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A diagnostic system for supporting medical decisions
must do more than reach the correct diagnosis. Quick
Medical Reference,! DXplain,? and Oncocin® all provide
reasonable decision support, but none of them is extensive-
ly used in routine clinical settings, partly because of the
effort required to learn and to use these systems. Doctors
are generally reluctant to use interfaces that require exten-
sive typing. This resistance partially explains why existing
clinical decision-support systems are not more widely used.

One important factor that can influence physicians to
accept or reject a system is the quality of the user interface,
as reflected by convenience and ease of use.* Accordingly,
an interface for medical applications should

*minimize interruptions in routine patient care;

sgive users a sense of control by allowing short interac-
tions that convey the logic of how the application works;
and

suse “intuitive” input techniques that avoid typing.’

Although systems for physicians have employed pointing
devices such as light pens, touch screens, and mice, re-
searchers have long suggested that speech recognizers
would provide the most natural (and hence most accept-
able) approach to clinical data entry.

Developments in speech recognition technology have

made it reasonable to consider building tailored speech
interfaces for medical systems. Recent applications in other
domains include a system that uses speech recognition to
provide telephone banking services® and a talk-and-point
interface to an airborne warning and control system.” Medical
products also exist, including a speech-controlled system
for generating radiology reports.® Although these applica-
tions demonstrate the feasibility of speech interfaces, nei-
ther speech recognition technology nor language-under-
standing techniques have matured enough to support
interfaces approaching the scope and complexity of human
discourse. Current speech systems impose language re-
strictions on users, such as a limited vocabulary size or
constrained grammars. Even if we accept these constraints,
recognition in today’s systems is imperfect. Ideally, a
speech interface should let users communicate with the
computer effectively, efficiently, and comfortably, despite
restrictions and limitations imposed by the technology.
Although the underlying speech recognition technolo-
gies clearly need further basic and applied research, current
methods do invite experiments on incorporating speech
into data-management and decision-support systems. We
decided to assess how best to integrate existing commercial
speech systems with computing environments designed for
physicians. We examined the performance and roles of both
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A speech interface should let
users communicate with the
computer effectively and
comfortably, despite restrictions
imposed by the technology.

continuous-speech and single-word recognition products.
Our initial goal, and the one that continues to dominate our
experiments, was to develop a speech interface to a medical
diagnostic system that is easy to use and hence appealing to
physicians.

Previously, we experimented with graphics and continu-
ous speech using Oncocin, a decision support tool devel-
oped at Stanford for clinical oncology.® One aspect of this
work was to build a speech interface to a spreadsheet-like
display of a patient’s medical record during treatment.
Underlying the graphic display is an expert system for
determining appropriate adjustments to complex treatment
regimens. Although we built a speech-based interface to
that program, we realized that spoken input is best used
when the input terminology is too complex to be navigated
with short graphical menus.!%-11

We used the lessons of that work to design an interface
for QMR-DT,!? an evolving decision-theoretic version of
Quick Medical Reference, which performs diagnostic rea-
soning about diseases in internal medicine.!> QMR can be
used as an electronic textbook, a low-level consultant, or a
diagnostic consultant for complex cases. Both QMR and
QMR-DT employ a knowledge base and terminology de-
rived from a large and well-known predecessor, Internist-
1.1 QMR-DT encompasses the part of QMR’s functional-
ity that provides differential diagnoses for a set of patient
characteristics, but it uses a different algorithm to compute
diagnoses. )

Our work includes two programs that integrate off-the-
shelf speech technology with programs that manipulate
medical terminology. The Term Identifier program uses an
isolated-word, speaker-dependent speech product to pro-
vide an interface for entering medical findings into QMR-
DT. Frame Browser is an auxiliary program used by the
developers of Term Identifier to examine frame structures
(which were later used in Term Identifier). We also used
Frame Browser to experiment with a continuous-speech
system.

Our interface design was constrained by requirements
from three sources:

(1) the function of the diagnostic system (namely, to
provide possible diagnoses for a set of given patient
characteristics),

(2) the nature of medical terminology, and

(3) the limitations of speech technology.

We designed the interface to facilitate the system’s basic
functions while adequately representing the complexity of
medical terminology to permit natural interaction.

Current speech technology

The speech systems available for integration with appli-
cation products differ in various ways.!> Speaker-inde-
pendent systems recognize speech from any new speaker,
whereas speaker-dependent systems require a special ses-
sion for training the system first. Although training can be
tedious for users, it enables adaptation to user-specific
attributes and, therefore, improves the recognition rate.

