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Style-­‐based	
  text	
  classifica>on	
  



Agenda	
  

•  Introduc>on	
  to	
  style-­‐based	
  text	
  classifica>on	
  
– Tasks	
  and	
  applica>ons	
  

•  Authorship	
  a8ribu>on	
  
– Features	
  and	
  classifica>on	
  approaches	
  
– The	
  Local	
  Bag	
  of	
  words	
  representa>on	
  

•  Author	
  profiling	
  
– Features	
  and	
  classifica>on	
  approaches	
  
– A	
  concise	
  seman>c	
  representa>on	
  for	
  AP	
  

3	
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  Informa2on	
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Text	
  classifica>on	
  

•  It	
  is	
  the	
  assignment	
  of	
  free-­‐text	
  documents	
  to	
  
one	
  or	
  more	
  predefined	
  categories	
  based	
  on	
  
their	
  content	
  

•  Important	
  to	
  remember:	
  
– Assigns	
  documents	
  to	
  known	
  categories	
  
•  It	
  does	
  not	
  aim	
  to	
  discover	
  topics	
  or	
  classes	
  

–  It	
  is	
  a	
  supervised	
  task:	
  training	
  data	
  is	
  required	
  

But,	
  can	
  we	
  only	
  classified	
  documents	
  by	
  their	
  topic?	
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Text	
  classifica>on	
  criteria	
  
•  Topic	
  

–  Filtering	
  of	
  newswire	
  stories	
  
–  Indexing	
  of	
  scien>fic	
  ar>cles	
  
–  Spam	
  filtering	
  

•  Opinion	
  
–  Sen>ment	
  analysis	
  

•  Style	
  
–  Authorship	
  analysis	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  What	
  kind	
  of	
  tasks?	
  
–  Genre	
  classifica>on	
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Stamatatos,	
  E.	
  2009.	
  A	
  Survey	
  of	
  Modern	
  Authorship	
  A8ribu>on	
  Methods,	
  Journal	
  of	
  the	
  
American	
  Society	
  for	
  informa>on	
  Science	
  and	
  Technology,	
  60(3):	
  538-­‐556.	
  
Stamatatos,	
  E.	
  2015.	
  An	
  Introduc>on	
  to	
  Authoship	
  Analysis.	
  Material	
  from	
  tutorial	
  at	
  the	
  
1st	
  Mexican	
  Autumn	
  School	
  on	
  Language	
  Technologies.	
  Puebla,	
  Mexico,	
  Oct	
  2015.	
  



Authorship	
  analysis	
  tasks	
  	
  

Authorship	
  a8ribu>on	
  
•  Given	
  a	
  set	
  of	
  candidate	
  authors	
  and	
  some	
  
texts	
  by	
  them,	
  to	
  a8ribute	
  an	
  unseen	
  text	
  to	
  
one	
  of	
  them.	
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Authorship	
  analysis	
  tasks	
  

Author	
  verifica>on	
  
•  Given	
  texts	
  of	
  a	
  certain	
  author,	
  to	
  decide	
  
whether	
  an	
  unseen	
  text	
  was	
  wri8en	
  by	
  that	
  
author	
  or	
  not.	
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Authorship	
  analysis	
  tasks	
  

Author	
  profiling	
  
•  Extrac>on	
  of	
  informa>on	
  about	
  the	
  age,	
  
gender,	
  educa>onal	
  level,	
  dialect,	
  personality,	
  
etc.	
  of	
  the	
  author.	
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Authorship	
  analysis	
  tasks	
  

Author	
  diariza>on	
  
•  Decompose	
  a	
  mul>-­‐author	
  document	
  into	
  
authorial	
  components	
  

	
  
Applica>ons	
  of	
  these	
  authorship	
  analysis	
  tasks?	
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Applica>ons	
  areas	
  of	
  AA	
  
•  Intelligence	
  

–  A8ribu>on	
  of	
  messages	
  or	
  proclama>ons	
  to	
  known	
  
terrorists	
  

–  Linking	
  different	
  messages	
  by	
  authorship	
  
•  Criminal	
  law	
  

–  Iden>fying	
  writers	
  of	
  harassing	
  messages	
  
–  Verifying	
  the	
  authen>city	
  of	
  suicide	
  notes	
  

•  Civil	
  law	
  
–  Copyright	
  disputes	
  

•  Computer	
  forensics	
  
–  Iden>fying	
  the	
  authors	
  of	
  source	
  code	
  of	
  malicious	
  
soeware	
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Applica>ons	
  areas	
  of	
  AA	
  (2)	
  
