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Opinion	
  Mining-­‐	
  Sentiment	
  Analysis	
  

Introduction	
  
As	
  the	
  Web	
  grows	
  wider,	
  finding	
  information	
  on	
  the	
  Web	
  is	
  much	
  more	
  difficult.	
  People	
  rely	
  on	
  search	
  engines	
  
to	
  find	
  relevant	
  information.	
  	
  The	
  question	
  is	
  what	
  kind	
  of	
  information	
  we	
  can	
  look	
  for	
  through	
  web	
  engines?	
  
The	
  fact	
  is	
  that	
  we	
  are	
  only	
  able	
  to	
  find	
  keyword-­‐based	
  information.	
  	
  Recently,	
  with	
  the	
  growth	
  of	
  social	
  sites,	
  
blogs	
  and	
  forum,	
  with	
  the	
  pervasive	
  access	
  of	
  users	
  to	
  the	
  Internet	
  and	
  vast	
  variety	
  of	
  products	
  and	
  services	
  
available	
  on	
  the	
  web,	
  a	
  new	
  paradigm	
  has	
  been	
  introduced	
  called	
  Opinion	
  Mining.	
  

In	
  opinion	
  mining,	
  we	
  are	
  looking	
  for	
  people	
  opinions	
  about	
  any	
  product,	
  service	
  or	
  any	
  other	
  things.	
  	
  The	
  goal	
  
in	
  opinion	
  mining	
  is	
  to	
  mine	
  opinions	
  expressed	
  in	
  user’s	
  generated	
  contents	
  like	
  review	
  sites,	
  forums,	
  social	
  
networks,	
  discussion	
  groups,	
  blogs	
  and	
  so	
  on.	
  

	
  There	
  are	
  two	
  types	
  of	
  evaluation:	
  Direct	
  opinion	
  and	
  comparisons.	
  In	
  Direct	
  opinion,	
  sentiment	
  expressions	
  
are	
  expressed	
  on	
  some	
  objects	
  like	
  products,	
  services,	
  events	
  and	
  so	
  on.	
  This	
  itself	
  is	
  categorized	
  to	
  several	
  
opinion	
  search	
  queries:	
  1)	
  Find	
  the	
  opinion	
  of	
  an	
  opinion	
  holder	
  like	
  a	
  person	
  or	
  organization	
  on	
  a	
  topic	
  or	
  
object,	
  2)	
  find	
  positive/negative	
  opinions	
  on	
  a	
  particular	
  object.[1]	
  

Finding	
  opinions	
  on	
  an	
  object	
  is	
  difficult.	
  Indeed,	
  search	
  engines	
  are	
  not	
  able	
  to	
  handle	
  these	
  kinds	
  of	
  queries.	
  	
  
This	
  is	
  because	
  of	
  the	
  following	
  reasons:	
  	
   	
  

-­‐ Ambiguity	
  in	
  natural	
  language.	
  	
  People	
  express	
  their	
  opinion	
  in	
  natural	
  language.	
  Natural	
  language	
  
processing	
  is	
  highly	
  ambiguous,	
  and	
  vague.	
  It	
  has	
  ambiguity	
  in	
  all	
  levels	
  such	
  as	
  lexical,	
  syntactic,	
  
semantic,	
  referential,	
  programmatic…	
  	
  

-­‐ Background	
  knowledge:	
  We	
  understand	
  other	
  people	
  talks	
  because	
  we	
  have	
  background	
  knowledge	
  
about	
  their	
  world.	
  	
  

-­‐ Semi-­‐structure	
  or	
  unstructured	
  data	
  format:	
  the	
  users’	
  generated	
  contents	
  are	
  typically	
  represented	
  
as	
  HTML,	
  Text	
  or	
  XML.	
  	
  

-­‐ People	
  express	
  their	
  opinions	
  in	
  various	
  styles:	
  There	
  is	
  not	
  any	
  rule	
  to	
  express	
  our	
  opinions.	
  We	
  can	
  
express	
  our	
  opinions	
  in	
  many	
  different	
  ways.	
  See	
  the	
  following	
  example.	
  It	
  represents	
  different	
  
opinions	
  from	
  different	
  reviewers	
  about	
  camera:	
  

Reviewer	
  1:	
  I	
  want	
  to	
  start	
  off	
  saying	
  that	
  this	
  camera	
  is	
  small	
  for	
  a	
  reason.	
  

Reviewer	
  2:	
  I'm	
  in	
  high	
  school,	
  and	
  this	
  camera	
  is	
  perfect	
  for	
  what	
  I	
  use	
  it	
  for,	
  carrying	
  it	
  around	
  in	
  my	
  
pocket	
  so	
  I	
  can	
  take	
  pictures	
  whenever	
  I	
  want	
  to,	
  of	
  my	
  friends	
  and	
  of	
  funny	
  things	
  that	
  happen.	
  The	
  
only	
  thing	
  I	
  don't	
  like	
  is	
  the	
  small	
  size	
  (8	
  MEG)	
  memory	
  card	
  that	
  comes	
  with	
  it.	
  I	
  have	
  to	
  move	
  
pictures	
  off	
  of	
  it	
  every	
  day	
  so	
  I	
  have	
  room	
  for	
  more	
  pictures	
  the	
  next,	
  and	
  I	
  don't	
  have	
  enough	
  money	
  
to	
  buy	
  the	
  256	
  MEG	
  card	
  that	
  I've	
  had	
  my	
  eye	
  on	
  for	
  a	
  while.	
  

	
   Reviewer	
  3:	
  got	
  this	
  as	
  it	
  flew	
  off	
  the	
  shelves.	
  

	
   Review	
  4:	
  This	
  is	
  the	
  only	
  camera	
  with	
  all	
  these	
  capabilities.	
  



So	
  far,	
  many	
  researches	
  have	
  been	
  conducted	
  on	
  direct	
  opinion	
  mining.	
  The	
  researches	
  have	
  been	
  both	
  at	
  
document	
  (review)	
  and	
  sentence	
  level.	
  However,	
  nothing	
  has	
  been	
  done	
  on	
  Sentiment	
  classification	
  with	
  
regard	
  to	
  the	
  feature’s	
  weight	
  based	
  on	
  the	
  user’s	
  input.	
  The	
  fact	
  is	
  that	
  features	
  of	
  an	
  object	
  do	
  not	
  have	
  the	
  
same	
  weight	
  for	
  the	
  reviewer.	
  	
  Look	
  at	
  the	
  following	
  example:	
  

Reviewer:	
  Camera	
  is	
  so	
  small	
  and	
  light,	
  I	
  can	
  carry	
  it	
  everywhere.	
  I	
  like	
  it	
  but	
  I	
  do	
  not	
  like	
  its	
  battery.	
  

How	
  can	
  we	
  evaluate	
  this	
  review?	
  The	
  reviewer	
  likes	
  the	
  size	
  of	
  the	
  camera	
  but	
  s/he	
  does	
  not	
  like	
  its	
  battery.	
  
What	
  would	
  be	
  the	
  sentiment	
  analysis	
  result	
  at	
  sentence	
  level?	
  Positive	
  or	
  Negative?	
  

One	
  of	
  the	
  best	
  strategies	
  is	
  to	
  give	
  weights	
  to	
  the	
  features.	
  	
