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ABSTRACT
In this study we conducted behavioral analyses to gain in-
sights into patterns of user interaction in a video discussion
platform, Vialogues. Vialogues provides an asynchronous
online discussion environment around video. Using a hier-
archical clustering analysis on users’ clickstream data, we
identified four different behavior patterns: (1) video watch-
ers with no discussion activity, (2) opinion seekers and active
repliers with little to no video watching activity, (3) users
who watched and discussed videos, and (4) users focused on
viewing and/or creating metadata. Despite being the largest
group, Cluster (3) had the least classifiable characteristics.
Consequently we conducted additional analyses to examine
finer-grained user segments. For each segment we created a
transition network using weighted directed networks in order
to understand the transition pattern between two consecu-
tive click activities.
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1. INTRODUCTION
Using video as an instructional technology has been a pop-
ular approach across a broad range of educational contexts.
Video provides a way for learners to immediately connect
with subject matter; increasingly, it also provides a way for
learners to connect with each other. A number of benefits
to using video in education have been reported over several
decades of research [7, 8, 10, 11, 5]. While traditional video
platforms primarily support passive learning, social video
platforms, (e.g., YouTube), provide an active learning en-
vironment for learners to discuss video and share content
collaboratively.

Vialogues [1] is an asynchronous online video discussion plat-
form that facilitates collaborative conversations around video.
The platform allows users to comment directly on specific

points in time of a video, as opposed to commenting only in
the comment section that references the entire video. The
main video is shown on the left side of the screen, and the
discussion board is shown on the right side of the screen,
as shown in Figure 1. As described above, all comments are
coded to a specific point in time in the video, and the related
portions of the video are referenced. Also, the discussions
are threaded so that users are able to view and respond to
one another’s comments. The addition of this feature in
Vialogues allows deeper understanding of video by enabling
users to understand the context and to discuss via conversa-
tion threads; this resolves one of the main problems of many
existing video-discussion tools.

Figure 1: An example vialogue page. The page
shows the title and description of the vialogue (top),
the video player (left) and discussion panel (right).

Vialogues provides a comprehensive set of pedagogical tools
to assist teachers to flexibly design and monitor learning ac-
tivities, as well as receive feedback from students based on
instructional needs. Teachers can ask either survey ques-
tions, with a ‘check all that apply’ answer option or devise
poll questions, with a ‘single answer’ option. Teachers are
able to present these questions throughout different points
in the video. In addition, users can either open their discus-
sion to everyone, or they can restrict access to some specific
users. With these additional tools, discussion moderators
can effectively control the quality of their discussion and
tailor a discussion for an intended group of users.

In this paper, we conducted behavioral analyses to gain in-
sights into users’ interaction patterns in Vialogues. We per-
formed several types of analyses on users’ clickstream data
in a step wise way to develop deeper understanding of user



Table 1: Four event categories on Vialogues, (1) video player, (2) video watch, (3) discussion, (4) other
features, and corresponding event actions of each event category

Video Player Video Watch
Discussion

Other Features
Comments Reply Poll

Video ready Watch 3 seconds Post comments Click reply Post poll Pause as typing

Play Watch 10 seconds Click edit comment Reply Add poll item Click time code

Pause Watch 30 seconds Cancel edit comment Expand reply Remove poll item Open Vialogues tab

Mute true Watch 50% Update comment Hide reply Close Vialogues tab

Mute false Watch 95% Click delete comment Open settings tab

Fullscreen true Watch 100% Delete comment Save edit Vialogue

Fullscreen false Save edit Video

Cancel edit Vialogue

engagement. First, we examined the overall usage patterns
based on the distribution of different user actions. Then we
investigated various interaction patterns by using a hierar-
chical clustering analysis. The clustering analysis identified
four user groups and we conducted in-depth analysis on each
groups to understand its distinctive behavior characteristics.
We found that different groups demonstrated different levels
of engagement, particularly in terms of discussion activity.
The findings of this study could be used to create a useful
reference for designing instruction based on video discussion
tools or for developing this kind of learning platforms.

