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ABSTRACT

W9ORD STATISTICS IN THE GWCENATION OF

Signl/TC TOOLS FOR INOTION SYSTMS

A crucial problem in zyztcms tor the storagt and retrievai of technical

information is the interpretation of words used tw £iidex documents. Semantic

tools, defined as channels for the eomunication of word meanings betweeu

technical experts, document indexers, and uearchers, 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 set of documents can be used in gen-

erating semantic tools, in particular, ia indexing vocabulary and relations

among the terms itt this vocabulary. An experiment in this area is described,

involving the testing of several new stntistical measures end techniques.

The 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 Zntrodtiction

In =.2ny modern information systems the important topics of

each document in the system, are represented by a list of index terms

assigned to that document. The index terms aro generally natural

1i~ign~e words or word phraaca, and poople desirina information from i

docu,, onts in tl'o system will formulate their information need in term;

of the indexing vocabulary. The system, in response to an information

request, will present the searcher with a set of documents, each of

which is associatod with a act of index terms antLsfying the scnrchor'a'

specification. (Alternativoly, tho oyatem could supply a list of

citations and perhaps abstracts for the documents which fulfill the

"archer's specification.) Most information systems, including

libraries, also have provision for access to documents through other

attributes, such as author or title, but thiw approach will not be

treated here. It is clear that in the frequent cases whore index

terms are the main intermediary b-tween the documents in a system and

te users of the system, the usefulness of the system as a whole is

strongly dependent on the index terms.

Thera are two basic problems in using isolated words or wvrd

phrases to denote topics or concepts (see the discussion by Phyllis

leisner (1965) ). One is that many concepts can be designated in a

number of different ways by phrases which are synonyms or near syno-

nyms of each other; hance there is a lot of redundancy in the lan-

guage. The other is that many words are ambiguous because they are

homographs (i.e., they have multiple unrelated meanings). Neon words

which are not homographs can have several interpretations depending
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on context, nnd n.lroat all words have a hazy boundary region where

their applicability is not agreed upon.

Each export understands atal uses the vocabulary of his field

11 n 5lightly different way, and indexers are confronted with rho

double problem of daciding how an author uses the technical vocabulary

in a docume~nt And choosing index terms for that document which are

consistent with Cho indexing of other documents. Similarly, the usar'a

interpretation of the words in vhich he first phrases a request for

information in eowu aiia depends on the documnts ha has previously

read in that area, his background, his area of specialization, and his

immcodiato information requirement. The initial request, therefors,

may employ quite a different vocabulary from that of the indexers.

As a consequence, in order for an information system to seave

its purpose of connecting a user with information he needs, it muat

channel different interpretations of words into a more nearly uniform

interpretation. We have defined a semantic tool as any device which

accomplishes this by giving the indexer or searcher information about

how words are used in the system. Semantic tools are actually a medium

of communication among subject area experts (who will aid in generating

them), indexers, and users. ($ee Figure 1-1.)

The rest of this section of the report will treat semantic

tool# in somA detail. The stcond section of the report will discust

an approach to generating semantic tools which utilizesetatistical

data derived from document texts. Section 3 will describe an experi-

mant in this area carried out by the author, and Sactioe 4 will be a

discussion of the results of this experimant. The final section of

the report will contain proposals for further research in this area.
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Figure 1-I. Flov of Semantic Information through

the Somantic Toole of an Inforat Ion System.
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1,3 j&1r tit require T01014Co orthi
There are two gencral typc- - eocmaiunication problems rat

ariga in LL~formation systems and require senmntic tools for their

soluLiun. The first concerns the command languago; the user should

im Lu1d hcw to make requests which are intalligibla to the system,

i.e., syntactically correct, The second denls ewith the intsrpreta-

tion of index terms, and this problem will tli the focus of our atten-

tion here.

There is a wide spectrum of semantic tools for index terms,

differing in the flexibility of the format in vhich semantic informa-

tion is presented and' in the quantity of information presented at one

time. At one end of the spectrum is the documentalist's thesaurus,

in which information is supplied in a rigid format and in small quan-

tities. Given a terw ind a relation (e.g., synonymy or "generic to")

the thesaurus will supply a short list of all the terms related to

the given oarm by the given relation. The basic unit of information

in a thesaurus might be stored in a computer as an ordered triple:

relation i, term J, term k. Greater flexibility is made possible by

introduction of more relations, such as whole-pert or process-product.

(This is sotmwhat similar to the use of roles when indexing documents.)

Relations among three or more terms give even greater variety in con-

veying semantic information; at this point, the relation is perhaps

best expressed in terms of a skeletal sentence such as "X is a type

of Y used in the production of Z". Scope notes provided for son of

the terms offer still greater flexibility, while the far end of the

semantic tools spectrum is represented by unrestricted natural lan-

guage senteaces, such as definitions in a glossary of ternm in a



subject area. Vceo there is no limit on the amount of informsti(o

suppliud about &term.

An important characteristic of an informntion storage and

ecttiuval system is the amount of restriction placed on tha vocabulary

uscd for indexing, and this affects the ust of semantic cools 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 vocabulary, the thesaurus plays a very

important role (1leorner (1963), Hlenderson, o.t al. (1966) ). It is the

method by which the user transforms his vocabulary Into the vocabulary

of the system. If the conLrolled vocabulary consists of natural lan-

guage words, momantic tools can show the special sense in which theme

words are used in the system. If the vocabulary coonaists of codes for

concepts, semantic tools can serve as definitions of these coded con-

cepts. The thesaurus also has a special function in a syotem with an

unrestricted indexing vocabulary. Here it supplies the user with

synonyms or near synonyms for the words he originally thought of,

hence allowing him to retrieve a larger fraqtion of the relevant docu-

ments. Recent research by Cyril Cleverdon (1966) has favored an im-

restricted vocabulary over m controlled vocabulary in one situation.

1.3 Classificati on Tables and Semantic Exansions

We will now examine in some detail two devices vear opposite

ends of the spectrm of semantLc tools. Out device is closely related

to a thesaur'un while the other device involves the use of compleate

sentences in ratural language.

Since tAe word "thesaurus" hAs several connotations, let us



6.

uuo the Phlrams "alnosification table" to represent a two-pla tnla-

tion within a set of words. A classification table can be stored as

a two-dimensional array, where an entry in all r j indicates that the

relation holds between word i and word J. A portion of a classifica-

tion tablc La displayed in tabular form in Figure 1-2. A thesaurus

listing synonyms, broader terms, and narrower terms can be stored in

three classificati-:'! tables, one for each relation (or in tvo tables,

since broader and narrower are inverse relations).

A classification table can be looked upon as a directed graph,

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

a branch between two noden indicating that the relation holds between

the corroeponding words, taken in the order specified by the direction

of the branch. A graph corresponding to a set of classification tables

would bave labeled branches, each label indicating which relation its

branch represents. A tree or hierarchy can be represented in a class-

ification table, but a classificacion table can encompass more general

structurea as well. ThIs greater rality ia desirable since moet

docuenalists have come to the cone 4si, - that all of knouledge can-

not be meaningfully arranged into a single Iderarchy nor can all the

words -In even a single area of discoutse.

The creation of a generic-specific tree for the vocabulary of

the computer progranaing fiald illustrates one of the problems with

hierarchi ,s. Any node in a tree may have several branches leaving it

(and leading to nodes representing more specific eoncepts), but cannot

have more than one branch entering it (from a more generic concept).

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

FOR TAN compiler) but it also has at leI t two generic terms, namely
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Figure 1-2. Condensed Sample of a Generic-Specific Classification Table.



program and proap-anor. A treeA w10tld not permit these tva vievpoints

about compilers, i.e., considering them as both programs and processors

of programts, but instcad Vould require tlI L ,a s;ingle generic be speci-

fied. Clasuificaritt" Lbles have no such restriction.

Classification tables should be available both to indexrs

while indexing documents and to searchers while looking for documents

to satisfy particular information needs. In ce sense, indexing .and

searching are reciprocal activities--in the first case the input is

documents and the output is index terms; in the second, the input is

terms and the output is documents. Both activities are highly depen-

dent on the organization of the vocabulary of index terms# e.g. as

represented by classification tables. It is likely that the jeer of

classification tables will specify a word and want to see all the

words related to it by one or more relationships. He will note

which of the words seems applicable to his problem, and then specify

another word (perhaps one of the applicable ones just displayed) for

which he wants to se related words. This process will be repeated

for a sequence of words. The information thus displayed will help

the user umderstand specific terms by relating them to other terms

and will also ouggest new terms which might be appropriate in

index::.ng or requesting documents. It is expectod that through the

use of classification tables, a user will clarify Uis concept of the

co,,tent of the document he is ndexing or sarching for, and will

express this content with less variation (from indexer to searcher

or from searcher to searcher) in the term* of the system vocabulary

then without this tool.

At the other end of the spectrum of semantic tools is the use
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of nn.ursl ianguage sentences, such s dsfiftltionl of terms or short

(asays on terms or rclationg between terms. We have chosen to apply

the na "semantic expanuii a" to a sequenca of increasingly detailed

description: of zy:cte operatio or aaLiLLgns oi index terms in

oanonce form. The idea of semantic expansion is thiss a user

desiring information about a term might first wane to see a brief

definition of thii; tarm. If the brief definition isn't clear to him

or does not answer his questions about the term, he might wish to

seo a more detailed definition. If this is insufficient, perhaps a

paragraph-long essay on the term, vith examples, might be called for.

A typical example is shown in Jigure 1-3.

Semantic expansions can be implemented in the form of

progreammd instruction, with the system testing the user after each

level of expansion to determine whether the next level of expansion

is needed. Since sementic 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 moast important

system operation commands). Other terms will be related to these

terms through classification tables, and each term for vhch there is

a semantic expansion can have an identifying mark when it occurs in

a classifi.catio table.

1.4 Implementation of Semantic Tools

There are a number of practical questions to be ansvered in

connection with the implementatiir of semantic aids. One basic

question is how mach shoul, be auromated or mechanized. A computer-

based system is quite desirable because it ailowe conversational

interaction between the indexer or searcher and the system.
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,Bs: Underlining indicates that further cxplanation is available from
the system by specifying the underlined word or word phrase,

A. First-Lcvel Pteeponse:

"An INTLZPUTIVE PROGRAM is a coMuter program that combines
translation and execution."

Be Second-Level Response:

"An INTPRETIVC PROGRAM Lu a computer program which receives
a sequence of instructions in a source languaxe, and for each
instruction identifies the operation and operand(s ,and them
performs the action specified by the istwtion.*

C. Third-Level Response:

"The major characteristic of an 0TERP1XTIVE PROGRAM Is that
a source lannuage instruction is both recognized and perfoxmsd
each time it is encountered. The interpretive program remains
in control during the whole process. This is to be contrasted
with the action of a comiler, which translates all source
language instructions before say of them are performed, then
turns control over to the compiled (translated) program which
is executed. The step-by-step translation and execution
which occurs under an interpretive program permits one
instruction to modify another. When the modified instruction
is encountered it will be translated into a different action
from before."