  By	
  giving	
  weight,	
  we	
  can	
  highlight	
  the	
  importance	
  
of	
  some	
  features	
  upon	
  other	
  features.	
  Specifying	
  weights	
  for	
  features	
  is	
  totally	
  a	
  user-­‐dependent	
  process.	
  	
  	
  

In	
  this	
  project,	
  I	
  introduce	
  a	
  new	
  paradigm	
  to	
  mine	
  direct	
  opinions	
  and	
  classify	
  them	
  as	
  positive,	
  negative	
  or	
  
neutral.	
  The	
  sentiment	
  analysis	
  is	
  done	
  with	
  respect	
  to	
  the	
  feature’s	
  weight	
  specified	
  by	
  the	
  user.	
  I	
  also	
  
propose	
  a	
  new	
  way	
  to	
  extract	
  features	
  and	
  sentiment	
  analysis.	
  In	
  these	
  approaches,	
  I	
  employ	
  four	
  different	
  
indicators	
  in	
  four	
  levels	
  including	
  Clause	
  level,	
  Phrase	
  level,	
  Word-­‐level,	
  and	
  feature-­‐level.	
  I	
  apply	
  indicators	
  in	
  
decision	
  rules	
  to	
  mine	
  interesting	
  patterns.	
  	
  By	
  applying	
  these	
  indicators,	
  I	
  am	
  getting	
  a	
  high	
  accurate	
  result	
  in	
  
both	
  feature	
  extraction	
  and	
  sentiment	
  analysis.	
  

The	
  rest	
  of	
  this	
  report	
  is	
  organized	
  as	
  follows:	
  First,	
  I	
  will	
  talk	
  about	
  related	
  work	
  and	
  how	
  my	
  work	
  is	
  different	
  
from	
   the	
   existing	
   work.	
   Then,	
   I	
   present	
   the	
   proposed	
   solution.	
   I	
   demonstrate	
   the	
   experimental	
   result	
   in	
  
Section.	
  Section	
  presents	
  evaluation	
  and	
  finally	
  in	
  Section	
  we	
  have	
  conclusion	
  and	
  future	
  work.	
  	
  
	
  

Related	
  Work	
  
Several	
  works	
  have	
  been	
  done	
  for	
  sentiment	
  classification.	
  These	
  works	
  are	
  done	
  at	
  either	
  document	
  levels	
  
(reviews)	
  or	
  sentence	
  level.	
  

	
  In	
  [1],	
  the	
  overall	
  sentiment	
  expressions	
  of	
  opinion	
  holders	
  (authors)	
  are	
  analyzed.	
  In	
  this	
  works,	
  data	
  is	
  
reviews	
  from	
  epinions.com	
  on	
  automobiles,	
  banks,	
  movies	
  and	
  travel	
  destinations.	
  The	
  approach	
  has	
  three	
  
steps:	
  	
  

• 	
  Part-­‐of-­‐Speech	
  (POS)	
  tagging	
  ,	
  building	
  a	
  bi-­‐gram	
  model	
  from	
  reviews	
  if	
  it	
  conforms	
  specific	
  patterns	
  
like	
  JJ	
  NN.	
  (JJ	
  Adjective,	
  NN	
  Noun)	
  

• Use	
  PMI	
  to	
  estimate	
  semantic	
  orientation	
  (SO)	
  of	
  the	
  extracted	
  phrases	
  
• 	
  Classify	
  the	
  review	
  by	
  getting	
  the	
  average	
  of	
  SO	
  	
  

The	
  other	
  work	
  is	
  done	
  by	
  [2].	
  In	
  this	
  work,	
  they	
  use	
  PMI	
  to	
  obtain	
  syntactic	
  relations	
  and	
  other	
  attributes	
  with	
  
SVM.	
  	
  

[3]	
  uses	
  Naïve	
  Bayesian	
  classifier	
  with	
  a	
  set	
  of	
  data	
  features/attributes	
  extracted	
  from	
  training	
  sentences	
  

A	
  bootstrapping	
  approach	
  is	
  used	
  in	
  [8].	
  In	
  this	
  work	
  a	
  precision	
  classifier	
  is	
  first	
  used	
  to	
  automatically	
  identify	
  
some	
  subjective	
  and	
  objective	
  sentences.	
  A	
  set	
  of	
  patterns	
  are	
  then	
  learned	
  from	
  these	
  identified	
  subjective	
  
and	
  objective	
  sentences.	
  	
  Syntactic	
  templates	
  are	
  provided	
  to	
  restrict	
  the	
  kinds	
  of	
  patterns	
  to	
  be	
  discovered,	
  



e.g.,	
  <subj>	
  passive-­‐verb.	
  The	
  learned	
  patterns	
  are	
  then	
  used	
  to	
  extract	
  more	
  subject	
  and	
  objective	
  sentences	
  
(the	
  process	
  can	
  be	
  repeated).	
  

In	
  [9],	
  for	
  subjective	
  or	
  opinion	
  sentence	
  identification,	
  three	
  methods	
  are	
  tried:	
  

• Sentence	
  similarity.	
  
• Naïve	
  Bayesian	
  classification.	
  
• Multiple	
  naïve	
  Bayesian	
  (NB)	
  classifiers.	
  

For	
  opinion	
  orientation	
  (positive,	
  negative	
  or	
  neutral),	
  it	
  uses	
  a	
  similar	
  method	
  to	
  [1],	
  but	
  with	
  more	
  seed	
  
words	
  (rather	
  than	
  two)	
  and	
  based	
  on	
  log	
  likelihood	
  ratio	
  (LLR).	
  For	
  classification	
  of	
  each	
  word,	
  it	
  takes	
  the	
  
average	
  of	
  LLR	
  scores	
  of	
  words	
  in	
  the	
  sentence	
  and	
  use	
  cutoffs	
  to	
  decide	
  positive,	
  negative	
  or	
  neutral.	
  

[4]	
  uses	
  sum	
  up	
  orientations	
  of	
  opinion	
  words	
  in	
  a	
  sentence.	
  In	
  this	
  work,	
  first	
  sentences	
  that	
  have	
  both	
  topic	
  
phrase	
  and	
  holder	
  candidates	
  are	
  selected.	
  Then,	
  the	
  holder-­‐based	
  regions	
  of	
  opinion	
  are	
  delimited.	
  Using	
  
POS	
  tagger,	
  adjectives,	
  verbs	
  and	
  nouns	
  are	
  selected	
  and	
  their	
  polarities	
  are	
  calculated.	
  Finally	
  the	
  system	
  
combine	
  them	
  to	
  obtain	
  the	
  holder’s	
  sentiment	
  for	
  the	
  whole	
  sentence.	
  For	
  evaluating	
  sentiment	
  words,	
  
authors	
  set	
  a	
  small	
  amount	
  of	
  seed	
  words	
  by	
  hand	
  in	
  two	
  categories:	
  positive	
  and	
  negative.	
  Then,	
  they	
  grow	
  it	
  
by	
  adding	
  words	
  by	
  looking	
  at	
  the	
  synonyms	
  obtained	
  from	
  WordNet	
  .	
  To	
  classify	
  a	
  new	
  word,	
  they	
  use	
  
conditional	
  probability:	
  

	
  

Where	
  w	
  is	
  unseen	
  words,	
  c	
  is	
  the	
  class	
  either	
  positive	
  or	
  negative	
  and	
  Syni	
  is	
  the	
  Wordnet	
  synonym	
  of	
  w.	
  To	
  
extract	
  nouns,	
  adjs	
  and	
  verbs	
  they	
  use	
  POS	
  and	
  unigram	
  models.	
  

