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ABSTRACT

WORD STATISTICS IN THE GENERATION OF

SEMANTIC TOOLS POR INPORMATION SYSTEMS

& crucisl problem in systems tor the storage and retrieval of techaleal
information is the i{nterpretation of words used tu iidex duocuments., Semantic
tools, defined as channals for the communication of word meauings betweeu
technical experts, documient indexeurs, and searchers, provide one method of
dealing with the problem of multiple interpretations. This report shows
how statistical data on the distribution of occurrences of single words or
words or word pairs in the text of a sat of documents can be used in gen-
erating semantic tools, in particular, s indexing vocabulary and relations
among the terwmsé in this vocabulary, An experiment in this area is described,
involving the teating of several new statistical messures and techniques.

Tha results give some insight into the patterns of language usage in tech-

nical literature and suggest directions for future research,
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1. SEMANTIC TOOLS
1.1 Introduction

In many modern information systoms the important topice of
edch document in the system are represcnted by a list of index terms
agsigned to that documant, The index terms are generally natural
lavpuage worda or word phrases, and poople desiring informacion from
docurcents in the system will formulate thely information neod in tormn
of the indexing vocabulary, The system, in rasponse to an information

raquest, will prcsent the scarcher with a set of documente, each of

vhich is associatad with a set of index torms satisfying the secarcher's'

opecification., (Alternatively, tho system could gupply a list of
citatlons and perhaps abstracts for the documonts which fulfill the
searcher's specification.) Most informacio; systems, including
libraries, slso have provision for access to documents through other
attributues, such as author or title, but chis approach will not ba
traated here, It is clear that in the frequent cases where index
terms are the main intermediary botween the documents in a system and
tha users of the system, the usefuiness of ths system as a vhole is
strongly dependent on the index terms,

There are two basic problems in using isolated words or wurd
phrases to denote topice or concepts (ses tha discussion by Phyllis
Relsnar (1965) ). One ls that many concepts can be designated in a
aumber of differant ways by phrasas which are synonyms or nsar sync-
nyms of each other; hence thers is a lot of redundancy in the lan-
guage. The othar is that msny words are ambiguous bscauss thay are
homographs (i.,a., they have multiple unrelated meanings). Evon words

which are not howographs can have ssvaral interpretacions depending

\
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on context, and almost all words hava a hazy boundary region whare
thedr applicablility 1s not agreed upon,

Each expert understande sl uses the vocabulary of his fleld
;v n slightly different way, and indéxerd sre confronted with the
double problem of deciding how an suthor uses the technicel vocabulary
in a document and choosing index terms for that documont which are
consistent with tho indexing of other documents. Similarly, the user's
intorpretation of the words in which ha first phrases a request for
information in sume arva depende on the documents he has previously
road in that area, his background, his srea of specialization, and hin
immediate information requirement. The inftial request, thorefcre,
wmay employ quite a different vocabulary from that of the indexers.

A® a consequence, in order for an infornlcion system to se.ve
its purpose of connecting a user with information he needs, it must
channel different interpretations of words into a mors nearly uniform
interpretation, We have defined & semantic tool as any device which
accomplishas this by giving the indexer or searchsr information abou*
how words are used in the system, Semantic tools are actually a medium
of communication among subject area experts (vho will aid in generating
them), indexers, and users. (See« Figure 1-1.)

The reat of this section of the report will treat sswmantic
tools in soms detail. The second section of the raport will discuse
an approach to generating semantic tools which utilizes etatistical
data derived from docuseat texts. Section 3 will describs an expari-
ment in this area carried out by tha author, snd Saction 4 will be a
discussfon of tha results of this sxperiment., The final section of

the report will contain proposals for further ressarch in this area.
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1.2 Typen of Bamantde Tonle

There are two gencral typer ~f copuunication problems rlat
arise in Laforwation eystems and require semantic tools for their
golution, The first concerns the coumand language; the ueer should
be told how to make requests which are intelligible to the system,
i.9., synctactically correct, The second deals vith the interpreta~
tion of index terms, and this problem will he the focus of our atten-
tion here.

There is a wide spectrum of semantic tools for indax terms,
differing in the flexibility of the format in which semantic informa-
tion is presented and in the quantity of information presented st one
time. At one end of the spectrum is the documentalist's thesaurus,
in which information 1is supplied in a vigld format and in small quan-
tities. Given a terw andd a relation (e.g., synonymy or "gemeric to")
the thesaurus will supply & short lisc of all tha terms related to
the given taim by the given relation, The basic unit of information
in & thesaurus might be stored in a computer as an ordered triple:
relation 1, term j, term k, OGreater floxibility is made poasible by
intreduction of wore relations, such as whole-part oé process-product.
(This is somawhat similar to the use of rolc; vhen indaxing docu-a;tl.)
Relations among three or more terms give even greater variety in con~
veying semantic information; at this point, the relation is perhsps
best cxpressed in terms of a skeletal santence such as "X is a type
of Y used in the production of 2", Scope notes provided for lénl of
the terms offcr still greatar flexibility, while the far end of the
semantic tools spsctrum Lis rfpreacntcd by unrestricted natural laeu-

guage senteaces, such as definitions in a gloesary of terws in s
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subject area. Hhere thera is no limdt on tha amount of informatiom
suppliud about 2 term, |

in impertant characteristic of an information storage and
rekeleval systewm is the omount of restriction placed on tha vocabulary
used for indexzing, and this affects the use nf semantic tools in the
system. Some systems use a controlled vocabulary or authority list
while others have essentially no restriction on choice of index terms.
For a system with a controlled wvocabulary, the thesauruc plays a very
important xole (llerner {1963), lienderson, er al. (1966) ). It is the
wethod by which tha user transforms his vocebulary into the vocabulary
of the system., If the cuntrolled vocabulary cconsists of aatural lan-
guage words, semantic tools can show the specifal sense in which these
words are used in the system., If the vocabulary conaists of codes for
concepts, semantic tonls can serve as definitions of these coded con-
cepts, The thesaurus alsc has a special function in & system with an
unrestricted indexing vocabulary, Here it aupplies the user with
syncnyms or near synonyms fur the words he origimally thought of,
hence allowing him to retrieve a larger fradiion of the reievant docue
ments, Recent research by Cyril Cleverden (1966) has favored an un-

restricted vocabulary ovar & controlled vocabulary in one situstiocn.

1.3 Classification Tsblos snd Semantic Expansions

We will now examine in some detall two devices near opposite
ends of the spectrum of semantic tools. Ons Jdevice is closely related
to & thesaurus while the other device involves the use of ccmpleate
gentences in ratural language,

Since tas word "thezaurus* has sevarcl connotations, iet us
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use the phrase “classification table" to repressnt a two-plase rsla-
tion within a set of words, A classification table can be storad as
& two-dimensional array, where an entry ia call Y44 indicates that tha
relation holds between word 1 &nd word J. A portion of & classifica-
tion t..ablc is displayed in tabular form in éigun 1-2. A thesaurus
listing synonyms, broader terms, and narrovwer terms can be storad in
three classificatisn tables, one for cach velation (or im two tables,
aince broader ;nd narrower are inverse relations).

A cluilification table can bs looked upon as a directed graph,

cach node corresponding to a word in the subject area vocabulary, and

‘a branch: between two nodes indicating that the relation holds batween

the corrcnpond:ing vords, taken in che order specificd by the direction
of the branch. A graph corresponding to a a.e: of classification tables
would have labeled branches, each label indicating which relation its
branch represents. A tree or hierarchy can be vepresented in a class-
ification table, but a classificacion .uble can ancompass more general
gtructures as well., This greater : rality is desirable sinca moet
documentalists have coma to the conc usii~ that all of knowledge can-
not be meaningfully arranged into a single liierarchy nor can all the
words in even a single area of discourse,

The creation of a generic-specific tres for the vocabulary of
the computer programming field illustrates one of the problems with
hierarchics., Any node in a tree may have several branches leaving it
(and leading to nodes representing more specific concepts), but cannot
have more than one branch cntering it (from s more gansric concupt).l

The word “compiler" has several specifics (e.g., ALGOL compiler,

FORTRAN compiler) but it also has at least two generic terms, namely
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Condonsed Sample of a Generic-Specific Claasification Table.

Instruction
Program
Programming
Language
Figure 1.2,

Comnand

Code
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program and processor. A troe would net parmit these two viewpoinle
about compilers, i.e,, considering them as both programs and procencétu
of proprams, but instcad would require that a single generic be spmci-
fled, Classification tables have no such restriction.

Classification tables should be available both to indexars
while Lndexing documents and to searchers vhile looking for documants
to satisfy particular information needa. In cna sense, indexing ang
searching are reciprocal activitiss==-in the first cese the input 1is
documents and the output is index terms; in the second, the imput is
terms and the output i{s documents. Both activities are highly depen~
dent on the organization of ths vocabulary of index terms, e.g. as
represented by classification tablea, It is likely that the iser of
classification tables will specify a word and want to see all the
words related to it by one or wmore relationships. Ha will note
which of the words seems applicable to his problem, and then spacify
another word (perhaps one of the applicable ones just displayed) for
which he wants to see related words. This process will be repeatad
for a sequence of words. The information thus displayesd will help
the user understand specific terms by relating them to other terms
and will also suggest new terms which might be appropriate in
index’ag or requesting documents. It is expectod that through the
use of classification tablas, a user will clarify his concept of the
coatent of the document he is indexing or searching for, and will
express this content with less variation (from indexsr to l;lrchcr
or from searchar to searcher) in the terms of the system vocabulary
then without this toel.

At tha othar end of the spectrum of semantic toole is the use
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of naturel language ;entcncct. such as definttions of terms or shore
t 33ays on terms or rclations batwesn terms., We have chosan to apply
the name "semantic expansicin to a secquence of incressingly detailed
dasepintions of syatcm oporstlon or deflalclons of index terws in
santence form. The idea of semantic expansion is this: a user
dasiring information about a term might first want to see a bri.ln!
dafinition of this tovm, If the brief definition isn't clear to him
or does not snswer his quastions about the term, he might wish to
wee a wore detailed definition. If this is insufficlent, patrhaps a
paragraph-long essay on the term, with exampies, might ba called for.
A typical oxample is shown in Figure 1-3.

Semantic expansions can be ioplemented in the form of
programuad instruction, with the system testing the user after esch
level of expansion to detarmins whether the next level of expansion
is needed. Since scmantic expansions require a fair amount of work
to generate, they will first be used only for the most important
terms in the subject area vocabulary (and only for the most important
system operation commsands). Other terms will be related to thess
teras through classification tables, and each term for which there is
a semantic expansion can have an identifying mark when it occurs in

a classificatio tabla,

1.4 Implementation of Semantic Tools
Thars ars a number of practical questions to be answéred in

connection with the implementation of semantic aids, Omne basic
question is how much shoulu be automated or mechanized. A computer-
based system 1s quite desirable becauss it ailows conversationsl

interaction between the indexer or searchar and the system.
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By ile Jxounalen of v Prxintor TNTFRPRRTIVE JROCEAN -

N.B.: Undorlining indicates that further caplanation is available from

A

C.

tho system by specifying the underlined word or word phrass,

Flrst+Level Redponse:

“An INTERPRETIVE PROGRAM L{s & computer progras that combinas
transliation and exacution,”

Second~Level Raesponse:

"An INTERPRETIVE PROGRAM L{s a computer program which receives
a sequence of instructions in a oource language, and for each
instruction identifies the opsration and oparsnd(s) :and then
performs the action specified by the instructiom.

Third=Level Response:

*The major characteristic of an INTERPRETIVE PROGRAM is that

a source language instruction is both recognized and performed
esach time 1t 1is encountered. The intsrpretive program remains
in control during the whole process. This is to be contrasted
wvith the action of a compiler, which translates all sourcs
language instructions before any of them are performed, then
turns control over to the compiled (translated) program which
ils executed. The step=by-step translation and execution
which occurs under an interpretive program permits ons
instruction to modify another. When the modified instruction
is encountered it will ba translated imto a different sction
from before."

