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Abstract

Videos are the core components of MOOCs for delivering course content and teaching the
core concepts effectively. While the literature provides strong and consistent evidence
regarding the link between video engagement and the success in MOOCs, the research on
video engagement behavior is still emerging and in demand of further research. This research
aims to contribute to the literature by identifying behavioral patterns of video engagement in
a MOOC and reveal the association of these patterns with success and failure. In particular,
we employed basic video engagement metrics with an attempt to identify clusters of
behavioral patterns that can be applied across different contexts. Acknowledging that
students may exhibit diverse engagement behaviors across study sessions, a session-level
clustering analysis was performed, differently from previous research. After applying K-Means
clustering algorithm, three clusters of behavioral patterns were identified: static viewing (the
most predominant behavior), in which students viewed videos with minimal interactions;
engaged viewing, involving high frequency of play and pause events; and focused viewing (the
least frequent pattern), which involved mainly seeking the video for specific information.
While video sessions with static viewing were very common among both high and low
achieving students, most engaged-viewing sessions or focused-viewing sessions consistently
belonged to the successful students. In addition, successful students were found to
demonstrate multiple viewing behaviors, suggesting their effort in using several strategies
while watching videos. Based on the findings, the paper discusses implications for the design
of MOOCs and other online learning platforms that support video-based learning.
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MOOC VIDEO ETKILESIMINDEKi DAVRANIS ORUNTULERININ KUMELEME
YAKLASIMI iLE BELIRLENMESI

0z

Videolar, ders igerigini iletmek ve temel kavramlari etkili bir sekilde 6gretmek icin kitlesel agik
cevrimici derslerin 6nemli bilesenlerinden biridir. Literatlr, video izleme ile bu kitlesel
derslerdeki 6grencilerin basarisi arasindaki baglanti konusunda gtigli ve tutarh bulgular sunsa
da video analitikleri hala gelismekte olan bir alan olup, video izleme davranisi lizerine daha
fazla arastirmaya ihtiyag vardir. Bu arastirma, bir kitlesel a¢ik ¢cevrimici dersindeki video izleme
aktivitelerindeki davranigsal desenleri tanimlayarak bu desenlerin basari ve basarisizlikla
iliskisini ortaya cikarmayi amacglamaktadir. Ozellikle farkli baglamlarda kullanilabilmesi ve
uygulanabilmesi amaciyla, temel ve yayginlastirilabilir video izleme metrikleri kullaniimistir.
Ogrencilerin bir 6grenme oturumu siiresince farkl video izleme davraniglari gésterebilecegi
kabul edilerek, dnceki arastirmalardan farkl olarak kiimeleme analizi 6grenci degil oturum
dizeyinde gergeklestirilmistir. Her oturum, 6grencinin belirli bir zaman dilimindeki
etkilesimlerini yansitir ve bu, 6grencinin genel davranisindan ziyade belirli bir oturumdaki
davranisini daha dogru bir sekilde analiz etmemizi saglar. K-Means kiimeleme algoritmasi ile
analiz gerceklestirilmis ve lic davranissal desen kiimesi ortaya cikmistir: statik gortintileme
(en yaygin davranis), 6grencilerin minimum etkilesimle videolari izledigi durum; katilimli
goruntileme, oynatma ve duraklama olaylarinin sik oldugu durum ve odakli gériintileme (en
az rastlanan desen), ozellikle belirli bir bilgiyi arama durumu. Statik gortintilemenin hakim
oldugu video oturumlari hem basarili hem de basarisiz 6grenciler arasinda yaygin olarak
gozlemlenmistir. Ancak katilimh goriintiileme ve odakli gorintileme oturumlari ise en ¢ok
basarih 6grenciler tarafindan sergilenmistir. Ayrica basarili 6grencilerin birden fazla
gorintileme davranisi sergiledigi saptanmistir. Bu bulgu, 6grencilerin videolari izlerken gesitli
sayida strateji uygulama cabalarini géstermektedir. Bulgulara dayali olarak, video tabanli
0grenmeyi destekleyen diger ¢evrimici 6grenme platformlarinin tasarimi igin pratik oneriler
paylasilmistir.

Anahtar Kelimeler: kitlesel agik ¢evrimici ders; video analitikleri; kiimeleme; video tabanli
6grenme.

Yasal izinler: Bu arastirma kapsaminda insan(lar)dan veri toplanmadigi igin etik kurul iznine
tabi degildir. Arastirmada tamamen kamuya acik bir veri seti kullanilmistir ve herhangi bir
sekilde ek veri toplanmamustir.
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Genis Ozet

Kitlesel Agik Cevrimigi Dersler (KACD) egitimciler ve 6grenciler icin yeni bir 6grenme
deneyimi ¢agini baslatmistir. KACD’ler genellikle bélimlenmis video dersler, gevrimigi okuma
materyalleri, tartisma forumlari, sinavlar ve akran degerlendirmesine tabii 6devler icerir.
Videolar, bu tip kitlesel derslerde, temel kavramlari 6grencilere aktarmak icin merkezi bir rol
oynamaktadir. Arastirmalar, 6grencilerin KACD'lerde en fazla video igerikleri ile etkilesimde
bulundugunu gostermektedir (Kizilcec et al., 2013). Bu video etkilesimleri, oynama,
duraklatma ve geri sarma gibi eylemleri icermekte (Glance et al., 2013) ve etkilesim verileri,
bireysel 6grenme aliskanliklari ve davranislari hakkinda degerli iggoriler saglayabilmektedir
(Hu et al., 2020). Bu icgoriler sayesinde etkili pedagojik destek ve daha kisisellestirilmis ve
etkili 6grenme deneyimleri sunmak mimkin olmaktadir.

