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Inputs

• username,	
  video	
  ID,	
  start	
  and	
  end	
  times,	
  video	
  
play	
  speed,	
  #	
  of	
  the	
  play	
  and	
  pause	
  triggered,	
  and	
  
attempt	
  to	
  answer	
  assessment

• Each	
  session	
  end	
  when	
  user	
  triggers	
  unrelated	
  
event,	
  logout	
  or	
  video	
  finishes

• filtered	
  out	
  all	
  sessions	
  <	
  five	
  seconds



Engagement	
  Measurement

• Watching	
  session
– Limitation	
  is	
  that	
  it	
  cannot	
  capture	
  whether	
  a	
  
watcher	
  is	
  actively	
  paying	
  attention	
  to	
  the	
  video

• Problem	
  attempt
– Attempt	
  follow-­‐up	
  problem	
  within	
  30	
  minutes	
  
after	
  watching	
  a	
  video?



Correlation	
  Measurement

• Quantitative	
  Inputs
– Length,	
  Speaking	
  rate,	
  Video	
  type,	
  Production	
  
style	
  (Slides,	
  Code,	
  Khan-­‐style,	
  Classroom,	
  Studio,	
  
Office	
  Desk)

• Qualitative	
  Inputs
– Interviews	
  with	
  4	
  edX video	
  producers
– Interviews	
  with	
  2	
  program	
  managers



Findings	
  and	
  Recommendation	
  (1)

F:	
  Shorter	
  videos	
  are	
  
more	
  engaging
R:	
  duration	
  <	
  6	
  minutes
Note:
-­‐ Engagement	
  Time	
  >	
  1.0	
  if	
  re-­‐play
-­‐ Problems	
  Attempts	
  56%,	
  48%,	
  43%,	
  41%,	
  
and	
  31%,	
  respectively



Findings	
  and	
  Recommendation	
  (2)

F:	
  Talking	
  Head	
  Is	
  More	
  Engaging
R:	
  Record	
  the	
  instructor’s	
  head	
  and	
  insert	
  at	
  
opportune	
  times

Note:
-­‐ No	
  significant	
  differences	
   	
  on	
  number	
  of	
  play/pause	
  events



Findings	
  and	
  Recommendation	
  (3)

F:	
  High	
  Production	
  Value	
  Might	
  Not	
  Matter
R:	
  Setting	
  where	
  the	
  instructor	
  can	
  make	
  good	
  
eye	
  contact

Note:
-­‐ Previous	
   figure	
  show	
  that	
  students	
  engaged	
   for	
  twice	
  the	
  time	
  on	
  6.00x	
  

videos	
   in	
  6	
  -­‐ 12	
  minutes,	
  and	
  for	
  3x	
  the	
  time	
  on	
  6.00x	
  videos	
  >	
  12	
  minutes



Findings	
  and	
  Recommendation	
  (4)

F:	
  Khan-­‐Style	
  Tutorials	
  Are	
  More	
  Engaging
R:	
  Record	
  Khan-­‐style	
  tutorials	
  when	
  possible
Note:
-­‐ Problem	
  attempt	
  is	
  
40%	
  with	
  Khan-­‐style	
  
and	
  31%	
  for	
  others



Findings	
  and	
  Recommendation	
  (5)

F:	
  Pre-­‐Production	
   Improves	
  Engagement
R:	
  Invest	
  in	
  pre-­‐production	
  effort
Note:
-­‐ 3.091x	
  splice	
  up	
  old	
  
set	
  of	
  lectures
-­‐ Problem	
  attempt	
  is	
  
55%	
  with	
  CS188.1x	
  
and	
  41%	
  for	
  3.091x



Findings	
  and	
  Recommendation	
  (6)

F:	
  Speaking	
  Rate	
  Affects	
  Engagement
R:	
  Bring	
  out	
  natural	
  enthusiasm	
  and	
  speaking	
  
fast	
  is	
  okay

Note:
-­‐ no	
  significant	
  differences	
   	
  
on	
  number	
  of	
  play/pause	
  events
-­‐ 145	
  –165	
  wpm	
  least	
  energetic
-­‐ 48-­‐130	
  wpm	
  because	
  of
writing	
  simultaneously
-­‐ Problem	
  attempts	
  also	
  
follow	
  a	
  similar	
  trend



Findings	
  and	
  Recommendation	
  (7)

F:	
  Students	
  Engage	
  Differently	
  With	
  Lectures	
  And	
  
Tutorials

R:	
  Lecture videos,	
  optimize	
  the	
  first-­‐time	
  watching	
  
experience.	
  For	
  tutorials,	
  length	
  does	
  not	
  matter,	
  
support	
  re-­‐watching	
  and	
  skimming.