Fourth-Lavel Responss:

“The following segment of a source lnngmgc-gronu will be
used to damonstrate the action of en INTERPRETIVE PEOCRAM:

Position Instruction
1 FEICE 100
2 ADD 101
3 sToRE 115

The interpretive program will examine ths instruction “FETCH 100%,
separate off the gperator part (“FETCH"), and by comparison with
a storsd set of scurce language oparations, recognizs this as

Pigure 1-3, A Sample Semantic Expansion. (Beginning)
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the instvuction to bring the contents of some location into

tha accumulator. It will then transfer control to a subroutine
which will cause tha contants of location 100 to be brought into
a simulated acaumulator, (The actual acoumulator ie used by the
interpretive program for such things an decoding srurce lanpuage
inatructions, and hence is not aveilable to the source ianpumge
propram.) The next fnstruction “ADD 101™ will be recopnixad

in a similar way, and the appropriate subroutine will cause

the contents of location 101 to be addad to the contents of

tha simulated acaumulator, leaving the resule in the stimsleted
accumulator., The instruction "STORE 115" will cthen be recog-
nized and & subroutine vill place the coutents of the simulated
acaumulator into location 115."

Figure 1«3. (Conclusion)
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Assuming a meohanizoi systam, doas the inareazsd varsatility and

speed of video display of scmantic toels justify the difference in

cost batwaan video display and, for exenmple, telatypa? Xs hard copy

desirable in any case as a permanant record for the usar of the -
system? In what format should tha informetion in classification

tablas be displayed? How many levels of semancic axpansion should

bs previded? The answers to these quastions ave, of course, highly

dependent on the expected npplications apd the environmeat of th.
systam to ba implemenivd.

A semantic tool should be capable of continual modificatim
in resporss to the evolution of the v.ocubuhry of the fieid with
which Lt deals. The stimulus for modification could coms from a
subjrctive review or from computsr analysis of user-system
dialogues, index term usage, and statiutics derived from the texts
of recantly acquired documents. Anothar alternative {s to lat the
indexars and ssarchers modify the sssantic tools {cf. Reisner
(1965)). Presumably, some reviev or control of the results would
ba desirable hare too.

A pilot system for storage, manipulation, and vetrieval

of classification table information has basn iuplemsnted in the

) L6 langusge by John 8, Rdwards (1967), Ip this systeu new words

can ba added to the system vocabulary or old words delated from
it at any time, a relation betwesn a pair of words can be added to
or deleatad from any classification table with esse, and m typas
of relations can be dafined and incorporated. BExperience with

this laboratory tool is expectsd to lead to, greater insight inteo
classification tables.

i e

-
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Thare are a number of ways in which samantic tools coul&
be ganeraied origiueily, Toey souid ve produced hy one or wore
subject ares exports, or derived from the tachnical literaturs by
documantalists or 1ﬁinrmacion ratrieval specialists, However, wa
faul ;hgé thers is considerable promize in the agpr?acb T4 manars-
ion of semantic teols which utiliges statistical proparties of
tha distridution of word odcuxrences in the subjecc area litaracure.
Whils this is largely an sutovatic {(computcr=basad) procass, human
sslection of text input and aditing of output are iuportant. 7The

following section treats statistical processing of text,
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2, STATISTICAL TECHNIQULS IN SPMANTIC TOOL GENERATION

7.1 The Importance of the Sratlstical Apneaach

The growing rate ot which technical liteérature ls being pro-
duced 15 putbing an increaslng straln on current systaoms for dissemin-
atlon or storage and retrieval of techalcal information. One enswer
to this problem is the automotion of many of the activities of an
fnformation conter or {nformation system, (Sac thoe dizcussion by
Gevard Salten (1966) on automatic {nformation systawe.}) Tt s the
contention of many researchers that a great deal of what appears to
Le {ntellectual tasks in the processing of tochnlcal documonts can be
at loast partlially mechanised, Such tasks Include goneration of an
{ndexing vocabulary and relations among the terms in lt, tndexing
of incoming documents, and nsslstnnéa to searchars in formulating
Information roquests, The main source of {nformation used In the
performance of these tasks by computer is statistical data on the
distribution of occurrences of words in the documont texts, The suce
cesses of the statistical approach are a result of tho correlation
betwecon statistical measures and syntactic or semantic properties of
lmporLuﬁue in information retrieval. The following hrief survey will
givo on idea of the types of statisrical proccnplng vhich have been in-

vastigated in the past.

2.2 Exomples of the Statistical Approach

Various types of statistics have besn uzed in generating a
technical vocabulary. The total fraquency of occurrence of a vord in
a largs text sample can bLe used to identify words which because of

thelr very high or very low frequency should not be In the (ndexing
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vuenlailary (11, P, Lahn (19%98) )y Il number of different uvorda with
whilch a glven word coe-occurs (divided Ly the Irequency &t &hie given
word) was investigated ag an Indicator of good uorQs to usa !n indox-
ing by Robert Curtice and Paul Jones (1967). Thelr idea, roughly, 1is
that 4 word which appears with a great many other words {x not l{usly
to make a good indcx term, but one which tends to appear in rostricted
cuntnxtlrll ltiely to make a gnod ona., The vocabulary gencration
experiments performed by the author were based primarily on mcasurcs
of the distribution of the occurrences of a word among documents in
the collection, l.c., descriptive statistics for the set of within.
document frequencies for cach word, The assumptlon was that a word
concentrated in a few documents is more likely to be a technical term
than a w;rd spread thinly among a large number of documents,

A number of different statistical measures have been proposed
for use in automatic indaxing of dacuments. One of the most promising
closses of measuros consists of functions of both tho.troquoncy of a
word in & documcnt and the frequency of the some word In general usage.
H, P, Edmundson and R. E. Wyllys (1961) pointed out that measures of
this type will single out words which are rare in normal use but fre-
quent in a given document and likely, therefore, to be the names of
the specialized concepts with which the document deals. Fred Damerau
(1965) reported on an experiment comparing several functions of this
kind, in which the function with the hest performance was the proba.
bilicy that a word with a known total fraquency tn a large reference
collection would have at least as wmany occurrences as it did in a
particular document if its within-document frequencles had a Poisson

distribution. John O'Connor (1963) described an experiment investiga-
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ting the autumatio assignmont of tvo index tevma ("vontalty" and
"panief1lin®) to docuincnts which didn't necessarily contain thom in
thelr texts,

Automatic clnsnif)ugtlon of documents inte predetermined
catenorics 18 a problem Cl“”;ly rolated Lo automatic indexing and has
boon treated by M. E. Maron (196})) and J. H. Willlams (1963), among
othars. Research has also been conducted in automatic genoration of
catogories to use in classification by means of such techniques as
clumping (R. M. Needham (1962)), factor analysis (li. Borko and M.
Bornick (1963,1964)), and latent class analysis (P, D, Baker (1953),

W. XK. Winters (1965)). These téchnlqucs require information about Lo
jolnt occurrence of two or more words.

Statistical association measures are functions of the number of
times a pair of terms appcar together in a textual unit, e.g., sentence,
or in the set of terms indexing a document. The moasures are designed
to be indicators of the tendency for two words to co-occur. If two
terms appear togethor very often, there is probably a semantic or
empirical relatlon between them. The matrix containing wmeasures of
statistical assoclation between all pairs of index terms could be uscd
directly by indexers or scarchers, or could he the basis for an auto-
matic classification procedure which forms groub- of terms, as mentioned
above., Alternatively, the measures could bes employed in the rectrieval
phase to oxpand requests automatically by addition of terms having a
high statistical assoclation with the original request tarms. The
most satisfactory utilization of these statistical relations, however,
would probably be in a man-machine dialogue, in which the computer

would use stored assoctation hnasurcs or classification tables in
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sugpesting uew t;tﬁl for the wser's consideracion, Tha computer could
axhibic Yadaptive” behavior by utilizing the Scedback from the user
(approval or disapproval of proviously suggusted terms) in making new
sugpestions, Experimentation in this ecrea 12 rlegevibed later in this
report and in more detail by John 8, Bdwards (1967).

Among the carliest workers to uﬁe tha idea of statisticel
sssoclstion in the concext of information retriaval were Malvin E, Maron
and J. L, Kuhns {1960)., Another important early paper on statistical
adsoclation techniques is that of H. Edound Stiles (1961). He muda the
"asgsociation factor! of a pair of terws depend on rheir jolnt appearance
in the sets of terms indexing documents, as did Maron and Kuhns, Ha
pointed out that a pair cf synonyms may have a low association factor,
aince they will not generally be uded to index the same dacuncnt. But
on the ot™er hand, they are both likely to have high sassociatiens with
teras rolated to tha concept they bothi represent., Stiles called this
a8 second generation association, A detailed treatment of the mathema-
tics of assoclative retrieval came fromw Viocent Giuliaznc and Paul Jonss
(1963). They proposad a model in which 2 linear transformation (iavole
ving association measures) of a requast vector (equivalent to 2 liat of
terms) t‘lnlbltin a response vectoyr (equivalent to a list of documents
with relevance scores for each one). Their formulation uses not only
the basic matrix of term-term asenciation messures but also higher
powers of this matrix, and thay showsnd how the entries in tha square of
this metrix {or other eve: powers of it) could be considered measures
of synonymy. A recent invastigation of stailiastical dilerilin¥tiom of
the syncaymy/antonymy relation, employing co-xoursence of triples as

well as paire, 13 xeported by P, A. W. Levis, P, B, Bexundale, and J. L.
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Bennatt (1967).

2.3 Statistical Propertics of Lanpuage Used in the Current Experimeng

Figure 2-1 exhibits some word groups of interest for informa-

tion ral.

e
PN

+al, On the left side ims & picture showing how we define a
couuton word. Consider that every word (i.e,, word type) which appears
in some large selection of literaturae not concentrated in any particu-
lar subject area is reprcsented by a point fin the rectangular box. The
distance of this point from the bottom of the box is a function of the
relative frequency of tha word, relative frequency being the absolute
frequency of a word type in a text (i.e., the number of Lits occurrences
or tokans) divided by the length of that text (i.e., the total number
of tokens of all words in Li2t text)., More pracisely, the height of

a point is proportional to the percentile on a frequency basis of the
word represented by the point., We define a common word as one which
has a relative frequency greater than some value in the language as

a vhole, as approximited by & sample of general litevature. On ths
vight is an Lllustration of ths important categories of words in lite-
erature dealing with a single specialty area. Tha horizontal line nsar
the middle of the rectangle coxresponds to the percentile which has
above it as many words types as the percentile defining common words

in the general literature. Tha parcentile is lowar on the right be-
cause there are fewer types in the sample of ipoct&lizcd literature,
Note that sgoms of the worde whichk were common words in the general
literature are now below the dividing line in the spacialired iitera-
ture, Their placa absve tha dividing line is taken primarily by

specialty verms which had & lower r~lative fraquincy in the genaral
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COMMON

CODMON (from general

iiterature} -}

NON=COMMON

CanION

PREQUENCY
PERCENTILE

PARTICULAR NON<
SPECIALTY

) . J

Figure lal,

Note: Core Terms and Particular
Terms Together Comprise the
Specialty Vocabulary.

Word Groups in Two Types of Text Collections.

.
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titeratura and whish we have iabuied ss core terma. Thess are the
high-fraquency words in the technical vocubullrx of the subject irla.
The name of the field itself would ba a core term. Tha region labaled
“"Particular" contains the'mid-frequ.ncy and low-frequancy technical
vocabulary., It is likely that wany of the particular words have s
greater relative frequency or Irequency percentile in the specilalixed
literature than in the general literature, and they arc expected to
make good index terms, It is important to note that the partition of
speclalcy words into core and particular words is quite dependent on
the scope of the set of subfect area documents under consideration.

