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1 INTRODUCTION 

The mathematical and computational tools available for the study of word fre
quency distributions have become increasingly powerful since Zipf published his 
seminal studies some 60 years ago (Zipf 1935, 1949). The first frequency counts 
were obtained manually, either by going through a text and filing new words 
and updating the frequencies of words already encountered on slips of paper, 
or by going through (manually compiled) concordances. The first statistician 
to study word frequency distributions, G. U. Yule, obtained the data for his 
book on ''The statistical study of literary vocabulary'' (Yule, 1944) in this way. 
The first frequency dictionary of Dutch, ''De meest voorkon1ende woorden en 
woordcombinaties in het Nederlandsch'', was similarly compiled manually by 
De la Court in 1937. 

The first frequency list of Dutch obtained by means of a computer was com
piled at the Mathematical Centre in 1965 by van Berckel, Brandt Corstius, 
Mokken, and van Wijngaarden. By 1967, Kucera and Francis had compiled 
a corpus of one million wordforms for English, and had published frequency 
counts and analyses in their famous ''Computational Analysis of present-day 
American English'' (Kucera and Francis, 1967). This prompted the construc
tion of a slightly smaller corpus (727000 wordforms) of similar design for Dutch 
by the 'Werkgroep Frequentie-Onderzoek Nederlands', leading to the publica
tion of ''Woordfrequenties in geschreven en gesproken Nederlands'' (Uit den 
Boogaart, 1975) and ''Spreektaal. Woordfrequenties in Gesproken Nederlands'' 
( de Jong, 1979). The most recent frequency information for Dutch is avail
able in the CELEX lexical database (Burnage 1990), which can be queried 
on-line in the Netherlands, and of which a version on CD-ROM is also avail
able (Baayen, Piepenbrock and van Rijn, 1993). The frequency counts in the 
CELEX database, which also contains information on spelling, phonology, mor
phological structure and syntactic features, are based on a corpus of 42 million 
wordforms compiled by the Institute for Dutch Lexicology in Leiden. 

The transition from printed frequency lists based on relatively small corpora 
to on-line lexical databases based on corpora of tens of millions of words is 
accompanied by an ever increasing body of texts available in electronic form. 
Some collections of texts are made accessible via sophisticated software that 
enables users to search for words or word collocations. Typically, the matches 
found are presented with some preceding and following context. 
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For Dutch, the Institute for Dutch Lexicology (INL) has recently made a 
corpus of 5 million wordforms available for such 011-line queries. Similarly, a 
Dutch newspaper, 'de Volkskrant', is now available on CD-ROM. The software 
facilitating access to 'De Volkskrant' and to the INL on-line corpus has as a 
serious drawback that the user is der1ied access to the texts themselves. Access 
to the full text, however, is especially critical for the question addressed in this 
study, namely the randomness assumption underlying all presently available 
statistical models for word frequency distributions. 

Word frequency n1odels build on the fu11damental assumption that word to
kens occur randomly in texts. It is clear that for natural language this assump
tion is too strong. The syntax of natural languages imposes severe constraints 
on where words can occur. For instance, following the Dutch determiner de, 
adjectives and nouns, but not verbs, are allowed ( de lamp, de Jelle lamp, * de 
schijnt). Similarly, semantic constraints and principles of discourse organiza
tion may severely limit the way in which words occur in texts. This raises 
the question to what extent the predictions of theoretical models can be relied 
on, especially since it is known that the interpolated vocabulary size tends to 
seriously overestimate the observed vocabulary size (Brunet 1978, Hubert and 
Labbe 1988, Labbe and Hubert 1993). The aim of this paper is to trace the 
source of this overestin1ation, and to evaluate its consequences for the applica
tion of word frequency models in lexical statistics. 

To do so, we need access to complete texts in electronic form. Fortunately, 
collections of raw electronic texts without limiting software-guided access are 
available by anonymous ftp. The Oxford Text Archive, at black.ox.ac.uk, the 
Gutenberg Project at mrcnext.cso.uiuc.edu, and the Online Book Initiative at 
obi.std.com have brought together large numbers of electronic texts, most of 
which are in English, ranging from election speeches by Clinton to electronic 
Startrek novels, and from Milton's 'Paradise Lost' to the Book of Mormon. 
From the Project Gutenberg, I obtained an electronic copy of Alice in Won
derland, by Lewis Carroll, and a copy of Moby Dick, by Herman Melville. 1 The 
Online Book Initiative has recently made available the first complete text of 
a Dutch novel to come to my attention, Max Havelaar by Multatuli, which I 
have also included in my analyses. 

My discussion is structured as follows. In section 2, I introduce some basic 
expressions for the expectation and variance of the vocabulary size VN as a 
function of the number of word occurrences N in the sample, and of the fre
quency spectrum, the number of different word types VN(m) with frequency 
m, again as a function of N. In section 3, the randomness assumption is tested 
by studying the development of the vocabulary in the three texts mentioned 
above. For each of these texts, it is shown that the observed and expected 
values diverge significantly for a large range of values of N. The goal of sec
tion 4 is to trace the source of this misfit, which may arise due to syntactic and 

1The header of the electronic version of Melville's Moby Dick requires that I mention that 
this version was prepared by E. F. Tray at the University of Colorado, Boulder, on the basis 
of the Hendricks House Edition. 
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semantic constraints operating at the sentence level, to lexical specialization 
(Brunet 1978, Hubert and Labbe 1988), or to the discourse organizatio11 of the 
text. I will show that it is the way in which discourse is developed over time 
that gives rise to the misfit. The consequences of these findings are discussed 
in section 5. 

