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Abstract

We report an expert system for analyzing free-text
responses concerning medical  histories in life
insurance applications. The system uses a sub-
language grammar based substantially on semantic
word classes, and is implemented using a logic-
programming formalism. The grammar is intention-
ally ambiguous, but the system incorporates additional
ambiguity rules which reject most inappropriate read-
ings. Setting aside utterances which have grossly
mispelled or unrecognizable words, the system pro-
duces an appropriate reading for more than 95% of the
examples examined.

Introduction

It is increasingly clear from research published in
information retrieval (IR) journals and presented at IR
conferences, that linguistic analysis needs to play a
central role if we are to succeed in solving the prob-
lems of information retrieval. Since our tasks revolve
around the manipulation of two types of texts, namely
queries and documents, the contribution that both
theoretical linguistics and the more computational field
of natural language processing should make is substan-
tial. In the past, it has been mainly the morphological
and syntactic levels of linguistic analysis that have
been applicd in processes such as stemming and
automatic noun phrase identification. The more
difficult levels of analysis, such as semantics and
discourse, have yet to be fully exploited in our sys-
tems and therefore these systems do not adequately
represent the semantic content of ecither texts or
queries. There are, however, some notable exceptions,
including the German system TOPIC [2].

Information retricval is not alone in its need to
represent and manipulate meaning, as any System
which functions using natural language text must also
be able to process language at these more complex
levels. This is particularly true of those expert sys-
tems whose input is in the form of natural language.
However, expert systems generally function in a single
knowledge domain rather than across all arcas of
knowledge as is the case with traditional IR systems.
It could thercfore be assumed that solutions to
language processing problems found in expert system
research might not be useful to the tasks of informa-
tion retrieval. However, recent IR research using
discourse linguistics on the predictable structure of
abstracts [3] or on using text structure to automatically
construct literature abstracts [4] has shown that use of
text-level regularities may alleviate the necessity of
dealing with the particularities of a variety of domains.
Taking a different approach, some IR researchers have
focused their efforts on developing systems which
work in one knowledge area alone. PLEXUS, a refer-
ence and referral expert system in the domain of gar-
dening by Vickery, Brooks and Robinson [5], and
CANSEARCH an expert system for retricving cancer
therapy documents by Pollitt [6] are good examples of
this approach.

Our approach is akin to the specialized cxpert systems
of Vickery et.al. and Politt in that it too works within

one domain, namely medical histories on life insurance
applications, but is also similar in approach to the
work of Paice and Liddy in that it relies on the regu-
larities of a particular text-type to reveal something
about the meaning of the natural language text. What
may be of most potential interest to the field of IR is
that the sublanguage approach which has shown itself
useful in this research, appears to be generalizable to
the analysis of users” queries across databases.
Linguistic theory suggests that, given a common
discourse situation and a common task, such as report-
ing one’s medical history or phrasing a query to a
database, the natural language utterances so produced
would have predictable structure and key phrasings
across individuals in spite of the unique details of the
particular situation [7].

The work we report in this paper derives from a very
practical need to process real data from naturally
occurring texts for use in an operational system
currently under development. Our work is part of the
development of an expert system for life insurance
underwriting which processes data from application
forms which are completed by insurance sales people
in the presence of the applicant. The form has
twenty-seven fields, most requiring either yes/no, mul-
tiple choice, or responses restricted in possible range,
such as dates or names. The responses to these struc-
tured questions can be interpreted in relatively
straight-forward ways and the rules in the knowledge
base for deciding whether or not to write the life
insurance policy using these regularized responses
were already well developed before we joined the pro-
ject. The problem we dealt with was the data-ficld in
which the agent can enter free-text comments on the
particulars gathered from the applicant about histher
personal medical history.

~The sublanguage approach immecdiately suggested
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itself as most appropriate. In that the applicants were
instructed to comment only on their personal medical
histories, the range of semantic data to be understood
was quite restricted. In addition, the fact that the phy-
sical size of the field on the application was roughly
7"x2", strongly suggested that the responses would be
brief utterances, possibly lacking the syntactic regulari-
tics of well-formed sentences.

