised 16 healthy young adult volunteers (8 schema congruent, 8
schema incongruent; 9 males [56.25%], 7 females [43.75%]; age range 20—34 years, mean
age 27.31 years, SD = 2.87 years). A combination of statistics-based and Al-based analysis
evaluated the effectiveness of video-based learning in terms of retrieval accuracy, response
time and emotional valence. The findings indicate that retrieval accuracy for the schema
incongruent group was better than schema congruent. Response time for schema congruent
group was quicker than schema incongruent. Both groups exhibited more negative emotions
during the study phase but more positive emotions during the test phase.

Implications for practice or policy:

e Acceptance testing of video-based learning in tertiary education for different schema
groups of students by assessing their emotional state helps educators to enhance
pedagogy.

e Nourishing positive learning experiences from videos and questionnaires should be the
goal, considered at the design stage for courses that rely on video-based materials.

e Adaptation of video-based learning strategy is more instructionally efficient and scalable
for academic institutions and educators during a pandemic situation.

Keywords: artificial intelligence, education technology, emotion recognition, memory recall,
schema theory, video-based learning

Introduction

Technology has heavily influenced education and learning in recent decades (R. Huang et al., 2019). The
exponential growth of technology usage in education resulted in a proliferation of pedagogical software
learning tools known as digital learning tools (SooHwan et al., 2013). These digital learning tools support
the concept known as educational technology, which is also termed as instructional design and technology
(Lowenthal & Wilson, 2010). Advances in technology are driving instructors towards the use of education
technology applications (Kolekar et al., 2018) and they are contributing to significant changes in students’
learning experience (Sloan & Lewis, 2014). Technology-based instruction has evolved from early uses of
simple audiovisual aids to complex forms of e-learning approaches (Halawi et al., 2009). The success of e-
learning from the 20th century has led to the emergence of new technology-based digital learning strategies
that shape learning and instruction (R. Huang et al., 2019). Learning is a natural ongoing process; the initial
phase of learning is mastering and memorising basic facts (Riedesel & Charles, 2018). Education is often
regarded as synonymous with learning as the acquired experience (Sampath, 1981).

Studies have found that differences in prior knowledge and training can impact learning outcomes
(Anderson, 1981; Jonassen & Grabowski, 1993; Rumelhart, 2017; van Kesteren et al., 2012). This
phenomenon has been explained in terms of schema or what is known as a pre-existing knowledge base
(van Kesteren et al., 2012). Schema is defined as the abstract knowledge structures (Ghosh & Gilboa, 2014)
that facilitate what we learn and remember. The knowledge we learn (e.g., information, event memory)
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could be schema congruent (consistent) and schema incongruent (inconsistent). Research has shown that
schema congruent and schema incongruent event memories are processed and recalled better than schema
neutral memories (Greve et al., 2019). Moreover, memory can also be modulated by emotion (LaBar &
Cabeza, 2006; Righi et al., 2012) and emotions have a substantial influence on the cognitive processes of
humans, including learning and memory (Phelps, 2004; Um et al., 2012). Emotions drive attention
(Vuilleumier, 2005), influencing learning mativation and facilitating active encoding in memory (Pekrun,
1992; Seli et al., 2016).

Rationale of the study

During the recent COVID-19 pandemic, digital learning reached a whole new level as the default learning
strategy (Sa & Serpa, 2020). Despite the benefits digital learning provided when deployed on a smaller
scale in the past, the rapid adoption during the pandemic failed to improve teaching practices and even
created a negative mindset among students towards video-based learning (Lin & Nguyen, 2021). Moreover,
according to Inan et al.’s (2010) study, one primary reason for the failure in digital learning is that
instructors used technology as a content delivery platform rather than as an actual learning tool.

Video-based learning is not envisioned to substitute traditional methods of learning or teaching. The goal
is to be an enabler supporting the cognitive learning process by creating opportunities in flipped learning
environments that help develop skills better (Cervi et al., 2013). Students in a video-based learning
environment are naturally more reliant on watching learning videos than in a traditional face-to-face
learning setting (Myllymaki et al., 2017). Therefore, it is worthwhile to explore the acceptance of video-
based learning and investigate viewing behaviours in terms of prior knowledge (i.e., schema theory) and
their affective states (i.e., emotions).

This research aimed at a statistics-based and Al-based analysis to explore the behaviour of two focus groups
of participants (schema congruent and schema incongruent) when experiencing video-based materials as
the medium of learning, within the frame of a flipped learning session which many academic institutions
follow during the pandemic. The criteria for evaluating the effectiveness of video-based learning were (a)
retrieval accuracy, (b) response time and (c) emotional valence (i.e., degree of positivity or negativity). The
above synopsis has been employed to formulate three research questions for this study:

(1) Is there a measurable difference in the response time between schema congruent and schema
incongruent participants during a video-based learning session?

(2) Is video-based based learning effective for enhancing adult learning in the short term and the
long term?

(3) What is the impact of positive and negative emotions in study and test phases during a video-
based learning session?