A cove word for a very spscialised field will be & particular word in

a bruader field where it shares tha focus of attention with important
texms frow the othar speclalized nubfields‘vhich joined to form the
broader field. Hence, if thas scops of a document collection is likely
to change, it is desirable to use core worda as index terms, in addi-
tion to particular words. The amalgamation of subfields can be visu-
alizad as a "diluting" process with respect to tha relative frequencies
of the core terms for the subfields. But a Y:oncentrating" process ie
going on at the same time with respect to the words which will become
the core words for the broader field, since they will appear with a
moderate fraquency in each of the subfislds. The relative fraquency

of a core word for the broader fiald will bs a suitable weighted aver-
age of the relative frequencies in the subfields, and hence no largsr
than the largest of them. However, the percentile of the newv cors word
will be greater in the broader field than in any of the narrower sub-
fialds merely because of the %ncrcasc in numbar of words types of lower

relative frequancy as subfields are margad. If this merging process is
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repoated a aumber of timas, tha saops of the Broader field will beaoms
8! jater and greater, and the nuaber of new word types added will bagin
to declina. Then tha percentile. increase for potential broad-ecope
core terms due to the addition of new types will be progressively less
and less; the number of cors tarme demoted to the particular category
by the dilution effect will excead the number of potential broad~scops
core terms actually prowoted into the core category, and the size of
the core term set will decrease., In the limiting case where the sub-
ject area is Mall knowledge', thers will be no cors terms, by definition.
This discussion points out, among otlher things, that the cor-
relation between frequency percentile and degree of generality of a
specialty word will not be complete, since core words for broader fields
are mixed with other particular words in the narrower fields., Another
point to be made from the pictorial rcprchnution of woxrds groups is
that thara is no reason to balieve that a siagle simple statistical
measure will serve to saparats the specialty from the non-specialty
(including common) words at all frequencies. Because of the different
nature of the “strata" at different frequencies, it might even be the
case that different types of measures would be needed to psrfora tha
separation for differsnt fraquancy regiona.
The partition of words into common and non-conmon on the basis
of their frequency in the general literaturs is a first spproximation
. to separation of function words from content words, (Function words
are vords whose role is primarily syntactic, e.g., conjunctions, arti-
cles, and prepositions). The common word set will contain the highe
frequency function words plus a few content words which will ganarally

not be specialty words, for example, "man", "house", "maka®, and ‘'give".
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1£ 4t in deairod to saparata specialty words from non-spsaislty, the
common words can pretty safely be exciuded from consideration as

specialty words, One way to ssparate the opnctilcy vords fros tha non-

speclaliy words which are not common words is through measures o: the
discributlau of words among documants, working on the Illﬂlptlo;‘thlt
each specislty word will have a tendency to be concamtrated in the
documents for which it 4is relevant end releatively rzre in the rest.

To be more precise about this, let us consider the frequancy distri=-
butions graphed in Figure 2-2. It has been our hypothasis that tha
Poisson distribution can very roughly describe the distribution of

w’ thin=docunent frequencies for a given word. (Damerau‘'s (1965) arti-
cle vas the stimulus for this idea,) The probabilites associated with
the Poisson distribution are actually np}ropriacc for the case whers
the occurrences of a word are distributed gnndouly throughout the text.
This suggests that we look for deviations from tha Poisson distribution
as a clue that a word of importance in tha subject arna'hnl baeu de-
liberately clustered in the documants to which it is relevant.

Thg two graphs at the top of Figure 2-2 are Poisson distribu-
tions for two function words of different frcquauét.-. Tha graph at
the bottom is obtainad by deliberate clustering in a faw documents of
the occurrences of s mid-frequency specialty word. Bocauoi of this
clustering, it appears in fewer documents than a function word of the
same frequency. Thus the bar above 0 is highar £o£ the specialty word
than for the function word, indicating that it has zero frsquancy in
more documents. And in the documents where the specialty word doas
appear, it tends to have & highar frequency; hance the bars above 4, 35,

and 6 ars higher than for the corresponding function word.
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Wa tested a number of different standavd distribution measures,
all based on the set of within-docusent frequencies, for example, the
varfance and coefficient of skowness, In addivion, we tested two naw
mcasurcs which were explicitly valated to the Poieson distribution.
Those wensures are described in Bection 3,

Saily Dennis (1965,1967) has done a similar svaluation of a
number of single word distribution measurcs, and saveral of ths mes-
sures we teated waré suggeasted by her work. Her results are compzraed
with ours at spprogriate points later in this report.

It is iateresting to nots the ralationship batween the approachk
used by Sally Dennis and us irn ganerating an indexing vocabulary and
the approach suggested by Edmundson and Wyllys and used Ly Dewarau in
automatic indexing of individusl documents. In the sutomatic indexing
situstion, a word is assignaed to a document Lif its velative fraquarcy
in that document is significantly higher than ite rslative frequency in
the document collection &8 & vhole or tha language rs a whole., If a
glven word i{s assigned by this process to uvnr_nl documants bacauss of
its above-average relative frequency in them, then there must alse be
a number of documents in which the ralative fraquancy of ths word is
lower than tha averaga. Thus, if the average is small, thers will be
a larges number of docurants in wvhich tha word doesn't appear at all,
and we have the eitustion depictad in the lower graph of Figure 2-2.

A word with such a distribution would presumably be included in the
indexing vocabulary by tha procedures used by Deanis or us,

We wers also interested in exploring the use of atacistical
association measures in vouht.;hry gevaration, We h.nd iv mind & pro-

¢¢ 38 i which a smull "kernmal® set of subjact area terms would be
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expandsu te 4 wore raarly cemprshaneive vesabulary for tha fiald by
succesaive additions of terms closely related to tearms alresdy in the
sat, Bafaore dascxibiuog this process in decail, it will be useful to
define and focus on & concept which is applied hare and in many other
situatilouns,

The corcapt Ls word infarence, which we define to be & mapplug

from one sat of tarms to another set of tarms (called the Iinfexred set).

The nriginal sot may ‘have structure, such as weights assigned to ite
menmbers or logical connectives joining them. The mapping may involve
the measures of association discussed aarlier, or may utilize word
classification tables from any source. H, E. Sciles (1961) used word
ioferance in the folloving way: glven a set W of words (index terms),
a nav word x is {n the inferred set W' if ite measure of association
with a certain fraction of the words in W {s greater than & certain
valus, Hence the use of association messures or classification tables
to modify retrieval raquasts can ba fit into t.t;a framevork of word
inferance; the mapping in this casa is from the terms in the currvent
raquest to suggested additions. Also, most axperizants with automatic
classification or “clumping" of tha words in a vocabulary utilize word
infarence. The procuas of word inference is guits a common activity
in automatic information systems.

Word inference is tha basic operation in the expansion process
which we investigated., Given a set of tarms called tha karnel and a
large set of non-karnal terms, tha word inference mapping is co-pﬁted
in the following way: first, the msasure of association batwesn a
aon-kernsl word and each lur:'al word is obtainad. The oum of thass

measures and tha sum of the squares of tha measures are than computed

J
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2¢ tha sum swesads one thrashold or the sum of géuru anssede snathay,
than tha non-kernsl word is in the inferred set, After thie process
is repeated for aach non-kernal word, tha reasultiog inferred sat Lo
added to the kornel set, and the whole process can begin again, For
each non-kernel word which deos not pase either of tha threshold tastas
during an iteration, the sum and dum of squires are saved 6o that in
the next iteration only the sssociations with tha words just added to
the kernel sat necd be compulni, The resson for having two thrashold
tests 48 the following: 4if & word has associations with a largs nua-
ber of kernal words, it will ba likely to pass the sum test, vhareas
if it has unusually high associations with a smsll numbar of kernal
words, it may pass the sum of squares teat bat not the sum test, The
relation batween the two thresholds can be sat so as to favor ous sit~
uation or the other,

We suvisioned that this sxpansion pracess could be used in
conjunction with the single word statistics approach to vocabulary
generatioti. Thﬁ original kernel set might be derivad by using single
word distribution statistics, for exampie. After saveral iterations
o; tlie expansiun'proc.ll, ve would have & larger interrelated sst of
terms which could form an indexing vocabulary.

This sxpaneion process is closely related to the process of
forming clumps (Needhanm (1962)) and the use of the B-Coefficient ex-
plored by Blinn A. Salisbury, Jr., and H, Edmund Stiles (1967). Both
of thess mathods raquire & sstrix of associstion or corrslation weas-
uras for all the terms of intsrest, and whan considoring adding a term
to a group use a function otlboth its associations with terms in the

group and ite association with all terms not in the group. The expan-
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sion process dessrided sbove requires lsas totzl computation then the
clumping o B-Coafficient techniques, since it uses only msasures of

assoclation between the candidate term and the terus in tha group. If
thure ara M words {n the final (expandad) kernel set and M words alto-

gether, the expansion process will have required the computation of MN

- e

assoclacions, rather than Nz. On tha other -hand, tha associacions be-
twean a gliven non-karuel word amd all the other non-kernsl words way

contributa to a better decision on whoather to add tha word to the kernel

e it i d

or not, An interesting topic for future investigstion is the question
of whethar or not the sum or sum of squares of associatione with othar
non-kernel words can be estimated from data like frequency, single word
distribution statistics, and sum and sum of squares of assoclations with
kernel worda.

Another characteristic of terms which we would like to be able
to determine statistically is the degree of generality or specificitcy
thay possass, The division of specialty words into cof. words and
particular words on the basis of frequency is a first approximation to

this, since we expect that more general terms will often be more fra-

quent ia a given collection., However, the correlation batween frequency
and degree of genarality is not complets, since, as we pointed out
sarlier, a genaral ierm for an area broader than the area covered by
tha given collection will often appsar with the fraquancy of a partic-
ular term in the more restricted field. Hence our experimant included
an evaluation of singls word distribution wmessurss as discriminators
betwasn genaral and spacific tarms,

This sacticn has described soms types of statistical processing

of text which can be performed by computer. Our goal ie to find statis-
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tical tLuchniques whieh will halp ue te dissever the rvelasions among
vords and interprctations of words used in an area of spscializatisn,
Tha followlng section will describe cur investigation of soma spacific

statintical techniques,
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3. AN BXPBRIMENT IN 'viud USE OF STATISTICAL TROHNIQUDS

it ——— ———

An experiucil wan cundudioed to test some of the hypotheses

about language usage mentioned carlier *o J.monatrate the feasi-
bility of using astatistical technique. th . generation of semantic
tools. Ths two r:lcs investigated werc semi-automatic genaration

of a subject area vocabilary, and (2) semi-cutomatic generatio: of
classification tables for that area, In particular, the firat part of
the experiment was a comparative evaluation of several measures ~f the
distribution of words among documents as discriminators between apa-
cialty (informing) words and nou=-speclalty (unii.orming) words for the
subject arca, The second main task of the exp. riment was the evalui-
tion of two applications of statisticul association measures, one
iavolving their contribution to vocabulary generation and the other
involving the use of classification tables based on statistical assc-
ciation. It was our hope that the statistical data obtained from a
uset of sample documents could be used to obtain an indexing vocabulary
and classification tables useful not only in processing the sample
documents, but also in processing new documents from the same aubject
area. The rest of this section will enumerate the measures whic!: w;re

tested and describe the procedures used in their computation.

2.2 Single Word Statistics

The single word distribution measures which were computed in-
cluded the following:
AFOC(3) = Abaolute Frequency of Occurrence of word j in the

g_ollect::l.'on, i.e., number of tokens (occurences)

Y T T ——
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gorrsspending to the j“‘ word Cype.
AFOD(j,d) = Absolute PFrequency of gcdurrence of word § in
Docunent d,
RFOD(3,d) = Relative Frequency of Occurrancea of word § in
Document d,
- &E%%ég;él' where L(d) is the length of documwnt d,

i.,e., total number of tokens in d,
LFOD(J,d) = Log-normalized Frequency of Occurremnce of word b}

in Document d,

- AFOD
Tog o (L(a))*
MAFOD(§) = Mean of the values of AFOD(j,d) for all documents

d in the collection,
- % AFOC(3), where N is the total number of'docunontl
in the collection,
VAFOD(J) = Variance of the values of AFOD(},d) for all d in
the collection,
- 5_ AFOD(),d)2 - maFoD(3)2.
d-l
(The function actually used was the unbiased esti-

mator of the population variance:

Z AROD(}, a2 - -—- HAFOD(D .)
d-l
TAFOD(J) = Third moment about the mean of the vaiues of AFCD(].d)

for all d in the collection,

- 2 AFOD(3, )3 - 3+T(3)+MAFOD(J) + 2MAFOD(3)°,
N 4=

where T(i) is the second moment about zero, i.e.,
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GAFOD(J)

¥RFOD())

VRFOD(§)
TRFOD(4)
GRFOD(3)

MLFOD(j)
VLFOD(3)
TLFOD(j)

GLFOD(3)

AFSC(J)

AFDC{})

3t,

; N 2
T4 = 5-:1 AFOD(J,d)".