1. Fourth-Level Response:

"The following sent of a source language program will be

used to demonstrate the action of en MPRlK IV3 1lGom

Position instruction

1 FT= 100

2 ADD 101

3 $Tax 115

The interpretive program will eazsine the instruction On 100",
separate off the orator part (Onc"), and by couparise with
a stored set of source. lanugie operations, recognize thas as

Figure 1-3. A Sample Semantic Expansion. (Beginning)
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the instruction to bring the contents of som lncati n into
the accumulator. It vill then transfer control to a subroutine
VhIch viii cause the contents of location 100 to be brought Into
a simulated aciumulAtor. (The actual acgumutntor ts used by the
interpretive program for such things 4n deCU'Jn1. 'nurce lAm
instructions, and hence is not available to tcwh r curc 1nnu g e
2roanm.) The next in.%tructton "ADD 101" vill be recopnized
in a similar way, and the appropriate subroutin wilii "ue
the contents of location 101 to be added to the contents of
the simulated acemuletor, leaving the result in the simultadd
acumulator. The instruction "STORE 115" will then be recog-
nizad and a subroutine vili pe e the contents of the simlated
accumulator into location 115."

Figure 1-3. (Conclu.sion)



12.

Assuming a meohmis od syostof, does the inoreased versatility atd

speed of video display of semantic tools Justify the difference in

co t between video display end, for example, teletyrpe? to herd copy

desirable in any cane as a permanent record for the user of the

Oystem? Zn what format should the information in classification

tables be displayed? How many levels of semntic expansion shold

be provided? The answers to thes questions are, of eour., highly

dependent on the expected opplications and the environmnt of thb.

system to be implemcni.-d.

A smantic tool should be capable of continual modiftatiaa

in response to the evolution of the vocabulary of the field with

which it deals. The stimulus for modification could come from a

subjrctive review or from computer analysis of user-systm

dialogues, index term usage, and statistics derived from the texts

of recently acquired documets. Another alternative is to let the

indexers and searchers modify the matic tools (cf, Reiser

(1965)). Presumably, some review or control of the results would

be desirable bore too.

A pilot system for storage, manipulation, and retrieval

of clasiLfication table information has been 1l4lmned in the

L6 language by John S. 3dwarde (1967), n -this systaa new words

can be added to the system vocabulary or old words deleted from

it at any time, a relation between a pair of words can be added to

or deleted from any classification table with ease, and now rypes

of relations can be defined and incorporatedi. Experience with

this laboratory tool is expected to lead to. greater insight into

classification tables.
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Theta &to a number of ways in which seuantic tools could

46 8* _q tLJL1y, Tey uggid e produced by cut or more

subject are exparta, or derived from the technical 1Lterature by

documentalists or iiiormation retrieval specialists. Rowtvir , we

feel th~t ther* i* oiani4oable uromlee in the sppreah t-^ gemirm-

tion of esiantic tools whieh Utillies statistical properties of

the distribution of wor'd ofcturtafc in the subject area litraature,

While this its largely on automatic (cogutcr-based) process, bAMm,

selection of tt input and aditiun of output are iquortant. The

follovi&a section treato statistical processing of text.



2. STATISTICAL TZCII1NTQUUS IN SMANTIC TOOL OENrRATION

The growilg rate it which technical lizerature Is being pro-

diiccd Is putting an Increasing &train on current systasm for dissemln-

ntloii or storage and retrieval of tachdcAl Information. One a.nlvr

to this problem Is the nutowtlon of many of the activltles of an

Information center or Inforation system, (Soc tho discussion by

Gerard Salton (1966) on autowtic information systooa.) R I* the

contention of many research#/rs that a great deal of what appears to

be intellectual tasks in the processing of technical documnts can be

at least partially mechAnited. Such tasks Include generation of an

indexing vocabulary and relations among the terms in It, indexing

of Incoming documents, and assistance to searchers in formulating

Information requests. The main source of Information used In the

performance of these tasks by computer is statistical data on the

distribution of occurrences of words In the docuwnt texts. The suc-

ceases of the statistical approach are a result of the correlation

betuoon statistical measures and syntactic or semantic properties of

ImporL.nce in Information retrieval. The following brief survey will

give an idea of the types of statistical processing which have been in.

vestigated in the past.

2.2 Examples nf the Statistical Approach

Various types of statistics have been used in generating a

technical vocabulary. The total frequency of occurrence of a word In

a large text sample can be used to identify words which because of

their very high or very low f'requency should not be In the indexing
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v-ue .ittnry (1I. P. Lsihn (198) ), Ik, number of different unrds with

a iLve word t(dividd Lay th frquoic rf tha ie

word) was investigated at an Indicator of good words ao use !n Index-

ing by Robert Curtlice and Paul Jones (1967). Their Idea, roughly, Is

thaL ;i word which Appears with n~ great mtnv Pthar words im nnt ilk,71y

to make a good index term, but one which t nds to appear in restricted

contexts is lt'(oly to runko 4 good one. The vocabulary gencrat:ion

experiments performed by the author were based prmarily on measures

of the distribution of the occurrences of a word among documents in

the collection, I.e., descriptive statistics for the set of within.

document frequencies for each word. The assumption was that a word

concentratcd in a few documents is more likely to be a technical term

than a word spread thinly among a large numbor of documents.

A number of different statistical measures have been proposed

for use in automatic indexing of w.cuments. One of the most promising

classes of measuros consists of functions of both the frequency of a

word in a docum nt and the frequency of the same word in, general usage.

H. P. £dmundson and R. E. lyllys (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 Damorau

(1965) reported on an experiment comparing several functions of this

kind, in which the function with the best performance was the proba-

bility that a word with a known total frequency in a large reference

collection would have at least as many occurrences as it did in a

particular document if Its within-document frequencies had a Polson

distribution. John O'Connor (1965) described an experiment investiga-
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Ling the ltAt;, ie auuignwMnt or LVO Index term ("N.uleity" and

"ponicilltin') to documcnts which didn't necessarily contain than in

their texts.

Automatic cI ki ,tIOn of documents into predctermined

,tc,-coic; is a problcm clc,:k-ly relnted to automntic indoxinp, nnd hf

bon troated by H. E. Maron (1961) and J. 11. Williams (1965), among

others. Research has also been conducted in automatic generation of

categories to use in classification by means of such techniques as

clumping (R. M. Noodham (1962)), factor analysis (Ht Bork* and M.

Dornick (1963,1964)), And latent class analysis (F. D. Baker (1965),

V. K. Winters (1965)), Those techniques require information about Mie

aint occurrence of two or more words.

Statistical association measures are functions of the number of

times a pair of terms appear together in a textual unit, e.g., sentence,

or in the set of terms indexing a document. The measures are designed

to be indicators of the tendency for two words to co-occur. If two

torus appear together very often, there is probably a semantic or

empirical relation between them. The matrix containing measures ot

statistical association between all pairs of index terms could be used

directly by indexers or searchers, or could he the basis for an auto.

matic classification procedure which forms groups of terms, as mentioned

above. Alternatively, the measures could be employed In the retrieval

phase to expand requests automatically by addition of terms having 4

high statistical association with the original request terms. The

most satisfactory utilization of these statistical relations, hwever,

would probably be in a man-machine dialogue, in which the computer

would use stored association measures or classification tables in
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suggesting now tezms for the user's consideracion, The computer? could

.xhibit "adaptive" behavior by utilizing the feedback from the user

(app-roval or disapproval o1 previously suggested terms) in making new

sugaestion. ExperLmentatinn in this orea L. ,lescribed later in this

report and in more detail by John S. Edwards (1967).

Among the oarliest workers to use the idea of statistical

associution in the context of information retrioval were MelvLn . Maron

and J. L. Kuhns (1960). Another important early paper on statistical

association techniques is that of H. Edmund Stiles (1961). iEe mide the

$association factor" of a pair of terms deperd ar I:heir joint appearance

in the aets of terms indexing documents, as did beron and Kuhns. He

pointed out that a pair of synonyms may have a low associatLon factor,

since they will not generally be uaed to index the same document. But

on the ot'-r hand, they are both likely to have high associations with

te ms rolated to the concept they both represent. Stiles called this

a second generation association. A detailed treetment of the mathemsa-

tics of associative retrieval came from Vincent Giuliano and Paul Jones

(1963). They propoaad a model in wh4.ch a linear transformation (invol-

vi ng association measures) of a request vector (equivalent to a list of

terms) resalts in a response vector (equivalent to a list of documents

with relevance scores for each one). T'ir formulation ues not only

the brelc atrx of term-trree a oecAton measures bu also hiher

powers of this matrix, and they shofed how the entries in the square of

this matrix (or other evaii powers of it) could be considered nmasures

of synonymy. A recent investigation of staistf.cal discriminatiora of

tha synonymyaiattonymy relation, employing co-w ur~nce of triples as

well as pairs, is reported by P. A. W. Lewis, P. So 3axwdale, and J. L.
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ennett (1967).

2.3 Strtistical Propertioes of LanUageiUsd in the Current Experien

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

tion r;v..'. ,I. On the left side is a picture showing how we define a

comnon word. Consider that every word (i.e., word type) which appears

in some large selection of literature not concentrated in any particu-

lar subject area is represented by a point in the rectangular box. The

distance of this point from the bottom of the box is a function of the

relative frequency of the word, relative frequency being the absolute

frequency of a word type in a text (i.e., the number of its occurrences

or tokens) divided by the length of that text (i.e., the total nwaber

of tokens of all words in L Ot text). More precisely, the height og

a point is proportional to the percentile on a frequency basis of the

word represented by the point. We defite a common word as one which

has a relative frequency greater than some value in the language as

a whole, as approximited by a sample of general literature. On the

right is an illustration of the important categories of words in lit-

erature dealing with a single specialty area. The horizontal line near

the middle of the rectangle corresponds to the percentile which has

above it as many words types as the percentile defining comon words

in the general literature. The percentile is lower on the right be-

cause there are fewer types in the tample of specialized literature.

Note that some of the words which were cowon words in the general

literature are now beloo the dividing line in the specialized %itera-

ture. Their place above the dividing line is taken primarily by

specialty Lerms whtch had a lower rlative freq-ncy in the general
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Terms Together Comprise the
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Figure '?-I. Word Groups in Two Types of Text Collections.
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iiteratura and which we have inbuied as core we-y, Tee are khe

high-frequency words in the technical vocabulary of the subject area.