2 WORD FREQUENCY MODELS 

A text can be viewed as an ordered sequence of occurrences ( or tokens) of words 

Usually, th,~ number V of distinct words, the so-called word types, in the ob
served vocabulary 

( A 1 , A 2, A3, .. · , AV) 

is much smaller than the sample size N, due to the repeated occurrence of 
many word types. Let f N (Ai) denote the frequency with which word type 
Ai occurs in a sample of size N. Expressions for the numbers of different 
word types occurring for arbitrary sample sizes, as well as expressions for the 
numbers of different word types occurring with some specified frequency at a 
given sample size have been available since Good (1953), Kalinin (1965), and 
Good and Toulmin (1976) (see Chitashvili and Baayen (1993) for a review of 
word frequency models). In this section I introduce the expressions required for 
studying in what way the randomness assumption is violated in written texts. 

Let f N(Ai) == m denote the event that word type Ai occurs with frequency 
m in a sample of N tokens. The expected total number of such word types, 
E[VN(m)], is given by 

• 
i 

• 
1, 

N 
m 

(1) 

Note that the assumption that f N(Ai) is bin(N,p(Ai)) distributed implies that 
the tokens of Ai occur randomly in the text. The expected overall number of 
different types in the sample, irrespective of their frequency, follows immedi
ately: 

m>l -
N 
m 

m>l i -
(2) 

• 
i 
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for large JV and small p, binomial prol)al)ilit.ies c~a11 bf~ approximated l)y 
Poisson probabilities, leading t.o t,l1e sirn1>lified expressio11s 

-- (A(Ai)JV)rrt - '(.A.) N 
_____ {: A i'lt l 

;._.,. rri ! 
E(V:v{1n)] 

--
(1 _ e-.\(Ai)1V ). (3) 

Conditional on a given freque11cy spectrur11 ( Vv ( rri.), ·n1, == l, 2, ... ) , t.l1e vol~alJ
ulary size E[VA1] for sa111ple size 1\ll < N eqt1als 

;.__ 

(l _ e->.(.4i)J\.1) 

i=l 

(4) 

Note that ( 4) suggests that, u11der randorr111ess, and conditio11al on the words 
appearir1g in the first ,;v tokens, f Af (Ai) can alterr1atively be viev..red as a bino
mially distributed random variable with paran1eters lvf /N and f N(Ai). 

The Poisso11 approxi111ation is especiallj" useful for ol)taining expressions for 
• covariances: 

s s 

i=l j=l 

• • 

i J 

i =f. j 

brnkE[VN(m)] - E[VN (m)]E[v~rv (k)] 

• • m! k! 
i J 

(A(A..:)21V)rri+k m, + k 1 
.. --e-2A(Ai)1V + 

. (ni + k)! 771, 2rrt+k 
l 

brnkE[VN(m)] - E[VN(m)]E[VN(k)] 
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(5) 

Let S denote the number of different word types in the population fron1 which 
a given text is sampled. Since E[VN] ==- S - E[VN(O)], 

(6) 

3 TESTING THE RANDOMNESS ASSUMPTION 

The left hand panels of Figure 1 show the characteristic divergence between the 
observed and expected vocabulary size measured at 40 equally spaced intervals 
for Lewis Carroll's Alice in Wonderland (top), Herman Melville's Moby Dick 
(middle), and Multatuli's Max Havelaar (bottom). The type definition used 
here is a very simple one in which distinct strings represent different types. 
No morphological preprocessing has been applied. Hence house and houses 
are counted as two different types. The expected vocabulary size E[VM] was 
obtained using ( 4), for each novel conditioning on the frequency spectrun1 of 
the corn plete text. 

Note that for all three novels the difference between the expected and ob
served vocabulary size tends to be substantial for a large range of' values of M 
(M < N). In the case of Alice in Wonderland, the expected vocabulary size 
exceeds the observed vocabulary size for the full range of values of M. For 
Moby Dick and Max Havelaar, this divergence is reversed for large M, where 
the expected vocabulary size is smaller than the observed vocabulary size. For 
the first 20 measurement points, (6) can be used to estimate the variance of 
VN, so that standardized scores Z == (VN - E[VN])/ VAR[VN] can be ob
tained. Measurement points for which IZ[ > 1.96 have been highlighted. For 
the three novels studied here, all Z-scores obtained, except for one text size in 
Multatuli's Max Havelaar, are smaller than -1.96, suggesting informally that 
the divergence between the observed and expected growth curves is significant 
for at least the first half of the text. 

4 TRACING THE SOURCE OF THE MISFIT 

We have seen that the predictions derived from the basic model for word fre
quency distributions, essentially a simple urn model ( without replacement), 
diverge substantially from the empirical intermediate vocabulary sizes. In
stead of rejecting the model as unfit for the study of actual language data, it is 
useful to study the source of the misfit in some more detail, as this may shed 
some light on the conditions under which the model might remain valid. 

There are three possible sources for the divergence between the empirical 
and expected vocabulary growth curves. Syntactic and semantic constraints 
at the level of the sentence are in conflict with the randomness assumption. 
These constraints might give rise to the observed misfit. Alternatively, it has 
been claimed that lexical specialization is at issue here. If the use of specialized 
words is restricted to particular text fragn1ents, as it often appears to be, the 
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FIGlJRE 1. Tl1e size of tl1e diverge11ce l)etweer1 tht:~ en1pir·ic~al an(i <:~xpect,ed 
voc~abulary size r:[i11v1] - \t'"l\,1 for 4(} equitlly spat~e<l 11·1eas11re111er1t, poi11t,s for L. 
Carroll 1s Alice in vVorider~larz,d, fl. ~1elville's Jvf oby Dit'.:k, and rvtult,at,t1li's Afax 
H at,elaar ( left c~olu11111), and tl:1e size of tl1is differenc_'.e for a versic>11 of tt1e 11<:>vel i11 
whicl1 the order of t,he ser1t,erlc~es b11t riot t,l1e orcler of the wor<-is in t.he senter1c~es 
was ra11do111ized ( right colt1r1111). Signific:1111t differ<:111ces have beer1 highligl1ted. 