All systems use some kind of speaker model that charac-
terizes the speech that can be recognized. Speaker-indepen-
dent systems typically use generic models, while speaker-
dependent systems use user-specific models. Storing data
for each speaker can require considerable disk space com-
pared to that used by generic speaker models.

Speech systems also differ in the amount of continuity
they allow in the input speech. Some systems allow contin-
uous speech, whereas others require that the user utter
isolated words, one at a time. (One-word phrases or com-
pound terms are typical, but short, multiple-word phrases
are also possible.) Continuous speech is more difficult to
process than isolated-word speech: Word boundaries are
difficult to identify, speech segments affect one another,
and function words (articles, prepositions, and pronouns)
are usually articulated poorly. However, continuous-speech
recognition lets users speak to the computer naturally;
speaking a single word at a time is less natural.

The vocabularies supported by speech systems vary in
size from 10 words to more than 35,000 words. Using a
large vocabulary causes difficulties in maintaining accura-
cy, but using small vocabularies can impose unwanted
restrictions on the naturalness of the communication. In
addition, for speech systems that use a grammar, increasing
the number of constraints imposed by the grammar increas-
es the accuracy of word recognition but reduces the natural-
ness of the communication. Typical grammars include
finite-state networks of allowable sentences (based on
phrase structure rules) and trigram grammars (grammars
that estimate the probability of a word’s being in a sentence,
given the two previous words).

Design considerations

We were aware that adding new modalities to an existing
interface might decrease system integrity or create integra-
tion discontinuity.!® In our experience, when the Voice
Navigator speech system is linked to common Apple
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Macintosh applications, the resulting interface can be less
comfortable to use than the original graphic interface.
Specifically, it is difficult to control mouse operations —
moving the cursor to a certain location on the screen, for
example — with speech. Developers can achieve good
interface integrity by addressing the requirements imposed
by the interaction modality (speech, in our case) at the
beginning of the design process. We chose to develop a
speech interface for a program that had no interface as yet
(QMR-DT), so that we could consider speech-related is-
sues from the start.

QMR-DT performs inference on a probabilistic reformu-
lation of the Internist-1 knowledge base, updated in 1985.14
This knowledge base includes more than 500 diseases,
around 3,500 patient findings (including physical findings,
test results, and demographic descriptors), and many links
defining causal, temporal, and logical interrelationships
between diseases. Because QMR-DT had been conceived
as an experiment in adapting QMR and its ad hoc scoring
scheme to use more formal probabilistic techniques, its
developers had spent almost no effort building an attractive
interface to it. When they performed experiments, they ran
the program in batch mode. As with Internist-1, the input to
the program is a set of findings, and the output is a differ-
ential diagnosis of the leading disease hypotheses, ranked
by their probabilities. Since QMR-DT would eventually
require a physician’s interface but brought to our collabo-
ration no preconceived notions about its form, it gave us an
ideal opportunity to build a speech interface from scratch
using existing speech technologies.

We needed a speech-oriented method that would enable
easy input of complex finding names, such as stomach
endoscopy longitudinal laceration cardiac location. This
task is difficult because each medical decision support
program needs a controlled vocabulary but a physician can
specify a single medical term in many ways.!” The absence
of a standard medical language requires users to speculate
what terms the system knows. Therefore, an interface to a
medical diagnostic program should recognize various al-
ternate expressions for medical concepts in the knowledge
base and should identify (for user confirmation) the intend-
ed finding for any expression entered. Without adequate
training, users might think that free-form natural language
input is possible. However, all speech interfaces operate
under restrictions that are dictated by a specific vocabulary,
and some systems require predefined word ordering. Be-
cause of the current status of speech recognition technolo-
gy, speech systems typically attain 97-percent accuracy at
most in word recognition.!?

A speech interface should compensate for these limita-
tions by guiding user interactions. The nature and form of
such guidance became the primary focus of our investiga-
tions. We used an underlying organization of relevant

Continvous speech is more
difficult to process, but
systems that require the user
to speak a single word at a
time are less natural to use.

medical terms to adequately represent the complexity of
medical expression while limiting possible user interac-
tion. Medical terms typically encompass several concepts.
For example, words describing clinical observations gener-
ally include the body part associated with the observation,
the duration of the observation, the observed severity, and
so on. We based our organization scheme on concepts that
characterize findings both explicitly and implicitly.