The name of the field itsel'f vould be a core term. The region labeled

"Particulpr" contains the mid-frequency and low-frequency technical

vocaJulary. It .s likely that many of the particular words have a

greater relative frequency or Aequency percentile in the speciAlized

literature than in the general literature, and they are expected to

make good index terms. It is important to note that the partition of

specialty words into core and particular words La quite dependent on

the scope of the set of subject area documents urder consideration.

A cove word for a very specialised field will be a particular vord in

a bzoader field where it shares the focus of attention with important

terms from the other apecialized subfields which joined to form the

broader field. Hence, if the scope of a document collection t likely

to Change, it is desirable to use core words as index terms, in addi-

tion to particular words. The amalgamation of subfielda can be visu-

alized as a "diluting" process with respect to the relative frequencies

of the core terms for the subfielda. But a tt oncentrating" process is

going on at the same time wLth respect to the words which will become

the core words for the broader field, since they will appear with a

moderate frequency in each of the subfields. The relative frequency

of a core word for the broader field will be a suitable weighted aver-

age of the relative frequencies in the subfields, and hence no larger

than the largest of then. However, the percentile of the new core word

will be greater in the broader field than in any of the narrower sub-

fields merely because of the increase in number of words types of lower

relative frequency as subfields are margad. If thL merging process is
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repeated a Nueber of times, the seep. of the broader field Wiil becme

gi later and greater, and the number of new word types added will begin

to decline. Then the percentile, increase for potential broad-scope

core terms due to the addition of new types vill bo progressively less

and lnsn; tho number of core terms demoted to the particular category

by the dilution effect will exceed the number of potentiaL broad-scope

core terms actually promoted-into the core category, and the six* of

the core term set will decrease. In the limiting ease where the sub-

ject area is "all knovledSe' there will be no core terms, by definition,

This discussion points out, among other 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 vords in the narrower fields. Another

point to be made from the pictorial representation of words groups is

that there is no reason to believe that a single simple statistical

measure will serve to separate the specialty from the no-specialty

(including coomon) 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 perform the

separation for different frequency regions.

The partition of words into common and non-comeon on the basis

of their frequency in the general literature is a first approximation

.to separation of function words from content words. (Function words

are words whose role is primarily syntactic, e.g., conjunctions, arti-

cles, and prepositions). The com- word set will contain the high-

frequency function words plus a few content words which will generally

not be specialty words, for example, "manll, "housa". "%k" and "give".
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If it in . rod to separate specialty words from nn-s.eiaial.ya tin

common words can pretty safely be exciuded from consideratLon as

specialty words. One way to separate the specialty words from the uom-

specialsy words which are not rom•on words is through measures of the

distribuLioa of words among documents, working on the assumption that

each specialty word will have a tendency to be conentrated in the

documents for which it is relevant and relatively rare in tha rest.

To be more precise about this, let us consider the frequency distri-

butions graphed in Figure 2-2. It has been our hypothesis that the

Poisson distribution can very roughly describe the distribution of

w'thin-document frequencies for a given word. (Damerau's (1965) arti-

cle was the stimulus for this idea.) The probabilites associated with

the Poisson distribution are actually appropriate for the cas where

the occurrences of a word are distributed randomly throughout the text.

This suggests that we look for deviations from the Polson distribution

as a clue that a word of importance in the subject area has been de-

liberately clustered in the documents to which it is relevant.

The two graphs at the top of Figure 2-2 are Poisson distribu-

tions for two function words of different frequencies. The graph at

the bottom is obtained by deliberate clustering in a fey documents of

the occurrences of a mid-frequiency specialty word. Because of this

clustiering, it appers in fewer documents than a function word of the

same frequency. Thus the bar above 0 Ls higher for the specialty word

than for the function word, indicating that it has zero frequency in

more documents. And in the documents where the specialty word does

appear, it tends to have a hiL4r frequency; hence the bars above 4, 5,

and 6 are higher than for the corresponding function word.
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Figure, 2-2. Typical Within.JDocuamnt Frequoey Distributions.
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We tested a number of different standard distribution measures,

;i1 baaucd on the aet of vihin-documnt frequencies, for example, the

variancez and coefficient of akavnes. Zn addition, v tested two new

mcsaurc. which ware explicitly related to the Poicson distribution.

Those meosuret ere described in Section 3.

Sally Dennis (1965.1967) has done a similar evaluation of a

number of single word distribution measures, and several of the me-

sures we tested were suggested by her work. Her results are compared

with ours at appropriate points later in this report.

It is interesting to note the relationship between te approach

used by Sally Dennis and us in generating an indexing vocabulary and

the appro4ch suggested by Edmundson and Wyllys and used 6y Daerau in

automatic indexing of individual documents. In the automatic inden.o.s

situation,' a word is assigned to a document if its relative frequezny

in that document is significantly higher then its relative frequency in

the document collection a a whole or tba language es a whole. If a

given word is assigned by this process o several documents becau*s of

its above-average relative frequency in tmhem, then there must also be

a number of documents in which the relative frequency of the word is

lower then tbA average. Thus, if the average is mall, there will be

a large number of documents in which the word doesn't appear at all,

and we have the situation depicted in the lower graph of Figure 2-2.

A word with such a distribution would presumably be included in the

indexing vocabulary by the procedures used by Dennis or us.

We were also interested in exploring the use of statistical

association meseures in vocabulary generation. We had in mind a pro-

c. is in which s mall "kernel" set of subject area terms would be
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oxpmnavW" tos o" wwly 4e"webaeive veeabulaty dolt tM fld by

successive additions of terme closely relstd to tame already in the

set, befor6 doribloig this process in detail, it will be useful to

define .ind focus on a concept Vhich is applied here aM in many other

The concept is word inference, which we define to be a mapping

from one set of terms to another et of terms (called the inferred set).

The original sat may have structure, such as weights assigned to its

m ,ers or logical connectives JoLaIgu them. The mapping may involve

the measures of association discussed earlier, or may utilise word

classification tables from ary source. H. 1. Stiles (1961) used word

infere4ce in the folloving way: given a set V of words (index term)

a now word x is in the inferred set V' if its measure of association

with a certain fraction of the words in W is grenter than a certain

value. Hence the use of association measures or classification tables

to modify retrieval requests can be fit into the framework of word

inference; tuhe mapping In this case is from the term In the current

request to sugested additiotli. Also, most experimmts with automatic

classification or "clumping" of the words in a vocabulary utilise word

inference. The procc~s of word Inference is quite a co-no, activity

in automatic information systems.

Word inference is the basic operation in the Epension process

which we investigated. Given a set of terms called the kernel and a

large a t of non-kernel terms, the word inference mapping is computed

in the following way: first, the wmasusre of association beteen a

noa-kernel word and each kernel word is obtained. The sum of thes

measures and the sun of the squares of the measures are then computed
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t. sm! exceeds one threehold vr the sm- 9# squares eweee4.0 400V

then the non-kernel word ,s in the inrerred set. After this process

Is repeated for each non-kernel word, the resulting inferred mt is

added to tho kernel set, and the whole process can begin again, For

each non-kernel word which does not pass either of the threshold tests

during an iteration, the am nd duo of sqy . ar e saved so that in

the n xt iteration t ly the assoetatione vith the words just added to

the kernel let need be foWIpu .- I. The reason for having two threshold

tests is the following: if a word has associations with a large num-

ber of kernel words, it will be likely to pass the sum test, whereas

if it has unusually high associations with a small number of kernel

words, it may pass the sum of squares test but not the sum toot, The

relation between the two thresholds caq be sot so as to favor one sit-

uation or the other.

We envisionad that this expansion process could be used in

conjunction with the single word statistics approach to vocabulary

generation. The original kernel set might be derived by using single

word distribution statistics, for example. After several iterktions

o' the expansiun process, we would have a larger interrelated set of

terms which could form an indexing vocabulary.

Tlis expansion process is closely related to the process of

forming clumps (Needham (1962)) and the use of the B-Coefficient ex-

plored by Blinn A. Salisbury, Jr., and H. Edmund Stiles (1967). Both

of these methods require a matrix of association or correlation meas-

ures for all the terus of interest, and when considering adding a term

to a group use a function of both its assciations with terms in the

group and its association with all terms not in the group. The expan-
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sion prosall esolabtd bOV1 tqUirull 16a total comutation than the

clunping or S-Co fficient techniques, since it uses only measures of

asociation between the candidate tern and the terms in the group. If

there are H vords in the final (expanded) kernel set and 0 words alto-

&ether, the expansion process will have required the computation of HN

12,associations, rather than N . On the other -hunG, the associations be-

tween a given non-kernel word and all the other Pon-kernel verde may

contribute to a better decision on. whather to add the word to the kernel

or not. An interesting topic for future investigation to the question

of whether or not the sun or sum of squares of associations with other

non-kernel words can be estimated from data like frequency, single word

distribution statistics, and im and sum of squares of associations with

kernel words.

Another characteristic of terms which we would like to be able

to determine statistically Is the degree of generality or specificity

they possess. The division of specialty words into core words and

particular words on the basis of frequency is a first approximation to

this, since we expect that more general taerm will often be more fre-

quent in a given collection. However, the correlation between frequency

and degree of generality is not complete, since, as we pointed out

earlier, a genaeral term for an area broader than the area covered by

the given collection will often appear with the frequency of a partic-

ular term in the more restricted field. Bence our experiment included

an evaluation of single word distribution measures as discriminators

between general and specific tarms.

This section has described soma types of statistical processing

of text which can be performed by computer. Our goal is to find statis-
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i:OZ z.ohniques Whish Wll' help VI tV dj#nW :9M "1g1 !g aens
*)rdsand interpratations of words used in an area of apecialigati,)n,

Tha following section will describe our inveetigation of som specific

StOtif ,.Cal techniques.



3. AN XU L&r '&; USE oF O TATXSTTCAL TECNIQUIA

3.1 Introduction

An experil it . co;16uJLOd~ to test somL, of the hypotheses

abonc linguage usage mentioned earlier -o imonstrate the feasi-

bLlity rf using statistical technique th generation of sn=2:-c

tools. The two ;. ics investigated were sami-automatic eanertton

of a subject ar#a vocaSbla.-y, and (2) sai-uutomatic genaeratict of

clsssification tables for that area. In particular, the first part of

the experiment was a comparative evaluation of several measures *f the

distribution of words among documents as discriminators between spe-

cialty (informing) words and noa-specialty (unii,.orming) words for the

subject ares. The second main task of the exp ciment was the evalua-

tion of two applications of statistical association measures, one

Involving their contribution to vocabulary generation and the othcr

involving the use of classification tables based on statistical asso-

ciation. It was our hope that the statistical data obtained from a

.et 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 subject

area. The rest of this section will enumerate the measures whiet ere

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(j) - Absolute Frequency of Occurrence of word j in the

Collection, i.e., number of tokens (ocourences)
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corrspondi4 a tha j h word type.