Finding	
  clause	
  or	
  phrase	
  polarities	
  based	
  on	
  priori	
  opinion	
  words	
  and	
  classification	
  are	
  proposed	
  in	
  [5].	
  This	
  
approach	
  has	
  two	
  steps.	
  In	
  the	
  first	
  step,	
  it	
  classifies	
  each	
  phrase	
  as	
  neutral	
  or	
  polar.	
  In	
  the	
  second	
  step,	
  it	
  
takes	
  all	
  steps	
  marked	
  in	
  step	
  one	
  as	
  polar	
  and	
  disambiguities	
  their	
  contextual	
  polarity.	
  In	
  this	
  paper,	
  word	
  
context	
  is	
  a	
  bag	
  of	
  three	
  words.	
  Then,	
  it	
  moves	
  the	
  sentence	
  to	
  phrase	
  level	
  and	
  make	
  a	
  dependency	
  parse	
  
tree.	
  Every	
  node	
  in	
  the	
  tree	
  structure	
  is	
  a	
  surface	
  node.	
  There	
  are	
  no	
  abstract	
  node	
  line	
  VP	
  and	
  NP.	
  There	
  are	
  5	
  
forms	
  of	
  features	
  which	
  is	
  evaluated	
  in	
  this	
  paper:	
  Word	
  features,	
  Modification	
  Features,	
  Sentence	
  features,	
  
structure	
  features	
  and	
  document	
  features.	
  

	
  



	
  
Figure	
  1:	
  [5]	
  http://www.cs.pitt.edu/~wiebe/pubs/papers/emnlp05polarity.pdf	
  

	
  
The	
  existing	
  systems	
  mostly	
  use	
  POS	
  tagging,	
  n-­‐gram	
  models	
  and	
  particular	
  patterns.	
  Some	
  papers	
  like[5]	
  use	
  
a	
  bag	
  of	
  4	
  words.	
  	
  There	
  are	
  several	
  problems	
  with	
  these	
  approaches:	
  	
  

-­‐ The	
  accuracy	
  of	
  model	
  is	
  increased	
  with	
  a	
  higher	
  degree	
  of	
  n.	
  However,	
  by	
  increasing	
  n	
  in	
  an	
  n-­‐gram	
  
model	
  the	
  number	
  of	
  parameters	
  also	
  increased.	
  For	
  instance	
  if	
  we	
  have	
  a	
  vocabulary	
  of	
  20,000	
  words,	
  for	
  
building	
  a	
  bi-­‐gram	
  model	
  we	
  needs	
  20000*19999	
  =	
  400	
  million	
  parameters.	
  	
  

	
  

Figure	
  2:	
  n-­‐gram	
  parameters	
  [10]	
  	
  

For	
  this	
  reason,	
  approaches	
  currently	
  use	
  bi-­‐gram	
  or	
  tri-­‐gram.	
  It	
  is	
  hard	
  to	
  keep	
  up	
  with	
  seven,	
  or	
  eight	
  gram.	
  
The	
  other	
  issue	
  is	
  extracting	
  interesting	
  patterns	
  from	
  n-­‐gram	
  models.	
  Finding	
  interesting	
  patterns	
  is	
  totally	
  
depends	
  on	
  the	
  n	
  in	
  n-­‐gram	
  model.	
  Consider	
  for	
  instance	
  the	
  following	
  instance:	
  	
  

The	
  only	
  thing	
  I	
  don't	
  like	
  is	
  the	
  small	
  size	
  8	
  MEG	
  memory	
  card	
  that	
  comes	
  with	
  it	
  

In	
  this	
  sentence,	
  we	
  are	
  interested	
  in	
  the	
  following	
  words	
  (specified	
  with	
  Bold):	
  



The	
  only	
  thing	
  I	
  don't	
  like	
  is	
  the	
  small	
  size	
  8	
  MEG	
  memory	
  card	
  that	
  comes	
  with	
  it	
  

Using	
  n-­‐gram	
  model,	
  what	
  n	
  do	
  we	
  need	
  to	
  extract	
  all	
  interesting	
  words	
  in	
  one	
  sequence?	
  

My	
  work	
  is	
  totally	
  different	
  from	
  these	
  works	
  in	
  several	
  ways.	
  	
  I	
  use	
  Penn	
  Treebank	
  and	
  parse	
  the	
  sentence	
  
that	
  is	
  pretty	
  fast.	
  I	
  employ	
  4	
  indicators	
  including	
  Clause	
  level,	
  Phrase	
  level,	
  Word	
  level	
  and	
  Feature	
  level	
  in	
  
decision	
  rules.	
  I	
  apply	
  feature’s	
  weight	
  in	
  classification.	
  My	
  algorithm	
  works	
  in	
  any	
  users’	
  generated	
  content	
  
(free	
  text).	
  I	
  use	
  back	
  propagation	
  technique	
  to	
  fix	
  unrecognized	
  patterns.	
  

Proposed	
  Solution’s	
  Objectives	
  
The	
  objective	
  of	
  this	
  project	
  is	
  summarized	
  as	
  follows:	
  

1) Classifying	
  reviews	
  is	
  done	
  in	
  sentence	
  level.	
  	
  The	
  classification	
  result	
  estimated	
  on	
  each	
  sentence	
  is	
  
positive,	
  negative	
  or	
  neutral.	
  

2) The	
  sentiment	
  analysis	
  is	
  done	
  on	
  any	
  arbitrary	
  data	
  from	
  user’s	
  generated	
  contents	
  like	
  forums,	
  
review	
  sites,	
  social	
  networks	
  sites,	
  and	
  blogs.	
  The	
  data	
  can	
  be	
  represented	
  in	
  any	
  way.	
  It	
  does	
  not	
  
have	
  to	
  be	
  in	
  a	
  specific	
  format	
  like	
  Pros	
  and	
  Cons.	
  

3) The	
  sentiment	
  analysis	
  is	
  sentence-­‐level	
  and	
  feature	
  based.	
  Extracting	
  interesting	
  features	
  play	
  
important	
  roles	
  in	
  the	
  result.	
  

4) Sentiment	
  analysis	
  process	
  uses	
  Penn	
  Treebank	
  and	
  employs	
  4	
  indicators	
  in	
  parallel	
  to	
  estimate	
  the	
  
sentiment	
  orientation	
  of	
  the	
  sentences.	
  These	
  indicators	
  are	
  defined	
  in	
  Clause	
  level,	
  Phrase	
  level,	
  
Word	
  level	
  and	
  Feature	
  level.	
  

5) The	
  training	
  and	
  testing	
  algorithms	
  is	
  done	
  on	
  product	
  reviews	
  corpus.	
  
6) For	
  Dataset,	
  I	
  use	
  data	
  sets	
  provided	
  and	
  used	
  in	
  [6].	
  These	
  datasets	
  were	
  used	
  for	
  sentiment	
  analysis.	
  