Background study
Interactions between cognitive psychology, affective science and education technology are the cornerstones
underpinning this multidisciplinary research. It evaluates a concept (cognitive psychology: schema theory,

affective science: six basic emotions and education technology: flipped learning) within the three
cornerstone domains. Figure 1 illustrates each research domain and its relevant concept studied.
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Figure 1. Overview of the research stud_y

Schema theory

The schema concept can be traced back to Plato (428-348 B.C.) and Aristotle (384-322 B.C.)
(Kristjansson, 2016; Laura & Olivier, 2020), but Kant (1899) is generally considered as the first person to
talk about schema. Although the term schema has roots in Kant’s philosophical work, schema did not gain
cognitive research attention until Bartlett (1932) used the term schema and conducted experiments to
explore the effects of schema in memory construction. This work was the most widely cited by schema
theorists working on the cognitive domain (Saito, 1996). A schema (plural: schemas or schemata) is an
organised mental structure of knowledge stored in memory (Fleming, 1987; Gagne, 1986; Richey et al.,
2010; Winn, 2004). In other words, schema interprets how we see the external world with internal metal
structures (i.e., experience) (Johnson, 1987). Piaget (1952) improved the schema explanation as a
continuous interaction in which the individual either absorbs new experience congruent to existing schema
or adjust schema to fit in the incongruent experience. The standard information congruency continuum
distinguishes two extremes:

e Schema congruent or consistent is an event that conforms to an individual’s expectations or the
world of knowledge (Greve et al., 2019). Schema consistent information is embodied in long-term
memory (Bartlett, 1932; Piaget, 1952) and processed in the brain against an individual’s existing
prior knowledge. Information retrieval for a congruent event facilitates inferential processing,
where the brain finds a similarity from long-term memory and fits it with existing knowledge
(Anderson, 1981). This is known as the consistency effect or congruency effect.

e Schema incongruent or inconsistent is an event that conflicts with an individual’s expectations for
an unexpected novel stimulus encountered from the surrounding environment (Greve et al., 2019).
Schema inconsistent information is embodied as discrete propositions in memory (Sentis &
Burnstein, 1979) and undergoes distinctive processing for information retrieval, an elaborative
form of processing where the brain notices a difference against existing knowledge (Prull, 2015).
This asymmetrical mapping of unexpected information over expected information is known as the
inconsistency effect or incongruency effect.

Schemas are believed to be the “building blocks of cognition” (Rumelhart, 2017, p. 33); hence schema

theory has played a significant role in the history of learning, design and technology domain (i.e.,
educational technology). Since the 1970s, scholars have applied schema theory to external cognitive

111



Australasian Journal of Educational Technology, 2022, 38(5). AJET A% ASC

strategies (Winn, 2004) to help learners develop schemata when they encounter new information. However,
it is challenging to assess improvements on intangible cognitive functions, such as learning and memory
recall (Lu, 2014), and explicitly pinpoint how or when technology enhanced the learning experience
(Bolton et al., 2008).

Emotions

The study of emotions also has historical roots in Greek philosophy, similar to the schema concept. Plato
mentioned emotions as passions or affections (Laura & Olivier, 2020), but it was Aristotle who conducted
the first analysis and presented that emotions arise from what we perceive and think and that must be
controlled (Kristjansson, 2016). In fact, both philosophers considered emotions as a disturbance to
cognition (Dalgleish & Power, 2000). Darwin (1872) pioneered the first scientific study about emotions
and historically dominated as the founder of the science of emotions (Leff, 1973). An emotion (plural:
emotions) is defined by Vikan (2017, p. 3) as a “coordination or composite of experience, behavioural
expressions and physiological / neurological components with varying duration”. Darwin’s ideas were
related to his notable theory of natural selection, where expression and emotion are equal in both humans
and animals and mainly function as a communication medium. Darwin’s scientific view between
expression and emotion is currently connected to facial expressions in modern research and theories.

Several researchers have tested Darwin’s domineering concept of the universality of emotions involving
the basic emotions. In this perspective, basic does not mean that emotions are discrete or independent
(Izard, 1971, 2013). The most delicately formulated study (in support of Darwin) was conducted by Ekman
(1973) and considered as the classical study in modern research on emotions. Currently, the following six
emotions have the highest level of consensus on the list of basic emotions: (a) happy, (b) sad, (c) anger, (d)
fear, (e) surprise and (f) disgust. Izard, pioneering doing emotion research for more than 40 years, himself
had proposed several lists of basic emotions, first starting from 10 emotions (lzard, 1991) and then
modifying and proposing a revised list of six emotions (lzard, 2009). I1zard (2009) emphasised interest (the
7th emotion) as a normative emotion because it serves as an entrance to other emotions via attention. For
this reason, there will always be controversies regarding the classification of 6—10 most common emotions
to conform to the list of basic emotions. The standard emotional valence continuum distinguishes two
extremes:

e Positive emotions: These were historically ignored in research but gained an increased interest in
recent years (Vikan, 2017). According to Fredrickson’s (1998, 2001) theory, positive emotions
function to broaden and build adaptation. Broadening refers to the openness to new perspectives
and challenges which affects attention, thinking and behaviour. Building implies the stimulation
of consistency and duration. According to the list of basic emations (Izard, 2009), happy and
surprise are categorised as positive emotions.

e Negative emotions: Research has focused more frequently on negative than positive emations
(Vikan, 2017). A prime reason for this is that negative emotions often are problems both to
individuals and society (Dawkins, 2000). When individuals experience negative emotions, it leads
to discomfort (Vikan, 2017). According to the list of basic emotions (lzard, 2009), sad, anger, fear
and disgust are categorised as negative emotions.