Limitations

• more	
  diverse	
  courses
• cannot	
  measure	
  a	
  student’s	
  true	
  engagement
• cannot	
  track	
  viewing	
  activities	
  of	
  students	
  
who	
  watched	
  offline



Conclusion

• To	
  maximize	
  student	
  engagement,	
  instructors	
  
must	
  plan	
  their	
  lessons	
  specifically	
  for	
  an	
  
online	
  video	
  format



VisMOOC:	
  Visualizing	
  Video	
  
ClickstreamData	
  from	
  Massive	
  Open	
  

Online	
  Courses
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Inputs

• Five	
  experts,	
  four	
  instructors	
  offering	
  courses	
  
on	
  Coursera and	
  one	
  educational	
  analyst

• 2	
  Coursera courses	
  (	
  CH	
  and	
  GT)
– Video	
  clickstreamdata
• userID,	
  timestamp,	
  in-­‐video	
  pos.,	
  event	
  type	
  (play,	
  
pause,	
  seek,	
  stalled,	
  error,	
  and	
  rate-­‐change)

– Forum	
  data
• only	
  about	
  10%	
  learners	
  use	
  the	
  forum	
  (???)

– Grading	
  data
• no	
  particular	
  reason



Event	
  Type	
  Description



Research	
  Questions
• What	
  is	
  the	
  overall	
  statistics	
  of	
  clickstream data?

– provide	
  guidance	
  on	
  filtering	
  out	
  irrelevant	
  parts
• In	
  each	
  video,	
  which	
  parts	
  are	
  more	
  interesting	
  to	
  

research?
– types	
  of	
  events	
  happened	
  at	
  some	
  particular	
  position	
  of	
  a	
  video

• What	
  are	
  the	
  differences	
  of	
  viewing	
  behaviors between	
  
different	
  user	
  groups?
– compare	
  and	
  analyze	
  how	
  students	
  from	
  different	
  areas	
  react	
  to	
  
the	
  same	
  course	
  materials

• How	
  do	
  the	
  learning	
  behaviors change	
  over	
  time?
– how	
  the	
  learning	
  behaviorschange	
  in	
  different	
  time	
  scales

• What	
  other	
  factors	
  can	
  affect	
  the	
  user	
  viewing	
  behaviors?
– such	
  as	
  	
  release	
  time,	
  length	
  and	
  content	
  of	
  the	
  video,	
  	
  etc.



Design	
  Requirement

• Simple	
  visual	
  design
– quickly	
  understand	
  the	
  stories	
  and	
  make	
  decisions

• Video-­‐embedded	
  design
– Correlate	
  user	
  interaction	
  with	
  video	
  content

• Multi-­‐level-­‐scale	
  exploration
– the	
  time	
  scales	
  and	
  the	
  learners	
  scales

• Multi-­‐perspective	
  exploration
– encoding	
  information	
  from	
  a	
  unique	
  perspective



VisMOOC Design	
  (1)

• Content-­‐based	
  View
– event	
  graph
– seek	
  graph

• Dashboard	
  View
– calender visualization	
  for	
  daily	
  popularity
– bar	
  chart	
  for	
  overall	
  popularity
– clickstream animation

• View	
  Coordination
– demographic	
  chart



Results



Results



Results



Conclusions	
  &	
  Future	
  work

• The	
  first	
  visual	
  analytical	
  system	
  to	
  specifically	
  
help	
  the	
  experts

• Can	
  be	
  extended	
  and	
  applied	
  to	
  the	
  general	
  
analysis	
  of	
  other	
  video	
  watching	
  behaviors

• Integrating	
  the	
  analysis	
  modules	
  for	
  forum	
  
data	
  and	
  grading	
  information

• Learning	
  pattern	
  w.r.t grades



MOOC	
  Video	
  Interaction	
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  What	
  Do	
  They	
  Tell	
  Us?
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  Li	
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Hypothesis	
  &	
  Goal