11neven, clustered t)c~curre11ce of t,l1e toke11s of these t,ypes 1t1ity t1r1derlie the 
1nisfit. Finally, it, n1ight be the case t.hat, tl1e disco,1rse organizatio11 of tl1e 
t,ext induces a non-randon1 developn1e11t c>f tl1e voc::abulary. I ,\rill explore tl1ese 
po.ssibilities i11 tur11. 

4.1 Syntactic a11,d semantic constrai:r2ts 

In order to trace the possible role of sy11t,actic and se1r1a11tic~ constrai11ts, I r11ade 
artificial versions of t,}1e three r1ovels ir1 v~rl1it~h the order of tl1e se11t,e11ces ,va..c:; 
ra11do111ized, wl1ile keeping the order of tl1e words in the sent.ences t1r1char1ge(i. 
Table 1 s11r11111arizes for eacl1 text. tl1e n11n·1ber of tokens N, tl1e 11un1ber of types 
V, tl1e 11u1r1ber of se11t,ences s and tl1e 1nea11 ser1tence length ·n1sl. Tl1e rnear1 
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-------·--------· .. _,.,,., __ ,. .. _, .. , . .-............ ,.,,_.,;,,,, ... ,_, -----·'"'·" ____ ....,_~ ,.,,,.,,,,, ______ ,.... _,_, __ ,... ___ , ___ , __ 
11ovt~l 1V \l" s ;risl ---::-:----"':"":"""------··-........ -, ... _________ , ,, ________ ,_.,,,,,,.,, __________ _ 
(;arroll 26611 26!)5 2:323 1.1."'15 
l\felville 21:3756 16741 16:3{)7 1:3.11 
Nlult,:1.t,11li 99819 l l 12ti 6791 14.($~) 

TABI .. E 1. N urr1ber tlf t,,:lkens 1.1\f, 11u1r1bt1ir c,f t,j,rpes \,1
', 11u111l>t1r <)f se11t,e11c~t~s .s a11d 

r11ea11 Sf~11t.e11t~e lt~t1gt,l1 i1i.<.Jl for L(~\\1is (;rirroll's .. 4li(_'"e i1i ii,,<,rtdt•1~la12d, l-ler1ni:i11 
1\i·lelville,s .MlJby Di<~k, and !\,·fl1ltiat,11li's ,\,fax llavt?l£1tir~. 

s.ent,er1ce le11gtl1 ranges bet.wet~r1 11 ar1<i 15 \.VC>rds 1")er se1·1ten<~t~. GivE.~11 t,hest~ far 
fron1 trivially sn1all 1r1ea11 ser1t.e11(_~e l(~11gt.l·1s, syr1ta(~ti<· a11ci st~rna11t.ic: c~or1st.rai11ts 
at the se11t <~11ce lt.~vel (~ar1r1ot. but, l:>e <)()erat,ivt~. If tl1eir 1>rese11ce i11<it1<~es tl1e 
111isfiti between the observf~d a11d expe<:"t.t~d voc~abl1lary size, t,he rat1cl<)Il1izecl 
versio11s of tl1E:') 11ovels should sho,v a si1r1ilar I>atter11 a..5 fot111d in t,he lt~ft l1a11<l 
pane ls of Figure 1. 

The right ha11<.i pan(~ls of Fig1.1re 1 I)lot, tht:~ res11lt,s ol)taine<l. For t-tll r1ovels, 
tl1e diverger1ce between tl1e oi)serveci arid t~xpect,ed \rocab11la,ry sizes is st1bst.ar1-
tially reduc~ed. For all r11(~ac;;urt~r11t:1:11t, J>oi11ts, the Z-sc_·<>re dicl r1ot rt~ac~l1 sig11ifi
cance (IZI < 1.96). Moreov·er, tl1e directior1 (lf tl1e difft1re11ce appears t,f) vary 
randon1ly, yieldi11g largely 11egative sc;clres for .. 4lice in, 1'Voriderland, ger1erally 
positive s<~ores for .Nfoby Dick, and bot,h negati"'e arid p(lsitive scores for Af ax 
Havelaar. These res11lts shc>w t.hat S)'Ittact.ic a1·1d se111ar1t,ic <-".'onst.rair1ts at tl1e 
se11tence level ca11 be r11led Ollt a..5 fact.ors responsible fc>r t;l1e lack of goodness
of-fit,. 

4. 2 Lexical spel:ialization 

It has been argued t,l1at lexic~al SJ)ecializatio11 is t.o l)t~ held responsible for this 
lack of good11es..,;;;-of-fit (Brur1et 1978, Lal)be and Ht1bert, 1993). Tl1e argu1nent 
is based 011 the observat,illr1 that t,l1e c~urve of v~v often reflects differences be
tween texts wher1 texts of differer1t, at1tl1ors, or eve11 different t,exts of t,he same 
author are studied joi11tly. To illust,rate this sin1ple observat,ion, I concatenated 
Carroll's .. 4.lice in W onderlar1d, Ba11r11 's Tht: Wizard of Oz, a t~olle(~tio11 of elec
tion speeches by· Clinton., and Barrie's Peter Pari.2 Tl1e ollserved ancl predict.ed 
vocabulary growth curves are sl1own i11 Figure 2. A marked disco11tinuity in the 
growth curve car1 be olJserved at t.l1e seco11<i vert;ical line, wl1ere t.he l)fficialese 
of Clinton's electio11 speeches succeecls .. 4lice in vVonderland and The Worider
ful Wizard of Oz. The specialized, co11cer1trated llSe of officialese i11 t,he third 
partitio11 of t.l1is art,ific~ial t,ext gives rise to botl1 substantial <1t1antit,ative as well 
as qualit.ative differences betweer1 the <>hserveci arid expected growth curves. 

