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INTRODUCTION

In recent years, with the developments in the field of information technologies, the use of e-learning
tools in education has become widespread. Accordingly, different media such as audio, written text, pictures,
visuals, video, and animation have been used together in different ways in order to obtain more effective
and efficient outputs in learning. There are some important theories in the literature on how multimedia can
be used more effectively together. The assumptions of these theories have been confirmed by empirical
studies. For example, the cognitive theory of multimedia learning developed by Mayer (2009) and the
cognitive load theory developed by Sweller (1988) suggest some principles on how multimedia tools such as
vocabulary and visuals can be used together more effectively. Words can include written texts or audio
narration. Visuals can be “static visuals” such as charts, diagrams, and photographs or dynamic visuals such
as videos and animations (Mayer, 2017).

More recently, according to the Cognitive-Affective Theory of Learning with Media (Moreno, 2006)
and Mayer’s (2020) Cognitive-Affective Model of E-learning, learning is influenced not only by cognitive
processes but also by affective factors. Accordingly, the affective design approach has gained attention in
multimedia learning in recent years (Mayer & Estrella, 2014; Plass et al., 2014). This approach aims to
stimulate students’ emotions through design elements without creating unnecessary cognitive load (Heidig
et al., 2015). In this way, students’ emotional responses indirectly influence learning by affecting attention,
motivation, and cognitive processing (Moreno & Mayer, 2007).

According to the Cognitive-Affective Theory of Learning with Media (Moreno, 2006) and Mayer's
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Cognitive-Affective Model of E-learning (Mayer, 2020), both affective and cognitive elements play a role in
multimedia learning materials. One approach that has gained attention in multimedia learning is the affective
design approach (Mayer & Estrella, 2014; Park et al., 2015b; Um et al., 2012; Wang et al., 2023). This approach
aims to incorporate various design strategies in instructional materials without imposing unnecessary
cognitive load on learners, thereby eliciting positive emotions (Heidig et al., 2015; Mayer & Estrella, 2014;
Navratil et al., 2018). In other words, materials designed with an affective approach generate effective
responses in learners, activating cognitive processes and facilitating learning (Mayer, 2020). Thus, learners'
emotions mediate learning by influencing cognitive processing through affective mechanisms (Moreno,
2006; Moreno & Mayer, 2007).

The question of how emotions have an effect on cognitive processes has been an important issue
discussed in the literature. According to the suppression hypothesis, emotions have negative effects on
cognitive processes (Oaksford et al., 1996; Seibert & Ellis, 1991a, 1991b). On the other hand, according to
the facilitation hypothesis, positive emotions expand attention and cognitive capacity (Fredrickson &
Branigan, 2005) and facilitate creative problem-solving (Isen et al., 1987) and memory and cognitive
processing (Fredrickson, 1998).

When the first studies on examining the effect of emotions in the context of multimedia learning
materials are examined, it is seen that instructional materials using design principles that are interesting but
not directly related to the learning outcome (seductive details) have a negative effect on learning (Harp &
Mavyer, 1997, 1998). In later years, engaging design elements have been used in a way that is directly related
to the learning outcome without creating an external cognitive load on the learners. In this new approach,
which is called the emotional design approach in multimedia, various design approaches such as attention-
grabbing, warm, saturated, and bright colors; humanoid round shapes; or attributing vitality to inanimate
objects have been used in multimedia teaching materials (Heidig et al., 2015; Mayer & Estrella, 2014; Plass
et al., 2014; Um et al., 2012). In addition, some studies used decorative visuals (Schneider et al., 2016), while
others used written texts with affective elements (Stark et al., 2018).