2. DATA
2.1 Data Source
We analyzed the clickstream actions generated as users in-
teract with Vialogues. We considered four event categories
to understand users’ behaviors on a particular vialogue page
(e.g., Figure 1). First, we collected users’ actions interact-
ing with the video player, e.g., play, pause, mute, full screen.
Second, we recorded the video completion rate, e.g, watch
the first 3 seconds, watched 50% of the total duration of
video, etc. Third, we collected actions related to discussion.
For context, Vialogues supports three different ways to par-
ticipate in a discussion: commenting, replying and posting
polls. Actions related to each of these three activities were
collected, e.g, post comments, reply to others’ comments, ex-
pand replies, post a poll, etc. Lastly, other actions were also
tracked including whether they used a “Pause as Typing”
feature which automatically pauses the video while typing
comments; whether they clicked the “Time Code” in the dis-
cussion panel to find the corresponding part of video; and
whether they opened the vialogues tab to see more informa-
tion about the particular vialogue such as the uploader or
the shareable link. Table 1 presents the full list of tracked
actions under each of the four categories described above,
which we defined as ‘Video Player’, ‘Video Watch’, ‘Discus-
sion (Comments, Reply, Poll)’ and ‘Other Features’ respec-
tively. We used the data of users who visited a vialogue page
during the month of September 2017.

2.2 Data Pre-processing
We conducted data cleaning and exploratory analyses to
preprocess the original sample data. First, we excluded via-
logue contents created by Vialogues administrators. Second,
we examined the number of different vialogue pages a user
visited within a single session in order to understand its dis-
tribution and detect any outliers; this numbers varied from
1 to 37 but 95% of the data had values between 1 and 3.

We only considered those 95% of the data and assumed that
the data with values greater than 3 were outliers. We be-
lieve that when a user explores too many contents within
the same session, he or she is less likely to be fully engaged
in watching videos or participating in discussions. Next, we
processed data to create a vector for the sequence of ac-
tions for each case, where cases were defined as a unique
vialogue page within a session for each user. For example,
if a user interacted with two different vialogue pages dur-
ing a given session, two vectors were defined for this user.
We treated them as separate cases because users’ behaviors
can not only be different by sessions but also by vialogue
contents. From this process, we created 6,706 distinct cases
from the September data. In other words, the total unique
sets of sessions and vialogue pages viewed in September 2017
were 6,706. In vialogue pages, by the system setting, users’
first action were logged as “Video Ready”. However, 563
cases out of the total 6,706 started with different event ac-
tions other than video ready. This indicates that some users
could interact with the same vialogue pages through multi-
ple sessions. For example, users may pause their interaction
with Vialogues and come back to the same page after some
period of time. The event actions of those aforementioned
sessions are dependent with the actions of the correspond-
ing previous sessions. Thus, for the purpose of our analysis,
these 563 cases were excluded as they could not be treated
as independent cases like the others. We also examined the
length of action sequences. We found that its distribution
is extremely skewed: 90% of the cases were between 1 and
50 and there were outliers with extreme values up to 357.
After deleting these outliers, we also excluded the first ac-
tion, video ready, from every vector. This event action was
created by default, not by users’ intention, and is present in
every cases, so does not provide any useful information about
the user engagement. After such data processing steps, the
analytic sample from September 2017 included 3,485 unique
cases of 2,972 sessions from 1,516 unique user IDs and 991
unique vialogue contents.