In tl1is example, it is evident t,hc:1t t,he texts have not beer1 san1pled from the 
san1e population. Differer1t autl1ors will ger1erally tend to use different, sets of 
words. In addition, preser1t-da)r offi(~ialese ca11 hardly be con1pared wit.}1 books 

2The last three texts were obtained frc>n1 the Project Gutenberg, the 011line Book Initia
tive, and the Oxford Text Archive, respectively. 
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FIGl,TRE 2. E111piric-,al ( solid line) a11d expect.eel ( dcJt t,ed li11e) gr()Wt,l1 ("urves fc)r 
t.he c·oncater1ated texts of L. Ciu-1·c)ll 's ~4lic~e: irt iv•o,,1,<ler·lari<l~ L. F. Ba11111 's The 
Wonderful l·t'izarci of Oz, electior1 spt~~<~hes by B. Cli11t,or1, ,111d J. rvt. Barrie's 
Pete1"' Pari, for 160 n1eas1,1rerl1ent poi11ts. Dott.(~(i vt~rt.ic,11 li11es i11dicate tl,te 
transitio1·1 pcli11t.s bet.wee11 t,exts. 

writ.t,e11 for c:l1ildrer1 more tl1ar1 70 years iigc>. Tl1e sul)st,a11tial 111isfit, (~ornes as 
no surprise. \Vithir1 a si11gle 'Ilovel, tl1(l E~ffe<~ts of lexi<~al specializaticln will not 
be as ext,rerne. At first sigl1t, t,l1ere <tre t,wo way"s i11 \\7l1ic~l1 lexic:al specializatio11 
might violate the rar1domr1ess assun1pt.io11. It, n1ight l)e t.l1at; lc~xit~al special
izatio11 is cl1aracteristic of cert,a.i11 part.s of t,r1e t.(:~xt, but riot for otl1ers., as in 
the above artificial exa111ple. Alt.er11atively, lexi(~al specializat.ior1., altl1ol1gh uni
forn1ly distributed i11 t.l1e t,ext, n1ight a..~ s11t~l1 give rise tc) t.l1e 11·1isfit betwee11 
t.he observed a11d expected vocabulary size. If lexical spec~ializaticlil leads to 
local co11cer1tratillll oft.he t;oker1s of a specialized t,yJ)e, tl1is loci1,l c·o11centratio11 
n1igl1t in1ply that within the releva11t. text sli<~e toke11s that would ot.l1erwise 
have been free t,o represent additioniil 11011-spec.-ialized ty~pes are 110w allocated 
to one specialized type. For text, slic~es wit,h spet~ialized words, t.l1is would rest1lt 
ir1 a lower expected valt1e for t.he vocabular)"" size. 
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Tl1is icit~a l1t\S. l>•t~r1 fc>rtll<l.liz(;~i l:>v II ul>t~rt. a11«:l 111\l>r>i• ( l ~)88) ~i11<i l..1i1l>t>·,' a11<i 
fW ~ /! 

I-Iul>ert, (1993), who preser1t t,ht~ fcllic>wir1g r11c)<iifi<::at .. i<.,11 t)f (4'): 

(7) 

Tl) ol>t,air1 ( 7), ll...~s11111t~ t.l1i1,t, till t,(>k(~Ils <lf (t SJ.>E·<·i:i.l izt1<·i w·<_)r<.l <)< .. c~11r _j<>irit lj· ir1 a 
J>art. ic~ular fraig111E~r1t <>f t lie t.,~xt,. A lsc) 2:i..~s t1111 t1 t, l1i1.t ,1 J>f() J:)()rt. ic.>Il 1,> ()f itll '11

',!\I t)'"I>t~s 
i11 t,he t<~xt. er1joy sptl,<_·ializf~<:l ust~" ar1<l t lltlt. t.l1is SJ>E:~~iii.lizi\t.i<)Il ttfft::.<~t.s t hE1 s,1111e 

J)fOf><>rtit)Il p (:)f t.ht:~ lt!iv ( 11,) t.yJ><As f()r ,ill 1r1.. Fir1ally, ar;;;st1111t" t.l11tt. t.llt" <·l1u11ks 
c>f tokens of tl1e spt~c-,ializt~d v.rord t.yJ.>E:is (.5,, i -, l, 2~ ... 'lJ»\/rN) ;1pr>ett1· rt\r1clc,»n11y 
<iistril>ut,ed ov"er tht~ tt~xt,. lf so,, 

i=l 

For/{ rr1e.:~ure111ent poi11t.s (1,1[k,1a~ ...... 1,2~···,K,i\fk < 1V), Lal>t)t~ lt1·1d Iful)f~rt 
( 1993) det.errnine p by r11ini1nizi11g t lie l'l1i-s<1u,irE:1,-d st:it.ist.i(: 

K ( l,r~l\cf ,k - E [ v'.~r ,k]) 2 

E[v7

t\f,k] 
(9) 

conve11iently igr1oring that tl1e \'ttriar1t:t~ of E[\,,rM,k] i11t~rea..5es with ~i\,:f. 111 tl1is 
'\\l'ay, 111ucl1 in11>rO\'ed a11d ofte11 ex("elle11t fits ca11 be ol)tain(~d. f<lr i11st,ar1t~(3 , for 
Alice iri lit' oriderland, t.l1e opt.i111c\l value of p fc>r J\~ -· 40 t,.c1t1als 0.16, a11ci tl.lt~ 
fit obtained is a pe1·fect s111oclt,l1ed c~urvl~ t.l1rougl1 t,l1e (>t>St:~rvt•d valt1es {)f \.)·;\.f .k 

( xf 39) = 3.58, p > 0.05). Thest~ res11lts ,vc>ulci s,1ggest t,hitt, lexic:111 s1><:.cializati<Jr1 
as sucl1 viol,1,t,es the ra11do1r111ess as.sun1pt.i<>11 1111d giv~es ri.se t.o t,l1e discrepar1c;y 
bet\\reen t,he c)bserved and expec~t.ed \lOC~,tbulary growt.11 c~11rves. lT11f<)rtu11(tt,ely, 
sorne of the asst1111ptic>11s underl:y·i11g (7) ~ire c1t1est,ic)n.:1t)le. 