Sublanguage Grammar - The notion of sublanguage
suggests that there are restricted subsets of linguistic
phenomena which can be observed o occur when
language is used within a certain semantic field for a
specific pragmatic purpose. A consequence of this
situation is that natural language processing systems
dealing with restricted language samples neced not be
capable of handling the full range of a language’s
resources in terms of ecither lexical items or syntactic
structures. Z. Harris [8] was the first to suggest that
sublanguages exist within a language, the same as sub-
systems exist in mathematics. Although the set of
sentences in a sublanguage is a subsct of the sentences
in the whole language, it is not nccessarily the case
that the grammar of the sublanguage is included in the
grammar of the whole language.



Sager’s Linguistic String  Project is the largest,
cohesive effort in the sublanguage research effort [91.
In addition, the sublanguage approach has been use-
fully applied in automatic translation of weather
reports [10]; stock market reperts [11]; legal language
[12]; and Navy messages [13],

Sublanguage Components

The free-text responses which deal with the applicant’s
recent medical problems and treatments have word
usage patterns which are extremely varied and require
a multi-level approach. The sublanguage components
hecessary to handle the variety of input and the consti-
tuent rules were derived by analysing thousands of
individual records for content, structure, and meaning,
While many records consist of two or three words and
can be approached by simply using lexical analysis
and a semantic-based Syntactic structure such as
"Exam - Cutcome,” we found no overall consistency
in pattern for longer utterances. Thus larger patterns
such as "problem- treatment-outcome” were not ulti-
mately useful as the lengthier utterances were more a
"stream of consciousness” response such as

High blood pressure ook Normodyne but
now Vasotec due to side effects,

The sublanguage analysis consists of four levels or
stages of analysis

- Preprocessing

- Lexical Analysis

- Adjacency Analysis

- Filtering for Ambiguity

The joint function of these analyses is to divide and
organize the text into discrete lexical units which can
then be passed to the parser and plotted into the Infor-
mation Format. The Information Format itself const-
tutes a part of the sublanguage grammar, as its struc-
ture was determined by analysis of the utterances in
the domain of the sublanguage. It contains three
broad categories: 1) Client, 2) Client History which
includes problem words, incident words, and medical
action words, and 3) Miscellancous Words, Each
category also may have associated Modifiers and
Negatives. More detailed levels of classification such
as disease, injury, or psychological aspect are con-
tained within these broad categories.

At the preprocessing level, abbreviations and contrac-
tions are checked and converted to a {ull, standardized
form. Specialized scanning techniques were developed
to handle frequently occurring but non-standard abbre-
viations such as those for “check-up," which may or
may not include a hyphen and may be abbreviated as
"ckp”, "cup”, "chp”, “chup”, or any of other numerous
ways. Certain carefully chosen medical lerms are also
handled in this way. Commonly misspelled words
("urinary track infection,” “tubaligation") are also nor-
malized. One important aspect of the preprocessing
analysis is the expansion of contractions which contain
a negative, allowing the program 1o recognize and
correctly place the negative and thus determine the
presence or absence of disease, The preprocessing
level has the capability of detecting certain run-on
forms of words and accidental inclusion of keyboard
Symbols or punctuation as well,

At the lexical analysis stage, the semantic word clagses
of words and certain short phrases are assigned. It is
possible for a word to be ambiguous (have more than
one sense in the lexicon entry) and be tagged with as
many as three different word classes, Word classes
are determined on the basis of the word’s semantic
function within the uttcrance and are often constrained
by the domain of the sublanguage. In addition, some

CLIENT HISTORY

words may appear to be assigned nonstandard word
classes because of their peculiar use within the sub-
language. For example, “pregnant” is tagged a
DISEASE (DS), while the word "military" is an
EXAM in this sublangnage. Some terms may have
multiple non-standard classes assigned, for example,
the word "child” can function semantically as cither a
RELATIVE-CLIENT (RL) or EXAM (EX) or a time-
modifier (TMOD). In terms of grammatical class
analysis, some words which are not actually preposi-
tions may be assigned to the Word Class PRP based
on their role of introducing words which function as
modifier phrases.

