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Getting Useful Gender Statisti
s from English TextJohn Hale and Eugene CharniakDepartment of Computer S
ien
eBrown UniversityAbstra
tGender, understood as a lexi
al feature, is important for anaphora be
ause itnarrows down the number of possible referents involved in a typi
al pronounresolution situation. This work des
ribes an automati
 method for obtainingreliable guesses about the gender of entities in a 
orpus using free text. Byusing a simple but unreliable anaphora algorithm repeatedly over a large
orpus, the probable genders of referen
ed entities 
an be 
ompiled andgiven a salien
e ranking. These statisti
s are an inexpensive way to add ongender-feature information to a statisti
al anaphora resolution algorithm.Introdu
tionAnaphora is the use of a grammati
al substitute, su
h as a pronoun, to refer to a wordor group of words mentioned earlier in the dis
ourse. To the degree that the referred-toword or group of words denotes some entity in the world, the anaphori
 referen
e to thatentity also refers to that same real-world obje
t. By way of this 
orresponden
e, groupsof words denoting the same individual, whether they are anaphori
 or not, should sharesemanti
 features.One semanti
 feature whi
h undoubtedly exists on at least proper noun phrases isgender { whether the referen
ed entity is male, female or inanimate. In Fren
h, su
h afeature 
ould be read o� the morphologi
al form of a noun, (perhaps using �nite statete
hniques as in (Silberztein, 1987, page 98)) but in English virtually the only remainingre
ex is in the form of referring pronouns1. Dis
ourse entities 
ontinue to have gender inEnglish, but the only time that gender be
omes manifested is when the entity is referred toanaphori
ally with a gender-marked pronoun.Furthermore, gender is a psy
hologi
al fa
tor that has been demonstrated (Ehrli
h,1980) to exert an in
uen
e on human anaphora resolution. Re
ent psy
hologi
al theories1Although in Fren
h we run into the distin
tion between \lexi
al" gender and \a
tual" gender, and issuewhi
h we will ignore in the following.I am very grateful to the NLP group at Brown for help in this work, espe
ially to Mark Johnson, NiyuGe and Brian Roark.



GENDER STATISTICS FROM ENGLISH TEXT 2(Gernsba
her, 1989) of referential a

ess have posited gender to have an \enhan
ing" or\inhibiting" e�e
t, suggesting a statisti
al 
hara
terization.Here we present an automati
 method for estimating the probability that nouns o
-
urring in a large 
orpus of English text manifest mas
uline or feminine gender, or denoteinanimate things. This method is based on simply 
ounting 
o-o

urren
es of pronouns andnoun phrases, and as su
h 
an employ any method of analysis of the text stream that resultsin referent/pronoun pairs (
f. (Hatzivassiloglou & M
Keown, 1997) for another appli
ationin whi
h no expli
it indi
ators are available in the stream). We present two very simplemethods for �nding referent/pronoun pairs, and also present an appli
ation of a surprisestatisti
 that 
an indi
ate how 
on�dent we should be about the predi
tions the methodmakes. Following this, we show the results of applying this method to the 21 million word1987 Wall Street Journal 
orpus using two di�erent putative pronoun referen
e strategies ofvarying sophisti
ation, and evaluate their performan
e using word lists of names 
lassi�edby gender. MethodThe method is a very simple me
hanism for harvesting the kind of gender informationpresent in dis
ourse fragments like \Kim slept. She slept for a long time." Even if Kim'sgender was unknown before seeing the �rst senten
e, after the se
ond senten
e, it is known.The probability that a referent is a parti
ular gender 
lass is just the relative frequen
ywith whi
h that referent is referred-to by a pronoun whi
h is part of that gender 
lass. Thatis, the probability of a referent ref being in gender 
lass g
i isPr(ref 2 g
i) = Count(referen
es to ref with pronoun 2 g
i)Xall gender 
lasses; iCount(referen
es to ref with pronoun g
i) (1)In this work we have only 
onsidered three gender 
lasses: mas
uline, feminine andinanimate whi
h are indi
ated by their typi
al pronouns, he, she, and it. However, avariety of pronouns indi
ate the same 
lass: Plural pronouns like \they" and \us" don'tpronoun gender 
lasshe,himself,him,his heshe,herself,her, hers sheit,itself,its itreveal any gender information about their referent, and 
onsequently aren't useful, althoughthis might be a way to learn pluralization in an unsupervised manner.Why is a statisti
al 
hara
terization of gender ne
essary, if the instant \snapping"to a de�nite gender o