First, for the 111ajority of texts, the r111111l>e1· of so-called haJ)a..x lego1,r1er1a, 
½v ( 1), acc~ounts for rougl1ly l1alf tl1e 1111rr1l>t~r c)f t:;1 i>es \:'~v. Ha1)axes, l)y virt tie 

of Ot'curring 011c:e or1ly, ca111·1ot. enjt)y spet;ialized use, if t.l1e <)perat.ior1alizitt,ior1 
of lexical specializatior1 ir1 t,er111s of t.l1e bt1r1tiled t)t"C~t1rrt:~Il{;e of ctll the t.oke11s 
of a gi\ren type i11 a particular seg111er1t, of tl1e t,t~xt, is r1c>t t,o l)e t,rivializecl. 
Sec.~or1d, if text slices in which specialized \Vt)rds ocf:ur <tre c~l1aract.erize(l by a 
defic~it in the nt1r11ber of ty~pes., tl1ere sl1oulci also be tt~xt slic~l~s witl1 a sur1·ll11s 
of tyrpes ---- t.l1e suc~cessi ve iil(~rer11ents in t,l1e \'(){~iibulary size Sll.111 llp to v·:v for 
both tl1e expt~ctt~d and t.he observeti c~t1ur1t,s. If t.}1e t.ext slices witl1 a surJ)lus 
of types also occur ra11don1lj' in t,l1e text, it 111ay wt~ll l>f1 tl1at. t.l1t~ effec-:t,s c)f 
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l . l . 1· . l l I i ff. f l . l . ·1 If' •1 •-..,• >'1 _'); 'ii ,_ if • N. :. •~ ""I!,>; ,,~ , \t~ * • ''l- '• • • r ,,, , :,; -. "''! • . •'.U ji>, 'II, '"'it ' ;,•~*~'ij ' •-l! • f .. Xl(.cl SJ)( .. ( la lZclt.1()11 ar< ( (J\Jiltt,r ),et <lll<. e< >} f ('"( t.s () . (.Xl{ a fl(. 1r1ess. . S<), 

r1c> <iis(~rt~I.Jllil< .. y l>E::r.t,w,~e11 t,h«r:x·>ry a11<.I <>l:i&'I'\•at i<)Il slt<>tll(l iiriSE~. 1'l1ir<I, c)l>.~<~rve 
tl1at, i11 f~ig11r·(:~ l ~:1i/~i\1l -- i,,.·,\·t t.~~nc.ls t<> l)E' 11t~gi\t.iv~t~ f()f l11rgt.1 1\f i11 t.l1e Il<)vt~ls l.>)' 
l\:f t~lv·i 11<:~ a11ci 1\:1 t1l tat1.1li. A l)J>licat, itlil l>l. ( 7) 1t11<i ( i)) slt<)\\'S t.rtf\.t. t·(>r 1\I ,1l»y IJ,,~k 
t.l1t.~ <)J·>t,i111,1,] c~l1<.">i('E:) f<:>r I ... rtl>l)(~ 11r1ci l .. lt.1l.►t1 1·t 's 1>,1.r,1111<'\t.f'r 1', ().12, <.i(lf~s 11c:,t. _yit~l<l a11 

ac~<:E'I>t<ll}lt·) fit (\f:~11 , :.::::: 162.79,J) <: ().()()1), ,·ttl<l tllt'?•si-.111(~ ltt>lds f()f ,\,f(t;r lll1t1e·l,1,11·, 

xf:i~)) . 92.58~ ,, < (_).(.Xl l f(:)r tl1t:i. I .. ,1.l:>l)e a11(-l l-l11l)('ft [)!l,fftlklt~t.t·~r 1' :::.: (,).1(). If t.ll(' 

Ill()(iific .. t\t,i()!'l ()f ( ,1 :) f)f()l)()S€'(l l>y r ... ,ll)l)t' ,l.ll<l II 111·,('rt (: 1 ~)fl~l) is lllk~ c:lllj' \l'ctli<lity· 
at all, t liis vali<li ty is f(~St,ri<:tie(l t,() t{~Xt,s \\ri t,}1 t. l1e:·· <:lt:.\rt~l(>J)lll(l>Iltal ~)f()filE1 (:)f ~4 li(~t? 
ir, iv()tide1··lt1,r1d ()l'llyr. Tt~XtS wit,tl sk{~~·e(j l)f(>fil<~S suc·l1 l:iS <:>l>servwl~(1 f<>r .\r[oby 
Dic~k (tllli !vlax I·Iit\rE!laar ('::i11r1ot b€i it:rlttlyzt:~c.l i11 tl1is v.,~a,:. \V<:~ Illtt1iY <~C)Il('lt1<:lt~ t.hc1.t - ~ . 
if lexic:·al spe<:-ializat,io11 is t,o leacl t() ,ric)l(ttillit ()f tl:1•~ riir1<l<:>11·111t~ss asst1r111>ti()ll, 
SJ)ec~ializt}cl t.}"t>es sl1<>t1ld 11ot, l.>e r,ir1,lc:,111ly <iist,r·ibt1t,t::cl ir1 tltf~ t,t:xt,. 

