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ABSTRACT

This study examined the factors of learning behaviors in digital-learning-material reader that predict university students’
productive participation identified by social presence indicators in online collaborative learning. Data were collected from
76 Frist-year university students, including learning behaviors in digital learning-material readers, and frequency of each
social presence indicator classified by coding discussion scripts with automated text classification. The results of the
stepwise multiple regression analysis revealed that the learning behavior of drawing red markers, highlighting important
content predicts social presence. Furthermore, the study’s findings showed that different learning behaviors predict
different social presence indicators, which are related to metacognition and critical thinking.
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1. INTRODUCTION

Online learning has become a popular learning experience based on a pedagogical
approach—Computer-Supported Collaborative Learning (CSCL) (e.g., Barria et al., 2012). Online learning
participation is related to learning satisfaction and learning performance (Cobb, 2009; Hrastinski, 2009).
However, there are variations in online learning participation due to an apparent lack of information on learning
behaviors and monitoring from other learners (Swan and Hiltz, 2006). According to previous studies, sharing
learners’ information by the developing visualization system enhances online learning participation (Barria
etal., 2014; Jin, 2017). However, according to a study, identifying productive participation by discussion using
quantitative variables, such as frequency of logging in and length of discussion scripts, is not sufficient
(Richards, 2011). In addition, individual learning behaviors with respect to preparation of learning materials
affect participation (\Vonderwell and Zachariah, 2005), and are considered for designing a visualization system.
However, factors of learning behaviors that have an influence on participation have not been clarified.
Moreover, an effective online learning environment underlying appropriate CSCL design must be established
(Stahl and Koschamann, 2006). In line with this, the Learning Analytics (LA) approach is applied to collect
and analyze learning log data from Learning Management Systems (LMS). In this study, we investigate the
relationship between learning behaviors and productive participation using LA.
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2. LITERATURE REVIEW

2.1 Online Learning with Computer-Supported Collaborative Learning

Online learning is a widespread learning method uses advanced Information and Communication Technology
and CSCL— a field of research and activities wherein people learn together by utilizing computers (Stahl and
Koschamann, 2006; Xing et al., 2015; Yamada et al., 2015). With the benefits of CSCL, online discussion aims
at hosting knowledge building exercises based on social interaction, including information exchange and
information integration. Such discussions can be conducted at the time and place of the learners’ choosing
(Razmerita and Brun, 2010). In addition, learning logs data from LMSs can be collected and analyzed to
facilitate CSCL. For example, Yin et al. (2017) examined the sequence of learning behaviors in “BookRoll”
(Ogata et al, 2015; Ogata et al, 2017) —a digital-learning-material reader— and they found one sequence
showing that deleting markers follows adding markers. Accordingly, Yin et al’s (2017) study concluded that a
teacher’s affordance, including pointing out important content, should be provided by using “BookRoll.”
Teacher’s affordance helps learners prepare their discussions in CSCL. Furthermore, CSCL with Community
of Inquiry (Col) provides an online learning environment where learners build knowledge socially and become
critical thinkers (e.g., Garrison, 2011).

2.2 Online Learning Participation with Community of Inquiry

As mentioned above, online learning participation affects learning satisfaction and learning performance
(Cobb, 2009; Hrastinski, 2009). However, online learning participation is inherently lower than that in
classrooms or face-to-face (Swan et al., 2006). Online learning environment helps learners who fail to monitor
themselves or other learners’ progress hide themselves from others easily. There are several studies to enhance
collaborative learning and participation in active discussions. Visualization of concept mapping in CSCL
affected active collaborative learning from the view of social presence and learning (Yamada, 2010; Yamada
et al, 2016). Barria et al. (2014) argued that providing learning information can enhance participation by
visualization systems, and they provided learners with a Social Network Analysis (SNA) result to improve
participation in online learning. In addition, Jin (2017) developed a visualization system by encouraging
participation identified by the frequency of logging in, and the frequency or length of discussion scripts and
proved that the system can enhance participation in online learning.

