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Background: The COVID-19 pandemic interfered with normal campus life, resulting in the need for the course to be conducted in an ideal online format. The purpose of this study is to analyze the impact of different styles of online political course videos on students' attention during the COVID-19 pandemic.

Methods: Four college students participated in this small sample study. They were required to conduct two sessions of the experiment, in which they were required to watch three different styles of course videos in each session. While watching the videos, their EEG signals were acquired. For the acquired EEG signals, the sample entropy (SampEn) features were extracted. On the other hand, Mayer's theories of multimedia technology provide guidance for teachers' online courses to enhance students' attention levels. The results of EEG signals analysis and Mayer's theories of multimedia technology were combined to compare and analyze the effects of three styles of instructional videos.

Results: Based on comparisons of the SampEn and Mayer's theories of multimedia technology analysis, the results suggest that online instruction in a style where the instructor and content appear on the screen at the same time and the instructor points out the location of the content as it is explained is more likely to elicit higher levels of students' attention.

Conclusions: During the COVID-19 pandemic, online instructional methods have an impact on students' classroom attention. It is essential for teachers to design online instructional methods based on students' classroom attention levels and some multimedia instructional techniques to improve students' learning efficiency.
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1. INTRODUCTION

At the end of 2019, due to the influence of the COVID-19 pandemic, mainly students study styles were changed greatly (1–3). Many schools were closed, and the students were unable to have a class as before (4). In order to solve the dilemma between epidemic prevention and teaching, schools started online courses (5, 6). Different from offline courses, students cannot face to face with teachers. How to organize the online courses and how to give the online courses in an appropriate format should be investigated (4, 7–10).

Classroom attention of students is related to the design of online teaching schemes (11). Different styles of online teaching styles can have an impact on students' attention levels (12). The attention level of students in the classroom is an important indicator to evaluate the effectiveness of teaching and learning. In addition, it is a prerequisite for students to maintain their attention in the learning process to learn effectively (13). Therefore, teachers can analyze students' classroom attention to explore more effective online teaching schemes, which can help students to improve their attention in online courses and improve their learning efficiency (14).

Attention can be monitored by physiological signals, such as electroencephalogram (EEG) signals (15). EEG signals can truly reflect the attentional state of students and can reflect the state of brain activity. Therefore, EEG signals are often used in studies to analyze attentional states. In addition, EEG acquisition devices are wearable devices, which are beneficial to be promoted and applied to detect students' classroom attention in actual teaching to assist teachers in better teaching activities (16). Entropy provides a way to quantify system regularity (17). In previous studies, Shannon entropy, dispersion entropy, multiscale entropy, approximate entropy, and sample entropy (SampEn) have been investigated as features to study the level of consciousness or attention-related EEG signals (18). In the study of Dawi et al. (19), Attention Deficit Hyperactivity Disorder patients have lower attention and smaller SampEn of EEG signals compared to normal individuals. To evaluate the level of attention in different states, Li et al. designed experiments with attentional, non-attentional and resting states, and the experimental results show that the SampEn is higher during the attentional state than that during the non-attentional state (20). Thus, previous studies have shown that the level of attention is proportional to the SampEn of EEG signals. In the study of Thomas et al. (21), EEG features based on SampEn were used to assess the attention level of participants in the game.