The lexicon, whose construction began with the more
obvious word classes for this sublanguage such as
body-part (BP), symptom (SYM), and exam (EX), was
later expanded to include a more detailed classification
of terms such as PHYSICAL EVENT (PE), (e.g., "car
accident”), FOREIGN OBJECT (FO), (e.g., "sliver"),
and  PSYCHOLOGICAL ASPECT ®SY) (eg.,
“divorce") which originally were simply classed as
"incidents”. This detailed level of analysis in the lexi-
con enables the processor to handle a great varicty of
sentence constructions without g fully-developed
parser. The lexicon at present containg approximately
3500 words and can handle about 90% of the vocabu-
lary encountered,

Future refinements of the system would include a
secondary lexicon for less common medical conditions
and treatments. A sample of the basic word classes is
contained in Figure 1 and includes words relating to
the broader catcgorics contained in the Information
Format.

At the Adjacency Analysis level, phrases composed of
members of two or more word classes are tested
against rules for combining adjacent words or word
class members into larger lexical units. This allows
the processor to recognize a large number of phrases
without their numerous variations being entered into
the lexicon. While there is litle reliable consistency
in overall uttcrance structure therc is enough con-
sistency within smaller sections of an utterance to
make rules of this type useful. Rules are of the gen-
eral form:

"Word” or "Word Class" ADJACENT "Word" or
"Word Class" = "Word Class”

A rule such as:
DISEASE ADJACENT TEST = TEST

allows for a variety of words classed as DISEASE 10
combine with terms classed as TEST and reduces the
size of the lexicon. For example, the words "Strep”

CLIENT

Problem Client Noun or Pronoun = CN
Body-part = BP
Symptom = SYM MODIFIERS
Disease = DS Locator Modifier = LMOD
Injury = INJ Time Factor Modifier = TMOD

Problem Verb = DSVB
Medical Action

Negative = NEG

Type of Exam = EX Preposition = PRP
Medical Personnel = DR Locator PRP = LPRP
Medical Action Verb = DRVB Time PRP = TPRP
Medical Institution = MI Adjective = ADJ
Treatment = TR Time Adjective = TADJ
Medication = RX

Result
Outcome = OC
Test = TS
Result = RS

Figure 1. Reduced Data Structure for Client Record

Amount Modifier = AMT
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mat as the Word Class TEST. Numerical phrases are
also handled by adjacency rules, an example being
"150 over 90," a blood pressure reading which is inter-
preted as a test RESULT. Adjacency rules such as
this and ones dealing with dates function within cer-
tain numerical constraints. Adjacency mles also
appear in the higher-level grammar.

An Ambiguity Filter is needed to handle ambiguous
words in the lexicon and ambiguous phrases produced
by the Adjacency Analyzer. Disambiguation is
achieved by rules which perform both syntactic and
semantic analysis. A simple example of syntactic
analysis is the determination of Word Class and there-
fore of placement of words which may be used either
as adjectives or adverbs (and which are often gram-
matically incorrect in the utterance). Semantic
analysis is used for another common occurrence: a
word which may be either a Verb or another Word
Class. An example of this is the word "left" (Verb or
Modifier). The program can correctly construe the
Modifier form in the utterance "Cancer left breast in
hospital” and the Verb form in the utterance "Prema-
ture birth left child in hospital" because lexical
analysis into Word Classes has provided the necessary
semantics for the two nouns ("child" and "breast").