However, these studies focused on group level information, such as discussion scripts, neglecting individual
level information related to preparing for online learning, such as learning behaviors including reading learning
materials, highlighting important contents, etc. In addition, Richards (2011) indicated the necessity for
qualitative variables to identify productive participation, such as opening threads, advising, agreement with
others’ ideas, etc. According to this, quantitative variables that emphasize these visualization systems (Barria
et al., 2014; Jin, 2017) are insufficient. In the current study, we need to identify productive participation by
qualitative variables.

The Col framework is a powerful model for creating social consciousness and knowledge building exercises
in online education in the absence of face-to-face interaction (Garrison et al., 1999; Yamada and Kitamura,
2011), and it has three components or presences: social presence, cognitive presence, and teaching presence.

Social presence is the ability of participants to project their personal characteristics into the community in
order to present themselves to other participants as “real people” (Garrison et al., 1999). Cognitive presence
indicates constructing and confirming the meaning-thought discourse (Garrison et al., 2001). Teacher presence
is identified as “design and organization, facilitating discourse, and direct instruction” to support social and
cognitive presence. In previous studies, social presence was identified as productive participation in online
learning (Cobb, 2009; Garrision, 2011; Zou, 2020), and it was divided into individual,
inter-individual, and granular social presence to show the senders’ and receivers’ cycle in CSCL design
(Yamada and Kitamura, 2011). Through this analysis, learners’ social presence, based on CSCL design, can
be enhanced, and it can help them focus more on discussions (Gada and Yamada, 2013).
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In this study, we identify productive participation based on social presence indicators, which is
re-examined by Shea et al. (2010). Thus, we analyze the relationship between learning behaviors and
participation by LA, in terms of the CSCL design.

2.3 Learning Analytics and Learning Behaviors

LA is a promising method for collecting and analyzing learners’ learning behaviors and processes. Yin et al.
(2015) suggested that data from a learning log can be useful in predicting a learner’s learning style and
performance. For example, learning behaviors, such as “NEXT,” “PREV,” “MEMO,” and “MARKER” in a
“BookRoll” can be recorded to prove which of these behaviors can predict learning performance and test scores
using a machine learning algorithm. The result showed that “MARKER” can predict learning performance
(Nianetal., 2019). In addition, some learning behaviors related to attendance or absence, submission of reports,
and quiz scores can predict the learning score (Okubo et al., 2016). Learners who participated in out-of-class
learning activities on “BookRoll” tended to gain higher scores than ones who did not (Shimada et al., 2015).
Moreover, by analyzing the frequency and area marked in the “BookRoll,” Xu et al. (2020) found that the area
marked was more strongly correlated with learning performance than the frequency of using markers. The
result indicates that a teacher should give hints to highlight important content in an appropriate area when using
digital-learning-material readers like “BookRoll.” These studies suggested that LA can examine the
relationship between learning log data to design and facilitate a learning environment.

As mentioned above, learning behaviors affected productive participation identified by social presence in
CSCL. By using learning analytics, we can identify factors of learning behaviors which affect participation and
are associated with social presence. Regarding CSCL and visualization design, it is also significant to find out
the indicators of social presence that can be predicted by learning behaviors. In this study, we set two research
questions (RQs).

RQ1: Which factors of learning behaviors affect social presence?

RQ2: Which indicator of social presence can be predicted by learning behaviors?

3. METHODOLOGY

3.1 Participants and Class

In this study, an instructor teaching a seven-week online educational technology course in K university’s 2020
spring semester was recruited to participate. The participants were 76 Frist-year university students from
different faculties.