{The unbiased form is

N # -
T N IO
WD 2 A7 - 35T ) MR () ¢
2

2K
(N-1) (N-2)

N
MAFOD ()%, where T'(3) "'u+1 S Aron(),d)2.)
=l

Samma or coefficient of skewnass of the values of

AFOD(j,d) for all d in the collection,

TAFOD (§)
 vAaFoD(3) /2

Mean of the values of RFOD(j,d)

R
L > mron(y,a)
dml

Variance of the values of RFOD(J,d)

Third moment of the values of RFOD(J,d)
Camma or coefficient of skewness of the values of
RFOD(3,d)

Mean of the valueg of LFOD(},d)

Variance of the valuea of LFOD(j,d)

Third woment of the values of LFOD(4,d)

Gamma or coefficient of skewmess of the values of
LFOR(§,d)

Absolute Frequency on Sentence basis of word j in
the Collection, i.e,, number of sentences in which
the jth word type ajpasred.

Absolute Frequency on Ducument basls of word j in
the Collection, i.e., number of documents in which

the jth type appeared.

P

i
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 Many of tha adove medsures Were propcssd and tested by Sally
Dennds (1965). An argicle by Prad Damersu (1963) rveporting that a
weasure based on the Poisson distribution was quite successful in an
autouaiic indexing exporiment stimulated us to defins and cest the
follovwing two new measures:

VPLFOD(j) = Variance with Poisson normalization of the valuss

of LFOD(4,d),

VLYOD

- "‘g.gp‘ (VLrop (3))
VLFOD(}4)
'—Aroc“(jg ’

vhere EP(VLFOD(j)) is the expectation of VLFOD(J) if

AFOD(j,d) had a Poisson distribution and all docu-
ments wore of equal length; we will shortly derive
the fact that this is proportional to AFOC(J).

8(3) = Size of a document collection constructed by taking
all documents for which A¥OD(j,d) is not zero and
adding to them enough documents for which AMOD(j,d)
is zero to make the resulting set of AFOD's most
nearly fit the Poisson distribution.

The measurs VPLFOD(*) is 1/K times the ratio of an sctusl vari-
ance to the expectation of that variance, but was computed as the ratio
of an actual variance to an actusl frequency., A proof of.the propor-
tionality of the expsctad variance IP(VLFDD(-)) and the actual frequency
AFOC(+) follows:

Suppose AFOD(j,d) has & Poisson distribution, Then

P(APOD(J,d) % k) = &7 f: , for k = 0,1,2,...,

using P(v) to represent the probabilicy of event v. Tha paramster m in
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the above formula is both the mesn and tk varlance of the Poisson

distribution. Lst RFOC(jJ) stand for the relative fraquancy of occur=

AFOC
L{C

iungth of tha text {n the antive collection (number of word tokens ‘fn

rence of word § in tha collection, i.s,, , whare L(C) is the

the collection). Then it muet be the case tha:

® = a(j,d) = RPOC(J)-L(d).
If thora are ¥ documents of equal length L3 the collection, then L{d) =
. and L(C) « ML, Hence

| nwalj) = AF—SGJQ).

If the variance of the distribution of absolute frequencies is ‘Lm—:-ﬂ,,

the variance of l.os-nomuud frequcnicies will be (x—s—lm')“ .A_”Lg_(.ﬂ.

A?OD 10
since LYOD(j,d) = Thus the expectad :i.1 ic variance will be

E,(VLYOD(3)) = f_'—ﬁ'ﬂz . M.!;'_l, or
lp(VL!‘OD(j)) - f APOC(3) .
The measure VPLFOD (*) is quite similar to the measure with

vhich Sally Dennis (1967) has had the greatest success in discriminacing

=oce
EX

in her terminology, is tha relative frequeuncy analogue of VPLFOD(:),

betwean informing and non-informing words. This mcasure, nellad =5

which is based on log-normalized frequancies. The two msasures can be
proved proportional under the assumption that all ¥ docusents have the

sane length L. NOCC is AFOC(+), and
MRFOD (- 2
VRFOD (» *

By the equal length assuzption,

RFOD(j.d) -é!—ogé.hﬂ. and

MRFOD(3) = & HAPOD(J) = pop APOC(), and




| ' (1eg,, ()3
vRrOD(3) i’ VAPOD(3) = ——:&-—-— viron(s).
liengea,

NOCC _ VR¥OD(]):AFOC(})
EX 1 2
5y AFOC(I))
LN

(1og,0 (03 VLEOD(3)

L aroc(s)
H

The waasure SCJ) is an estimate of tha size (number of docu~
ments) of the hypothosized document collection for which the observed
non-zero values of AFOD(j,.d) would most nearly fit the Poigson dietri-
but:i.on. (In order to treat all the valuas of A}'OD(j.d) as ssmples
from a single distribution, it is necessary to saks the approximation
that a1l the documents are the same length.) 8(j) could ba computed
in at least two ways, both of which bagin by sagregating the non-zero
values of absolute frequancy (APOD(J,d)) from the xero values, and
making an estimate ";\ of tha Polsson paramater m from the non-sere
values. One method than calculates tha probability that AMOD(j,d)
would be zero, using the Poisson formuia P(h?ﬂb(j.d)-b) - o"‘j. Ve
can visualize that this probability is usad to obtain the numder of
zero~-AFOD documents which tojether with the non-sero veluss wuld most
closely fit the Poisson curve. Actually, the fovmula for chie estims-
tor uf the new collection sise Ls 8°(J) = AYDC(J) + 8'(,1)_-0'"3. Hence,
S'(l) = M:-,5-})-. The othsr method is computationally simpler, bowover,
Recall cll;;: for the case of s Poisson distributfon of within-docusant

frequancies for T documents of aqual length,
W e .A_‘.:cdn. hanca T = L’g—cﬁl

In the presant cave we are assuming that all the occurrences of term J

U EEURPRNIENE R 7] Lo
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828 gonnantzatad 4n & aubsallsstiss ssnsiading of 84S Zesumanss and '
that in this subcollection the within-documsnt frequencies ars approx-
imately Poimson distributed, Hence this estimate of the naw collection

slzo s

S(§) = Lrg_c.m
3

-This is the formula which was actuslly used, though some sample compu-

tations showed that the two formulss gave very closa veiues on real
data (vhere tha documents wera not of constant langth),

Most of the coomon estimators for tha Poisson paramater m, such
a8 the sample mman, depend on the number of documents for which AFOD(4,d)
= 0, as well as the non-xero values of AFOD(j,d). Our estimate “1 of

the paramster m was obtained from tha non-zaro valuss alone in the fol-

lowing way:
For & Polsson distribution with paramater m,
k k=1

Pa) - .- 'E'!- and '“'1) - .- ?k'l): .
Hence,

kP‘E!

P -1) -,
Let nj(k) be the number of documents for which AFOD(,d) = k in sooe

collection, and let T ba the number of documents in that collection,

-Then 1f APOD(j,d) has a Poisson distribution, P(AFOD(j,d)=k) can be

approximated by nj(k), and m can be estimated by using ratios of tha
T

form
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We wera lookiny . : an eatimare of m vhich dosan't depand en =,‘.“.‘}5 8
we might have taken & weightad averajc of theds ratios for k = 2,3,4,...

up to the larzqst valug of k for which n (k) ¥ 0. Tha ratio, however,

3
is undefined vhan o,(k-1) = 0. Une solution to this problem is to

b]
smoolh the values of nj (k) such that they are monotons dccn‘uin; to
the right of the peak as k increases, The algorithn we used to sccomp-
1¢sh this {9 fllustrated in FPigura 3-1. Ths values resulting from this

algoritha ware then used in an estimate “j of m obtaingd by the formuls
~

kj k a, ')

vhare nJ'(k) = number of dosuments for which AFOD(j,d) = k,

after smoothing so that nj'(k) $0 fork < :j’
nj‘(k-l) + nj'(k)
€38 = 7 TO) s w, T <8,

I':‘.1 = largest k such that n,'(k) > O, and

J
N = nuabsr of documents in original collection.

Note that

-~

ky

Z cj(k)-l.
k =2

: _3.3 Word Pair Statistics

The second main type of nut!.:pucnl procassing purforwed in
tha current e#por!.mnt wap statistical word association, a two stap
>rocess for determining the exteunt to which words co-occur in a given
collection of text, The first step in statistical word association is
computation of co-occurrence statistics, and che second is computation

of seasures of association. The text input for the firet step consists
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| T dropped "thirouphout this CleWehart,

l Set Pecak to the value of k which maximites n(k) for k2.,
Set "t1im to the largest k such that n(k)>0.
_Sut n'(:) ro n{k) for all k=ltlim.
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Figure 3-1. Algorithm for Smoothing the Values n (k) of
the Frequency Function for the Within-Document Frequencles,
AFOD(j,d), So That che Resulting Values n '(k) are Mono-
tone Decrsasing to the Right of the Peak.
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of a vat of words wrderesd An one or ware stringe or eonsaines in o

number of ovorlapping sets. A co-occurrence statistic is simply a

function of the joint occurrences of two or wmore words in tha fmput.

An cxample of a co-ucturrence statistic would be the number of times

woro L i word § oscur at distance d from oma auother in a etring of

text, Tha sasord step in statistical word 'ssaoclation Le the compu~

tation of a measure of association betwesn l:w ssts of words, hugi

_on co-occurrence atatistics involving the words i{n thess sets. The

measure of association between the set containing word L and tha est

crntalning word j, for example, might ba a combination of a auaber of

co~occurrence statistics for the pair {i,j, divided by some normalisa-

tion factor, bassd on tla numbar of individual occurrences of words

i and j. We are also interaested in second order associations, since

synonyms are expected to have high association of this type. If B

is the matrix of second order associations and A is the first order

matrix, the B = &2.

Tha formula w& used for measure of association is one inves-

tigated by Paul Jonas and Robert Curtice (1967):

ACL,4) =

JFSC(L, §)
Arsc(1)P.arsc(y)

whare A(!..J)' is the messure of assocliation of words
i and j, JPSC(L,)) i the Joint Frequercy of i and
J on a Sentence basis in the Collection, i.s., the
nusber of sentences in which both 1 and j oceur,
ATSG(L) is the number of santences in which 4
appears, as dofined carlier, aud p + q = 1 (typical

valuas'are p v q = ,5),

-

Adafr -
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3.4 Implemontation of Seaciarienl Compucations

Tha computation of single word distribution statistics and
word assoclation statistice in tha current expsriment was basad on s
concordancs of the laput Lemt, Ths concordanss sontaissd am entyy for
cach occurrance of each word, giving the word type and tha “coordinaces*
of that occurreuce, namsly, document numbey, paragraph numbar within
documsnt, sentence nuaber within parsagraph, and word aumbar within
ssntance. The entries wore arranged alphabetically by woxd type and
within a singla type in order of cccurrence. Ths context accompanying
each occurronce was not axplicitly stored.

Thore are soveral advantages in using a concordance as a base
for genarating statistical data on words. One advantage is the flex-
ibility which results frca having data storsd in an intermediats form.

Ous concordance can be usad for computing a variety of single word

. statistics or measures of assoclation between word pairs in leess tims

than ths rascanning of the original texts would requive. Hance the
concordance 13 an excellent base for experimantal studies,

In addition, a concordance can be ussful whan humans are editing
computsr-produced stacistical dats, since it serves as an elementary
information vetriaval system. GSentences in which a highly associated
pair of words co-occur, for example, can easily be located and dis-
played.

