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What	
  is	
  SEASR?	
  
This	
  project	
  focus	
  on	
  	
  

– developing,	
  
–  	
  integra*ng,	
  	
  
– deploying,	
  and	
  	
  
– sustaining	
  	
  

a	
  set	
  of	
  reusable	
  and	
  expandable	
  soFware	
  components	
  and	
  a	
  
suppor*ng	
  framework,	
  	
  

to	
  benefit	
  a	
  broad	
  set	
  of	
  data	
  mining	
  applica*ons	
  for	
  scholars	
  in	
  
humani*es.	
  



•  Web-based UI	
  
•  Components and flows 

are retrieved from 
server	
  

•  Additional locations of 
components and flows 
can be added to server	
  

•  Create flow using a 
graphical drag and 
drop interface	
  

•  Change property 
values	
  

•  Execute the flow	
  

Meandre: Workbench Existing Flow




Outline


•  Dunning	
  Loglikelihood	
  Comparison	
  
•  En*ty	
  Extrac*on	
  
•  Topic	
  Modeling	
  
•  Spell	
  Checking	
  



Dunning 
Loglikelihood 
Comparison




Comparison	
  of	
  Documents	
  

http://sappingattention.blogspot.com/2011/10/comparing-corpuses-by-word-use.html 



Comparison	
  of	
  Documents	
  

http://sappingattention.blogspot.com/2011/10/comparing-corpuses-by-word-use.html 



Comparison	
  with	
  Dunning	
  
Loglikelihood	
  

http://sappingattention.blogspot.com/2011/10/comparing-corpuses-by-word-use.html 



Dunning	
  Loglikelihood	
  Tag	
  Clouds	
  
Significantly	
  overrepresented	
  in	
  E,	
  in	
  order:	
  
• "that"	
  "general"	
  "army"	
  "enemy"	
  	
  
• "not"	
  "slavery"	
  "to"	
  "you"	
  	
  
• "corps"	
  "brigade"	
  "had"	
  "troops"	
  	
  
• "would"	
  "our"	
  "we"	
  "men"	
  	
  
• "war"	
  "be"	
  "command"	
  "if"	
  	
  
• "slave"	
  "right"	
  "it"	
  "my"	
  	
  
• "could"	
  "cons*tu*on"	
  "force"	
  "what"	
  	
  
• "wounded"	
  "ar*llery"	
  "division"	
  "government"	
  	
  

Significantly	
  overrepresented	
  in	
  F,	
  in	
  order:	
  	
  
• "county"	
  "born"	
  "married"	
  "township"	
  	
  
• "town"	
  "years"	
  "children"	
  "wife"	
  	
  
• "daughter"	
  "son"	
  "acres"	
  "farm"	
  	
  
• "business"	
  "in"	
  "school"	
  "is"	
  	
  
• "and"	
  "building"	
  "he"	
  "died"	
  	
  
• "year"	
  "has"	
  "family"	
  "father"	
  	
  
• "located"	
  "parents"	
  "land"	
  "na*ve"	
  	
  
• "built"	
  "mill"	
  "city"	
  "member”	
  	
  

http://sappingattention.blogspot.com/2011/10/comparing-corpuses-by-word-use.html 



SEASR	
  @	
  Work	
  –	
  Dunning	
  
Loglikelihood	
  

•  Find what words are 
overused or underused in 
your 'analysis corpus' 
when compared with your 
'reference corpus'.


•  Feature	
  comparison	
  of	
  token	
  
counts	
  

•  Two	
  sets	
  of	
  works	
  
–  Specify	
  an	
  analysis	
  

document/collec*on	
  
–  Specify	
  a	
  reference	
  

document/collec*on	
  
•  Perform	
  sta*s*cs	
  comparison	
  

using	
  Dunning	
  Loglikelihood	
  

Example showing over-represented words

Analysis Set: The Project Gutenberg EBook of 
A Tale of Two Cities, by Charles Dickens

Reference Set: The Project Gutenberg EBook 
of Great Expectations, by Charles Dickens



Improvement by removing Proper Nouns




Dunning	
  Loglikelihood	
  Tag	
  Cloud	
  
•  Words	
  that	
  are	
  under-­‐represented	
  in	
  wri*ngs	
  by	
  Victorian	
  

women	
  as	
  compared	
  to	
  Victorian	
  men.	
  
