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ABSTRACT

Online videos have become a popular medium for delivering
educational materials. Analyzing video interaction log can provide
valuable educational insights. However, for small-sized online
courses, due to the small size of samples, analyzing online log is
often not enough for modeling students’ learning behaviors. In
this study, we aim to explore the feasibility of utilizing
commercial smartwatches to augment building of such models.
We collected online video interaction log as well as physiological
data from smartwatches and built models to estimate the
perceived difficulty and interest of students while watching online
video lectures. The results show that smartwatch data could
significantly improve the amount of explained variance in their
perceived difficulty and interest by 100% and 64% respectively.
We hope the result could inform the application of a smartwatch
for students’ in online video learning.

CCS Concepts

« Applied computing—Computer-assisted instruction.
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1. INTRODUCTION

Online videos have become a popular medium for delivering
education materials [1, 2]. They are the primary in online learning
environments such as MOOCs and also perform a supplementary
function in schools [1, 3]. Online learning platforms are capable
of logging students’ behavior in-detail while they are studying.
Various related results show that analyzing the video interaction
log is useful for obtaining educational insights. In this way, it is
possible to predict learners’ behavior and cognitive states and to
provide the instructor with additional information to understand
the students’ condition.

To accurately build models that can assess students’ status, it
typically requires quite a large amount of information. Kim et al.
gathered information from 127,839 users and Li et al. analyzed
log from more than 30,000 students [4, 5]. However, for small-
sized online courses, it is often hard to gather enough information
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to build models for students since the number of samples of
students’ activity data that records their online learning behaviors
is substantially limited.

On the other hand, with the advancement of wearable technology,
new types of devices with embedded sensing capability are
introduced in the market. Smartwatches are one among them and
their sensors can measure a variety of physiological signals. They
have been extended to function as daily activity tracking such as
steps and distance, as well as more advanced monitoring tools,
such as blood pressure, heart rate.

In this paper, we aim to explore the feasibility of applying
general-purpose smartwatches to enhance the modeling of
students’ learning activities while watching online video lectures.
We designed a framework that can capture students’ physiological
information as well as their online video watching log. We then
experimented with students in an actual class. With the behavioral
and physiological data, we estimated their perceived difficulty and
interest in online video lectures. We then performed hierarchical
multiple regression analysis between the perceived difficulty and
interest levels of online video contents with the students’ surveyed
level. The result demonstrates that the model using the combined
data of smartwatch and video activity showed the best
performance. The results suggest that smartwatches can be a
promising way to improve estimation of the perceived difficulty
and interest levels of online course material.

2. RELATED WORK

Many studies have explored how instructors promote and interpret
students’ feedback in video-based online learning environments.
Guo et al. studied the relationships between the style of online
video contents and the engagement of online learners [6]. Kim et
al. categorized causes of learners’ interaction with video players
and adapted them for enriching the video navigating experience [4,
7]. Li et al. found that students’ video interactions have
relationships with the difficulty of video contents [5]. While these
research results showed that the analyzing video interaction log
was useful for obtaining educational insights, the techniques
introduced often required large-scale data and thus might not be
appropriate for a small-sized learning class.

On the other hand, researchers investigated various physiological
signals such as heart rates, galvanic skin response (GSR),
electroencephalography (EEG), and facial expressions to infer
students’ affective and cognitive states in video-based learning.
D’Mello et al. studied the reliability of detecting learner’s
affective states in an attempt to augment an intelligent tutoring
system [8]. Woolf et al. developed a tutoring system that
recognizes students’ affection using facial, posture, pressure, and
skin conductance [9]. The system integrated affect-aware agents
in its tutoring content. Szafir et al. demonstrated a prototype of a
video lecture reviewing system [10]. It detected a topic of the
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lowest attention level and allowed students to review them again.
Pham et al. presented AttentiveLearner, which was a mobile
learning system that supports attentive and bi-directional learning
on mobile phones [11]. The system implicitly extracts learners’
heart rates and infers students’ attention levels by analyzing
fingertip transparency changes captured by the built-in cameras.
AttentiveLearner provided an aggregated timeline view of
learners’ attention levels synchronized with the learning material.
Jraidi et al. analyzed the relationship between students’ cognitive
states and physiological markers including EEG headset, skin
conductance, and blood volume pulse sensors [12]. Yuksel et al.
developed an adaptive learning interface for learning the piano.
They measured cognitive load using functional near-infrared
spectroscopy (fNIRS) and adjusted the difficulty of learning
materials accordingly [13]. These results show that various
physiological sensors can be used to assess students’ affective and
cognitive states.