urs when disambiguating information 
omes along? The need fora statisti
al 
hara
terization derives from the fa
t that the a
tual referent of any givenpronoun is not known { at least, not known by the program. Instead, a guess about theparti
ular referent for a parti
ular pronoun has to be used, in the hope that the guess willbe 
orre
t often enough to produ
e a statisti
ally salient pattern of observations. Be
auseof this statisti
al approa
h to what is traditionally viewed as a dis
rete-valued semanti
feature, this method 
an use unreliable pronoun referen
e guesses to learn useful features
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orpus entities without depending on hand-
oindexation of the 
orpus for error-freereferent/pronoun 
o-o

urren
es.Pronoun referen
e strategiesIn order to gather statisti
s on the gender of referents in a 
orpus, there must besome way of identifying the referents. In attempting to bootstrap lexi
al information aboutreferents' gender, we 
onsider two strategies whi
h are 
ompletely blind to any kind ofsemanti
s.Previous NounOne of the most naive pronoun referen
e strategies is the \previous noun" heuristi
.On the intuition that referents in one senten
e are often the obje
ts of the previous senten
e,this heuristi
 simply keeps tra
k of the last noun seen, and then submits that noun as thereferent of any pronouns following. This strategy is 
ertainly simple-minded but it a

ountsfor a healthy fra
tion of (43%) of pronoun referen
e situations in experiments performed byNiyu Ge on a hand-tagged subset of the Wall Street Journal 
orpus (see (Ge & Charniak,1998)).In the present system, a statisti
al parser using a grammar indu
ed from held-out
orpus is used (see (Charniak, 1997)) simply as a tagger. This apparent parser overkill isa 
ontrol to ensure that the part of spee
h tags assigned to words are the same using theprevious noun heuristi
 and the synta
ti
 Hobbs algorithm, to be explained in the nextse
tion. In fa
t the only part of spee
h tags ne
essary are those indi
ating nouns andpronouns.When this strategy is applied to the entire 
orpus, the result is a set of observationsof pronoun/noun 
o-o

urren
es.Synta
ti
 Hobbs algorithmSimilarly, the Hobbs algorithm (Hobbs, 1976) also produ
es a set of observations of
o-o

urren
es, although these are 
o-o

urren
es of full noun phrases with their referringpronoun. Unlike the previous noun heuristi
, the Hobbs algorithm depends on having aparse of the 
urrent senten
e (the one 
ontaining the pronoun to be resolved) available, aswell as parses of the previous senten
es in the text. The Hobbs algorithm is an attempt tomake use of as many of the 
lues to pronoun referen
e as are available from a parse. Tofa
ilitate a 
omparison with the previous noun heuristi
 the whole output of the statisti
alparser is presented to the Hobbs algorithm, whi
h in this implementation 
an fail to �nd areferent. For this reason there are fewer observations available to 
olle
t using the Hobbsalgorithm. Nevertheless these observations are typi
ally of mu
h higher quality, both inthe sense that they yield more plausible referents, and that these referents are 
orre
t moreoften. On the same hand-tagged subset of the 
orpus, Ms. Ge reports 65:3% a

ura
y withthis strategy. SurpriseGiven a putative pronoun resolution method, and a 
orpus, the result is a set ofpronoun/referent pairs. By 
ollating by referent, and abstra
ting away to gender 
lasses of