3. OVERALL PATTERN OF USER INTER-
ACTION

In order to understand the overall pattern of users’ behav-
ior on vialogue pages, we first evaluated the frequencies
of event actions in September 2017. This analytic sam-
ple, constructed by the process described above, included
33 event actions from the actions given in Table 1, and ex-
cludes “Video Ready” as described above. Table 2 shows the
frequency count of the top 10 most frequent actions. The
distribution suggests that the actions of playing or pausing



Table 2: Frequency of the top 10 most frequent ac-
tions

Event Action Freq

Video pause 9,818

Video play 8,445

Expand reply 4,262

Video watch 3 Secs 3,070

Video watch 10 Secs 2,839

Video watch 30 Secs 2,575

Post comment 2,157

Video watch 50% 1,878

Video watch 95% 1,181

Click reply comment 1,179

Video fullscreen true 1,109

videos occurred the most frequently, which was expected.
The next most frequent action, interestingly, was expanding
replies. In the platform, users can view others’ first-level
comments without any click activity but they need to click to
read replies to a particular comment. Although the system
cannot capture the action of simply reading others’ com-
ments without clickable actions, “Expand reply” can serve
as a proxy for the behavior of browsing others’ discussion
comments. Then, the events “Watch for 3 seconds,”“Watch
for 10 seconds,” and “Watch for 30 seconds” were the next
most frequent actions in that order. The next most frequent
action was “Post comment” followed by “Video watch 50%”
then “Video watch 95%.” This shows that users are not nec-
essarily watching the complete video before commenting. It
also suggests that some users are commenting while watch-
ing a video. One interesting finding regarding replying to
comments is that the count of “Reply comment” (freq =
907) is less than the count of “Click reply comment” (freq
= 1,179). It is possible that some users tried to reply to
a comment but ultimately decided not to post a reply. It
is also possible that some users were confused by the plat-
form’s layout and clicked the button by mistake. Overall,
it appears that viewers typically browse discussion contents,
watch a video for a certain duration, and post comments
(not replies) before completing a video. It also shows that
people reply to comments (freq = 907) less frequently than
completing 95% of a video (freq = 1,181). Note that these
observations are at the aggregate level and do not take into
consideration different user sessions or time sequences. How-
ever, our goal is not generalization. Instead our goal is to
develop a better sense of overall user activity patterns.

4. IDENTIFYING DISTINCT BEHAVIOR PAT-
TERNS

4.1 Method
To further investigate user groups with distinct behavior
patterns, we conducted a clustering analysis. For clustering,
we created a M × N matrix, where M is the total number
of cases and N is the number of different actions. Columns
indicate unique actions and rows indicate cases defined as
unique vialogue pages visited within an individual session.
The elements of each row are the frequency counts of each
action in each case. In the data processing step, we found
large variation in the total number of actions among dif-
ferent cases, and this may cause invalid clustering results.
To minimize such risks, we normalized each row and then
computed the distances between the pair of rows using the

cosine similarity. The cosine similarity measures the simi-
larity based on the angle between two vectors ignoring the
frequency of each element. For two vectors, a = {ai} and
b = {bi} for i = 1, ...,M , the cosine similarity is calculated

by Similarity = cos(θ) = a·b
||a||2||b||2

=
∑M

i=1 aibi√∑M
i=1 a2

i

√∑M
i=1 b2i

.

The corresponding distance was computed by 1−Similarity.
Using the cosine-based distances, we applied Ward’s hierar-
chical cluster method [6]. Specifically, we used the “agglom-
erative approach” which goes from the bottom up. This
approach starts with each data point in a cluster of its own.
Then, it repeats the process of finding the most similar pair
of clusters and merging them until all data are merged into
only one cluster. The Ward’s method uses the minimum
variance criterion which minimizes the total within-cluster
variance: at each step, combine two clusters whose merge
results in the smallest increase in the total within-cluster
variation. We determined the optimal number of clusters
based on the Calinski-Harabasz (CH) index [2]. The CH in-

dex is calculated by SSB/(k−1)
SSW /(N−k)

, where k is the number of

clusters and N is the total number of cases. SSB is the total
between-cluster variance, which measures how spread apart
the groups are from each other; and SSW is the total within-
cluster variance, which measures high tightly grouped the
clusters are. As the number of clusters increases, SSB keeps
increasing while SSW keeps decreasing. The CH index finds
the clustering assignment that simultaneously has a large
SSB and a small SSW by using the variance ratio criterion;
the largest CH index occurs with the optimal number of
clusters. The analysis was conducted using hclust() in R.