APOD(j,d) - Absolute Frequency of Qccurrence of word j in

Docuicnt d.

RFOD(j,d) - ReIncive Freauoncy of Occurrance of Vord J Ln

Document d,

___L_d) where L(d) is the length of document d,

i~e,, total number of tokens in d,

LFOD(j,d) m Log-normalized Frequency of Occurrence of word j

in Document d,

AFOD(J~d)
"logl0(L(d))"

MAFOD(j) - Mean of the values of APOD(j,d) for all documents

d in the collection,

j AFOC(J), whero N is the total number of documonts

in the collection.

VAFOD(j) - Variance of the values of AFOD(j~d) for all d in

the collection,

- 2 AFOD(j,d) 2 
- 2OD(J)2

dal

(The function actually used was the unbiased esti-

mator of the population variance:

1 N 2 -iN21 AFOD(Jd)- KOD(J)2 "
dm1.

TA OD(J) Third moment about the mean of the values of AEO.(J,d)

for all d in the collection,

- ' AFOD(j,A) 3 
- 3,T(j)*NAFOD(j) + 2,AFOD(J) 3

d-u
where T(J) is the second moment about zero, i~e.,
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T(J) - AFOD(j,d)
d-1

(The unbiased form is

N N
(N-1)('2") I APOD(jd) - 3--ET'(J)MAFOD(j) 4

2112 MAPOD(J)3 , where T'(J) 7_j AjD(Jjd)2.)
(N.1) (N-2) N-1 d-I

GATOD(J) _mma or coefficient of skewness of the values of

A.D(j,d) for all d in the collection,

TAFOD(A)
MvAOD(J) J/

1!RFOD(J) M ean of the values of ROD(J,d)

N

N 2 RFOD(j,d)
d-1

VRFOD(J) , Variance of the values of RFOD(J,d)

TRFOD(J) - Third moment of the values of RFOD(j,d)

GUOD(J) - Gamma or coefficiont of skewness of the values of

RFOD(j ,d)

MLPOD(j) - Mean of the values of LPOD(j,d)

VLPOD(j) - Variance of the values of LTFOD(J,d)

TLPOD(J) - Third moment of the values of LPOD(J,d)

GLFOD(J) -Ga- or coefficient of skewness of the values of

LPOD(j, d)

AFSC(J) - Absolute Frequency onj entence basis of word j in

the Collection, i.e., number of sentences in which

the .th word type appaared.

AFDC(J) - Absolute Frequency'on Document basis of word j in

the Collection, i,e., number of documents in which

the jb' type appeared.
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Many of tM above measures were prepwend end mst*4 by tally

Dennis (1965). An article by Fred Dmereu (1965) reporting that a

moasuro based on the Poisson distribution was quite successful In an

autLwaL indexing experimernL sLimuiated us to deftne and test the

following two new measures

VPLPOD(J) - Variance with Poisson normalization of the values

of LPOD(j,d),

p

" FO (J)

where p(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).

S(J) - Size of a document collection constructed by taking

all documents for which AIFOD(jd) is not zero and

adding to them enough documents for which APOD(Jd)

is zero to make the resulting set of AJOD's ost

nearly fit the Poison distribution.

The measure VPLFOD(') is 1/K time the ratio of en actual vari-

ance to the expectation of that variance, but was computed as the ratio

of an actual variance to an actual frequency. A proof of-the propor-

tionality of the expected variance I p(VLFOD(.)) and the actual frequency

APOC(.) follows:

Suppose APOD(jd) has a Poisson distribution. Then
k

P(AFOD(j,d) 'i ) e i" jr for k - 0,1,2...

using f(v) to represent the probability of event v. The parameter a in
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tho a6ove formula is both the mean and tL. vari"na of &.ie I'#kmon

distribution. Let ROCqJ) stand for the relative fzequocy of occur-
Aroc (i

reuce of word j In the collection, -. e., L(-C) whre L(C) is the

ien6f hof the text in the entire collection (number of wor tok.en# n

the collection). Then if. suet be the case that

nee i(j.d) - *lVC(J)wL(a).

If tbea are N documents of equal length in the collection, then L(d) -

a, and L(C) - L. Hence

If the variance of the distribution of absolute frequencies is VAWOC()

the variance of log-normlized frequancfes will be (lO8lo(L) V

since 1OD(d)a VOW --, Thus the expected ;., i" variancs will be

pZ)) (1o8o)- 1 ....2 * . or

9 (VLYOD J)) - - "W (j)

The measure VPLPOD (*) is quit* silaiar to the measure with

which Sally Dennis (1967) has had the greatest success in discriminating

between informing and non-informing words. This measure, no] h* lM

in her terminology, is the relative frequency analogue of VPLMOD(.),

which is based on log-normalized frequencies. The two measures can be

proved proportional under the ausumption that all I doc ts have the

same lansth L. NOC is AWO(), and

= MD(.) 2

1y the equal length assumption,

RD(jd) * D d and

MMD~ (J) MW(J) ~jAYOC (J) .an



YtJVDo(j) - ,L vAFD(j) - VIo (J).'
L2  L3

NOCC . VRVO 1) (J) -AFOC (J)

L2N2 ", .8) }

(loSI.(Lll) VLoD(j)
* )" fAFX j)

t2 Aat th

The measure S(J) is an sctualto of te size (number of dou-

merits) of the hypotuostzed document collectioa for whhl the ob rv*d

non-zer a values of AFOD(J,d) would most nearly fit the Poisson dLotcL-

bution, (In order t~o t~reat all the values of APOD(J,d) o awl*#

from a sinle distribution, t ois nicesisaiy to m ithe approx adtion

that: all the documentsl are the same length.) II(J) could be computed

in at least two ways, both of which begi~n by segrega~tingi theacao-sere

values of absolute frequency (AwOD(J,d)) from the zero values, and

making an estimists 1A of the P'oissn parameter a from thit nee-gere

values. On& method thn calc lates the probability that APOD(j,d)
would be zero, using the POLs~on formula F(APoD(J,d)-O) - sM~j. Us

can visualize that thi~s probability is used to obtailn the numbe~r of

zero-APOD documents which tokwtber wit~h thba non-stro values %vuLd =oat

closely fit the Poisson curve. Atully, the frmal& for this oilm-

tar if the new collection &is* i, 810J) - €(J) + of'(.|)e'G Some.

S, QJ) - I- .P The other method is compuettonally simpler, howr.

Recill,1 that for the case of a Poesion distribution of within-document

frequencies for T documents of equal lengh,

m- M ba()hne T-- .

In the presenat cas we are eassuing tha all the occurrences of term j
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that in this subcollection the vithin-docusmt frequencies are approl-

imtely Poisson distributed. Hence thie estimate of the new collection

Giza is

This is the formula which we actually used, though soue aple compu-

tations showed that the two formulas gave very close values on real

data (where the documents were not of constant lenSth),

Most of the cmmn estimators for the Poisson paramter a, such

as the smple man, depend on the number of docmants for which A D(jd)

0 0, ae ell as the noa-zero values of APOD(j,d), Our estimate I of

the paramter a wes obtained from the aom-sero values alone in the fol-

lowing way:

Fr a Poisson distribution with parameter u,

P~k) -e a and M(-I)-,t "

(k-i):
Hence,

kP (k)
k - l)

Let nj(k) be the number of documents for which AFOD(j,d) - k in some

collection, and let T be the number of documents in that collection.

Then if APOD(j,d) has a Poieson distribution, P(AMDJ,d)uk) can be

approximated bynj (k ), and a can be estimated by using ratio@ of the
T

form

k n 
e 

(k)
k T Le k n(k)

T



Lo w*ere 19*ins i n @aw iats of m Olioh doesn't depuen"I1 as

we miht have taken a wuighted avaraa a of ttme ratios for k a 2,3,4,9,.

up to the laraost valua o k tor whLcii rtOk) 0 0. The ratio, bover,

is undefined when n(k-l) 0. une solution to this problem is to

amooth the values of n(k) such that they are monotore deers'asing to

the right of the peak so k increase. The algorithm we used to ccemp-

Itsh this is illustrated in Figura 3-1. The values resulting from this

algorithm ware then used in an estimwtoe p3 of a obtained by the formula

kjk)

k 2.k2 " (k-l)

Vbare n'(k) - number of doeuwente for which AD(j,d) k,

after smoothing to that n'(k) 0 for k < k

'( (k-1) + n I (k)

2 (N.n (0)) - n'() - n 1 ()

k - largest k such that n j (k) > 0, and

M = number of documents in original collection.

Note that

Scj(k) 1.

k-2

3.3 Vold Pair Statistics

The second main typo of statiistical processing performed in

the current experiment was statistical word association, a two step

?rocess for determining the ext t to which vords co-occur in a given

collection of text. The first step in statistical word association is

coputation of co-occurrence statistics, and the second is computation

of mesures of association. The text input for the first stoep consists

Ii
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/dropped ".I,roophout thh Ie r1Ocaito

Se reak to the valueof~ k which mixle1~cs n(k) for k,,2.,
Set ntlii to the largest~ kc uch that: r(k):'O.
Sot nl:) n(k) for all kx,101m.

( 2.

T)I ff W(1+1) - nl(T) I~r
n'(1+1) - n'( r+i) - .(p!'D1Ct'

jn'9(I)-n1(1)4 .4*DIff.''1l

N.-.~b t1? 1+2

Y
* *~ * SWI * ,alao.I

Y (-0 n'() 2 .4Dtmn(.L nif ) n'(1) n1-1 .2Df __jI2Dif

rig (- Od0

L~-r~r
N

YN( ~--.- SWI- .To.77~-? XIT

Figure 3-1. Algorithm for Smoothing the Values n Mk of

the Frequency Functioni for the Wilthin-Docusint rrequencies,
AFOD(j,d), So That the Resultin~g Values n ()are mono.
tone Dereasing to the Right of the Peak.
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of a set f Verde ordered 01 0 or mor strtiSo of ionmalme In a'

nubar of ovarlapping aet$. A co-occurrence statistic is samly a

function of tho Joint occurronces of two or more words in the input.