I IS) D' #..., 
.tf. ,"> i,scoiirse i.'JtructtLtc' 

'"fo test. for JJossi l)l<~ efft~·ts (>t· lexic·::i,l sr>ec~iiilizat.i<>n a.~ a t·11r·1c·t.ic)11 <)f t.}1{~ clis<~<)ltrst~ 
st.r,1<~ture of· tl1t':~ t.t~xt, we 11et·<l a fortll<il <·lt\fi11it.i<)ll t1f lt~xi<"-t\l SJ)E:~<~ializ,ttit)Jl. (iiv,~rt 
t,l1t"' ir1t. t1i t, i ve id t;)ii t, l1,l t, lexical s I>ec~ict.liz11t. i<) 11 i111 l) li("S a sigr1 ifi <~<t11t, C'.<)r1c-:<~r1t. ratio r1 

i11 tht~ occurre11c·es ot· a wc)rci, wt~ c·i111 (lefine lf)xic·11l spe(~irtlizati()Il i11 ti~r111s c:.>f. 
u11derclispersior1. If ii t,ext is di\'i<ied ir1t,c) K t,ext. slic~es, t.l1e dispt~rsior1 d.i of 
wc>r<i Ai is defit1f~(i as thE~ 11u111t><: .. r c:>f text. sli<~(~s ir1 whic~}1 tl1is \V()r<l c><~c~t.1rs. 
If cl W()rcl 's dispersic>rl is sr11<:tller t.l1ar1 t~xpectt:~d t1r1<ier c~ha11ce c~or1ditio11s, it is 
underdisJ)ersecl. To t.f.~st, wl1t~tl1t')r• r1i is sig11ific~ii11tl)" t1r1<ierdispersecl, t,he t,t~st. 
st,at,istic~ 

<li - E[<ii] 

VAR[<li] 
(10) 

can be 11sed. Si11{~e we l1ave no reaso11 to stlp(>t)se tl1ctt o\rerdispt:~rsi<)Il oc:<~urs, 
we 1nay assu111e tl1at, .. 4i is sig11ifi<:~ar1tly u11clerdisJ)t~rs€1ci ltt t,l1e 5o/ci lE?vel wl1er1 
Z ·1 64:: i < - . ;). 

Expressior1s for E[di] tt11cl VAR[di] ca11 be obt,a.i11t~d usir1g <>C~C;llJ>a11cy the<:>ry 
(Jol1nson and K<ltz 1977: 113-114). Lt~t, ..,X der1c.)t€~ the 1111111ber of t,(~xt slices 
unoccupiecl lly a toker1 c)f \\rord .. 4, wit,11 frec:1t1e11cy f 1v (Ai). On partit,ior1i11g a 
text, i11to K slic·es, we (;a11 exprt~ss ..,\'" as t,l1e s111·11 of tl1t'\ individutl.l t1no<~CUJ)ied 
slices: 

with 

K 

k=l 

0 if Ai. appears i11 tl1e k th text slic:e, 
1 otl1erwise. 

(11) 

(12) 

The nu1r1ber of text slic~es occt1pied l>y at. leiist or1e t<)ker1 of .. 4i equals <ii 
I<- ... X. Sin(~e Pr{"'X'k = 1) = (1-pk)/N(Ai), wit,h p;.~ tl1e probability of assigr1ing 
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a word token to the kth text slice, we find that 

K 

E[di] E[K Xk] 
k=l 

K 

K E[Xk] 
k=l 

K 

K (1 Pk)f N(Ai). (13) 
k=l 

When a given word token is equally likely to be assigned to any of the text 
slices, (13) reduces to 

E[di] = K(l - (1 - - (14) 

After allotting N word tokens to K equiprobable text slices, each text slice will 
contain on average N / K word tokens. This allows us to use ( 14) to estimate 
the expected dispersion of all types Ai for the 40 equally large text slices of 
Alice in Wonderland, Moby Dick, and Max Havelaar. 

The variance of di is obtained as follows. 

VAR[X] 

k n <m 

k 

+2 (15) 
n<m 

As Xf is nonzero only when Xk = I, E[Xl] = E[Xk]. Similarly, we have that 
E[XnXm] = 1 iff Xn = Xm = 1, and hence 

This leads directly to 

K 

VAR[X] 
k=l 

+2 
n<m 

Pr(XnXm = 1) 

Pr({Xn = 1} n {Xm = l}) 
(1 - Pn - Pm)fN(Ai) · 
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t,{) 

( 18) 

F <.>r t~t1,c·l1 <l t· t ltt~ "'1() t t'X t. sl i<.~(~S <:>f. ,t li<·t.' i 11. li"' ,111,it' 1·lc111 ,l, Ji! (>(J y J:)ic·k~,, :trtcl J.\.1 c1,1· 

Hcl'tlt:'l,icir·, I <:·,:tl(·11l<1t.t~c_l t,llt? 11t1r11l>,:~1· <>f sigr1ifi(·"tr1tly \lJt(it:r<iist.>f~rs<:•<l \\f'(>r<ls. 'I<) 
stutiy tl1e rel;tt,i<)Il h<~~twt"t~11 tl.lt' grc>\,·tl1 <:if tl1<~ V<)<'li.t,t1l<i.r·y ii11<l t.l1(• ,t1r1<.>t1r1t .. t)f 

1.111cler(iisJ)('.:lrsic)11, it, is t1s<~f·t1l t(:> <~<:1111p,t.t'E~~ f<:>r eit,<.·11 Hu<·c·<1ssi\•t1 t.t'xt sli<•(:1
, t.l1t· ittflt1x 

()f r1ew t.y1>(~ witl1 the ir1flt1x ()f llf~W Uil<.lt~r(lisr>t"rS<J<l t,)rI)t~S. I11 ()t·clt:1r t.(} ('.(")Illl)c'\f{:' 