Online instruction relies on multimedia and an appropriate online multimedia instructional scheme which can reduce the external cognitive processing of learners and can make full use of the limited human cognitive capacity to help learners actively engage in cognitive processing (22). It is a key factor in maintaining a high attention level and enhancing learning efficiency for students during the COVID-19 pandemic. According to cognitive load theory (23) and working memory theory (24), there is a limited capacity of each channel in the human information processing system, and the cognitive resources of learners are required to be allocated during learning and problem-solving. The amount of cognitive processing that can occur in the verbal channel or the visual channel at any one time is extremely limited. Considering the characteristics of cognitive load and working memory, Mayer's theories of multimedia technology suggest how to present learners with verbal and picture information in the teaching process. Hence, two types of information will be processed in different information processing channels respectively (25). In this way, the cognitive resources of the learners are fully utilized, and thus the learners can better understand the knowledge and maintain their attention. For example, in multimedia instruction that follows the principle of temporal proximity, the picture and the narration are presented simultaneously (26). At this time, verbal processing and visual processing are carried out in separate information processing channels, which can reduce the cognitive load and facilitate learners' learning. In addition, including cues for learners on how to select and organize material can help learners reduce unnecessary extraneous cognitive processing and focus more attention on key elements, i.e., the signaling principle (27). Furthermore, according to the personalization principle (28), by using conversational voice to express verbal information in multimedia teaching, the learners can reap a better learning experience. The voice principle and the image principle as extensions of the personality principle (29, 30), using the human voice and agent to teach as if the learners are having a conversation, and both are viable ways to give learners a stronger sense of social presence.

In this work, to investigate the effects of three styles of online instructional videos on students' attention levels, we conducted the analysis based on EEG signals and Mayer's theories of multimedia technology. The framework of the study is shown in Figure 1. The main contributions of our work are as follows:

• In order to obtain the real attentional state of the subjects, we acquired the EEG signals of the subjects while they were performing online learning for subsequent analysis.

• To analyze the level of attention during the experiment, we calculated the SampEn of the EEG signal as an evaluation index.

• In order to analyze the three styles of online instructional videos from multiple perspectives, we combined the results of SampEn calculations and Mayer's theories of multimedia technology for discussion.


[image: Figure 1]
FIGURE 1. The framework of our work.


This work is organized as follows. Section 2 introduces the experimental setup and data processing methods in our work. Sections 3 and 4 represent the results and discussion of the experiment, respectively. And the conclusions are summarized in section 5.



2. MATERIALS AND METHODS


2.1. Experimental Setup

There were three instructional videos for our experiment. They were first matched with a number by random sorting. According to the sorting result, we named them as video 1, video 2, and video 3, respectively. And they were played following the numbered sequence from 1 to 3 in the experiment for all subjects. The three videos are different in styles and instructors. In video 1, the instructor and the content of the course appear simultaneously in the picture, distributed on both sides of the picture. Video 2 shows an instructor with many camera cuts. And in video 3, the instructor and the content appear alternately, and content appears in the key part. For the content, the three videos are both related to college political classes. Their knowledge points are different, but the topics and difficulties are similar.

Four healthy college students (3 males and 1 female) took part in the experiment. Their mean age was 27, ranging from 26 to 28. Figure 2 presents the experimental environment and the subjects were required to sit in front of the screen to watch the videos. The sound level and luminosity of the videos were appropriate for the subject that they felt comfortable with them of the video. The experiment was divided into two sessions and the experimental procedure is shown in Figure 3. There were three trials in a session. In one trial, the subject watched one video for approximately 5 min and their EEG signals were acquired at the same time. And each trial is separated by 1 min. The EEG signals acquisition equipment is shown in Figure 4. And EEG signals sampling frequency is 256 Hz. According to previous studies (31, 32) and the International 10-20 system, 12 electrodes (FT7, FT8, T7, T8, C5, C6, TP7, TP8, CP5, CP6, P7, P8) were used and their positions are shown in Figure 5.


[image: Figure 2]
FIGURE 2. Schematic diagram of the experimental environment.
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FIGURE 3. The experimental procedure for a subject.



[image: Figure 4]
FIGURE 4. The equipment used to acquire the EEG data.
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FIGURE 5. The positions of the electrodes according to the international 10–20 system.




2.2. Data Processing

The Butterworth filter is used to filter the EEG signal to the range of 1–50 Hz to eliminate high frequency noise and improve the signal-to-noise ratio. SampEn can be used to measure the complexity of a time series (33, 34). The higher the complexity of a time series is, the higher the SampEn it has. Conversely, time series with higher self-similarity has smaller SampEn. SampEn is independent of the length of the time series. And it is noise-resistant and stable, which is suitable for deterministic and random signals. Therefore, it is suitable for the analysis of EEG signals.