The dassification scheme

We examined several classification schemes that could
provide orientation stages for the input process: the QMR
finding hierarchy, which is used for navigating through
QMR to locate a desired finding;'® the Current Medical
Information and Terminology classification;!® the Unified
Medical Language System semantic network;?® and frame
data structures developed by the University of Pittsburgh’s
UMLS project to describe Internist- 1/QMR manifestations.?!
We chose to use UMLS frames to orient and guide speech
input because of their direct relation to the findings stored
in the Internist-1 knowledge base. We used these frame data
structures to tailor an intuitive finding classification to the
needs of a speech interface.

Pittsburgh’s UMLS project defined a set of knowledge
frames to facilitate the electronic translation of terms between
medical vocabularies. The frames can be used to encode
general medical terminology in a standardized format.

The frame data structures were defined at two levels of
representation: generic frames (also known as concept
frames) and instantiated frames. Generic frames provide
templates for describing general information about medical
findings in an organized format. Specifically, these struc-
tures define the set of allowable attributes and values used
in the descriptions of findings in the Internist-1, QMR,
Help,?? and DXplain vocabularies. For example, the generic-
frame structure for the concept abdominal pain contains all
the information that a physician might use to describe or
modify the concept.

Instantiated frames are organized descriptions of specific
Internist-1/QMR findings. These frames contain only those
portions of the generic frame template that are relevant to
a specific finding. For example, the instantiated frame
abdomen pain acute contains only the information that is
relevant to the duration of abdominal pain. Some of the
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Generic frame

Abdominal pain

Generic frame: Last edited on 7/17/1987 by Masarie
Allowable status: Presence or absence
Normal status: Absent

Site: Abdominal topographical site
Method(s)

Name: Gastrointestinal symptom
Reliability: 3

Qualifier(s)

Severity

Time duration qualitative
Time duration quantitative
Influence on abdominal pain
Abdominal pain radiation
Abdominal pain quality
Pattern of occurrence

Legal values for two qualifiers

Time duration qualitative
Exactly one of:
Acute
Subacute
Chronic

Pattern of occurrence

Exactly one of:

Intermittent
Recurrent
Continuous

As single occurrence
Transient
Paroxysmal
Persistent
Progressive

Figure 1. The generic frame abdominal pain and the legal values for
two of its qualifiers.?!

attributes that modify generic concepts are the presence or
absence of a finding, the location where the finding was
detected, the methods used to detect the finding, and the
quality of the finding.

Figure 1 shows the generic frame abdominal pain and the
legal values for two of its qualifiers. Figure 2 shows two
instantiations of the generic frame. The status that desig-
nates abnormal situations (presence or absence) is present
in both instantiations. The method for detecting both find-
ings is having the patient report a gastrointestinal symptom.
The site for the finding abdomen pain epigastrium recur-
rent attack <s> hx is the epigastrium, which is character-
ized in the generic frame as an abdominal topographical
site. The finding abdomen pain acute has no specific loca-
tion associated with it. The qualifier or attribute that de-
scribes the finding abdomen pain acute is time duration
qualitative with the value acute. The qualifier that describes
the finding abdomen pain epigastrium recurrent attack
<s> hx is pattern of occurrence with the value recurrent.

Before we could build an effective interface to QMR-
DT, we

elearned about the vocabulary that can be used in de-
scribing medical findings,

sexamined ways for frame structures to help users spec-
ify Internist-1 terms, and

elearned about the characteristics of and relationships
among frames.

We created the Frame Browser tool to help with these
tasks. We also used it for experimenting with a continuous-
speech system. Users can manipulate the program by mouse
and keyboard, by speech, or both.

Frame Browser runs on a Next workstation interfaced to
a Speech Systems, Inc. DS200 system. The SSI system
recognizes continuous speech and is speaker independent.
It uses several generic speaker models (for example, male
and female models) and does not require a training session
for each user. The system has a vocabulary of more than
38,000 words (including root forms and inflections) and
requires a dictionary and a grammar for each set of sentences
it is expected to recognize. Our configuration includes one
dictionary (about 700 words) and three grammars that are
switched according to the context.

Frame Browser displays generic and instantiated frame
structures on request. Users can utter a subset of more than
500 frame names into the program. This number is limited
by the medical terms appearing in the dictionary that SSI
supplies with its equipment (see Figure 3 for a sample).