The time of each lecture was 90 minutes per week. The participants possessed fundamental skills, such as
computer use, conversation, and self-learning. In the first lecture, the instructor introduced the purpose of the
course and how to use “BookRoll” to prepare and review learning materials, which the instructor uploaded.
For each lecture, the participants were asked to access the “TEAMS” conference software to take the online
class. In each of the 2"-7" lectures, the discussion about practical educational questions was conducted in
groups using a chat system called “CQCHAT” (Yamada et al., 2016). Participants were randomly assigned
into groups of four or five. After each lecture, participants were asked to submit a mini-paper about what they
had learned and were unfamiliar with. One week after the last lecture, the participants prepared the final reports.

3.2 Data Collection

Data were collected from two aspects—Ilearning behavior logs and discussion scripts. The first data collection
was based on learning behavior logs, recorded from “BookRoll” where the participants read digital learning
materials using some reading functions. In this study, 10 types of 32,626 learning behavior logs were collected
as follows: Turning to the next page (NEXT); Turing to the previous page (PREV); adding red
(ADD_MK_RED) or yellow markers (ADD_MK_YEL); deleting red (DEL_MR_RED) or yellow markers
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(DEL_MR_YEL); adding (ADD_BK) or deleting a bookmark (DEL_BK); adding (ADD_MO) or deleting
(DEL_MO) a memo.

The second data collection was based on discussion scripts. We collected 4,198 discussion scripts from the
“CQCHAT” chat system during the 2"—7" lectures. In the current study, such scripts were encoded into 3
categories of social presence including 18 indicators by using an automated text classification system (Yamada
et al., 2015; Taniguchi et al., 2019) as follows: “affective” includes expressions of emotions (EMOTIONS),
use of humor (HUMOR), self-disclosure (SELF-DISCLOSURE), use of unconventional expressions
(PARALANGUAGE) and expressing value (VALUE); “open communication” includes continuing a thread
(THREAD), quoting from other’s messages (QUOTING), referring explicitly to other’s messages
(REFERRING), asking questions (QUESTION), complimenting or expressing appreciation
(APPRECIATION), expressing agreement (AGREEMENT), expressing disagreement (DISAGREEMENT),
and personal advice (ADVICE); “group cohesion” includes addressing or referring to participants by name
(VOCATIVE), addressing the group as group (INCLUSIVE), serving a purely social function (PHATIC),
social sharing (SOCIAL-SHARING), and course reflection (REFLECTION).

4. RESULT AND DISCUSSION

4.1 Descriptive Data of Learning Behaviors and Social Presence Indicators

The dataset was collected from two aspects—Ilearning behavior logs and discussion scripts coded by social
presence indicators. Table 1 shows the descriptive data (Average, Standard Deviations, Minimum and
Maximum) of 10 types of learning behaviors, 6 social presence indicators (excluding 12 social indicators
because of their empty values) and a sum of social presence scores called SOCIAL PRESENCE.

Table 1. Descriptive data of learning behaviors and social presence indicators during the course

Variable Average SD Minimum Maximum
NEXT 298.87 272.10 21 1696
PREV 88.33 87.46 3 462
ADD_MO 0.64 1.47 0 8
DEL_MO 0.05 0.22 0 1
ADD_BK 0.07 0.30 0 2
DEL_BK 0.05 0.28 0 2
ADD_MR_RED 27.74 33.56 0 147
ADD_MR_YEL 9.49 26.96 0 156
DEL_MR_RED 3.00 8.45 0 55
DEL_MR_YEL 1.05 4.59 0 28
PARALANGUAGE 2.74 3.78 0 16
VALUE 7.34 5.87 0 26
REFERENCE 0.29 0.78 0 4
QUESTION 1.32 2.28 0 8
AGREEMENT 1.05 1.83 0 10
PHATICS 2.71 1.92 0 8
SOCIAL PRESENCE  15.45 12.24 0 44

