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ABSTRACT

This article explores video-viewing behavior when videos are wrapped in interactive content in the case
of iOtok, a 13-episodes web documentary series. The interaction and viewing data were collected over
a period of one year, providing a dataset of more than 12,200 total video views by 6000 users. Standard
metrics (video views, percentage viewed, number of sessions) show higher active participation for
registered users compared to unregistered users. Results also indicate that serialization over multiple
weeks is an effective strategy for audience building over a long period of time without negatively
affecting video views. In viewing behavior analysis, we focused on three perspectives: (i) regularity
(watching on a weekly basis or not), (ii) intensity (number of videos per session), and (iii) order of
watching. We performed a perspective based and combined perspectives analysis involving manual
coding techniques, rule-based, and k-means clustering algorithms to reveal different user profiles
(intermittent, exemplary, detached, enthusiastic users, and nibblers) and highlight further viewing
behavior differences (e.g., post-series users binge-watched more than concurrent users during first
13 weeks while the series was weekly released). We discuss how these results can be used to inform

the design and promotion of future web documentaries.

1. Introduction

Web documentaries offer an interesting platform in terms of
interactivity and storytelling approaches. While they rely on
various media such as pictures, audio narrations and docu-
ments, their core component is often one or several videos.
Understanding video viewing behavior can guide video design
(e.g., in terms of length, content) and help researchers and
practitioners to better understand how it can affect the view-
ing experience.

In contrast to other platforms such as social media sites and
video-on-demand services, there is little research about and
available datasets on the consumption of videos for web docu-
mentary series accessible over a long period of time with several
unanswered questions such as: How do users consume already
available content? Do they binge-watch the series? Do they
watch the episodes (videos) in the order they were released?
How regularly do users return to the web portal to access new
episodes? Compared to common video-on-demand, web docu-
mentaries include interactive activities and discovery processes
around video content. Demanding active user participation can
have a significant effect on video watching behavior which, to the
best of our knowledge, has not been explored before.

We report on the evaluation of the web documentary
iOtok over a period of one year. This documentary is one of
the rare serialized web documentaries and as we had an
opportunity to team up with filmmakers this provided a rare
opportunity to study the aforementioned questions.
Documentary was intended for Slovene and Croatian audi-
ences (6 million potential viewers) interested in the life of 13

remaining inhabitants of an island. The web portal was built
for desktop computer consumption. Based on the analysis of
logs collected this article provides the following contributions:
(i) a detailed analysis of users’ viewing behaviors based on
time of visit (concurrent users during the time episodes were
released on a weekly basis vs post-series users after no epi-
sodes were released) and the type (unregistered vs unregis-
tered); (ii) a set of metrics and rules for audience
segmentation based on three viewing behavior perspectives
(intensity, regularity, and order), which were defined based on
a combination of manual coding, domain knowledge, and
k-means clustering algorithm; and (iii) a set of recommenda-
tions for the design and promotion of web documentary series
based on the results presented in the article.

The article is structured as follows. We first provide an over-
view of the literature on online video watching. We then briefly
describe the web documentary and provide a summary of find-
ings published in the previous article. In Section 4 we report on
an in-depth and quantitative analysis of the consumption of
iOtok videos. In Section 5 we discuss our findings in the light
of existing research of online viewing behaviors and discuss
implications for the design of web documentaries.

2. Related work
2.1. Interactive web documentaries

Over the last decade, interactive documentaries have been
largely discussed within the field of media studies in respect
to production, audience reception, and narrative discourse
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(Galloway et al, 2007; Nash, 2014a; Vazquez-Herrero &
Gifreu-Castells, 2019). They are defined as any project that
documents the “real” and uses digital technologies to provide
interactivity as a core part of the delivery mechanisms (Aston
& Gaudenzi, 2012; Galloway et al., 2007). Web technologies,
supporting various interactive features, have been used for the
creation of several interactive documentaries (O’Flynn, 2012),
alongside newer forms that rely on Augmented or Virtual
Reality (Fisher, 2016; Nash, 2018; Weidle, 2018). A more
comprehensive review on this topic is available in (Ducasse
et al., 2020).

2.1.1. Modes of interactivity

Aston and Gaudenzi (2012) identified four modes that char-
acterize how users can access the documentary content: the
conversational, participatory, experiential, and hitchhiking/
hypertext mode, to which iOtok belongs. In hypertext mode,
users are invited to click on interactive elements, jumping
from one screen to another and actively discovering or con-
structing the story (Aston & Gaudenzi, 2012), with videos as
the main element (Almeida & Alvelos, 2010). Selecting
between various options available and switching between dif-
ferent parts of the documentary gives viewers a sense of
autonomy as well as enables filmmakers to force viewers
toward a particular content or to encourage them to explore
something in-depth. Illustrative examples of hypertext docu-
mentaries include: Bear 71,' Out of my Window,”> Gaza/
Sderot: Life in Spite of Everything’ and Journey to the End
of Coal.*

2.1.2. Existing studies

Existing literature on interactive documentaries mainly covers
theoretical understanding on how interactivity affects the
narration, the filmmaker’s discourse or relationships with
the audience. For example, it has been discussed whether
story branching and fragmented content reduce engagement
and the filmmaker’s power to “argue” (Forceville, 2017), how
the navigation techniques can shape viewers’ experience giv-
ing them a sense of freedom (Dubois, 2018), and how the
design choices support viewers™ sense of control, “sense of
place” and “sense of self” based on the semiotic framework
(Nogueira, 2015).

While such analyses are necessary to form the theoretical
foundation of the genre, they also need to be complemented
and supported by empirical evidence. However, so far, such
empirical studies are sparse. Nash (2014c) discussed the
reception of the web documentary Bear 71 by analyzing verbal
comments made by 23 participants. Pettengil (2017)
addressed the user experience in interactive documentaries
through a study of Bear 71 with 15 participants. Alkarimeh
compared three versions of one documentary (non-interactive
vs low/high interactive) with 360 participants (Alkarimeh,
2019). The study mainly relied on interviews and a small set
of empirical data (e.g., number of pages viewed). In a previous
study, we provided a comprehensive quantitative analysis of
iOtok based on over 20,000 sessions, focusing on the naviga-
tion paths that users had to follow to reach a core video
(Ducasse et al., 2020).

The analysis of in-the-wild and quantitative data is essen-
tial to better understand how users interact with web docu-
mentaries as well as how they consume videos in order to
provide filmmakers with evidence-based recommendations.

2.2. Metrics for online videos

The consumption of online videos is continuously increasing
and several metrics to measure it was proposed by the indus-
try and scholars. The most popular video website YouTube
uses the following metrics to assess how well a particular
video performs: (i) video views refer to how many times
a video was watched for 30 seconds or more; (ii) watch time
refers to the total time spent by users watching the video; (iii)
average view duration is the ratio between watch time and
video views; (iv) average percentage viewed (sometimes
referred to as audience retention rate) is measured as the
ratio between average view duration and the length of the
video; and (v) absolute audience retention reflects the most-
watched moments of the videos and parts with high drop-off
rates. Other metrics are related to audience demographics
(countries) and to contextual information such as traffic
sources and devices used.” Another metric often mentioned
online is video engagement, which is described as the percen-
tage of viewers who make it to 10%, 20%, ... 100% marks
(these marks can be different for different services)® of
a particular. While YouTube combines (ii) and (iii) to
describe engagement with all the videos available (or the
ones on a particular playlist).

Despite the fact that the data on audience retention for
sites such as YouTube are not publicly available (Altman &
Jiménez, 2019), several companies provide estimates of the
average percentage viewed, ranging from 35-40%’ to 50-60%°
with above-average values between 60% and 70%.” According
to Wistia,'” the average percentage view significantly varies
between videos that are 2-3 minutes long (65%) and videos
between 6 to 12 minutes (50%). The average percentage
viewed continues dropping for longer videos (45% for 20 min-
utes long videos). Maggi et al. (2018) also report that the
average video watch-time is less than 70%, and the longer
the video the shorter its watch-time.