•  Results	
  are	
  loaded	
  into	
  Wordle	
  for	
  the	
  tag	
  cloud	
  
•  	
  —Sara	
  Steger	
  (Monk	
  Project)	
  



Dunning	
  Loglikelihood	
  Comparison	
  

Wordhoard:	
  This	
  comparison	
  highlights	
  the	
  lemmata	
  that	
  
are	
  dispropor*onately	
  common	
  or	
  rare	
  in	
  Othello	
  with	
  respect	
  
to	
  Shakespeare's	
  tragedies	
  as	
  a	
  whole.	
  

http://wordhoard.northwestern.edu/userman/analysis-comparewords.html 



Dunning	
  Loglikelihood	
  
Comparisons	
  	
  

•  Comparisons	
  ran	
  in	
  SEASR	
  with	
  words	
  (not	
  lemmas)	
  ignoring	
  
proper	
  nouns,	
  not	
  equal	
  comparison,	
  but	
  individual	
  documents	
  
instead	
  of	
  the	
  collec*on.	
  	
  

•  Tagclouds	
  show	
  words	
  more	
  common	
  in	
  Othello	
  

Othello – 
Shakespeare 
Tragedies 

Othello – Hamlet Othello – MacBeth 



Meandre	
  Flow	
  



Dunning	
  Loglikelihood	
  Calcula*ons	
  
Analysis	
   Reference	
   Total	
  

Frequency	
  of	
  word	
   a	
   b	
   a+b	
  

Frequency	
  of	
  other	
  words	
   c-­‐a	
   d-­‐b	
   c+d-­‐a-­‐b	
  

Total	
   c	
   d	
   c+d	
  

E1	
  =	
  c*(a+b)/(c+d)	
  
E2	
  =	
  d*(a+b)/(c+d)	
  
G2	
  =	
  2*((a*ln(a/E1))	
  +	
  (b*ln(b/E2)))	
  	
  
For	
  example,	
  a	
  log-­‐likelihood	
  value	
  of	
  6.63	
  should	
  occur	
  by	
  chance	
  only	
  about	
  
one	
  in	
  a	
  hundred	
  *mes.	
  This	
  means	
  the	
  significance	
  of	
  a	
  G2	
  value	
  of	
  6.63	
  is	
  0.01	
  .	
  	
  

G2	
   Significance	
  

15.13	
   p	
  <	
  0.0001	
  

10.83	
   p	
  <	
  0.001	
  

6.63	
   p	
  <	
  0.01	
  

3.84	
   p	
  <	
  0.05	
  



Dunning	
  Loglikelihood	
  References	
  
•  h5p://gautam.lis.illinois.edu/monkmiddleware/public/

analy*cs/dunnings.html	
  
•  h5p://wordhoard.northwestern.edu/userman/analysis-­‐

comparewords.html	
  
•  h5p://sappinga5en*on.blogspot.com/2011/10/comparing-­‐

corpuses-­‐by-­‐word-­‐use.html	
  
•  h5p://bookworm.culturomics.org/	
  
•  h5p://acl.ldc.upenn.edu/J/J93/J93-­‐1003.pdf	
  
•  h5p://tdunning.blogspot.com/2008/03/surprise-­‐and-­‐

coincidence.html	
  



Entity 
Extraction	
  



SEASR	
  @	
  Work	
  –	
  	
  En*ty	
  Mash-­‐up	
  
•  En*ty	
  Extrac*on	
  

–  Loca*ons	
  viewed	
  on	
  Google	
  
Map	
  	
  