Diger taraftan, 6grencileri video etkilesimlerine gére tanimlamaya ve profil olusturmaya
yonelik yeterince arastirma bulunmamaktadir. Cesitli calismalar, elde edilmesi zor etkilesim
parametreleri ve olgitler kullanarak birbirinden farkli 6grenci profillerini ortaya ¢ikarmistir
(Zhang et al., 2022). Ancak, bu durum literatiirde belirgin bir tutarsizliga neden olmustur.
Literatiirde kullanilan etkilesim metrikleri belirli bir oynaticiya 6zgli olabilmekte ve bu nedenle
ayni metrikleri farkli baglamlarda elde edilmesi ve kullanilmasi miimkiin olamamaktadir (Yoon
et al., 2021). Ayrica, ¢ogu calisma 6grencileri tim video etkilesimine gore etiketlemekte ve
farkli konu ve zorluk derecesine sahip oturumlardaki videolarin davraniglara olan etkisini
gozden kacgirmaktadir (Matcha et al., 2020). Diger taraftan, basarili ve basarisiz 6grencilerin
videolarla nasil etkilesime girdigi konusunda sinirli bilimsel bulgu bulunmaktadir (Yoon et al.,
2021) ve akademik basari ile video gorintileme davranislari arasindaki karmasik iliskiyi
kesfetmek icin daha fazla arastirmaya ihtiya¢ duyulmaktadir.

Literatlrde belirtilen eksiklikleri ele almak amaciyla bu arastirma, video tabanli 6grenme
ortamlarinda kolayca toplanabilecek temel video etkilesim metriklerini kullanarak video
izleme sirasindaki genellenebilir davranigsal orintileri tanimlamayr hedeflemektedir.
Arastirmada, Ogrenci yerine oturum diizeyinde orlntiler incelenmistir. Bunun nedeni,
ogrencilerin izlenilen videonun konusu ve igerigi ile iliskili olarak farkh video oturumlarinda
degisken davranislar sergileyebilmesidir (Matcha et al., 2020),. Ayrica KACD’lerdeki farkli video
etkilesim tiplerini incelemeyi ve video etkilesim davranislari agisindan basarili ve basarisiz
ogrenciler arasindaki farkhliklari veya benzerlikleri arastirmayi amaglamaktadir.

Bu calismada, bir KACD’ye katilan katiimcilarin etkilesim glinliiklerinden olusan anonim
bir veri kiimesi kullanilmistir. Halka acik bir kaynaktan alinan veriler, kullanici adi, oturum_id'si,
eylem, nesne ve zaman gibi stitunlari iceren 285.120 satir icermektedir. Bu satirlarin her biri,
ogrencilerin sistemle gerceklestirdigi ayri bir etkilesimi temsil etmektedir. KACD'yi basariyla
tamamlayan oOgrenciler “0” (n=214), basaramayan Ogrenciler ise “1” (n=593) olarak
etiketlenmistir. Video etkilesimlerine odaklanmak icin veri kiimesi, video etkilesiminin 6nemli
gostergeleri olan duraklatma, oynatma ve arama gibi eylemleri icerecek sekilde filtrelenmistir.
Her 6grencinin bir oturum sirasinda belirli bir videoyla etkilesimi ayri olarak ele alinmistir.
Ornegin bir 8grenci Y videosuyla oynat-duraklat-oynat seklinde ve Z videosuyla oynat-ara-ara-
duraklat-oynat seklinde etkilesime girdiyse iki ayri oturum olusturulmustur. Bu sirec, her bir
alt oturum icin video etkilesim gostergelerini iceren 6.656 satirlik bir veri seti olusmasini
saglamistir. Veri analizi, k-means kiimeleme algoritmasi kullanilarak gerceklestirilmistir.
Kiimeleme analizinde, oturum bazinda oynatma (play), duraklatma (pause), ve video ici arama
(seek) metrikleri kullaniimistir.
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Kimeleme analizi sonucunda {i¢ kiime ortaya c¢ikmistir. Birinci kiime, ¢ogunlugu
olusturmaktadir (%80,66) ve “statik gorintileme” olarak adlandiriimistir. Bu kimedeki
oturumlarda, 6grencilerin video etkilesimi diger kiimelere goére daha disik seviyede kalmistir.
Ortalama olarak videolar 2,44 kez oynatilmis, 2,01 kez duraklatiimis ve yalnizca 0,54 kez video
icinde arama vyapilmistir. “Etkilesimli goriintlileme” olarak adlandirilan ikinci kiimedeki
(%13,60) oturumlarda, kiimesindeki oturumlarda, 6grenciler videolarla diger kiimelere gore
daha yliksek etkilesim gostermistir. Ortalama olarak, videolar 12.31 kere oynatiimis ve 10.86
kere duraklatilmistir ve bu degerler tim kiimeler icinde en yiksektir. Diger taraftan bu
kiimedeki oturumlarda ortalamada 3.01 kere videolar icinde arama yapilmistir. Bu davranislar,
ogrencilerin video icerigiyle daha fazla etkilesimde bulundugunu ve icerikten daha fazla
faydalandigini géstermektedir. Uglincii kiime ise en az oturumu iceren (%5,74) ve “odaklanmig
goruntileme” olarak adlandirilan gruptur. Bu kiimedeki oturumlarda ortalama video
duraklatma (4,05) ve oynatma (8,68) sayilari, etkilesimli gériintiileme kiimesine gore dislik,
statik goriintileme kiimesine gore ise ylksektir. Video iginde arama sayisi (13,59) ise diger
kiimelere kiyasla oldukca yliksektir. Bu bulgular, bu kimedeki oturumlarda 6grencilerin
videolari hem oynatma hem de aktif olarak arama egiliminde oldugunu gosteriyor. Bu
davranislar, 6grencilerin belirli icerikle yogun bir sekilde ilgilendigini ve icerigi derinlemesine
inceledigini gdstermektedir.

Her kiimedeki video izleme davranisini daha derinlemesine anlamak amaciyla video
etkilesim gostergeleri arasindaki iliskiler incelenmistir. Sonuglara gore, tim kimelerde
oynatma ve duraklama sayilari arasinda pozitif bir korelasyon ortaya ¢ikmistir. Bu korelasyon
iliskisi 6zellikle 1. ve 2. kimelerde gli¢lii olmasina ragmen, 1. kiimedeki (statik goriintileme)
oturumlarda oynatma ve duraklatma sayilari cok daha disik olarak belirlenmistir. Buna
karsihk, oturumlarin ¢ogu video icerigi arama davranisini icerdiginden 3. kiimede (odaklanmis
gorintileme) oynatma-duraklatma arasinda daha zayif bir korelasyon belirlenmistir. Videoyu
oynatma ve video igerisinde arama arasindaki iliski zayif ve de her bir kiimde farklidir. Ek
olarak, en zayif korelasyon arama-duraklatma sayilari arasinda belirlenmistir. Ozellikle, 1. ve
3. kiimelerdeki zayif korelasyonlar, video icinde arama ve videolari duraklatma arasinda ¢ok
anlamli bir iliski olmadigini ortaya koymustur.