<)l>servecl \\·it.l1 er111)iric·al v,tlt1t~s, it, is c~<)r1ve11i<:1::11t, t,<.l ir1t,rc)<lt1c·,~· twcl cliff<\rf~t1<·t~ 
fu11ctions. Let Di, ( k) <ier1<>tf~ t,l1t~ <lifff,r(~11c:f\ l>fi1 t,Wt'"<'Il t,l1f~ E·x1>ec·t,('<l ,tr1<i c)l)st~t·v~Pcl 
r1urr1l)er of 11ew t,ypf~s i11 t,f~xt sli<.~e k ~ 

(20) 

with [l,\1.k tl1e 11t1111ber (lf u11<it~1·ciis1.>e1·sed typE:~s ir.1 t,llE:~ 1,;,.tt, t.ext slic~t),, c:l(~Il<lt,t::- tl1e 
cliffert.~llC(~ bet.w{~eil tt1(1 obs(~rvrecl 311(1 t~Xl)("1('t,t~(l llUIIll)('I"S ()f. Il{~W lliltlt~1·c!isJ)t~fS(~(i 

types ir1 tt~xt slic·t~ A~. f_,igt1r(~ 3 plot8 l)\.,(k~} {,s111}1ll dc>t.s) ar1cl D11(k) (lc11·g<), (i<)ts) 
and t.l1t: <~<)rres1)c)I1(1i11g s111(-)t1t,l1c:-<l <~urves t1si11g rt11111ir1g r11t~cliar1s ("I~l1kt~y, 1977) 
fo1· 011r t.l1r<.~~ text,s. 111 etic·l1 <~<1s,~~ wt'\ fir1<:l t.ltttt t,11<• t\vo c·11rv(~s t,<:-i.11(1 tcl l)<~ t:~a<·l1 . 

ot,l1er 's r11irrt)r i111a,g!~s. Es1)e(~iall)r for t l1E\ first, 7 111<~11st11~<~lllf~t1t J)<>i11t.s, 1),,, (A~) 
t,e11(is t,o be litrge ;111ci Dlt ( k~) s111all. 111 ot,l1t~r wor<·ls, i11 tl1(~ i11it,ic1l pctrts {)f t,ll(~se 
1·1<)vels, bot,l1 11ew tyJles arid sig11ific:antly 11r1tit~r(lis1:>e1·st•ci t,yI.lE~s ar<~ S< .. arc'.t". 111 
lat,t~r pa1·ts <)f t,l1e 110,,t:ls, tl1e1·e is a t.E~ntlE~r1c·y ft)r t,l1<l <~xpec·t.e<l ir1c'.rt~•asE.~ ir1 voc·ctl)-
11lary to sligl1tly· 1111deresti11·1at,e tl1e e1111)iri<~c1l ir1c·rt:~as<:~, <.til(l it: is l1t~1·e tl1il:t tJl1e 
err1pirical nt1111l)ers c)f u11clertiisperst~d W('.)I'cls ar{~ sligl1t.ly l1igl1er t,l1a11 c:~xpec·t,t~cl. 

This patter11 of results s11ggest.s t,l1at lexic~al spt1,,c·ializat.ior1, dt::i.fi11t:~ci ir1 t(~r111s <.lf 
signific~ant. u11dt~rdispersic>1·1., is r1c>t, 1·<tr1<lor11ly <iistril>utecl i11 t.l1e t,t:xt.~ a11cl tl1t1t. 
it is the sc~arc~it.y· of sigr1ificar1t 1.111dt'lrdisJ.)e1·si<lr1 i11 tl1t:i. i11itial st~gr11er1t.s <)f tl1e 
text, con1bi11t:'"'d "1'it.h a ciefi<~it. i11 t.yJ.)e ric:l11·1(~ss, t,}1i1t. gi\1t~S 1·isc~ t,<> t.hc~ <ii"'(~rg<}IlC~f~ 
betwee11 t,l1e observecl a11li t:~XJ)e(·t,e(i ,r<><:al)t1litry grc)\\tt,h <'llrvt~s. 111 l1ir1<isigl1t,, it 
is obvious t.l1c1t. lexic:al SJ>t~c~ializctt,ic>11 ,111<i vc)c·itbulftr)r ri('.l111(~ss g<) l1<11·1cl i11 t1a11ci. 
Wher1 a pcu-ti<~11lar tc>pic is disc11ssed i11 c:ietail, key \\rortis fc)r t}1at, t.()pic· will l)e 
lised ir1ter1sivelj,r. Tl1ese kt~y "~ords are t.h(~ sigr1ific·,t11t,ly u11(lerciispt~rst~cl \\i'Ords 
of this study (set~ Bac.1yer1, 1994, f<.)r ciet.ailed discussi()n). At. tl1{~ S!11r1e tir11e, 
additio11al voctibular)l' is called upo11, wit,l1<)l1t, wl1i<~l1 tl1e 111a11.;,r fac~et,s of the 
topic that 1nake it \\ITort.h 111er1tior1ir1g c~ol1ltl 11ot, lJe disc.~l1ssed. 

Wl1at we fin<i, t.l1en, is that, the 01·ga11izat,io11 of· t,t'xts at, thl' <iisc;c)ursc~ lt~vel is 
at issue. l11 the initial sec·tions of t.l1e text, t.l1e 1·eacler is int,rodll<~ed gt~r1tly· to 
tl1e fic:tive world of tl1e 11ovel. Here, lctrgt~ 1·1u111b<:~rs of s1)ec:ialized \\'()rds, botl1 
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FIGURE 3. Difference scores Dv(k) (dotted line, small dots) and Du(k) (solid 
line, large dots) for L. Carroll's Alice in Wonderland, H. Melville's Moby Dick, 
and Multatuli's Max Havelaar. 

the hard-worked underdispersed words, as well as the specialized low-frequency 
words their use brings along, are avoided. Once the general topic domain has 
been established, specialized vocabulary is put to use to elaborate more specific 
topics in full. 