–  Dates	
  viewed	
  on	
  Simile	
  
Timeline	
  

–  En**es	
  in	
  social	
  network	
  



Text	
  Preprocessing	
  
•  Syntac*c	
  analysis	
  

–  Tokeniza*on	
  
–  Lemmi*za*on	
  
–  Ngrams	
  
–  Part	
  Of	
  	
  Speech	
  (POS)	
  tagging	
  
–  Stop	
  Word	
  Removal	
  
–  Shallow	
  parsing	
  
–  Custom	
  literary	
  tagging	
  

•  Seman*c	
  analysis	
  
–  Informa*on	
  Extrac*on	
  

•  Named	
  En*ty	
  tagging	
  
•  Unnamed	
  En*ty	
  tagging	
  

–  Co-­‐reference	
  resolu*on	
  
–  Ontological	
  associa*on	
  (WordNet,	
  VerbNet)	
  
–  Seman*c	
  Role	
  analysis	
  
–  Concept-­‐Rela*on	
  extrac*on	
  



Seman*c	
  Analysis	
  

•  Deep	
  Parsing	
  
–  more	
  sophis*cated	
  syntac*c,	
  seman*c	
  and	
  contextual	
  
processing	
  must	
  be	
  performed	
  to	
  extract	
  or	
  construct	
  the	
  
answer	
  

•  Informa*on	
  extrac*on	
  is	
  the	
  iden*fica*on	
  of	
  specific	
  
seman*c	
  elements	
  within	
  a	
  text	
  (e.g.,	
  en**es,	
  
proper*es,	
  rela*ons)	
  

•  Extract	
  the	
  relevant	
  informa*on	
  and	
  ignore	
  non-­‐
relevant	
  informa*on	
  (important!)	
  	
  

•  Link	
  related	
  informa*on	
  and	
  output	
  in	
  a	
  
predetermined	
  format	
  



Informa*on	
  Extrac*on	
  Approaches	
  
•  	
  Terminology	
  (name)	
  lists	
  

–  This	
  works	
  very	
  well	
  if	
  the	
  list	
  of	
  names	
  and	
  name	
  expressions	
  is	
  stable	
  
and	
  available	
  

•  	
  Tokeniza*on	
  and	
  morphology	
  
–  This	
  works	
  well	
  for	
  things	
  like	
  formulas	
  or	
  dates,	
  which	
  are	
  readily	
  

recognized	
  by	
  their	
  internal	
  format	
  (e.g.,	
  DD/MM/YY	
  or	
  chemical	
  
formulas)	
  

•  	
  Use	
  of	
  characteris*c	
  pa5erns	
  
–  This	
  works	
  fairly	
  well	
  for	
  novel	
  en**es	
  
–  Rules	
  can	
  be	
  created	
  by	
  hand	
  or	
  learned	
  via	
  machine	
  learning	
  or	
  

sta*s*cal	
  algorithms	
  
–  Rules	
  capture	
  local	
  pa5erns	
  that	
  characterize	
  en**es	
  from	
  instances	
  

of	
  annotated	
  training	
  data	
  



Mayor Rex Luthor announced today the establishment 

of a new research facility in Alderwood.  It will be 

known as Boynton Laboratory. 

NE:Person NE:Time 

NE:Location 

NE:Organization 

Seman*c	
  Analy*cs	
  

– Named	
  En*ty	
  (NE)	
  Tagging	
  



Mayor Rex Luthor announced today the establishment 

of a new research facility in Alderwood.  It will be 

known as Boynton Laboratory. 

UNE:Organization 

Seman*c	
  Analysis	
  

•  Seman*c	
  Category	
  (unnamed	
  en*ty,	
  UNE)	
  
Tagging	
  



Mayor Rex Luthor announced today the establishment 

of a new research facility in Alderwood.  It will be 

known as Boynton Laboratory. 