There are several factors that could explain why users stop
watching videos: lack of interest, interruptions, quality of the
video, etc. While the general trend is to make videos shorter
(e.g., 15 seconds on TikTok and Instagram’s Reels), in some
contexts long videos are not an issue and users exhibit binge-
watching behaviors even for 1-hour-long shows (Trouleau
et al., 2016). In the context of web documentaries, there are
no available data regarding the time spent on videos and the
“ideal” length depends on the content (Almeida & Alvelos,
2010). However, web documentaries have relatively low and
varying average view duration: 5 minutes out of 90 for
Moneyocracy (Epstein & Knowlton, 2015), 5.5 minutes out
of 3 hours for Hollow (Aufderheide, 2015; Epstein &
Knowlton, 2015), 10 minutes out of 20 for Journey to the
End of Coal (Aufderheide, 2015), and 60 minutes for 20% of
registered users for Prison Valley."'



2.3. Viewing behaviors

The above-mentioned metrics intended for individual videos
cannot be simply applied to a series of separated and related
videos. In such cases, a popular concept of binge-watching
can be used. It is defined by the Oxford Dictionary as “the
practice of watching several episodes of a TV show on one
occasion.”? Binge-watching has become widespread with
video streaming services such as Netflix and the results from
surveys published in 2013 and 2018 by Netflix-Harris Poll'®
and Morning Consult'* show similar trends of around 60% of
respondents binge-watching regularly (watching 2-6 episodes
of the same TV show in one sitting).

Within academia, research has mainly focused on defining
binge-watching (Flayelle et al., 2020; Merikivi et al., 2020) and
studying the motivations for and its consequences (Pittman &
Sheehan, 2015; Rubenking et al., 2018; Shim et al., 2018; Sung
et al,, 2018). In a systematic review on the topic, Merikivi et al.
(2020, p. 10) analyzed several definitions and proposed
a convergent one stating that binge-watching consists in
“viewing more than one episode of the same serialized video
content in a single sitting with one’s own pace and time.” As
such, binge-watching differs from casual viewing, defined as
“self-scheduled single-episode sessions.”

Trouleau et al. (2016) proposed a systematic approach to
better predict and characterize binge-watching viewing prac-
tices. Their model takes into account several factors, such as
the day of the week (e.g., users have shorter viewing sessions
on weekdays compared to weekends), the start hour of the
session (e.g., more users watch the shows during weekend
nights than weekend days), the device used, and the genre
of the show. This model revealed different types of sessions
(normal, binge-watched or hyper-binge-watched) and could
predict the transitions from one to another. There is also
a link between session type and the order in which episodes
are watched: the most sequential watching happens in normal
sessions (97%), followed by binge-watching (84%), and hyper-
binge-watching sessions (76%). This work emphasizes the
relevance of statistics models to categorize users, an approach
that has not been considered for web documentaries.

However, the authors state that the number of episodes
watched in a normal or (hyper)-binge session also depends on
the length of the episodes. It is not surprising that recent studies
took the time of sessions into account. Some researchers con-
sidered viewing sessions to be binge-watching if they lasted at
least one hour (Rigby et al., 2018) with the average duration of
such sessions lasting just over two hours (Castro et al,, 2021). In
addition, the type of episodes (independent vs sequential/con-
nected) also affects behavior with sequential as more likely
binge-watched or watched out-of-order (Lu et al., 2019).

2.4. Contributions

Publicly available quantitative research on web documentaries
is scarce and we contribute to the literature in several ways:

(i) Our analysis is based on a large dataset of empirical
data (over 12,200 videos), collected in-the-wild over
a period of 1 year.

(ii) iOtok is a serialized web documentary and differs
from other web documentaries mentioned. It is
timely to study watching such documentaries since
serialization has become a common strategy to keep
the audience engaged over several weeks (e.g., IGTV
series on Instagram, weekly release of videos on
YouTube channels, Netflix original series, etc.).

We compare data from users who accessed the web
documentary when it was released (concurrent users)
and data from users who accessed it later on (post-
series users). This distinction can help researchers
and practitioners to better segment and understand
their audience.

Our analysis offers a novel set of metrics (e.g., total
video views in a catch-up session, etc.) that cover
a larger range of users’ behaviors, expanding what
was done in previous studies. (v) We introduce an
additional level of objectivity into our audience seg-
mentation analysis by combining manual coding
techniques with machine learning. This helped us
identify different users’ profiles (e.g., followers,
binge-watchers, independent, etc.) and highlight
further viewing behavior differences between groups
(e.g., post-series users binge-watched more than con-
current users).

(iii)

3. Material and methods

This section provides a brief description of iOtok and high-
lights previous findings that framed the analysis presented in
this article.

3.1. Description of iOtok

iOtok is a web documentary of 13 episodes released on
a weekly basis. Each episode tells a story of one or two (out
of 13) inhabitants of a Croatian island threatened by mass
tourism. Episodes start with an animated 360 explorable
panorama of the island and its buildings. Some buildings are
presented with a blinking contour to indicate they are click-
able. Upon clicking, another panorama of the surroundings or
interior of the selected building is shown. A short audio
narration (up to 25 seconds) introducing the episode precedes
before the scene becomes interactive. As before, interactivity
is provided through an element with a blinking contour (e.g.,
a book, furniture, person) and by clicking on it, users reach
a 10 to 15 minutes long video of that building’s inhabitant(s)
or building’s story. Some episodes have three panoramas.
After watching the video, users are presented with the last
panorama before the video was reached. Registered users can
collect souvenirs (a recipe, poem, etc.) by clicking on another
interactive element with a blinking contour. They are then
invited (default for unregistered users after seeing the video)
to watch the next episode if available or to return to the home
page. See (Ducasse et al., 2020) for a more detailed descrip-
tion. For episodes with more than one video, we considered
only the “main” one (video describing a story of inhabitants
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or buildings, the longest video). Therefore, we report results
on 13 videos, one for each episode.

3.2. Previous findings

The findings in (Ducasse et al., 2020) covered audience recep-
tion and interaction with the web portal during the 13 weeks
when episodes were released. We showed that each click on
the interactive elements before reaching the video led to
a considerable dropout for unregistered users (about 33%).
The serialization of iOtok was relatively successful with high
return rates for registered users and significantly higher aver-
age time on site compared to other web documentaries. The
weekly newsletter sent to registered users and online promo-
tion of new episodes encouraged registered users to return to
the web portal regularly. However, this was also very likely
interplayed with other factors (motivation of the audience,
quality of the video content, etc.). Therefore, the effect of
serialization on consuming video content in web documen-
taries requires further investigation.

In this article, we use data over a one-year period to
investigate the difference in consumption whether the epi-
sodes (videos) are being released on a weekly basis (serialized
through the first 13 weeks) or all the episodes (videos) are
available at once (from week 14 and onwards), removing the
aforementioned bias from results related to serialization. We
do this through video watching behavior.

3.3. Data collection and analysis

We only collected data of users who agreed to participate in the
study. Two events related to videos were saved together with
a timestamp and user ID: launching the video (automatically
played after clicking on the last interactive element) and finish-
ing the video (if the close button in the top-right corner of the
video was clicked or when the video reached the end).

Due to a delay in the implementation of the logging sys-
tem, it should be noted that:

® Logs were collected from 21 January 2017, ie., 4 days
after the release of the first episode.

® Tracking of unregistered users’ video events started on
4 February 2017.

® Unregistered users were assigned a different ID for every
visit on the website until 21 February 2017, making it
impossible to count how many videos were watched by
unregistered users until that date.

Web server logs also come with two limitations: (i) one user
ID can represent several users if they use the same device (e.g.,
family members) and (ii) if the user closed the web browser
while video was playing no event was recorded.

We report effect sizes with 95% Confidence Intervals (CI)
instead of a p-value, together with means or medians and 95%
bootstrap Cls for all values, including pairwise comparisons
(i.e. differences between registered and unregistered users or
between concurrent and post-series users). For proportions,
we report the 95% CI interval using the Wilson score interval.