In order to interpret each of the different clusters, we con-
sidered the proportion vector of actions for each case. This
is calculated by the frequency of the particular action (e.g.,
play video) divided by the count of all actions. This allows
for more intuitive interpretation than using the normalized
vectors and still resolves the issue that arises from varying
the total number of actions for different cases. For each of
the resulting clusters, we then calculated the average of the
above described proportions across all the cases that were
assigned to the particular cluster. Based on these metrics,
we interpreted each cluster to identify distinct patterns.

4.2 Results
The resulting dendrogram from the Ward’s hierarchical clus-
tering is shown in Figure 2. The computed CH index sug-

Figure 2: Dendrogram of results from the Ward’s
hierarchical cluster method



Figure 3: The four cluster profiles, or interaction
patterns

gested four clusters as the best number of clusters. For each
cluster, we examined the size of the cluster and the distri-
bution of different actions based on the average proportion
of each action per case, as described in a preceding method
section. In order to understand the different patterns of
each cluster, we plotted the average proportion of actions.
Figure 3 illustrates each cluster’s profile; in the x-axis, we
listed different actions that exhibit similar characteristics.
We first listed actions related to video watching behavior
and labeled as “Watch (Video)”: (in the listed order) video
play, video pause, video mute true, video mute false, video
full screen true, video full screen false, video watch 3 seconds,
video watch 10 seconds, video watch 30 seconds, video watch
50%, video watch 95%, video watch 100%. Then, we listed
those actions related to discussion activity and labeled it as
“Read & Interact (Discussion)”: (in the listed order) post
comment, expand reply, hide reply, click time code, pause
as typing, reply comment, click reply comment, click delete
comment, click edit comment, cancel edit comment, update
comment, delete comment, post poll, remove poll item, add

poll item. As the last category, we listed actions related to
viewing and creating/managing meta data and labeled as
“View & Manage (Metadata)”: (in the listed order) open
vialogues tab, close vialogues tab, open settings tab, save
edit vialogue, save edit video, cancel edit vialogue.

A graphical analysis of Figure 3 leads to the following ob-
servation: Cluster 1 shows high focus on video watching
activities with no noticeable occurrence of other actions. In
Cluster 2, the peaks, representing locally frequent actions,
are somewhat spread out, but the graph shows the highest
concentration in video watching and discussion activities.
In Cluster 3, frequent actions are centered around the view-
ing and creating metadata. Cluster 4 shows a heavy focus
on discussion activities with very limited number of other
activities.

Based on the preliminary analysis of the graphs, we con-
ducted additional examinations to understand each cluster.
For the purpose of this examination, we assigned ranks based
on the frequency of actions occurring in each cluster. Ta-
ble 3 presents the top 10 most frequent actions on average
for each cluster. In Cluster 1, the frequent actions were all
related to the video watching activities: video play/pause,
watch a video for a certain duration of time, and use of
a full screen mode, which suggests that Cluster 1’s domi-
nating pattern is pure video watching. In Cluster 2, how-
ever, we observed that the discussion activities (post com-
ments, expand reply) were also present in addition to video
watching actions. These discussion activities were limited to
the first-level interaction, and are more interactive than just
watching video. However, there was limited interaction with
other users/viewers. In other words, users in Cluster 2 were
commenting on the video but not discussing the video with
other users. Cluster 3 was unique in that the most frequent
action was “Open vialogues tab” which is often used when
users look for other information about the specific video
such as the uploader, the upload date, and sharing features.
The proportion of such actions was dominant at 0.64 while
other actions’ proportions were less than 0.1. Additionally,
for this cluster, other actions related to editing and setting
the vialogue contents were the next most frequent actions:
save/edit vialogue, open settings tab, which are only allowed
for content creators and moderators. Thus, the behaviors
present in Cluster 3 predominantly consist of exploring the
peripheral information and creating/editing vialogue meta-
data. In Cluster 4, the most frequent action was expanding
others’ replies, with the proportion of 0.69. This cluster
showed the heightened focus on discussion activity in that
eight of the top 10 actions were discussion-related: expand
reply, click reply comment, hide reply, reply comment, click
edit comment, update comment, cancel edit comment, post
comment. The remaining two actions were video play/pause
and no video watching for a certain period. Thus, Cluster 4
represents “opinion seeking” and “replying” behaviors.

