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Abstract
Educational multimedia has proven to be an effective and efficient way of learn-
ing. Designers strive to produce multimedia that convey concepts most efficiently. 
That is to design multimedia that imposes the least possible cognitive load on the 
learner. Mayer’s multimedia design principles are well-known, and multiple pieces 
of research have proven them to be effective. Reviewing the literature makes it obvi-
ous that there is a lack of a neurologically supported measure to express the effec-
tiveness of these principles in the enhancement of the learning process. Mayer has 
reported the importance of these principles through effect sizes of scores obtained 
from transfer tests taken from the subjects. In this research, we utilized five of the 
twelve design principles introduced by Mayer to create With-Principles multime-
dia. These five principles were signaling, coherence, spatial contiguity, temporal 
contiguity and redundancy. We selected one chapter from Oxford’s open forum 3 
and designed two versions of multimedia (With-Principles and Without-Principles) 
for the chapter. In one version, we designed the multimedia according to the design 
principles, and in the other version, no specific design principles were applied. 
A total number of 28 non-native English speaker students were divided into two 
groups. One group watched the With-Principles version of the multimedia, and the 
other group watched the Without-Principles version. NASA-TLX and a final com-
prehension test accompanied the procedure. Meanwhile, the subjects’ brain signals 
were being recorded. The results from both the post-task tests and the EEG analysis 
show that the With-Principles multimedia has imposed a significantly lower cogni-
tive load on the learners. Furthermore, we propose the effectiveness of each princi-
ple by measuring the amount to which each principle has contributed to reducing the 
cognitive load of the subjects during the multimedia. Subjects’ brain signals analysis 
reveals that the signaling and the spatial contiguity principles have the most effect 
on learning enhancement.
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1 Introduction

The term multimedia may be defined in a variety of ways. As a general definition, 
multimedia can be stated as a material containing verbal and pictorial content. Words 
can be written or spoken, and pictures can be static or dynamic (Mayer, 2017). Exam-
ples include videos, animations, and slideshow presentations. Instructional multime-
dia incorporates words and pictures to enhance learning as opposed to learning from 
words alone. (Mayer, 2009). Multimedia learning thus involves acquiring new knowl-
edge through the information presented in verbal and pictorial forms (Anmarkrud 
et al., 2019). Moreover, multimedia learning is concerned with how a learner trans-
forms the presented material and stimuli into new knowledge and information in his 
mind (Gerbaudo et al., 2021). With the advances in learning technologies and the fact 
that they are becoming more easily accessible to most learners worldwide, instruc-
tional multimedia designers strive to improve the quality of their designs to enhance 
learning. The prerequisite of designing multimedia that facilitates knowledge transfer 
is to understand the architecture of human cognition. As a result, many researchers in 
different areas of the interdisciplinary field of cognitive science have tried to extend 
and improve the knowledge about human cognition. Nevertheless, cognitive load the-
ory plays a central role in multimedia learning as a measure of learning enhancement.