Ayrica bu calisma, 6grencilerin basari durumlari (basarili vs. basarisiz) ile video izleme
davranislar arasindaki iliskiyi (ic asamada analiz etmistir. ilk asamada, her bir kiimedeki
oturum sayilarinin basari durumlarina goére 6grencilere dagilim orani hesaplanmistir Statik
goruntileme oturumlarinin %54,83’G basarili, %45,17’si ise basarisiz 6grencilere ait oldugu
belirlenmistir. Yani statik gorintiilemede dagilim ¢ok yakin ¢cikmistir. Ancak iki 6grenci grubu
arasindaki fark, daha fazla basarili 6grencilerin katildigi etkilesimli goriintiileme (%59’a karsi
%41) ve odakli goriintiileme (%61,78’e karsi %38,22) davranislarinda belirgin bir hal almistir.
ikinci asamada, her iki basari grubunda da her bir video davranisini en az bir kez gdsteren
ogrencilerin yizdeleri hesaplanmistir. Her iki gruptan da biyik bir cogunlugu en az bir kez
statik gortintileme davranisini gostermistir (%89,25 ve %87,86). Fakat etkilesimli gortintileme
(%49,07'ye karsi %21,59) ve odakh gorintiileme (%36,92'ye karsi %11,47) davranislari,
basarisiz 6grencilerde basarili 6grencilere kiyasla iki veya Uc¢ kat daha az gozlemlenmistir.
Uclincii asamada, birden fazla tip video goriintiileme davranisi gdsteren 6grencilerin
ylizdelerine odaklaniimistir. Statik ve etkilesimli goriintiileme (%46,25'e karsi %19,56), statik
ve odakli goriintiileme (%33,64'e karsi %9,27) ve etkilesimli ve odakh goérintileme (%24,30'a
karsi %5,05) davraniglarini gésterme oranlarinda, her zaman basarili 6grencilerin ylzdeleri
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daha yiiksektir. Ug tip davranisi en az bir kere gosteren égrenci sayilarina bakildiginda da,
basarili 6grenciler daha yuksek bir oran géstermistir (%24,30'a karsi %5,06).

Bu arastirmanin bulgulari, KACD'lerin ve video tabanl 6grenmeyi destekleyen diger
cevrimigi 6grenme platformlarinin tasarimi igin dnemli ¢ikarimlara sahiptir. KACD 6grencileri
cesitli video katihm davranislari sergilemektedirler ve gevrimigi 6grenme platformlarinin
tasarimi, video igerigiyle etkili ve anlamli etkilesimi tesvik edecek sekilde bu davranislari
dikkate almalidir. Videolari etkilesimli bir sekilde izlemeyi saglayan midahaleler, 6grencilerin
videolardan 6grenme siireclerinde olumlu bir etki yaratabilir ve 6grenmeyi arttirabilir. Ornek
bir midahale, bir video duraklatildiginda not almayi saglayan bir video 6zelligi veya videoya
ait alt metinlerin dnemli bélimlerinin vurgulanmasini saglayan ve 6grencilerin video igerigine
daha derin katilimini tesvik edecek bir 6zellik olabilir. Ayrica, videolarda aktif arama yapmaya
yonelik 6zellikler, odaklanmis izlemeyi ve video igerigine daha derin katihmi tesvik etmede
etkili olabilir. Ornegin, dgrencilerin belirli video béliimlerini ileride tekrar izlemek lzere
isaretlemelerine olanak taniyan bir yer imi 6zelliginin uygulanmasi yararli olabilir. Bu
mudahale, 6nemli bilgilere daha hizli erisimi tesvik edebilir ve genel 6grenme sonuglarini
iyilestirebilir. Bu ¢alisma, bir KACD'de videolarla dogru sekilde ilgilenmenin basarinin 6nemli
bir gbstergesi olabilecegini gosterdiginden, bu tiir miidahaleler KACD katilimcilarinin 6grenme
deneyimlerini destekleyebilir ve daha yiksek basariya yol agabilir.

Bu calismanin temel sinirlihgr baglam hakkinda bilgi eksikligidir. Arastirmada, bir
KACD'deki 6grenenlerin etkilesim glinliiklerinden olusan halka agik bir veri seti kullaniimistir.
Veriler anonimlestirildiginden, genel kurs yapisi (6rn. modiil sayisi), pedagojik yaklasim (6rn.
kisisel hiza karsi egitmen liderliginde) ve videolarin 6zellikleri (stre, format, kalite vb.)
bilinmemektedir. Bu faktorler 6grenci katiimini ve basarisini sekillendirmede kritik bir rol
oynayabilir (Er et al, 2019; Lockyer ve digerleri, 2013). Basari dizeyleri 6grencilerin video
izleme davranislariyla bir sekilde iliskili olsa da videolarin igeriginin 6grencilerin videolarla
etkilesimleri (izerinde bazi etkileri olmasi muhtemeldir. Ornegin, sik sik duraklatmak ve
oynatmak, video iceriginde bazi zorluklara isaret edebilir (Li ve digerleri, 2015). Bu nedenle
video Ozellikleri hakkinda bilgi mevcut olsaydi, 6grencilerin video katiim davranislarini
aciklamak icin ek bilgiler elde edilebilirdi. Gelecekteki arastirmalar, KACD 6grencilerinin video
katiminin davranis kaliplarini agiklarken video 6zelliklerinin analizini dikkate almahdir.