Users enter speech into the system by speaking into a
headset while pressing a button. The program first checks
whether a command was uttered. Saying the name of a
command activates it and opens all the menus leading to
that command if they are not open already. A command
does not have to appear on the screen as a menu option to
be activated by speech.

If the program does not identify an utterance as a com-
mand, it interprets it as a frame name. The program deter-
mines whether an utterance refers to a generic frame or an
instantiated frame according to the active window. Utter-
ances that designate medical findings cause the corresponding
frame to be displayed. For example, after the user says
“Abdominal pain,” the frame for abdominal pain appears in
the active window.

In our preliminary testing, a physician and a nurse spoke
more than 500 frame names into the program in a fairly
quiet environment. The speakers read the names once from
a list they had not seen before the testing session. They
waited an average of 0.7 seconds for the program to decode
each utterance, and about 90 percent of the utterances were
recognized correctly. We did not notice any significant
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difference in the recognition of medical terms compared to
standard English words. While users can employ continu-
ous speech to enter findings with a reasonable recognition
time, the accuracy rate suggests that we must pay special
attention to resolving cases of misrecognized utterances.

Our work on continuous speech entry assumes that users
know the specific wording for any finding in the knowledge
base. However, this is rarely true in real clinical situations,
especially for new users. We are now investigating input
techniques in which the user does not have to know the
exact expressions for all findings.

The developers of Term Identifier used Frame Browser
to quickly associate generic and instantiated frames and to
easily access the legal values of frame attributes. The
program was also useful in assessing how well given
generic-frame fields differentiate among instantiations of
the generic frame. For example, a generic-frame field that
has a similar value in many instantiations, like the field
status with the value present (see Figure 1), is not a good
discriminator. A field that characterizes few instantiations,
like the field pattern of occurrence, or a field that has
a different value for each instantiated frame, are good
discriminators.

The Term ldentifier interface

We designed the Term Identifier program as an interface
to QMR-DT so that users could enter findings quickly and
naturally. The program’s diagnostic engine takes as input a
list of Internist-1 findings and produces as output a differ-
ential diagnosis. One difficulty in entering findings is that
the Internist-1 knowledge base has only one wording for
each of the 3,5000 findings. Term Identifier guides users in
entering these findings. The interface is especially useful in
cases where users know little about the way a finding is
represented in the Internist-1 knowledge base.

Term Identifier runs on a Macintosh under the Hypercard
development tool. It uses Voice Navigator XA by Articu-
late Systems, an isolated-word, speaker-dependent system.
The program requires a training session for each user,
including several repetitions of each utterance that Term
Identifier is expected to recognize. Voice Navigator XA
allows a vocabulary of 1,000 utterances at a time. Like
Frame Browser, Term Identifier can be manipulated by
mouse and keyboard, by speech, or both.

Presently, the program’s database of findings is limited
to the set of instantiated frames. Thus far, only about 1,200
of the 3,500 Internist-1 findings have corresponding instan-
tiated frames defined for them; therefore, the set of findings
that Term Identifier can handle is limited to that number.
However, once the remaining instantiated frames are de-
fined, Term Identifier will be able to import the frames

Instantiated frames

Abdomen pain acute

Instantiated frame: Last edited on 10/14/1987 by Masarie
Concept name: Abdominal pain

Status: Present

Method: Gastrointestinal symptom
Reliability: 3

Qualifier(s)

Time duration qualitative: Acute

Abdomen pain epigastrium recurrent attack <s> hx

Instantiated frame: Last edited on 7/29/1987 by Masarie
Concept name: Abdominal pain

Status: Present

Site: Epigastrium

Method: Gastrointestinal symptom
Reliability: 3

Qualifier(s)

Pattern of occurrence:

Recurrent J

Figur;‘ 2. Two derivative instantiations of the generic frame abdominal
pain.

Generic frame names

Somnolence

Spleen calcification

Spleen size

Stature short

Stomach aspirate fungus culture

Stomach aspirate gross inspection

Stomach external pressure deformity of imaging
technique

Straight left heart border

Subclavian bruit

Sudden death family history

Temperature

Instantiated frame names

Fever

Fever intermittent

Growth retardation

Headache severe

Heart catheterization aortic pulse bifid

Heart catheterization pulmonary venous drainage
into right heart

Heart catheterization right atrium v wave increased

Heart output decreased

Heart output increased

Heart radioisotope scan pericardial density

Hoarseness

Jaundice

Figure 3. Sample frame names that con be entered into Frame Browser
using speech.
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Enter _Findings

) Amical Site:

Al
Al
Al
Al
Abdominal Aorta Internal Wall Appea
Al
Al
9 Al
0] A
1A
2|4
3/A :
4| Al a| Fluid Wave
5]Al inal Friction Rub
6 al Lymph Node Calcification
i al Lymph Node Size
8 on By Im:

Figure 4. The list of generic concepts presenied to the user at the beginning of an
input session.