In this paper, we investigate the feasibility of applying general-
purpose smartwatches to assist in building data-driven models that
can be useful for understanding students’ perception of online
learning materials.

3. FRAMEWORK

We developed a data collection system to estimate students’
difficulties and interests. Figure 1 shows the experiment setup.
Students’ in-video activities and physiological responses were
collected while watching the video lecture. At the same time, the
computer screen was recorded.
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Figure 1. Experimental Setup. Students’ video activity
data and smartwatch data were recorded while watching
video lectures.

3.1 Screen Recording

Participants’ monitor screen was recorded while they were
watching the lectures. The screen recording was only used to
determine which page of the lecture slide was associated with the
collected data.

3.2 In-video Activity

We collected all the in-video activities of the participants. We
provided the video lectures using Open edX® platform. The
platform saved video interaction events such as load, play, pause,
seek, stop, speed change, show/hide scripts. Based on these events,
features were extracted in each slide of the lecture slides.

* WatchTime: Time spent watching the video of each slide
e PauseCount: The number of pauses on each slide
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* VideoSpeed: The speed with which the video is played in each
slide (e.g. 0.5x, 1.0x, 1.25x).

* Leaving: The number of moving out to another slide

e Revisiting: The number of moving in from another slide

3.3 Physiological Data

We used Microsoft Band 2 to collect students’ physiological data
while watching video lectures. From Microsoft Band 2, we
utilized an optical heart rate monitor, galvanic skin response (GSR)
sensor, and skin temperature sensor.

Heart rate is controlled by the autonomic nervous system. In
general, when you take a rest, your heart rate is slowed by
parasympathetic nerves, and when you are under intense exercise
or stress, your sympathetic nerves accelerate your heart rate.
Observing the heart rate variability (HRV), it is possible to know
which nerve action is active, and thus to guess which state it is.
Heart rate variability (HRV) is often analyzed in two ways: time
domain analysis and frequency domain analysis [14, 15]. In the
time domain analysis, we used only statistical methods except the
geometrical method. Time domain features are calculated based
on the regularity of heart-beats. The times elapsed between
successive heart-beats are defined as the RR-interval and used for
deriving the following features.

* MeanHR, SDHR: Average and standard deviation of heart rate
for each slide

* MeanRR, SDRR: Average and standard deviation of RR-
intervals between normal beats for each slide.

* pRR20: The percentage of adjacent RR-intervals with a
minimum difference of 20ms for each slide.

On the other hand, frequency domain features are derived by
analyzing the power of frequencies embedded in a HRV spectrum
[14, 15]. The power of frequencies of a certain band is associated
with the autonomic nervous activities [14], which allows
researchers to assess the cognitive and affective status of
individuals. The frequency domain features used in this study are
as follows:

* LF/HF: Ratio of power in the low-frequency (LF, 0.04 ~ 0.15
Hz) to high-frequency (HF, 0.15 ~ 0.4 Hz)

e TotalPower: Total spectral power of all RR-intervals up to
0.4Hz

Galvanic skin response (GSR) is a sweating phenomenon in the
skin caused by autonomic nervous system reaction. By measuring
the difference of electrode conduction, it could determine whether
sympathetic nervous system is activated or not [16]. Skin
temperature is also used in physiological data collection as well as
heart rate and skin electrode conduction, and skin temperature
tends to rise in stressful situations [17].For galvanic skin response
(GSR) and skin temperature (ST), we calculated statistical
features.

* MeanGSR, SDGSR: Average and standard deviation of GSR
for each slide

* MeanST, SDST: Average and standard deviation of skin
temperature for each slide

4, METHOD

To examine the feasibility of utilizing a smartwatch for estimating
students’ perceived difficulty and interest while watching online
video lectures, we designed a study. This study strictly followed
the Seoul National University IRB protocol (No. 1603/002-009).



4.1 Participants
Our study was conducted in week 4 to 7 of an Introduction to
Study of Education course (15 week program). The course was

offered as an undergraduate course and had a total of 104 students.

We recruited eleven students (seven females, four males, the
mean age of 22.8, mean years in college 3.1) to participate in the
study. All participants were rewarded with a $50 gift card for their
time and contribution.