Cognitive load theory (Sweller, 2011) is a critical concept utilized in many stud-
ies to measure the effectiveness of instructional multimedia. As an instructional 
design theory based on our knowledge of human cognition, cognitive load the-
ory provides guidance and suggestions regarding the design and effectiveness of 
educational technology (Sweller et al., 2019). According to cognitive load theory, 
instruction aims to transfer the information first from the external environment into 
the working memory, a limited-capacity, and limited-duration memory, and then 
from the working memory to the long-term memory, where information can be 
stored (Sweller et al., 2019). Since the working memory has a limited nature both 
in capacity and duration, the primary concern of the theory is to reduce the com-
plexity of information so that it reduces the imposed load on the working memory 
during the process in which new knowledge is being acquired. Cognitive load the-
ory categorizes the imposed load on the working memory into three kinds: intrin-
sic cognitive load, extraneous cognitive load, and germane cognitive load (Paas & 
Sweller, 2014, pp. 27-43; Sweller et al., 2019). Intrinsic cognitive load is the load 
imposed on the working memory due to the inherent properties of the instructional 
content or, in other words, the complexity of the information, which is defined in 
terms of element interactivity (Sweller et  al., 2019). Element interactivity is the 
number of information units that need to get processed to acquire new knowledge. 
The learner’s prior knowledge also affects element interactivity. So it is appropri-
ate to say that intrinsic cognitive load is a function of both the information com-
plexity and the learner’s prior knowledge. Extraneous cognitive load concerns the 
load caused by the structure of the instructional material and how the information 
is presented. Germane cognitive load is due to the learning itself. For example, 
when relating the knowledge in the long-term memory with the new information 
to form and acquire new knowledge (Anmarkrud et al., 2019).
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Numerous theories surround the concept of learning, among which Mayer’s cog-
nitive theory of multimedia learning is of outstanding importance (Gerbaudo et al., 
2021). Mayer’s study is based on the dual-channel processing theory proposed by 
Paivio (Paivio, 1990). This theory states that human beings process information 
simultaneously through two verbal and pictorial channels. Cognitive theories of 
learning, such as Mayer’s, state that instructional material in which the learner is 
required to utilize both channels are more effective than those utilizing only the ver-
bal channel (Gerbaudo et al., 2021). The logic is that integrating the learner’s prior 
knowledge and the mental representations produced by pictures and texts will form a 
coherent global knowledge model in the brain (Sanchiz et al., 2019). Learning from 
instructional material produces three types of working memory processes (Paas & 
Sweller, 2014) : extraneous, essential, and generative. Extraneous processes are due 
to poor material design, resulting in the attenuation of learning and are unrelated to 
acquiring new knowledge. Essential processes are caused by the mental represen-
tation of the information and their level of complexity for the learner. Generative 
processes result from integrating the presented information with each other and with 
the prior knowledge in the long-term memory. A well-designed instructional mate-
rial aims to reduce the extraneous processes, manage the essential processes, and 
foster the generative processes. In this study, we try to evaluate the design principles 
that reduce the extraneous processes. According to (Mayer, 2009), these principles 
are defined as follows.

• Signaling: Providing cues regarding the essential information in multimedia will 
enhance learning.

• Coherency: Suggests avoiding interesting but irrelevant content, including words 
or pictures. Because such content will attenuate learning.

• Temporal contiguity: People learn better when corresponding words and graph-
ics are presented simultaneously rather than successively.

• Spatial contiguity: Corresponding words and graphics should be presented close 
to each other to improve learning.

• Redundancy: People learn better from graphics and narration than from graphics, 
narration, and printed text.

Attempting research on cognitive load requires proper means of measuring such 
that the results be accurate and reliable. Reviewing the literature makes it evident 
that researchers have utilized two cognitive load measurement methods: subjective 
and objective. Subjective methods are based on questionnaires and interviews that 
assess cognitive load according to the subject’s perceived task difficulty (Fernandez 
Rojas et  al., 2020; Korbach et  al., 2018). Subjective measures are the most com-
monly used measure to evaluate cognitive load (Naismith et al., 2015; Paas et al., 
2003). However, these measures may yield different results based on whether the 
test is taken after or at specific checkpoints during the task. Some known examples 
of this method of cognitive load measurement are the NASA-TLX (Hart & Stave-
land, 1988) and the Paas (Paas, 1992) scale of mental effort. The measure devel-
oped by Paas is a 9-point Likert scale ranging from very, very low mental effort 
(1) to very, very high mental effort (9). In contrast, the NASA-TLX incorporates a 
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multi-dimensional rating procedure that derives an overall workload score based on 
a weighted average of ratings on six subscales: mental demand, physical demand, 
temporal demand, performance, effort, and frustration. On the other hand, objective 
methods use different types of sensors to collect physiological and behavioral data, 
such as eye movement, heart rate, secondary task performance, and brain activity. 
(Debie et al., 2021). They yield valid and reliable results and apply to various tasks 
and learning contexts. Objective measures provide the ability to collect data con-
tinuously in real-time (Wang et al., 2016). As more recent studies (Makransky et al., 
2019) have done so, it is best to use both methods in conjunction to produce more 
reliable results. Brain-imaging techniques, specifically electroencephalography 
(EEG), are a widely used method of monitoring and analyzing the mental processes 
of a learner while using educational technologies (Tenório et al., 2022). As a non-
intrusive method, EEG is a neuroimaging technique based on the synchronous firing 
of a group of neurons that generates an electric potential on the scalp. The changes 
in such behavioral data can represent changes in human cognitive functions.