It	
  is	
  a	
  feature-­‐	
  labeled	
  corpus	
  and	
  has	
  information	
  on	
  product	
  review	
  like	
  canon,	
  Diaper,	
  iPod,	
  Router	
  
and	
  MP3.	
  	
  

7) For	
  mining	
  opinion	
  words,	
  I	
  used	
  Corpus-­‐based	
  approach.	
  The	
  corpus	
  has	
  negative	
  and	
  positive	
  
reviews	
  in	
  a	
  very	
  specific	
  format	
  for	
  electronics	
  and	
  DVD.	
  Datasets	
  for	
  each	
  review	
  (positive	
  or	
  
negative)	
  are	
  represented	
  in	
  two	
  different	
  files.	
  	
  In	
  order	
  to	
  use	
  these	
  datasets,	
  I	
  have	
  to	
  do	
  several	
  
preprocessing	
  tasks.	
  Figure	
  4	
  shows	
  the	
  sample	
  data	
  for	
  each	
  review.	
  

8) Employing	
  weights	
  for	
  features	
  in	
  sentiment	
  classification.	
  Weights	
  are	
  entered	
  by	
  the	
  user.	
  Indeed,	
  
they	
  are	
  user’s	
  independent.	
  
	
  
	
  



	
  
	
  

	
  
Figure	
  4:	
  Corpus	
  used	
  for	
  extracting	
  opinion	
  words	
  

	
  
	
  
	
  



Corpus	
  
For	
  this	
  project,	
  I	
  use	
  two	
  types	
  of	
  corpus:	
  

For	
  customer	
  reviews,	
  I	
  use	
  data	
  sets	
  provided	
  and	
  used	
  in	
  [6].	
  It	
  is	
  used	
  for	
  sentiment	
  analysis.	
  It	
  is	
  a	
  feature-­‐	
  
labeled	
  corpus	
  and	
  has	
  information	
  on	
  product	
  review	
  like	
  canon,	
  Diaper,	
  iPod,	
  Router	
  and	
  MP3.	
  It	
  contains	
  
two	
  files:	
  

 Unlabeled	
  Corpus	
  from	
  Reviews	
  on	
  Canon	
  S100	
  
 Labeled	
  Corpus	
  from	
  Reviews	
  on	
  Canon	
  S100.	
  	
  

	
  

Figure	
  4:	
  the	
  labeled	
  corpus	
  from	
  reviews	
  on	
  Canon	
  S100.	
  Labels	
  were	
  done	
  manually	
  by	
  authors	
  

	
  

For	
  building	
  opinion	
  words	
  dictionary,	
  I	
  use	
  another	
  corpus	
  demonstrated	
  in	
  Figure	
  4.	
  It	
  contains	
  two	
  files:	
  

 Electronic	
  Positive	
  Reviews	
  for	
  building	
  positive	
  opinion	
  words	
  
 Electronic	
  Negative	
  Reviews	
  for	
  building	
  a	
  dictionary	
  of	
  negative	
  opinion	
  words	
  

Datasets	
  are	
  noisy.	
  	
  I	
  have	
  to	
  perform	
  several	
  preprocessing	
  tasks.	
  



The	
  Proposed	
  solution	
  
In	
  sentiment	
  analysis,	
  the	
  main	
  idea	
  is	
  to	
  extract	
  features	
  and	
  determine	
  whether	
  the	
  opinion	
  on	
  the	
  features	
  
is	
  positive,	
  negative	
  or	
  natural.	
  Then,	
  provide	
  an	
  opinion	
  summary	
  of	
  multiple	
  features	
  in	
  a	
  sentence.	
  	
  Based	
  
on	
  the	
  tasks	
  described	
  above,	
  the	
  sentiment	
  analysis	
  process	
  is	
  done	
  in	
  the	
  following	
  steps:	
  

a) Preprocessing	
  Data	
  
Customer	
  reviews	
  corpus	
  which	
  contains	
  data	
  from	
  Reviews	
  on	
  Canon	
  S100	
  is	
  very	
  noisy.	
  I	
  performed	
  the	
  
following	
  tasks:	
  

 Remove	
  punctuation	
  marks	
  
 Convert	
  words	
  to	
  lowercase	
  

For	
  building	
  opinion	
  words	
  dictionary,	
  I	
  use	
  other	
  corpus	
  demonstrated	
  in	
  figure	
  4.	
  The	
  problem	
  with	
  this	
  
corpus	
  is	
  that	
  the	
  current	
  data	
  is	
  useless.	
  In	
  order	
  to	
  get	
  it	
  work,	
  I	
  have	
  done	
  the	
  following	
  tasks:	
  

 Tokenize	
  	
  
 Remove	
  stop	
  words	
  
 Build	
  a	
  term-­‐frequency	
  based	
  dictionary	
  

o Example:	
  	
  
 perfect:32	
  (negative	
  words	
  dictionary)	
  
 Perfect:	
  272	
  (positive	
  words	
  dictionary)	
  

	
  
 Serialize	
  

In	
  order	
  to	
  load	
  the	
  dictionary	
  faster,	
  I	
  serialize	
  the	
  dictionary	
  objects.	
  

b) Feature	
  Extraction	
  
The	
  objective	
  of	
  feature	
  extraction	
  is	
  to	
  extract	
  features	
  from	
  online	
  product	
  reviews.	
  There	
  are	
  two	
  common	
  
formats	
  available	
  on	
  the	
  Web:	
  1)	
  Pros	
  and	
  Cons	
  format	
  and	
  2)	
  Free	
  format.	
  The	
  objective	
  of	
  the	
  proposed	
  task	
  
is	
  to	
  extract	
  features	
  from	
  free	
  text.	
  	
  An	
  example	
  of	
  such	
  review	
  is	
  shown	
  in	
  the	
  following	
  figure.	
  The	
  features	
  
have	
  been	
  specified	
  in	
  Bold:	
  

	
  

	
  

	
  

	
  

	
  

	
  



	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

Figure	
  5:	
  Features	
  extracted	
  from	
  users’	
  generated	
  contents	
  

The	
  following	
  diagram	
  shows	
  the	
  proposed	
  solution	
  to	
  extract	
  features:	
  

	
  

	
  

	
  

	
  

	
  

	
  

I want to start off saying that this camera is small for a reason. Some 
people, in their reviews, complain about its small size, and how it doesn't 
compare with larger cameras.   

I'm in high school, and this camera is perfect for what I use it for, carrying 

it around in my pocket so I can take pictures whenever I want to, of my 
friends and of funny things that happen. 

The only thing I don't like is the small size (8 MEG) memory card that 
comes with it. I have to move pictures off of it every day so I have room for 
more pictures the next, and I don't have enough money to buy the 256 MEG card 
that I've had my eye on for a while. 

A larger memory card and extra battery are good things to buy. Other than 
that pictures taken in the dark are not as nice as I'd like hem, I'd say  
this camera is perfect. 

The PhotoStitch software is very cool if you want to do any 360 degree 
panorama shots. 

 



	
   	
  

Diagram	
  1:	
  Proposed	
  algorithm	
  for	
  feature	
  extraction	
  

As	
  demonstrated	
  in	
  Diagram	
  1,	
  in	
  order	
  to	
  extract	
  features,	
  given	
  a	
  free	
  style	
  text,	
  sentences	
  are	
  detected	
  and	
  
words	
  are	
  tokenized.	
  The	
  next	
  step	
  is	
  Part-­‐Of-­‐Speech	
  tagging.	
  	