•  Literary	
  research	
  

–  A8ribu>ng	
  anonymous	
  or	
  disputed	
  literary	
  works	
  to	
  
known	
  authors	
  

–  Studying	
  the	
  differences	
  among	
  literary	
  periods,	
  schools,	
  
writers	
  

•  Historical	
  research	
  
–  Studying	
  the	
  wri>ng	
  style	
  of	
  an	
  author	
  (poli>cian)	
  in	
  >me	
  

•  Decision	
  making	
  
–  Personalized	
  product	
  adver>sement	
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Authorship	
  a8ribu>on	
  

Stamatatos,	
  E.	
  2009.	
  A	
  Survey	
  of	
  Modern	
  Authorship	
  A8ribu>on	
  Methods,	
  Journal	
  of	
  the	
  
American	
  Society	
  for	
  informa>on	
  Science	
  and	
  Technology,	
  60(3):	
  538-­‐556.	
  



AA	
  as	
  a	
  classifica>on	
  problem	
  

•  In	
  the	
  typical	
  authorship	
  a8ribu>on	
  problem,	
  a	
  
text	
  of	
  unknown	
  authorship	
  is	
  assigned	
  to	
  one	
  
candidate	
  author,	
  given	
  a	
  set	
  of	
  candidate	
  
authors	
  for	
  whom	
  text	
  samples	
  of	
  undisputed	
  
authorship	
  are	
  available.	
  

•  From	
  a	
  machine	
  learning	
  point-­‐of-­‐view,	
  this	
  
can	
  be	
  viewed	
  as	
  a	
  mul>-­‐class	
  single-­‐label	
  text	
  
categoriza>on	
  task.	
  

	
  
Is	
  the	
  BoW	
  representa>on	
  adequate	
  for	
  this	
  task?	
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Features	
  and	
  methods	
  

•  The	
  main	
  idea	
  behind	
  AA	
  is	
  that	
  by	
  measuring	
  
some	
  textual	
  features	
  we	
  can	
  dis>nguish	
  
between	
  texts	
  wri8en	
  by	
  different	
  authors.	
  

•  Important	
  to	
  have	
  features	
  that	
  quan>fy	
  the	
  
wri4ng	
  style	
  of	
  authors,	
  and	
  apply	
  methods	
  
able	
  to	
  learn	
  from	
  that	
  kind	
  of	
  features.	
  

	
  

How	
  to	
  address	
  the	
  AA	
  problem?	
  
What	
  features	
  could	
  be	
  used?	
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Lexical	
  features	
  (1)	
  

•  Several	
  different	
  lexical	
  features	
  have	
  been	
  
used	
  in	
  the	
  task	
  of	
  AA:	
  
– Simple	
  measures	
  such	
  as	
  sentence	
  length	
  counts	
  
and	
  word	
  length	
  counts	
  
•  Can	
  be	
  applied	
  to	
  any	
  language	
  and	
  any	
  corpus	
  
•  For	
  certain	
  languages	
  is	
  not	
  trivial	
  to	
  do	
  word	
  
segmenta>on	
  à	
  Chinese,	
  German,	
  etc.	
  

– Vocabulary	
  richness	
  and	
  the	
  number	
  of	
  hapax	
  
legomena	
  (i.e.,	
  words	
  occurring	
  once).	
  
•  Vocabulary	
  size	
  heavily	
  depends	
  on	
  text-­‐length	
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Lexical	
  features	
  (2)	
  
– Tradi>onal	
  bag-­‐of-­‐words	
  text	
  representa>on	
  
•  Good	
  for	
  topic	
  classifica>on,	
  but	
  not	
  necessarily	
  
capture	
  the	
  wri>ng	
  style	
  of	
  authors.	
  