An axnmple of a co-ucturrenco statistic would be the number of times

;w word j occur at distanc d fro~ ozia another in a oerkns of

text. The s oe step in Statistical word '&aocLaLaon Li the compu-

tation of a measure of association between itw sets of words. based

on co-occurrence statistics involving the words in these to. The

waasure of association between the set oontainint word i and the set

e.ntaining word j, for example, might be a combination of a nmber of

co-occurrence statistics for the pair i,.l, divided by some noro Lisi-

tion factor, based on ts number of individual occurrence@ of words

i and J. We are also interested in second order associations, since

synonyms are expected to have high association of this type, If A

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

matrix, the D - A2

The formula we used for measure of association is one inve-

tigated by Paul Jones and Robert Curtico (1967):

A(ij) - JrSC(ij)
AfC(i)P.APSC(J) q

where A(ij) is the measure of association of words

i and J, JSC(i,J) is the Joint frequency of L and

j on a Sentence basis in the qollectiou, i.e., the

number of sentences in which both i and j occur,

A2W,(L) is the number of sentences in which i

appears, as efined earlier, and p + q I 1 (typical

value 'are p - q - .5).
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3.4. I!npl1entatton of SrAti eal Goiputntion

The computation of single word distribution statistics and

word association u i ntics in the current experiment was based on a

Qri.~W-"a of the iaput ..c.-.. 41h.-c no rd....o aatzt=d aft *nt-ft for

.ach occurrence of each word, giving the word type and the "coordinates"

of that occu"rrene, namely, document nbesr, paragraph number within

document, sentence umbe wictin paragraph, and word numr within

sentence. The entries were arranged alphabetically by word type and

within a single type in order of occurrence. The context accompanying

each occurrence was not explicitly stored.

There are several advantages in using a concordance as a base

for generating statistical data on words. One advantage is the flex-

ibility which results from having data stored in an intermediate form.

One concordance can be used for ccmputing a variety of single word

statistics or measures of association between word pairs in les time

than the rescanning of the original texts would require. Hence the

concordance is an excellent bae for experimental studies.

In addition, a concordance can be useful when humans are editing

computer-produced statistical data, since it serves as an elentary

information retrieval system. Sentences in which a highly associated

pair of words co-occur, for ex-aple, can easily be located and dis-

played.

The concordance has a further advantage relevant to ccmputatLon

of association measures. One of the problema in working with word

associations is the quantity of data that can be genrated. In partic-

ular, for word types, there are about V2 /2 word pairs whose associa-

tion maasure could be computed, assuming a symmtric masure. In the
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curr6nt experiment there vere about 6,000 types, and ense about

18,000,000 potential association measures. The great majority of these

would have boen zero, but even if only two per cant were non-zero, the

storage required for them would be quite arge. The concordance up-

pronch permits soma selectivity in this situation. Since the measure

of asrociation 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-

haps several hundred words and saving these along with the concordance

is possible. Figure 3-2 shows the storage requirements 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 a set 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 only

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 routines written

for the IBM 7094 by Ian 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 1964 was generated separately from 1966, and the two con-

cordances were then merged.) From the concordance a count was made of



3torage Spact Required
(in number of computr words)

2,000,000

1,600,000 -

.02T
2

1,200,00 - /
/

/

400,000 - /

I ~ /2

ooooo6/_- .........--:
.. .. T (exaggerated)

1060000 0,0

Length of Input Text, i.e., Number of Tokens

Explanation:

7 is a rough cstimn.te of the number of word typos for a text of
ieuloraLe honog;eneity; assuming each type is stored in one computer
ord, T is the storage required Zor word types.

.02T' is a conservative estimate of the number of non-zero associations
bctweenall 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 for an association measure and one
to Identify the two typos, then .02T2 Is the storage space required.

C Is the storage required foi a concordance of the input text, assumi
2 computer words are used per tolen.

C + 2002 and C + 4002 are the storage requirements for a concordance
plus all associations between 200 and 400 words respectively.

Figure 3-2. A Comparison of Storage Requirements for

Different Approachos to Statistical Word Association.
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the frequency (number of tokens) for each word type which, after nor-

ting, r'suled it) ,t f'ecii.2ncy ordered list of word types.

Two procedures were used to reduce the amount of data to be

peiv-~L by th~l atatistical programsa: deletion of comon words Pnd

delgtL n of low frequency words. The exclusion of common words which

were on a li-c obtained automatically was intended as a substitute for

deletion of function words on a list generated manually. 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 th1;. text and a dictionary for it

with irequencies from Luther Haibt of IBM and Margaret Fischer of Time.

(Their use of this data was described by the presentation of Haibt,

Fischer, '.,etelhut, and Ogg (1967).) We sorted the dictionary by fre-

quency and 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

.ontrol terms which were not to be deleted from the Computing Reviews

concordance, since we wanted to see how their statistics would compare

with the statistics of core terms. Of the remaining 244 terms on the

Time common term tape, 217 appeared in the Computing Revisws concord-

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 another 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 .i some review, This procedure resulted

in the elimination of 5,204 word types and 11,446 tokens. Thus the



"reduced" concordance used for the statistical processing contained

984 word types and the coordinates for the corresponding 27,404 token .

The first step in obtaining single word distribution statistics

from the reduced concordance was a tabulation of within-document fre-

quancies for each of the 984 terms. These frequency counts were stored

on tape so that they would be available later if we should want to

compute new types of single word distribution measures. The measures

computed in the curret experiment were the ones defined earlier in

this section. The results were stored on tape, and the ordering of

the 984 terms according to their distribution measure values was ob-

taixed for each measure 6y sorting. The orderings were printed out

and evaluated as described in the following section.

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 nunber 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 two

words, i.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 mersure
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of associAtion was obtained as the total co-occurrence count divided

by functions of the individual frequencies, according to the formula

presented earlier.

The evaluation of the various outputs of the statistical comp-

utation programs is discussed in the follovin section.

A'
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4. RESULTS

4.1 Introduction

The two goals in the nreAment ewr~na-ent unre" (1) topparchive

cvalun"ion of a number of measures of the distribution of single words

among documents, and (2) au evaluation of two applications of uLatia-

tical association measures for word pairs. The first application of

statistical association measures was the process (described earlier)

of expanding a small set of specialty 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

mi.n-achine interaction in the process of formulating an information

request. This subject 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. I h did not attack the problem of comparing different functions as
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 experimtntal comparison of different measures has

been reported by Paul Jones and Robert Curtice (1967).
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addition, generality is an important paraoter affecting the choice of

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

Hence, we evaluated each distribution measure for its ability to mnke

the two types of separations. It was originally our idea (Rubinoff

and Stone (1967)) to use single word distribution data first to sag-

regate specific spacialty words from general specialty words and non-

specialty words, including common words, and then to separate the

general specialty words from the non-specialty words. As the follow-

ing discussion of results will make clear, we found a 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 specialty words according to their degree of

generality.

The single word distribution measure" 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 omitted. The measures were evaluated in terms of their ordering

of the 984 words, rather than in terms of their absolute values for

these words. Jones and Curtice (1967) are advocates of this type of

evaluation, pointing out that the absolute magnitude of a measure for

one word is not meaningful in isolation; its relation to the values

of the measure for other words is more crucial.

4.2 Specialty - Nor-Specialty Discrimination

The measures were first evaluated for their ability to dis-

criminate between specialty words and non-specialty words. Six sets
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of words were chosen for this purpose: a low-frequency non-specialty

,-et (consisting primari1y ot function words), a low-frequency specialty

5et, mid-frequency non-specialty and specialty sets, and high-frequency

nou-v:i, clalty and ,;,---Aaity cct q. For each frequency range, non-

apwldilty and upeci ilLy words were matched for frequency, so that there

would be no bias due to frequency. The choice of non-specialty or

function words, though subjective, was in the spirit of Miller, Newman,

and Friedman (1958). The specialty words were picked rather arbitrar-

ily. Two criteria were used to judge the separating power of the mes&-

ures. One was the separation of the average rank order for non-

specialty words from the average for specialty 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 are thus making the simplifying assumption that if

a measure is a good discriminator between non-specialty 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 (alternating intervals of non-specialty and

specialty words) was considered improbable.

Table 4-1 lists the words in each et and Figure 4-1 is a

detailed comparison of the ordering induced by one of the measures on

the members of a specialty Bet and a non-specialty set. Bach 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 sumarizes the rank order data for each set for

severao of the distribution'measures. It Is evident that the two Sawma

(coefficient of skewness) measures illustrated and the Poisson measure



Table 4.i. Word Sets Uved in the Speeioity.lon-Ip~e*e± y[ DIscrinnation EvaluaItion of Distrihution kleaaures.

Low Frequency Non-Spoc'iity Words Low Frequency S.,cialty Words

!trely Cnnnider-bly Algorithmic Comtpiling
:rcot I on Followin On!II no: 1)l!%k

tnstend 'i L U, iM o ' IT/
Tharofore reivhap3 Cons tiuct I on Model
Somewhat Providcd Sorting 1roblem-oriented
T" I sCd Rca onabl iN a trtx Proce ssor
Ptrpo.se Whether Variabhles Tape
VaIlle Syntnax

Mid Frequency Non-Specialty Words Mid Frequency Specialty Words

Possible opr rni-rn
Usi ng, Co:mzpl cr,
Thus Procedure
Snerms Manua I
D s'crihes Time-sharing
Severa 1 Functions
Very Method
However Notation

High Frequency Non-Specialty Words High Frequency Specialty Words

If Cobol
Al so Language
An List
Or Program

*These were four out of the

seven control comon terms.

Note: The words in the low frequency sets had a total
frequency in the collection between 6 and 44, i.e.,
6<.AFOCj)c44. For the mid frequency sets,
45- AFOC(J)! 90, and for the high frequency sets,
I00:i AFOC(J) 520.
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9R4 (low NoN-srECIALTY VCRr)
viirianc)

uslic

THUS
SEEMS
DESCRIBES
SEVERAL
VrRY
HOWEVER

. CT ,TY~ ~WORDS

OPERATOS 400 •
CGIPILERS
PROCEDURE
MANUAL
TIMS-SIIARING
FUNCTIONS
MET11OD
NOTATION

I (high variance)
RANK ORDERS

Figure 4-1. A Sample of the Ranking Inducod by

the Poisson-Normalized Variance, VPLFO(.).
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U(.) havo fairly aitlr behavior. For all three of these mauras

Ih zoparation of average rank order of non-specialty from specialty

words is under 200 for the high frequency range, and for the variance

measure VLFUD(.) the separation is 26.3. The reason for these low

scparacions is probably the lack of independence between these four

measures and frequency (AFOC(.)). In particular, the gamma mesures

and the Poisson S() tend to give a high-frequency word a high raa

order independent of whether it is a non-specialty word or a specialty

word, whereas the variance measure VLFOD(-) tends to have a large

value and hence assign a low rank order to such a word. The Poisson-

normalized variance measure VPLPOD(.) is the only measure with no

overlap between the high-frequency non-specialty and specialty rank

order intervals, and it separates the average rank order of non-

specialty and specialty words by 400.8.