The use of an affective design approach in multimedia learning materials has been defined as "the use
of a range of design approaches to stimulate students' emotions to create learning" (Plass & Kaplan, 2016, p.
138). Emotional design has taken the facilitation hypothesis approach and is based on the idea that emotions
positively affect cognition, attention, creative problem-solving, and cognitive processing (Fredrickson, 1998;
Fredrickson & Branigan, 2005; Isen et al., 1987). In this sense, various design approaches have been used in
multimedia learning materials in order to affect positive emotional arousal and increase participation in
cognitive processes in line with the current theories previously established in the literature. One of the
important points to be mentioned here is the following: The emotional design approach is a relatively new
approach. The seductive details (Harp & Mayer, 1997, 1998), which are attractive but not directly related to
the topic and which increase external cognitive load (Harp & Mayer, 1997, 1998), previously used to mobilize
positive emotions, are not used in this approach. In the affective design approach, only the intrinsic
properties of the materials are manipulated without creating external cognitive load. In addition, the
affective design approach includes design elements that are both engaging and relevant (Heidig et al., 2015).
The views that engaging design elements lead to external cognitive load and therefore should not be used
are more related to the view of cognition as a cold cognition approach (Park, et al., 2015a).

Emotional design is concerned with the impact of design element modifications on emotions.
Numerous studies have explored how incorporating emotional design elements into multimedia materials
influences learning outcomes. Mayer & Estrella (2014) discovered that participants in the emotional design
group achieved superior learning outcomes. Plass et al. (2014) investigated design strategies that could elicit
positive emotions in learners and assessed their impact on learning. Their findings indicated that materials
with emotional design enhanced comprehension, although they did not affect transfer. Research by Uzun &
Yildirrm (2018) demonstrated that colorful emotional design in multimedia learning environments
significantly improved recall performance but did not influence transfer. Wang et al. (2021) observed that an
internal colorful design fostered positive emotions, as well as retention and transfer performances in
learners.

Data collected during the training process offer valuable insights into learners’ performance, and
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leveraging these data to generate predictions is crucial for estimating learning outcomes. Machine learning
techniques enable such predictions to be made with greater precision. Increasingly popular across various
fields, machine learning provides in-depth analytical capabilities that are also highly relevant in educational
research. Among these techniques, ANN and MLR are frequently employed to predict student achievement.
MLR offers a straightforward approach for identifying variables that influence performance, whereas ANN is
inspired by the structure and functioning of biological neural networks. The human brain consists of
approximately 100 billion neurons that communicate through electrical signals via synaptic connections. Each
neuron receives inputs from numerous other neurons, integrates these signals, and, if a certain threshold is
exceeded, transmits an output signal that can affect sensory, motor, or internal processes. ANN models aim
to simulate this computational mechanism; however, the scale and complexity of artificial networks remain
far simpler than those of the human brain.

A systematic literature review on ANNs for educational data mining in higher education has been
conducted, highlighting that the vast amount of student data can be used for informed academic advising
that promotes adaptive learning for the purpose of student learning performance, student progress, and cost
savings. This research has noted that although the ability of ANN to efficiently classify students' learning
behaviors and accurately predict students' performance has been recognized, this concept has received less
attention in the literature than it should. An analysis of 190 studies on this topic revealed that hardware
challenges, training challenges, theoretical challenges, and quality concerns provide windows of opportunity
for further research on ANN in higher education. It was emphasized that the ability to predict learning
achievement with these research results provides important information for new instructional arrangements
(Okewu, et al., 2021). In educational research, there is a paucity of studies focusing on predicting academic
learning performance through the utilization of data gathered during the learning process.

In this study, it is aimed to make learning performance predictions with machine learning based on the
brain waves, fixations, and positive and negative emotional states of learners studying on multimedia
learning material designed with positive emotional design elements. Given this purpose, the following
research question was posed: Can learning performance be predicted using both regression analysis and
artificial neural networks based on learners' brain waves, eye fixations, and positive and negative emotional
states during the positive emotional design multimedia learning process?

RESEARCH METHOD

Research Model

This study employs a regression-based relational survey model, which is a quantitative research design
used to investigate the predictive relationships between multiple variables. The goal is to determine the
extent to which learners’ brain waves (EEG), eye fixations, and emotional states (both positive and negative)
predict their learning performance in a multimedia learning environment designed with positive emotional
elements. In this model, neurophysiological signals, eye-tracking data, and affective measures serve as
independent (predictor) variables, while learning performance serves as the dependent (outcome) variable.
By applying regression and ANN analyses, the study aims to identify which cognitive and emotional factors
significantly predict learning success in emotionally enriched multimedia learning contexts.