  POS	
  tagging	
  is	
  the	
  process	
  of	
  making	
  up	
  the	
  
words	
  related	
  to	
  a	
  particular	
  part	
  of	
  speech.	
  The	
  most	
  common	
  POS	
  tags	
  in	
  English	
  in	
  the	
  Word-­‐level	
  are:	
  
noun,	
  verb,	
  adjective,	
  adverb,	
  pronoun,	
  preposition,	
  conjunction	
  and	
  interjection.	
  

In	
  order	
  to	
  obtain	
  semantic	
  orientation	
  of	
  words	
  and	
  find	
  out	
  how	
  words	
  are	
  inter-­‐related	
  together,	
  I	
  employ	
  
chunkers.	
  	
  Chunkers	
  are	
  the	
  process	
  of	
  analyzing	
  a	
  sentence	
  identifying	
  constituents.	
  The	
  chunking	
  process	
  is	
  
done	
  in	
  three	
  levels:	
  Clause-­‐level,	
  Phrase	
  level	
  and	
  Word	
  level.	
  For	
  Feature	
  extraction,	
  I	
  only	
  use	
  Phrase	
  level	
  
and	
  Word	
  level.	
  But	
  for	
  sentiment	
  analysis,	
  I	
  use	
  all	
  three	
  levels	
  as	
  well	
  as	
  feature	
  level	
  as	
  four	
  indicators	
  to	
  
specify	
  the	
  position	
  of	
  each	
  word	
  on	
  the	
  word’s	
  context	
  dimension.	
  	
  

For	
  each	
  token	
  recognized	
  in	
  the	
  sentence,	
  the	
  following	
  task	
  is	
  done	
  	
  to	
  extract	
  features:	
  

1. If	
  token	
  is	
  a	
  common	
  words,	
  ignore	
  the	
  token,	
  go	
  to	
  the	
  next	
  token	
  
2. Perform	
  stemming.	
  stemming	
  is	
  the	
  process	
  for	
  reducing	
  inflected	
  (or	
  sometimes	
  derived)	
  words	
  to	
  

their	
  stem,	
  base	
  or	
  root	
  form	
  .	
  A	
  stemming	
  algorithm	
  reduces	
  the	
  words	
  "fishing",	
  "fished",	
  "fish",	
  and	
  
"fisher"	
  to	
  the	
  root	
  word,	
  "fish".	
  This	
  is	
  necessary,	
  because	
  for	
  example,	
  the	
  “Camera”	
  and	
  “cameras”	
  
or	
  “Pictures”	
  and	
  “Pictures”	
  introduce	
  the	
  same	
  feature.	
  



3. Use	
  chunker	
  list	
  created	
  in	
  Chunking	
  process,	
  to	
  extract	
  phrases.	
  Table	
  1	
  shows	
  a	
  list	
  of	
  phrase	
  tables	
  
from	
  Penn	
  Treebank	
  Tags:	
  

	
  

Table	
  1	
  :	
  Chunk	
  tags	
  in	
  Phrase	
  level	
  

In	
  the	
  phrase	
  level,	
  I	
  am	
  only	
  interested	
  in	
  Noun	
  phrase	
  (NP)	
  for	
  feature	
  extraction.	
  In	
  phrase	
  level	
  in	
  chunker	
  
list,	
  each	
  phrase	
  contains	
  one	
  or	
  more	
  words.	
  These	
  words	
  are	
  semantically	
  related	
  together.	
  	
  In	
  chunking	
  NP,	
  
the	
  first	
  word	
  in	
  a	
  Noun	
  phrase	
  (NP)	
  is	
  marked	
  as	
  “B-­‐NP”	
  and	
  the	
  other	
  word	
  inside	
  the	
  same	
  phrase	
  (base	
  NP)	
  
is	
  marked	
  as	
  “I-­‐NP”.	
  	
  The	
  following	
  shows	
  an	
  example:	
  

Figure	
  7	
  shows	
  a	
  screen	
  shot	
  from	
  the	
  project	
  output:	
  

	
  

Figure	
  7:	
  A	
  screen	
  shot	
  of	
  the	
  program’s	
  output	
  (for	
  feature	
  extraction)	
  

4. For	
  the	
  tokens	
  in	
  the	
  same	
  base	
  NP,	
  I	
  am	
  only	
  interested	
  in	
  extracting	
  tokens	
  whose	
  POS	
  tags	
  are	
  
either	
  NN	
  or	
  NNP.	
  	
  The	
  extracted	
  tokens	
  are	
  features.	
  
	
  



c) Sentiment	
  analysis	
  algorithm	
  
Sentiment	
  analysis	
  is	
  done	
  using	
  four	
  indicators:	
  

-­‐ Chunking	
  in	
  Clause	
  level	
  
-­‐ Chunking	
  in	
  Phrase	
  level	
  
-­‐ Chunking	
  in	
  Sentence	
  level	
  
-­‐ Feature-­‐level.	
  Features	
  extracted	
  already	
  as	
  described	
  in	
  Section	
  b.	
  

	
  
The	
  reason	
  for	
  selecting	
  4	
  indicators	
  to	
  perform	
  sentiment	
  analysis	
  is	
  because	
  of	
  the	
  ambiguity	
  levels	
  in	
  
natural	
  language.	
  In	
  spite	
  of	
  some	
  existing	
  algorithm	
  which	
  either	
  use	
  review	
  text	
  in	
  a	
  specific	
  format	
  like	
  
Pros	
  and	
  Cons	
  or	
  have	
  some	
  limitations	
  in	
  sentences,	
  this	
  algorithm	
  works	
  on	
  every	
  user	
  s’	
  generated	
  
content	
  (Free	
  format),	
  and	
  because	
  of	
  the	
  difficulty	
  layers	
  I	
  have	
  to	
  add	
  extra	
  layers	
  to	
  resolve	
  issues.	
  
	
  
I	
  use	
  4	
  indicators	
  as	
  I	
  already	
  explained.	
  The	
  proposed	
  algorithm	
  is	
  able	
  to	
  identify	
  words	
  which	
  are	
  
semantically	
  oriented	
  in	
  a	
  sentence.	
  I	
  use	
  clause	
  level	
  by	
  chunking	
  the	
  sentences	
  	
  
	
  

	
  
	
   Table	
  	
  2:	
  Chunking	
  tags	
  in	
  Clause	
  level	
   	
  
	
  
	
  



	
  
	
  

Diagram	
  2:	
  The	
  proposed	
  sentiment	
  analysis	
  algorithm	
  
	
  
The	
  following	
  demonstrates	
  the	
  processing	
  tasks	
  to	
  perform	
  sentiment	
  analysis:	
  
	
  
1. The	
  process	
  starts	
  from	
  detecting	
  and	
  tokenizing	
  

sentences.	
  Figure	
  8	
  shows	
  several	
  sentences	
  example	
  detected	
  by	
  sentence	
  detector	
  module:	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  



	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  

	
  
	
  
	
  
	
  
	
  

Figure	
  8:	
  Some	
  sample	
  sentences	
  detected	
  by	
  sentence	
  detector	
  module	
  
	
  

2. Every	
  detected	
  sentence	
  is	
  given	
  to	
  the	
  tokenizer	
  
module	
  as	
  input	
  and	
  the	
  output	
  is	
  an	
  array	
  of	
  tokenized	
  words	
  in	
  order.	
  