UNE:Organization 

Seman*c	
  Analysis	
  

•  Co-­‐reference	
  Resolu*on	
  for	
  en**es	
  and	
  
unnamed	
  en**es	
  



Streaming	
  Text:	
  Knowledge	
  Extrac*on	
  

•  Leveraging	
  some	
  earlier	
  work	
  
on	
  informa*on	
  extrac*on	
  
from	
  text	
  streams	
  

Informa*on	
  extrac*on	
  
•  process	
  of	
  using	
  advanced	
  

automated	
  machine	
  learning	
  
approaches	
  	
  

•  to	
  iden*fy	
  en**es	
  in	
  text	
  
documents	
  

•  extract	
  this	
  informa*on	
  along	
  
with	
  the	
  rela*onships	
  these	
  
en**es	
  may	
  have	
  in	
  the	
  text	
  
documents	
  

The visualization above demonstrates information 
extraction of names, places and organizations from 
real-time news feeds. As news articles arrive, the 
information is extracted and displayed. 
Relationships are defined when entities co-occur 
within a specific window of words. 



Results:	
  Social	
  Network	
  	
  
(Tom	
  in	
  Red)	
  



Simile	
  Timeline	
  

•  Constructed	
  by	
  Hand	
  



Simile	
  Timeline	
  in	
  SEASR	
  
•  Dates	
  are	
  automa*cally	
  extracted	
  with	
  their	
  sentences	
  



Flow	
  for	
  Dates	
  to	
  Simile	
  



Topic

Modeling




Text	
  Analy*cs:	
  Topic	
  Modeling	
  

•  Given:	
  Set	
  of	
  documents	
  
•  Find:	
  To	
  reveal	
  the	
  
seman*c	
  content	
  in	
  large	
  
collec*on	
  of	
  documents	
  

•  Usage:	
  Mallet	
  Topic	
  
Modeling	
  tools	
  

•  Output:	
  	
  
– Shows	
  the	
  percentage	
  of	
  
relevance	
  for	
  each	
  
document	
  in	
  each	
  cluster	
  

– Shows	
  the	
  key	
  words	
  and	
  
their	
  counts	
  for	
  each	
  topic	
  



Topic	
  Modeling:	
  LDA	
  Model	
  

•  LDA	
  assumes	
  that	
  there	
  are	
  K	
  topics	
  shared	
  by	
  the	
  collec*on.	
  	
  
•  Each	
  document	
  exhibits	
  the	
  topics	
  with	
  different	
  propor*ons.	
  	
  
•  Each	
  word	
  is	
  drawn	
  from	
  one	
  topic.	
  	
  
•  We	
  discover	
  the	
  structure	
  that	
  best	
  explain	
  a	
  corpus.	
  

LDA Model from Blei (2011) 



Topic	
  Modeling:	
  Martha	
  Ballard’s	
  Diary	
  
Label	
   Words	
  

MIDWIFERY	
  
	
  

birth	
  deld	
  safe	
  morn	
  receivd	
  calld	
  leF	
  cleverly	
  pm	
  labour	
  fine	
  reward	
  
arivd	
  infant	
  expected	
  recd	
  shee	
  born	
  pa*ent	
  

CHURCH	
   mee*ng	
  a5ended	
  aFernoon	
  reverend	
  worship	
  foren	
  mr	
  famely	
  
performd	
  vers	
  a5end	
  public	
  supper	
  st	
  service	
  lecture	
  discoarst	
  
administred	
  supt	
  

DEATH	
   day	
  yesterday	
  informd	
  morn	
  years	
  death	
  ye	
  hear	
  expired	
  expird	
  weak	
  
dead	
  las	
  past	
  heard	
  days	
  drowned	
  departed	
  evinn	
  

GARDENING	
   gardin	
  se5	
  worked	
  clear	
  beens	
  corn	
  warm	
  planted	
  ma5ers	
  cucumbers	
  
gatherd	
  potatoes	
  plants	
  ou	
  sowd	
  door	
  squash	
  wed	
  seeds	
  

SHOPPING	
   lb	
  made	
  brot	
  bot	
  tea	
  bu5er	
  sugar	
  carried	
  oz	
  chees	
  pork	
  candles	
  wheat	
  
