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Ancestry.com	  User	  Trees	  and	  A1ached	  Records	  


60 million user generated family trees 
16 billion  records 







Person	  and	  record	  search	  
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•  Search	  query	  
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Mo6va6on	  


• Name	  matching	  is	  a	  key	  opera6on	  in	  genealogy	  search	  
• Databases	  o:en	  contain	  alterna6ve	  name	  spellings	  


– MacDonald	   	  à	   	  McDonald	  	  
– Clark	   	   	  à	   	  Clarke	  
– Riedmueller	   	  à	   	  Reidmiller	  	  
– Arsenault 	  à	   	  Arseneau	  	  
– Schumacher 	  à	   	  Schumaker	  	  


• Number	  of	  algorithms	  exist.	  Which	  ones	  are	  beAer?	  
– The	  literature	  is	  contradictory	  on	  this	  subject	  and	  we	  could	  
not	  not	  get	  a	  single/acceptable	  answer	  


• Can	  we	  use	  Ancestry.com	  data	  to	  improve	  exis6ng	  
methods?	  







Goals	  


•  Produce	  data-‐driven	  method	  for	  finding	  high	  quality	  lists	  
of	  alterna6ve	  name	  spellings	  


• Generate	  dataset	  that	  can	  be	  used	  by	  wider	  community	  


• Compare	  exis6ng	  name	  matching	  methods	  using	  unified	  
framework	  
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Insight	  


• Mo6vated	  by	  previous	  applica6ons	  of	  collabora6ve	  
filtering	  


• User	  ac6ons	  suggest	  labels	  	  
– Use	  search	  reformula6ons	  and	  record	  aAachments	  
– Names	  come	  in	  different	  forms:	  	  


Shepherd,	  Sheppard,	  Shepard,	  Shephard,	  Shepperd,	  Sheperd	  


• Use	  Parallel	  Corpora	  for	  training	  machine	  transla6on	  
methods	  


• No	  need	  to	  separate	  name	  pairs	  into	  nega6ve/posi6ve	  
classes	  
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Where	  do	  we	  get	  our	  data?	  


•  “Records	  dataset”	  
– Source:	  User	  data	  from	  family	  trees	  and	  aAached	  user	  records	  
– <Name1,	  Name2> 	  	  


▫ Name1	  from	  the	  tree	  node	  
▫ Name2	  from	  the	  aAached	  record	  


•  “Search	  dataset”	  
– Source:	  Search	  logs	  
– <Name1,	  Name2>	  


▫ Name1	  from	  an	  earlier	  search	  performed	  by	  a	  user	  
▫ Name2	  from	  search	  reformula6on	  from	  the	  same	  user	  
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Train/Test	  datasets	  prepara6on/filtering	  
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Machine	  transla6on	  
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•  The	  goal	  is	  finding	  K	  top	  (ranked	  by	  probability)	  target	  
name	  spellings	  given	  source	  name	  


• We	  adapted	  machine	  transla6on	  at	  character	  level	  for	  
transla6ng	  last	  names	  into	  other	  last	  names	  using	  
training	  set	  of	  directed	  name	  pairs	  
–  In	  our	  adapta6on	  sentence	  consist	  of	  a	  single	  word	  (last	  name)	  
and	  words	  are	  characters	  







Name	  Model	  


•  “Name	  model”	  is	  a	  probability	  of	  encountering	  target	  
names	  	  


• Underneath	  this	  model	  is	  implemented	  using	  N-‐grams	  
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Alignment	  model	  	  


• An	  “alignment	  model”	  is	  used	  in	  genera6ng	  transla6onal	  
correspondences	  between	  names	  in	  our	  context	  	  


• Alignment	  rules	  and	  alignment	  model	  is	  computed	  using	  
Expecta6on	  Maximiza6on	  method	  
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Other	  methods	  


• Compare	  within	  the	  same	  framework	  
– Phone6c	  algorithms	  (codes):	  e.g.	  Soundex,	  Dmetaphone,	  
NYSIIS	  


– String	  similarity	  measures:	  e.g.	  Jaro-‐Winkler,	  Levenshtein	  
– Our	  method:	  Machine	  transla6on	  method	  (implemented	  using	  
Moses	  library)	  


	  


12 







Phone6c	  methods	  


• Rule-‐based	  methods	  where	  similar	  sounding	  names	  get	  
assigned	  the	  same	  code.	  	  