3. Given	
  the	
  sentence	
  and	
  tokenized	
  words,	
  	
  POS	
  tagging	
  
is	
  performed	
  and	
  a	
  POS	
  tag	
  is	
  assigned	
  to	
  	
  each	
  tokenized	
  word.	
  Figure	
  9	
  shot	
  shows	
  part-­‐of-­‐speech	
  
tags	
  for	
  each	
  sentences:	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

Figure	
  9:	
  POS	
  tags	
  for	
  each	
  sentence	
  generated	
  by	
  POS	
  tagging	
  module	
  

Simple Sentences: 

- I want to start off saying that this camera is small for a 
reason 

Complicated sentences: 

- Some people  in their reviews  complain about its small size  
and how it doesn't compare with larger cameras 
 

- I have to move pictures off of it every day so I have room for 
more pictures the next  and I don't have enough money to buy 
the 256 MEG card that I've had my eye on for a while 
 

- The picture quality surprised me, when I first saw this camera 
I saw how small it was an instantly assumed that the picture 
quality would not be good--but I was wrong! 
 

- This camera uses a lithium battery; I find lithium batteries 
to be highly inconvenient; because what if you are on 
vacation, where the nearest place to buy batteries is just a 
gas station--there is no way that you are going to find 
lithium batteries there. 

 

Simple Sentences: I want to start off saying that this camera is small for a 
reason 

 

Complicated sentences: This camera uses a lithium battery; I find lithium 
batteries to be highly inconvenient; because what if you are on vacation, where 
the nearest place to buy batteries is just a gas station--there is no way that 
you are going to find lithium batteries there. 

 



4. Given	
  the	
  POS	
  tags	
  and	
  tokenized	
  words,	
  Penn	
  
Treebank	
  chunking	
  is	
  performed	
  on	
  the	
  sentences.	
  Table	
  1	
  and	
  2	
  show	
  the	
  detailed	
  description	
  about	
  
tags.	
  Figure	
  10	
  shows	
  sample	
  example	
  generated	
  from	
  the	
  chunker	
  module:	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

Figure	
  10:	
  Chunks	
  list	
  generated	
  by	
  Chunker	
  module	
  

5. The	
  next	
  step	
  is	
  parsing	
  chunked	
  sentences.	
  By	
  pursing	
  
chunked	
  sentences,	
  we	
  make	
  a	
  hierarchical	
  	
  
tree	
  for	
  each	
  sentence.	
  The	
  tree	
  is	
  represented	
  in	
  a	
  linear	
  form.	
  
	
  
Diagram	
  3	
  demonstrates	
  how	
  the	
  parsed	
  tree	
  look	
  likes	
  [7].	
  

	
  
Diagram	
  3:	
  Parsed	
  tree	
  

	
  
The	
  following	
  figures	
  show	
  the	
  generated	
  results	
  from	
  the	
  parser	
  module	
  (Treebank	
  parser):	
  
	
  
	
  
	
  
	
  
	
  
	
  

Simple Sentences: 

- I want to start off saying that this camera is small for a reason 

 

Complicated sentences: 

- This camera uses a lithium battery; I find lithium batteries to be highly 
inconvenient; because what if you are on vacation, where the nearest place 
to buy batteries is just a gas station--there is no way that you are going 
to find lithium batteries there. 

 



	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  

Figure	
  11:	
  	
  Parsing	
  sentences	
  generated	
  by	
  Treebank	
  parser	
  
	
  

6. The	
  next	
  step	
  is	
  pruning	
  the	
  linear-­‐	
  format	
  tree.	
  This	
  is	
  
done	
  by	
  applying	
  interesting	
  patterns	
  on	
  three	
  indicators	
  containing	
  Clause	
  level,	
  Phrase	
  level	
  and	
  
Word	
  level	
  computed	
  in	
  the	
  previous	
  steps.	
  Figure	
  12	
  shows	
  how	
  irrelevant	
  words	
  are	
  pruned	
  from	
  
the	
  parse	
  tree:	
  
	
  
Sentence:	
  	
  The	
  quick	
  brown	
  fox	
  jumps	
  over	
  the	
  lazy	
  dog.	
  

	
  
	
  
	
  
	
  

Simple Sentences: 

- I want to start off saying that this camera is small for a reason 

 

 

Complicated sentences: 

- This camera uses a lithium battery; I find lithium batteries to be highly 
inconvenient; because what if you are on vacation, where the nearest place 
to buy batteries is just a gas station--there is no way that you are going 
to find lithium batteries there. 

 



	
  
	
  
Sentence2:	
  	
  I	
  want	
  to	
  start	
  off	
  saying	
  that	
  this	
  camera	
  is	
  small	
  for	
  a	
  reason.	
  
	
  

	
  
Figure	
  12:	
  Pruned	
  tree	
  (all	
  irrelevant	
  words	
  are	
  pruned)	
  

	
  
7. Now	
  that	
  we	
  have	
  the	
  pruned	
  tree,	
  sentiment	
  analysis	
  

is	
  just	
  started.	
  It	
  starts	
  from	
  the	
  inner	
  sentence	
  (tag	
  S),	
  looking	
  for	
  interesting	
  pattern	
  in	
  phrase	
  level	
  
like	
  NP	
  and	
  VP	
  and	
  in	
  the	
  word	
  level	
  like	
  “(,NN,	
  word,)	
  “	
  and	
  “(,NNP,	
  word,)”.	
  	
  Then,	
  it	
  compares	
  the	
  
word	
  against	
  the	
  features	
  list.	
  If	
  it	
  is	
  a	
  feature,	
  it	
  looks	
  for	
  verb	
  phrase	
  and	
  adjective	
  phrase.	
  If	
  it	
  is	
  a	
  
negative	
  verb,	
  it	
  gives	
  a	
  score	
  of	
  -­‐1,	
  otherwise	
  1	
  to	
  the	
  verb.	
  The	
  same	
  is	
  done	
  for	
  adjectives.	
  It	
  
compares	
  adjective	
  against	
  the	
  opinion	
  words	
  dictionary.	
  If	
  the	
  word	
  is	
  in	
  a	
  negative	
  dictionary	
  and	
  
has	
  a	
  higher	
  term	
  frequency	
  than	
  positive	
  dictionary,	
  a	
  score	
  of	
  -­‐1	
  is	
  given	
  to	
  the	
  adjective;	
  otherwise	
  
1.	
  The	
  total	
  opinion	
  score	
  is	
  the	
  sum	
  of	
  verb	
  and	
  adjective	
  scores.	
  
Sentence:	
  I	
  want	
  to	
  start	
  off	
  saying	
  that	
  this	
  camera	
  is	
  small	
  for	
  a	
  reason.	
  



	
  
Figure	
  13:	
  extracting	
  interesting	
  patterns	
  from	
  the	
  pruned	
  tree	
  

8. Classification	
  is	
  done	
  based	
  on	
  the	
  following	
  function:	
  

	
  

Z	
  in	
  this	
  function	
  is	
  sun	
  of	
  opinions	
  for	
  one	
  sentence.	
  