store	
  pr	
  beef	
  spirit	
  churnd	
  flower	
  

ILLNESS	
   unwell	
  mr	
  sick	
  gave	
  dr	
  rainy	
  easier	
  care	
  head	
  neighbor	
  feet	
  relief	
  
made	
  throat	
  poorly	
  takeing	
  medisin	
  ts	
  stomach	
  

http://historying.org/2010/04/01/topic-modeling-martha-ballards-diary/ 
 



Topic	
  Modeling:	
  Martha	
  Ballard’s	
  Diary	
  	
  

http://historying.org/2010/04/01/topic-modeling-martha-ballards-diary/ 
 

•  Coordina*ng	
  topics	
  with	
  addi*onal	
  data	
  



Topic	
  Modeling:	
  Pennsylvania	
  
Gaze5e	
  

Label	
   Words	
  

RUNAWAY	
   away	
  reward	
  servant	
  old	
  whoever	
  named	
  year	
  feet	
  jacket	
  high	
  paid	
  
hair	
  pair	
  secure	
  coat	
  run	
  inches	
  

GOVT	
  –U.S.	
   state	
  government	
  cons*tu*on	
  law	
  united	
  power	
  ci*zen	
  people	
  
public	
  congress	
  right	
  legislature	
  

REAL	
  ESTATE	
   good	
  house	
  acre	
  sold	
  land	
  meadow	
  well	
  mile	
  premise	
  planta*on	
  
stone	
  containing	
  mill	
  dwelling	
  orchard	
  

GOVT	
  –REVOLT	
   country	
  america	
  war	
  great	
  liberty	
  na*on	
  people	
  american	
  men	
  let	
  
cause	
  peace	
  enemy	
  present	
  state	
  she	
  

CLOTH	
   silk	
  co5on	
  di5o	
  white	
  black	
  linen	
  cloth	
  women	
  blue	
  worsted	
  men	
  
fine	
  thread	
  plain	
  coloured	
  

http://www.ics.uci.edu/~newman/pubs/JASIST_Newman.pdf 



Topic	
  Modeling:	
  Historical	
  
Newspapers	
  

Topics	
   ExplanaBon	
  

black*	
  price*	
  worth*	
  white*	
  goods*	
  
yard*	
  silk*	
  made*	
  lot*	
  week	
  ladies	
  wool*	
  
inch*	
  ladles*	
  sale*	
  prices*	
  pair*	
  suits*	
  
fine*	
  

Reflects	
  discussion	
  of	
  the	
  market	
  and	
  
sales	
  of	
  goods,	
  with	
  some	
  words	
  that	
  
relate	
  to	
  co5on	
  and	
  others	
  that	
  reflect	
  
other	
  goods	
  being	
  sold	
  alongside	
  co5on	
  
(such	
  as	
  wool).	
  

state*	
  people*	
  states*	
  bill*	
  law*	
  made	
  
united*	
  party*	
  men*	
  country*	
  
government*	
  county*	
  public*	
  presi-­‐	
  
dent*	
  money*	
  commi5ee*	
  general*	
  great	
  
ques*on*	
  

Poli*cal	
  language	
  associated	
  with	
  the	
  
poli*cal	
  debates	
  that	
  dominated	
  much	
  of	
  
newspaper	
  content	
  during	
  this	
  era.	
  The	
  
associa*on	
  of	
  the	
  topic	
  “money”	
  is	
  
par*cularly	
  telling,	
  as	
  economic	
  and	
  fiscal	
  
policy	
  were	
  par*cularly	
  important	
  
discussion	
  during	
  the	
  era.	
  

market*	
  co5on*	
  york*	
  good*	
  steady*	
  
closed*	
  prices*	
  corn*	
  texas*	
  wheat*	
  fair*	
  
stock*	
  choice*	
  year*	
  lower*	
  receipts*	
  
ton*	
  crop*	
  higher*	
  

All	
  these	
  topics	
  reflect	
  market-­‐driven	
  
language	
  related	
  to	
  the	
  buying	
  and	
  selling	
  
co5on	
  and,	
  to	
  a	
  much	
  smaller	
  ex-­‐	
  tent,	
  
other	
  crops	
  such	
  as	
  corn.	
  