Introduction

Massive Open Online Courses (MOOCs) have revolutionized the traditional methods of
teaching, ushering in a new era of learning experiences for both educators and learners
(Milligan et al., 2013). Among the various components of MOOCs, videos serve as a pivotal
medium for delivering and teaching fundamental concepts (Guo et al., 2014). With the video-
based learning approach, MOOCs attempt to mimic traditional teacher-student interaction
while aiming to maximize student engagement in online learning (Guo et al., 2014; Walji et
al., 2016). Accordingly, research shows that MOOC learners immerse themselves mostly in
videos compared to other course components (Kizilcec et al., 2013).

Learners engage with videos in diverse ways (Akcapinar & Bayazit, 2018; Guo et al.,
2014), which may include specific actions such as playing, pausing, rewinding, fast-forwarding,
and so on, depending on the affordances of the video player utilized (Glance et al., 2013).
These interactions generate valuable fine-grained data that can provide insights into the
unique learning habits and behaviors of individuals regarding their engagement with videos.
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As a result, such data holds significant potential for enhancing our understanding of MOOC
participants’ learning processes and for determining proper pedagogical interventions (Hu et
al.,, 2020; Seaton et al., 2014). In the pursuit of this potential, several studies have been
conducted to reveal the complex nature of student interactions within videos. In particular,
researchers have employed various statistical techniques to uncover patterns and meaningful
connections within the rich dataset of video interactions (Boroujeni & Dillenbourg, 2019; Su
& Wu, 2021). These studies have contributed to our broader comprehension of how learners
engage with video content and can pave the way for the development of more personalized
and effective learning experiences within MOOCs.

However, the research on clustering students based on their video interactions is still in
its early stages and holds immense potential for further exploration. Several research studies
have employed clustering techniques using interaction variables distinct to their own
contexts, thus leading to inconsistent learner profiles across different investigations (Li et al.,
2015; Zhang et al., 2022). Many of the interaction metrics investigated (such as filtering,
bookmarking, proportion of skipped video content) are advanced and specific to certain
players utilized (Yoon et al., 2021; Brinton et al., 2016), which can pose challenges when
attempting to replicate research findings in different contexts. In other words, these metrics
are not always readily available in typical video players, making the transfer of research
findings to common educational settings difficult. Moreover, most studies have traditionally
categorized learners into specific profiles based on their overall video engagement activities
(Kizilcec et al., 2013; Li et al., 2015). However, it is important to acknowledge that students
may exhibit varying engagement behaviors across different sessions, which might be
influenced by factors such as their session-specific goals and the complexity of the concepts
being covered (Matcha et al., 2020). That is, labeling students with a single profile may provide
a narrower perspective on their video engagement behavior. Session-based analysis would
allow us to analyze the behavior in a specific session more accurately than the student’s
overall behavior.

Furthermore, there is limited understanding of how successful and failed students
interact with videos. While some dropout prediction research, such as the work conducted by
Hasan et al. (2020), has employed video engagement metrics as indicators of academic
success or failure, these studies fall short in explaining how video engagement behavior
unfolds differently between successful and failed students. Other researchers commonly
identified the link between passive video viewing behavior with low performance (Yoon et al.,
2021) but they did not delve deeper into the intricacies of the relationship. Further research
is needed to gain a comprehensive understanding of how students of varying achievement
levels tend to interact with videos. Knowing the video engagement behaviors associated with
higher (or lower) achievement can help in designing interventions that promote the desired
behaviors, ultimately fostering learning in MOOCS and other video-based learning contexts.

To address the existing gaps in the literature, this research aims to use common and
basic video engagement metrics in the identification of video engagement patterns that can
be applied to other contexts where a simple video player is used to deliver lectures. It is
important to recognize that students may exhibit varying behavioral patterns when watching
videos during different study sessions, influenced by factors such as the video content or their
confidence levels in the covered concepts (Li et al., 2015). This study follows a session-based
clustering analysis approach, which is one of the unique aspects of our research, to draw a
more detailed picture of the behaviors exhibited by students during a learning session.
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Furthermore, this study seeks to investigate the frequency of these behavioral patterns in
relation to the students’ achievement status, which is determined by their successful
completion of the MOOC. This research study aims to investigate the following research
questions:

e What are the distinct video engagement types observed in MOOCs?
e How does the frequency of the behavioral patterns of video engagement vary
among students based on their achievement status?

By exploring these research questions, this study contributes to a deeper understanding
of video engagement behavior as well as the nuanced relationship between video
engagement and academic outcomes in the context of MOOCs. The findings will provide
valuable insights for educators and course designers to enhance the learning experience and
support students effectively in their video-based learning endeavors.

Background

Video-based learning in MOOCs

Research studies consistently reported that videos have positive influence on learner
performance and satisfaction (Armstrong et al., 2011; Shen, 2014). Darmayanti & Nova (2022)
focused on evaluating the utilization of interactive videos in English, revealing positive
perceptions of students regarding the quality of interactive videos and their impact on
learning. Furthermore, Safitri et al. (2021) demonstrated the positive effects of animated
videos on students' achievement and motivation in environmental education, indicating the
potential of video-based educational tools. Additionally, Vioskha et al. (2021) highlighted the
positive attitudes of students towards the application of learning videos in mathematics,
indicating the potential of videos in improving learning outcomes. These studies have
provided valuable insights into the effectiveness of interactive videos in enhancing students'
learning experiences and outcomes across different subjects and educational levels.

Videos, serving as the primary medium of instruction and enabling flexible, accessible
learning, have played a pivotal role in the rapid growth of MOOCs. MOOCs, which provide
open access to educational courses and materials online, have leveraged the power of videos
to deliver engaging and interactive learning experiences to millions in the world (Eisenberg &
Fischer, 2014). Videos serve as the cornerstone of MOOQOCs, enabling instructors to convey
complex concepts, demonstrate practical skills, and create immersive educational
environments (Stohr et al., 2019). Consequently, videos have been the most interacted MOOC
component by learners (Kizilcec et al., 2013), and have played the most critical role in their
learning journey in MOOCs. Researchers have investigated the production style of videos in
MOOQOCs and their effects on students’ watching behavior, and reported more favorable results
with shorter videos where instructors explain concepts using talking-head and drawing-hand
teaching style (Walji et al., 2016). In particular, to achieve effective student learning, it is
recommended to segment videos into multiple smaller videos lasting between 5 to 17 minutes
(Hew, 2015). This segmented nature of video learning in MOOCs, not only improves learning
experience, but also allows capturing engagement at more granular level of concepts.