• Students	
  adapt	
  their	
  video	
  interactions	
  to	
  the	
  
video	
  difficulties,	
  their	
  personal	
  capability	
  and	
  
learning	
  strategies

• Associations	
  between	
  video	
  interaction	
  
patterns	
  with	
  (1)	
  perceived	
  video	
  difficulty,	
  (2)	
  
video	
  revisiting	
  behaviours	
  and	
  (3)	
  students’	
  
performance



Inputs

• 2	
  undergrad	
  courses	
  in	
  Coursera (RP	
  and	
  DSP)

• Note:
–Weekly	
  quizzes	
  (RP:	
  unlimited	
  submission,	
  DSP:	
  5	
  
submissions)

– Higher	
  pass	
  rate	
  in	
  RP(23.15%)	
  than	
  DSP(2.89%)



Data	
  Wrangling	
  Pipeline
1. Arranged	
  user-­‐based	
  watching	
  histories	
  in	
  

chronological	
  order
2. Revisited	
  and	
  first-­‐time	
  video	
  sessions	
  are	
  separated
3. Aggregate	
  the	
  events	
  in	
  each	
  watching	
  segments	
  into	
  

video	
  features
4. Processed	
  video	
  events	
  like	
  pauses,	
  seeks	
  and	
  speed	
  

changes
5. Removed	
  the	
  pause	
  events	
  that	
  have	
  a	
  duration	
  of	
  

more	
  than	
  10	
  minutes
6. Seek	
  events	
  that	
  are	
  within	
  1	
  second	
  interval	
  are	
  

grouped	
  as	
  a	
  single	
  seeking	
  event



Video	
  Interaction	
  Clustering

• SC:	
  the	
  average	
  amount	
  of	
  speed	
  change	
  during	
  
the	
  video	
  session	
  (StartS – AvgS)

• Note:
– all	
  the	
  video	
  sessions	
  that	
  did	
  not	
  reach	
  the	
  last	
  10%	
  
categorized	
  into	
  the	
  ”in-­‐video	
  dropout”

– clustering	
  will	
  be	
  performed	
  only	
  on	
  the	
  remaining	
  
”complete”



Clustering	
  and	
  Video	
  Interaction	
  
Pattern

• PCA,	
  6	
  new	
  uni-­‐variance	
  variables
• Neural	
  Gas
• SSI,	
  for	
  optimal	
  number	
  of	
  clusters	
  (9	
  clusters)

• Each	
  clusters	
  labeled	
  with	
  dominating	
  features



Clustering	
  and	
  Video	
  Interaction	
  
Pattern	
  (1)



Perceived	
  Video	
  Difficulty

• How	
  do	
  the	
  different	
  video	
  interaction	
  
patterns	
  reflect	
  different	
  levels	
  of	
  perceived	
  
video	
  difficult?

• Info:
– How	
  easy	
  was	
  it	
  for	
  you	
  to	
  understand	
  the	
  content	
  
of	
  this	
  video?

– Focus	
  on	
  first	
  watching	
  sessions
– RP	
  49.1%	
  (diffic.	
  2.699),	
  DSP	
  32.8%	
  (diffic.	
  	
  2.594)



Perceived	
  Video	
  Difficulty	
  -­‐ Result

• RP	
  and	
  FP	
  patterns	
  reflect	
  significantly	
  higher	
  
difficulty



Video	
  Revisiting	
  Behaviours

• With	
  which	
  first-­‐time	
  video	
  interaction	
  
patterns	
  are	
  the	
  videos	
  more	
  likely	
  to	
  be	
  
revisited?



Student	
  Performance

• How	
  do	
  Strong	
  and	
  Weak	
  students	
  differ	
  in	
  
lecture	
  video	
  viewing	
  behaviours?