http://www.aclweb.org/anthology/W/W11/W11-15.pdf 



Topic	
  Modeling:	
  Mining	
  the	
  
Dispatch	
  

•  Topic	
  words	
  
–  negro,	
  years,	
  reward,	
  boy,	
  man,	
  named,	
  jail,	
  delivery,	
  give,	
  leF,	
  black,	
  

paid,	
  pay,	
  ran,	
  color,	
  richmond,	
  subscriber,	
  high,	
  apprehension,	
  age,	
  
ranaway,	
  free,	
  feet,	
  delivered	
  

•  AdverBsement	
  
Ranaway.—$10	
  reward.	
  
—Ranaway	
  from	
  the	
  subscriber,	
  on	
  the	
  3d	
  inst.,	
  my	
  slave	
  woman	
  
Parthena.	
  Had	
  on	
  a	
  dark	
  brown	
  and	
  white	
  calico	
  dress.	
  She	
  is	
  of	
  a	
  ginger-­‐
bread	
  color;	
  medium	
  size;	
  the	
  right	
  fore-­‐finger	
  shortened	
  and	
  crooked,	
  
from	
  a	
  whitlow.	
  I	
  think	
  she	
  is	
  harbored	
  somewhere	
  in	
  or	
  near	
  Duvall's	
  
addi*on.	
  For	
  her	
  delivery	
  to	
  me	
  I	
  will	
  pay	
  $10.	
  
de	
  6—ts	
  G.	
  W.	
  H.	
  Tyler.	
  

http://dsl.richmond.edu/dispatch/pages/intro 



Topic	
  Modeling:	
  Mining	
  the	
  Dispatch	
  

http://dsl.richmond.edu/dispatch/pages/intro 



Topic	
  Modeling:	
  Link-­‐Node	
  
Visualiza*on	
  

https://dhs.stanford.edu/visualization/topic-networks/ 



Topic	
  Modeling:	
  Link-­‐Node	
  
Visualiza*on	
  

Extract the tokens, 
word counts, and 
their connections 
from the Mallet topic 
model files into a 
graph file that 
generates edges and 
nodes, allowing us to 
view the ten topics as 
a network model in 
Gephi	
  



Topic	
  Modeling:	
  Matrix	
  
Visualiza*on	
  



Topic	
  Modeling	
  

•  Uses	
  Mallet	
  Topic	
  Modeling	
  to	
  cluster	
  nouns	
  
from	
  over	
  4000	
  documents	
  from	
  19th	
  century	
  
with	
  10	
  segments	
  per	
  document	
  

•  Top	
  10	
  topics	
  showing	
  at	
  most	
  200	
  keywords	
  
for	
  that	
  topic	
  



Topic	
  Modeling	
  Process	
  

•  Load	
  the	
  documents	
  
•  Segment	
  the	
  documents	
  
•  Extract	
  nouns	
  (POS	
  analysis)	
  
•  Create	
  the	
  Mallet	
  data	
  structures	
  for	
  each	
  
segment	
  

•  Mallet	
  for	
  topic	
  modeling	
  
•  Save	
  results	
  
•  Parse	
  keyword	
  results	
  
•  Create	
  tagclouds	
  of	
  keywords	
  



Topic	
  Modeling	
  Flow	
  



HTRC	
  	
  Topics	
  

•  Search	
  for	
  “dickens”	
  in	
  collec*ons	
  
•  1148	
  documents	
  
•  100	
  topics,	
  showing	
  2	
  below	
  



Topic	
  Model	
  Explorer	
  



Addi*onal	
  Topic	
  Modeling	
  
Varia*ons	
  

•  Topics	
  over	
  *me	
  
•  Connec*ons	
  between	
  topics	
  
•  Hierarchy	
  of	
  topics	
  



Topic	
  Modeling	
  References	
  
•  h5p://www.ma5hewjockers.net/2011/09/29/the-­‐lda-­‐buffet-­‐is-­‐now-­‐open-­‐