The impact of emotions on the learning process shows that positive emotions improve and contribute to
academic achievement by facilitating attention; this strongly mediates self-motivation and self-satisfaction
(Um et al., 2012). Conversely, studies report that negative emotions also improve learning by coordinating
confusion. Confusion is a cognitive disequilibrium state induced by contradicting data. A confused student
has an increased and better focus on learning, leading to higher performance (D’Mello et al., 2014).
Therefore, the effects of emotional experiences are complicated and ubiquitous; positive emotions do not
always benefit learning, and negative emotions do not always impede learning (Hascher, 2010; Pekrun,
2014).

Flipped learning

Advancements in educational technology boosted learning capabilities for creating flexible learning
environments at home instead of schools and universities (Betihavas et al., 2016). By exploiting this
advantage, recent trends show a surge in advocating flipped learning approaches (Gilboy et al., 2015). In
flipped learning pedagogical framework, traditional lectures and assignments are flipped (reversed or
inverted) (Arnau et al., 2013). In flipped learning, the learner (i.e., student) gains the necessary knowledge
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by watching a learning video at home before attending the class. While in class, the activities are committed
to discussions centred around explored knowledge (Borah, 2021). Consequently, learners learn more
through direct interactions with peers than passively watching an instructor during class (Borah, 2021).
However, a study by Findlay-Thompson and Mombourquette (2014) compared traditional face-to-face
learning and flipped learning and showed a neutral result with no significant differences in outcomes.
Furthermore, Willey and Gardner (2014) stated that learners who poorly perform in flipped learning
environments typically lack the agency and self-efficacy to take responsibility for their own learning.
Moreover, Willey (2016) suggested learners who struggle in flipped learning possess behaviours such as
not asking questions in sessions, being unable to apply learning concepts to problem context and heavily
dependent on the traditional procedural learning style.

Experiment

The videoconferencing tool Zoom (https://www.zoom.us/) was used as the primary audio and video
acquisition tool. Zoom conveniently conducts confidential live research interviews seamlessly among
participants in a remote location (Gray et al., 2020). Additionally, the Quizizz web application
(https://quizizz.com/) was used as the multiple-choice questions (MCQ) questionnaire tool for participant
response acquisition. This online assessment tool provides a gamified experience (Chaiyo & Nokham,
2017; Goksun & Giirsoy, 2019) to keep participants engaged and motivated while responding to memory
retention tests questions of the experiment. Figure 2 illustrates the flow of the experiment. Participants were
sent a Zoom email invitation link for the scheduled meeting. This invitation could be synchronised with
their electronic calendar (e.g., Gmail, iCal or Outlook) and comprised the date, time and password to the
meeting along with the explanatory statement of the study and consent form to be submitted online.
Specifically, the email informed that participation was voluntary and that the scheduled Zoom session
would be recorded. However, participants were not informed or given any clue about the learning topic
(i.e., cryptocurrency).

Ethical clearance was obtained via an online application from the Monash University Human Research
Ethics Committee for this research. The committee has categorised this study as a “low-risk” project that
meets the requirements of the national statement on ethical conduct in human research and Australian code
for the responsible conduct of research and has granted approval - MUHREC Project 1D: 22084.
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Figure 2. Experiment flow
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Participants

The study comprised 16 healthy young adult volunteers (8 schema congruent, 8 schema incongruent; 9
males [56.25%], 7 females [43.75%]; age range 20-34 years, mean age 27.31 years, SD = 2.87 years). The
sample size was calculated using the G*Power statistical power analysis software (Faul, Erdfelder, Buchner
et al., 2009; Faul, Erdfelder, Lang et al., 2007) for an effect size of 0.20 (d = 0.20) at a 0.05 level of
significance (« = 0.05) with a power of 0.80 (4 = 0.80) and 2 groups (congruent, incongruent) and 2
measurements (immediate, delayed).

Inclusion criteria consisted of (a) age between 20 and 34 years; (b) minimum high school college graduate;
(c) literacy in English reading, writing and listening skills; (d) information technology literacy in typing,
web navigation and videoconferencing skills (e.g., Zoom). Exclusion criteria consisted of (a) failed to
complete consent form; (b) self-reported history of learning disability; (c) self-reported history of psychotic
disorders (i.e., mental disorders); (d) self-reported alcohol consumption in last 24 hours. Table 1
summarises an overview of the participants’ demographics.