To calculate SampEn, two parameters need to be specified first: run length m and tolerance window r. For a given time series {u(i)} with N data points, e.g., EEG data with N sampling points, its SampEn can be calculated by the following steps:

Firstly, form the sequence {u(i)} into m-dimensional vectors Xm(1) ...Xm(N−m+1) in order. These vectors can be defined as Xm(i) = [u(i), u(i+1), ..., u(i+m−1)](1 ≤ i ≤ N−m+1), which indicate m consecutive values of u beginning from the i-th point.

Secondly, calculate the distance between the vector X(i) and the rest of the vectors X(j), which is defined as:

[image: image]

Thirdly, count the number of d[X(i), X(j)] corresponding to each i(1 ≤ i ≤ N−m+1) that is less than the given threshold r, denoted as Bi. The proportion between this number and the total number of vectors is calculated according to formula (2).

[image: image]

And the average for all i is defined as formula (3), where Bm(r) is the probability that two sequences match with m points.

[image: image]

Then, change the dimension to m+1 and calculate Bm+1(r), which is the probability that two sequences match m+1 points. Finally, formula (4) is used to calculate the SampEn of the sequence, denoted as H.

[image: image]

In this work, we set the parameters m and r to be 2 and 0.2σ, respectively, and σ is the standard deviation of the series.



2.3. Statistical Analysis

The Kruskal-Wallis test is a non-parametric test that is applied to test whether there is a statistically significant difference in the medians between three or more groups (35). It does not require the assumption that the data conform to a normal distribution. Another non-parametric test, the Mann-Whitney U test, can be used when there are only two groups of data, and it can be used to test for differences in means between data (36). In our work, we evaluated the impact of these videos on students' attention by testing whether the features were significantly different. We used the Kruskal-Wallis test to determine the significance of the difference in the effect of three videos in the same session on attention. In addition, the Mann-Whitney U test was used to determine the difference in student attention between the two sessions.




3. RESULTS

For each trial, the SampEn is calculated with non-overlapping 4s time windows. According to the results of previous studies, a higher SampEn represents a higher level of attention. In Figure 6 and Table 1, it is shown that the SampEn of each trial for each subject is the mean value of the SampEn for each time window. By comparing the SampEn of each video in the two sessions, we can see that the SampEn of video 1 in session 1 is higher than that in session 2, while that of video 2 and video 3 are higher in session 2.


[image: Figure 6]
FIGURE 6. SampEn of all trials for each subject.



Table 1. The values of SampEn for each subject.

[image: Table 1]

Figures 7, 8 show the average SampEn of the three videos in session 1 and session 2, respectively. In session 1, the SampEn of video 1 is the highest. In session 2, the SampEn of video 2 is the highest.


[image: Figure 7]
FIGURE 7. Average SampEn of three videos in session 1.



[image: Figure 8]
FIGURE 8. Average SampEn of three videos in session 2.


Table 2 presents the average of the SampEn of the EEG for all experiments for each subject. These results reflect individual variability and the effect of videos of different styles on attention. In addition, it is also reflected that there are different levels of attention for the same subject at different viewing times of the same video.


Table 2. Average SampEn for each subject.

[image: Table 2]

Table 3 shows the average of the SampEn of the three videos in all trials. From the results, it can be seen that video 1 stimulates higher attention levels of the subjects. In addition, video 2 and video 3 stimulate close levels of attention.


Table 3. Average SampEn of three videos.

[image: Table 3]

Figures 9, 10 show the trend of the average SampEn of each video for all subjects in session 1 and session 2, respectively. In session 1, video 1 is higher than the other two videos most of the time. In session 2, video 2 is higher than the other two videos most of the time. Besides, it can be seen that the SampEn decreases or fluctuates more in the middle or later stages of video viewing.


[image: Figure 9]
FIGURE 9. Average SampEn of three videos in session 1 over time.



[image: Figure 10]
FIGURE 10. Average SampEn of three videos in session 2 over time.