Learning is dependent on memory and attention, which are encoded in differ-
ent brain signal frequencies (Narimani & Soleymani, 2013). Theta frequency band 
(4-8 Hz) is related to memory activity in the brain (Herweg et al., 2020). It has 
been observed that the increase in theta band power reflects high working memory 
activity, which results in successful memory encoding (Miller et  al., 2018) and 
retrieval (Solomon et al., 2019). On the other hand, the alpha band (8-12 Hz) is 
linked with internally oriented cognitive processes (Fink & Benedek, 2014; Kli-
mesch, 2012). Moreover, the connections between the theta and alpha frequency 
bands with memory and attention, respectively, are more evident in specific brain 
regions (Pi et al., 2021). Theta frequency band strongly correlates with memory 
in frontal and central regions (Castro-Meneses et  al., 2020; Wang et  al., 2020). 
Whereas, the correlation between alpha band and attention is more evident in the 
parietal and occipital brain regions (Jensen et al., 2002; Whitmarsh et al., 2017).

In the current study, we try to evaluate the effects of multimedia design prin-
ciples on the learners. To this end, we designed two versions of animations. In 
one version, the design principles were applied, and in the other, no design prin-
ciples were incorporated. We analyzed the effects of multimedia design prin-
ciples by comparing the extracted features of the two versions of the multime-
dia in terms of Cohen’s d effect size. The extracted features were the alpha and 
the theta frequency bands in frontal, occipital, and parietal brain regions. Fur-
thermore, we analyzed the multimedia in one-second segments, which causes a 
high-resolution evaluation of the effects throughout the animation.

2  Materials and Methods

2.1  Description of the Experiment

Thirty-four university students with ages in the range of 20 to 30 years participated 
in this study. The participants were randomly divided into two equal groups, Labeled 
as the With-Principles group (Wi-P) and the Without-Principles group (Wo-P). 
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Subjects in each group were supposed to watch a dedicated version of instructional 
multimedia explicitly designed for their group. Furthermore, two versions of anima-
tion were designed based on chapter 11 of Oxford’s open forum 3. These two anima-
tions, which served as instructional multimedia for this research, were based on the 
same content with the same length of 342 seconds but had different designs. One 
version of the animations was designed based on instructional multimedia design 
principles. Five design principles, namely signaling, coherence, temporal contiguity, 
spatial contiguity, and redundancy, were embedded in its various sections. The other 
version was just a regular animation without the considerations of the design prin-
ciples. Before starting the experiment, each participant was presented thoroughly 
about the experiment and the procedure. After the subject was seated comfortably 
in front of a PC monitor to watch the multimedia, the EEG cap was placed on their 
head, and the EEG signals were observed to meet the quality requirements. After 
the setup, signal capturing was started, and the eye-closed data was obtained. The 
subject opened their eyes after hearing a beep sound, and the multimedia started to 
play. Meanwhile, their brain signals were being recorded. After watching the mul-
timedia, the recall questionnaire was displayed one question at a time. All the steps 
were included in an interactive software application, which we had developed for 
the data collection phase of the experiment. The subject had control over the recall 
section and could move forward or backward through the questions within a limited 
time. After watching the multimedia and answering the recall questionnaire, the cap 
was removed, and the subject was then asked to answer the paper-based version of 
the NASA-TLX questionnaire. After the data collection phase of the experiment was 
completed, six of the participants’ data were put away in the preprocessing phase 
due to the noisy brain signals, which could not be preprocessed correctly. The data 
of the remaining participants (28 subjects) were used throughout the subsequent 
processing steps of the experiment.

Figure 1 depicts some example frames of different design principles applied in 
the Wi-P group and how they were violated in the Wo-P group. In the Wi-P version 
of the multimedia, signaling involves highlighting essential information through 
standalone printed words on the screen or pointers to important sections of the dis-
played graphics (Fig. 1-a). Contrary to the Wo-P version, in which no specific high-
lighting was incorporated (Fig. 1-b).