The concordance has a further advantage relevant to ccmputation
of association measures. One of the problems }.n working with word
associations is the quantity of dsta that can be genarated. In partic-
ular, for N word types, thers &re about u’/z word pairs whose associa-

tion measure could be computad, assuming a symsetric msasure, In the
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current experimant thare were about 8,000 cypas, and henae about
18,000,000 potential association measuras, The great majority of thasa
would have boen zero, but aven if only two per cant were non-tero, the
storage required for them would be quite large. The concordance ap-
pronch permits soma selectivity in this situation, Since the measure
of association between two words can be computed fairly easily and
dircetly from the concordance, it is not necessary to compute at one
time all the association measures that will ever be needed., With a
concordance, the strategy of computing the associations between per-
hapa several hundred words and saving these along with the concordance
is posseible. Figure 3-2 shows the storage requirewments for different
approaches to word association.

Figure 3-3 is a block diagram of the computations performed in
the current experiment, The input text was & gset of 217 reviews of
documents in the computer programming field from 1962, 1964, and 1966

issues of the A.C.M. publication Computing Reviews, The text contained

69,497 word tokens and 6,405 word types, of which 2,920 occurred ounly
once, The text was keypunched and the punched cards were input to a
scanning program which isolated the individual word tokens and asso-
ciated the appropriate positional information (coordinates) with each.
The scanning program utilized a set of text analysis routinea written
for the IBM 7094 by lan C. Ross of Bpll Telephone Laboratories, Murray
Hill, New Jersey. Following the scanning, an alphabetic sort by word
type produced the concordance. (Actually, because of the quantities
of data which could be sorted efficiently at one time, a concordance
for 1962 and 1954 was generated ssparately from 1966, and the two con=-

cordances were then merged.) From the concordance a count vas wade of
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3torage Space Required
(in number of computer words)
2,000,000 .
1,600,000 . ‘
/.'.02T2
1,200,000 - /'
7
l'/
£00,000 - Y
'/
' .'// c* “0(2 el - e
406,000 - 7 A ] e -
: S e N 200 -
| . : c R
P/ IR T )
I T (exaggerated)
0 wm T T T TN T T I I T T T T T s
100, 000 200,00
Length of Input Text, i.e.,, Number of Tokens
Explanation:

T is a rough estimate of the number of word types for a text of
wotderate homojencity; assuming each type is stored in one computer
word, T 1ls the storage required for word tvpes.

e ] .

.02T° 1s a conservative estimate of the number of non-zero agsociations
betweenall word types. If the association measure is symmetric,
there will only be half this many elements to store; if each element
requires two computer words, one forzan assoclatlcon measure and one
to identify the two types, then ,02T° {s the storage space required.

€ is the storage rcquired for a concordance ¢f the input text, assumi g
2 computer words are used per token.

C + 2002 and C + AOO2 are the storage rcquirements for a concordance
Plus all associations between 200 and 400 words respectively,

Figure 3-2, A Comparison of Storage Requlrements for

Different Approachas to Statistical Word Association.

|
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the frequency {number of tokens) for each word type which, after sor-
ting, resulted dn a (recuoncy ordered list of word types.

Two procedures were used to reduce the amount of data te be
peovoused by the statistical programs: deletion of common words and
dglguiun of low frequency words. The exclusion of common werds which
were on a lil:t cobtained automatically was intended as a substitute for
deletion of function words on a list generated wanually, The sample
of "general literature' which served as our source of common words was
about four million words of Time Magazine text from 1963 and 1964. We
obtained magnetic tapes containing this text and a dictionary for it
with frequencies from Luther Haibt of IBM and Margaret Flscher of Time,
(Their use of this data was described by the presentation of Haibt,
Fischer, Yetelhut, and Ogg (1967).) We sorted the dictionary by fre-
quency #nd chose to define as a common term any word which had more
than 1300 occurrences in the Time sample. There were 251 such words,
after geographical names had been omitted. We tagged seven of these as
sontrol terms which were not to be deleted f}om the Computing Reviews
concordance, since we wanted to see how thelr statistics would compare
with the statistics of core terms. Of the remaining 244 terms on the

Timc common term tape, 217 appeared in the Computing Revizws concerd-

ance and were deleted. These terms accounted for 30,647 tokens (about
half of the original text). The seven common words which were not
excluded accounted for auvother 2,805 tokens. At the same time we dele-
ted very low frequency words from the concordance, according to the
rule that a word was dropped if iL didn't appear at least six times in
the text and at least twice ... some review, This procedure resulted

in the elimination of 5,204 word types and 11,446 tokens, Thus ths
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"reduced’ concordance used for the statistical processing contained
984 word types and the coordinates for the corresponding 27,404 tokans,

The first step in cobtaining single word dietribution statistics
from the reduced concordance was a tabulation of within-document fre-
quencies for each of the 984 terms, These frequency counts were stoved
on tape so that they would be available later if we should want to
compute new typeé of single word distribution measures. The measures
computed in the current experiment were the ones defined earlier in
this section. The resaults weré astored on tape, and the ordering of
the 984 terms according to their distribution measure values was ob-
tained for each measure by sorting. The orderings were printed out
and evaluated as described in the following sectionm.

The single word distribution measures were also used in the
generation of three sets of particular terms used in the compilation of
statistical association data for classification tables to be used in
man-machine dialogue. This process is described in more detail in the
following section, The other application of statistical association
data which was tested in the current experiment was the expansion pro-
cess using word inference, which was explained in the previous section.
For both of these applications association measures were computed di-
rectly from the concordance. To find the number of sentence co-
occurrences of two words, the association program scanned in parallel
fashion through the concordance entries for the two words looking for
a match between the first three coordinates of occurrences of the ﬁwo
words, l.e,, document, paragraph, and sentence numbers. When a match
was found, the co~occurrence counter was incremented by one. (Multiple

appearances in the same sentence were counted only once.) The mensure
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of association was obtained as the total co-occurrence count divided
by functions of the imdividual frequencies, according to the formula
prasantad savliay,

The evaluation of the various outputs of the statistical comp=-

utation programs is dlscussed in the following sectiom.
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4, RESULTS
4,1 Introduction

The two goals in the prosant experiment were: (1) a ¢omparativae
evaluation of a number 2f measures of the distribution of single worde
among documents, and (2) au evaluation of two applications of statis-
tical asscciation wmeasures for word pairu.l The first application of
statistical association measures was the proceas (described earliex)
of expanding a small set of speclalty words into a larger, more com-
prehensive vocabulary for a subfield, by successive additions of words
closely associated with words already in the set. The other applica-
tion of statistical association measures was their use in adaptive
man-machine interaction in the process of formulating an information
request.: Thia.eubject is treated in more detail by John S, Edwards
(1967).

There are two characteristics of single words which we would
like to be able to determine statistically from their distribution
among documents: (1) whether a word is a specialty term or not, and
(2) if a word is a specialty word, whether it is a general term or a
specific one within the vocabulary of the specialty. We can use the

first characteristic (specialty-non-specialty) in forming a vocabulary

‘for a subject area, The second characteristic can be used in generating

a classification or hierarchy for the words in a vocabulary, or, more

generally, in forming classification :tables for the vocabulary. In

1. Vo did not attack the problem of comparing different functions us
measures of the association between two words. This problem has been

treated mathematically by Vincent Giuliano (1965) and J. L. Kuhns (1965),

and an enlightening experiméntal comparison of different measures has
been reported by Paul Jones and Robert Curtice (1967).

bty
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addition, generality is an important paramecter affecting the choice of

statistical association measures, according to Jones and Curtice (1967).

Hence, we svaluataed cach distribution weasure for ita sbility to make
the two typas of separations. It was originally our idea {(Rubinoff
and Stone (1967)) to uso single word distribution data first to seg-
tegate speclfic speclalty words from general speclalty words and non-
specialty words, including common worda, and then to separate the
general specialty words from the non-specialﬁy words. As the follow-
ing discussion of results will make clear, we found & better process,
which begins by deleting common words and then uses one distribution
measure to separate specialty words (both general and specific) from
the remaining non-specialty words, and finally uses another distribu-
tion measure to rank the specielty words according to their degree of
generality.

The single word distribution measures defined in the previous
section were computed for the 984 words of the Computing Reviews text
which remained after most of the common and very low frequency words
were omittad. The measures were evaluated in terms of their ordering
of the 984 words, rather than in cerms of their absolute values for
these words., Jounes and Curtice (1967) are advocates of this type of
evaluation, pointing out that the shsolute magnitude of & measure for
one word is not mearingful in isolation; its relation to the values

of the measure for other words is more crucial.

4,2 Specialty - Non-Specialty Discriminacion

The measures were first evaluated for their ability to dis-

criminate between spacialty words and non-specialty words. Six sets
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of words were chosen for this purpose: a low-frequancy aon~-spacialty
set (consisting primarily of function words), a low~frequency specialty
set, mid-frequency non-specialty and speclalty sets, and high-frequency
nou-gpnclalty and s 2lalty seta. For each frequency range, non-
spaclalty and specxﬁlty words were matched for frequency, so that there
would be no bias due to frequemcy. The choice of non-specialty or
function words, though subjective, was in the spirit of Miller, Newman,
and Fricdman (1958). The specialty words were picked rather arbitrar-
ily. Two criteria were used to judge the separating power of the weas-
ures. One was the separation of the average rank order for non-
specialty wvords from the average for speclalty words, while the other
was the overlap of the intervals containing the non-specialty rank
orders and the specialty rank orders. (Negative overlap corresponds

to separation.) We ave thus making the simplifying assumption that if
a measure i8 a good discriminator between nbn-cpecialty and specialty
words, it will tend to assign values in one interval to non-specialty
words and in another interval to specialty words. The alternative of
more than two intervals (altermating intervals of non-specialty and
specialty words) was considered improbable,

Table 4~1 lista the words in each sat and Figure 4-1 is a
detalled comparison of the ordering induced by one of the wmeasures on
the members of a specialty set and a non-specialty set. Each ray
terminates on the vertical line at the rank order of one of the mem~
bers of the set, and the rays converge on the average rank order for
the set. Table 4-2 summarizes the rank order data for each set for
several of the distribution'measures. It is evidant that the two gauxa

(cocfiicient of skewness) msasures illustrated and the Poisson measure



Tablie 4«1, Word Secrs Used in Che Spesiaity-Non-Speciairy
Discrimnination Evaluation of Distrihution Measures,

Low Frequency Non-Speclalty Words Low Frequency S»ecialty Words
Surely Considerably Alpgorithmic Campiling
Hentlion Following Onlinc sk :
Instend Lattey Monil.oe 1/0
Thercefore Pevhaps Construction Hodel
Somewhat Provided Sorting I'roblem-oriented
Based Reasonable Matrtx Processor
Pirpose Whether Variables Tape
Value Syntax

Mid Frequency Non-Speclalty Words Mid Frequency Specialty Words

Posslble Operateors
Using Compllers
Thus Proccdure
Srens Manual
Describeas Time-sharing
Several Functions
Very Method
However Notation

If
Also
An
or

¥these were four out of the

seven control common terms.

High Frequency Non-Specialty Words® High Frequency Speclalty Words

Cobel
Language
List
Program

Notc: The words In the low frequency scts had a total
frequency in the collection between 6 and 44, i,e.,
65 AFOC{j) = 44. For the mid frequency sects,
45= AFOC(J)= 90, and for the high frequency sets,

100 = AFOC( )= 520.
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Figure 4-1,
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9RY g ( 1OV NON.SPECTALTY WORDS

varlance)

POSSIBLE
USING
THuS
SEEMS
DESCRIBES
SEVERAL
VFRY
HOJEVER

400 3

1 (high variance)
RANK ORDERS

A Sample of the Ranking Induced by

the Poisson-Normalized Varlance, VPLFOD(.).
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4(¢*) have fairly similar behavior. For all threa of thoss measurcs
the separation of avaerage rank order of non~gpecialty from specialty
words 18 under 200 for the high frequency range, and for the variance
measura VLFOD(-) the separation is 26.3. The reason for thase low
separacions is probably tha lack of indepéndence between these four
moasures and frequency (AFOC(-)). In particuvlar, the gamma measures
and the Poisson S(*) tend to give a high-frequency word a high rans
order independent of whether it is a non-speclalty word or a specialty
word, whereas the variance measure VLFOD(-) tends to have a large
value and hence agsign a low rank order to such a word., Tha Poisson-
normalized variance measure VPLFOD(-) {s the only measure with no
overlap betwecen the high-frequency non-speclalty and specialcy rank
order intervals, and it separates the average rank order of non-
specialty and specialty words by 400.8.