4. Results

Throughout the article, we only take into account users who
watched at least one video and divided them into four groups
based on type:

® registered: users who created an account on the web
portal and received a weekly newsletter;
® unregistered: users who did not create an account;

and time of visit:

® concurrent: users who first accessed the web portal dur-
ing the 13 weeks of the distribution;

® post-series: users who first accessed the portal after all
episodes were released (17 April 2017-26 February 2018).

We use the term “user category” to refer to one of the
following four groups: (i) concurrent registered, (ii) concur-
rent unregistered, (iii) post-series registered, and (iv) post-
series unregistered users.

4.1. Number of users and video views

Our web log did not collect demographic information, but an
approximation could be obtained from the followers on
Facebook pages (N = 2554). The data show nearly even dis-
tribution between genders and with the highest number of
users in the age group 35-44 (cca 30%), followed by 25-34
and 45-54 (cca. 24% each), 55-64 (cca. 10%), and the rest
(Ducasse et al., 2020).

4.1.1. Overview

Table 1'° shows the number of users and a sum of video views
for all videos (total video views) within each user category.
Concurrent users account for 89% of all users, which reveals
that promotion of the documentary during the first 13 weeks
was efficient (Facebook, online news portals, newsletter).
Once the active promotion stopped, the number of new
users dropped significantly (5411 concurrent users in
3 months vs 679 post-series users in 10 months). Google
Analytics data show that 51% of concurrent users accessed
the web portal through direct source (e.g., typing the URL,
opening a bookmark), compared to 90% for post-series users.
In addition, 36% of social media traffic was made by concur-
rent users compared to 4% by post-series users.

A large majority of concurrent (4774/5411 = 88%) as well
as post-series users (601/679 = 9%) were unregistered.
Interestingly, the ratio between registered and unregistered
users is nearly the same for concurrent and post-series users.
Total video views for registered users (12%) account for 37%
of all total video views, which means that total video views for
registered users is a lot higher than for unregistered users.

4.1.2. Per week

From Week 2 to Week 13 (23 January 2017-16 April 2017)
the average weekly number of concurrent users was 570 (CI
[460, 680]) compared to post-series users 16 (CI [13, 22]).
Figure 1 indicates the total video views for each user category



Table 1. The number (share) of users (U) and total video views (share) (V) for each user category.
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Figure 1. Total video views for each user category by week.

by week. The large majority of concurrent users (green) did
not watch any video after the release of the last episode.

From Week 2 to Week 13 (23 January 2017-16 April 2017)
the average weekly video views per concurrent users was 830
(CI [690, 980]; as video logs were not fully implemented for
unregistered users until 4 February this is a low estimation)
compared to post-series users 37 (CI [28, 61]). Post-series
users watched 45% of total video views for this group within
the first 3 months after the release of the final episode (up to
16 July), 80% within the first 6 months (up to 15 October) and
93% within the first 9 months (up to 15 January).

4.2. Video views

4.2.1. Per episode

The video from Episode 1 has the highest video views: they
represent 18% of the total video views for concurrent regis-
tered users, 26% for concurrent unregistered users, 10% for
post-series registered users and 40% for post-series unregis-
tered users. Excluding the video from Episode 1, the average
video views per video varies more for concurrent users
(mean = 680, CI [590, 760], SD = 162.4) than for post-series
users (mean = 100, CI = [86, 120], SD = 29.6). This was
expected since the number of videos available increased line-
arly every week for concurrent users, whereas post-series users
had all videos available.

4.2.2. Per user
As a reminder, web logs tracking unregistered users were not
implemented until 21 February 2017. In this section only, we

Post-series — Unregistered Post-series — Registered

therefore take into account data for unregistered users who
first visited the website from 21 February 2017.

Figure 2 shows that registered users have a higher average
video views than unregistered users with the overall difference
3.4 (CI [3.0, 3.7]). A difference between concurrent registered
and unregistered users is 3.3 (CI [3.0, 3.7]) and for post-series
users 3.8 (CI [2.8, 4.7]). The difference in the average video
views between concurrent and post-series registered users is
-0.66 (CI [-1.69, 0.30]), while for concurrent and post-series
unregistered users —0.21 (CI [-0.40, —0.10]).

4.2.3. Percentage of users watching 1, 2, 3 ... 13 videos
Figure 3 shows a detailed analysis of the percentage of users
who viewed a particular number of videos - from 1 to 13.
Note that total video views for a user can be higher than 13 if
they watched one video several times. The majority of unre-
gistered users watched only one video (83% of concurrent
unregistered users, and 84% of post-series unregistered
users) compared to 31% of concurrent and 15% of post-
series registered users.

A relatively lower percentage of concurrent registered users
watched 12 or 13 videos (15%) compared to post-series regis-
tered users (15%), suggesting that the availability of all epi-
sodes encouraged more users to consume all or “all-but-one”
videos.

4.2.4. Per user and per session

A new viewing session started if users launched no other
video for 30 minutes or more. This standard for Google
analytics makes sense for our web portal where besides
a video, each episode contains interactive panoramas,
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Figure 2. Average video views per user for each user category.

Concurrent
Unregistered
N =3210
Concurrent
Registered
N =637
Post-series
Unregistered
N =601
Post-series
Registered
N=78

83%

31% 18%

84%

15% 15% 14%

Total video views

per user 1 2 3

7%

75 100

18%

50

Share, %

NN
4 5 6 7 8 9

10 11 12 13

Figure 3. Percentage of participants with a certain total video views per user. For example, from post series registered users 15% had 1 total video views per user,

15% 2, 14% 3, 18% 4, ..., 12% 12 and 12% had 13 total video views per users.

narrations, souvenirs, chats, etc. (e.g., 15 minutes gap is used
for video on demand sessions (Castro et al., 2021)). The
average video views per session per user was highest for post-
series registered users (mean = 3.4, CI [2.9, 4.2]), followed by
concurrent registered users (mean = 1.8, CI [1.7, 1.9]), post-
series unregistered users (mean = 1.4, CI [1.3, 1.6]) and
concurrent unregistered users (mean = 1.2, CI [1.1, 1.2]).
The average number of sessions was highest for concurrent
registered users (mean = 3.0, CI [2.8, 3.2]), followed by post-
series registered users (mean = 1.7, CI [1.5, 2.0]) and unregis-
tered users (mean = 1.1, CI [1.1, 1,1] for concurrent users;
mean = 1.1, CI [1.1, 1.2] for post-series users).

4.3. Average percentage viewed and video engagement

View duration is defined as the time elapsed between the
“launch video” event and the next event (video closed, fin-
ished, a click on a link on the page). If no event was recorded
after “launch video” (e.g., a web browser was closed), view
duration could not be computed. Therefore, we only consid-
ered 85% of total video views for which view duration is
known. If we sum up all view durations for a particular
video we get the watch time, while average view duration is
the ratio between the watch time and video views.

The “Average Percentage Viewed” (APV) is the ratio
between the average view duration for a video and its actual
length. The APV can exceed 100% if the video takes time to
load, users pause it or replay (parts of) it. All APV values
superior to 100% have been remapped to 100% to avoid
overestimating. The last-term video engagement describes
the percentage of viewers that watched more than 0%, 10%,
20%, ... 90% of a particular video (aggregated APV values).

4.3.1. Average percentage viewed per user category
Figure 4 shows the APV for each user category. Concurrent-
registered users consumed more video content than concur-
rent unregistered (diftf = 1.3%, CI = [-1.5, 4.1]). Post-series
registered users also consumed more video content than post-
series unregistered users (diff = 10.6%, CI = [2.7, 18.2]).
Among registered users, there was no difference between
concurrent and post-series users (diff = —0.4%, CI [-7.4,
6.9]). Among unregistered users, concurrent users consumed
more video content than post-series users (diff = 8.8%, CI
(5.0, 12.5]).

These results suggest that the availability of all videos
encouraged post-series unregistered users to skip some parts
of the videos, a behavior that was not observed for post-series
registered users and for concurrent users.
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Figure 4. Average percentage viewed (viewing time divided by video length) for each user category.

4.3.2. Video engagement

Figure 5 shows the average video engagement graph for each user
category. Results for concurrent users are in line with aforemen-
tioned findings: concurrent registered users showed higher video
engagement than both categories of unregistered users. Given the
low number of data points per interval per video for post-series
registered users (dark orange), trends should be carefully
interpreted.