–  	
  Func>on	
  words	
  
•  Are	
  used	
  in	
  a	
  largely	
  unconscious	
  manner	
  by	
  the	
  
authors	
  and	
  they	
  are	
  topic-­‐independent	
  

– Subset	
  of	
  more	
  frequent	
  words	
  
•  Similar	
  problems	
  than	
  bag-­‐of-­‐words	
  

– Word	
  n-­‐grams	
  
•  Not	
  always	
  be8er	
  than	
  individual	
  word	
  features	
  
•  Dimensionality	
  increases	
  considerably	
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Character	
  features	
  
•  According	
  to	
  this	
  family	
  of	
  measures,	
  a	
  text	
  is	
  
viewed	
  as	
  a	
  mere	
  sequence	
  of	
  characters.	
  

•  Various	
  character-­‐level	
  measures:	
  
–  alphabe>c	
  characters	
  count,	
  digit	
  characters	
  count,	
  
uppercase	
  and	
  lowercase	
  characters	
  count,	
  le8er	
  
frequencies,	
  punctua>on	
  marks	
  count,	
  etc.	
  

•  Frequencies	
  of	
  character	
  n-­‐grams	
  
–  Lexical	
  informa>on	
  (e.g.,	
  |_in_|,	
  |text|)	
  
–  Contextual	
  informa>on	
  (e.g.,	
  |in_t|)	
  
– Use	
  of	
  punctua>on	
  and	
  capitaliza>on	
  
–  Common	
  used	
  suffix	
  (e.g.,	
  |ful_|,	
  |ing_|	
  )	
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Syntac>c	
  features	
  (1)	
  

•  The	
  idea	
  is	
  that	
  authors	
  tend	
  to	
  use	
  similar	
  
syntac>c	
  pa8erns	
  unconsciously.	
  

•  Syntac>c	
  informa>on	
  is	
  considered	
  more	
  
reliable	
  authorial	
  fingerprint	
  in	
  comparison	
  to	
  
lexical	
  Informa>on	
  

•  Disadvantages:	
  
– Robust	
  and	
  accurate	
  NLP	
  tools	
  are	
  require	
  to	
  
perform	
  syntac>c	
  analysis	
  of	
  texts	
  

– Language-­‐dependent	
  procedure	
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Syntac>c	
  features	
  (2)	
  

•  POS	
  tag	
  frequencies	
  or	
  POS	
  tag	
  n-­‐gram	
  
frequencies	
  
– A_DD	
  few_JJ	
  examples_NNS	
  of_PREP	
  heterologous_JJ	
  
expression_NN	
  	
  

•  Noun	
  phrase	
  counts,	
  verb	
  phrase	
  counts,	
  
length	
  of	
  noun	
  phrases,	
  length	
  of	
  verb	
  
phrases,	
  etc.	
  
– NP[Another	
  a8empt]	
  VP[to	
  exploit]	
  NP[syntac>c	
  
informa>on]	
  VP[was	
  proposed]	
  PP[by	
  Stamatatos,	
  et	
  
al.	
  (2000)].	
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Syntac>c	
  features	
  (3):	
  recent	
  approaches	
  

•  Using	
  syntac>c-­‐based	
  n-­‐grams	
  as	
  features	
  
– Sn-­‐grams	
  are	
  obtained	
  based	
  on	
  the	
  order	
  in	
  which	
  
the	
  elements	
  are	
  presented	
  in	
  syntac>c	
  trees.	
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eat	
  with,	
  with	
  spoon,	
  eat	
  with	
  spoon	
  
Grigori	
   Sidorov,	
   Francisco	
   Velasquez,	
   Efstathios	
   Stamatatos,	
   Alexander	
   Gelbukh,	
   Liliana	
   Chanona-­‐Hernández.	
  
Syntac4c	
  Dependency-­‐Based	
  N-­‐grams	
  as	
  Classifica4on	
  Features.	
  Lecture	
  Notes	
  in	
  Computer	
  Science	
  Volume	
  7630,	
  
2013.	
  



Syntac>c	
  features	
  (4):	
  recent	
  approaches	
  

•  Using	
  probabilis>c	
  context	
  free	
  grammars	
  as	
  
language	
  models	
  for	
  classifica>on	
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•  Generate	
  a	
  parse	
  tree	
  for	
  
each	
  training	
  document	
  

•  Es>mate	
  a	
  grammar	
  and	
  its	
  
parameters	
  from	
  the	
  
assembled	
  “tree-­‐bank”.	
  