Regarding the coherency principle, as shown in Fig.  1-c, this segment of the 
multimedia in the Wi-P version contains only the relevant content, which is some 
explanation about the SETI1 project. Figure 1-d represents the corresponding seg-
ment in the Wo-P version of the multimedia. Even though the pictures of the aliens 
might seem interesting and attractive, they have no effect in facilitating the transfer 
of the essential information in the multimedia. Figure 1-e shows the spatial conti-
guity principle, and Fig. 1-f shows the violation of this principle. As it is evident, 
Fig. 1-e displays the sizes of the telescope close to the corresponding parts. Whereas 
in the Wo-P version (Fig. 1-f), the sizes are displayed far from the telescope, and 
the learner has to link the numbers presented in the top left of the picture with the 
corresponding characters near the telescope. To examine the effects of the temporal 

1 Search for Extra-Terrestrial Life
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contiguity, in the Wi-P version, the animation proceeds with the narration. In con-
trast, in the Wo-P version, there are segments in which the narration and the graph-
ics have approximately a delay of 2 seconds.

2.2  EEG Data

In order to acquire the EEG signals, a 32-channel eWave (Karimi-Rouzbahani et al., 
2017a, b) device and also a 32-electrode cap were utilized. 16 electrodes were con-
sidered to be analyzed in this experiment (FPZ, FZ, CZ, PZ, OZ, FP1, FP2, F3, F4, 
F7, F8, FC1, FC2, FC5, FC6, C3, C4, T7, T8, CP1, CP2, CP5, CP6, P3, P4, P7, P8, 
O1, O2). The electrode locations of the cap are based on the international 10-20 

a) b)

c) d)

e) f)

Fig. 1  Example frames from applied and violated design principles in the two versions of the multime-
dia. Signaling (panels a and b, for Wi-P and Wo-P respectively). Coherence (panels c and d, for Wi-P 
and Wo-P respectively). Spatial contiguity (panels e and f, for Wi-P and Wo-P respectively)
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system (Homan et al., 1987) for EEG recording as it is depicted in Fig. 2. The sig-
nals were recorded at sampling rate of 1000 Hz.

2.3  EEG Preprocessing

Since the raw EEG signals are noisy and contaminated with artifacts, such as eye 
blinks, eye movements, and muscle movements, the captured data must be ade-
quately cleaned. To this end, we utilized EEGLAB (Delorme & Makeig, 2004) tool-
box. EEGLAB is an interactive MATLAB toolbox for processing continuous and 
event-related EEG, MEG, and other electrophysiological data incorporating ICA2, 
time-frequency analysis, artifact rejection, event-related statistics, and several useful 
modes of visualization of the averaged and single-trial data. The data were first band-
passed with a (1-45 Hz) filter to remove the line noise. Furthermore, the data were 
re-referenced using a proposed algorithm introduced in the PREP pipeline (Bigdely-
Shamlo et  al., 2015), a standardized preprocessing for large-scale EEG analysis. 
Clean_rawdata  is an EEGLAB plugin that can remove both bad data channels and 
bad portions of data. We used this plugin to detect bad channels, which were then 
interpolated based on their neighboring electrodes. Furthermore, in the next step, we 
used the ASR3 algorithm, which is also implemented in clean_rawdata to detect and 
reconstruct bad portions of the data. Finally, using ICA, we detected and removed the 
remaining artifacts, such as eye blinks, eye movements, and muscle movements. The 
MATLAB source codes are provided as Supplementary Information (SI).

Fig. 2  Electrode locations of the 
cap based on the 10-20 place-
ment system

2 Independent Component Analysis
3 Artifact Subspace Reconstruction
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2.4  Feature Extraction

The Periodogram method was applied to extract the PSD4 estimates of the data 
using Short-time FFT5 to obtain the time-frequency features of the data. A window 
size of one second (1000 samples) was used to extract the Fourier features. Before 
computing the Fourier transform of each segment, the data were tapered using a 
Hann window (Cohen, 2014) of the same size as the Fourier transform window. 
The transformation windows were applied to successive segments with a 50 percent 
overlap. As explained earlier, many frequency bands are dominant in brain signals. 
The PSDs for all of the frequency bands within the range of 1 to 45 Hz are extracted. 
One more step must be performed before the extracted features can be used in the 
analysis, and that step is baseline normalization. Percentage change (Cohen, 2014) 
is one of the methods to perform baseline normalization. The results of the percent-
age change method must be interpreted as changes in power relative to power during 
the baseline period. The corresponding equation is presented in equation (1).