The lexical units produced by the program components
discussed above are next passed to the Parser, which
plots these discrete units of information into the Infor-
mation Format. The sentence structures often contain
no punctuation or other breaks, but with the prior fine
level of analysis the parser is able to provide a correct
interpretation of information given out of context. The
parser recognizes various Word Class structures which
accommodate a variety of forms, including Noun
Phrases, Verb Phrases and modifiers. Some of the
simpler structures involve modifiers such as Time
Modifiers, Adjectives, and Adverbs. As an example,
the structure for Time Modifier simply instructs the
parser to look for the form TMOD (a discrete Word
Class either from the lexicon or created by adjacency
rules) followed by an optional second TMOD. In the
phrase "at age five years," the numeral is combined
with "age" and “"years” to become a TMOD in the
Information Format. More complex constructions are
needed for Conjunctions, Negatives, and Prepositional
Phrases, which involve scanning the utterance to deter-
mine the end of the Prepositional Phrase. - Certain
Word Classes, such as a second Negative or another
Preposition, will signal the end of a prepositional
phrase. Other Word Classes combined with specific
prepositions (with possible intervening modifiers) will
also consistently signal the end of a phrase. An exam-
ple of this type of prepositional phrase is the form "in"
or "on" plus the Word Class BODY-PART.

"on lower left leg"

The Prepositional Phrase itself can serve two func-
tions: it can be either a modifier phrase or serve lexi-
cally as a noun phrase containing a discrete unit of
information. Determination of the function of a prepo-
sitional phrase is based on the major Word Class of
the object of the preposition. A prepositional phrase
with a compound object may become two phrases,
each containing the preposition and one of the objects.
This allows the correct placement of the prepositional
phrase in the Information Format when the phrase con-
tains two different Word Classes or when the phrase is
incorrectly placed in the utterance.

The Information Format is the final output of the sul-
blanguage analysis and becomes the input for the
expert system which determines the insurability of the
applicant. As such, it is critical that the system have a

gl ucgree Ol reuapuily and  gceuracy.  rurther
refinements prior to instantiation of the Information
Format include the differentiation of verb word classes
and further incorporation of syntax to help determine
certain ambiguous Word Classes. For instance, a
record will often have the type of exam as the first
unit of information, and the outcome will be the last
information unit. The ability of the program to recog-
nize negation wherever it occurs in the utterance is of
major importance, since one of the most important
parts of processing the applications is the determina-
tion of the presence or absence of a disease or patho-
logical condition.

The Implementation

The programs are written using LOGLISP [14, 15],
running with LISP-VM [16] on IBM 370 VM systems.
LOGLISP is a logic programming system which
integrates Hom clause logic with LISP. The logic sys-
tem is somewhat akin to PROLOG (17, 18], except
that it uses a LISP-like syntax and permits the invoca-
tion of LISP functions at any point in the logic. LISP
functions may themselves invoke the logic system at
any point, perhaps recursively,

The programs accept an utterance, which is taken as a
list of words, numerals, and a few puncuation marks,
and produce one or more information formats
representing readings of the utierance. Although
extremely rare, it is possible that the programs produce
no readings at all for certain utterances. Even utter-
ances with unrecognized words will ussally be han-
dled, with such "unknowns" identified in the format.

We use the non-deterministic aspect of logic program-
ming to express the idea that there are many ways an
utterance might be understood, and to search for those
which are appropriate. As mentioned, words may
have several meanings (word classes), and phrases
may be parsed in several ways (the grammar is ambi-
guous). On the other hand, we try to avoid ambiguity,
so that most utterances will have exactly one reading.
We use both "bottom-up” and “top-down" techniques
10 analyze an utterance. The bottom-up portions
translate the orginal utterance into a sequence of ele-
mentary units with identified word classes. The top-
down portions parse this into a sequence of structured
phrases (noun phrases, verb phrases, modifier phrases)
which are then placed in the information format.