Participants and Design

The participants were 59 university students at a state university. The mean age was 20.2 years (SD =
1.18), and there were 27 women and 32 men. An online form was designed to reach the volunteer
participants before the experiment. This form contains comprehensive information regarding the study and
is utilized to collect the contact details of the participants. Participants studied with a multimedia learning
material designed with positive emotional design elements. Meanwhile, brain signals and eye movements
were recorded. The Positive and Negative Affect Schedule was applied to determine positive and negative
emotional states. The data were collected in the experiment conducted within the scope of the scientific
project conducted by the authors (See Figure 1). Multiple Linear Regression (MLR) and Artificial Neural
Networks (ANN), as machine learning methods, were employed in this study using the experimental data.
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Figure 1. Experiment Session
Materials
Positive emotional learning material

The learning materials addressed the topic of the immune system, which was chosen as the learning
topic frequently in the literature on emotional design (ED) (Navratil et al., 2018; Plass et al., 2020; Um et al.,
2012). Before developing the learning material, first, the researchers created the storyboards. Second, two
subject area experts were consulted and implemented the necessary revisions. Third, the storyboards were
animated as multimedia instructional materials based on the design principles of the cognitive theory of
multimedia learning (Mayer, 2014), involving audio narration and verbal information integrated into visuals.
Materials consisted of 10 scenes, and the system of the material was controlled by the students through
forward, backward, stop, and play buttons. The positive emotional design material included attention-
grabbing colors, anthropomorphism (attributing human-like features to non-humans), and attractive and
aesthetic elements (see Figure 2).

] Bagisiklik Sistemi Bagisiklik Sistemi
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Figure 2. Screenshots from Positive Emotional Design

Measures
Retention test

Retention is the learning outcome determined to evaluate students' learning performance at the end
of the learning process. The retention test consisted of 15 multiple-choice questions prepared by researchers.
During the preparation period, we applied the views of two subject area experts. Before the experiment, 149
students, apart from the study group, were asked to watch the material and perform a test to calculate its
validity and reliability. Item analysis revealed that the difficulty index of Question 8 was 0.313, and the
discrimination index was 0.175. Since the discrimination index was below the limit (<.30), it was excluded
from the scale. In the reliability analysis performed after discarding the item, the KR 20 value was found to
be 0.69. The Cronbach’s alpha value was 0.688.
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Positive and negative affect schedule (PANAS)

The study used the PANAS to assess participants’ emotional states. The scale was developed by Watson
et al. (1988) and included two subscales, one of which measures changes in positive emotion and the other
measures changes in negative emotions over time. Each subscale involved ten items rated on a 5-point Likert-
type scale. The scale involved items that aimed to measure respondents’ emotional states. Sample items for
positive emotions are “excited, inspired, and interested.” For negative emotions, “distressed, ashamed, and
upset” could be an example. The Turkish adaptation study of the scale was implemented by Gencoz (2000).
The internal consistencies of the scales were reported as .83 and .86 for positive and negative affect. In the
current study, the Cronbach’s alpha coefficients of the two subscales were calculated as .85 for positive
and .80 for negative affect.

Eye-tracking

In this study, eye movements were recorded to provide information about where, how long, and how
often learners looked at the screen during learning. For this purpose, a SensoMotoric Instruments (SMI) RED
250 eye tracker was utilized. The device had a 22-inch monitor with a resolution of 1290x1080 pixels. The
sampling frequency of the device was 250 Hz, and the sensitivity angle was 0.4°. The eye-tracking device was
mounted on a desktop computer monitor and was not noticed during use. Eye movements were recorded
and analyzed using different software packages. Experiments were developed in the Experiment Center 2.4
program to view the learning materials. Eye movements were recorded using the iView X 2 program. Eye-
tracking data were analyzed using BeGaze software. Analyses such as fixation duration, Area of Interest (AOl),
heat map, and scan path were created using BeGaze. Fixation duration was selected as a key behavioral
metric because it serves as a well-established proxy for cognitive activity and attention allocation, providing
a critical link between students' visual engagement and their learning performance (Mayer, 2010).