Table 1
Participants ’ demographics
Demographic n %
Age
20-24 years 2 12.50%
25-29 years 11 68.75%
30-34 years 3 18.75%
Gender
Male 9 56.25%
Female 7 43.75%

Materials and measures

Traditional learning modes and recalling learned content follow rote memorisation techniques (Thong et
al., 2016), which drastically differs in how knowledge is delivered and measured for memory retention in
a flipped learning environment.

Stimuli — learning video

Educational videos are extensively used to deliver varied educational content (Moussiades et al., 2019).
Since watching a learning video is an integral part of the flipped learning framework, educational design
research in recent times tends to focus more on video-based learning experiences (i.e., emotions) exhibited
among students (Kolds, 2015). This experiment selected the topic cryptocurrency for the educational video
content material. Researchers and domain experts were consulted to produce this material at Monash
University. The entire video was in English and covered the theoretical fundamentals of bitcoin, the
blockchain platform and cryptocurrency mining. The cryptocurrency learning video did not exceed 9
minutes for maintaining proper participant engagement (Guo et al., 2014).

Measures — questionnaires

Tests are viewed as tools for measuring learners (i.e., students) mastery of skills and knowledge and testing
nature is ubiquitous in educational research (Marsh et al., 2007). The two most common ways to measure
memory retention are recall test and recognition test (Davis & Moore, 1935). The medium of the memory
retention tests is in English and involves two MCQ tests: pre-test and post-test. The pre-test questionnaire
comprised 20 questions — 10 on demographic information and 10 on cryptocurrency concepts (refer to
Appendix A). Demographic questions were related to age, gender and current level of education; the
cryptocurrency questions were designed following a recognition test format that examines participants’
pre-existing knowledge about cryptocurrency. Similarly, the post-test also consisted of 20 questions — 10
on recognition and 10 on recall (refer to Appendix B), based on the cryptocurrency learning video. Here,
the recall test questions were designed according to Little and Bjork’s (2015) suggested format. Each
question on both questionnaires had only one correct answer.
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Design

The study includes two factors (i.e., independent variables: schema, recall point), each with two levels;
hence, it can be denoted as sk = 22. The s represents the number of factors and k represents the number of
levels. This experiment with two factors, each with two levels, is designated as 2 (schema: congruent,
incongruent) x 2 (recall point: immediate, delayed) mixed factorial design (i.e., spilt-plot design) and
tabularised in Table 2.

Table 2
Two-by-two (2x2) mixed factorial design
2 x 2 mixed factorial design Schema
(Split-plot) Congruent Incongruent
Recall point Immediate Immediate + Congruent Immediate + Incongruent
Delayed Delayed + Congruent Delayed + Incongruent

Independent variables (V) are factors manipulated in an experiment. Furthermore, the IV schema can be
classified as a participant variable that the researcher cannot manipulate (e.g., schema congruent or
incongruent characteristic of the participant). Based on pre-test results, when participants reach the criterion
(test score > 50% correct), they are assigned to the schema congruent group and if they could not reach the
threshold, they are designated to the schema incongruent group (refer to Figure 2). The IV recall point is
classified as a stimulus variable which the researcher can manipulate (e.g., the time duration of immediate
and delayed recall) (Mandler, 1959). Additionally, the IV schema was a between-subjects factor and the IV
recall point was a within-subjects factor; refer to Figure 3 for the experiment design paradigm.

Stimulus
(Cryptocurrency Learning Video)

Schema Congruent Group Schema Incongruent Group

Immediate Delayed

1
I I
: Immediate Delayed :
1 1

Figure 3. Experiment design paradigm

Each participant was exposed to both conditions of the within-subjects variable (i.e., recall point).
Dependent variables (DV) are the outcomes measured in an experiment to examine its relationship with
IV. The three DVs in this experiment are () retrieval accuracy, (b) response time and (c) emotional valence.
Table 3 tabularise the experiment variables.

Table 3

Overview of experiment variables
Variable type Variable name Value
Independent Schema congruent -
Independent Schema incongruent -
Dependent Retrieval accuracy Percentage
Dependant Response time Seconds
Dependant Emotional valence Percentage
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Procedure

The experiment consists of two phases: study phase and test phase. As illustrated in Figure 2, the study
phase includes a pre-test and watching the cryptocurrency learning video; likewise, the test phase comprises
immediate and delayed post-test and a breakout session activity.

Study phase

All participants joined the session individually. The web app link to the experiment was shared with the
self-contained instructions and stated that they are later questioned based on the learning video. After
reading the instructions, the software starts recording the participant’s face and facial expressions until the
experiment ends. The Al-based emotion analysis was conducted later based on recorded video data, not in
real-time during the session. Before playing the cryptocurrency video, the participants need to complete the
pre-test questionnaire, which took on average 165 seconds (i.e., 2 minutes and 45 seconds) to complete.
Participants made their responses by clicking the corresponding answer box for each question. The system
randomly shuffles both questions and answers to ensure that the sequence of questions and multiple-choice
answers are different for each participant. Meanwhile, in the background, the web app maintains a detailed
time-log of the total duration spent in the learning video by each participant, duration taken to respond to
each question and time snapshots when participants enter and exist each stage (i.e., from pre-test till delayed
post-test) as illustrated in Figure 2. All participants watched the entire video and some even replayed the
learning video since they were allowed to do so for a better understanding. The entire study phase took 838
seconds (i.e., 13 minutes and 58 seconds) on average per participant.