While MOOCs aim to replicate the learning experience of traditional instructor-led
lectures through videos, the success of learners in an online asynchronous environment is
greatly determined by their engagement with the video content (Benson & Samarawickrema,
2009). Merely dedicating time to watching videos does not guarantee a profound learning
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experience. It is crucial for students to cognitively engage while consuming the video content
(Yoon et al., 2021). The logs of students’ interactions with video players, also known as video
trace data or clickstream data, can be utilized to derive meaningful indicators of their
engagement in the learning process through videos (Giannakos et al., 2015). Previous research
showed that such indicators from activity logs can be effective in producing valid models of
students’ video engagement behavior (Lan et al., 2017). The subsequent section provides a
description of video trace data and elaborates on the video analytics techniques commonly
applied in the literature.

Video analytics in MOOCs

This study, focusing on the examination of students’ video interaction data, falls within
the realm of video analytics research. In the following section, we offer an overview and
synthesis of prior studies in the field of video analytics.

To begin with, video analytics in education, particularly in K12 and higher education, is
an active area of research. Yiirim et al. (2022) highlighted the use of video clickstream data
to predict university students' test performance, emphasizing the comprehensive educational
data mining approach. Giannakos et al. (2014) designed an open-access video analytics system
for a video-assisted course. They suggested that video analytics might provide insights into
student learning performance and inform the improvement of teaching tactics. In their study,
Khalil et al. (2023) explored student video engagement in three disparate cases: SPOC, MOOC,
and an undergraduate university course. The three cases indicated the important role of the
content type, the length, and the aim of the video on students’ engagement.

A distinguishing characteristic of MOOCs is that the platforms where they are hosted
stores all user interaction data as detailed clickstreams, providing a detailed history of how
user engaged throughout their learning journey in a MOOC (Kay et al., 2013; Mubarak et al.,
2021). As part of the clickstream data, most video players in MOOC platforms also store
students’ video interaction records. The types of these records may vary depending on the
capabilities of the video player and the tracking capabilities available. While commonly
recorded video events include play, pause, rewind, and forward (Li et al., 2015), video players
with advance interactive and social features such as annotating, bookmarking, and
commenting, can capture richer data for analysis (Chatti et al., 2016; Mirriahi et al., 2016).
Video clickstream data is typically recorded as raw data with timestamps, providing a
complete history of each users’ actions in a video session.

Researchers exploited the video clickstream data for several research purposes in
MOQOCs. One main focus has been the prediction of dropouts (or success) using indicators of
engagement with course videos. For example, Mbouzao and his colleagues (2020) developed
three cumulative metrics that describe video engagement at rather coarse level and used
them for the early prediction of success in a MOOC. Their findings revealed that these video
engagement metrics proved to be robust predictors of success, even when based on
interaction data collected during the initial week of the course. Mubarak and his colleagues
(2021) conducted a study to predict student performance by using fifteen variables derived
from video clickstream data and reported a very high classification accuracy with the Short-
Term Memory Network (LSTM) algorithm. However, the researchers did not report the
predictive power of specific variables.

In a different study, researchers predicted in-video quiz performance by using
engagement indicators derived from students’ interactions with each video separately
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(Brinton et al., 2016). The authors proposed two frameworks for representing video-watching
behavior (event-based and position-based), and they found that the models based on these
frameworks can substantially improve prediction quality. However, their approach was rather
complex and difficult to replicate in different contexts. With an attempt to examine the
predictive power of different video-engagement indicators, Lemay and Doleck (2020) found
that frequency of video viewing per week as a better predictor of course performance than
individual viewing features. In particular, according to the findings, the number of videos
viewed explained more variance in the dependent variable compared to all other count-based
predictors combined such as number times a video is played or paused.

Prediction research has provided evidence regarding the importance of video
engagement on performance and highlighted critical indicators of engagement associated
with higher performance. However, this research fails to explain how students engage with
videos. In complement, researchers also focused on clustering students based on their
engagement patterns to identify groups of students exhibiting distinct engagement behaviors.
An important study in this strand was conducted by (Yoon et al., 2021), where they used a
custom video player allowing advance features such as bookmarking, commenting,
annotating, and filtering. By examining eleven engagement indicators (such as number of
plays, comments posted), the authors identified four behavioral patterns (i.e., browsing, social
interaction, information seeking, and environment configuration) and two clusters of students
namely active learners and passive learners. While this study effectively utilized a wide range
of indicators, it was limited by a small sample size, resulting in the identification of only two
common learner profiles (active vs. passive). In a similar study, Li and her colleagues (2015)
derived 8 video features mostly based on play, pause, and seek actions. Their analysis using
the eight features resulted in nine different clusters, each of which was simply named
according to the corresponding dominating feature. The authors, without providing detailed
information about the behavioral patterns, reported the associations between clusters and
student performance (grouped as weak vs strong students).

Although clustering is widely used in the learning analytics literature, its application to
video clickstream data remains limited. Further research is necessary to explore video
engagement behavior at session level, rather than just the user level. This is important
because learner behavior may vary across sessions where they may be watching distinct
videos linked to different concepts. Conducting clustering analysis on video sessions can
provide more comprehensive insights into video-watching behavior and yield a better
understanding of how various video engagement patterns are associated with success or
failure. Accordingly, in our study, we employed a clustering analysis at video session level
using basic metrics that can be easily derived from any video clickstream. In addition, we
examined how behavioral patterns differ between successful and failed students.

Method

Dataset

The data used in this study is composed of interaction logs of participants in an
anonymous MOOC. The research data was obtained from a public repository . The raw logs
contained 285,120 rows and consisted of several columns including username, session_id,
action, object, and time. The action column contained information about the learner activity
about four course components: course materials (11,040 rows), videos (9,503 rows),
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assignments (160,519 rows), and discussions (199 rows). The data set used binary labeling to
indicate whether students had successfully completed the MOOC or not. Specifically, students
who failed to complete the course were labeled as “1” (n=593), while those who successfully
completed it were labeled as “0” (n=214). The dataset does not include details pertaining to
the video content or other attributes such as duration or difficulty level. The absence of
contextual information in public datasets has been criticized (Authors, 2021).