Neuroimaging

In this study, g.tec brand g. The Nautilus wireless EEG amplifier (Schiedlberg, Austria) was used to take
EEG recordings. The sampling frequency was set to 250 samples/sec. In the experiment, a cap with 16
electrodes (FP1, FP2, Fz, F3, F4, Cz, C3, C4, T7, T8, Pz, P4, P3, PO7, POS8, Oz) designed according to the 10/20
international system was used. The reference electrodes are attached to the left and right antitragus (behind
the ear). Brain waves were measured using an EEG cap with electrodes placed on the scalp. In Figure 1,
photographs taken during the experiment using an EEG cap were presented.

Data Analysis

EEG analysis: The multichannel EEG signals collected from participants were first preprocessed using
independent component analysis (ICA) to eliminate common artifacts, such as eye blinks and eye
movements. Subsequently, the signals were analyzed through frequency band power analysis using MATLAB.
This approach identifies changes in cognitive activity across different learning environments by examining
variations in signal power within specific EEG frequency bands. Bandpass filters were applied to extract the
power of delta (0.5—4 Hz), theta (4—8 Hz), alpha (8-13 Hz), beta (13-30 Hz), and gamma (30-100 Hz)
frequencies. A key advantage of this method is its ability to simultaneously process data from 16 channels,
enabling a comprehensive assessment of overall cognitive load. The aim of these analyses was to obtain
objective and quantitative indicators of cognitive activity. In addition, raw EEG signals recorded at 250 Hz
were further preprocessed using a 0.5-45 Hz band-pass filter and a 50 Hz notch filter to remove noise. For
feature extraction, Power Spectral Density (PSD) was computed using the Welch method. Both absolute and
relative power values for the delta, theta, alpha, beta, and gamma bands (30-45 Hz) were calculated.
Furthermore, task-related cognitive indices derived from these measures were incorporated as input
features into the ANN model to represent learners’ neurophysiological states.

Eye-tracking analysis: The recordings of eye and mouse movements recorded with the Experiment 2.4
program were analyzed with the BeGaze 2.4 software. In the analyses, fixations were calculated. In this study,
fixation duration is defined as the total (cumulative) duration of all fixations recorded across the entire
learning session for each participant. This specific metric was selected because it represents the total time
dedicated to cognitive processing and information extraction from the instructional material, providing a
comprehensive measure of the learner's engagement with the positive emotional design elements.
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Machine learning analysis: This section provides an overview of the machine learning techniques
utilized in this study, Artificial Neural Networks and Multiple Linear Regression analysis.

Multiple linear regression: In MLR analysis, the aim is to make functional sense of the relationship
between variables and explain this relationship with a model. It is based on the rule of keeping one of the
variables or categories of variables at predetermined levels and examining how the other variable changes
according to this level. Regression is also interpreted as finding unknown values with the help of known
values in modern statistics (Chatterjee & Hadi, 2015).

In the study, the relationships between variables were determined by MLR analysis. MLR analysis is an
analysis in which two or more independent variables (predictors) related to the dependent variable
(predictor) together predict the dependent variable (Buyukozturk, 2016). In this study, MLR analysis was
chosen to interpret the total variance explained by eye movements, brain waves, and mood states together
on the predicted variable retention (learning performance). Correlation calculations between related
variables were also made. The SPSS 23.0 statistical package program was used in the aforementioned
analyses.