Test phase

The post-tests consist of two types (immediate and delayed) with the same set of questions. A breakout
session activity was placed after the immediate post-test, before assessing the participant’s long-term
memory retention via delayed post-test. After watching the learning video, participants were presented with
an immediate post-test where they responded by clicking the corresponding answer box and a grace time
period of 60 seconds was given for each question with a visual countdown progress bar displayed on top
of the screen. After each question, nor at the end of the questionnaire, the test score or feedback (i.e., correct
or incorrect answer) was not conveyed to the participant. The breakout session activity encompasses a series
of basic psychological distractor tasks (e.g., vowel count, word list, pattern recognition and Stroop tests) to
minimise participants rehearsing the currently studied material and ensure nothing is stored in their working
memory before moving to delayed post-test. Each participant took 244 seconds (i.e., 4 minutes and 4
seconds) on average in the breakout session and the entire test phase took 752 seconds (i.e., 12 minutes and
32 seconds) on average.

Methodology

The recorded video data was analysed using the open-source Face-APL.JS framework library (Mihler,
2019). This application programming language is a JavaScript module built on top of the Tensorflow.JS
core kernel (Smilkov et al., 2019) and runs on the Node.JS platform (Tilkov & Vinoski, 2010). The
framework consists of three main modules.

Face detection module

The face detection module consists of two types of convolutional neural networks named (a) single shot-
multibox detector (SSD) and (b) tiny face detector (TFD). The SSD module is based on the MobileNetV1
object-detection machine learning algorithm (Howard et al., 2017). The SSD MobileNet model is pre-
trained using the WIDERFACE public dataset (Yang et al., 2016), consisting of 32,203+ images and
393,703+ labelled faces. The machine learning algorithm can compute the location of a human face on each
frame image on the video and return the bounding box together with a probability score of confidence
(value > 0 and < 1) for each face (refer to Figure 4). The TFD module is an optimised version of the YOLO
(You Only Look Once) object-detection machine learning algorithm (Redmon & Farhadi, 2017), which
utilises depth-wise separable convolution instead of regular convolutions. This makes TFD a very
performant real-time face detector, which is much faster, smaller and less resource-consuming than the
SSD MobileNet model. However, in return, it performs slightly less accurate in detecting small faces. The
TFD YOLO model has been pre-trained on a custom dataset of approximately 14000+ label images
(Redmon & Farhadi, 2017). For this study, the TFD was selected as the default face detector module due
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to its minor trade-off of accuracy for speed, moderate resource consumption, being web-friendly (able to
run the complete analysis on a browser) and the ability to easily adapt for different video resolutions (since
the participants webcams had different resolutions).

1

Figure 4. Bounding box with probability score (Muhler, 2019)
Facial expression detection module

The facial expression feature extraction module consists of a 68-point face landmark detection model that
employs ideas of both depth-wise separable convolutions and densely connected blocks (Wu et al., 2017).
The 68-point model is structured as follows: 10 points for eyebrows (5 points each), 12 points for eyes (6
points each), 9 points for nose, 20 points for mouth and 17 points for face boundary. Figure 5 shows the 68
face landmark points. The model has been pre-trained on a dataset of approximately 35000+ labelled face
images (Wu et al., 2017).
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Figure 5. The 68 face landmark points (Mihler, 2019)
Emotion classification module

The emotion classification module also employs depth-wise separable convolutions and densely connected
blocks to classify the six basic emaotions. It is implemented based on ResNet-34 architecture (He et al.,
2016) to compute facial expressions with a feature vector of 128 values for each face image describing a
person’s facial expression characteristics. The neural network utilises the Dlib library —a toolkit containing
machine learning algorithms in the computer vision domain (King, 2009) and achieves a prediction
accuracy of 99.38% (Mihler, 2019) based on the Labeled-Faces-in-the-Wild public dataset (G. Huang et
al., 2008) that contained 13000+ images. However, it is noted that wearing glasses decreases the emotion
prediction accuracy. Figure 6 shows the classification of six basic emotions and the probability of each face
being classified as the type of emotion specified.
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angry: 0.98 happy: 0.99

Figure 6. Classification of six basic emotions with probability scores (Mihler, 2019)

Results

Quantitative data were statistically analysed wusing IBM SPSS Statistics version 24
(https://www.ibm.com/products/spss-statistics/) software. In a study, the rationale for selecting the
statistical tests depends on research questions and independent and dependent variables. For this 2 x 2
mixed factorial design experiment with categorical information (i.e., groups) on the IV and continuous
information (e.g., test score retrieval accuracy and response time) on the DV, the analysis of variance
(ANOVA) was selected to examine the inferential statistics. The retrieval accuracy is the percentage of
correctly answered test scores and calculated for each participant’s immediate and delayed sessions.
Moreover, the response time is the total reaction time in seconds that each participant took to complete the
immediate and delayed tests. Finally, emotional valence is the percentage of positive and negative emotions
exhibited during study phase and test phase.