• Info:
– subset	
  of	
  the	
  data	
  which	
  includes	
  students	
  who	
  
completed	
  all	
  the	
  assignments(RP:	
  <	
  23%,	
  DSP:	
  <	
  3%)

– Strong =	
  obtain	
  80%	
  of	
  total	
  points	
  in	
  FIRST	
  try
– Weak =	
  otherwise
– 86.3%	
  of	
  the	
  passed	
  students,	
  35.3%	
  are	
  Strong



Student	
  Performance	
  -­‐ Result

• Strong =	
  high-­‐freq.	
  in	
  HS,	
  SU,	
  PS	
  and	
  IA
• Weak =	
  high-­‐freq.	
  in	
  SS,	
  JS,	
  FP	
  and	
  LP



Conclusion	
  and	
  Limitation	
  

• Detect	
  the	
  change	
  of	
  video	
  interaction	
  patterns
• Provide	
  quick	
  access	
  for	
  revisiting	
  videos
• Make	
  use	
  of	
  the	
  pauses

• Not	
  considering	
  the	
  type	
  course	
  or	
  the	
  
differences	
  in	
  video	
  content

• Forum,	
  quiz,	
  students’	
  motivations	
  all	
  may	
  relate	
  
to	
  the	
  aspects	
  we	
  described
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Inputs

• 2	
  Coursera courses,	
  Algebra(2,126	
  users,	
  7,994	
  posts)	
  	
  
and	
  Microeconomics(2,155	
  users,	
  4,440	
  posts)

• Clickstream(Al:	
  8.6	
  millions,	
  Mi:	
  2.7	
  million)

• Mturk(US	
  citizens,	
  98%	
  app.	
  rate)	
  for	
  annotating	
  
posts(5	
  workers/post)

• Randomly	
  sampled	
  posts(Al:	
  522,	
  Mi:	
  584)
• Annotate	
  post	
  from	
  scale	
  1	
  to	
  4(high-­‐confusion)
• Divide	
  posts	
  into	
  2	
  groups,	
  “confused”	
  and	
  
“unconfused”



Classifier	
  Construction

• Click	
  Patterns
–Within	
  a	
  3	
  hour	
  window,	
  collect	
  N-­‐grams	
  
behaviours

– E.g.	
  “quiz-­‐quiz-­‐forum”,	
  	
  “quiz-­‐lecture-­‐quiz-­‐lecture”
• Linguistic	
  Features
– Using	
  LIWC	
  features(Pronouns,	
  Sentiment,	
  so	
  on)

• Question	
  Features
– Number	
  of	
  question	
  marks	
  and	
  heuristic	
  rule



Classification	
  Performance	
  -­‐
Quantitative

• Logistic	
  Regression	
  with	
  10-­‐cross	
  validation



Findings	
  and	
  Observations



Survival	
  Analysis	
  Design
• Using	
  Hazard	
  Ratio,	
  to	
  predict	
  student	
  drop-­‐out	
  from	
  defined	
  

variables
• Dependent	
  Variables

– Dropout	
  (1	
  active,	
  0	
  otherwise)
• Control	
  Variables

– TotalPost (#	
  of	
  posts/week)
– Starter	
   (Initiate	
  thread)

• Independent	
  Variables
– Expressed	
   Confusion	
   (avg.	
   confusion/week)
– User	
  Exposed	
  Confusion	
   (avg.	
  confusion	
  from	
  initiate	
  post)
– Other	
  Exposed	
  Confusion	
   (avg.	
  confusion	
   from	
  other	
  post)
– Confusion	
  Resolved	
   (#	
  of	
  resolved	
   initiate	
  posts)
– Reply	
  (#	
  of	
  initiate	
  thread	
  with	
  response	
   from	
  others)



Survival	
  Analysis	
  Design	
  (1)



Commitment	
  Analysis

• Confusion	
  on	
  commitment



Commitment	
  Analysis

• Resolving	
  Threads	
  and	
  Receiving	
  Replies



Commitment	
  Analysis



Confusion	
  Content	
  Identification

• More	
  likely	
  to	
  express	
  confusion	
  about	
  
recently	
  browsed	
  course	
  material

• Target	
  post:	
  Course,	
  Lecture	
  and	
  Quiz



Conclusion	
  and	
  Limitation

• How	
  to	
  identify	
  student	
  confusion	
  during	
  the	
  
learning	
  process

• Tracking	
  and	
  monitoring	
  student	
  confusion	
  helps	
  
instructors	
  give	
  appropriate	
  feedback	
  to	
  students

• Accurate	
  estimation	
  of	
  students’	
  confusion	
  
expressed	
  in	
  the	
  discussion	
  forums

• All	
  judged	
  by	
  Turkers who	
  have	
  no	
  experience	
  in	
  
MOOC	
  course	
  forums



IDEA:
Exploring	
  the	
  relation	
  between	
  

user	
  interaction	
  with	
  intervention