In terms of the cluster size, the sizes were 1,137, 1,508, 282,
558 for Cluster 1, 2, 3, and 4, respectively. It is noteworthy
that Cluster 2 is the largest cluster; 43% (= 1,508/3,485)
of cases were assigned to Cluster 2, which was characterized
as a mix of video watching and discussion activities. This
behavior pattern, which combines both video and discussion,
was expected to be the most popular pattern considering



Table 3: Top 10 most frequent actions and the averaged proportions in each cluster
Cluster 1 (size = 1,137) Cluster 2 (size = 1,508) Cluster 3 (size = 282) Cluster 4 (size = 558)

Video play 0.255 Video pause 0.292 Open vialogues tab 0.639 Expand reply 0.684

Video watch 3 Secs 0.144 Video play 0.187 Close vialogues tab 0.08 Click reply comment 0.071

Video watch 10 secs 0.129 Video watch 3 secs 0.08 Save edit vialogue 0.056 Hide reply 0.068

Video watch 30 secs 0.109 Video watch 10 secs 0.069 Open settings tab 0.051 Reply comment 0.044

Video pause 0.078 Post comment 0.067 Video play 0.039 Click edit comment 0.02

Video watch 50% 0.069 Video watch 30 secs 0.053 Video pause 0.028 Update comment 0.016

Video watch 95% 0.046 Expand reply 0.043 Video watch 3 secs 0.022 Cancel edit comment 0.014

Video watch 100% 0.04 Video watch 50% 0.033 Video watch 10 secs 0.017 Video play 0.012

Video full screen true 0.038 Video full screen true 0.02 Video watch 30 Secs 0.012 Video pause 0.011

Video full screen false 0.035 Video full screen false 0.018 Post comment 0.008 Post comment 0.01

that the key feature of Vialogues is its support of discussion
around video content. Also noticeable was Cluster 3, which
had the smallest size, with only 282 cases present (8% =
282/3,485). Cluster 3 consisted of exploring and creating
metadata. Its small cluster size can be partially explained
by the fact that most frequent actions of Cluster 3 were
creating or editing activities available only to creators or
moderators, not participants.

5. TRANSITION PATTERNS BETWEEN DIF-
FERENT EVENT ACTIONS

As the core objective of Vialogues is to promote discussion
around video, it is important to evaluate the case in which
users’ usage patterns exhibit both video watching and dis-
cussion activities, e.g., identifying sequences of actions [4].
In the clustering analysis above, Cluster 2 was the largest
group with both video watching and discussion, but did not
show a clear classifiable pattern. Thus, we examined finer-
grained user groups out of Cluster 2. In the Ward’s clus-
tering analysis, when the number of clusters increased to 6
(compared to 4 in the above analysis), Cluster 2 was fur-
ther broken down into 3 clusters while Cluster 1, 3 and 4
remained as is. For the 3 sub-clusters generated from Clus-
ter 2, using the same approach, the average proportions of
actions were examined. In this case, however, we only exam-
ined the actions associated with video watching and discus-
sion: video watch 3 secs, video watch 10 secs, video watch
30 secs, video watch 50%, video watch 95%, video watch
100%, click timecode, expand reply, post comment, and re-
ply comment. Using only these 10 actions, the proportions
of action frequency were recalculated for each action (i.e.,
the frequency of each action divided by the total number
of frequency of 10 actions). Figure 4 presents profiles of
each sub-clusters. Sub-cluster 1 represents modest amounts
of both video watching and discussion, with a high propor-
tion of posting comments among discussion activity. On
the other hand, Sub-cluster 2 and 3 show heavier focus on
discussion activities. Sub-cluster 2 had the highest propor-
tion of “posting comment” action and Sub-cluster 3 had the
highest peak at the “expanding replies” action.