Data from the practice trials were excluded from the analysis. The p values set with an alpha («) significance
level of p = .05 and point estimates of effect sizes were presented by reporting the Eta-Squared (y7,%). At the
preliminary level, the Box’s test assumptions were met (p > .05) for the results of all the ANOVASs to be
valid and Levene’s test requirements were also achieved (p > .05), which checks homogeneity variance for
the main effects of the experiment. The interpretation of statistical tests results is discussed in terms of main
effects for each independent variable and interaction effects between independent variables along with the
level of significance by reporting effect sizes.

Statistical analysis of schema data

Repeated-measures mixed ANOVA (i.e., spilt-plot ANOVA) was applied to examine the retrieval accuracy
of schema (congruent and incongruent) and recall point (immediate and delayed). Moreover, the schema
was between-subjects and the recall point was within-subjects.

Retrieval accuracy

The 2 x 2 mixed ANOVA investigated the impact of schema and recall point on retrieval accuracy of post-
test questions. There was no statistically significant main effect of schema on retrieval accuracy, F(1,14) =
51, p = .486, 5,% = .04. Also, there was no statistically significant main effect of recall point on retrieval
accuracy, F(1,14) = 1.20, p =.293, 2 = .08. However, there was a statistically significant interaction effect
between schema and recall point on retrieval accuracy, F(1,14) = 5.49, p = .034, 5,2 = .28 (refer to Figure
7). A post-hoc paired sample test revealed that the retrieval accuracy in the schema incongruent group is
significantly higher than the schema congruent group in delayed recall, t(7) = -2.76, p = .028.
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Figure 7. Schema and recall point on retrieval accuracy

Response time

The 2 x 2 mixed ANOVA investigated the impact of schema and recall point on response time in answering
the post-test questions. There was no statistically significant main effect of schema on response time,
F(1,14) = .94, p = .348, 5,2 = .06. However, there was a statistically significant main effect in recall point
on response time, F(1,14) = 42.58, p < .001, 5, = .75, with the schema incongruent group (M = 273.1)
significantly taking more time to respond overall than the schema congruent group (M = 235.3). Moreover,
there was no statistically significant interaction effect between schema and recall point on response time,
F(1,14) = .01, p = .938, 7p% < .01 (refer to Figure 8).
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Figure 8. Schema and recall point on response time
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Statistical analysis of emotion data

Repeated-measures mixed ANOVA (i.e., spilt-plot ANOVA) was applied to examine the emotional valence
(positivity and negativity) of schema (congruent and incongruent) and learning phase (study phase and test
phase). Moreover, the schema was between-subjects, and the learning phase was within-subjects.

Emotional valence

The 2 x 2 mixed ANOVA investigated the impact of schema and learning phase on emotions exhibit by
participants. There was no statistically significant main effect of schema on emotions, F(1,11) = 1.16, p =
.304, % = .10. Also, there was no statistically significant main effect of learning phase on emotions, F(1,11)
=277, p=.124, ,> = .20. Moreover, there was no statistically significant interaction effect between schema
and learning phase on emotions, F(1,11) = .54, p = .479, 5% < .05 (refer to Figure 9).
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Figure 9. Schema and learning phase on emotional valence
Discussion

Memory retrieval accuracy of schema incongruent group was significantly higher than schema congruent
group during delayed recall. This finding was somewhat surprising. We expected that the schema congruent
participants would score more than the schema incongruent participants. Moreover, it is astounding to find
out that the memaory accuracy (i.e., test scores) had improved more during delayed recall compared to the
immediate recall, though we expected the opposite. The reason for the former behaviour was noticed on
the detailed time-logs of the web app. The schema incongruent participants have paused and replayed the
learning video several times compared to the schema congruent participants before answering the MCQs.
This may be due to a more elaborative form of processing done by the brain when it receives inconsistent
information, which may lead to superior memory and this observation is consistent with the findings in
Prull (2015). Regarding the latter behaviour (i.e., better memory accuracy during delayed recall), a possible
explanation could be that the breakout session that comprises the psychological distractor tasks might not
be long enough, which lead to rehearsing the currently studied material inside participants working memory
(i.e., short-term memory). Furthermore, the web app time-logs prove this opinion as the data shows each
participant had taken 4 minutes and 4 seconds on average in the breakout session, when the materials for
the breakout activity were initially prepared for a duration of 10 to 15 minutes to ensure that nothing is
stored in their memory before answering the delayed recall (i.e., long-term memory) questionnaire.

120



Australasian Journal of Educational Technology, 2022, 38(5). AJET A% ASC

Response time duration of the schema incongruent group was significantly higher than the schema
congruent group in both immediate and delayed recall points, as we expected. Inline to the explanation
mentioned above, when incongruent participants’ brain needs to process inconsistent information more
elaboratively, it leads to longer response times than congruent participants’ brain (Prull, 2015).
Additionally, these response time results in terms of recall point (immediate and delayed) perspective were
consistent and support the findings of Galfano et al. (2012), in which the response times for both congruent
and incongruent groups have shown no significant differences.