4.2 Effects of Learning Behaviors on Productive Participation

To answer RQ1, a stepwise multiple regression analysis was conducted to clarify which of the learning
behaviors predict the productive participation identified by the 6 social presence indicators. First, we set the
sum of social presence scores as the dependent variable; the independent variables ADD_MR_RED (p = .304,
p = .007) accounted for 8.0% of the variance of social presence: F(1, 74) = 7.560, p = .007. The results are
shown in Table 2. The regression results indicate that ADD_MR_RED can predict social presence identified
by coding discussion scripts. As a learning strategy, the learning behavior of ADD_MR_RED means
highlighting important content, which is related to one basic aspect of metacognition — knowledge monitoring
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ability (Van Horne et al., 2016). If learners cannot differentiate between what they know and do not know, they
can hardly participate in metacognitive activities like discussions (Tobias and Everson, 2002). Additionally, in
Wyre’s (2007) study, metacognition influences critical thinking, which is associated with the discussion. For
example, learners who are aware of important contents can focus on topics and assess others’ speech during
discussion.

Table 2. Results of the regression analysis predicting social presence with learning behaviors during the course

Variable B SEB B t
ADD_MR_RED A11 .040 .304 2.750**
R2 =.093, Adjusted R2 = .080, **p<0.01, *p < .05

To answer RQ2, we set 6 social presence indicators as dependent variables and conducted stepwise multiple
regression analysis, respectively. Regarding dependent variables PARALANGUAGE, VALUE, and
QUESTION, independent variables DEL_MR_RED (B = .259, p = .024; B = .236, p = .040; B = .304,
p = .008) accounted for 5.4% of the variance of PARALANGUAGE: F(1, 74) = 5.312, p = .024; 4.3% of the
variance of VALUE: F(1, 74) = 4.377, p = .040; 8.0% of the variance of QUESTION: F(1, 74) = 7.511,
p = .008, respectively (tables 3, 4, and 5). DEL_MR_RED, which means deleting important contents
highlighted by learners, is also related to knowledge monitoring ability, as mentioned previously (Van Horne
et al., 2016). According to the coding scheme for social presence, PARALANGUAGE indicates
unconventional expression of emotions, such as repetitious punctuation and emoticons (Shea et al., 2010). In
Hoy’s (2018) study, metacognition is associated with emotions. For example, during a discussion, when a
learner is empathetic in their speech, he tends to use some unconventional expressions of emotion due to the
lack of facial expressions in a text-based environment. VALUE is defined by expressing personal values,
beliefs, and attitudes (Shea et al., 2010); it is associated with DEL_MR_RED, one of the metacognitive
strategies. Tyshchuk et al. (2018) demonstrated that VALUE which is one of elements of human behaviors was
represented by perceived behavioral control. The findings suggested learners’ beliefs are largely congruent
with their behaviors; however, the mechanism between learners’ beliefs and behaviors is not apparent (Kamiya,
2018). In addition, learners’ attitudes and beliefs are important concepts in understanding an action while
teaching others (Richardson, 1996). That is, the attitudes and beliefs affect the way of teaching other group
members, such as preparation for the focus area. The results show that QUESTION, which means asking a
question, is associated with DEL_MR_RED. Learners who highlighted the important contents generally
deleted these before discussion. However, during a discussion, others’ speech about these contents induce
questions on reasons that these contents are important. In addition, asking a question—not consistent with
one’s thought—is associated with critical thinking (Sharan, 2010).

Table 3. Results of the regression analysis predicting the social presence indicator PARALANGUAGE with learning
behaviors during the course

Variable B SEB B t
DEL_MR_RED 116 .050 .259 2.305*
R2 =.067, Adjusted R2 = .054, **p< .01, *p < .05

Regarding the dependent variable REFERENCE, the independent variables DEL_MR_YEL (B = .364,
p = .001) and DEL_MO (B = .222, p = .040) accounted for 15.7% of the variance of REFERENCE:
F(2, 73) = 7.965, p = .001. DEL_MR_YEL and DEL_MO imply that they had comprehended what they did
not previously know and REFERENCE indicates direct references to contents of others’ post (Shea et al., 2010).
Moreover, markers can help learners decide what they should focus on (Yue et al, 2015). During the discussion,
other learners discuss topics which have been comprehended by one learner; this can make the learner
interested in the topic and propose his ideas.