We further examined each of the sub-clusters to understand
the sequence of actions when users are involved in both video
watching and discussing activities. We assumed that previ-
ous actions may potentially influence the following actions
and sought to explore the path that a user takes to partici-
pate in discussion. We performed a transition network anal-
ysis, specifically applying weighted directed networks [12].
The benefit of this method is that we can discover the tran-

Figure 4: Profiles of three sub-clusters of Cluster 2

sition pattern between the two consecutive click activities
and also gain insight about the degree by which the same
action transition patterns appear. We generated weighted
directed networks for each sub-cluster using the ngram [9]
and igraph [3] packages in R.

The networks for three sub-clusters are presented in Figure
5. Each action name was abbreviated as follows: ‘s’ is the
indication of start, ‘V-S’ indicates video watching for 3, 5,
10 seconds, ‘V-50’ includes video watching 50%, 95%, 100%,
‘PC’ indicates posting comments, ‘CT’ is clicking timecode,
‘ER’ indicates expanding others’ replies, and ‘RC’ is replying
to others comments, and ‘e’ indicates the end of the action.
The directed edges indicate transition between two consec-
utive actions and the width (weight) of the edges indicates
the number of that transition occuring. The node size for
each action indicates the total number of frequency of the
particular action in the aggregated sequence set.

The left network describes transition patterns of Sub-cluster
1. Since it was characterized by a combination of a modest
amount of both video watching and discussion activities, the
directed edges exist for various combinations of actions with
similar weights. Specifically, the transition from ‘s’ to ‘V-S’
had the largest weight, indicating many users in this sub-
cluster started by watching a video rather than conducting
other actions. Other frequent transitions were one from ‘V-
S’ to ‘V-50’ and two transitions from each of the ‘V-S’ and
‘V-50’ to ‘PC’. Overall, transitions between video watching
and posting comments were dominant. The network for Sub-
cluster 2 is presented in the middle. For this sub-cluster, the
most frequent action was posting comments. Interestingly,
the graph shows heavy weights on the edge from ‘s’ to ‘PC’



CT

ER

PC

RC

S

V−50

V−S

E

ER

PC

RC

S

V−50

V−S

E

CT

ER

PC

RC

S

V−50

V−S

E

Figure 5: Weighted directed networks for Sub-cluster 1 (left), Sub-cluster 2 (middle) and Sub-cluster 3 (right)

and the one from ‘PC’ to ‘e’, which implies that users in
this cluster tend to post their comment at the beginning
even before watching a video and then leave the page. This
could indicate that some users might read others’ first level
comments (which does not generate clickstream data in the
current system) and then post their own comments. If this
conjecture proves true, an interesting question for this group
would be why are these users only posting first-level com-
ments without replying to others’ replies. This could be
a future area of inquiry that helps to uncover users’ path
to interactive online discussion around video. Lastly, for
Sub-cluster 3, the transitions from replying to comments
(RC) to expanding other replies (ER) were noticeable. An
interesting finding from this graph is that interactions with
replies was not necessarily derived from video watching since
we could not observe any significantly noticeable transition
from video watching to interactive discussion with others.
This suggests that for some group of users, others’ comments
or other factors that were not captured in clickstream data
might have greater effects on replying behavior rather than
the video itself.

6. CONCLUSION
In our study, we identified users’ behavior patterns on Via-
logues in an exploratory manner. It is important to note
that while there exist a number of academic studies on the
value of video based education, there are limited research
papers that specifically deal with the discussion in the con-
text of a video platform. This paper contributes to the field
since it is focused on online video-based discussion, which
was made possible through the Vialogues video discussion
platform. Clustering analysis of different user group behav-
iors can provide a point of reference for future studies but
more importantly, this can help educators to enhance video-
based instruction and learning.
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