The horizontal bar over baseline indicates the mean across the baseline time 
period, and t and f  are time and frequency points. It is evident in equation (1) that 
there is no t subscript in the average baseline activity. Thus, the percentage change 
value at each time-frequency point is computed relative to a baseline power that is 
frequency-band specific but not time-point specific.

2.5  Experimental Design

This study is a statistical data analysis approach to the problem. Furthermore, it has 
been designed to evaluate the effects of multimedia design principles. To this end, 
as mentioned in the Introduction, five design principles for reducing the extrane-
ous processing of the instructional multimedia were embedded in the Wi-P version 
of the multimedia. In contrast, the Wo-P version contained no specific principles. 
To analyze the signals gathered from 29 brain locations, we first divided them into 
five brain regions: frontal, central, parietal, occipital left temporal, and right tem-
poral (Jahng et al., 2017). Furthermore, the powers of the EEG data in delta, theta, 
alpha, beta, and gamma frequency bands were extracted as explained in the Fea-
ture Extraction subsection. Moreover, according to previous studies regarding learn-
ing, alpha and theta are the most relevant frequency bands to be examined. Alpha 
oscillations are indicators of attention (Fink & Benedek, 2014; Klimesch, 2012), 
and theta oscillations represent working memory activity and successful long-term 
memory encoding (Herweg et  al., 2020). On the other hand, alpha and theta fre-
quency bands are more prominent in specific brain regions. The alpha band is more 

(1)prctchangetf = 100

activitytf − baselinef

baselinef

4 Power Spectral Density
5 Fast Fourier Transform
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evident in the parietal and occipital regions (Jensen et al., 2002; Whitmarsh et al., 
2017). At the same time, the theta band is highly evident in the frontal and central 
lobes (Castro-Meneses et al., 2020; Wang et al., 2020). Considering the mentioned 
points, we selected three brain regions to analyze in this experiment. These regions 
are as follows.

• Frontal (FPZ, FZ, FP1, FP2, F3, F4, F7, F8).
• Parietal (PZ, CP1, CP2, P3, P4).
• Occipital (OZ, O1, O2).

Since the audio and conveyed concepts of the two versions of the multimedia are 
identical, a list of 25 segments from the Wi-P multimedia in which specific design 
principles were applied and the corresponding segments in the Wo-P multimedia 
violating those principles was extracted. According to these 25 segments, the corre-
sponding sections of the EEG data were extracted, and the behavior of the brain data 
in alpha and theta frequency bands was examined. To evaluate the effects of each 
principle, segments related to the same principle were averaged over subjects, and 
the corresponding Cohen’s d effect sizes were calculated. Cohen’s d is the difference 
between two means divided by a standard deviation for the data. This is formulated 
in equation (2).

where x
1
 and x

2
 are the means of two groups of data and  s is the pooled standard 

deviation (Cohen, 2013) as in equation (3).

where s2
1
 and  s2

2
 are variances, and n

1
 and n

2
 are the number of samples.

Table 1 contains descriptors for magnitudes of d = 0.01 to 2.0, as initially sug-
gested by Cohen.

3  Results

The following two subsections present the results of the data analysis performed 
on the extracted features. First, it is shown that the Wi-P group has performed bet-
ter in the recall test and reported a lower task load according to the NASA-TLX. 
In continuation, the results of the brain signals analysis are provided, in which the 

(2)d =
x
1
− x

2

s

(3)s =

√

(

n
1
− 1

)

s2
1
+ (n

2
− 1)s2

2

n
1
+ n

2
− 2

Table 1  Magnitude descriptors 
of Cohen’s d

Effect size Very small Small Medium Large

d 0.01 0.20 0.50 0.80
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effectiveness of different multimedia design principles are expressed through the 
reported t-tests and Cohen’s d effect sizes of the alpha and theta bands.