	
  

d) Produce	
  summary	
  of	
  the	
  opinions	
  
Features	
  weights	
  easily	
  can	
  be	
  applied	
  in	
  sentiment	
  analysis	
  process.	
  	
  Given	
  a	
  weight	
  Wi	
  to	
  the	
  feature	
  i,	
  the	
  
formula	
  is	
  changed	
  as	
  follows:	
  

	
  

Figure	
  14:	
  Applying	
  weights	
  in	
  formula	
  

In	
  order	
  to	
  apply	
  weights,	
  a	
  score	
  of	
  -­‐1	
  is	
  given	
  to	
  negative	
  verbs	
  and	
  a	
  score	
  of	
  1	
  is	
  given	
  to	
  positive	
  verbs.	
  A	
  
weight	
  of	
  1	
  is	
  also	
  given	
  to	
  the	
  verbs.	
  



Regarding	
  the	
  opinion	
  words,	
  a	
  score	
  of	
  -­‐1	
  is	
  given	
  to	
  the	
  bad	
  opinion	
  words,	
  and	
  a	
  score	
  of	
  1	
  is	
  given	
  to	
  the	
  
good	
  opinion	
  words.	
  A	
  weight	
  of	
  Wi	
  is	
  also	
  given	
  to	
  each	
  feature.	
  

Consider,	
  for	
  instance,	
  the	
  following	
  sentence:	
  

“the	
  size	
  is	
  small	
  but	
  the	
  battery	
  is	
  not	
  good”	
  

Given	
  a	
  weight	
  of	
  5	
  to	
  the	
  battery	
  and	
  a	
  weight	
  of	
  2	
  to	
  the	
  size,	
  the	
  total	
  score	
  would	
  be:	
  

2*(1*1)+5*(-­‐1*1)=	
  2-­‐5=	
  -­‐3	
  	
  Result:	
  Negative	
  

	
  

Experiment	
  Result	
  
Experiment	
  result	
  is	
  summarized	
  in	
  two	
  categories:	
  

 Feature	
  extraction	
  
 Sentiment	
  analysis	
  

	
  

As	
  explained	
  already	
  in	
  Corpus	
  section,	
  there	
  are	
  two	
  corpuses	
  available:	
  	
  1)	
  Unlabeled	
  Corpus	
  from	
  Reviews	
  
on	
  Canon	
  S100	
  and	
  2)	
  Labeled	
  Corpus	
  from	
  Reviews	
  on	
  Canon	
  S100.	
  

I	
  performed	
  my	
  feature	
  extraction	
  algorithms	
  on	
  unlabeled	
  corpus.	
  Then,	
  I	
  wrote	
  a	
  program	
  to	
  extract	
  
features	
  from	
  Labeled	
  corpus.	
  Features	
  on	
  labeled	
  corpus	
  were	
  done	
  by	
  authors	
  manually.	
  In	
  some	
  cases	
  
verbs	
  and	
  adjectives	
  are	
  considered	
  as	
  features.	
  Also,	
  features	
  in	
  labeled	
  corpus	
  do	
  not	
  stemmed.	
  For	
  
instance,	
  “picture”	
  and	
  “pictures”	
  are	
  considered	
  as	
  two	
  separate	
  features	
  where	
  as	
  in	
  my	
  feature	
  extraction	
  
algorithm,	
  I	
  perform	
  stemming.	
  I	
  also	
  do	
  not	
  consider	
  verbs	
  and	
  adjectives	
  as	
  features.	
  Figure	
  15	
  shows	
  a	
  
screen	
  shot	
  of	
  the	
  features	
  extracted	
  by	
  two	
  different	
  strategies.	
  	
  The	
  red	
  color	
  shows	
  the	
  errors	
  in	
  feature	
  
extraction.	
  	
  The	
  white	
  color	
  represents	
  extra	
  features	
  extracted	
  by	
  the	
  proposed	
  algorithm	
  comparing	
  with	
  the	
  
labeled	
  features.	
  A	
  complete	
  list	
  of	
  features	
  is	
  demonstrated	
  in	
  Appendix.	
  



	
  

Figure	
  15:	
  Features	
  extracted	
  from	
  unlabeled	
  corpus	
  (right	
  side)	
  and	
  labeled	
  corpus	
  (left	
  side)	
  

	
  

	
  	
  



Due	
  to	
  two	
  different	
  strategies	
  to	
  extract	
  features	
  described	
  above,	
  	
  I	
  am	
  not	
  able	
  to	
  calculate	
  Precision	
  and	
  
Recall	
  and	
  compare	
  two	
  algorithms.	
  However,	
  the	
  following	
  shows	
  the	
  result	
  from	
  the	
  proposed	
  feature	
  
extraction	
  algorithms:	
  

The	
  proposed	
  feature	
  extraction	
  algorithm:	
  

	
   Proposed	
  Feature	
  
Extraction	
  

Features	
  extracted	
  from	
  
labeled	
  corpus	
  

Total	
  number	
  of	
  
features:	
  

	
  

122	
   111	
  

Error	
   15	
   Labeled	
  manually	
  
Relevant	
  	
   80%	
   	
  

Retrieved	
   	
   	
  
Extra	
  features	
  extracted	
  
(comparing	
  with	
  labeled	
  
features)	
  

60	
   	
  

	
   	
   	
  

	
   	
   	
  
	
  

Table	
  3:	
  Features	
  extracted	
  by	
  two	
  different	
  strategies	
  

	
   	
   Retrieved=	
  	
  68	
  out	
  of	
  112	
  retrieved	
  =	
  68	
  

Regarding	
  the	
  sentiment	
  analysis	
  and	
  finding	
  interesting	
  patterns,	
  I	
  used	
  decision	
  rule	
  learning,	
  general	
  to	
  
specific	
  search.	
  To	
  do	
  this,	
  I	
  performed	
  my	
  algorithm	
  on	
  unlabeled	
  corpus	
  by	
  running	
  the	
  program.	
  As	
  it	
  
classified	
  the	
  opinion,	
  I	
  compared	
  them	
  with	
  the	
  labeled	
  corpus,	
  If	
  they	
  matched,	
  I	
  removed	
  that	
  particular	
  
reviews	
  from	
  unlabeled	
  corpus.	
  	
  Figure	
  16	
  shows	
  some	
  of	
  these	
  results	
  :	
  

	
  

	
  



	
  

Figure	
  16:	
  The	
  proposed	
  sentiment	
  analysis	
  algorithm	
  (left	
  side),	
  Labeled	
  corpus	
  manually	
  (right	
  side)	
  

	
  

	
  

	
  

	
  

	
  



Method	
  Summaries	
  generated	
  by	
  Java	
  
Doc:
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Feature	
  Extraction:	
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Story	
  2	
  Game	
  Translator	
  
	
  

The	
  objective	
  of	
  this	
  project	
  is	
  to	
  translate	
  a	
  story	
  written	
  in	
  natural	
  language	
  to	
  a	
  mobile	
  game.	
  

Here	
  is	
  an	
  example	
  of	
  the	
  story:	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

	
  

Figure	
  1:	
  A	
  smaple	
  story	
  

	
  

The	
  same	
  algorithm	
  proposed	
  for	
  opinion	
  mining	
  described	
  in	
  Chapter	
  1	
  can	
  be	
  used	
  in	
  Story	
  to	
  game	
  project.	
  	