All four user categories present a high drop-off rate at the
beginning of the video. The rate was lower for concurrent
registered users (—7.3%) than for concurrent unregistered
users (—12.3%), post-series registered users (-13.7%), and
post-series unregistered users (—14.3%).

Figure 6 shows the video engagement graph for each video for
concurrent users. Both concurrent registered and concurrent
unregistered users were not likely to consume the video from
Episode 1, which also showed a particularly high initial drop-off.

Concurrent - Unregistered

N =3770
Concurrent — Registered
N =614
100 \-7%
& -14%
?
8 8o
—
o
0]
)]
8
®
O 60
]
o
40
e 8 8 %
s 2 & 8

As we discussed in (Ducasse et al., 2020), this could be due to users
“trying out” the documentary, video launching automatically, or
the lack of interest. The video from Episode 13 showed highest
video engagement for concurrent registered users.

4.4. Viewing behaviors: Regularity, intensity, and order

In this section, we look at users’ viewing behavior over time.
In particular, whether consistent viewing practices could be
found among users as well as for each user category. We
focused on users who watched four different videos or more,
as patterns are difficult to interpret for lower numbers.

4.4.1. Method

We first present the analysis of data from three perspectives:
regularity, intensity, and order of viewing (perspective-based
analysis). We then present the analysis with metrics from all
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Figure 5. Video engagement graph for each user category.
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Figure 6. Video engagement graph for each video for concurrent users.

perspectives in order to gain a unified view on viewing beha-
viors (unified analysis).

4.4.1.1. Perspective based analysis. Drawing on the litera-
ture review (Flayelle et al., 2020; Merikivi et al., 2020;
Trouleau et al., 2016) as well as our own observations of the
entire dataset (Figures 8-10), we chose to analyze viewing
behaviors from three different perspectives:

® Regularity: Looking at whether users follow the series on
a weekly basis, catch up on the episodes (and video
within) they missed, continue to follow the series after
catching up?

Intensity: How many videos users watch per session? Do
they binge-watch?

Order: In which order do users watch the series? Do
they skip episodes and videos within?

By combining previous research and standard behavior data
analysis we created groups of behavior through several itera-
tions of coding by multiple researchers. In order to bring
a higher degree of objectivity, the optimal number of groups
and thresholds (Tables 2, Tables 5 and Tables 8) used to
formulate them were defined through a computational
approach, by performing a 3-step analysis for each
perspective:

Step 1: We grouped data using a set of naive clustering
rules with a fixed threshold of 50% (e.g., a user belongs to the
group of Followers if [nbFollow > 50%]).

Step 2: We performed k-means and Gaussian mixture
clustering'® where the number of clusters was chosen using
the elbow method (Jackson, 2005). Because k-means

clustering results better followed our naive clustering results,
we selected it for further analysis.

Step 3: If naive clustering rules did not follow results of
Step 2 we searched for a set of alternative simple classification
rules. The classification rules consist of a single metric and
a threshold (e.g., a user belongs to a cluster Followers if
[nbFollow > X%]). The search for optimal threshold X was
done iteratively by maximizing accuracy and F1-score.

4.4.1.2. Unified analysis. In unified audience segmentation,
we included all eight metrics used for the perspective-based
analysis (Tables 2, Tables 5 and Tables 8). We used k-means
clustering with Principal Component Analysis (PCA). PCA
was used to properly handle a large number of features and
was done with two components'” chosen based on the analy-
sis of the variance using the elbow method (Jackson, 2005).
The optimal number of clusters was chosen with silhouette
analysis'® since the elbow method did not provide a clear
suggestion on the number of clusters.

Note that standard methods of behavior analysis (e.g.,
grouping via iterations of coding) are not applicable because
the high dimensionality of data and the number of metrics
considered (8) result in highly complex patterns. In addition,
it is difficult to visualize high-dimensional data in an easy to
understand way. Therefore, a computational approach was the
only viable method.

4.4.2. Overview of the dataset (4 videos and more)
Figures 8-10 present all users’ sessions and viewing activity.
Each row (as in Figure 9) represents one user and each cell
represents one video. The rows should be interpreted as
described in Figure 7.

Table 2. Metrics used for the regularity perspective. “nbVideos” refers to total video views.

Metric (derived metric)

Definition Example

nbFollow (ratioFollow = nbFollow/

Number of videos watched during a “following” session, i.e. when users watch the current episode only. Ex. Ep. 10

Number of videos watched during a “catch-up” session, i.e. when users watch the current episode and past episodes.

nbVideos) during Week 10: 1 “follow” video.
nbCatchUp (ratioCatchUp = nbCatchUp/
nbVideos) Ex. Ep. 3, 4 and 5 during Week 5: 3 “catch-up” videos.

nbindependent (ratiolndependent=
nbindependent/nbVideos)

Number of videos watched in an “independent” session, i.e. when users do not watch the current episode. Ex. Ep. 6
and 7 during Week 10: 2 “independent” videos.




Session 1 Session 2 Session 3 Session 4 Session 5
1%t active 2" active week 3" active 4™ active week Belongs to
week week cluster 3
Current Current Current
episode episode episode

Figure 7. An example of a row in Figures 8-10. Each row represents one user.
This one was active for 4 weeks (4 background colors) and 5 sessions (5 blocks
separated by white vertical space). (7*" active week) 1°* session: Video 2 (watched
in Week 2 when it was released — white text). (2" active week) 2™ session: Video
1 (watched in a week after the release week — black text) and 3™ session: Video
5 (watched in a week after the release week - black text). (3"1 active week) 4t
session: Video 6 (watched in Week 6 when it was released — white text). (47
active week) 5 session: Video 7 (watched in week after the release week — black
text) and Video 8 (watched in Week 8 when it was released — white text). The
number on the right of each row indicates the cluster to which the user belongs
(see 4.4.6).

4.4.3. Regularity

4.4.3.1. Metrics. Table 2 lists custom metrics used for the
Regularity perspective. As post-series users could not watch
episodes the week they were released, the distinction between
following, catch-up, and independent viewing activity is only
relevant for concurrent users.

4.4.3.2. Clusters and rules. We performed k-means cluster-
ing using ratioFollow, ratioCatchUp and ratioIndependent,
which resulted in four suggested clusters. Table 3 shows the
rules used to classify users into these clusters (accu-
racy = 96.3%; macro-F1 = 0.963).

4.4.3.3. Results. Figure 11 shows the proportion of users
belonging to one of the four clusters. The “mixed” users
account for the largest group of registered users, suggesting
a high heterogeneity in regularity behaviors. The unregistered
users were more likely to watch videos independently of the
current episode than registered users (diff = 11%, CI [3, 19]),
suggesting that they were less dependent on weekly promo-
tions of new episodes. Data also show a higher proportion of
unregistered users who catch-up on episodes (32%) rather
than follow the series (20%), whereas more registered users
followed the series (25%) instead of catching-up (21%).

4.4.4. Intensity

As discussed in Section 2, existing definitions consider binge-
watching as viewing two episodes or more during a single
session without specifying episodes’ length (Merikivi et al.,
2020). Trouleau et al. (2016) highlight that the number of
episodes in a binge-watching session depends also on epi-
sodes’ length and content. Since iOtok videos were on average
11 minutes long (plus cca 5 minutes of pre and post video
(inter)activity), watching three episodes of iOtok can take
more time than watching two standard sit-com episodes (22
to 24 minutes). We thus consider binge-watching when users
watched three episodes (including video) or more. However,
since recent studies used a time-based threshold of 1 h (Rigby
et al,, 2018) Figure 13 illustrates how a different threshold
affects results.

O

4.4.4.1. Metrics. Table 4 lists the custom metrics used for
the intensity perspective.

4.4.4.2. Clusters and rules. We performed k-means cluster-
ing using ratioNormal and ratioBingeWatch, which resulted
in two suggested clusters. Table 5 shows the rules used to
classify users into these clusters (accuracy = 100%; F1-score
=1).