Based on the average SampEn of each video for all subjects in session 1 and session 2, we evaluated the attentional impact using two non-parametric tests. Table 4 shows the Kruskal-Wallis test results of three trials in two sessions. The low p-values (p < 0.05) indicate that the difference in the impact of the three videos on students' attention was significant. Moreover, we determined the difference between the three videos in the two sessions and the Mann-Whitney U test results are presented in Table 5. The results illustrate that there is a significant difference in the impact of the same video on the subjects in the two sessions (p < 0.05).


Table 4. The Kruskal-Wallis test results of three trials in two sessions.
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Table 5. The Mann-Whitney U test results of three videos.
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4. DISCUSSION

Noticing that different styles of online instructional styles during the COVID-19 pandemic can have an impact on students' learning attention levels. In this work, the SampEn of EEG signals was used as an indicator of attention to assess the three styles of instructional videos, which is significant for teachers to organize and improve online teaching styles.

In terms of the mean SampEn analysis, the mean SampEn of the EEG signal corresponding to video 1 is 0.6186, which is higher than 0.6167 for video 2 and 0.6028 for video 3, i.e., video 1 is able to induce a higher level of attention. According to Mayer's theories of multimedia technology, video 1 conforms to the theory of image on the screen, i.e., adding the image of the narrator on the screen. At the same time, the narrator on the screen will point toward what is being taught with his or her hand. Such a style of instructional videos can enhance the subjects' social presence and make them feel like they are learning from a real person, which contributes to their attention level.

Based on the comparison between the before and after the two sessions, a possible explanation is that as video 1 is easy to understand, so subjects decreased their attention to video 1 in session 2, and increased their attention to video 2 and video 3 in session 2.

In terms of the analysis of the SampEn change for each video, the SampEn fluctuated more or tended to decrease in the middle and later stages of some trials. The possible reason for this phenomenon is that as the learning time progresses, the subjects become less focused and their attention level decreases. The decline in attention is a common phenomenon in the classroom, and this experimental phenomenon is consistent with the changing pattern of attention of classroom students. Furthermore, it is an online course, and the lack of direct communication and supervision in reality, as well as the influence of the surrounding environmental factors, can affect the subject's attention. Therefore, it is a feasible way for teachers to organize online instruction by incorporating guided activity, reflection, feedback, pacing, and pre-training to build an interactive multimedia learning environment (37), which is a practical solution to improve students' attention in class and enhance the quality of online instruction. Moreover, the individual variability can be taken into account so that as many students as possible can achieve meaningful learning in the classroom.

This work is a preliminary study and still has some limitations that require further research in the future. Firstly, in our work, we selected videos with similar topics as stimuli to minimize the effect of content differences on students' attention. However, it is better to have the videos with exactly the same content. Therefore, in order to reduce the effects of other factors, it is necessary to use materials with the same content to perform future experiments. Moreover, to better analyze the impact of multiple styles of online instruction on students' classroom attention, there is a need for us to design more complete experimental paradigms in the future by adding experiments on resting, non-attentive, and attentive states. It is also to obtain labels of the data for more accurate analysis. At the same time, we need to add more subjects to provide a more comprehensive and generalized basis for online multimedia instructional design.



5. CONCLUSIONS

The COVID-19 pandemic brings negative effects to schools, and it is difficult for students to enjoy courses with teachers face to face. In this circumstance, online courses are flourishing in many schools, and students can take the courses at home during the COVID-19 pandemic. To improve the effect of online courses, this work analyzed the impact of different styles of online instructional videos on the classroom attention of the subjects. We collected the EEG signals of the subjects while watching these online course videos and calculated the SampEn of the EEG signals as a measure of attention. And video 1 has the highest average SampEn. Combined with Mayer's theories of multimedia technology, the results show that online course videos in which the instructor and the content appear on the screen at the same time and the instructor points out the location of the content while explaining it are more likely to induce higher levels of students' attention. And it is a useful basis for online multimedia instruction design in the COVID-19 pandemic.
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