or-­‐latent-­‐dirichlet-­‐alloca*on-­‐for-­‐english-­‐majors/	
  
•  h5p://dsl.richmond.edu/dispatch/pages/intro	
  
•  h5p://historying.org/2010/04/01/topic-­‐modeling-­‐martha-­‐ballards-­‐diary/	
  
•  h5p://www.ics.uci.edu/~newman/pubs/JASIST_Newman.pdf	
  
•  h5ps://dhs.stanford.edu/visualiza*on/topic-­‐networks/	
  
•  Proceedings	
  of	
  the	
  5th	
  ACL-­‐HLT	
  Workshop	
  on	
  Language	
  Technology	
  for	
  

Cultural	
  Heritage,	
  Social	
  Sciences,	
  and	
  Humani*es,	
  pages	
  96–104,	
  
Portland,	
  OR,	
  USA,	
  24	
  June	
  2011.	
  ©	
  2011	
  Associa*on	
  for	
  Computa*onal	
  
Linguis*cs	
  

•  Ma5hew	
  Jockers,	
  Macroanalysis:	
  Digital	
  Methods	
  and	
  Literary	
  History,	
  
UIUC	
  Press,	
  2013	
  

•  Termite:	
  Visualiza*on	
  Techniques	
  for	
  Assessing	
  Textual	
  Topic	
  Models,	
  
Jason	
  Chuang,	
  Christopher	
  D.	
  Manning,	
  Jeffrey	
  Heer,	
  Advanced	
  Visual	
  
Interfaces,	
  2012	
  	
  



Spell Checking	
  



Correla*on-­‐Ngram	
  Viewer	
  
Pearson	
  Correla*on	
  Algorithm	
  



OCR	
  Correc*on	
  

•  HTRC	
  Example	
  of	
  one	
  of	
  the	
  worst	
  pages	
  of	
  
text	
  based	
  on	
  number	
  of	
  correc*ons	
  per	
  word	
  
rate	
  =	
  0.1994	
  



Worst	
  Page	
  



Corrected	
  Page	
  



Some	
  Stats	
  
Google Ngram HTRC 250K Books 

Total number of ngrams:  359,511,583,097 20,173,974,251 

Total number of ngrams (ignoring punctuation chars):  306,780,490,555 

Total number of ngrams (ignoring numbers only & 
repeating characters, other noise that I could easily 
identify):  

293,760,570,946 19,282,108,416 

Total number of corrections that we have made: 1,660,948,155 131,571,046 

Percent of Cleaning 0.57% 0.68% 

Unique ngrams before cleaning 7,380,256 

Unique ngrams after cleaning 4,977,548 

Number of generated rules:  154,227 

Number of valid rules: 99,455 99,455 

Number of rules that are shorter than 5 chars and 
ignored 7,076 



Spellchecking	
  Analysis	
  

•  Not	
  just	
  OCR	
  detec*on	
  but	
  OCR	
  correc*on	
  
•  Can	
  also	
  be	
  used	
  for	
  cleaning	
  other	
  messy	
  
data	
  



Spell	
  Check	
  Component	
  
•  Wrapped	
  exis*ng	
  spellchecker	
  from	
  com.swabunga.spell	
  
•  Input	
  

–  Dic*onary	
  to	
  define	
  the	
  correct	
  words	
  
–  Transforma*ons	
  is	
  a	
  set	
  of	
  rules	
  that	
  should	
  be	
  tried	
  on	
  misspelled	
  

words	
  before	
  taking	
  the	
  spell	
  checker's	
  sugges*ons	
  
–  Token	
  counts	
  is	
  a	
  set	
  of	
  counts	
  that	
  can	
  be	
  used	
  to	
  choose	
  word	
  when	
  

spell	
  checker	
  suggests	
  mul*ple	
  ones	
  
•  Output	
  

–  Replacement	
  Rules	
  are	
  the	
  transforma*on	
  rules	
  for	
  misspelled	
  words	
  