5 DISCUSSION 

I have shown that the lack of goodness-of-fit of any probabilistic model for 
word frequency distributions of texts that assumes that words occur randomly 
in texts is due to the way in which texts are structured on the discourse level. 
Syntactic and semantic constraints operating on the sentence level, as well as 
lexical specialization by itself, do not play a significant role. 

This finding has important consequences for the statistical analysis of word 
frequency distributions, as it shows that the theoretical predictions of the urn 
model will be accurate either if the textual materials studied do not have the 
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discourse structure observed for the novels studied here, or if this discourse 
structure is irrelevant to the question at hand. The first possibility arises in 
studies where corpora are investigated. Corpora such as Uit der1 Boogaart 
(1975) and Kucera and Francis (1965) are collections of randomly sampled 
short text fragments of approximately the san1e length. No discourse organi
zation will be present in the sequence of such frag1nents. Hence the 111odel will 
accurately predict the observed vocabt1lary size for M < N. 

The second possibility arises when the n1odel is used to obtain esti1nates of 
population parameters tl1at are relatively independent of discourse organiza
tion. For instance, in studies of vocabulary ricl1ness ( Good and Toulmin 1976, 
Efron and Thisted 1976, Sichel 1986), the number of different word types in an 
author's vocabulary is estimated on the basis of one or more of his texts. If the 
number of different word types an author chooses to use to discuss a particular 
topic dornain is independent of the way in which he structures the text to fa
cilitate comprehension for the reader, then the rhetorical structure of the text 
becomes irrelevant when one's aim is to estin1ate the size of the vocabulary the 
author had at his disposal for discussing this topic don1ain, including the words 
he knew but did not use. 

Sumrning up, the finding that the randomness assumption is violated at 
the level of discourse structure implies tl1at word freque11cy models for ,vhich 
this assumption is crucial can nevertheless be reliably applied in corpus-based 
studies and in studies of lexical richness. 

6 EPILOGUE 

Having come to the er1d of n1y discussion of the randomness assun1ption in 
word frequency statistics, I would like to add a few words on t,l1e occasion of 
Cor Baayen's retirement as scientific director of the Centre for Mathernatics 
and Computer Science. 

As mentioned in the introduction, the first computerized frequency list of' 
Dt1tch was compiled in 1965 at the Matl1ematical Ce11tre, the name of the 
Centre for Mathematics and Computer Science at that time. The director of 
the institute, Aad van Wijngaarden, one of the pioneers of computer science in 
the Netherlands, had a keen interest in language in general, and in lexicology 
and etymology in particular. Not surprisingly, the first study of the Dutch 
language in which the computer was used as a tool for obtaining word frec1uency 
counts and for carrying out morphological analyses to appear in print was a 
Mathematical Centre Tract ( van Berckel et al., 1965). 

Van Wijngaarden's successor as director of the Mathematical Centr~e was Cor 
Baayen. While sharing the same interest in historical linguistics and etymology, 
Cor was well aware of the importance of methods of formal logic as tools for 
the analysis of problems of ambiguity and scope that arise at the level of the 
syntax and semantics of natural language, and he has stimulated research in the 
interdisciplinary domain of language, logic and computer science throughout 
his directorship. 
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Looking back, it is clear that tl1e study of natt1ral lar1guage in t,he Netl1erla11ds 
has profited frorr1 the erudition and br·eadtl1 of visio11 of the l\1at.her11atical 
Centre's last scie11tific directors. It is to be hoped t,hat the ft1t,ure CWI will 
be able to demo11st,rate a si111ila1· breadtl1 of visio11, sti111ulati11g tl1e use of new 
mathe111at,ical techniques not only i11 tl1e sc:ie11ces a11d in er1gi11eeri11g, but also 
in the hurnanities. 
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[lJ ciI:~ 75 J 

[Y11144] 

[Zip35] 

[ZiJ)49] 

\T. !\1. hitli11i11. F~,111<·ti{iI1,1ls I'f 1 (,,att•«l t,) t}1e" J>t,iss(;11 <iist1·il>11tit)tl. 
itr1<l st.;,,.tisti<·.1l st1·11t·t 11r·(• ,,t· it t t•xt. 111 .J. \l. }~'i1tt1ik, (1cli·t(tll.', .·1r··
t l<·lr·:.; <Jrl 1\f t1tltt'itlttfi<·,1l ,.,',f ,it 1,..,f·1, ·,.., ,111,l .f 11 t 1'J1t·<1·r·.l1 ,1f l·'r1>lH1,l1ili iJ/. 
J.>,i.gt,.s 2()2 22{}, i>,.(,\'i<i(•rt<·t•, ltlt<i(lt• Isi.:111<l. l!}(i5. St«~klt1\: [11sti-

f l\1 l . -· \ . :\I l . l -·, . t 111.t .1:, -,", l ,, !,,lit l(')•·t·i •lit 11(" .., ,- •-} ,· i 'tt lr1 ~.-, ' .. f<]lt ··1' ''-1·,t,,. -114·\ S -- ,.,1 ·t· \' 11; .._ {_,, ~' t:, . .. _ 11· ,,., 1 ~ i •.. J, i. 1l1t ( clal ; , .... lt iKtl .. 1( ti, , t}( {. • 
' 

II. K11i•clf",t ;ir1ci \\1
• N. 1:·1·:lil<'is. ( 1ri111;>1tf,iti,,11,1l .'1titil,1J.'!li:-; t>}' 
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