4.4.4.3. Results
4.4.4.3.1. Clusters analysis. Figure 12 shows the percentage
of users for each user category who were mainly watching
videos in a normal sitting (1 or 2 videos per session) or who
were mainly binge-watching (3 videos or more per session).
The availability of all episodes encouraged post-series users to
binge-watch. For concurrent users, 45% of registered users
were mainly binge-watching compared to 66% of unregistered
users. The difference 21% (CI [12, 30]) is in line with afore-
mentioned results showing that concurrent unregistered users
were catching-up more often or were visiting the web portal
independently (maybe also waiting for several episodes to be
released).
4.4.4.3.2. Number of episodes for a binge-watching session.
Figure 13 shows the percentage of binge-watchers when con-
sidering a different number of videos in a binge-watching
session. It shows that the same trends can be observed for
all thresholds: (i) post-series users binge-watch more than
concurrent users; (ii) concurrent unregistered users binge-
watch more than concurrent registered users. Differences
between concurrent registered users and concurrent unregis-
tered users increase with the number of videos considered.
Trouleau et al’” proposed a term hyper-binge-watchers
(Trouleau et al., 2016). Depending on the length and content,
these users watched between 4 and 10 episodes at once, with
an average number of episodes of 6.8. In the case of iOtok,
among users who watched seven videos or more, the propor-
tion of users who hyper-binge-watched at least once was 74%
for post-series unregistered users; 58% for post-series regis-
tered users; 48% for concurrent unregistered users and 14%
for concurrent registered users.

4.4.5. Order

4.4.5.1. Metrics. Table 6 lists the metrics used for the Order
perspective, to understand to what extent users watch videos
sequentially. We therefore look at the number of transitions,
which refers to the relation between a video and the following
video watched (nbTransitions = nbVideos — 1).

4.4.5.2. Clusters and rules. We performed k-means cluster-
ing using ratioCorrect, ratioSkipping, and ratioOutOfOrder,
which resulted in four suggested clusters. Table 7 shows the
rules used to classify users into these clusters (accuracy = 97.1;
macro-F1 = 0.96).

4.4.5.3. Results. Figure 14 shows that the majority of users
watched the series in the correct order (highly or mainly
sequential): 95% of post-series registered users, 83% of con-
current registered users, 71% of post-series unregistered users,
and 64% of concurrent unregistered users. Registered users
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Figure 8. Concurrent registered users’ (N = 269) viewing activity for users watching 4 videos or more (see Figure 7 for explanation).

were more likely to watch the series in a correct order than
unregistered users (diff = 16%, CI [9, 23]). In addition, con-
current unregistered users present the highest share of
“mixed” order behavior (24%).

4.4.6. Unified perspective of viewing behavior: Combining
regularity, intensity, and order

We performed k-means clustering using all derived metrics
(Tables 2, Tables 5 and Tables 8). As the Regularity perspec-
tive is not relevant for post-series users, only concurrent users

were taken into account. The obtained clusters are described
in detail in Table 8.

The results of this classification are shown in Figure 15.
Users mainly differ in terms of Intensity and Regularity.
Patterns for the Order perspective vary less across all clusters,
although Clusters 2 and 4 present a higher number of users
who watch the videos out of order.

Figure 16 shows a higher proportion of intermittent or
exemplary registered users and a higher proportion of
detached and enthusiastic unregistered users. This indicates
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Figure 9. Concurrent unregistered users’ (N = 219) viewing activity for users watching 4 videos or more (see Figure 7 for explanation).

differences in viewing behavior: registered users are active
over time (they come back regularly and catch-up), whereas
unregistered users are more likely to be active during a short
period of time. This is in line with aforementioned results
showing a higher proportion of independent users and binge-
watchers among unregistered users. Differences between
registered and unregistered users are larger for intermittent
and enthusiastic users, suggesting that unregistered users were
more likely to catch up a high number of episodes than to
catch-up a few and come back regularly. Unregistered users
were also more likely to watch videos out-of-order.

5. Discussion

This article presents a study of video viewing behavior from
a web documentary iOtok of 13 episodes released over
13 weeks. Video in such documentaries is the core element

(Almeida & Alvelos, 2010) discovered by navigating the inter-
active content. In order to study video viewing behavior, we
divided users in: concurrent users that first visited the portal
during the first 13 weeks and post-series users who first
visited the portal after all the episodes were released (after
13 weeks). In addition, we segmented these two groups in
registered and unregistered users. The main results are sum-
marized in Table 9 and are discussed in detail in the following
text.

5.1. The non negligible number of post-series users and
the role of promotion

iOtok was mainly accessed during its promotion by concur-
rent users (R1), indicating that online news portals, social
media, and newsletters sent to registered users played an
important promotional role. This result reinforces the one
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Figure 10. Post-series users’ (N = 94) viewing activity for users watching 4 videos or more (dots at the end of the line indicate registered post-series users).

Table 3. Rules for manual classification for regularity. Rules are evaluated one after the other.

Cluster Rule Examples

Catch-uppers nbCatchUp >= floor((nbVideos + 1) * 0.7) 328 971
1 34 - HEl
4 5

6 7 8

Followers nbFollow >= floor((nbVideos + 1) * 0.6) EEE
12 9]10]11[12
8] -qiof11f12413

Independent nbindependent >= floor((nbVideos + 1) * 0.6) 8 54 32
123 456 8
3

568 79

~
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w
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Mixed others / not matching previous conditions 1 5 6 7
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Figure 11. Percentage of users by user category describing users’ behaviors in
terms of regularity.

from our previous study (Ducasse et al., 2020). However, web
documentaries can remain available after the end of the
release and promotion period, and our data show that the
number of post-series users is not negligible (they account for
11% of users that watched at least one video, and who
watched 14% of total video views (R1)).

Google Analytics data showed a drastic decline in visits
from social media sites (from 36% during the first 13 weeks to
4% in the post-series period). This reveals an untapped social
media potential after the release of the last episode for attract-
ing new users. The peak in the number of post-series users
visible in August (Figure 1) correlates with a high number of
visits from referral web pages. During that week, the national
television website portal rtvslo.si published two posts'® related
to mass tourism in Croatia with links to iOtok posts next to
them. Similar peaks have been observed in (Podara et al.,
2021). This highlights the potential and long-term effective-
ness of online news portals for the promotion of web doc-
umentaries and emotional value of these posts (Park &
Salvendy, 2012).

5.2. Relevance of audience segmentation based on
differences between and within user categories

Our previous analysis revealed that unregistered users were
more prone to quit the web portal before reaching the core
video of an episode compared to registered users (Ducasse
et al., 2020). This study reinforces this result as the average
video views per user was substantially higher for registered
than for unregistered users (R2). Differences in video watch-
ing behavior between registered and unregistered users could

be observed for both concurrent and post-series users.
Concurrent registered users have a higher total video views
(R2), a higher average video views per session (R3), and
a higher number of sessions (R4) compared to concurrent
unregistered users. The same was observed for post-series
users but the differences were not as prominent as for con-
current users. Differences were also observed in terms of
viewing behaviors (R6, R7, and R8).

The results show that segmentation of the audience into
four user categories is relevant and could serve as a basis for
future studies and filmmakers. In fact, audience segmentation
is a standard strategy used by digital companies to increase
their revenues (a study of around 100 M users revealed that
registered users spend 225% more time on site per week,
compared to unregistered users’’). While registered/unregis-
tered segmentation is relevant, recent studies of web portals
revealed that further audience segmentation based on users’
motivation is needed in order to better cater to different
groups (Villaespesa & Stack, 2015) as we discuss in
Section 5.6.