4.2 Procedures

The study took a total of four weeks, and it was divided into
online video learning and face-to-face learning. During the four
weeks, the entire class was asked to watch video lectures by
themselves (Week 4 & Week 6) before coming to face-to-face
class (Week 5 & Week 7) as shown in Table 1. As an online video
learning, we provided the two topics of video lectures (“How to
teach well”, “Technology & Education”) that covered several
pedagogical theories, such as teacher-centered learning, student-
centered learning, problem-based learning, and personalized
learning. All the lecture videos were taught with PowerPoint
slides. “How to teach well” lecture was 55 minutes long with 36
lecture slides and “Technology & education” lecture was 42
minutes with 31 lecture slides.

While non-participating students were asked to watch the video at
their home, participating students were invited to visit our lab on
the scheduled date. In the lab, participants watched the lecture
video alone wearing the smartwatch. In the meantime, we
collected video activity data, smartwatch data, and screen
recording. After watching the lecture, participants rated the
perceived difficulty and interest levels of each slide in the video
lectures on a 5-point Likert scale. The responses were provided as
dependent variables for the analysis.

Table 1. Participants’ data were collected on week 4 & week 6
during the online learning session. These sessions were part of
Introduction to Study of Education course.

. Data
Week Lecture Topic Lecture Type Collection
Week 4 How to teach well Online 0
Week 5 How to teach well Face-to-face X
Week g | rechnology & Online 0
Education
Week 7 Technolo_gy & Face-to-face X
Education
4.3 Analysis

Figure 2 shows the analysis process, which includes labeling, data
aggregation, feature extraction, and hierarchical multiple
regression.

Labeling was performed based on the recorded screen because the
collected data had no information on which page in the lecture
slide corresponds. By matching the time displayed on the screen
and the time stamp, the data was labeled (Figure 2a). After
labeling, data aggregation and feature extraction were performed
separately from video data and smartwatch data. Video activity
features were extracted from the raw video interaction log for
each slide (Figure 2c). On the other hand, smartwatch data was
aggregated in seconds with median value because it collected
different sampling rates from sensor to sensor, and there was
much noise in the measurements (Figure 2b). Next, the features of
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smartwatch were extracted by referring prior studies (Figure 2c).
Then, a hierarchical multiple regression analysis was conducted
with the extracted features as an independent variable and
perceived difficulty and interest level as a dependent variable
(Figure 2d).
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Figure 2. Process of data analysis. (Blue: Video activity data,
Red: Smartwatch data)

5. RESULTS

Through the study, we obtained 599 samples out of the potential
total of 737 (11 students x 67 slides) samples. Because of the
technical issues, 134 samples were not obtained and four samples
were omitted by voluntary dropout.

The hierarchical multiple regression statistics for estimating
students' difficulty and interest is described in Table 2 and Table 3
respectively. For our analysis, Model 1 contains the video activity
features, and smartwatch features added to Model 2. The results
show that smartwatch could significantly improve the amount of
explained variance in their perceived difficulty and interest by 100%
and 64% respectively.

In the case of estimating students’ perceived difficulty, in Model 1,
video activity features contributed significantly to the regression
model (F(5, 593) = 8.451, p < 0.001) and accounted for 5.8% of
the variation in their perceived difficulty. In Model 2, introducing
the smartwatch features explained an additional 6.7% of variation
in their perceived difficulty and this change in R? was significant
(F(16, 582) = 5.587, p < 0.001). When all independent variables
were included, video speed (3= 0.267, t = 2.861, p < 0.01), watch
time (3= 0.003, t = 3.136, p < 0.01), pRR20 (3= -0.856, t = -
2.478, p < 0.05), standard deviation of GSR(3= 0.023, t = 3.157,
p < 0.01) were significant in estimating the perceived difficulty.

Regarding the students’ perceived interest, in Model 1, video
activity features succeeded in accounting for a significant amount
of variance (F(5,593) = 13.11, p < 0.001) and accounted for 9.2%
of the variance in estimating their perceived interest . In Model 2,
smartwatch features explained an additional 6.4% of variation in
interest and this change in R? was significant (F(16, 582) = 7.109,
p < 0.001). When all independent variables were included,
revisiting (3= -0.157, t = -2.101, p < 0.05), mean of RR-interval
(3= -2581, t = -2.501, p < 0.05), standard deviation of RR-
interval (3=-1.822, t = -2.056, p < 0.05), total power of spectrum
(f3=0.256, t = 4.224, p < 0.001), mean of heart rate (3= -0.020, t



=-2.128, p < 0.05), mean of GSR (3= -0.006, t = -2.105, p < 0.05)
were significant in estimating the perceived interest.