The Poisson-normalized variance measure also performs better

than ony of the other tested measures in the mid-frequency range and

the low frequency range. (Note that this measure is the one analogous

to the 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 non-specialty and specialty average rank orders for this

region shows that the distribution of values for specialty words is

well displaced from the distribution for non-specialty words. Except

for the standard variance VXOD(o), the measures perform better in the

mid-frequency range than in the low or high frtquency ranges.
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The other property of sin;;c word distribution teasures which

we investigated was the correlation between thesc measures and the

specificity or generality of the words. This correlation was evalu-

aLed in az uannar Similar to thc evaluation of tChe specialty - non-

specialty discriminition of the measures. Five sets of words wore

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 subject area category, while each term in the more spe-

cific subset was related to one or more of the general terms. In the

first four sets the relation was itat 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 szt each term

in the more specific set was related to one or more terms in the more

general st either 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. Six measures were evaluated for their ability

to separate the rank orders of the words in the relatively general set

from those of the words in the corresponding relatf.vely specific set.

The result for one measure 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 in Tables 4-4a, 4-4b. and 4-4c. It is evident that

generality determination is a more di ' klt statistical task than

specialty - non-specialty 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, due to the



Dls htution Xcar. " of Goncrality.

Cr, f . I G t,up 3Gc r', . 'h (cc.ry i . .crms Generic Terms
U'oc " Ifl r .,QDiVic

Pr arp&.5 orDev Icc 5S:'-- i i" 'i'o, Softarc Enu I pment
System Hardware

Cobol Systems UnitContext-free Spne~ffic Term UnitsCpl. Assembler Specific Terms

Fortran Assemblers ConsoleI I %-V As semb ly Consoles

Jovial Coml) la t I on CoreLIS]) Compiler CPUL Ist-procc si,;v Compilers DiskMch Inc- i nde pendcnt Comp I lins, Drum!ach inc-or ion Led Executive Magnct i cMadcap Interpreter PrintersIMC: Ll language 'la cro,-encra tor Remoro
PL/1t, on i tor Tape

Pro' lcm-ori ented Su perv isor 'rapes
Trac Translation Terminals
Xpop Translator Typewriter

Group 4 Group 5
Generic Terms General Terms
Mcmory Program
Storage Programs
Structure Routine
Structures Routines

Specific Terms Subprograms
Core Subroutine
Disk Subroutines
Drum Specific or Component Terms
File Command
Files Commands
Format Comments
Formats Declaration
List Declarations

instruction
Location rnstructIons
Locations Loop
Pushdown Loops
Record Macros
Re-istar Operation
Stack Operations
Trees Statement
Word Statements
Words



984

GENERIC TFRMS

MHIORY
STORAGE
STRUCTURE
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WORD
WORDS

RANK ORDERS

Figure 4-2. A Sample of the Ranking Induced by the

Poisson-.ased Generality Measure, S(.).
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amount of overl p bctwaon tha general and specific rank orders, the

seporation -f average rank ordure La not so useful a statistic. What

is needed is a measure of degree of overlap, one that is more Infor-

matlv than tha welth vi the overlap interval. We have chosen the

follow.nL, moasLurc for 1'i, purpo'.'

N (G) N0(P)D -N G)' (P
NT () NT(F

where a is the general set,

P is the specific set,

N0 (G) is the number of general terms in the overlap

interval,

N T(G) is the total number of terms in the general

set, and

N (P) and NT(P ) are defined nimilarly.

A lower value of this measure corresponds to less objectionable overlap.

NO(G)
The fraction G is the proportion of general terms which would be

misclassified if the boundary attempting to segregate general and

specific terms were placed go as not to misclassify any specific terms,

and conversely for -- " ",, reason for taking the product of the
N T(P)

two ratios is this: for a given number of terms in the overlap inter-

val (N0 (G) + N0 (P)), a greater difference between N0 (G) and NO(P)

corresponds in general to a situation in which fewer total misclassifi-

cations will be made. Suppose N 0(P) is large while NIO(G) is just 1 or

2. Then if the boundary is placedso as to misclassify none of the

specific terms, only 1 or 2 general terms will be misclassified. The

product N 0 (G) .N 0 (P) is smaller when the difference between No(G) and

N0 (P) is greater, assumiug the sum is the same. Hance the measure



ham a lwer value in Lhi', situation.

Th'L last row in Table 4-4c ii. Lhe sum for each measure of the

vi. ,if D for the five seesa of words tested. The measure with Ihe

lo~;,': (b,It) AuM is LhO Poisson easure S(-), and AFDC(.) and AFOC(.)

were almost as good no S(.) in mcaouring generality. It i irtoreating

to note that the performancc of the coefficient of skewness LFOD(,)

was not nearly as good as that of S(-), whereas in the specialty - non-

specialty discrimination, they were more neaFly comparable. The three

no.iures with the best overall general-specific discrimination ability

all had more difficulty with Group 5 than any other group, and this

group was the one that I.d the relation whole-part along with generic-

specific.

The most successful general-specific discriminator, S(.), was

defird as the size of the hypothesized document collection for which

tho ,t/n-%er-. voltyei of itbi-cctment frequency would most nearly fit

a Poi:uon distribution. The motivation fo= rbis definition was tha

thought that a very specific (particular) word might have roughly a

Poisson distribution within a small subset of the doctument collection,

namely that portion which covers the subfield in which the specific

word denotes a concept. The word probably will not have been used in

all the documents in the subset, trough one can imagine that it was in

the authors' "pool of available words" while writing theme documents

and was used some of the time while a synonym was used at other times.

For doumnents outside the subset, this specific word was for all prac-

tical purposes not in the "pool of available words". Our experimental

results encourage us to make the following working definition: the



,cI:I1Lt' y of A aonttsnt word with respect to a given deoelket s sx-

;,)Ver.;L2d by a iit of s. ±5 tho proportion of documents in this

ce to which the word is riucvinlL, Lie ratio S(.)IN can be ,aJua&u d

an attcmpt to c.5tilul~u 1unurality.

4. e , Ov of Distribution M!cnsuro Sviduntciqn

In summary, or conclusion is that among the masures we tented,

Lhee is no single measure which will order tha words roughly in the

following way: non-specialty words, general specialty words, specific

specialty words. Our finding has been that two different measures are

needed, one for soparating non-specialty from specialty words, and

another for separating general from specific words, among the specialty

wortis. It is not too surprising that general-specific discrimination

should be more difficult than non-specLalty - specialty. The problem

of homographs probably accounts for much of the difficulty. Homographs

would not cause much trouble for non-specialty - specialty discrimLna-

tion, because most homographs would be judged specialty words for ll

of their meanings. Homographs like "will", .which can be either a non-

specialty (function) word (azn auxilliary verb) or a specialty word. (a

leeal documnt), are quite rare. However, it is likely that the dif-

ferent meanings of a specialty word homograph are on different levels

f generality.

Th. final evaluation of single word distribution measures

involved their ranking of a set of 52 terms of special importance for

the field of computer programming. These terms were obtained from

three sources; terms used in manual indexing of the documants(reviews)

whi:h were the input data for the statistical processing, terms defined

in the IU'-ICC Vocabulary of Xformation Processing (1966) and terms
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_,,"4:4.dng. Table 4-5 enumeratas these words. The evaluation data are

i. lustrated in Table 4-6. Data on the seven coIILrol coemnon terms in

a1 oi¢nciudcd in those L.'.c:,. t;icr than tha variance VLFOD(,), which

c-,', Lu common vords lower than the index words, the measuro Ve'LtOD(,)

gives the lowest (best) average rank order for the index terms, no

doubt bacau a both general and *j pi ia tehnical terms are used in

indexina, and have a high value (low rank order) of VP'LFOD(,).

4.5 Evaluation of Word Association Applications

Two uses of statistical word association were investigated in

our current experiment, and there is a different type of evaluation

appropriate for each. First, measures of association were used in the

word-inferencz process of expanding a small "kernel" vocabulary into a

larger, more couprebensive vocabulary for a specialty area, and, second,

they were used directly in interactive (man-machine) retrieval request

formulation.

4.6 Tht. Expansion Process Usinp Word Associatton

To test the expansion process described in Section 2, we chose

a set of mid-frequency specialty terms concenrrated in the subfield of

computer software. The set d of 14 terms, all of which had a

frequency between 25 and 75 in he collection. The expansion process

began with this set of 14 As the "kernel" and the rest of the 984 terms

Lr the reduced concordance (except for the seven control comnon tarus)

as the non-kernel et. After four cycles of the expansion process, a

total of 96 terms were added to the original kernal. Table 4-7 shows

which terms were added by each itaration and gives the frequency for
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Table 4-5. A rial tndc Tcrn-a and Control Comon Terms,.

Crnup I. Trih:; (.,Li frc'q. ,1,0 in Group 2. Tort' (with freq.-('u)L~n P cvie text) u cd In wnual 100 In Coiputing Reviewsifl ir - tCoAiPULtin* Reviews or text) from IFrI.ICC Vocb., ri':1.! from subject Ir dtcer of ulary and nAL JU Group I.

.drc.i ng T istrutIons Assombly,\ !;or !thm Mani pli at ion Au tocode

AIlocation 'MaLrIX CodeA scnbler Non-iiwnorlical Declaration
AuLomatic On-linc IdentifiersCoding Parallel Instruct i onConstruction Pu sh-down Interpreter
Control Recursive Interpretlve
Design Rout tne Operation
Eror Simulation ProcedureFxecution Storage Problem- oriented
VL lvc Symbol Sets
Fornuat Syntax Translator
li'.lemontation Time-sharing
Index Translation
Input

Group 3. Terms from any of the three
above sources which had freq." s100
In Computing Reviews text,

Algol
Cobol
Compler
Language

List
Machine
Program
System

Group 4. Control Common Terms from
TIme ,agaz-ne (freq. in Com'utInS
kovlews text Is indicated in
parenthess).

Also (109)
An (495)
And (17260
if (107)
Or (270)
Though (21)
Very (77),
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Table 4-6. Average Rank Order for Aettial 1ndx To-a;
and Control Cmaon Terms of Table 4-5.

Toem Set TRO V1200 CAFLfFM VPLP
Grotp I Index)':515. 7 '476.4 484.4 1524.4 263.4 IF13.0 1208.1

Group 2 (IFIP) 497.2 50.- 1.910. 379.139. 36.