Figure 2 shows the overall organization, which
corresponds exactly to the grammatical components
described earlier.

l Parser |
T 1
Lexical utterance Paise
| Ambiguity filter | | Formater |
T {
| Adjacency analyzer |  Information format

| Lexical analyzer |
T
| Preprocessor |

Ulterance

Figure 2.
Overview of analysis




Bottom-up Processing

The initial utterance, however it is obtained, is
Tepresented as a list of atoms, either symbols or
numbers. The bottom-up portion of the system pro-
duces a lexical utterance, which is a list of words or
Phrases tagged with word class identifiers. Becauge
the entries of this list may consist of phrases of a few
words, viewed as an indivisible lexical unit, such an
entry normally has the form

(<word-class> (<word> . )

even when only one word is involved. All of the
bottom-up processing is local in nature, that is, it
depends only on the immediate context of the word or
words in question, though in several instances it takes
into account whether these words occur ag the begin-
ning or end of the tterance. In some cases we detect
phrases which we wish 1o treat as indivisible units dyg-
ing parsing, but which should be analyzed ingg finer
units in the information format. Such phrases appear
in the lexical utterance ag entries of the form

(<word-class>
(Phrase ((<word-class> (<word> . . . ) )

We could imagine putting phrases within phrases, but
have not thus far had oceasion 10 do so.

The program components correspond very closely to
the organization of the grammar, described earlier,
ere we discuss a few points about the implementa-

tion.

Preprocessor - The preprocessor  produces g
transformed utterance in which recognized variants are
represented in standard form. The preprocessor may
sometimes enlarge the lexicon temporarily, as when g
plaral form of an entry in the lexicon is detected.

Lexical and Adjacency Analyzers - Although lexical
and adjacency analysis are conceptually quite distinct,
the processing of these is closely integrated, the lexi-
con being used (quite heavily) by the adjacency rules,
rather than being applied as a separate phase. The

rules for numbers. The adjacency rules are described
by facts, but include a number of (logic programming)
rules which Specify the analysis,

Ambiguity Filter - The adjacency analyzer rather
often produces two or more analyses. The ambiguity
filter implements the rules which attempt to detect
inappropriate analyses on the basis of local relation-
ships. The filter never ransforms utterances, it simply

depend on a larger context are accepted in this phase,
but detected during parsing,

Top-down Processing

Parser - The lexical uiterance which results from
bottom-up processing is presented to the parser, which
proceeds left-to-right, more or less in a recursive.
descent style, Though the parser is usually guided by
the next unit in the atterance, it frequently explores
Several alternatives in hope of finding one or more
Correct readings. The parser construes the utterance g5
4 sequence of phrases, usually noun or verh phrases,
though unattached modifier phrases may occur ag well,

¢ unattached modifier phrase is
Just that. It will be attached later,

Tbe. Parser will construe almost anything in some
fashion, byt iy ceriain cases is designed to fajl when

HIGH BLOOD PRESSURE TREATED , NO MEDICATION SINCE JUNE 1985
¥** CLIENT HISTORY **+

DISEASE: HIGH BLOOD PRESSURE
*** MEDICAL ACTION ##%

MEDICAL VERB: TREATED

MEDICATION: MEDICATION

TIME: SINCE JUNE 1985

NEGATION: NO

Figure 3. Sample Information Format

an unsuitable reading of an ambiguous utterance is
detected. A few such cases ari

reading can only be detected by global analysis, usu-
ally involving occurrences  within prepositional
phrases.

Formatter - Most of the programs in the formatter are
concerned simply with arranging the utterance in the
information format, but some very long-range analysis
is included as well, Unattached modifier phrases are
attached o noun or verb phrases as determined from
the overall parse, and a few very special situations not
detected earlier are handled. The example in figure 3
is representative, though the utterance s more gram-
matical than many we encounter,

Experimental Results

Our specification of the sublanguage grammar and the
programs (as delineated above) which apply it to
naturally occurring utterances were lested on a sample
of 1367 utterances, The sample utterances were
comprised of two sets, Set 1, containing 685 utter-
ances, was drawn from the thousands of cases we had
used for specifying the sublanguage and developing
the programs, Set 2, containing 682 utterances, was
drawn from cases which we had not dealt with prior to
this testing. The utterances were downloaded from the
tapes received from the insurance company and passed
directly to the sublanguage programs with no interven-
tion or adjustment by the rescarchers.

