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Mo4va4on
Problems
• Many	  tradi/onal	  

recommenders	  are	  “black	  
boxes”	  and	  lack	  explana/on	  and	  
control	  [Herlocker]

• “Why	  am	  I	  being	  recommended	  
this	  movie?	  I	  don’t	  like	  horror	  
films.”

• Even	  in	  modern	  recommenders,	  
data	  can	  be	  sta/c,	  	  outdated	  or	  
simply	  irrelevant	  from	  the	  
beginning.

• Data	  about	  users	  and	  items	  is	  
spread	  far	  and	  wide.



Mo4va4on
Challenges:
	  	  	  	  è   Need	  for	  more	  dynamic,	  more	  

adaptable	  algorithms	  that	  can	  cope	  
with	  diverse	  data	  from	  APIs.

	  	  	  	  è   And,	  we	  need	  an	  interface	  that	  
can	  keep	  up…

Solu4ons?
	   User	  interfaces	  help	  to	  explain	  

provenance	  of	  a	  recommenda4on.	  	  	  
This	  can	  improve	  users’	  understanding	  
of	  the	  underlying	  system	  and	  
contribute	  to	  beXer	  user	  experience	  
and	  greater	  sa/sfac/on

	   Interac/on	  allows	  users	  to:	  tweak	  
otherwise	  hidden	  systems	  seZngs;	  
provide	  updated	  preference	  data,	  
recommenda/on	  feedback	  etc.	  etc.



TasteWeights:	  Background
Ini4al	  Work	  on	  Graph-‐based	  

Representa4ons	  of	  Collabora4ve	  
Filtering	  Algorithms:	  	  

	   PeerChooser	  :	  	  	  Based	  on	  sta4c	  MovieLens	  data
	   SmallWorlds:	  	  	  Web-‐based,	  dynamic	  data	  from	  

Facebook	  API.	  
	   	  

Issues	  discovered	  during	  
evalua4ons:

	   PeerChooser:	  	  Interac/on	  with	  nodes	  that	  represent	  
movie	  genres	  …too	  coarse.

	  	  	  	  	  	  	  SmallWorlds:	  	  	  A	  “complete”	  representa/on,	  but	  far	  
too	  complicated	  view.

Learning	  from	  evalua4ons:
	   Abstrac/on,	  	  Detail-‐on-‐demand,	  	  Interac/ve	  Visual	  

Cues,	  	  Cleaner	  game-‐like	  graphics,	  and	  more	  flexible	  
API	  connec/vity.	  	  	  Focus	  on	  “social”	  
recommenda/on.





Supports	  user	  interac/on	  to	  
update	  informa/on	  at	  
recommenda/on	  /me

>Solves	  stale	  data	  problem.

Makes	  the	  ACF	  algorithm	  
transparent	  and	  understandable.

>increases	  sa/sfac/on,	  acceptance	  
etc.

Enables	  fast	  visual	  explora/on	  of	  
the	  data

>what-‐if	  scenarios
>increases	  learning

Interac4ve,	  Trust-‐based	  Recommender	  for	  Facebook	  Data



Combining	  Social	  and	  Seman4c	  
Recommenda4ons

Facebook	  /	  
TwiXer	  (Social	  

Recs)

DBPedia/Freebase
(Seman/c	  Recs)



TasteWeights	  Design



Demo
hXp://www.youtube.com/watch?v=9_JgynePm9w&hd=1



Approach
Parallel	  hybrid	  recommender	  system
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Recommenda4on	  
Sources
Input	  Data	  Resolu4on
	   Mapping	  between	  Wikipedia	  ar/cles
	   Facebook	  pages,	  and	  TwiXer	  #tags

Similarity	  Models
	   Wikipedia
	   	   (Data	  source:	  DBpedia)

	   Facebook
	   	   (Data	  source:	  Facebook	  Graph	  API)

	   TwiQer
	   	   (Data	  source:	  wefollow.com)



Genera4ng	  Recs.

Individual	  Source
	  

Hybrid	  Strategies
	   Weighted

	   Mixed

	   	  
	   Cross-‐source



Evalua4on

Goals
	   Evaluate	  combining	  social	  and	  seman/c	  recommenda/ons
	   Evaluate	  explana/on	  and	  transparency	  in	  a	  hybrid	  recommender
	   Evaluate	  interac/on	  in	  a	  hybrid	  recommender

Setup
	   Supervised	  user	  study.	  32	  par/cipants	  from	  the	  human	  subject	  pool	  at	  UCSB

Procedure
	   Pre-‐ques/onnaire
	   Tasks	  	  
	   	   Interact	  with	  Profile
	   	   Interact	  with	  Sources
	   	   Interact	  with	  Full	  interface
	   	   Rate	  recommenda8ons
	   Post-‐ques/onnaire	  	   (Explana/on	  &	  Interac/on)