Table 2. Summary of hierarchical regression analysis for
variables estimating difficulty (***: p < 0.001, **: p < 0.01, *: p

<0.05 .:p<0.1)
Model 1 Model 2
Data Feature
B t B t
Leaving 0.079 | 1.094 | 0.088 1.234
Video Revisiting 0.046 0.643 0.034 0.476
Intera- | PauseCount | -0.033 | -0.412 | -0.021 -0.275
ction
Data | VideoSpeed | 0.168 2'207 0.267 sz !
WatchTime | 0004 | 295 | ggo3 | 3136
MeanHR 0.004 0.456
SDHR 0.011 0.780
MeanRR -1.197 | -1.227
SDRR 0.931 1.111
DRR20 0856 | 2A4T8
Smart
watch | TotalPower -0.023 | -0.396
Data
LF/HF -0.006 | -1.646
MeanGSR 0.000 -0.364
SDGSR 0.023 3'&57
MeanST 0.000 0.020
SDST 0.000 1.618
F 8.451 *** 5.587 ***
R? 0.0665 0.1331
AR? 0.0666 ***

Table 3. Summary of hierarchical regression analysis for
variables estimating interest (***: p < 0.001, **: p < 0.01, *: p<

0.05,.:p<0.1)
Model 1 Model 2
Data Feature
p t p t
Leaving -0.043 | -0.559 | -0.005 | -0.072
L -2.399 -2.101
Video Revisiting | -0.183 - -0.157 *
Intt_era- PauseCount | 0.068 | 0.803 | 0.057 0.693
ction
Data | VideoSpeed | 0.181 2'334 0.179 1.810
WatchTime | 0.005 7,'223 0.001 1.531
MeanHR -0.020 '2&28
Smart
watch SDHR 0.019 1.224

Data R
MeanRR -2.581 2'501

SDRR 1822 | 2056
PRR20 0316 | -0.864
TotalPower 0.256 4;33(4
LF/HF 0,006 | 088
MeanGSR 0006 | 2105
SDGSR 0010 | 1352
MeansT 0000 | -0.813
SDST 0,000 | -1.095

F 13,11 * 7.109 *

R? 0.0995 0.1635
AR? 0.0640 **

6. DISCUSSION

Students’ perception of task difficulty is one of the most
influential mediators of expectations of success and subjective
task value [18]. The perceived difficulty is known to be negatively
related to the perception of task value and task effort [19].
Therefore, it is important to identify students’ capabilities and
adjust the difficulty of learning tasks accordingly. Students’
interest is also an essential mediator in educational psychology.
Individual and situational interests are believed to be connected
with motivation, which affects students’ learning strategies,
academic achievements, and emotional experiences [20]. Getting
students interested in a learning task is useful to promote their
engagement levels and academic achievements. This paper
proposes that it could be possible to enhance the modeling of
students’ learning activities while watching online video lectures
via video activity data and smartwatch data. This work shows the
potentiality of utilizing general-purpose devices to enhance the
modeling of students’ learning activities. We expect that our
results could give additional information to the instructor for
providing adaptive instructional support with the students. Based
on the information indicating at which points students feel
difficulty or interest, it enables instructors to give adaptive
educational supports such as a fine-tuning their teaching,
providing the necessary educational support, providing
supplementary materials, preparing additional explanations for the
problematic parts [21].

Our study has limitation that it has been applied in the context of
an introductory level course of pedagogy. For generalization, it
requires further studies in various levels and disciplines. We hope
that our approach can contribute to exploring the actual effects of
adaptive feedbacks in a small-sized online class.

7. CONCLUSION

This study examined the possibility of utilizing smartwatch data
for estimating the students” perceived difficulty and interest while
watching online video lectures. We built a data collection system,
which collected students’ behavioral data through our online
learning platform and physiological data using a smartwatch. We
conducted the hierarchical multiple regression analysis. The
results of the study revealed that the smartwatch data could
improve the amount of explained variance in students' perceived
difficulty and interest by 100% and 64% respectively. We hope



the result could inform the possibility of using the smartwatch for
students’ cognitive state inference.
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