Emotional valence findings of this study were interesting. First, both schema groups exhibited more
negative emotions (69%) than positive emotions (31%) during the study phase. When analysing participants
behaviour during study phase we noticed that the participants were paying more attention and focused
during the learning video session. This concentrating and immersed behaviour exhibited facial expressions
similar to serious-minded human nature; hence Al-based emotion analysis algorithm correctly classified
these as negative emotions. Second, we examined the emotions exhibited during the test phase. Both
schema groups exhibited more positive emotions (57%) than negative emotions (43%) in this phase. This
finding was fascinating; we expected vice-versa — the test phase to have more negative emotions among
participants since it consists of answering MCQ tests, compared to watching the video (study phase), which
is a minor commitment. Our experience suggests the reason for this behaviour was the questionnaire tool
(i.e., Quizizz Inc.) used for acquiring participants responses. It is a game-based (i.e., gamified) platform
widely used to review and assess students’ knowledge. The gamification nature of the tool motivates and
increases participant engagement in such a way that they are answering a questionnaire without being aware
of it. Conversely, the learning video session did not maintain a proper participant engagement.

Finally, it is important to consider that the above observations are not statistically significant. We believe
that the smaller sample size (n = 16) used in our experiment was the main reason; hence the statistical
signal-to-noise ratio was too large. Thus, repeating this same study in a broader sample size can decrease
the statistical noise by adding more variance to the data.

Limitations

While this research provides compelling evidence, caution should be used in generalising the findings
beyond the scope of the study. The results should be viewed considering the following limitations of this
study. The first is the non-existence of a control group (i.e., traditional face-to-face learning group); this
limits the external validity of results. Moreover, the study did not vary the learning materials according to
the schema congruent and incongruent groups (i.e., designing learning materials with different difficulty
levels) and explored the behaviour of each focused group. Furthermore, it would be better if the criteria for
the schema congruent and incongruent groups were based on pre-test followed by a short interview with
the participant. This gives a holistic view of the pre-existing knowledge base.

Additionally, increasing the delayed recall length from minutes to days would reflect a more real-world
setting. However, researchers should be cautious that participants do not perform further reading or gain
knowledge from any external environment relating to learning material topic (i.e., topic cryptocurrency
according to this study). This will invalidate the delayed recall results to be compared with immediate
recall. Another limitation is connected to the fact that the emotions were classified only using the ResNet-
34 neural network, thus the classification results might be more solid if computed and validated using an
additional machine-learning algorithm. Last but not least, the concept of flipped learning includes pre-class,
in-class and post-class activities; however, this study focused only on two subsets of activities (watching
learning videos and answering questionnaires) within the scope of the flipped learning framework. Future
research is required to address the above limitations.

Conclusion

This research explored the behaviour of two focused groups (schema congruent and schema incongruent)
of participants when experiencing video-based materials as a medium of learning within the frame of a
flipped learning environment. The criteria for evaluating the effectiveness of video-based learning included
(a) memory retrieval accuracy, (b) response time duration and (c) emotional valence. The findings indicate
that retrieval accuracy for the schema incongruent group was better than schema congruent. Response time
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for schema congruent group was quicker than schema incongruent. Both groups exhibited more negative
emotions during the study phase but more positive emations during the test phase.

In summary, the findings presented in this research provide beneficial information for informed decision-
making when designing educational courses that rely on video-based materials as the learning medium. For
course designers, understanding the emotions and perceptions of students are helpful when planning future
course modules. All course materials, both instructional videos and knowledge acquisition tools used in a
video-based approach, should be carefully designed to motivate the students to learn the subject matters
and contribute to a fun and positive learning experience. One might argue that this adds more time and
resources to academics and higher education institutes for course preparation compared to the traditional
face-to-face approach. However, considering the recent COVID-19 pandemic and the rate of digital
learning adoption, this approach is more instructionally efficient and scalable than the traditional classroom
approach. Finally, in a broader sense, the emotional insights derived from this study can be tailored to a
particular industry, such as smart factories and smart healthcare, which pose many applicable scenarios for
developing governance strategies, managing communication and policymaking.
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Appendix A: Pre-test questionnaire

Q1 — What best describes your gender?
e Male
e Female
e Prefer not to say

Q2 — Which age group describes you?
19 or under

20-24

25-29

30-34

35 or above

Q3 — What is the highest education level you have completed?
No schooling completed

High school or college graduate

Bachelor’s degree holder

Master’s degree holder

Doctorate degree holder

Q4 — Are you left or right handed?
e Lefthanded
e Right handed

Q5 — Are you currently wearing glasses?
e Yes
e No

Q6 — Any history of learning disability?
e Yes
e No
e Prefer not to say

Q7 — Any history of psychotic disorders?
e Yes
e No
e Prefer not to say

Q8 — Any alcohol consumption in the last 24 hours?
e Yes
e No
e Prefer not to say

Q9 — How would you describe your cryptocurrency knowledge?
Nil - No Crypto Knowledge