The Poisson-normalized variance mecasure also performs better
than any of the other tested measures in the mid-frequency range and
the low frequency range, (Note that this measurc is the onea analogous
to tie measure that Sally Dennis (1967) found to be the best discrim-
inator,) In the low frequency region all of the measures have a fair
amount of overlap between non-specialty and specialty rank order inter-
vals, suggesting that the values of the measures are somewhat erratic
when based on a small number of occurrences. However, the separation
between the none-specialty and specialty average rank orders for this
reglon shows that the distribution of values for speclalty words is
well displaced from the distribution for non-speclalty words. Except
for the standard variance VIFOD(-), the measures perform better in the

mid~frequency range than in the low or high frcqQuency ranges.




8,3 CormesiQoaan(fia Nianpimjmariig

The other property of sinjle word distribution messures which
woe investigated was the correlation between these measures and the
specificity or generality of the words, This correlation was evalu-
ated in a vanner simbllar to the evaluatlon of the specialty - non-
specialty discrimination of the measures, Five sets of words ware
used, each of them partitioned into two subsets, a group of relatively
general words and a group of relatively specific words, The terms in
the more general subset were closely related and about equally general
members of a sublect area category, while each term in the more spe-
cific asubset was related to onc or more of the general terms. In the
first four sets the relation was that of specific term to generic term,
i.e., the set of things named by the specific term was a subset of the
set of things named by the generic term. In the fifth s:t each term
in the more specific set was related to one or more terms in the more
general act elither by being a part or component of it or by being spe-
cific to it, The members of the sets were determined subjectively and
are listed in Table 4-3, 51ix measures were evaluated for their ability
to geparate the rank orders of the words in the relatively general set
from those of the words in the corresponding relatively aspecific set.
The vesult for one ueasure and one pair of subsets is displayed in
Figure 4-2, The rank order data for all six measures and all five
sets are exhibited Iin Tables 4-4a, 4=~4b. and 4-4c. It is evident that
generality determination is a more di I ;1t statistical task than
speclalty - non-apeclalty discrimination, The separation of average
rank order of general from specific is not so great as the separation

of specialty from non-specialty, in general. However, dus to the
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Gromis 1 forin 7 Group 3
Generle Terms Grnevie Lorms Generic Terms
HETERRTEY I'vroaccrsor Dovice
fos Procossols Devices
Fegm o 5 e Softvarc Equipment
Spretiie Yeras System Nardware
“1801 Systcms Unit
Cobol Units
Contexte{rec Specific Terms
Crl. Assemblor Speelflie Tormo
Fortran Asscmblers Console
I,V Asscmhly Consoles
Jovial Compilation Core
Lisp Compiler c
Listeproccssing Compllers Disk
Machine~independent Complling Drum
Machinceoriented Exceutive Magnetie
Madcap Intcrpreter Printers
Melalanguage Macrogenerator Remote
L/ Monitor Tape
Proleme-oricented Supervisor Tapes
Trac Translation Terminals
Xpop Translator Typewriter
CGroup 4 CGroup 5%
Generic Torms General Terms
Memory Program
Storage Programs
Structure Routine
Structures Routines
Subprograms
Sggﬁéflc Terms Subroutine
Di sk Subroutines
Drum Speeific or Component Terms
File Command
Files Commands
Format Comments
Formats Declaration
List Declarations
"loto instruccion
Location Instructions
Locations Loop
Pushdown Loaops
Record Macros
Reglister Operation
Stack Operations
Treces Statement
Word : Statemonts

Words




-y > T/ T/

984

]
L]

MEMORY

STORAGE
> STRUCTURE
STRUCTURES

DISK
RUM
*ILE

.
.

STACK
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1
RANK ORDERS

Flgure 4-2, A Sample of the Ranking Induced by the

Polsson.Lased Generality Measure, S(.).
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amount of overlap bLetween the general and specific rank ovders, the
separation of average rank ordere Lo not so useful a statistic. What
is needed {8 a wmeasure of aogree of overlap, ona that Ls wore infor~
mativ: than the width of the overlap interval. We have chosen the

follow.in; moasure iar iR purposa:?

\ . P
. ha(G) ' QQ( ) ]
N(G) " N (P) '
vhere ¢ 18 the general set,

P ia the specific set,
No(c) is the numbear of general torms in the overlap
interval,
NT(G) is the total number of terms in the genersl

set, and

NO(P) and NT(P) are defined similarly,
A lower value of this measure corresponds to less objactionable overlap,.
The fractiom zrzz: is the proportion of general terms which would be
misclassified if the boundary attempting to segregate gereral and
specific terms were placed so as not to misclassify any specific terms,
aund conversely for gﬁ%;;. T .3 reagon for taking tha product of the
two ratios 18 this: for a given number of terms in the overlap inter-
val (NO(G) + NO(P)), a greater difference between NO(G) and NO(P)
corresponds in general to a situation in which fewer total nisclassifi-
cations will be made. Suppose No(P) is large while NO(G) is just 1 or
2. Then 1if the boundary is placedso as to misclassify none of the
specific terms, only 1 or 2 general terms will be misclassified. The
product NO(G)~N0(P) is smaller when the difference between NO(G) and

NO(P) is greatar, assuming the sum is the sémc. Hence the measurs
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HG(C)'NH(P)

F;YE5'NT(P; hag & Juwer value in this situation.

The last row in Table 4=4c i cLhe sum for each mcasure of the
vaiuen of D for the five sots of words tested. The moasure with the
lowcst (bost) sum ig the Poisson measurs S(-}, and AFDC{+) and APOC(:)
were ulmost as good as S{+} in measuring gencrality. It L& intorceting
to note that the performance of the cocfficient of skewncss GLFOD(:)
was not nearly as good as that of S(:), wherecas in the specfalty - non-
specialty discrimination, they were more neaply comparable. The three
rmeasucres with the best overall genernl-apeci%tc.discriminacion ability
all had more difficulty with Group 5 than any other group, and this
group was the one that had the relation whole-part along with generic-
specific.

The most successful gencral-specific discriminator, S(*), wau
defined as the sfize of the hypothesized document collection for which
the mon=sera values of wvithin-dceument £raquancy would wost nearly fit
a4 Poisson distribution. The motivation for rals definition was the
thought that s very specific (particular) word might have roughly a
Poisson distribution within a small subset of the document collection,
namely that portion which covers the subfleld in which the specific
word denotes a concept. The word probably will not have been used in
all the documents in the subset, though one can imagine that it was in
the authors' "pool of available words' while writing these documents
and was used some of the time while a synonym was used at other times,
For doruments outside the subset, this specific word was for all prac-
tical purposcs not in the "pool of available words". Our experimental

rasults encourage us to make the following working definition: the

g
i
|
!



penerallty of n 6ontent word with rdspact o a givean doutext as gu=
prussed by a set of doo....nts 18 tha proportion of documents in this
zet to which the word 1s relevank, The ratio $(+)/N can be cunvidered

an attempt to c¢stimale generalley,

4,4 <« vy of Distribution Moasure Evaluation

In sumuary, our conelusion ia that among the muasures we tented,
thece is no single measure which will ordar the words roughly in the
following way: non-speclalty words, gaeneral specialty words, spacific
specialty words, Our finding has been that two different measures are
nceded, one for saparating non~gpecialty frow speclalty words, and
another for scparating general from specific words, among tha speclalty
worde. it is not too surprising that general~-specific discrimination
should be more difficult than non-specialty - specialty, The problem
of homographs probably accounts for much of the difficulty. Homographs
would not cause wuch trouble for non-apecfalty - specialty discrimina-
tion, because most homographs would be judged specialty words for all
of their meanings. Homographs like “will®”, which can be either a non-
speclalty (function) word (zn auxilliary verb) or a specialty word (a
legal document), are quite rare, However, it is likely that the dif~
fercnt meanings of a specialty word homograph are on different lavels
-£ generality.

The f£inal evaluation of aingle word distribution measures
involved thelr ranking of a set of 52 terms of speclal importance for
the fiecld of computer programaing, These terma were obtained frow
three sources: terwms used In manual indexing of the documents(reviews)
which were the input data for the statistical processing, terms defined

in the IFIP-ICC Vocabulary of Informstion Processing (1966) and terms




© e appeares Ao Wi subjoct indicos of texthooks on eewputer pro-

,neenbng,  Tabla 4~5 enumcrated thesc words., The evalustion data are
{ilustyated in Table 4«6, Data on the seven conlrol ¢omwmon terms in
£lzo ineludad 4n these tuilen. Giher than tha variance VLFOD(:), which
- e
Cdrins Lue common words lowar than ths index words, the measuro VOLFOD(+)
glves tha lowest (best) avarage rank order for the index terms, no

] doubt bacausc both general and specific technical terms are used in

indexing, end have a& high value (low rank order) of VPLROD(+).

4.5 Evaluation of Word Association Applications

Two uses of etatistical word association were investigated iw

our current experiment, and there is a different type of evaluation
appropriate for each. Pirst, measures of aseociation were used in the

vord-inferenc: process of expanding a small "kernsl" vocabulary into a

larger, wmore compreheansive vocabulary for a specialty area, and, second,

they were used dir‘ccly in intersctive (man-machine) retrieval request

formulation,

4.6 The Expansion Process Using Word Association

To test the expansion process described in Secticn 2, wa chose
a set of mid-frequency specialty terms conceriratead in tha subfield of
computer software, The set ‘d of 14 terms, all of which had a
frequency between 25 and 75 in .he collection. Tha expansion process
bagan with this set of 14 4s the "kernel" and the rest of the 984 terms
in the reduced concordance (except for ths seven control common terms)
as the non-kernel sat. After four cycles of the expansion process, a
total of 96 terms were added to the original kevnel, Table 4=7 shows

vhich terms were added by sach itaration snd gives tha fraquency for

L
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Tahle 4-3. Actual Tadex Torms and Control Common Terms,

Group 1. Terws (with freq. = 100 in Group 2, Teres (vwith freq.<
Cozpuling Peviews text) uscd in manual 100 tn Computing Revicws
in! wing of Computing Reviews or text) from IFIF.ICC Vocaba

e e e e g

.y

-,

p - v

. from subject indices of ulary and nat. in Group 1.
v hooks,
Addressing Tnstructions Asscemb iy
Alinortthm Manipulation Autocode
Allocation Mairix Cade -
Asscembler Non-numerical Declaration
Automatic On-1inc Identifiers
Coding Parallel Instruction
Construction Push-down Interpreter
Control Recursive Interprotive
Destgn Routine Operation
Error Simulation Procedure
Fxecution Storage Problom-oriented
Fi{len Symbol Scts
Format Syntax Translator

laplementation Time«sharing

Index
[nput

Translation

Group 3. Torms from any of the three
above sources which had freq.> 100

in Computing Reviews text,

Algol
Coliol
Compl ler )
language ‘
List
Machine
Frogram
System
Group 4. Control Common Terwms from
Time Magazine (freq. In Computing
keviews text 18 indicated in
parentheses),
Also (109)
An (4953)
And (1726
1£4 (107)
or ' (270)
Though (21)
, Very (77)
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Groups 1,2, &3

Group % - Control

83,

Table 4-6. Average Rank Ordcr for Actual Index Terss
and COncrol Common Terms of Tahlo 4.9,

Term Scts  |GRFOD | GLFOD | GAFOD T's w-‘onTvuron vPLFOD |

! Group l(lndex>515 7 '476.4 | 4B4.4 }526 4| 263.4 | 183.0 1 208,1

- - = —..‘.._.__‘. - - l .