GENDER STATISTICS FROM ENGLISH TEXT 4pronouns, rather than individual pronouns, we have the relative frequen
ies with whi
h agiven referent is referred-to by pronouns of ea
h gender 
lass. The gender 
lass for whi
hthis relative frequen
y is the highest we might say is the gender 
lass to whi
h the referentmost probably belongs.However, any syntax-only pronoun resolution strategy will be wrong some of thetime { these methods know nothing about dis
ourse boundaries, intensions or real-worldknowledge. We would like to know, therefore, whether the pattern of pronoun referen
esthat we observe for a given referent is the result of our supposed \hypothesis about pronounreferen
e" { that is, the pronoun referen
e strategy we have provisionally adopted in orderto gather statisti
s { or whether the pattern is the result of some other unidenti�ed pro
ess.This de
ision is made by ranking the referents by log-likelihood ratio, termed salien
e,for ea
h referent with its asso
iated pattern of referen
es. The likelihood ratio is adaptedfrom Dunning (Dunning, 1993, page 66) and uses the raw frequen
ies of ea
h pronoun 
lassin the 
orpus as the null hypothesis, Pr(g
0 i) as well as Pr(ref 2 g
i) from equation 1.salien
e = �2 log0BB� Yall 
lasses ig
0 observations with 
lass iiYall 
lasses iPr(ref 2 g
i)observations with 
lass i1CCA (2)Making the unrealisti
 simplifying assumption that referen
es of one gender 
lass are 
om-pletely independent of referen
es via another 
lasses2, the likelihood fun
tion in this 
ase isjust the produ
t over all 
lasses of the probabilities of ea
h 
lass of referen
e to the powerof the number of observations with this 
lass.EvaluationPerforming the salien
e 
omputation over all of the referents, we are left with a listof referents that 
an be sorted by salien
e, and a predi
tion about what gender 
lass ea
hreferent should fall into.QualitativeOften, for referents that are titles (i.e. \the President") or 
ommon nouns (i.e. \girl")it is straightforward to read o� the gender 
lass probabilities to determine if the predi
tionis 
orre
t. Be
ause referents with higher salien
e s
ores are often expli
itly-gendered 
om-mon nouns like \mother" or \husband", this kind of evaluation yields a good qualitativeindi
ation of the te
hnique's performan
e for those referents.Quantitative evaluation for one sub
lass of referentsIn 
omparing the total result of two initial pronoun resolution strategies, this sub-je
tive evaluation is inappropriate. Moreover, the qualitative evaluation 
an invoke worldknowledge on the part of the evaluator unintentionally, as o

urs when the evaluator knowsthe gender of some famous person or prominant business leader. A fully automati
 evalua-tion 
an pro
eed only with some standardized knowledge of what proper names are mas
u-line and whi
h are feminine. To that end, we have devised a more obje
tive test, useful only2In e�e
t, admitting that a referent 
ould be in di�erent gender 
lasses a
ross di�erent observations.
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oring the subset of referents that are names of people. This s
oring uses publi
allyavailable word lists of �rst names that 
ome separated into male (mas
)and female (fem)lists3. They have been augmented with the honori�
s \Mr." \Mrs." and \Ms." Should thereferent be present in the list 
orresponding to the gender 
lass predi
tion, that is a 
orre
t
lassi�
ation. In the 
ase of the Hobbs algorithm, whi
h returns full noun phrases as refer-ents, in
lusion of any word from the noun phrase in the appropriate list 
onstitutes a 
orre
t
lassi�
ation; this means \Mr. John Smith" is 
ounted as 
orre
t if the statisti
s indi
atethat it is in the mas
uline gender 
lass, (on a