•  Compute	
  probabili>es	
  for	
  
each	
  document,	
  for	
  each	
  
grammar	
  

•  Select	
  the	
  author	
  
(grammar)	
  with	
  the	
  
highest	
  probability	
  



Seman>c	
  features	
  

•  The	
  more	
  detailed	
  the	
  text	
  analysis	
  required	
  for	
  
extrac>ng	
  features,	
  the	
  less	
  accurate	
  the	
  
produced	
  measures.	
  
– Few	
  a8empts	
  to	
  exploit	
  high-­‐level	
  features	
  

•  Examples	
  of	
  the	
  usage	
  of	
  seman>c	
  informa>on:	
  
– Use	
  seman>c	
  rela>ons	
  (from	
  dependency	
  trees)	
  
– Use	
  synonyms	
  and	
  hypernyms	
  of	
  words	
  (Wordnet)	
  
– Detect	
  seman>c	
  similarity	
  between	
  words	
  by	
  
means	
  of	
  LSI	
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Domain-­‐specific	
  features	
  

•  In	
  some	
  applica>ons	
  it	
  is	
  possible	
  to	
  use	
  some	
  
structural	
  measures	
  to	
  quan>fy	
  the	
  authorial	
  
style.	
  

•  Some	
  examples	
  are:	
  
– Use	
  of	
  gree>ngs	
  and	
  farewells	
  in	
  the	
  messages	
  
– Types	
  of	
  signatures	
  
– Use	
  of	
  indenta>on	
  
– Paragraph	
  length	
  
– Font	
  color	
  counts	
  and	
  font	
  size	
  counts	
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Authorship	
  a8ribu>on	
  methods	
  
•  Instance-­‐based	
  approaches	
  

–  Each	
  training	
  text	
  is	
  individually	
  represented	
  as	
  a	
  separate	
  
instance	
  of	
  authorial	
  style.	
  

–  Uses	
  vector	
  space	
  representa>ons	
  and	
  apply	
  supervised	
  
learning	
  algorithms	
  such	
  as	
  tradi>onal	
  text	
  classifica>on.	
  

•  Profile-­‐based	
  approaches	
  
–  Concatenate	
  all	
  the	
  available	
  training	
  texts	
  per	
  author	
  in	
  
one	
  big	
  file	
  and	
  extract	
  a	
  cumula>ve	
  representa>on	
  of	
  that	
  
author’s	
  style	
  (profile)	
  from	
  this	
  concatenated	
  text.	
  

	
  

What	
  is	
  be8er?	
  
Advantages	
  and	
  disadvantages?	
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Instance	
  based	
  approach	
  

Décima	
  Cátedra	
  Internacional	
  de	
  Ingeniería	
  
Universidad	
  Nacional	
  de	
  Colombia	
   25	
  

Stamatatos,	
  E.	
  2015.	
  An	
  Introduc>on	
  to	
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Profile	
  based	
  approach	
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Profile-­‐based	
  approaches	
  (1)	
  

•  Training	
  just	
  comprises	
  the	
  extrac>on	
  of	
  profiles	
  
for	
  the	
  candidate	
  authors.	
  

•  A8ribu>on	
  is	
  based	
  on	
  the	
  distance	
  of	
  the	
  profile	
  
of	
  an	
  unseen	
  text	
  and	
  the	
  profile	
  of	
  each	
  author.	
  

	
  
•  It	
  can	
  be	
  realized	
  by	
  using	
  probabilis>c	
  and	
  
compression	
  models	
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Profile-­‐based	
  approaches	
  (2)	
  
•  Probabilis>c	
  models:	
  a8empt	
  to	
  maximize	
  the	
  
probability	
  P(x|a)	
  for	
  a	
  text	
  x	
  to	
  belong	
  to	
  an	
  
author	
  a.	
  
–  Can	
  be	
  applied	
  to	
  both	
  character	
  and	
  word	
  sequences	
  

•  Compression	
  models:	
  the	
  difference	
  in	
  bit-­‐wise	
  size	
  
of	
  the	
  compressed	
  files	
  d(x,	
  xa)=C(xa	
  +x)–C(xa)	
  
indicates	
  the	
  similarity	
  of	
  text	
  x	
  with	
  author	
  a.	
  