• Names	  with	  the	  same	  phone6c	  scores	  are	  viewed	  as	  
alterna6ve	  misspellings	  


•  	  Popular	  methods:	  
– Soundex:	  


▫  Strings	  transformed	  into	  digits	  
▫ All	  zeros	  (correspond	  to	  vowels	  and	  ‘h’,	  ‘w’)	  are	  removed	  
▫ All	  string	  repe66ons	  are	  removed	  
▫  Example:	  Smith	  –	  Smythe	  (code	  s530)	  


– NYSIIS:	  
▫ Only	  returns	  encodings	  made	  of	  leAers	  
▫ U6lizes	  numerous	  rules	  for	  transforming	  beginnings	  and	  endings	  of	  
strings.	  
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Example	  of	  phone6c	  methods	  codes:	  
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Taken	  from	  Peter	  Christen’s	  “Data	  Matching”	  







String	  similarity	  methods	  


•  Levenshtein	  similarity	  method	  (most	  popular),	  also	  
known	  as	  edit	  distance	  similarity	  	  
– Edit	  distance	  is	  the	  smallest	  number	  of	  inser6ons,	  
replacements	  or	  dele6ons	  needed	  to	  transform	  one	  string	  into	  
another	  
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Edit	  distance	  computa6on	  illustra6on	  
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Edit	  distance	  similarity	  


• Actual	  similarity:	  
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Evalua6on	  Framework	  
•  Standard	  Informa6on	  Retrieval	  evalua6on	  with	  Precision-‐Recall	  analysis	  


•  Correspondence	  to	  our	  task:	  
–  Search	  query	  -‐>	  	  	  source	  name	  
–  Search	  results	  -‐>	  	  suggested	  alterna6ve	  name	  forms	  


•  Ranking	  (s:	  source	  name,	  t:	  target	  candidate):	  
–  Phone6c	  algorithms:	  	  hasSameCode(s,	  t)	  *	  freq(t)	  
–  String	  similarity	  measures:	  sim(s,	  t)	  *	  freq(t)^ϒ	  
– Machine	  transla6on	  where	  leAer	  is	  a	  “word”:	  	  mosesScore(s,	  t)	  
	  


▫  Common	  principle:	  alignmentScore(s,t)	  *	  languageModelScore(t)	  
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Results	  (Records	  data)	  10-‐fold	  confidence	  intervals	  
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Results	  (Search	  data)	  10-‐fold	  confidence	  intervals	  
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Tools	  Used	  	  


• Moses	  so:ware	  package	  for	  machine	  transla6on	  
– We	  used	  IRSTLM,	  sta6s6cal	  language	  model	  for	  genera6ng	  2-‐
gram	  through	  6-‐gram	  language	  models	  (6	  was	  the	  maximum	  
possible)	  


– Alignment	  model	  building:	  Moses	  uses	  the	  GIZA++	  package	  for	  
sta6s6cal	  character-‐alignment	  character	  (Word)-‐alignment	  
tools	  typically	  implement	  one	  of	  Brown’s	  IBM	  genera6ve	  
models.	  


•  Febrl	  library	  (by	  Peter	  Christen)	  
– For	  similarity	  measures	  and	  phone6c	  algorithm	  
implementa6ons	  
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Conclusions	  


• Our	  machine	  transla6on	  method	  for	  finding	  ranked	  list	  of	  
alterna6ve	  last	  name	  spellings	  far-‐outperformed	  all	  other	  
methods	  we	  tried	  	  


• NYSIIS	  phone6c	  method	  significantly	  outperformed	  other	  
phone6c	  algorithms	  and	  the	  Phonex	  phone6c	  method	  did	  
not	  perform	  as	  well	  on	  our	  data	  


• Addi6onally,	  Jaro-‐Winkler	  similarity	  method	  together	  
with	  the	  Levenshtein	  edit	  distance	  method	  performed	  
beAer	  than	  the	  Jaro	  method	  


• Our	  training	  sets	  are	  available	  for	  download	  from	  GitHub:	  


	  	  hAps://github.com/jeffsicdm14/name_pairs.git	  
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Ques6ons?	  
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