ount of \John" being in the mas
uline list)but it also means that \Jean Marie Le Pen" would not be 
ounted as 
orre
t if \Marie"fails to appear in the mas
uline list but does appear in the feminine list (assuming none ofthe other words appear in either list). This s
ore is the pre
ision of gender attribution fornames 
ontaining words in the �rst name lists:pre
ision = # times ref attributed as he ^ 
ontains a word in mas
 +# times ref attributed as she ^ 
ontains a word in fem# times ref 
ontains a word in either list (3)ResultsResults of this gender-determination te
hnique 
arried out on the 1987 Linguisti
Data Consortium Wall Street Journal 
orpus are given in the appendi
es, whi
h in
ludethe top and bottom of the ranked salien
e list. The format of the results is as follows:The referent is given, followed by the total number of referen
es by pronouns of all types,with the salien
e in parenthesis. Then the probabilities and individual 
ounts of referen
eobservations for ea
h 
lass are given. Class 0 is he-type, 1 is she-type and 2 is it-type.Qualitative impressionsQualitatively speaking, results with salien
e values above about 100 seem to squarewith our intuitions about the genders of people mentioned in the Wall Street Journal, orare easily veri�ed 
orre
t by sear
hing for the referent; for example MOODY is predi
tedto be it-type, and in fa
t it is a proper name { but a proper name of a 
ompany, Moody'sInvestors Servi
e In
. Salien
es below 100 
ontain many 
orre
t 
lassi�
ations, but are notuniformly 
orre
t.Pre
ision s
oresThe pre
ision s
ore 
omputed over all names from either name list appearing inreferent are 38.8% for the previous noun heuristi
 and 68.15% for the synta
ti
 Hobbsalgorithm.These s
ores 
orrespond very 
losely with the experimental results of Niyu Ge apply-ing ea
h strategy to smaller amounts of manually parsed and 
oindexed text. On one hand,we should expe
t su
h an automati
 method as this, relying as it does on automati
ally-generated part-of-spee
h tags and parses from an automati
ally indu
ed grammar to per-form worse, even on the restri
ted subset of peoples' names as referents. On the other, wemight expe
t it to perform better, given that it has mu
h greater amounts of data over3These lists are 
ourtesy of Paul Leyland and are available at <ftp://ftp.ox.a
.uk/pub/wordlists/>
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es obey Zipf's law
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Zipfian pronoun reference using Syntactic Hobbs algorithm on WSJ 1987whi
h errors might in some sense be amortized. The 
lose numeri
al agreement (43% with38.8% and 65:3% with 68:15%) indi
ates that these two fa
tors roughly 
an
el. In the
ase of the Hobbs-based �gure, there appears to be no appre
iable loss of a

ura
y using astatisti
al parser as 
ompared with using the gold standard parses.Though there is more data in general, however, useful levels of referen
e data for aparti
ular referent are rare. This tradeo� 
an be seen in the Zip�an relationship betweennumber of referen
es to a referent, and the number of su
h referents that we �nd in the
orpus.Pre
ision graphsJust as a higher salien
e implies a higher likelihood of being 
orre
tly 
lassi�ed, wewould expe
t higher numbers of total referen
es for a given referent to be asso
iated withhigher likelihoods of being 
orre
t. Graphs 2 and 3 do not bear out this expe
tation.Rather, for almost every referent with more than about 50 re
orded referen
es, there is atrimodal pattern of pre
ision. This is result whi
h illustrates how gender attribution is reallya spe
ial 
ase of word-sense disambiguation. About �fty referen
es is all it takes for thisgender-attribution method to \be sure" about its attribution for a given referent. In manyof these 
ases the attribution is to the inanimate or it-type gender 
lass. The evaluationmetri
, however, noting the presen
e of the referent, or a 
onstituent word of the referentin one of the �rst name lists assumes that the 
orre
t gender is one of the animate ones,and marks the attribution wrong, when in fa
t the attribution was 
orre
t, but only if thereferent is interpreted as an inanimate obje
t and not the name of a person. This happens
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ison using �rst name s
oring s
heme with previous noun heuristi
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Percentage correct on proper names 
 in gender-classified first names using previous-noun heuristic on WSJ 1987in 
ases su
h as \the Reagan Administration" whi
h the �rst name-based evaluation metri
marks as mas
uline sin
e \Reagan" is present in the mas
 list. Further examples of thislimitation of the s
oring metri
 in
lude names like \Bank," \Way" (short for Wayland),\Case" (short for Casey), \Court" (short for Courtney), \Ford," \Law" and \Pri
e."We are 
urrently investigating other evaluation methods, using unambiguous hon-ori�
s (only), disjun
tions of name lists and ma
hine-readable di
tionaries, and namephonology. Con
lusions and Future Dire
tionsGender information does not have to be read o� a di
tionary. Con
eived of as justanother semanti
 feature, there are a variety of textual analyses that yielding observationsof pronouns/referent pairs whi
h will result in reasonable gender attributions for entities ina 
orpus. While English gender features are inferentially deeper than in Fren
h, in many
ases they 
an be inferred statisti
ally from large 
orpora, with no human intervention.Unsurprisingly, more sophisti
ated pronoun referen
e strategies produ
e better results thansimpler ones, and we 
an be more 
on�dent about 
ases in whi
h there is a lot of data thanthose in whi
h data is sparse. Be
ause these 
ases 
an be distinguished, however, we 
ande�ne the level of 
on�den
e we need and spe
ify the amount of 
orpora needed a