3.1  Recall and NASA‑TLX Results

Table  2 demonstrates the results of the NASA-TLX and the recall tests. P-values 
acquired from applying the t-test over the results of the NASA-TLX and the recall 
tests show a significant difference between the two groups. Subjects in the Wi-P group 
reported a significantly lower task load than those in the Wo-P group. Furthermore, 
the Wi-P group performed significantly better in the recall test than the Wo-P group

3.2  EEG Analysis Results

As mentioned in the experimental Design subsection, twenty-five corresponding 
segments were selected from the two versions of the multimedia. Regarding the 
Wi-P version, these segments were designed according to the design principles, 
and regarding the Wo-P version, these segments were designed without consider-
ing any design principles. After extracting the powers of the theta and the alpha 
bands, segments related to the same design principle were averaged in each group 
and each of the three target brain regions: frontal, parietal, and occipital. Tables 3 
and 4 present the results of the t-test and the Cohen’s d effect sizes for the alpha 
and the theta bands.

Table  3 is related to the PSDs of the alpha band. These PSDs are first aver-
aged within design principles and brain regions for the subjects in both groups. 
Finally, both groups’ statistical significance and effect size are calculated using 
ANOVA and Cohen’s d. Table 3 demonstrates that signaling and coherence prin-
ciples have caused significant effects in the frontal and the occipital regions with 
large effect sizes. In contrast, temporal contiguity and spatial contiguity did not 
significantly affect any of the brain regions, and their effect sizes also range from 
small to medium. None of the design principles have exhibited a significant differ-
ence between the two groups in the parietal lobe. Regarding the significant effects, 
namely signaling and coherence in frontal and parietal lobes, Cohen’s d values are 
positive. This fact reflects that the Wi-P group has shown significantly higher alpha 
power values related to the signaling and the coherence design principles in the 
frontal and the occipital brain lobes.

Table 4 represents the results of theta band analysis. The data in this table are 
calculated using the similar procedure explained above for Table 3. The frontal lobe 
has only been affected significantly by the signaling principle with an effect size 

Table 2  Means, standard 
deviations and P-values for 
NASA-TLX and recall tests

Wi-P (n = 28) Wo-P (n = 28) P-value

Tests Mean SD Mean SD
NASA 37.79 7.23 61.95 11.21 0.000001
Recall 85.71 9.49 57.14 16.62 0.000015
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of 0.67, which is a medium effect. No other design principle has caused a signifi-
cant difference in the frontal lobe. The parietal lobe has not been affected by any of 
these design principles in the theta band. Furthermore, the effect sizes range from 
0.09 (very small) to 0.5 (medium). Regarding the occipital lobe, theta band analysis 
shows that all the design principles have affected this lobe significantly. The occipi-
tal lobe has been affected the least by the signaling principle and the most by the 
coherence principle. The positive Cohen’s d values in the significantly affected lobes 
prove that the design principles have caused higher theta values in the Wi-P group 
compared to the Wo-P group.

Analyzing the segments with the redundancy principle, shows that the presence of 
this principle has had a relatively positive effect on our learners. We can see from both 
Tables 3 and 4 that the Cohen’s d values regarding the redundancy principle are all pos-
itive. Effect sizes of the redundancy principle in the alpha band are medium, and the 
effect sizes in the theta band are small to medium. It is also evident that this principle in 
the theta band of the occipital region has produced a significant effect on the learners in 
Wi-P group. These results are in contrast with the previous observations in the literature.

The redundancy principle has been reported to have negative effects on learn-
ing and this concept is dominant in the literature. The reason that is mostly pro-
vided to explain the negative effect of this principle is that it causes an overload of 
the processing resources of the brain. Meanwhile we designed our multimedia with 
an opposite goal regarding the redundancy principle. While most of the researches 
on the design principles are based on native English speakers, we conducted this 
research on non-native English speakers. We had this assumption that quite the con-
trary to other researches, we should see a positive effect regarding the redundancy 
principle. The justification for this assumption lies in the fact that the non-native 
English speaker might be unable to follow the narration completely and in this situa-
tion the presence textual presentations in some segments of the multimedia will help 
the learner to follow the teaching. Moreover according to the results presented in 
Tables 3 and 4, this assumption has been proven to be correct.