–  Several	
  compression	
  algorithms	
  have	
  been	
  tested	
  
including	
  RAR,	
  LZW,	
  GZIP,	
  BZIP2,	
  7ZIP.	
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Some	
  comments	
  on	
  AA	
  
•  The	
  number	
  of	
  candidate	
  authors	
  
–  Increasing	
  the	
  number	
  of	
  authors	
  leads	
  to	
  a	
  significant	
  
decrease	
  in	
  performance	
  

–  Character	
  n-­‐grams	
  outperform	
  other	
  feature	
  types	
  
•  The	
  size	
  of	
  the	
  training	
  set	
  
– AA	
  can	
  lead	
  to	
  reasonable	
  results	
  even	
  when	
  only	
  
limited	
  data	
  is	
  available	
  

–  Character	
  n-­‐grams	
  show	
  more	
  robustness	
  to	
  the	
  
effect	
  of	
  data	
  size	
  than	
  syntac>c	
  or	
  word-­‐based	
  
features	
  	
  

•  The	
  instance-­‐based	
  approach	
  usually	
  reports	
  
be8er	
  results	
  than	
  the	
  profile-­‐based	
  approach	
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Our	
  proposal:	
  using	
  the	
  LOWBOW	
  representa>on	
  
•  BOW	
  shows	
  acceptable	
  performance,	
  par>cularly	
  
using	
  word	
  and	
  character	
  n-­‐grams	
  features.	
  	
  
–  It	
  only	
  takes	
  into	
  account	
  the	
  occurrence	
  of	
  n-­‐grams	
  

•  BOW	
  ignores	
  any	
  sequen>al	
  informa>on	
  in	
  
documents	
  	
  

•  Our	
  proposal	
  is	
  to	
  use	
  richer	
  document	
  
representa>ons	
  for	
  AA	
  that	
  incorporate	
  sequen>al	
  
informa>on.	
  
–  The	
  distribu>on	
  of	
  terms	
  at	
  different	
  loca>ons	
  can	
  reveal	
  
useful	
  (stylis>c)	
  informa>on	
  about	
  authors	
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The	
  tradi>onal	
  BOW	
  approach	
  

•  Indicates	
  the	
  (weighted)	
  occurrence	
  of	
  terms	
  
in	
  a	
  document	
  

,1 ,| |,...,i i i Vx x⎡ ⎤= ⎣ ⎦d
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The	
  LOWBOW	
  framework	
  

•  Consider	
   a	
   set	
   of	
   histograms,	
   each	
   weighted	
  
according	
  to	
  selected	
  posi>ons	
  in	
  the	
  document	
  

	
  

1{ ,..., }ki i i=d dl dl ,j
j s
i i Kµ σ= ×dl d
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BOW	
  computa>on	
  
	
  	
  
	
  China	
  sent	
  a	
  senior	
  official	
  to	
  a8end	
  a	
  recep>on	
  at	
  the	
  
Ukraine	
  embassy	
  on	
  Friday	
  despite	
  a	
  diploma>c	
  rie	
  over	
  
a	
  visit	
  to	
  Kiev	
  by	
  Taiwan's	
  vice	
  president	
  Lien	
  Chan.	
  But	
  
an	
   apparent	
   guest	
   list	
   mix-­‐up	
   lee	
   both	
   sides	
   unsure	
  
over	
  who	
  would	
  represent	
  Beijing	
  at	
  the	
  recep>on,	
  held	
  
to	
  mark	
  Ukraine's	
  independence	
  day…	
  	
  

	
  

	
   	
   	
   	
   	
   	
  Benjamin	
  Kang	
  Lim	
  

BOW	
  representa>on	
  
1	
   V	
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  at	
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Ukraine	
  embassy	
  on	
  Friday	
  despite	
  a	
  diploma>c	
  rie	
  over	
  
a	
  visit	
  to	
  Kiev	
  by	
  Taiwan's	
  vice	
  president	
  Lien	
  Chan.	
  But	
  
an	
   apparent	
   guest	
   list	
   mix-­‐up	
   lee	
   both	
   sides	
   unsure	
  
over	
  who	
  would	
  represent	
  Beijing	
  at	
  the	
  recep>on,	
  held	
  
to	
  mark	
  Ukraine's	
  independence	
  day…	
  	
  
	