5.3. Incentives to register and motivation play an
important role in users’ registration

In the case of iOtok, data show a similar ratio of unregistered/
registered users for concurrent and post-series users (R2).
This suggests that the (i) external incentives from news portal
or social media were not the major reason why users regis-
tered since the promotion of iOtok after the 13th week was
very limited; (ii) restricting access to premium features could
have played an important role in motivating users to register;
(iii) motivation could also be an important factor as post-
series registered users were more engaged (more video views
(R2), higher Average Percentage Viewed (R5)) than post-
series unregistered users. The latter is based on the fact that
premium features were limited (no weekly newsletters, no
updates to the portal, the chat was barely used, and even
fully functional souvenirs were rarely used). However, and
due to the lack of literature on this topic, it is unclear why
such incentives to register affect some users more than others.
Theories of persuasion (Vargheese et al., 2016) could provide
a basis for future research. Other studies mention brand
awareness, word-of-mouth (WOM) information, and popu-
larity information as motivational factors for registration (Li
et al., 2013) as well as adding new content (Moniz & Yuan,
2014). In contrast to the latter study hinting at that user
registration does not increase user participation, our study
showed the opposite. Possibly, a combination of factors
(brand awareness through promotion, WOM, popularity on
social networking sites, and adding new content) played a role
in building a user base week by week in the first 13 weeks.

Table 4. Metrics used for the Intensity perspective. “nbVideos” refers to the total video views.

Metric (derived metric)

Definition Example

nbRegular (ratioRegular = nbRegular /
nbVideos)

nbBingeWatch (ratioBingeWatch =
nbBingeWatch / nbVideos)

Number of videos watched during a “regular” session, i.e. when users watch less than 3 videos at once. Ex. Ep. 2 and 3
watched in one session: 2 “regular” videos.

Number of videos watched during a “binge-watching” session, i.e. when users watch 3 videos or more at once. Ex. Ep.
2, 3, 4 and 5 watched in one session: 4 “binge-watch” videos.




Cluster Rule Examples

Binge-watchers nbBingeWatch >= floor((nbVideos + 1) * 0.5) 23 4 5 7 8 9
17 EEseA Bk
Regular nbRegular >= floor((nbVideos + 1) * 0.5) n.ﬂm
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Figure 12. Percentage of users describing users’ behaviors in terms of Intensity.
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Figure 13. Proportion of binge-watchers for different binge-watching thresholds.



Table 6. Metrics used for the order perspective.

Metric (derived metric)

Definition Example

NbCorrect (ratioCorrect = nbCorrect /
nbTransitions)

NbSkipping (ratioSkipping = nbSkipping /
nbTransitions)

transitions.

Number of “correct” transitions, i.e. when users watch videos one after the other. Ex. Ep. 2, 3 and 4: 2 “correct

”

Number of “skipping” transitions, i.e. when users watch videos sequentially but skip some of them. Ex. Ep. 3
then Ep. 5: 1 “skipping” transition.

NbOutOfOrder (ratioOutOfOrder = nbOutOfOrder / Number of “out-of-order” transitions, i.e. when users do not watch videos in a sequential order. Ex. Ep.7, 6 and

nbTransitions) 5: 2 "out of order” transitions.

Table 7. Rules for manual classification for order. Rules are evaluated one after the other.

Cluster Rule Example
Highly Sequential | nbCorrect >= floor(nbVideos * 0.8) 1
45678911
Mainly sequential | nbCorrect >= floor(nbVideos * 0.5) 1 3 56
2 3 145 8
Out of Order nbOutOfOrder >= floor(nbVideos * 0.6) 107 6 5 4 3 13
87 6 54 32
Mixed default - do not match previous conditions 3 2 B
1 365 4

5.4. Serialization’ positive effect on concurrent
registered users and no negative effect on unregistered
users

One key aspect of iOtok was its serialization over 13 weeks.
Concurrent registered and post-series registered users as well
as concurrent unregistered and post-series unregistered users
have a similar average video views per user, despite the fact
that post-series users had access to all videos at once (see
4.2.2). Serialization thus proved an efficient strategy for audi-
ence building over time without negatively affecting video
views. Moreover, serialization had similar efficiency as giving
users access to all episodes. This reinforces the results from
our previous work (Ducasse et al., 2020) where serialization
had an effect on high return rates and higher average time on
site compared to other web documentaries.

We expected that concurrent unregistered users would not
return regularly to the portal (no weekly newsletter) and would
thus watch substantially less videos than post-series unregistered
users who had access to all of them. This was not the case and it
again indicates that the limited availability of episodes had only
a limited negative effect on concurrent unregistered users or that
the availability of the episodes was not sufficient to encourage
post-series unregistered users to watch substantially more videos.
Data also show that post-series unregistered users were more
likely to not watch the videos entirely (R5). It can be concluded
that post-series unregistered users were typically less engaged of
the web documentary compared to other user categories, and that

the lack of motivation was more important than the possibility to
watch several videos.

In general, registered users have higher average video views per
user than unregistered users. Concurrent registered users received
a direct incentive (weekly newsletter) which encouraged them to
revisit the web portal and can also explain a higher number of
sessions (R4). On the contrary, concurrent unregistered users did
not receive any direct incentive, which can explain a lower average
video views per user (R2), and fewer average video views
per session (R3). Both post-series registered and unregistered
users had access to the same number of videos and were exposed
to the same amount of advertisement. This suggests that registra-
tion is a strong marker of engagement. In fact, post-series regis-
tered users have a higher average video views per session and have
started more sessions than post-series unregistered users (R3, R4).

To sum up, the serialization combined with effective promo-
tion had a positive impact in terms of audience building and
reaching a wider audience week after week (cf. (Ducasse et al.,
2020) where we analyzed how iOtok attracted new registered users
during 13 weeks). It also gives filmmakers additional time to adapt
the content of the web documentary (features or videos) based on
the reception of previous episodes.

5.5. Viewing behaviors in terms of regularity, intensity,
and order

Building on the literature, we focused on three aspects of the
viewing behavior: regularity, intensity, and order. As viewing



Table 8. Description and examples of users within each cluster for the unified perspective.

Cluster

Description

Example

0

Users tend to mainly catch-up, but they also follow the series,
hence a relatively balanced mix of binge-watching and regular
videos. These users can be described as intermittent: they do
not come every week, but when they do, they tend to catch-

up.

3 211
4 5

6

Users mainly follow the series, although they may catch-up but
without binge-watching (i.e. they catch-up a few episodes
only). This reflects the behaviour of exemplary users who try to
follow the series and come to the website to watch the current
episode or the episodes they missed.

10

-

s
JIE

Users are very independent (i.e. they do not come to watch
the current episode), and they tend to mainly binge-watch
videos. This group also has a relatively high number of users
who do not watch videos in the correct order. This could
reflect detached users who come a few times and watch
several videos at once, not always in the right order.

(&)

8 910111213
13 4 91011

Users catch-up intensively and watch very few videos the week
they are released. As they binge-watch a lot, this group mainly
includes enthusiastic users, who watch the current episode as
well as past episodes at once, without coming back regularly.
They do not always watch the videos in the correct order.

N O

Users are mainly independent but they also follow some

98 BEE

once).

episodes. However, most of them do not binge-watch. These
users could be defined as nibblers (they do not follow the
series very regularly and they only consume a few videos at 17 5

4 5 71112

E(E

behavior is difficult to observe on a few videos only, we
focused on users who watched four videos or more.

In Regularity perspective (concurrent users only), we
observed three main behaviors (R6): followers (watching reg-
ularly on a weekly basis), catch-uppers (less regular, watching
the current video as well as a number of previous videos),
independent (less regular, watch videos regardless of the cur-
rent episode), as well as a “mixed” one. Registered users were
mainly mixed users or followers, whereas unregistered users
were mainly catch-uppers or independent. Registered users
received a weekly newsletter encouraging them to follow the
series, which can explain the behavior of this group.
Unregistered users were not exposed to such incentive, and
were thus more likely to catch up when sporadically visiting
the portal.