Data preprocessing

Since this study focuses on students’ video interactions, the data was filtered to retain
the logs about students’ interactions with videos, including the following actions: pause, play,
or seek. These actions were considered essential indicators for measuring video engagement
within the scope of this study. The raw dataset contains records of students’ actions for each
video interacted under different sessions. We treated each student’s interactions with each
single video as a separate sub-session and computed the video engagement indicators for
each sub-session. For example, if a student interacted with video Y during a session with the
sequence play-pause- play and with video Z with the sequence play-seek-seek-pause-play, two
sub-sessions were created. The resulting dataset contained the computed video engagement
indicators for each sub-session, as illustrated in Table 1. Please note that in this derived
dataset, the order of the video interactions has no importance.

Table 1. Example rows for demonstration

Sub-session video_id play_count pause_count seek_count
1 Y 2 1 0
2 YA 2 1 2

This process resulted in 6,656 rows of data about how students interacted with different
videos in separate sessions. Notably, the clustering analysis was conducted at the session and
video level, rather than the individual student level.

Data analysis

The clustering analysis was performed using k-means unsupervised learning algorithm.
K-means is a simple yet effective algorithm that partitions data points into clusters based on
the distance between a data point and a centroid (Antonenko et al., 2012). The Scikit-Learn
(Pedregosa et al., 2012) implementation of K-means was used with Euclidean distance serving
as the distance function. K-means algorithm requires the number of clusters to be
predetermined, which necessitates prior analysis to determine the ideal number of clusters
from the dataset. The Silhouette coefficient and Elbow method were employed in this study
to determine the number of clusters. The silhouette coefficient value closer to 1 indicates
dense and well-separated clusters with minimal overlap (Rousseeuw, 1987). The elbow
method computes the explained variance (i.e., the sum of squared distances) in terms of the
number of clusters (K). The point where the elbow bends is chosen as the optimal number of
clusters (Aggarwal & Sharma, 2019). Before the whole analysis, the data was standardized to
ensure that all variables have a similar range.
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Results and findings

Determining the ideal number of clusters

The Silhouette coefficient was computed for a range of 2 to 10 clusters and visualized as
a line chart in Figure 1. The maximum coefficient value was found at three clusters. Thus,
according to the Silhouette method, three was decided as the number of clusters to achieve
high cohesion (similar sessions are clustered together) and separation (distinct clusters are
well separated). To cross check the validity of the number of clusters, another common
technique called elbow method, was also applied. The outcome of the elbow technique in this
dataset is visualized in Figure 2. Similar to the preceding approach, the elbow technique
indicates 3 as the number of clusters.
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0.65

060

Silhouette Coefficient
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Figure 1. Silhouette coefficient values for different number of clusters
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Figure 2. The explained variance values for different number of clusters
Clusters of video engagement behavior

K-means clustering algorithm was used to identify the groups exhibiting distinct patterns
of video engagement among 6656 video interaction sessions in the MOOQOC. The resulting
clusters are presented in Table 2, which also displays the mean values of the three indicators
used to measure video engagement (play_video, pause_video, and seek_video).
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Table 2. Emerging clusters of video engagement behavior

Clusters Number of sessions play_video pause_video seek_video
1: Static viewing 5369 (80.66%) 2.44 2.01 0.54
2: Engaged viewing 905 (13.60%) 12.31 10.86 3.01
3: Focused viewing 382 (5.74%) 8.68 4.05 13.59

Based on the results presented in Table 2, the majority of sessions (80.66%) were
classified under Cluster 1. This cluster is characterized by lower levels of interaction with
videos compared to other clusters, and thus labeled as static viewing. In this cluster of 5369
sessions, on average students pressed the play button 2.44 times, paused videos 2.01 times,
and sought the video 0.54 times. These statistics indicate that for the majority of the sessions,
students demonstrated static viewing behavior by merely pausing and playing the videos, thus
watching them with minimal interaction.

The sessions under Cluster 2 (13.60%) are distinguished by much higher play and pause
interactions compared to other clusters, along with some seeking activities that are higher
than cluster 1 but lower than cluster 3. This cluster is labeled as engaged viewing, as the
sessions involved frequent pausing and replaying videos, indicating student interest and
engagement with the video content. That is, the engaged viewing behavior observed in Cluster
2 might indicate a higher level of cognitive engagement, as students may have paused videos
to act on the video content (such as checking their understanding, reviewing a formula, or
taking notes). However, it is important to note that this cluster contains a relatively smaller
number of sessions, suggesting that engaged viewing was not a very common behavior among
the MOOC learners.

Cluster 3, which had the lowest number of sessions accounting for only 5.74% of the
total, was characterized by a very high number of seeking in videos compared to other
clusters, accompanied by frequent pauses and plays that are higher than Cluster 1 but less
than Cluster 2. Based on these behaviors, the engagement behavior in this cluster was labeled
as focused viewing. In this cluster, students appeared to be highly interested in a specific
content and searched for the corresponding video segment. Once they found the content,
they interacted with it by playing and pausing the video, which is similar to the behavior of
the second cluster, but more focused on a specific portion of the video. Focused viewing
behavior might be a good indicator of both interest and deeper engagement in learning.
However, it was the least frequent behavior observed in this MOOC context.

The relationships between the video engagement indicators were examined to gain a
deeper understanding of the video viewing behavior within each cluster. Figure 3 depicts the
interactions among the indicators as scatter plots and their corresponding correlations under
each plot. In the scatter plots, each point corresponds to a video session, and clusters are
indicated by different colors. According to Figure 1 (a), in all clusters, the numbers of plays
and pauses were significantly and positively correlated. Although this correlation was
particularly strong in clusters 1 and 2, the sessions in cluster 1 (static viewing) exhibited lower
levels of play and pause activities than those in cluster 2 (engaged view). In contrast, the
correlation between play and pause activities was relatively lower for cluster 3 (focused
viewing), as the sessions in this cluster involved mostly seeking the video.
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Figure 3. Interaction between video actions in different clusters

Furthermore, the relationship between playing and seeking video activities was found
to be weak and inconsistent across the different clusters, as illustrated in Figure 3 (b).
Although clusters 1 and 2 displayed a positive correlation between the two activities, the
correlation in cluster 1 (static viewing) was relatively higher due to the low level of
engagement in both activities. Conversely, in cluster 2 sessions (engaged viewing), students
were found to be highly in the act of playing videos, while displaying considerably less interest
in the seek action. In contrast, clusters 3 (focused viewing) revealed a weak negative
correlation between the two actions, indicating that focused students spent much effort in
seeking some content inside the few played videos.