Evalua4on:	  Accuracy

Experiment
	   One-‐way	  repeated	  measures	  ANOVA
	   Compared	  9	  recommenda/on	  methods	  (below)	  in	  terms	  of	  rec.	  accuracy

Method	  (independent	  variable)
	   Single-‐source:	   Wikipedia,	  Facebook,	  TwiXer
	   Hybrid:	   Weighted,	  Mixed,	  Cross-‐source
	   Interac4on:	   Profile,	  Sources,	  Full

Accuracy	  (dependent	  variable)
	   Measured	  in	  terms	  of	  “U4lity”



Results:	  Accuracy

Plot	  of	  means	  of	  recommenda4on	  methods	  
over	  u4lity	  with	  95%	  confidence	  intervals

Results	  from	  a	  Tukey	  post-‐hoc	  analysis	  of	  the	  
recommenda4on	  methods:	  mul4ple	  comparisons	  
of	  means	  with	  95%	  family-‐wise	  confidence	  level







Results:	  Diversity



TasteWeights	  on	  LinkedIn	  Data
Case	  Study:	  Portability	  of	  TW	  interface
	   -‐Developed	  a	  Social-‐Seman/c	  Recommenda/on	  algorithm	  for	  data	  from	  LinkedIn	  API
	  	  	  	  	  	  	  	  -‐Personalized	  for	  one	  “ac/ve”	  logged-‐in	  user.
	   	  -‐Visualized	  the	  algorithm	  in	  TasteWeights	  interface

Algorithm:
	   	  -‐Map	  profile	  items	  to	  noun-‐phrases
	   	  -‐Resolve	  to	  Wikipedia	  ar/cles
	   	  -‐e.g.:	  	  ph.D	  	  =>	  PHD,	  	  	  	  UCSB	  =>	  UC	  Santa	  Barbara	  	  	  	  	  
	   	  -‐Compute	  similarity	  based	  on	  overlap	  in	  resolved	  en//es.

Features
	   -‐Segmented	  /	  Organized	  user	  profile
	   -‐Interac/ve	  profile	  weigh/ng
	   -‐Interac/ve	  weigh/ng	  of	  social	  connec/ons
	   -‐Dynamic	  re-‐ranking	  of	  recommenda/ons	  (visual	  feedback)
	   -‐Provenance	  views	  to	  show	  effects	  of	  each	  interac/on.
	  
	   	  

	  	  	  	  	  	  	  	  





Conclusions
UI	  and	  interac4on	  design	  are	  important	  considera4ons	  for	  RSs	  
	   -‐Increased	  explana/on,	  provenance
	   -‐Expose	  otherwise	  hidden	  controls	  (e.g:	  control	  of	  hybrid	  recommender)
	   -‐Helps	  ease	  the	  stale	  data	  problem
	   -‐Support	  user	  input	  at	  various	  granularity	  (recommended	  item,	  	  recommenda/on	  partner,	  profile	  items	  etc)
	  	  	  	  	  	  	  	  -‐Increase	  ambient	  learning.
	   -‐Promote	  interest	  in	  the	  recommender	  system	  	  (game-‐like	  feel)

Contribu4ons:
	   	  -‐Demonstrated	  a	  novel	  interac/ve	  RS	  
	   	  -‐Hybrid	  of	  recommenda/ons	  from	  Wikipedia,	  Facebook	  and	  TwiXer
	   	  -‐Evaluated	  via	  a	  32	  person	  supervised	  user	  study	  at	  UCSB.
	   	  -‐Demonstrated	  portability	  of	  the	  system	  on	  LinkedIn’s	  API.

Results
	   -‐Interac/on	  increases	  user	  sa/sfac/on	  in	  all	  condi/ons.	  (more	  interac/on	  =	  higher	  accuracy)
	   -‐Cross-‐source	  hybrid	  strategy	  outperformed	  individual	  source	  strategies.
	  
	   	  

	  	  	  	  	  	  	  	  



AZer	  the	  break…	  	  	  Inspectability	  and	  

	   In	  this	  work	  we	  touched	  on	  the	  ideas	  of	  inspectability	  and	  
control	  in	  the	  context	  of	  our	  hybrid	  recommender	  
system.

	   In	  the	  next	  talk,	  Bart	  Knijnenburg	  (UC	  Irvine)	  will	  present	  
results	  from	  a	  larger	  study	  that	  focuses	  on	  a	  general	  
analysis	  of	  inspectability	  and	  control	  in	  social	  
recommenders.	  	  This	  study	  used	  some	  components	  from	  
our	  TasteWeights	  system.

	   	  

	  	  	  	  	  	  	  	  



Thanks	  for	  listening!