For Intensity, we identified two types of sessions (R7):
normal sessions (less than 3 videos per session) and binge-
watching sessions (three videos or more). The proportion of

binge-watchers was high for concurrent users (45% for regis-
tered users and 66% for unregistered users), and much higher
for post-series users (95% for registered users and 94% for
unregistered users). This was expected as (i) concurrent unre-
gistered users catch-up more than concurrent registered users,
and (ii) post-series users had access to all episodes (and
videos) at once. In their study of TV shows, Trouleau et al.
(2016) report that on average 64% of users binge-watched at
least once, which is similar to our results for concurrent users
(67% and 70%) but not for post-series users (100% and 94%).
This confirms that the availability of episodes strongly
encourages binge-watching. Nevertheless, if the threshold for
binge-watching moves to four or more episodes (one iOtok
episode can be experienced in 15-20 minutes) the results
change in line with (Lu et al,, 2019) stating that if individual
episodes are independent as in iOtok (opposed to sequential
and connected) users are less likely to binge-watch. This
shows that length episodes as well as structure of the series
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Figure 14. Percentage of users belonging to one of the three categories describing users’ behaviors in terms of order.
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(independent vs sequential) play a crucial role in viewing
behavior. Current binge-watching definitions focusing on
the number of episodes only should thus be reconsidered.

For Order perspective, we identified four clusters (R8): highly
sequential (80% or more of the transitions between videos in
a series are correct), mainly sequential (50% or more transitions
are correct), out-of-order (60% or more transitions are incorrect)
or mixed. The majority of users followed the series in a highly or
mainly sequential manner, while 12% of unregistered users
watched videos out-of-order. Trouleau et al. (2016) report that
users are more likely to watch the episodes in a sequential order
during normal sessions than during binge-watching sessions, and
that out-of-order behavior happens mostly in independent series
as in iOtok in half binge-watching sessions. In our study, regis-
tered users whose sessions were mainly normal, were more likely
to watch episodes in a sequential order than unregistered users,
who were mainly binge-watching (R7). However, we did not
record such a high proportion of out-of-order watching despite
the episodes’ independence, which is considered as more likely to
be binge-watched (Lu et al., 2019).

The behavior for post-series users shows that the majority of
them were binge-watchers as well as highly sequential, which
again contradicts the results from (Lu et al, 2019; Trouleau
et al,, 2016). In (Ducasse et al., 2020) we discussed several reasons
that could have led users to watch the episodes sequentially despite
the stories being independent from one another in terms of
narration: (i) the episodes were numbered; (ii) users had to click
on left/right arrows to navigate between the episodes; and (iii) the
series was serialized. A different design could have led to a less
sequential viewing order.

5.6. Multidimensional clustering reveals five distinct
groups of concurrent users (R10)

We performed multidimensional clustering for concurrent users
only, as post-series users could not exert different behaviors in
terms of regularity (they could not catch-up nor follow the series).
Five groups revealed by k-means clustering algorithm using all
eight metrics show that users mainly differ in terms of Regularity

and Intensity. The analysis shows two types of engagement: (i)
long-term engagement with regular visits to watch the current
episode and limited binge-watching to catch-up on episodes
(intermittent and exemplary users); (ii) short-term engagement
with more independent or catch-up sessions and substantial
binge-watching (detached and enthusiastic users). The last and
smaller group mainly includes users who nibble: watch a few
videos at once and mainly independently of the current episode.
While the majority of registered users pertain to the first two
groups (long-term engagement), the majority of unregistered
users pertain to the other two groups (short-term engagement).

These groups can also be discussed in light of existing TV
viewing practices (Merikivi et al., 2020) on two dimensions: con-
tinuity (one episode or more) and viewer autonomy (self-schedule
vs scheduled television). Although the idea of a “scheduled” epi-
sode is not fully correct for iOtok due to online distribution, one
could consider that users watched the episode on a scheduled
basis if they watched it during the week it was released.
Considering binge-watching as the viewing of three videos or
more per session, there is an overlap between our clusters and
Merikivi et al.’s quadrant, as illustrated in Figure 17.

It is worth noting that: (i) enthusiastic users watch the current
episode (i.e. scheduled time) but also past episodes (i.e. unsched-
uled); (ii) the “intermittent” group exert a mix of behaviors
(following and catching up, normal and binge-watching sessions)
and therefore overlaps with all four quadrants. Despite these
minor differences, this article therefore provides evidence-based
support to the theoretical work presented by Merikivi et al. (2020).
The results also show that even within one group of users further
segmentation (beyond registered and unregistered user) can
further cater to different ways of consuming web content (Calvo-
Porral et al., 2019; Villaespesa & Stack, 2015).

5.7. Implication for the design of serialized web
documentaries

Table 10 aggregates a number of considerations and evidence-
based recommendations for the promotion, distribution, design
of web documentaries, merging our previous findings (Ducasse



Table 9. Main results of the study.

Ordinary Late
Results (section) Registered Unregistered Registered Unregistered
Standard metrics (all users) - Sections 4.1, 4.2, 4.3
R1  Overview (4.1.1) 11% 78% 1% 10%
- % of total number of users 32% 54% 5% 9%
- % of total number of videos
R2  Number of videos per user (4.2.2) 49 [4.5, 5.2] 1.5 [1.5, 1.7] 5.5 [4.6, 6.5] 1.7 [1.6, 1.9]
R3  Number of videos per session per user (4.2.4) 1.8 [1.7,1.9] 1.2 1.1, 1.2] 34129 4.2] 14113, 1.6]
R4 Average number of sessions per user (4.2.4) 3.0 [2.8, 3.2] 1.11[1.1, 1.1] 1.7 [1.5, 2.0] 1.11[1.1,1.2]
R5  Average Percentage Viewed (time spent on video / length of video) (4.3) 71.5 [68.9, 74.0] 70.1 [68.8, 71.3] 719 [64.5, 78.1] 61.3 [57.7, 64.9]
Viewing behaviours (for users who watched 4 videos or more only) - Section 4.4
R6  Regularity (4.4.3) 25% 20%
- % of followers 21% 32%
- % of catching-uppers 21% 32%
- % of independent users 33% 17%
- % of mixed users
R7  Intensity (4.4.4) 55% 34% 5% 6%
- % of regular users 45% 66% 95% 94%
- % of binge-watchers
R8  Order (4.4.5) 51% 37% 77% 55%
- % of highly sequential users 28% 27% 16% 16%
- % of mainly sequential users 4% 12% 0% 12%
- % of out-of-order users 17% 24% 7% 18%
- % of mixed users
R9  Overall behaviour (4.4.6)- % of intermittent users- % of exemplary users 25% 9%
- % of detached users 32% 24%
- % of enthusiastic users 17% 28%
- % of nibblers 16% 31%
1% 8%
Continuity
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Viewing two episodes or less
of the same serialized

High
(Self-scheduled)

video content at one's
own time and pace

Casual Viewing

Nibblers

> 2 episodes

Viewing more than 2 episodes
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video content in a
single sitting at
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Viewing two
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(Scheduled /
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Singe Episode
Appointment
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Marathon
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Figure 17. Matching viewing practices discussed in (Merikivi et al., 2020) and the ones identified in this article. Figure is adapted from (Merikivi et al., 2020): viewing
practices from this article and changes made to the original model (number of episodes) are written in blue.

et al., 2020), referred as Study 1, and this article, referred as Study
2. The overarching goal of these features is to cater for different
groups of users, improve user experience and, consequently, the
amount of content that is consumed.

6. Limitations and future work

The project such as iOtok is influenced by various stakeholders
and researchers are just one part of these, which should be taken
into account in future projects to mitigate for possible

shortcomings. Due to developers’ decisions and a delay in the
implementation, some data for iOtok could not be collected (e.g.,
unregistered users’” interactions with the web portal during the
first weeks). Therefore, some results (average video views per user,
average video views per session) only take into account a subset of
concurrent unregistered users. Nevertheless, the number of users
for these groups is still high (N = 3210 unregistered users) and we
strived to make it clear when data were missing as well as to
provide the number of observations for each measure. Therefore,
the total (average) video views (per user) that we report in
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Figure 18. Suggestions of features to increase users’ general and video engagement according to users’ status and behavior (as discussed in 5.5 and 5.6). Dots
indicate that the proposed feature (row) would be particularly relevant for the corresponding group of users (column). Black dots indicate features that would
reinforce users’ behavior while green dots indicate features that could change users’ behavior (e.g., converting “independent” users into “followers”).