   	
   	
   	
  	
  
	
   	
   	
   	
   	
   	
  Benjamin	
  Kang	
  Lim	
  

Iden>fy	
  loca>ons	
  	
  
in	
  documents	
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Weight	
  the	
  contribu>on	
  of	
  
terms	
  according	
  to	
  Gaussians	
  
at	
  the	
  different	
  loca>ons	
   1	
   V	
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   V	
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w1,	
  	
  	
  w2,	
  	
  	
  	
  w3,	
  	
  	
  	
  w4,	
  	
  	
  	
  w5,	
  	
  	
  	
  w6,	
  	
  	
  	
  w7,	
  	
  	
  	
  …	
  	
  	
  	
  wN-­‐2,	
  	
  	
  	
  wN-­‐1,	
  wN	
  	
  	
  

μ1	
  

Kernel	
  smoothing	
  

Document	
  

Kernel	
  loca>ons	
  

1, ( )K xσµ 2, ( )K xσµ 3, ( )K xσµ 1, ( )kK xσµ −
, ( )kK xσµ

μ2	
   μ3	
   μk-­‐1	
   μk	
  
.	
  .	
  .	
  

N	
  

Posi>on	
  weigh>ng	
  	
  

1	
   V	
  

LHs:	
  posi>on	
  +	
  frequency	
  weigh>ng	
  	
  

1	
   V	
   1	
   V	
   1	
   V	
   1	
   V	
  

1	
   1	
   1	
   1	
  N	
   N	
   N	
   1	
   N	
  



AA	
  using	
  LOWBOW	
  

•  As	
  classifier	
  we	
  used	
  SVM;	
  we	
  needed	
  a	
  new	
  way	
  
to	
  measure	
  de	
  distance	
  between	
  documents:	
  
– Combining	
  vectors	
  in	
  
one	
  single	
  vector.	
  

– Represen>ng	
  documents	
  by	
  
a	
  set	
  of	
  vectors.	
  

•  We	
  used	
  the	
  Euclidean	
  and	
  Chi-­‐squere	
  distances.	
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Experimental	
  se~ngs	
  
•  We	
  consider	
  a	
  subset	
  of	
  RCV-­‐I,	
  documents	
  wri8en	
  by	
  10	
  

authors	
   (about	
   the	
   same	
   subject);	
   50	
   documents	
   are	
  
available	
  for	
  training	
  and	
  50	
  for	
  tes>ng	
  for	
  each	
  author	
  

•  Experiments	
   using	
  words	
   and	
   3-­‐grams	
   at	
   the	
   character	
  
level	
  were	
  performed,	
  different	
  number	
  of	
   loca>ons	
  and	
  
scale	
  parameters	
  were	
  evaluated,	
  we	
  report	
  the	
  se~ngs	
  
that	
  showed	
  be8er	
  performance	
  

•  The	
  2500	
  most	
   frequent	
   terms	
  were	
  used	
   to	
  obtain	
   the	
  
representa>ons	
  	
  

S.	
  Plakias	
  and	
  E.	
  Stamatatos.	
  Tensor	
  space	
  models	
  for	
  authorship	
  aMribu2on.	
   	
  LNCS	
  5138,	
  pp.	
  239–
249,	
  Springer,	
  2008.	
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Results	
  using	
  50	
  training	
  documents	
  per	
  author	
  

Method	
  	
   Parameters	
   Words	
   Char.	
  N-­‐grams	
  	
  

BOW	
   -­‐	
   78.2%	
   75.0%	
  

1-­‐vector	
   k	
  =	
  2;	
  σ	
  =	
  0.2	
   75.8%	
   72.0%	
  

1-­‐vector	
   k	
  =	
  5;	
  σ	
  =	
  0.2	
   77.4%	
   75.2%	
  

1-­‐vector	
   k	
  =	
  20;	
  σ	
  =	
  0.2	
   77.4%	
   75.0%	
  

k	
  	
   Euc.	
   Chi2	
  

Words	
  

2	
   78.6%	
   75.4%	
  

5	
   77.6%	
   77.2%	
  

20	
   79.2%	
   79.0%	
  

Character	
  N-­‐grams	
  

2	
   83.4%	
   83.8%	
  

5	
   83.4%	
   84.6%	
  

20	
   84.6%	
   85.2%	
  

K-­‐vectores	
  

BOW	
  is	
  a	
  strong	
  baseline	
  

The	
  best	
  accuracy	
  using	
  
character	
  n-­‐grams	
  and	
  the	
  
chi-­‐squere	
  distance	
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Results	
  using	
  smaller	
  training	
  sets	
  