With respect to the dependent variable AGREEMENT, the independent variable DEL_MR_YEL
(B = .355, p =.002) accounted for 12.6% of the variance of AGREEMENT: F(1, 74) = 10.644, p =.002. In a
previous study, markers helped learners retrieve their knowledge (Yue et al, 2015). For example, learners can
think of approaches or means through which the unfamiliar content can be comprehended. During the
discussion, this content was proposed by learners because those who know about it had agreed to discussing it.
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Table 4. Results of the regression analysis predicting the social presence indicator VALUE with learning behaviors
during the course

Variable B SEB B t
DEL_MR_RED .164 078 236 2.092*
R2 =.056, Adjusted R2 = .043, **p< .01, *p <.05

Table 5. Results of the regression analysis predicting the social presence indicator QUESTION with learning behaviors
during the course

Variable B SEB B t
DEL MR _RED .082 .030 304 2.741**
R2 =.092, Adjusted R2 = .080, **p< .01, *p < .05

Table 6. Results of the regression analysis predicting the social presence indicator REFERENCE with learning behaviors
during the course

Variable B SE B B t
DEL_MR_YEL .062 .002 .364 3.432**
DEL MO 770 .368 222 2.092*

R2 = .179, Adjusted R2 = .157, **p< .01, *p < .05

Table 7. Results of the regression analysis predicting the social presence indicator AGREEMENT with learning
behaviors during the course

Variable B SEB B t
DEL_MR_YEL 141 .043 .355 3.262**
R2 =.126, Adjusted R2 = .114, **p< .01, *p <.05

In terms of PHATIC as a dependent variable, the independent variable NEXT (B =.397, p =.000) accounted
for 15.8% of the variance of PHATIC: F(1, 74) = 13.844, p = .000. According to Shea et al.’s (2010) study,
PHATIC is identified by greeting. NEXT means turning to the next page while preparing for discussion, which
can motivate the learners to participate in the discussion and greet other learners. Conversely, according to Yin
et al. (2015), NEXT may possibly mean that learners have just read their learning materials. However, in this
study, we cannot prove whether the learners just learned their materials. Hence, in the future, we will analyze
the correlation between learning behavior patterns and social presence.

Table 8. Results of the regression analysis predicting the social presence indicator PHATIC with learning behaviors
during the course

Variable B SEB B t
NEXT .003 .001 .397 3.721**
R2 =.158, Adjusted R2 = .146, **p< .01, *p <.05

5. CONCLUSION AND FUTURE WORK

In this paper, we analyzed the factors of learning behaviors in “BookRoll,” predicting productive participation
in discussion which are identified by social presence indicators in an online learning environment. The results
show that highlighting important content, which help learners decide on the focus area, can promote
participation in a discussion. In addition, deleting important or unfamiliar content related to a basic aspect of
metacognitive learning — knowledge monitoring (Tobias and Everson, 2002) — promotes discussion scripts
expressing emotion by using paralanguage; such discussion scripts are based on learners’ beliefs. The learner
behavior of deleting markers can also affect discussion scripts based on agreement to others’ ideas, questions,
and references to the content of other learners’ posts. However, whether learning behaviors of turning to the
next page is positive and why such behaviors are related to PHATIC needs further analysis.
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In our future work, we will use these findings to improve our visualization system which aims to promote
productive participation in online discussions. The visualization system’s contents related to learning behaviors,
like frequency of markers, memos, and bookmarks in “BookRoll,” should be reconsidered. In line with Yamada
et al. (2015) ‘s research, we will investigate which functions of system affect perceived and expressive social
presence. Moreover, according to the advantages of highlighting learning contents (Yue et al, 2015), we can
visualize some detailed information regarding markers, such as highlighting those contents which were deleted
by learners.
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