Sections 4.1.2 and 4.2.2 are low estimations. With all data col-
lected, the serialization would therefore demonstrate higher effec-
tiveness than the one reported in Section 5.4. Another limitation is
not being able to match the IDs of unregistered users with their
nicknames after they registered. This prevents us from analyzing
in detail how newly registered users behave or what motivates
them to register, and remains to be researched in the future.

The viewing behavior analysis was conducted for regular-
ity, intensity, and order. We used a combination of manual
coding and k-means clustering to define a set of custom
metrics and thresholds used. How generalizable these custom
metrics and thresholds are in the context of other web doc-
umentaries remains to be answered. However, the method
proved vital in revealing different user profiles (e.g., followers,
binge-watchers, independent, etc.) and helped us highlight
further viewing behavior differences between groups (e.g.,
post-series users binge-watched more than concurrent users,
etc.). This greatly contributed to implications for the design of
serialized web documentaries, which would not have been
possible with standard manual coding approaches.

There are some questions that we did not address. It would be
interesting to assess the social impact of the documentary, e.g., by
measuring the amount of press coverage or investigating whether

the documentary led to new policies or to the creation of com-
munities (Diesner et al., 2014; Harmony Institute, 2012; Hofman
& Hughes, 2018; Nash & Corner, 2016; Terry, 2019). Such a study
could be framed within the impact framework defining four
levels of impact: changing minds, behaviors, building commu-
nities, and changing structures. Interestingly, we observed
a revival of activity on the Facebook pages as a feature-length
version of iOtok was being released in cinemas. This shows the
potential of social media to support and build online communities
over time and calls for additional research on the topic.

It would also be interesting to investigate the level of user
engagement and the role of interactivity not only in terms of
time-on-site or video views but also in terms of emotions,
personal interest, and understanding (e.g., how does interactivity
affect information retention, understanding of social structure
and emotional response of users?) in order to complement
existing work on non-interactive documentaries (Beattie et al.,
2011; Bieniek-Tobasco et al., 2019; Vasi et al., 2015).

7. Conclusion

In this article, we analyzed the consumption of videos of an
interactive and serialized web documentary with episodes



released on a weekly basis over 13 weeks. We assessed engage-
ment using standard metrics (watch time and average percentage
viewed) and provided an in-depth analysis of most engaged
users’ viewing behaviors using a combination of manual coding
and k-means clustering. One key result is that the serialization of
the web documentary, combined with effective promotion,
enabled long-term audience building (over 13 weeks) without
having a negative effect on video views. Results also confirmed
differences in engagement between registered and unregistered
users, which we also observed in a previous study, the latter
being less engaged. Data also revealed that the web documentary
remained active after the release of the last episode, suggesting
that long-term audience building is relevant for web documen-
taries (Appendix A). Finally, we identified several viewing beha-
viors based on the three aspects of the viewing experience
(regularity, intensity, and order). We provide simple rules to
categorize users, which we iteratively validated using k-means
clustering instead of manual coding only. Besides segmenting
concurrent users (the ones that started to watch during the first
13 weeks) and post-series users (the ones that started to watch
after 13th week) in registered and unregistered, we identified 5
different types of users: intermittent (come every other week and
catch-up), exemplary (follow the series), detached (come
a couple of times and binge-watch), enthusiastic (hyper binge-
watchers), and nibblers (come irregularly and watch the series in
any order). Based on these results, we provide evidence-based
recommendations and considerations for the design and promo-
tion of web documentaries.

Notes

https://bear71vr.nfb.ca/.

http://outmywindow.nfb.ca/#/outmywindow.

http://gaza-sderot.arte.tv/.
https://www.lemonde.fr/asie-pacifique/visuel/2008/11/17/voya
geau-bout-du-charbon_1118477_3216.html.
https://blog.hootsuite.com/youtube-analytics/.

6. https://www.cincopa.com/blog/what-is-video-engagement-and-
how-to-measure-it/.

7. https://techwelkin.com/average-audience-retention-youtube.

https://uhurunetwork.com/the-50-rule-for-youtube/.

9. https://www.promisemedia.com/content-development/youtube-
retention-rate-thrives-on-simple-tips.

10. https://wistia.com/learn/marketing/understanding-audience-
retention.

11. https://hypermedia.typepad.com/blog/2010/04/prison-valley-
analyze-dun-chef-doeuvre. html.

12. https://www.oxfordlearnersdictionaries.com/definition/english/
binge-watching.

13. https://theharrispoll.com/new-york-n-y-april-8-2013-video-on-
demand-dvrs-streaming-content-entire-seasons-of-television-
shows-collected-in-dvd-box-sets-americans-tv-viewing-habits-
were-once-at-the-mercy-of-network/.

14. https://morningconsult.com/2018/11/06/most-young-adults-have-
an-appetite-for-binge-watching-shows/.

15. If a user launched the same video more than once during the
same session, we took into consideration only the video view with
the longest viewing time.

16. Note: The data was checked to follow the main assumptions of
k-means clustering and gaussian mixture clustering algorithms
(e.g., similar size and spherical shape of clusters, and normal
distribution of data respectively).

17. https://blogs.sas.com/content/iml/2017/08/02/retain-principal-

components.html#prettyPhoto.
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18. https://scikit-learn.org/stable/auto_examples/cluster/plot_
kmeans_silhouette_analysis.html.

19. https://www.rtvslo.si/tureavanture/novice/nekoc-skriti-biser-
jadrana-se-bori-z-neobvladljivim-navalom-turistov/429628  and
https://www.rtvslo.si/tureavanture/novice/hrvati-trepetajo-pred-
invazijo-na-enega-lepsih-jadranskih-otokov/430105.

20. https://viafoura.com/blog/registered-user/.

21. https://impactguide.org/ and https://docsociety.org/.
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Appendix A.

Glossary
Average Percentage Viewed (APV) - the ratio between the average
view duration of a video and its actual length
Average video views - total video views for a class (user, group of users,
user category, video, session) divided by the number of exemplars in that class
Average view duration - the ratio between watch time and video views
Binge-watching session — a session in which 3 or more videos were
watched

Catching-up session — a session in which the video of the current and
previous episodes are watched

Concurrent users — users who first accessed the web portal during the
13 weeks of the distribution

Detached users — users who come a few times and watch several
videos at once in any order

Enthusiastic users - users who watch the current episode as well as
past episodes at once (not always in correct order), without coming back
regularly.

Engagement - in our example we considered watch time and average
percentage viewed to describe the level of engagement; more generally
time spent and interaction with the site and particular parts of it over
a period of time (short- or long term) is considered

Exemplary users — users who try to follow the series and come to the
website to watch the current episode or the episodes they missed.

Following session - a session in which only the video of the current
episode released in that week is watched

Independent session — a session in which the video from the current
episode is not watched

Intensity - indicating the number of videos per session: normal
session, binge-watching session

Intermittent users — users who do not come every week, but when
they do, they tend to catch-up

Nibblers - users who do not follow the series very regularly and they
only consume a few videos at once

Normal session — a session in which 1 or 2 videos were watched

Order (of watching) — whether videos are watched in order they were
released or not: correct order, skipping episodes (still watching in order),
out-of-order watching

Post-series users — users who first accessed the portal after all epi-
sodes were released (17 April 2017- 26 February 2018)

Registered users — users who created an account on the web portal
and received a weekly newsletter

Regularity - indicating whether videos were watched on a weekly
basis (following, catching-up, independent session)

Session — a new session is considered if no other video started for
30 minutes or more

Total video views — a sum of video views for all 13 videos either overall, for
a user, for a group of users, for user category, for a period, etc.

Unregistered users — users who did not create an account

User category — one of the four groups of users: concurrent regis-
tered, concurrent unregistered, post-series registered, post-series
unregistered

Video Engagement - a standard metric describes the percentage of
viewers who make it to 0%, 10%, 20%, ... 90% (these marks can be
different for different companies) of a particular video

Video views - the number of times a video was watched for 30 sec-
onds or more

View(ing) duration - the time elapsed between launching the video
and the next event (video closed, finished, a click on a link on the page)

Viewing activity - the actual pattern revealing the order of viewing
videos and weeks when they were viewed

Viewing session — see Session

Watch time - total time spent by users watching the video
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