Results (see Table D will be reported separately for
each set, although the figures were remarkably similar,
another indication that we are indeed dealing with a
linguistically homogeneous sublanguage. Of the 635

Table I: Results from Sets 1 & 2

Set 1 Set 2
Total Number of Utterances 685 682
Utterances Containing Unknowns due to:
Misspellings 102 96
Unusual Abbreviations 28 23
Not in Lexicon 25 65
Total Utterances with Unknowns 155 184
Unparsable Utterances 6 8
Total excluded from analysis - 161 - 192
Testable Sample Utterances 524 490
Parses Produced for Testable Sample 600 532
Average Parses per Ultterance 1.145 1.086
Utterances with no Appropriate Parse 19 20
Error Rate 3.6% 4.1%




utterances that comprised Set 1, 155 utterances con-
tained Unknowns. Unknowns are words which are not
in the system’s lexicon for one of the following rea-
sons. 102 (66%) of these were due to spelling errors
and 28 (18%) were due to use of irregular abbrevia-
tions. The remaining 25 (16%) of the unknowns were
words not yet in the lexicon. In addition, 6 utterances
were unparsable, due most likely to an unusval combi-
nation of terms on which the adjacency and ambiguity
rules as implemented at that time failed.

The unparsable utterances and the utterances with
Unknowns were excluded from the test set in order to
better measure how well the rules of the grammar and
the programs were working. For the remaining 524
utterances which form the test sample for Set 1, a total
of 600 parses were produced; an average of 1.145
parses per utterance, better than the objective of no
more than 1.5 parses per utterance that we had esta-
blished with our funder. In addition, we had said that
of these multiple parses at least one must be an
appropriate reading. In anaylzing the test output we
were overly severe on judging the readings, taking as
inappropriate any reading that is not as precise as pos-
sible. Therefore, the so-called error rate of 3.6% is to
be interpreted as a very stringent measure,

As can be seen from the results on Set 2, the sub-
language grammar and programs produced very similar
results when applied to the hitherto unseen sample of
utterances. The procedures were exactly the same as
for Set 1, that is, the utterances were downloaded from
the tapes and passed directly to the sublanguage pro-
grams with no intervention or adjustment by the
researchers. The results show that the only major
difference was the expected one, a larger number of
utterances with Unknowns, 65 or 35%, due to terms
which were not in the lexicon. An additional 96 or
52% of the Unknowns were caused by spelling errors.
The average number of parses per utterance for Set 2
(1.086) was again better than the proposed 1.5 parses
per uttterance and even better than Set 1. The error
rate (4.1%) is only slightly higher than for Set 1, a
result that shows quite convincingly how well the Sub-
language approach allows a system to correctly pro-
cess new text based on rules developed on samples of
the same text-type.

Conclusions

Perhaps we should point out that the particular sub-
language grammar developed for this implementation
is distinguished {rom others reported in the literature
by its primary reliance on semantics. In this sub-

language, even traditional syntactic categories such as

noun phrases and verb phrases are defined by accept-
able combinations of semantically determined lexical
units. A few strictly grammatical classes such as
‘preposition’ are used, but wherever possible the
specific semantic role performed by a word, such as
‘locator preposition’ or ‘time preposition’, is reflected
in the word class assigned.

This sublanguage approach to the task of representing
natural language text for use in an expert system for
insurance underwriting has produced good results both
in terms of correct parses (96.2% across Sets 1 and 2)
and number of parses per utterance (1.116 across both
Sets). Both the grammar and its implementation in
LOGLISP have shown themselves to be reliable and
workable. The system’s high level of performance
strongly suggests that the utterances being treated do
constitute a sublanguage, whose specialized vocabulary
and syntax we have been able to capture in our pro-
grams.- We are currently involved in further
refinements to the grammar and in integrating the NLP
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component with the knowledge base used by the other
components of the expert system.

We believe that the sublanguage technique described
herein offers a useful approach for analysis of other
types of natural language utterances, such as queries to
a retrieval system. Although the particulars of indivi-
dual information needs may vary, as do the illnesses
and medical treatments in this sublanguage, the basic
nature of the act of information secking may be
sufficiently homogeneous to make the sublanguage
approach worth further investigation in information
retrieval,
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