Método	
  \	
  conjunto	
   1-­‐doc	
   3-­‐docs	
   5-­‐docs	
   10-­‐docs	
   50-­‐docs	
  

BOW	
   36.8%	
   57.1%	
   62.4%	
   69.9%	
   78.2%	
  

1-­‐vector	
   37.9%	
   55.6%	
   60.5%	
   69.3%	
   77.4%	
  

K-­‐vectores	
   52.4%	
   63.3%	
   69.2%	
   72.8%	
   82.0%	
  

Referencia	
   -­‐	
   -­‐	
   53.4%	
   67.8%	
   80.8%	
  

Método	
  \	
  conjunto	
   1-­‐doc	
   3-­‐docs	
   5-­‐docs	
   10-­‐docs	
   50-­‐docs	
  

BOW	
   65.3%	
   71.9%	
   74.2%	
   76.2%	
   75.0%	
  

1-­‐vector	
   61.9%	
   71.6%	
   74.5%	
   73.8%	
   75.0%	
  

K-­‐vectores	
   70.7%	
   78.3%	
   80.6%	
   82.2%	
   86.4%	
  

Reference	
   -­‐	
   -­‐	
   53.4%	
   67.8%	
   80.8%	
  

�  Using	
  words	
  as	
  features	
  

�  Using	
  character	
  n-­‐grams	
  as	
  features	
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Author	
  profiling	
  



The	
  author	
  profiling	
  task	
  

•  It	
  consists	
  in	
  knowing	
  as	
  much	
  as	
  possible	
  
about	
  an	
  unknown	
  author,	
  just	
  by	
  analyzing	
  a	
  
given	
  text.	
  
– Age,	
  gender,	
  social/economic	
  status,	
  level	
  of	
  
studies,	
  na>onality,	
  religion,	
  etc.	
  

•  Some	
  applica>ons	
  have	
  to	
  do	
  with	
  business	
  
intelligence,	
  computer	
  forensics	
  and	
  security.	
  

Special	
  Topics	
  on	
  Informa2on	
  Retrieval	
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Author	
  profiling	
  –	
  main	
  approach	
  
•  It	
  is	
  commonly	
  approached	
  as	
  a	
  single-­‐label	
  
mul>class	
  classifica>on	
  problem,	
  where	
  profiles	
  
represent	
  the	
  classes	
  to	
  discriminate.	
  

•  It	
  involves	
  three	
  tasks:	
  
1.  The	
  extrac>on	
  of	
  features	
  (words,	
  style	
  markers,	
  etc.)	
  
2.  The	
  representa>on	
  of	
  documents	
  
3.  The	
  use	
  of	
  a	
  machine	
  learning	
  method	
  for	
  inducing	
  a	
  

classifica>on	
  model.	
  
	
  

Which	
  features?	
  
The	
  same	
  than	
  for	
  authorship	
  a8ribu>on?	
  

For	
  this	
  task,	
  what	
  is	
  more	
  important,	
  content	
  or	
  style?	
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Who	
  wrote	
  these	
  reviews?	
  

•  Male	
  or	
  female?	
  	
  
Mexican,	
  Argen>n	
  or	
  Spanish?	
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Who	
  worte	
  these	
  reviews?	
  

•  Male	
  or	
  female?	
  	
  
Mexican,	
  Argen>n	
  or	
  Spanish?	
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Frequent	
  words	
  by	
  women	
  and	
  men	
  

•  Schwartz	
  et	
  al.	
  (2013).	
  Personality,	
  Gender,	
  and	
  Age	
  in	
  the	
  Language	
  of	
  Social	
  Media:	
  The	
  Open-­‐
Vocabulary	
  Approach.	
  PLoS	
  ONE	
  8(9):	
  e73791.	
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Author	
  profiling	
  –	
  representa>on	
  
•  The	
  most	
  common	
  approach	
  is	
  the	
  Bag-­‐of-­‐Features	
  
(words,	
  POS	
  tags,	
  emo>cons,	
  etc.)	
  