Enfel Fmdlnqs

‘Method ;
Arteriogram m
Blood Culture

o Blood Smear
Reset List Blood Test
1.1A Body Fluid Smear
7T Bodly Fiuid Test
3 Al near Caicification Catheterization
4 [Ab Double Contrast Column CT Scan
5| Abdominal Acrta Duplication OF Latera| Border Culture
6_[Abdominal Aorta Internal Wall Appearance. ECG
1. labdominal Aorta umen Echocardiogram
8 | Abdominal Aort tenctic Dilatation History
9 | Abdominal Aorta Tortuous Lymph&rllqglmgram
10 [ Abdominal Aortic Aneurysm By Imaqing .
11| Abdominal Aottic Diametel 9 Nuclear Medicine
2 Ab: ruit Pathology
3Ab Distention Physical
14 [Ab Fiuid Waye Plain Film
151Ab al Friction Ruby Skin Test
6 Abdominal Lymph Node Calcification Uttrasound
1lAb Node Size Urine Test
Abd shatic Obstruction By Imaging. \/enogramw Y

Enter Findings
;
. i Hlstnr

- 40 Generic Concepts In Llst

Abdominal Pain.
Abdominal Trauma History

Ade

Agliration

Adnosia

Alcohol Consumption
Alcohol Dependence
Alcohol Intoxication
Alcohol Tolerance
Amnesia

Apathy

Apnea

Appetite

Asbestos Exposure
Aura

Back Pain

Be_ llium Exposure %

1 Flgure 6. The first portion of the list of generic concepts for findings that are
detected by taking o patient’s history.
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directly and thus encompass the full set of
Internist-1 findings.

Beginning with all 1,200 findings, Term
Identifier reduces this set progressively as us-
ers provide information about the finding they
are looking for. To help users add information
about a finding, the program uses a classifica-
tion based on the frame data structures dis-
cussed earlier. The reduction process narrows
the scope of the findings presented to users in
two stages. The first stage helps users select an
appropriate generic concept for the finding.
The second reduction stage helps users select a
finding within that generic concept.

At the beginning of an input session, the
program displays the complete list of generic
concepts, as shown in Figure 4. The list reduces
as the user provides information about the find-
ing: the anatomical site of the finding, the
system likely to be affected by the finding,
and the method by which the finding is dis-
covered. At most, the user will have to provide
all three items, but providing just one or two
items will usually reduce the list enough to
select a generic frame directly.

An example. Let’s walk through the steps
for specifying the finding abdomen pain epi-
gastrium unrelieved by antacid using speech
input (the example can also be performed with
a mouse or keyboard). We can reduce the full
list of generic concepts by indicating the med-
ical technique by which the finding is discov-
ered (for example, through physical examina-
tion of the patient or through a laboratory test).
By saying “Method,” we obtain the list of
methods recognized by Term Identifier, as shown
in Figure 5. Since abdominal pain symptoms
are likely to be discovered by a patient’s own
complaints, it is appropriate to say “History” at
this point. The program then finds all the gener-
ic frames that can be discovered by going over
a patient’s history. Many findings have more
than one method of detection; thus, for some
generic concepts, any of several methods could
be indicated. In this case, saying “History”
makes the program display a list of 40 generic
concepts, part of which is shown in Figure 6.

We can reduce the list further by specifying
the anatomical site where the finding occurs.
If we say “Abdomen,” Term Identifier will
discern that an anatomical site has been speci-
fied, as opposed to a system or method. If the
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utterance is ambiguous (that is, if it is applica-
ble to several categories), each choice is high-
lighted on the display, and we must say one of
the category names. In this case, the word
“abdomen” suits only one category, and the list
now reduces to three generic frames. Figure 7
shows the reduced list.

The first stage of the reduction process is
complete when we select the generic concept
that best represents the finding. In this example,
we say “Select one” to select the first line on the
list — abdominal pain. Once the generic con-
cept is selected, the frame for the concept is
displayed (see Figure 8). The attributes that
form the generic frame are displayed at the top.