Artificial neural networks: ANN is a modeling tool that simulates the human brain and can be used in
many different areas. ANN realizes automatically abilities such as deriving information and creating and
discovering new information, which are some of the most important features of the human brain. This tool
consists of connected artificial neurons and connections between them. Unlike traditional mathematical
approaches, ANNs offer enhanced accuracy due to their capacity for learning from data and modeling
complex, nonlinear relationships, even when faced with incomplete datasets (Haykin, 1994).

ANN has been used in various fields such as image processing, finance, forecasting, estimation, natural
language processing, communication, emotion analysis, etc.

There are many types of ANNs in the literature, such as multilayer perceptron (MLP), Hopfield,
bidirectional, neutral-type, convolutional neural networks (CNN), recurrent neural networks (RNN), and long
short-term memory (LSTM). In this study, an MLP neural network was used because of its popularity and high
success rate in estimation studies. An MLP network (Figure 3) consists of input, hidden, and output layers,
and each layer contains interconnected neurons. The input layer receives information from the real world,
the hidden layer processes information, and the output layer sends computed information to the outer
world.

Hidden Layer

Input Layer 7

——— 7/7'_:7 _O A ™~
o~ ST . Output Layer

Figure 3. A General MLP Neural Network Structure
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FINDINGS
Normality Analysis

In order to prove that the variables of the study were normally distributed, firstly, the variance
coefficients of the variables were examined, and it was determined that the variance coefficient of all
variables was below 0.30. The coefficient of variance is determined by dividing the standard deviation of the
variables by the mean, and it is accepted that values below 0.30 provide information that the distribution is
normal (Richard, 2015). In addition, since the number of samples in the study was greater than 50, the
Kolmorov-Smirnov test (K-S) was conducted to examine the normality of the scores of the variables
(Buyukozturk, 2016). In the normality analysis, skewness and kurtosis values of the variables were also
examined. The values are between the limits (-2.00 and +2.00) accepted in the literature (George & Mallery,
2010; Tabachnick & Fidell, 2013). In addition to normality tests, tolerance value, and variance inflation factor
(VIF) were determined for each independent variable in order to reveal that there is no multicollinearity
problem (high level of correlation between independent variables) among the predictor variables in MLR.
The VIF value of the variables is below 3 (O’brien, 2007). K-S test results and multicollinearity values of
independent variables are given in Table 1.

Table 1. Normality Test and Multicollinearity

Variabl K-S Descriptive Statistic Multicollinearity
anabies Statistic  sd p Skewness Kurtosis Tolerance VIF
Fixation .128 58 .060 -.502 -.132 .936 1.06
posttive 106 58 .080 -343 041 723 138
Emotion

Negative 148 58 .080 862 -218 702 1.42
Emotion

Delta .152 58 .200 2.73 444 .248 2.31
Beta .066 58 .200 -.267 .984 408 2.45
Alpha 116 58 .060 -1.06 1.39 321 2.11
Gamma .066 58 .200 -.578 2.39 .267 2.73
Theta .066 58 .200 -.665 .878 .175 2.85

Multiple Regression Analysis

According to the MLR analysis, the standard residual values (min=-2.54; max=2.149) are between +3.29
and -3.29, Cook's Distance value (max=0.063) is less than 1, and the Durbin-Watson test shows that the value
is between 1 and 4 (1.724). These analyses showed that MLR analysis can be performed on the variables.

The mean and standard deviation values of the variables included in the study and Pearson correlation
coefficients showing the relationships between the variables were calculated. Descriptive statistics and
correlation values of the variables are given in Table 2. It is important that the correlation between variables
is less than .80 in terms of multicollinearity. In this analysis, the correlation between independent variables
was found to be below .80.