ordingly.An interesting followup might be to relate this amount to the amount of spee
h inputapprehended by 
hildren, and to relate the sophisti
ation of 
hildren's pronoun referen
e
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ision using �rst name s
oring s
heme with synta
ti
 Hobbs algorithm
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Percentage correct on proper names 
in gender-classified first names using syntactic Hobbs algorithm on WSJ 1987strategies to those used in this statisti
al method.Future work that has been initiated is examining the possibility of feeding ba
k thegender information gathered into a pronoun referen
e algorithm that does know aboutsemanti
s, and a little about dis
ourse, both in a statisti
al form.Referen
esCharniak, E. (1997). Statisti
al parsing with a 
ontext-free grammar and word statisti
s. In Pro-
eedings of the 14th National Conferen
e on Arti�
ial Intelligen
e Menlo Park, CA. AAAIPress/MIT Press.Dunning, T. (1993). A

urate methods for the statisti
s of surprise and 
oin
iden
e. ComputationalLinguisti
s, 19 (1).Ehrli
h, K. (1980). Comprehension of pronouns. Quarterly Journal of Experimental Psy
hology, 32,247{255.Ge, N. & Charniak, E. (1998). A statisti
al approa
h to anaphora resolution. Forth
oming.Gernsba
her, M. A. (1989). Me
hanisms that improve referential a