Figures 3 and 4 illustrate the average percentage change of the theta and the alpha 
bands, respectively. In these two figures, the left-hand side represents the percentage 
changes related to the Wi-P group, and the right-hand side shows the percentage changes 
of the Wo-P group. Each bar depicts the mean percentage change value regarding one 

Table 3  Cohen’s d effect sizes and t-test P-values for alpha band

Signaling Coherence Temporal Spatial Redundancy

Cohen's 
d

P-
value

Cohen's 
d

P-
value

Cohen's 
d

P-
value

Cohen's 
d

P-
value

Cohen's 
d

P-
value

Frontal 0.79 0.0084 0.68 0.0215 0.40 0.1616 0.56 0.0542 0.41 0.1519

Parietal 0.54 0.0638 0.45 0.1168 0.33 0.2512 0.43 0.1342 0.34 0.2289

Occipital 0.74 0.0133 0.63 0.0314 0.59 0.0432 0.56 0.0554 0.65 0.0266

Each principle has been studied in three brain regions, namely frontal, parietal and occipital. For each of 
these design principles, pairs of Cohen’s d effect size and t-test P-value results are demonstrated. The red 
number pairs indicate significant difference between the two groups based on t-test
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design principle, and each cluster of bars belongs to a separate brain region. As described 
in the Feature Extraction subsection, percentage change values are calculated relative 
to the baseline. The positive percentage change values thus express an increase in the 
band power. Both figures show that the Wi-P group has higher average values in all brain 
regions, even though from Tables 3 and 4, we know that not all cases are significant.

It is evident in Fig. 3 that the Wi-P group has had the most alpha band power 
increase in the parietal region, followed by the occipital and the frontal regions, 
respectively. It can also be observed from the Wo-P cluster of bars in Fig. 3 that the 
theta band has increased in the parietal region more than in the other regions. This 
observation means that watching animation, regardless of the design principles, has 
affected the parietal region of all subjects. Figure  4 shows that the Wi-P group’s 
design principles have affected the theta band’s occipital region more than the fron-
tal and parietal regions. It can also be observed in the Wi-P cluster of bars in Fig. 4 
that the increase in theta band in all three regions is approximately equal.

To demonstrate the brain activity in its different regions, the topography map of 
Fig. 5 is provided. This map is the result of the difference of Wi-P and Wo-P groups 
in alpha and theta bands. As Fig. 5 shows, regarding the alpha band, brain’s occipital 
region has been affected the most by the design principles, and regarding the theta 
band the most affected areas start from the central region, continue through the pari-
etal region and finally reach the occipital region. It is evident that the left and right 
temporal regions have been affected the least by the design principles in comparison 
to the other regions. These topographies imply that the alpha band has been most 
effected in the occipital region, and the theta band has been most effected in the central 
region through the occipital region. This means that the design principles have mostly 
effected the processes in the brain so to inhibit the distracting visual stimuli, and they 
have also resulted in strengthening the processes related to the long-term memory.

4  Discussion

In this experiment, alpha band frequency regarding attention and theta band fre-
quency regarding working memory were studied. Attention and memory have a 
principal role in human cognition and learning (Narimani & Soleymani, 2013). For 

Table 4  Cohen’s d effect sizes and t-test P-values for theta band

Signaling Coherence Temporal Spatial Redundancy

Cohen's 
d

P-
value

Cohen's 
d

P-
value

Cohen's 
d

P-
value

Cohen's 
d

P-
value

Cohen's 
d

P-
value

Frontal 0.67 0.0229 0.39 0.1752 0.11 0.7031 0.44 0.1259 0.20 0.4657

Parietal 0.50 0.0821 0.29 0.3101 0.09 0.7541 0.40 0.1623 0.12 0.6638

Occipital 0.58 0.0466 0.83 0.0057 0.73 0.0140 0.63 0.0316 0.52 0.0725

Each principle has been studied in three brain regions, namely frontal, parietal and occipital. For each of 
these design principles, pairs of Cohen’s d effect size and t-test P-value results are demonstrated. The red 
number pairs indicate significant difference between the two groups based on t-test
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example, learners have shown a higher theta power during the successful remember-
ing of presented stimuli (Khader et al., 2010). Likewise, studies on video presenta-
tions have shown that the increase in theta band power in frontal and central regions 