Table 2. Correlation Results for the Variables

Variables M sd 1 2 3 4 5 6 7 8 9
Learning 9.341 2.411 1.00 -.152 0.213 -.084 117 -161 -125 -002 -.045
performance

Fixation 2201.8 94.92 1.00 .147 -152  -.051 .081 .046 111 .005
Positive 31.50 6.83 1.00 -493 -084 -081 -.007 .088  -.095
Emotion

Negative 16.44 5.88 1.00 -.028 119 124 .020 127
Emotion

Delta 0.072 0.035 1.00 -.219 278  -.573 445
Beta 0.077 0.011 1.00 .589 .158 .263
Alpha 0.094 0.017 1.00 -.469 .564
Gamma 0.071 0.008 1.00 -.095
Theta 0.119 0.029 1.00
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According to the results of MLR analysis, the independent variables predicted learning performance
by 14% (F=2.239, R>=0.142, p<0.05; Table 3). When the significance of MLR coefficients was analyzed, it was
seen that fixation and positive emotion were significant predictors of learning performance. At the prediction
level, the most significant contribution came from fixation (Beta=0.258), and negative emotion and brain
waves did not contribute significantly to the model (p>0.05).

Table 3. Results of MLR

Variables B SE Beta t p R R?
Constant 12.26 6.389 1.920 .050

Fixation -0.05 0.002 0.258 -2.027 .045 0.377 0.142
Positive Emotion 0.099 0.037 0.037 0.009 .009

Negative Emotion 0.017 0.044 0.042 0.691 .691

Delta 17.46 12.097 0.258 1.444 .152

Beta -29.31 31.834 -0.138 -0.921 .359

Alpha -9.31 42.741 -0.218 -0.218 .828

Gamma 12.29 20.617 0.246 1.428 .156

Theta 6.98 26.439 0.086 0.264 .792

Positive emotion (B=0.099, t=0.009, p<.05) and fixation (B=-0.005, t=-2.027, p<.05) significantly affect
students' learning in a positive emotional design multimedia learning environment. A 1-unit increase in each
of the fixation and positive emotion variables causes a change of 0.099 and -0.005 units in students' retention
scores, respectively. B is the standard regression coefficient and indicates the degree of importance of the
variable in the model. While a positive mood affects learning performance positively, fixation affects it
negatively. The regression equation for learning performance is as follows:

Learning performance = 12.26 + (0.099* Positive Emotion) + (-0.005* Fixation) (1)
Artificial neural network analysis

In this study, the MATLAB Neural Networks tool was used to create the ANN model. This model consists
of 3 layers, which are input, hidden, and output layers. The inputs are Delta, Beta, Alpha, Gamma, Theta,
Fixation, Positive Emotion, and Negative Emotion. The hidden layer has ten neurons, and the TANSIG
activation function is used in the output layer. Respectively, 70%, 15%, and 15% of input data were used for
training, validation, and testing, and the model was trained for learning performance. The comparison of the
experimental learning performance results and ANN-modeled learning performance results is in Figure 4.
The average R?value is 0.8706 and the Root Mean Square Error (RMSE) is 0.8878 for ANN analysis. The results
presented in Figure 4, R?, and RMSE values indicate that the ANN model was able to predict the learning
performance with a high degree of accuracy (Lewis, 1982).

1234567 8 9101112131415161718192021222324252627282930313233343536373839404142434445464748495051525354555657

== Experimental Retention w=g==ANN modelled Retention

Figure 4. The Comparison of The Experimental Learning Performance Results and ANN-Modelled
Learning Performance Results
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DISCUSSION AND CONCLUSION

In this study, the predictive power of students' fixation, brain waves, and emotional states in their
learning performance during the positive emotional design multimedia learning process was examined. For
this purpose, MLR and ANN analysis from machine learning methods were performed on the data collected
during the experiment. The first research question was analyzed using an MLR analysis, with the independent
variables comprising brain waves (delta, beta, alpha, gamma, theta), eye movements (fixation), and
emotional state (positive and negative emotions). These variables accounted for 14% of the overall variance
in students' learning performance, as ascertained through their regression analysis. When the variables were
analyzed individually, it was observed that fixation and positive emotion significantly predicted learning
performance. Positive emotion explains close to 10% of the variance in learning performance. Fixation
explains 5% of the variance in learning performance negatively. The variation in learning outcomes can be
accounted for by the corresponding increase or decrease in learners' fixation and positive emotional states,
which subsequently influence the learning progress. ANNs are capable of achieving high performance in
complex problems involving a large number of variables—such as the present case—due to their ability to
learn nonlinear relationships. The ability of ANN to outperform traditional MLR demonstrates that non-linear
Al-based models are more effective at capturing the complex interactions between cognitive and affective
variables (Haykin, 1994).