Croup 3 (Core) 8 50. 5 358.5 859.9 t806.1 12.6 10.0 79.4

Groups 1,2, & 3 562. 5 543. 2 550. 3 562.7 253. 5 208. 6 22 A.5

roup Contro
JCommon Terms 2 ..9 904.0 j882.6 1907.9 119.0 85.9 433.3

- - - - - - - -,1-. . . - .
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Tnbol 4.7. StAgea In the 9%pansion of a "Kernel" lot of

Specialty Terms by Moans of Statistlc. Word Association

Original Kernel - Iteration I -

14 Terms in Softvare Area 30 TerXs Added Because
for Which 23tAFOCI 75. Sum .40 or Sum of Sq.,..06

Term AFOC PO Term AFOCIVPLFOOrder; Order

Allocation 26 54 5 19 139
Assembly 411 241 Addresses 18 103

Algol 221 38

Coding 3al 95 Arithmetic 52 357
Execution 31 280 Asscmblare 7 273

Author 210 403
Jovial 461 3 Automatic 58 227
Lisp Compiler 124 113

Computer 277 155
Lists 38 207 Described 99 572

List-processing 26 51 Dynamic 13 294
Fortran 118 37

Routine 46 18 Hlarduare 30 252
27 51 173

S Input RC 42
Subroutines 32 164 Intermediate 30 131

Translation 58 116 Internal 25 49
IPL-V 16 7

Translator 49 80 Language 519 102
Languages 158 122

Average: 40.4 140.0 LIst 109 34
._... Machine 135, 140

Paper 2991 347
Program 256 156

Programmini 288 133
Register 7 37
Storage 64 75
Symbolic 30 296
Use 181 503
Used 169 709

* vragel 122,1 201.3
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Table 4-7b. Stasea in the Expatilon of a "Kernel" Set of

Specialty Terms by Means of Statistical Word Association

Iteration 2 - Iteration 3 -

R Terms Addcd nTccaww.,, 12 Terms Added Decaut.
- Sum-? 1.70 or St.m on Sq',.171  Sum 1.45 or Sum of Sq.:1.t45t

STerm 'AFOC 'VPL OD Term A . .. - .. C L Order Order

34 243 Arrays 25 448

60 67 114 Basic 71 419

Describes 62 971 Da 1148 50

Index 18 32 N,:4criptlon I11 308

Manual 57 44 Functions 65 IR8

( put 45 232 Level 4.5 135

Structures 42 240 ,rocesasin 201

System 314 41 Programs 144 228

J L Source 51 341
.Systems 10 333

Using 51 897

Written 83 636

Average: 8O 34S. -
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Tablo 4-7c. Final Stno Iii the £xponslon of a "KIrneI Set of

Spocialty Terms by Moans of Btatistical Word Asseelation

Iternron 4 -

46 Tortn Added focnuse
Sum 1.45 or Sum of Sq.>-.1 2 5

Tcrm
a it -,' .-i Order

650 71 81
Addressing 211 146
Although 57, 807
Article 831 282
Automatically 71 313
Available 58 371
Book 103 39
Code 4i1 110
Computers 72 3 15
Control 73 361
Describe 34 798
" sign 62' 264
iueveloped 41 874
Elcmnts 27 686
Exam1e Rli 483
Form 68, 719
Formal 41 312

i Given 97 476
Hiowever 851 976

Implementation 42 428
Tmplemented 20i 914
Information 96 354
Introduction 47 449
Momory 48 236
Notation F85 36
Number 110 336
Object 35 190
Operations 43 656
Performance 1 12 311
Permits 26 840
Present 51 889
Problem 135 21)
Problems 87 487
Procedures 53 34$

i Produce 20 873
Programmer 41 259
Recent 1 279
Recursive 3 397
Report 6 66
Required 5 744
Several 6 945
Simultaneous 1 453
Structuire 5 314
Symbol ' 3 378
Techniques 5 525
Variables 37 386

Average: 53. 454.6_, .5.,.._3 .'.. 5 ,



67.

each, as well as the rank order induced by the specialty - non-specalty

discrimination measure VPILOD().

The thrceuhv1a:; for sum of associations and sum of squares of

nssociations were chosen before each cycle, accounting for the varia-

tion in number of terms added each tim. An improvement would be to

compute the sum and sum of squares of asasociations for all term* first

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

into account how m~any terms would be added by the values chosen.

One property of the expansion process in this example is the

tendency for added terse to be in the same subfield as the original

kernel. Only a few of the hardware or application terms from the vo-

cabulary were ndded. Some non-specialty words passed the tests and

got in, but most of these had a high rank order for the distribution

measure VPMOD(-), and could be screened out automatically on this

basis.

It is instructive to look at specific terms and see the pattern

of associations which brought then into the kernel. Ta term '60" was

added in iteration 2, for exampl largely because of its strong

association with "Algol", which vs added in iteration I. Another

example is illustrated in Figure 4-3, where lines joining words repre-

sent those association measures greater than .04 which resulted in the

addLtLon of the word on the right to the kernel. This figure is a

portion of vhat Lauren Doyle (1961) would call an association map. The

word "Register" was added in iteration I primarily because 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 sm of squares criterion in iteration
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Figure 4.3. ParLial Association Map for Soe of the Terms
Tvolved In the Expansion Process 3ased on Statistical
A --oclatlon.

Storago

/,
.53

.0 Registor

( ,,o.,or ......42
L1o1 ,o 0--6/ - -'1 .'0- ex\_- -Compilers, .. -

KListsY 0

rProgram .09



2, largely duo to its aseciation with '%&$Later". Note that it had

both a direct association with "Allocation" and an indirect association

through 'egister". The problem of index resister allocation was, not

surprisingly, the central topic in one of the documents in the collec-

tion. It is interestinC that primarily because of the large assocti-

tion between "Allocation" and "Storage", the letter term passed both

the sun and sun of squares thresholds in iteration 1. 4ost of the terms

added in iteration 1 paseed only the sum threshold.

Further examples are given in tabular form in Table 4-8. Each

boy, enumerates for a given term the term (with an association measure

of at least .04 with the given term) which contributed directly to the

acceptance of the given term into the kernel. The group of boxes taken

together, however, indicate some of the indirect contributions. The

term '"Ln~uage", for exaple, which cam into the kernel in iteration

1, contributed to the incorporation of the tArms 'Vata" and "Processing"

in iteration 3, both indirectly through "Structures" and directly.

03tructures" was a sum of squares addition, "Data" ws a sum addition,

and "Processing" passed both threshold cests. "Structure", "Symbol",

and "Information" were all added in the fourth iteration by the sam

test.

From this sample of the workings of the expansion process, it

appears that both the sum of associations and the sun of squares of

associations are useful. It is also clear that interesting words are

being added as late as the fourth iteration, and that tha tend to

have more or stronger direct connections with words added to the kernel

than words originally in the kernel. Further research on the expansion

process is obviously needed, but our preliminary explorations hive made
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Table .4-An, Associntior, (r.04) Contributing to

the Suii of Squares (.190) Which Caused "Structures"
to be Added to tho Kernel during Iteration 2.
(The Sun of Association$ was 1.27.)

0 rI , I naI A.sso Ition First !Aagoelatiom

rue! Neas. with rteration o'eas. with
, "Structuroes Term '"Structures"

.ir, p .13 Aliol I .04
Lists .08 Litt .36

Dyllami .04
.06

Machine .07
paper .05
Programing .04

Tnblo 4.b. Associations ( .04) Contributing to
the Sum of Associatlons (1,17) Vhich Caused "Data"
to be Added to the Kernel during Iteration 3.
(The Sum of Squares was .080.)

Fo riginal Association First AssociationFKcrnel Mes. with Iteration Maas. vith
Term "Data* Term Data"
Allocation' .05 Automatic .05
Execuion .05 Compiler .05
Routine .08 Fortran .05

I B .05
Input .08

SLanguage 1'.04

Machine .04
Paper .04
Program .04
Programmin .06
Storage .05
Used .05

I Second Association
Iteration Meas, with
S"Data"

StriC uros .11System .07

-------------------------------------



T.ble 4.8c. As;.,tictions (.'.04) Contributing to
Ohe Sum (1.92) ond Sum of Squares (.155) of Assoc-
lattooz Which Caused "Procossin&" to be Added ro
tho Kernel during It.ratlon 3,

Kernel Ias. wiLh I Iteration MCAs. with

Toro n Pro4cessing" f.Tvrm 14Procoslil

LIsp .07 .04
Algol .04
IAuLhor .04
Automatic .05
Computert ,05

Described .04j
rnteermal .04
IPI.-V .07

LanmIane .O
- n Uager. .05
List .22
UL -processi n .04
Mlachine I 05

Paper .05

Programns .0O4

Second Association
Iteration Nqeas, with
Term "Processine"

Manual 09
Structures ,12
System .12
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T'hIs,' ',,i,. i ..... ,140n: (QA* Onntributifnx to
t110 SUII U1 A'bu cAtIOnu (I.77) Which Caused "Structure"
to be Added to the Kcrnet during Iteration 4.
(Te Sum of squ;1rsc was .105.)

Original IAsrocl,.tluJ VI r'!. . 1,c 1 LlI on -
Ketrnel I~ ,'.w ~ It, ,,, 1,11 '1,w;. with

Tcrm '$StrucLuro" I Term )"Strtleturt
%I 1",.ntl ! in . Algol.0

.05 'Arithmetic .06
Lists .00 tDyna.mrn .04

LisL .11
Program .04
Proramin .06
U1se .04

Soecond Ansoclation Third Association
IL er tion Moa. with Itcration Hen*, with
Tk "n "Structure" Term "Structure"

Describes .05 Arrays .Op
t basc ! ."0O8

iData .10
Description .06-~ ouro ...... o. 04 _

Table 4.8s. ARsociations ( .0) Contributing to
the Sum ot Associations (1.54) Which Caused "Symbol"
to be Added to the Kernel during Iteration 4.
(The Sum of Squares was .077.)

Original Association First
Rornel -Meas. with Iteration Mes. with
Term J"Symbol" Term _"Symbol"

Lists ,05 5 .04
Dynaml€ 04

Intilt .05
Language .06
List .09
Machine .0'#
Programing .04
System .05

.. ... Use .05

Second- Association Third Asociatlon
Iteration ieas, with Iteration Me&s. with
Term "4Symbol" Term "Symbol"

Structue .08 Basi .04
, lsData .05

rc__sn_ .09
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Tab!* 4-.A. Asgociations (',.04) Contributlng to
the Sum of Ansoclations (1,92) Which Couiaod
"Inormatiel to ho addcd to the Kernel during
Iteration4. (The Sun of Squre# was .105.)

OrIgInal A"Aiaition" Fi4-st Assoclattoa
Kernel I Mwa. vith Iteration 'Meas. with
Term ; "Information" Term "nnotmtion"

Sofe Computer 051ul .04IInput .07

Language .04
M achi no .0O5

, Paper .04&

:Program 1 .06
!Storage .04
JUse .06

l Used .07

Second Association Third Aseoclation
Iteration Meas. vith ITteration Haas. with
Term j " information" Term

Indox .05 Inasic .05
Manual .07 )a t .06
output .10 ,1oncription .06
System .05 l'rocc as Ing .12

Procrams .05
Source .04 I
Systems ,04



us optimistic about the ucefulnesS of the basic idea.