Group 2 (mp) 497, lsos.r 516.9 ,50& n' 378, 1 l:m .8 368 8

¢ - o fm B DU -

& .
Croup 1 (Core) 850. 5 358.5 859 ﬁ 806 1 12.6 10 0 79 6

, 208,6 228.5

562.% | 543.2 550 3 | 562, 7 ”53 5

Common Terms LZ!.9 904.0 | 882,6 [ 907.9 ! 119,0 | 85.9 1433.3

- o i i i e S e

h
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Tahle 4«7a, Stages in the Expansion of a "Kernel" Ret of
Specinlty terms by Mecans of Statisticd Word Assovclatlon

rem — ” R - e wee

Orlglnnl Kerncl - { | Icer1tlon
!lh Terms in Software Arca i | 30 Torms Added Because
t 1
' for Which 23= AFOC = 75. ; | Sum 2,40 or Sum of Sq.,.Oﬁ%
i 1 . iy
VPLFGL . VPLFOD
i Term AFOC, Order- i Ters AFOC} Ordor
- e : - —— .--——-—————!1——-
Auocmon P 26! sa4 i 5 19| 138
| Addresscs 18] 103
Assembly l Al! 241 : Algol 2211 38
Coding : 38} 93 Arithmetie 52t 357
| | | Asscmblars 7| 273
! Execution } Sl} 280 } Author 210! 403
Jovial ' 46‘ 3 Automatie sai 227
! i Compl ler 124 113
Lisp : 57: 1 f Computer 277 155
| Lists 38 207 i Described 99| 572
: Dynamic 13] 294
List-processing 26; 51 | Portran 18] 57
Routine g a6i 18 i ilardvare 30; 252
Sof tware 27 32 To 1) 173
| Input 8C; 42
Subroutines , 32| 164 . Intermediate 30 131
Translation | 38/ 116 };{“5““1 f;’ "g
Translator : 49 80 | Lanhguage 519 102
Rl R Languages- 158, 122
Average: 40,4 140.0 List 109 34
I NS T Machine 135! 140
Paper 299 347
Program 256, 156
Programming 288{ 133
Reglister Y I ¥ J
Storage 66y 75
Symbolic 30| 296
Use 181} 503 ‘
Used 169| 709
| Average: 122,1]201.3
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Tahle 4.7b, Stages in the Expansion of a "Kernal™ Set of
Spocinlty Terms by Means of Statistical Word Assoclatlon

a1+

! It;ration 2 - T *.Iteratlon 3.
: 8 Terme Added Necaune 12 Terms Added DBecausc
= 8um=z 1,70 or Sum of Sq,}:,l?'x Sum= 1,45 or Sum of Sq.>,145
" fora AFoc| VTLEOD Ters  |aroc | VIIFO0
1 HEREE Tareays | 25| a8
60 67 114 Basic 7] 419
Describes 62| 9N Data 148 50
Index 18 32 Nescription{ 111 | 308
Manual 571 46 Functions | 65| 188
Output 4% 232 Level 45| 135
Structures| 42| 240 : ‘rocesslng  «C8& | 201
’ System 314 41 | Prograums 144 | 228
S ' Source $1| 341
mAve'rng.g:—“ 79.8 | 239,.6 -] Systams ' 00| 333
Using 51| 897
! Written 83| 636
Average: 84.01 348.6




Tablo 4=7¢, Final Stage In the Expansion of a "Kernel" Set of

Spoclalty Torms by Moans of Statistical Word Asseviation

Iteration & -

46 Tormn Added Docause

. Sum :1.4% or Sum of Sq.>.125 |

i . Tveiron

: Term AFOCE Order’

+ 630 7. A1
Addressing 21! 146

. Although 37) 807

! Article 83! 282 '
Automatlically 70313
Avallable 581 37t
Book 103 39

. Code 4R 110

. Computers 27 515 |

' Control 73 361 .

[ Describe 4 798
“aslign 62 264 |
beveloped 41; B4
Elements 27, 686
Exampzle Rl' 483
Form 63, 719
Formal a1, 32 |

i Glven 971 476
However 85| 976
Implementation 42| 428
Implemented 20, 914
Informatlion 96 354 '

i Introductlon 474 449 |

| Momory 48| 236

[ Notatlion As 36

{ Number 110" 336

; Object 35: 190

| Operations 43 656
Performance 12 in
Permits 26 ; 840
Present 51 889
Problem 135 213
Problems 87 487
Procedures 53] 34%
Produce 20| 8”13
Programmer at 259
Recent 1] 279
Recursive 3 397
Report 6 66
Requlired 3 744
Several 6 945
Simultaneous 1 453
Structure 5 314
Symbol ' 3 378
Techni ques sl 25
Varlahles 371 386
Average: 3.} 454.6

v -
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aach, as wall as the rank order induced by the spacialty - non-lpooinity
discrimination measure VPLFOD(:).

The thresholus for sum of associationg and sum of squkres of
nrsociations ware chosen befora each ¢ycle, accounting for the varia-
tion in number of terms added each tims. An improvement would be to

compute the sws and sum of squares of assoclations for all terms first

_and then set the thresholds (either manually or automatically), taking

into account how many terms would be added by tha valueas chosen,

One property of the expansion process in this example ia tha
tendency for added terms to be in the same subfield as the original
kerncl, Only a faw of tho hardware ox application terms from the vo-
cabulary were added, Some non-specialty words passed the tests and
got in, but most of these had a high rank order for the distribution
measure VPLFOD(-), and could be screensd out automatically on this
basis,

It ie instructive to look at specific terms and sse the pattern
of associations which brought them into the kernsl. Tha term “60" was
added in iteration 2, for example largely because of ite strong
association with “Algol", which wss added in itsration 1, Another
example is illustrated in Figure 4-3, vhers lines jotnin;‘vordl repre~
sent those sssociation measures greataer than .04 which resulted in the
addition of tha word on the right to the kernel. This figure is a
portion of what Lauren Doyle (1961) would call an associstion wmap. The
word "Register' was added in iteration 1 »nrimarily becauss of its

:ociations with “Allocation", "Compilers', and 'Liste". Due to the
large association with "All. tion", it passed the sum of squares test.

The term "Index' was added by the sum of squares critarion im iteration




Figure 4.3, Partlal Assoclation Map for Some of the Terms
Tnvolved In the Expansion Process Basced on Statistical

Aszociatlion.
/(' Storage /
53
kAllocatlon}:— —_— 15

N .. 2‘.
e .03

— :
Compl lers .

.06//

./ L

K Lists )/ -
ST ﬁ;—;ﬂm
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2, largely dua to tts asscciation with "Registar", MNote that it had
both a dirsct associstion with "Allecation" and an indirect association
through “"Register'. The problem of index register allocation wae, not
surprisingly, the central topic {n ons of the documents in the collcc-
tion, It is interesting that primarily becauss of the large associa-
tion batween '"Allocation' and "Storage", the latter term pawsed both
the sum and sum of squares thresholds in iteration 1. Most of the terms
added in iteration 1 passed only the sum threshold.

Further exaoples ars given in tabular form in Table 4-8, Each
boy. enumerates for a given temm tha terms (with an association maasure
of at least .04 with the given term) which contributed directly to the
acceptance of the given term into the kernel. Thse group of boxas taken
togethar, however, indicate soma of the indirect contributions. The
term '"Language", for example, which cama into the kernsl in iteration
1, contributed to tha incorporation of the terms ''Data" and "Processing"
in 1torncion-3. both indiractly through "Structures” aud directly.
“Structures® was a sum of squares addition, "Deta™ was a sum addition,
and "Processing” passed both threaehold cests. "Structure", "Symbol®,
and "Information" were all added in the fourth iteration by the sum
test,

From this sample of the workings of the expansion process, it
appesars that both tha sum of associations and tha sum of squares of
associations are usaful, It is also claar that intsresting words are
being added as late as the fourth iteration, and that thass tand to
have mors or stronger direct connsctions with words added to the kernsl
than words originally in the kernel, Further rssearch on ths expsnsion

procass is obviously needed, but our praliminary explorations buve made
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Table hefin, Assoclations (¥.00) Conkributing to
the Sum of Squares (,190) Which Caused "Structures®
to Lo Added to the Kernel during Iteration 2.
(The Suni of Assoclations was 1.,27.)

Crema o

: Oripinal Assoclation Flrse

_ ‘Assoclation !
“erned Meas. with | Iteratfonn ‘Meas, with
i | "Sgructures® Torm i"s::uctures“
Linp i 13 i Alpol ! .04
Lists 1,08 List 1)
i : Dynamic¢ } « 04
i ¢ Language .06 4
' % Lanpuages ! Oh
' Machino .07
' ! ! Paper [ 03
| | Prosrmmlng| .04
! R O P S

Tahle 4-8b, Assoclatlons (2 ,04) Contributing to
tho Sum of Assoclatlions (1.47) Which Caused "Data®
to be Added to the Kernel during Iteratlion 3,

(The Sum of Squares was ,080,)

Original Association First Assoclation
Kernel Meas, with Iteration |Moas, with
| Tersm *Data® Term *Data®
' Allocatfon' 05 | Automatic .05
- Execution ! 05 Compl lor .05
: Routine | ,08 Fortran Ia03
| 1DM | .09
! Tnput ! ,08
| Language | .04
] Machine l N1 A !
i Paper N A '
i i Program — ‘
' Programming .06 ;
; i Storage .05 i
| ! Used | .08 |
! Sacond . Assoclation [ . !
;Ktcratlon : Meas, with
Tems | oatan )
Structures | .11 [
System } o4 ]




R

L . - -

!

|
|
i
3
|

| ortginal Assoctation | Firse
Kornel Meas, wilh | Tteration
Term | "Processing® ; Term -
Lisp L0 | 3
Algol i
,AuLhor o
" Automatic !
Computer
Deseribed
, Internal
! i IPL«V
» Lanpuage
' Languages
. List
List-processing
" Machine
. Paper
iProgranuing
o 7 L Prograns |
S RISl ol AU
Saecond ' Assoctation
Itoratton | Mecas, with
Term "Processing”
. Manual 09
Structures 12
Systen

Tabrle beBe,

Assoclations (& .04) Contributing to
the Sum (1.92) and Sum of Squarcs (.155) of Assoce

iationz Which Caused “Processing® to be Added to
the Xernel during Iteration 3,

.12

R
Aazocistion

Meas, with

cae———

.04
-0-’0
Oh
.05
05
04
04
.07
.08
+05
W22
oM
«05
.05
+04
+ 04

Vo ———

——— . s

{#Procassing”

",

'L‘



Tﬂ'ltll ‘. -'hl' L
the

cnctutjone (2 40
Sum vl Ausuvclations (1.77

Contributing te
Which Caused YStructure”

to be Addod to the Xernel during Iteratlon 4.
(The Sum of Squatcs was .105.)

' Oriptinal ) [Asnnclurlun

 Rernel {chﬂ. with

I Torm y "StructureY

. .

? Allocation ! ,0n
Cryeeution | W05

" Lists { .00

%

{

I Second Ansociatton
i Tveration Mpas. with
CTerin #Structure"
. Describes .05

}

Table 4-8e.

Flost Arsaetation
It 1-1110“ MHonn, W ’th
| Term IMSEruecure®
Algol 05
"Arithmetie . 06
“hynamic . O
Language +08

List .11

Program . D4
Programming .04

Use .04

Third Assoclation
Itoeration Meas, with
Term “Structure®
Arrays .08

_Bﬂs‘c - -08

Data .10
Description . 06

Sourca iR « 04 ]

—

Assoclations (2 .04 Contributing to

the Sum of Assoclations (1.34) Which Caused "Symbol®
to be Added to the Kernel during Iteration &,
{(The Sum of Squares vas ,077,)

Original Assoclation | First 'Accocln:lon
Kernel *Meas, with Iteration iMeas, with
| Torm _1“Symbol" Term “Symbol®
Lists l .08 5 .04
{ Dynamic .04
Input .03
l Language . 06
: List .09
Machine .04
‘ Progratming, .04
1 System 05
! Use .03
! Second: Assoclation Third Association
! Iteration |Meas, with Itoration |Meas. with
Term HSymbol® Term "Symbol"
I Structures .08 Basic .04
‘ Data 03
: __| Processing 0

72,
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Table 4eAL,

Associations (%,04) Contributing to

the Sum of Ansaclations (1.92) Which Caused
Yinformation to bo added te the Kernel during

lteration 4,

Original

; Kernel
Torq o

Softvare

Sccond
Iteration
Toerm

Indox
{ Manual
| Outpue
| System

t
'
|
i

b

i
!
Z
|

R R

(The Sum of Squares was ,103,)

- .y e —

Azaocelarion Fioae i Association
Muas, with Iteration :Meas, with
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us optimiscic about the usefulnees of the basic idsa.