The positive emotional design approach aims to use various design approaches in multimedia learning
materials without creating unnecessary cognitive load on learners, thus evoking a positive emotional state
(Heidig et al., 2015; Mayer & Estrella, 2014; Navratil et al., 2018). Instructional materials using an emotional
design approach create an affective response in learners; thus, cognitive processes are activated and learning
is realized (Mayer, 2020). In other words, learners' emotions mediate learning using the effect of affective
processing on cognitive processing (Moreno, 2006; Moreno & Mayer, 2007). The question of how emotions
have an effect on cognitive processes has been an important issue discussed in the literature. According to
the suppression hypothesis, emotions have negative effects on cognitive processes (Oaksford et al., 1996;
Seibert & Ellis, 1991a, 1991b). On the other hand, according to the facilitation hypothesis, positive emotions
expand attention and cognitive capacity (Fredrickson & Branigan, 2005) and facilitate creative problem
solving (Isen et al., 1987) and memory and cognitive processing (Fredrickson, 1998). Research has
consistently demonstrated that emotions have a significant impact on the process of learning. In particular,
studies have revealed that positive emotions can enhance motivation and improve learning outcomes
(Navratil et al., 2018; Wang & Chen, 2022).

Research indicates that fixation serves as a marker of learners exerting significant cognitive effort.
Fixation is characterized by focusing on objects or areas for at least 100-200 milliseconds. Essentially, when
a learner fixates on a particular area, it suggests they are engaging in cognitive processing related to the
information in that area (Park et al., 2015b). There are primarily two methods for examining eye movements:
analyzing data from predefined areas of interest and evaluating gaze movements. In the analysis of areas of
interest, researchers focus on the duration of fixation specific to these areas (Poole et al., 2007). Eye-tracking
technology enables the acquisition of insights into perceptual processing during learning and offers
information about cognitive processes in conjunction with indicators of learning success (Mayer, 2010; Ozel
etal., 2023). Alemdag & Cagiltay (2018) conducted a study that reviewed 54 papers on eye-tracking research
in the context of multimedia learning. Their findings highlighted the connections between eye movement
metrics and factors such as multimedia content, learning principles, individual differences, emotions, and
metacoghition in relation to learning and cognitive processes. Similarly, Lai et al. (2013) carried out a content
analysis of 81 studies employing the eye-tracking method. This technique is used to evaluate individual
differences and learning. Many studies attributed high screen fixation to cognitive load and intense cognitive
activity. In our study, fixation is identified as a variable that negatively affects learning. It can be deduced that
students achieve better learning outcomes when their fixation levels are minimized. This emphasizes the
importance of creating learning environments that enable learners to concentrate their attention more
effectively, thereby enhancing learning.

ANN, a type of machine learning technique, was employed to address the second research question.
The findings indicated that learners’ academic performance could be predicted by analyzing indicators such
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as brain activity, eye fixation patterns, and emotional states. Earlier systematic reviews and meta-analyses
on emotional design have also identified notable gaps in the literature. One meta-analysis, which reviewed
33 studies focusing on the integration of anthropomorphic features and/or appealing color schemes in
multimedia learning environments, reported positive effects on intrinsic motivation, positive affect, and
enjoyment. Additionally, significant improvements were observed in cognitive outcomes, including
retention, comprehension, and transfer. The results further suggested that age plays a moderating role, with
stronger effects on intrinsic motivation observed among younger learners compared to older ones (Brom et
al., 2018; Rodrigues & Silva, 2022). Although studies utilizing objective measures such as eye-tracking and
neuroimaging remain relatively scarce in multimedia learning research, the application of machine learning
techniques to interpret these data provides valuable insights into learning outcomes.
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