Last, based on the data presented in Figure 3 (c), it can be observed that the correlation
between the seek and pause actions was lower than the correlations between the other video
actions. Specifically, significant low correlations were noted in clusters 1 and 3, suggesting no
or minimal association between the number of times students seek video and pause video.

Video engagement behavior and MOOC completion status

To answer the second research question, the association between students’ course
completion statuses (aka., achievement status as success vs failure) and their video
engagement behavior was examined in three stages of descriptive analysis. In the first stage,
the number of sessions from the three clusters was calculated for successful and failed
students to identify the frequency of the session types by the achievement status. Following
this analysis, the second stage focused on the percentages of successful and failed students
who had at least one session from each cluster. This analysis provided additional insights into
the prevalence of distinct engagement behavior in different achievement statuses. Finally, in
the last stage, the percentage of students who demonstrated multiple engagement behavior
was analyzed for both achievement statuses, thus complementing the earlier analysis
involving single engagement behavior.

First, the percentages of sessions belonging to successful or failed students were
computed for each cluster, as presented in Table 3. While in cluster 1, the percentages of the
sessions were found to be very close between the successful and failed students (54.83% vs
45.17%), the gap between these two student groups increased in cluster 2 (59.00% vs 41.00%)
and reached to its maximum in cluster 3 (61.78% vs 38.22%). These results suggest that,
regardless of their achievement status, the students demonstrated a high frequency of static
viewing behavior. However, the achievement status was more distinguishing in the other two
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behaviors. Successful students demonstrated engaged viewing and focused viewing behaviors
more frequently than failed students.

Table 3. Percentage of sessions pertaining to each achievement group

Status Cluster 1: Static viewing Cluster 2: Engaged viewing  Cluster 3: Focused viewing
Success 54.83% (n=2944) 59.00 % (n=534) 61.78% (n=236)
Fail 45.17% (n=2425) 41.00% (n=371) 38.22% (n=146)

The second stage of the analysis focused on the percentages of students who had at
least one session from each of the three video viewing behavior clusters. These percentages
were computed for successful (n=214) and failed (n=594) students separately, and the results
are provided in Table 4. Consistent with the findings discussed earlier, the vast majority of
students in both achievement groups engaged in static viewing (cluster 1) at least once. For
example, 87.86% of the failed students and 89.25% of the successful students had at least one
session of static viewing. However, engaged viewing (cluster 2) and focused viewing (cluster
3) were less frequently observed in both achievement groups, with the percentages being
significantly lower for the failed students. In particular, 21.59% of the failed students had a
session that involved engaged viewing, and a mere 11.47% had a session that involved focused
viewing.

On the other hand, these engagement behaviors were more prevalent among the
successful students. Almost half of the successful students (49.07%) demonstrated engaged
viewing at least once, and over a one third (36.92%) had a video session involving focused
viewing. These results provide some indication of the relationship between achievement
status and the presence of engaged viewing and focused viewing behaviors. However, it is
worth noting that the overall number of students demonstrating these behaviors was
relatively low.

Table 4. Percentage of students per achievement group who have a session in each cluster.

Status Cluster 1: Static viewing  Cluster 2: Engaged viewing Cluster 3: Focused viewing
Success 89.25% (n=521) 49.07% (n=105) 36.92% (n=79)
Fail 87.86% (n=191) 21.59% (n=128) 11.47% (n=68)

The results of the descriptive statics so far demonstrated that students’ video watching
patterns may vary depending on their achievement status. In the third stage of the analysis,
we examined the extent of student engagement by investigating multiple video-watching
behaviors. Table 5 presents the percentage of students in each achievement group who
exhibited more than one type of video watching behavior. Among the successful students,
24.30% demonstrated all three types of video engagement behaviors, and 46.26% exhibited
both static viewing (cluster 1) and engaged viewing (cluster 2). Approximately, 33.64% of the
students exhibited both static viewing (cluster 1) and focused viewing (cluster 3), while24.30%
demonstrated both engaged viewing (cluster 2) and focused viewing (cluster 3) behaviors.
These results suggest that exhibiting multiple engagement behaviors was not uncommon
among successful students.

When analyzing the behavioral patterns of the failed and successful students, the
discrepancy between the failed and successful students becomes more pronounced. For
example, only 5.06% of the failed students demonstrated all three types of behaviors, which
is five times less than the corresponding percentage of the successful students. This disparity
is consistently large in clusters 1 &3 (9.27% vs. 33.64%) and clusters 2 & 3 (5.05% vs. 24.30%),
but relatively smallerin cluster 1 & 2 (19.56% vs. 46.26%). Consequently, when combined with
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other behaviors, focused viewing (cluster 3) creates a wider gap between the groups. These
findings provide additional support for the argument that focused viewing is the most
distinguishing behavior that sets successful students apart from their unsuccessful peers.

Table 5. Percentage of students with a session in multiple clusters
Static & Engaged & Focused Static & Engaged Static & Focused Engaged & Focused

Success 24.30% (n=52) 46.26% (n=99) 33.64% (n=72) 24.30% (n=52)
Fail 5.06% (n=30) 19.56% (n=116) 9.27% (n=55) 5.05% (n=30)
Discussion

This study identified three clusters of distinct behaviors based on students’ interactions
with different videos in separate sessions. The clustering approach allowed us to distinguish
distinct engagement patterns based on the sessions instead of the students, which differs
from most research where the clustering was made to group students based on their video
interactions and general course engagement (Mirriahi et al., 2016; Su & Wu, 2021).