  

Here	
  we	
  have	
  three	
  abstract	
  layers:	
  	
  

 Natural	
  Language	
  
 Resources	
  like	
  images,	
  characters	
  pictures	
  
 Game	
  API	
  (using	
  J2ME)	
  

J2ME	
  standing	
  for	
  Java	
  micro	
  edition	
  is	
  a	
  Java	
  language	
  for	
  mobile	
  devices.	
  The	
  java-­‐enabled	
  devices	
  like	
  
Nokia,	
  Blackberry,	
  Sony	
  Ericsson,	
  and	
  Motorola	
  support	
  J2ME.	
  

In	
  natural	
  language	
  layer,	
  we	
  have	
  text.	
  Each	
  word	
  in	
  the	
  text	
  is	
  considered	
  as	
  an	
  attribute.	
  	
  In	
  contrast,	
  in	
  
Game	
  API	
  using	
  J2ME	
  we	
  have	
  only	
  a	
  restricted	
  number	
  of	
  objects	
  with	
  a	
  variety	
  of	
  methods	
  and	
  arguments.	
  	
  
The	
  primary	
  task	
  in	
  this	
  project	
  is	
  to	
  map	
  words	
  to	
  J2ME	
  objects	
  (See	
  Figure	
  2).	
  However,	
  due	
  to	
  the	
  limited	
  
amount	
  of	
  time,	
  I	
  only	
  implement	
  the	
  first	
  layer.	
  

Once upon a time there was a king and queen who lived in a golden castle 
with their beautiful daughter. One night an ugly ogre captured the 
beautiful princess and locked the princess in his tall, dark tower. The 
king and queen were very sad. They promised to give a bag of gold  to the 
knight that rescued the princess. All the knights in the land wanted to 
rescue the princess. They rode to the ogre's tower.  

The ogre was so scary. They rode away as fast as they could. The next day 
a friendly dragon was flying over the ogre's tower when he heard the 
princess cry for help. The dragon blew the ogre into the ocean. The 
dragon put the princess on his back and flew into the sky. 

In the end, they flow over the tower and the castle, over the mountains 
and caves. The princess was so happy to be free she kissed the dragon. 
All at once he turned into a handsome prince and they lived happily ever 
after. 

 



	
  

Figure	
  2:	
  Abstract	
  layers	
  in	
  Story2Game	
  project.	
  

	
  

Natural	
  Language	
  Layer	
  
Given	
  two	
  many	
  words	
  in	
  this	
  layer	
  the	
  primary	
  task	
  is	
  to	
  obtain	
  key	
  features.	
  What	
  are	
  key	
  features?	
  Key	
  
features	
  are	
  words	
  that	
  cam	
  map	
  to	
  the	
  Game	
  API.	
  They	
  are	
  represented	
  as	
  a	
  tuple	
  of	
  <subject,	
  verb,	
  object>.	
  
To	
  achieve	
  this	
  approach,	
  insignificant	
  words	
  must	
  be	
  pruned	
  from	
  the	
  sentences.	
  In	
  order	
  to	
  prune	
  
insignificant	
  words	
  ,	
  we	
  can	
  use	
  the	
  same	
  algorithm	
  proposed	
  in	
  Chapter	
  1.	
  	
  Diagram	
  1	
  shows	
  the	
  steps	
  
implemented	
  to	
  prune	
  insignificant	
  words:	
  

	
  

Diagram	
  1:	
  Steps	
  implemented	
  to	
  prune	
  the	
  insignificant	
  words	
  



The	
  description	
  about	
  each	
  module	
  has	
  been	
  presented	
  in	
  Chapter	
  1.	
  

The	
  only	
  part	
  that	
  is	
  new	
  in	
  Story2Game	
  project	
  and	
  not	
  described	
  in	
  Chapter	
  1	
  is	
  “semantic	
  labeling	
  of	
  the	
  
significant	
  words”.	
  By	
  performing	
  this	
  module,	
  indeed,	
  we	
  are	
  able	
  to	
  map	
  the	
  significant	
  words	
  to	
  the	
  game	
  
API	
  objects.	
  	
  I	
  will	
  discuss	
  about	
  Semantic	
  Labeling	
  Process	
  later	
  in	
  the	
  next	
  section	
  

Semantic	
  Labeling	
  Process	
  
Since	
  we	
  have	
  the	
  pruned	
  tree,	
  we	
  can	
  perform	
  semantic	
  labeling	
  process.	
  We	
  have	
  a	
  limited	
  number	
  of	
  labels	
  
here.	
  Indeed,	
  labels	
  are	
  defined	
  in	
  the	
  domain	
  of	
  a	
  game.	
  	
  Table	
  1	
  shows	
  some	
  of	
  these	
  labels.	
  

Semantic	
  Labels	
   Words	
  mapped	
  to	
  the	
  semantic	
  labels	
  
Action	
   Move,	
  	
  walk,	
  	
  fast,	
  capture,lock	
  
Instrument	
   Toy,	
  gun,	
  
Agent	
   Nouns	
  
Collision	
   hit	
  
Emotion	
   Sad,	
  happy	
  
	
   	
  

Table	
  1:	
  Words	
  mapped	
  to	
  the	
  semantic	
  labels	
  (initial	
  seed)	
  

Words	
  in	
  Table	
  1	
  are	
  considered	
  as	
  initial	
  seed.	
  We	
  can	
  obtain	
  more	
  words	
  for	
  each	
  label	
  by	
  getting	
  the	
  
synonyms	
  from	
  WordNet	
  dictionary.	
  	
  

After	
  mapping	
  words	
  in	
  pruned	
  tree	
  to	
  semantic	
  labels,	
  we	
  can	
  build	
  a	
  conceptual	
  graph.	
  Semantic	
  labels	
  
specify	
  conceptual	
  relationship	
  in	
  conceptual	
  graph.	
  Given	
  the	
  conceptual	
  relations,	
  we	
  are	
  able	
  to	
  perform	
  a	
  
Java	
  script	
  code.	
  

Here	
  is	
  a	
  rough	
  idea	
  about	
  semantic	
  labeling.	
  The	
  process	
  needs	
  to	
  be	
  trained	
  for	
  a	
  specific	
  story.	
  

Experiment	
  
Given	
  the	
  following	
  story,	
  we	
  are	
  only	
  interested	
  in	
  mining	
  the	
  following	
  words	
  described	
  as	
  Bold	
  in	
  Figure	
  3.	
  

	
  

	
  

	
  

	
  

	
  

	
  

Figure	
  3:	
  Significant	
  Words	
  

Once upon a time there was a king and queen who lived in a 
golden castle with their beautiful daughter. One night an ugly 
ogre captured the beautiful princess and locked the princess 
in his tall, dark tower. The king and queen were very sad.  

 



By	
  performing	
  the	
  proposed	
  algorithm	
  on	
  sentences,	
  we	
  can	
  prune	
  the	
  parse	
  tree.	
  Figure	
  4	
  demonstrates	
  the	
  
pruned	
  tree	
  generated	
  by	
  the	
  program.	
  

	
  

	
  	
  	
  

	
  

	
  

	
  



	
  

	
  

Figure	
  4:	
  Pruned	
  tree	
  generated	
  from	
  story	
  sentences	
  

	
  

	
  

	
  

	
  

	
  

	
  