4.7 Vord Aasociations in Man-Mnchine Internction

The usm of statistical word assoclation in retrieval request
forwulation is described in soms cetail in Adavtive Man-Machine Inter-

a¢tion_in Information Retrieval by John 8, Edwards (1967). In general,

therd are two contrasting wethods of employing word association data
in the retrieval procoss. Ono method uses the data in san automatic
expansion of a rotrieval request to include tarms highly associated
with the original ones, while the other presents the highly associated
torms to tho user and lets him modify his request. Our experimenta-
tion was centercd on a variation of this latter process in which the
algorithm for presentation of asscciated terms was an adaptive algor-
ithm, A simple adaptive algoritha might require that the retrieval
vocabulary be classified and might adapt by suggesting more terms in
categories containing terms previously accepted by the user. Our
approach was & variation of this, in vhich word pairs were classified
rather than single words., For example, the pair processor-channel
could be classified as a hardware relstion, while processor-compiller
could be classifiad as a softwarec relation. ZKach word pair stored in
the aystem is associated with & category as well as a weight (derived
from the weasure of statistical associastion). When & request is pre-
sented to the system, it bsgins searching the set of word pairs (stored
in the form of lists) looking for words which are highly sssociated
with one or more of the worde in tiL: original requast. The criterlion

for suggesting word j to the user is that for some k ¢ R,

> G, (o) v (1, 3) > .7,
1¢C '
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wirre R in the set of word pair categories (relntione}, & Ll# the curgeni
request set, Gk(n) is the "galn" of category or relation k after n
itorations, wk(t,J) is the weight of the pair (1,3)) under relation k,
und T L8 the threshold, YXf a word ias supnasted to the usar; then 1t
must ba the case that this word is closcly associated with otta or more
of tho words in thc current index set through one or more pair cate-
gories, If the user accepts this suggestoed word, tho gains of the
appropriate pair categories are increased, and if the usar rejects the
word, the gains are decreased. The nunset of cycles of suggestion snd
acceptance or rejection of terms is under control of the usar,

The word pair data used in our experiment came from the Con-
puting Reviews text. Three sets of worde were chosen, partly on the
basis of single word distribution wcasures, from the 984 words on the

reduced concordance tape for this text. One set consisted of relatively

" gpecific terms in tha avea of computer hardware, another of software

terms, and another of applications terms. The associciion between cach
term in the firat set and all other tcrms was computed. All associa-
tions greater than a certaln threshold were kept and ware stored on
wagnetic tape with the category name "Relation 1" and a weight derived
from the measure of association. The second set was used in a similar
way to generate Relation 2 pairs, and the third se:, Relation 3, The
formula for the association measure between word i in one of the three’
sets and any word J vutside that set was

JFSC(i, 1)
APSC(1) 2 3. AFsc(y) /o

CA(L,) =

Asgoclations were also computed between pairs of words ‘n the sawma set,

using ths formula
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J¥SG (4, §)
Avrsc(1)® « apsc($)®

A(i)j) -

2

The exponents 1/3 and 2/3 in the first formula were chosen 8o as to
incroase tha probability of rclating more gencral terma to the reld-
tlvely specific terms in e;ch sat, in accordance with the results*
reported by Jones and Curtice (1967). It should be noted that & gen-
eral term could be (and franquently was) the left member of pairs in

more than one category. For example, if channel wers in the first set

(the hardware set), and compiler were in the sccond (the s>ftware set),

thon the pair processor-channel would be classified as Relation 1,

while the pair processor-compilex would be Rslation 2. Thus ouxr method

of generating relation data for thls particular experiment was able tou
handle multiple meaning or multiple viewpoints at the level of core
terms, Homographs on the level of particular terms axe much rarer and
caused no trouble in the present experiment,

The results of our experiment in interactive request formule-
tion were quite satisfactory, and can be illustrated by the data in
Table 4-9, Two dialogucs are summarizc 'n this table. In both,
tke same set of terms was used in the o.i; nal request (first column),
and thus the first get of computer-generated candidates for addition
to the request set (column 2) 18 the same In both cases, However,
the noxt set of suggosted additions (fourth column) reflects the
aroca of terms which the uger decided to accept in column 3, demone

strating the adaptive aspect of the system.

b

e ..




' - INTERACTIVE REQUEST FORMULATION
HITH SOUTWARE REINFORCEMENT '

b Wl

ORTGINAL

REtien”  SUGGESTED ACCEPTED NEW
o ADDYTIONS ADDTTTONS SUGGESTIONS
e ATLAS COMMAND TURNAROUND
g;’gglm MODULE'S MONITOR ONLINE
s PRINTERS TIME-SHARING  DEBUGGING
TRANSMISSTON INTERRUPT
TURNARCUND SUPERVISOR
ONLINE REAL.TIME
COMMAND BATCH
MONITOR EXECUTIVE
TIME-SHARING

INTERACTIVE REQUEST FORMULATION
WITH HARDWARE REINFORCEMENT

| ,?’éégg,f‘ 'SUGGESTED  ACCEPTED NEW
| T ADDITIONS  ADDITIONS SUCGESTIONS
. orERATING  ATLAS MODULES ATLAS
Syt MODULES TRANSMISSION  PRINTERS
PRINTERS TURNAROUND
‘; TRANSMISSTON ONLINE
TURNAROUND PARAMETERS
ONLINE 1/0
COMMAND DEVICES
1 MONITOR REGISTER
* TIME-SHARING SINULATION

Table 4.9, Sample Results of Man<Machine

Interaction in Request Formulation,
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5, O SCIUIENDATIONS
5,1 Summavy

The experimental resulte presented An the previous section are
qu%te encouraging, and reinforce our bellef that statiscical procedures
can accomplish much of the work involved in establiahing an indexing
vocabulazy for ude {n an information systenm and genornﬁtng relations
among the toerms in chie vocabulary. In particular, it appears that
measures of the distribution of words among documente can be used to
soparate specialty (technical) terms for & subject area from the non-
specialty (non~tochnical) cerms, the best measure among the onee tested
being the variance of the within~document frequencies of a word divided
by the total number of occurrences of the word. This process can be
aupmented by a word inference process based on statistical aouocintionl.
between word pairs which will expand a set of specislty terms into a
larger interrelated set of terms. Furthermore, Lt may be possible to
use single word distribution measures to estimate the degres of gener-~
ality or specificity of a tachaical term. PFinally, classeffication
tables derived from statistical association msasures have been shown
to be quite useful in man-machine formulation of retrieval requests.

The experimental results presented in this report are valuable
mainly as pointers; they indicate promising directions for future re~
search, and are thus, we hope, indirect contributions to the very
brnctical problem of getting the appropriate information to the peopls
who need it. The continuation ofltha research reported on hers must
involve an interplsy between empirical investigation and theoretical
investigation, with ﬂodnl-Buildtng leading to new experiments which ia

turn modify the theorstical model.
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5.2 Propoanls {or Future Rescarch

One of the cupirical questions which needs to be explored more
fully is the qucstion of the form of the within-docuseant frequency
distributions of words. Is it near to a Poisson distribution for func~
tion ar.other non-speciaelty words of differcnt total £raqueﬁc£ea7‘ How
does it vary for specialty words? Also in the ocmpirical domain ia the
testing of a number of new single word dletribution measuras. There
is a class of measuras of which onlf ons member vas investigated in the
current experiwent, This class consiste of functions of the set of
within-docunent frequencies which treat the non-zero values of within-
document frequency differently from the zero values, The function S(-)
did this in the prescnt investigation. There are a great many other
functions in this class which we can imagine. One might discard a
constant fraction of the zero values and compute standard distribution
measures (e.g., variance) for tha remaining rero and non-zero values.
Or, the fraction of zero values discarded might be variable, a function
of some othar statistic like total frequency. Thers are also a number
of other measures or combinaticus of measures which could be investi-

gated--the third moment divided by total frequency, or the cosfficient

of skewness divided by ite expectation for a Poisson distributiom, to

name two at random,

There are at least two approaches to ssmi-automatic generation
of & tcchnlcal vocabulary which do not rely on the distribution of
within~document frequencies of single words and thess should receive
attention. The first of these is exempliffed by tha work of Curtice
and Jones (1967) mentioned sarly in Section 2. The basic idea 1s to

attempt to determine whether a word is a spacialty term by measuring
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the variation of the contexts in which it occurs, a spactialty term pre-
pumably occurring in a more reatrictcg environment than a non-specialty
term. Such techniques wight often be based on wmeasures of the statim~
tical nssociation of word pairs. The other npproach to vocabulary
pencration mokes use of statiatical data on words as used cuteide the
subject arca of intersst. The procedurs could be the following: take
a got of documents covering the given subject area and treat them as a
single document to be indexed in the manner of Edmundson and Wyllys
(1961) and Damarau (1965). In othor words, look for terms vhose rola-
tive frequency in the subjoct aroa collection is significantly highar
than their relative frequency in the language as a whole. 8Such words
could be considered as indexing the field as a wvhole and forming its
techuical vocabulary.

Thare are also a number of empirical questions to be answerad
concerning the word-aasociation-based expansion process. Ons question
concerns the most desirable amount by which to expand the kernel in
each iteration, Clearly, adding & very large nuuber of terms and
adding a very few terms are both undesirable, ZExperimantation is alse

needed with the incorporation of feedback in the process, either from

_ single word statistics or human aditors, in order to reduce the numbar

of non-specialty words which get added.

Experimentation with s larger data set is in order now and is
in prouros;. Even with a larger data set, however, our work is llkely
for some time to be insight-oriented rather than proof-orlented, in the
terminology of Giulano and Jones (1966), Working with a data set encome
passing a broader subject area will enable us to see how our techniquus

are related to the scope of the document collection.

«mimdi
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In ths theoretical model-building area, there ave saveral probd=
lems to be worked on. It would be de.irable to find a madification in
the curront Pci-nan—b;ccd wodel which would eliminate the nced for the
assumption of equal decument lemgths, This might ba accomplished by
using relativoe rathor than abgolute frequancias. Turther favedlligation
of the estimator g of the Polsson parsmeter m, as defined in Section 3,
is also requircd. As experimental work continues and battor technigues
for accomplishing different tasks are discovered, the underlying ex-
planatory model of the statistical phenomena in language usage should
be revised to take into account ths new knowledge. Yor example, Lif
the mcasures VPLFOD(:) and 8(*) are confirmed in furthar tasting as
good measurss for scparating specialty from non-specialty terms and
general from specific terms, respectively, then greater effort will be
needed in relating the hypotheses about language ucage underlying the
tvo measurss, It may happen that some very succesaful empirvical eppronéh
has vo obvious intsrpretation in terms of language usaga, but the search
for such an interpretation should be pursusd tenaciously becauss of tha
likelihood of its suggesting furthar experimentation or additional the~
uretical investigations,

Thare are several areas of ressarch closely related to tha work
reported in this docusent, and soow of the results obtainad hare are
therefore likely to have ioplications for these areas. One of these
arcas is u&:onntic indexing and another is automatic classification.
The sutomatic detaction of homographs and synonyms i also a related
area, Conversely, there ars ideas currently being exploied in thase
areas vhich ars relevant to the type of investigations with vhich we

hava been concernad,
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In canclusiun, tho goal uof our work $4 not the automation
of at much as pnssible, but vather, as proposod by Lauren Doyle
(1965), the discovery of the optimal allocatfion of tasks between
man and computer and the most productive forms of man-machine
fnteraction. The rescarch discussed here has contributed to thls
goal hy Qhowlng that thore are a muboi‘ of important and challenging

problems in Informatlon rotrieval with which statistical cnchntqdes

can decal,
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