ess. Cognition, 32, 99{156.Hatzivassiloglou, V. & M
Keown, K. R. (1997). Predi
ting the semanti
 orientation of adje
tives..Hobbs, J. R. (1976). Pronoun resolution. Te
h. rep., City College of New York.Silberztein, M. (1987). The lexi
al analysis of fren
h. In M. Gross & D. Perrin (Eds.), Ele
troni
 Di
-tionaries and Automata in Computational Linguisti
s, Vol. 377 of Le
ture Notes in ComputerS
ien
e Saint-Pierre d'Ol�eron, Fran
e. LITP Spring S
hool on Theoreti
al Computer S
ien
e.
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there were 514015 pronouns seen overallsize of pairing 
lass 0: 15059size of pairing 
lass 1: 4884size of pairing 
lass 2: 21346total di
tionary is 26627 wordsnull referen
es was 0total for 
ategory 0 is 129015prob of 0 is 0.250995total for 
ategory 1 is 16043prob of 1 is 0.0312112total for 
ategory 2 is 368957prob of 2 is 0.717794CORP. , refs=5314(796.948) 0 - 0.0538201 refs=286 1 - 0.00131728 refs=7 2 - 0.944863 refs=5021INC. , refs=5472(609.776) 0 - 0.0752924 refs=412 1 - 0.00493421 refs=27 2 - 0.919773 refs=5033COMPANY , refs=9979(520.038) 0 - 0.128871 refs=1286 1 - 0.0096202 refs=96 2 - 0.861509 refs=8597REAGAN , refs=1173(416.198) 0 - 0.681159 refs=799 1 - 0.0179028 refs=21 2 - 0.300938 refs=353 MASC CORRECTWOMAN , refs=403(378.088) 0 - 0.176179 refs=71 1 - 0.503722 refs=203 2 - 0.320099 refs=129PRESIDENT , refs=1997(341.819) 0 - 0.545819 refs=1090 1 - 0.016024 refs=32 2 - 0.438157 refs=875% , refs=5419(328.15) 0 - 0.121978 refs=661 1 - 0.0071969 refs=39 2 - 0.870825 refs=4719MAN , refs=915(247.551) 0 - 0.615301 refs=563 1 - 0.042623 refs=39 2 - 0.342077 refs=313 MASC CORRECTNORTH , refs=525(187.933) 0 - 0.681905 refs=358 1 - 0.0228571 refs=12 2 - 0.295238 refs=155 MASC CORRECTCO. , refs=2989(185.641) 0 - 0.113081 refs=338 1 - 0.0120442 refs=36 2 - 0.874875 refs=2615U.S. , refs=3368(157.335) 0 - 0.135689 refs=457 1 - 0.010095 refs=34 2 - 0.854216 refs=2877AQUINO , refs=114(149.784) 0 - 0.122807 refs=14 1 - 0.622807 refs=71 2 - 0.254386 refs=29MOTHER , refs=243(131.208) 0 - 0.26749 refs=65 1 - 0.349794 refs=85 2 - 0.382716 refs=93CONCERN , refs=1843(123.067) 0 - 0.116658 refs=215 1 - 0.00596853 refs=11 2 - 0.877374 refs=1617CHAIRMAN , refs=704(119.165) 0 - 0.544034 refs=383 1 - 0.015625 refs=11 2 - 0.440341 refs=310GORBACHEV , refs=338(118.67) 0 - 0.671598 refs=227 1 - 0 refs=0 2 - 0.328402 refs=111SALE , refs=1274(117.952) 0 - 0.0918367 refs=117 1 - 0.00470958 refs=6 2 - 0.903454 refs=1151THATCHER , refs=93(115.384) 0 - 0.0967742 refs=9 1 - 0.602151 refs=56 2 - 0.301075 refs=28GROUP , refs=2263(109.904) 0 - 0.12859 refs=291 1 - 0.0132567 refs=30 2 - 0.858153 refs=1942GOVERNMENT , refs=2777(106.75) 0 - 0.148001 refs=411 1 - 0.0104429 refs=29 2 - 0.841556 refs=2337...27269 lines deleted...GRIDIRON , refs=9(-1.82054) 0 - 0.111111 refs=1 1 - 0 refs=0 2 - 0.555556 refs=5PARTY , refs=672(-2.09004) 0 - 0.270833 refs=182 1 - 0.0223214 refs=15 2 - 0.700893 refs=471CALAF , refs=13(-2.9671) 0 - 0.0769231 refs=1 1 - 0 refs=0 2 - 0.0769231 refs=1CHANG , refs=18(-3.91963) 0 - 0.222222 refs=4 1 - 0.0555556 refs=1 2 - 0.333333 refs=6TRAIL , refs=51(-7.46297) 0 - 0.176471 refs=9 1 - 0.117647 refs=6 2 - 0.294118 refs=15SHEEP , refs=31(-8.79631) 0 - 0.0645161 refs=2 1 - 0 refs=0 2 - 0.387097 refs=12S
ore --------------------------------------------------mas
_
orre
t = 585fem_
orre
t = 84total list hits (
orre
t or not) = 1680((mas
_
orre
t + fem_
orre
t) / total list hits) = 0.398214



GENDER STATISTICS FROM ENGLISH TEXT 10Synta
ti
 Hobbs AlgorithmTotal number of ti
ks: 329652size of pairing 
lass 0: 29477size of pairing 
lass 1: 5413size of pairing 
lass 2: 36303total di
tionary is 59267 wordsnull referen
es was 75072total for 
ategory 0 is 92590prob of 0 is 0.363697total for 
ategory 1 is 10439prob of 1 is 0.0410048total for 
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