4.7 Word A~asvegiations in-Man-Machin_.e Inter-oction

The use of -tatiotical word association in retrieval requoxt

Ao i ultuion is described in some detali in Adaptivm Man-Kachine Inter-

1101ion in informtion Ratievn by John S. Edwards (1967). In general,

thero arc two contrasting methods of employing word association data

in the retrieval procoos. Ono method uses the data in an automatic

expansion of a retrieval request to include terms highly associated

with the original ones, while the other presents the highly associated

torms to the user and lots him modify his request. Our experiments-

tion was centered on a variation of this latter process in which the

algorithm for presentation of associated terms was an adaptive algor-

ithm. A simple adaptive algoritthm 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 a variation of this, in which word pairs vera classified

rather than single words. For example, the pair processor-channel

could be classified as a hardware relation, while orocesor-compiler

could be classified as a software relation. Each ward pair stored in

the system is associated with a category as vell as a veight (derived

from the measure of statistical association). When a request is pre-

sented to the system, it begins searching the set of word pairs (stored

in the form of lists) looking for words which are highly associated

virh one or more of the words in tLU original request. The criterion

for suggesting word j to the user is that for so k i I.

G>(n).'k(I i) >.T,
it(C

L m m m m m m m m m m m $1
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vh'ire kt ip the set of word pair categories (reinitons), C Ie Lbs tcuri

request sot, Gk(n) is the "gain" of category or relation k after n

iterations, wk(ij) is the weicht of the pair (i,j) under relation k,
rd T thI threshold. If a word i@ sugasted to the user, then it

must be the case that this word is cloacly associated with one or more

of th. words in the current index sat through one or more pair cate-

gories. It the user accepts this suggested word, the gains of th

appropriate pair categories are increased, and if the user rejects the

word, the gains are decreased. The number of cycles of suggestion and

acceptance or rejection of terms is under control of the user.

The word pair data used in our experiment came from the Com-

puting Reviews text. Three sets of words were chosen, partly on the

basis of single word distribution measures., from the 984 words on the

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

'specific terms in the area of computer hardware, another of software

terms, and another of applications terms. The associction between each

term in the first set ad all other terms was computed. All associa-

tions greater than a certain threshold were kept and were stored on

magnetic tape with the category nam "Relation " 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 set, Relation 3. The

formula for the association measure between word I in one of the three

sets and any word J outside that set was

AI4,J JFSC(i,J)ct 2/ 3.  1~c~ / 3

MFC(i) -3 AFSC(j) 11

Associations were also computed between pairs of words f-n the sam. set,

using the formula
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irsC(i 1AO J) - J ~,j

Al'SC(i)l - AFSC(J)t

The exponents 1/3 end 2/3 in the first formula were chosen so as to

increase the probabi).ity of relating more general terms to the rela-

tiv.'oy npccific terms in each set, in accordance with the result"

reported by Jonas and Curtice (1967). It should be noted that a gn-

eral term could be (and frequently was) the left member of paiir in

re than one category. For example, if channel were in the first et

(the hardware set), and compiler were in the second (the s ftwre set),

than the pair processor-channel would be claspified an Relation 1,

while the pair processor-compiler would be Relation 2, Thus our method

of generating relation data for this particular experiment wa able to

handle multiple meaning or multiple viewpoints at the level of core

terms. Homographs on the level of particular terms are much rarer and

caused no trouble in the present experiment.

The results of our experiment in interactive request formula-

tion were quite satisfactory, and can be Lllustrated by the data in

Table 4-9. Two dialogues are summariac !n this table. In both,

the same set of terms was used In the o.Af nal request (first column),

and thus th. first set of computer-generated candidates for addition

to the request set (column 2) is the same in both cases. However,

the ncxt set of suggested additions (fourth column) reflects the

area of terms which the user decided to accept In column 3, demon-

strating the adaptive aspect of the system.
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INTERACTIVE REqUEST F(I'1UtATIONWI-B SUTAR RZIWQCUT- '
I NL . SUGGESTED ACCEFITFD N

TAJDDIT' S AIToNS SUGGESTIONS

OPERATING ATLAS CQDIAND TURNAROUND
SYST4 MODULES tONITR ONLINEPRINTERS TIHE-SHARING DEBUGGINc

TRAN SMISSIoN INTERRUPT
TURNARCUND SUPERVtSGR
ONLINE REAL-TIME
COMMAND BATCH
MON ITOR EXECUTIVE
TIME-SHARING

INTERACTIVE REUEST FOHULATION
WITHAWRTWARE REINFORD4KNT

REQUEST . SUGGESTED ACCEPTED NEW
REQUEST ,~ ADITrONS ADDITIONS SUGGESTIONS

OPERATING ATLAS MODULES ATLAS
SYSTEM MODULES TRANSMISSION PRINTERS

PRINTERS TURNAROUNDTRANSMISSION ON LINE
TURNAROUND PARAMETERS
ONLINE r/0
C(OMAND DEVICES
MONITOR REGISTER
TD(E-SHlARING SIMULATION

Table 4-9. Sample Results of Man-Machine

Interaction in Request Form lation.
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5, ...C,. ,h fDATION5

5,1 Summary,

The experimonLal resulLs prciuitcd in the previous section are

K quite encouraging, and reinforce our belief that statistical p rocedurev

c.tu .;ccomplish much of the work Involved in establishing an indexing

vocabulary for use to on information system and generating relations

among the terms in this vocabulary. In particular, it appears that

measures of the distribution of words among documenes can be used to

separate specialty (technical) terms for a subject area from the non-

specialty (non-tochnical) terms. the best measure among the ones tested

being the variance of th vithin-document frequencies of a word dividd

by the total number of occurrences of the word. This process can be

augmented by a word inference process based on statistical associations

between word pairs which will expand a set of specialty terms into a

larger interrelated set of terms. Furthermore, it may be possible to

use single word distribution measures to estimate the degree of gener-

alLty or specificity of a technical term. Finally, classification

tables derived f oc statistical association measures 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, a'JAar, e thu, we hope, Indirect contributions to the very

practical problem of getting the appropriate information to the people

who need it. The continuation of the research reported on here must

involve an interplay between empirical investigation and theoretical

investigation, with model-building leading to new. experiments which in

turn modify the theoretical model.
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5.2 Pr2oAlnfor Future Repearch

One of the empirical questions which needs to be explored more

fully is the question of the form of the within-docuent frequency

distributions of words. Is it near to a Poisson distribution for fun@-[ tion or other non-specialty words of dLifarent total frequencies? How

does it vary for specialty words? Also in the empirical domain is the

tstting of a number of new sinZle word distribution measures. There

is a class of measures of which only one member was investigated in the

current experit.vint. This class consists of functions of the set of

within-document frequencies which treat the non-zero values of within-

document frequency diffErently from the zero values. The function S(,)

did this in the present investigation. There ere a great many other

functions in this class which we can imagine. One might discard 8

constant fraction of the zero values and compute standard distribution

measures (e.g., variance) for the remaining zero and non-zero values.

Or, the fraction of zero values discarded might be variable, a function

of some other statistic like total frequency. There are also a nmber

of other measures or combinstio.s of measures which could be investi-

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

of skewness divided by its expectation for a Poisson distribution, to

name two at random.

There are at least two approaches to semi-automatic generation

of a technical vocabulary which do not rely on the distribution of

within-document frequencies of single words and these should receive

attention. The first of these is exemplified by the work of Curtice

and Jones (1967) mentioned early in Section 2. The basic idea is to

attempt to determine whether a word is a specialty term by easuring
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the variLion of the context# in which it occurs, a specialty term pre-

sumably occ,.urring in a more restricted environment then a non-specialty

term. Such techniques wLaght often be based on measures of the statis-

tical association of word pairs. The other npproach to vocabulary

generation makes use of statistical data on words as used outLde the

subject area of interest. The procedure could be the following: take

a sot of documents covering the given subject area and treat them as a

single document to be indexed in the manner of Edmundson and Vyllys

(1961) and Damorau (1965). In other words, Look for terms whose rele-

Live frequency in Lhe subject areas collection is significantly higher

than their relative frequency in the language as a whole. Such vords

could be considered as indexing the field as a whole and forming its

technical vocabulary.

There are also a number of empirical questions to be answered

concerning the vord-associstion-based expansion process. One question

concerns the most desirable amount by which to expand the kernel in

each iteration. Clearly, adding a very large number of torus and

adding a very few terms are both undesirable. Uperiuentation is also

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

single word statistics or human editors, in order to reduce the number

of non-specialty words which get added.

Rxperimentation with a larger data set is in order now and is

in progress. Even with a larger data set, however, our work is likely

for some time to be Insight-oriented rather than proof-oriented, In the

terminology.of Giulano and Jones (1966). Working with a data set encom-

pasing a broader subject area will enable us to see how our techniquas

are rQlated'to the scope of the document collection.
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In the theoreteLGl model-bilding 810a, there ane several prob-

lems to be worked on. It would be deirble to find a modification in

the currant Poisson-based model which would eliminate the nced for the

assumption of equa l document lengchs. This might be accosplishd by

using ret.ativo rathor than absolute frequencies. Tutthet invbaiU dtin

of the estimator ej of the PoLsson parameter m, as defined in Section 3,

is also required.' As experimental work continues and better techniques

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 the nav knowledge. For example, if

the measures VPLFOD(.) and S(.) are confirmed in further testing as

good measure& for separating specialty from non-specialty terms 4nd

general from specific terms, respectively, then greater effort will be

needed in relating the hypotheses about language usage underlying the

two measures, It may happen that some very successful empirical approach

has no obvious Lnterpretation In terms of language usage, but the search

for such an Interpretation should be pursued tenaciously because of the

likelihood of its suggesting further experimentation or additional the-

uretical investigations.

There are several areas of research closely related to the work

reported in this documnt, and some of the results obtained here are

therefore likely to have Implications for these areas. One of the"

areas is automatic Indexing and another is automatic classification.

The automatic detection of hmog aphs and synonyms is also a related

area. Conversely, there are Ideas currently being ezplored in the"

areas which are relevant to the type of Investigations with which we

have been concerned.



in cnicluiiun, tho gAct t;f or work Id nut the automotlo|i

of a much as pnssibl, but rather, ag propopod by Lauren Doyle

(1965), the discovery of the optimal allocation of tasks between

man and computer and the most productive forms of .ai.machine

ithcraction. 'The rc-,:irch discussed here has contributed to thka

goal by showing that there are a number of important and challenging

probloms In Information rotrioval with which statistical techniques

can deal.
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