Fig. 3  Means of percentage changes for the alpha band. This figure represents the status of the means of 
the percentage change values of the alpha band for both groups. Wi-P (left-hand) Vs Wo-P (right-hand). 
Each cluster of bars is related to a brain region

Fig. 4  Means of percentage changes for the theta band. This figure represents the status of the means of 
the percentage change values of the theta band for both groups. Wi-P (left-hand) Vs Wo-P (right-hand). 
Each cluster of bars is related to a brain region
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of the brain is related to the increased working memory activity (Castro-Meneses 
et  al., 2020; Wang et  al., 2020). It can be concluded that the deep processing of 
instructional content in the working memory will result in the long-term preserva-
tion of the information (Pi et al., 2021).

Alpha in the frontal region is an indicator of internal brain processes, and in the 
parietal and occipital regions, it represents the suppression of distracting visual 
stimuli. On the other hand, theta in the frontal region represents working memory 
load, and in the parietal and the occipital lobes, it represents brain processes that 
promote successful memory encoding.

A higher alpha band power in the frontal region reflects higher internal demand-
ing processes, which in turn will cause a deeper understanding. Moreover, higher 
alpha band power in the parietal and occipital regions represents suppressing dis-
tracting visual stimuli that enable greater attention. The increase in theta band activ-
ity in the frontal lobe indicates a task with high working memory demands. This 
increase enables better performance on tasks since more resources have been dedi-
cated to the task.

Considering these points, we can see that in the Wi-P group, both alpha and theta 
band powers have mainly increased in all three brain regions compared to the Wo-P 
group. This point shows that the principled multimedia has caused a better under-
standing of the concepts in terms of attention, working memory, and long-term 
memory encoding.

Tables 3 and 4 show that signaling causes significant effects in the frontal brain 
lobe. This point is considerable since signaling mainly consists of highlighting 
the critical information in the multimedia. It is expected that in so doing first, the 
visual distractors are minimized and hence the greater attention. Second, signaling 
enhances the ability to maintain the information in long-term memory.

When coherence is violated, it means that irrelevant information is being con-
veyed. Hence we can expect visual distraction and lower attention to the primary 
information. Moreover, by adding irrelevant information using the graphics, atten-
tion has decreased (alpha decrease in the frontal lobe) and a visual distraction, 
which is apparent by the significant decrease of occipital alpha band power in the 
Wo-P group.

Fig. 5  Alpha and Theta bands brain topography. Panel A depicts the alpha power difference between the 
Wi-P and the Wo-P groups. Panel B depicts the theta band power difference between the Wi-P and the 
Wo-P groups
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5  Conclusion

This study is an attempt to assess and evaluate the effects of multimedia design 
principles. This study aims to examine individual effects of the principles using 
a high-resolution physiological measure, namely electroencephalography. Other 
researchers like Mayer have investigated the subject but only using subjective 
measures. We have utilized both subjective and physiological measures, which 
yield more precise results. We designed our multimedia and experiment so that 
we could conclude the effect sizes accurately. Our conclusion is also based on 
physiological facts and metrics, making it more reliable than other methods.

In this research we analyzed effects of multimedia design instructions on the 
learners by means of examining their brain signals and relating the results to the 
known cognitive functions in human brain. We observed that signaling and coher-
ence were the most effective principles. Regarding the redundancy principle we 
saw a negative effect. This result, as we explained, is due to the fact that non-
native English learners can learn better when from on-screen texts when they 
miss the narration.

However, there are shortcomings to this study. The first to mention is the rela-
tively small number of subjects that participated in this study. A larger dataset 
will surely provide more reliable results. Another point that has to be considered 
is the intrinsic cognitive load that the multimedia contents may impose on the 
learners, which can bias the results and interpretations. Having said these short-
comings, it is advised for any team that decides to work on this specific field to 
prepare more participants. Moreover, to work carefully on the multimedia that is/
are to be investigated to minimize caveats and shortcomings.
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