–  Replacements	
  are	
  sugges*ons	
  for	
  misspelled	
  words	
  
–  Corrected	
  Text	
  is	
  the	
  original	
  text	
  with	
  correc*ons	
  applied	
  
–  Uncorrected	
  Misspellings	
  is	
  the	
  list	
  of	
  words	
  for	
  which	
  a	
  correc*on/

replacement	
  could	
  not	
  be	
  found	
  



Spell	
  Check	
  Proper*es	
  
•  do_correc*on	
  =	
  false	
  
•  enable_transforms_only	
  =	
  true	
  
•  enable_levenshtein	
  =	
  true	
  
•  ignore_digitwords	
  =	
  true	
  
•  ignore_uppercase	
  =	
  false	
  
•  ignore_internetaddresses	
  =	
  true	
  
•  ignore_mixedcase	
  =	
  false	
  
•  levenshtein_distance	
  =	
  .25	
  
•  min_rule_support	
  =	
  1	
  
•  output_misspellings_with_counts	
  =	
  false	
  
•  transform_threshold	
  =	
  30	
  
•  _debug_level	
  =	
  info	
  
•  _ignore_errors	
  =	
  false	
  



Adding	
  Levenshtein	
  

•  Use	
  the	
  Levenshtein	
  algorithm	
  to	
  
filter	
  the	
  list	
  of	
  sugges*ons	
  
considered	
  

•  The	
  Levenshtein	
  distance	
  is	
  a	
  
metric	
  for	
  measuring	
  the	
  amount	
  
of	
  difference	
  between	
  two	
  
sequences.	
  The	
  value	
  of	
  this	
  
property	
  is	
  expressed	
  as	
  a	
  
percentage	
  that	
  will	
  depend	
  on	
  
the	
  length	
  of	
  the	
  misspelled	
  word	
  



Transforma*on	
  Rules	
  

Complete	
  List	
  
o=0;	
  i=1;	
  l=1;	
  z=2;	
  o=3;	
  e=3;	
  s=3;	
  d=3;	
  t=4;e=4;	
  
l=4;	
  s=o;	
  s=5;	
  c=6;	
  e=6;	
  fi=6;	
  o=6;	
  l=7;	
  z=7;	
  y=7;	
  
j=8;	
  g=8;	
  s=8;	
  a=9;	
  c=9;	
  g=9;	
  o=9;	
  *=9;	
  b={h,o};	
  
c={e,o,q};	
  cl={ct,d};	
  ct={cl,d,dl,dt,F};	
  d={cl,ct};	
  
dl=ct;	
  dt=ct;	
  e=c;	
  fl={ss,st};	
  F=ct;	
  h={li,b,ii,ll};	
  i=
{l,r,t};	
  in=m;	
  j=y;	
  l={i,t};	
  li=h;	
  m={rn,lll,iii,in,ni};	
  n=
{ll,il,ii,h};	
  ni=m;	
  oe=ce;	
  r=ll;	
  rn=m;	
  s=f;	
  sh=
{fli,ih,jb,jh,m,sb};	
  ss=fl;	
  st=fl;	
  t=l;	
  tb=th;	
  th=tb;	
  
v=y;	
  u={ll,n,*,ii};	
  y={j,v};	
  



Spell	
  Check	
  Flow	
  



Demonstra*on	
  

•  Dunning	
  Loglikelihood	
  
•  En*ty	
  Extrac*on	
  

– En*ty	
  Extrac*on	
  List	
  
– Loca*on	
  En*ty	
  Extrac*on	
  
– Date	
  En*ty	
  Extrac*on	
  
– Person	
  En*ty	
  Extrac*on	
  

•  Topic	
  Modeling	
  
•  Spell	
  Checking	
  