Novice - Crypto Theoretical Knowledge Only
Competent - Crypto Theoretical + Practical Usage
Expert - Crypto Trader or Investor

Q10 — Have you ever bought or invested in cryptocurrencies?
e Yes
e No
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Q11 — What is the ticker symbol for Bitcoin?
BIT

BTC

BC

BI

I don’t know

Q12 — Which is a non-fiat currency?
Dollar

Bitcoin

Pound

Euro

I don’t know

Q13 — What is the notation symbol for Bitcoin?
e 3
o €
e B
o £
e Idon’t know

Q14 — Where is the Bitcoin central server located?
Undisclosed Location

United States

European Union

None — It’s Decentralized
I don’t know

Q15 — The process of encrypting and decrypting information is known as?
Cryptocurrency

PIN

Cryptography

Password

I don’t know

Q16 — The Blockchain is same as Bitcoin?
e True
e False
e Jdon’t know

Q17 — Blockchain transactions are recorded automatically?
e Yes
e No
e [don’t know

Q18 — Ethereum Virtual Machine is powered by Bitcoin?
e Yes
e No
e [don’t know
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Q19 — What does P2P stand for?

Q20 - Which of the following is used to access cryptocurrency?

Password to Password
Product to Product

Peer to Peer

Private Key to Public Key
I don’t know

Wallet
Pocket
Bridge

Gate

I don’t know
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Appendix B: Post-test questionnaire

Q1 — What is a fiat currency?

Currency backed by gold standard
Currency backed by physical commodity
Currency declared by a government
Currency backed by cryptocurrency

Q2 — What is a cryptocurrency transaction?

Encrypting a digital asset using public key
Transfer of private key to access a digital asset
Decrypting digital asset using private key
Transferring the value of a digital asset

Q3 — Does cryptocurrency requires a bank or trusted third-party for a transaction?
Yes, need both

No, it is decentralized

Not a third party, but need a central bank

Not a bank, but need a trusted third-party

Q4 — What is a node?

A joint in a Blockchain

A block in a Blockchain

A computer in a distributed network
A point in a network connection

Q5 — When a cryptocurrency transaction is confirmed, can it be altered or chargeback?
Can chargeback only if receiver approve

Itis irreversible cannot be altered

Can be chargeback by the sender

Can only be altered by central bank

Q6 — Who created Bitcoin?
Anonymous

Elon Musk
Satoshi Nakamoto
Nickoi Szakabo

Q7 — How Bitcoin obtain its value?
National banks demand
Rarity to find

Trading demand

Limited supply

Q8 — A decentralized distributed digital ledger that keeps and tracks all transactions is known as?
Blocklink

National database

Blockchain

Ledgerchain

Q9 — How many Bitcoins there ever will be?
1 million

21 million

140 million

Unlimited
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Q10 — According to current projections, when is last Bitcoin be issued?
2024
2040
2140
2224

Q11 — How are blocks in a Blockchain linked?
Using cryptographic hash

Using public and private keys

Using nodes

Using Blocklink

Q12 — How does Blockchain achieve its high availability?
e Blockchain integrated a complex algorithm
e Nodes always online 24/7 x 365 days
e Decentralized distributed network
e Satellite coverage around the globe

Q13 — What does Blockchain digital ledger contain?

The mining algorithm

List of transactions

List of blocks in Blockchain

List of cryptocurrencies

Q14 — Which mining algorithm does the Bitcoin use?
e BTC-256
e HASH-256
e SHA-256
e CASH-256
Q15 — Output string of numbers and letters with same length, generated by an algorithm is called?
PIN
Key
Cache
Hash

Q16 — Computers that verify transactions and updates the Blockchain by adding new blocks are called?
Miners

Excavators

Hashing

Workers

Q17 — What is a block reward?

All transaction fees in a block

Bitcoins generated by adding new blocks

All transaction fees in a block (+) Bitcoins generated by adding new blocks
Bitcoins generated by adding new blocks (-) all transaction fees in a block

Q18 — Why all miners in a Blockchain needs to verify a transaction?
To increase network speed

To generate new Bitcoins

To distribute transaction fees

To achieve consensus
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Q19 — The process of solving a complex mathematical equation to find the ‘Nonce number’ is?
Encrypting difficulty

Decrypting difficulty

Mining difficulty

Hashing difficulty

Q20 - Each block contains the hash of?
Next block

Previous block

Each block

All blocks

132



	Introduction
	Rationale of the study
	Background study
	Schema theory
	Emotions
	Flipped learning


	Experiment
	Participants
	Materials and measures
	Stimuli – learning video
	Measures – questionnaires

	Design
	Procedure
	Study phase
	Test phase


	Methodology
	Face detection module
	Facial expression detection module
	Emotion classification module

	Results
	Statistical analysis of schema data
	Retrieval accuracy
	Response time

	Statistical analysis of emotion data
	Emotional valence


	Discussion
	Limitations
	Conclusion
	Acknowledgements
	References
	Appendix A: Pre-test questionnaire
	Appendix B: Post-test questionnaire