The most predominant behavior among MOOC learners was static viewing (cluster 1),
where students viewed videos with minimal interactions. In this cluster, the play and pause
events were infrequent but highly correlated, while the seek events were rare and poorly
correlated with play and pause events. Hence, static viewing was possibly utilized by students
when they needed to watch an entire video without interruption, with little need for
interaction such as playing and pausing. This behavior might be influenced by factors such as
video length, concept complexity, and video quality (Colasante, 2022). For instance, when
viewing a short or easy-to-understand video, students may need to interact with the video a
few times. Furthermore, video sessions with static viewing were almost equally distributed
among the high and low achieving students, and nearly 90% of both achievement groups used
static viewing at least once. Therefore, although this behavior might be needed most often
when watching videos in MOOQCs, it should not be considered a distinctive video engagement
type between the high achievers and low achievers.

While MOOC learners tended to watch videos rather statistically most of the time,
engaged viewing (cluster 2) involving high frequency of play and pause events also occurred
occasionally. In engaged viewing, a very strong linear relationship between play and pause
events was recorded. The high level of interaction suggests that these students are actively
engaged with the video content, possibly pausing to take notes or review complex concepts.
This behavior indicates a higher cognitive engagement of students in videos and several
factors may motivate students to use it. The type of video content and the complexity of a
concept in a video might be the main factors for engaged viewing (Kim et al., 2014). For
example, a video may demonstrate the solution of a difficult problem or outline the code
written for a complex program, and students may need to pause and replay such video
frequently to be able to follow the steps gradually and develop a greater comprehension.
Supporting this argument, strong links were noted between engaged viewing behavior and
high achievement. As an example, while most of the sessions involving engaged viewing
belonged to the successful students, only 20% of the failed students exhibited the engaged
viewing behavior. That is, students with this behavior were relatively more successful at the
end of the MOOC. This finding offers compelling proof that engaged viewing was an effective
strategy for enhancing learning via videos, resulting in improved academic achievement.
However, this behavior is less common than static viewing, indicating that most MOOC
learners may not be fully leveraging the interactive capabilities of video-based learning.
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Focused viewing (cluster 3), where students sought specific video segments, was the
least common behavior among MOOC learners, indicating its rarity. It is characterized by
active seeking within videos, suggesting that these students are selectively viewing specific
portions of the videos. This behavior was likely employed when students aimed to find crucial
information in videos, reflecting their extra effort to fill knowledge gaps and deepen their
understanding. This behavior may indicate a deeper level of engagement, as these students
are likely focusing on particular topics or concepts that are of interest or challenging to them.
Notably, successful students primarily used focused viewing, with over 60% of sessions
involving this behavior, while only 11% of failed students exhibited it at least once. Unlike
engaged viewing, the difference in focused viewing between successful and failed students
was more noticeable, hinting at a link between focused viewing and high achievement,
although it was infrequently employed, even by successful students.

In all clusters, the numbers of plays and pauses are positively correlated, indicating that
students who frequently play videos also tend to pause them often. However, the relationship
between playing and seeking activities varies across clusters, suggesting different patterns of
engagement. For instance, in Cluster 3 (focused viewing), there is a weak negative correlation
between playing and seeking, indicating that these students spend more effort seeking
specific content rather than playing the entire video.

Among successful students, a significant proportion exhibited more than one type of
video engagement behavior. This suggests that successful students are not only more likely to
engage actively with the video content, but they also tend to use a variety of engagement
strategies. These findings underscore the significance of using various video engagement
strategies for success in MOOCs. Employing multiple strategies, especially engaged viewing
and focused viewing in combination with others, strongly correlated with student success.
This reinforces the importance of students' ability to regulate their video-watching behavior
effectively, aligning with prior research emphasizing self-regulated learning in online courses
(Lee & Lee, 2008; Littlejohn et al., 2016). However, it’s important to note that these are
general trends and individual student behaviors can vary. Further research is needed to fully
understand the relationship between video viewing behaviors and academic success.

Conclusion

The findings of this research have important implications for the design of MOOCs and
other online learning platforms that support video-based learning. MOOC learners may
exhibit varying video engagement behaviors and the design of the online learning platforms
should consider these behaviors to promote effective and meaningful interaction with video
content to create an optimal learning experience. Interventions that support the proper use
of engaged viewing may increase students’ learning gains from videos. Drawing from the
study’s findings, it’s evident that engaged viewing behavior is characterized by frequent
pauses and plays, likely reflecting students’ efforts to take notes during video playback.
Accordingly, an example intervention might be a video feature that enables notetaking when
a video is paused or a feature that enables highlighting important parts of the video script,
which may facilitate the engaged viewing behavior. Similarly, Desai & Kulkarni (2022)
highlighted the superiority of interactive videos over linear, demonstrative videos in
enhancing students' conceptual understanding and learning outcomes through active
engagement. Moreover, interventions that encourage active seeking in videos can be effective
in promoting focused viewing and deeper engagement with the instructional content. For
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example, it could be helpful to implement a bookmarking feature that enables students to
mark specific video segments for future reference. This intervention can promote faster
access to key information and improve overall learning outcomes. As this study showed that
proper engagement with videos in a MOOC might be an important predictor of success, such
interventions can support MOOC participants’ learning experiences and lead to higher
achievement.

The main limitation of this study is the lack of information about the context. In this
research, a public dataset consisting of learners’ interaction logs in a MOOC was used. Since
the data was anonymized, the overall course structure (e.g., the number of modules), the
pedagogical approach (e.g., self-paced vs instructor-lead), and characteristics of the videos
(length, format, quality, etc.) were unknown. These factors can play a critical role in shaping
student engagement and achievement (Er et al.,, 2019; Lockyer et al., 2013). Although
achievement status can somehow relate to students’ video-viewing behaviors, the content of
the videos could possibly have some effects on students’ interactions with videos. For
example, frequent pausing and playing may indicate some difficulty with video content (Li et
al., 2015). Therefore, if the video characteristics were known, additional insights could be
drawn to explain students’ video engagement behaviors. Future research should consider an
analysis of video characteristics when explaining the behavioral patterns of MOOC learners’
video engagement.
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