•  Some	
  shortcomings	
  of	
  this	
  representa>on	
  are:	
  
–  It	
  produce	
  high	
  dimensionality	
  and	
  dispersion	
  of	
  
informa>on.	
  

–  It	
  does	
  not	
  preserve	
  any	
  kind	
  of	
  rela>onship	
  of	
  terms.	
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The	
  English	
  corpus	
  used	
  at	
  PAN	
  2013:	
  
• 	
  236,000	
  instances,	
  each	
  instance	
  is	
  a	
  text	
  le	
  with	
  mul>ple	
  
blogs/posts	
  by	
  the	
  same	
  author.	
  
• 	
  A	
  total	
  of	
  413,564	
  blogs/posts	
  and	
  180,809,187	
  words	
  
(more	
  than	
  5	
  million	
  different	
  “words”)	
  



Our	
  idea	
  in	
  a	
  few	
  words	
  

•  Use	
  very	
  simple	
  but	
  highly	
  effec>ve	
  meta-­‐a8ributes	
  
for	
  represen>ng	
  the	
  documents	
  

•  Our	
  inten>on	
  is	
  to	
  reduce	
  the	
  dimensionality	
  
problem,	
  on	
  one	
  hand,	
  and	
  to	
  capture	
  the	
  rela>on	
  
between	
  words	
  and	
  between	
  words	
  and	
  profiles	
  

•  These	
  a8ributes	
  were	
  inspired	
  in	
  some	
  ideas	
  from	
  
distribu>onal	
  representa>ons	
  and	
  concise	
  seman>c	
  
analysis.	
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Our	
  proposal:	
  a	
  concise	
  representa>on	
  
•  Terms	
  are	
  represented	
  by	
  their	
  associa>on	
  with	
  profiles	
  
•  Document	
  representa>ons	
  are	
  built	
  by	
  combining	
  term	
  

representa>ons.	
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Results	
  at	
  PAN	
  2013	
  
•  We	
  obtained	
  the	
  best	
  results:	
  

–  English:	
  0.57	
  (gender),	
  0.66	
  (age:	
  3	
  ranges)	
  
–  Spanish:	
  0.63	
  (gender),	
  0.66	
  (age:	
  3	
  ranges)	
  
	
  

•  However,	
  our	
  approach	
  assumes	
  homogeneity	
  
among	
  the	
  authors	
  from	
  a	
  given	
  profile.	
  That	
  is	
  not	
  
true	
  especially	
  in	
  social	
  media.	
  

•  Our	
  solu>on	
  for	
  PAN	
  2014:	
  same	
  approach	
  but	
  using	
  
informa>on	
  from	
  subprofiles.	
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Subprofile-­‐based	
  representa>on	
  
•  Each	
  profile	
  is	
  clustered	
  in	
  several	
  subprofiles	
  
•  Representa>ons	
  for	
  terms	
  and	
  documents	
  are	
  built	
  at	
  
subprofile	
  level.	
  
–  That	
  is,	
  there	
  are	
  as	
  many	
  features	
  as	
  subprofiles	
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Resultados	
  en	
  PAN	
  2014	
  
•  Once	
  again	
  the	
  best	
  performance	
  at	
  PAN.	
  
•  The	
  subprofile	
  based	
  representa>on	
  (n-­‐SOA)	
  was	
  be8er	
  than	
  

the	
  profile-­‐based	
  (SOA)	
  and	
  bag	
  of	
  terms	
  (BoT)	
  representa>ons.	
  	
  
–  In	
  all	
  cases	
  we	
  considered	
  the	
  most	
  frequent	
  50k	
  terms.	
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Two	
  current	
  lines	
  of	
  research	
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Personality	
  detec2on	
  
Is	
  it	
  possible	
  to	
  determine	
  the	
  personality	
  
of	
  a	
  person	
  by	
  analyzing	
  her	
  social	
  media	
  
ac>vity?	
  

Mul2modal	
  analysis	
  
Are	
  the	
  images	
  useful	
  for	
  author	
  
profiling?	
  
Is	
  their	
  informa>on	
  complementary	
  
to	
  the	
  textual	
  data?	
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