In the second reduction stage, the program
represents findings as instantiations of the
generic-concept frames. Most generic frames
cover five or fewer instantiated frames, and the
user can just choose from the short list. How-
ever, some generic frames have a long list of
instantiations, making a choice difficult. For
example, the generic frame abdominal pain has
30 instantiations. We can reduce the list by
supplying more information about the finding.
When we select one of the generic-frame con-
cepts by saying “Epigastrium,” the program
reduces the list for abdominal pain to only five
findings, as shown in Figure 9. We choose a
finding from the new list by saying “Select,”
followed by the appropriate line number.

Entering a finding such as abdomen pain
epigastriumunrelieved by antacidrequires five
utterances. However, in many cases where the
list of instantiated frames is short, the second
reduction stage is immediate, so entering a
finding can take as few as three short utterances.
Having selected a finding, we specify whether
it is positive or negative (that is, whether or not
itoccurs in the patient — it is often important to
know that a specific key finding does not occur
in a patient). We can also view the list of
diseases that can be associated with the finding.
Afterspecifying a set of findings, we can request
from QMR-DT a differential diagnosis for the
case.

Advantages and limitations. In our testing
of Term Identifier, two physicians entered about
100 findings into the program in a fairly quiet
environment. During two tests, they waited an
average of less than 0.5 seconds for an utter-
ance to take effect.

Anatomical Site System Method

Abdomen Histor

Num{ 3 Generic Concepts In List Reset List

Abdominal Pain

Constipation

.LAN_
>
13
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O
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=]
D |
~
™
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2
T
3
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2

=)
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18

i

Figure 7. The list of generic concepts after the user specifies the method history and

the anatomical site abdomen.

Method Time Duration Qualitative Abidominal Pain Quality
— ——
Site Pattern Of Occurrence Relieved By
— M E—
Not R&hgved By lnitiated Or Exacerbated B Abtominal Pain Radiation
Severity
Num{ 30 Findings in List { Reset List & Finding Profile B Enter Positive il Enter Negative
1.1.19 [Abdomen Pain Acute <>
2.1..20. lAbdomen Pain Chronic
3.|..21_ ] Abdomen Pain Colicky
4 |23, |Abdomen Pain Epigastrium Recurent Attack <35> Hx
5.1..39 |Abdomen Pa igastrium Relieved By Antacid
6.{.41_[Abdomen Pa gastrium Relieved By Food
1.1.52 |Abdomen Pain Epigasti
8| 22 lAbdomen Pa o
512 |Abdomen Pain Exacerbat Breathing
27 |Abdomen Pain Exacerbation Yith Exercise
1]..29. |Abdomen Pain Exagerbation With Motion
21 31 |Abdomen Pain Generalized

Figure 8. The generic frame for abdominal pain.

Method Time Duration Qualitative Abdominal Pain Qualit
Site Pattern Of Occurrence Relieved By
—
LTI
Not Relieved By Initiated Or Exacerbated B Abdominal Pain Radiatiocn
—
Severity

Num i 5 Findings In List { Reset List }{ Finding Profile JI Enter Positive il Enter Negative
bdomen Pain

&

bdomen Pa

bdomen Pa

o
{ia]
> ]
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bdomen Pain E
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bdomen Pa Unrelieved By Antacid
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Figure 9. The final list of abdominal pain findings, out of which the vser selects a
finding.
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Thyroid

Lung
Chest
Heart
Breast
Liver Kidney
Abdomen
Pelvic
Blood
Body Fluid
Bone
General
Skin
Urine
Rectum

Figure 10. The body diagram showing legal values for anatomical site.

The first test measured the accuracy of the system’s
speech component. The physicians entered more than 70
findings, specifying each finding once by saying a pre-
defined sequence of utterances (which represented a path
for afinding). In 83 percent of the cases, the interaction was
smooth, and all utterances were recognized correctly. Of all
the utterances (more than 250) used to specify the full set of
findings, nearly 90 percent were recognized correctly.

After the first test, the physicians spent some time getting
acquainted with the system. We asked the physicians to
enter 20 findings for which a path was not predefined, and
we noted each path as the physicians tried to find it.

The second test checked how easy it was for a user to get
to a given finding. We gave the physicians a case descrip-
tion from which they had to extract and enter 12 finding
names. It took about five steps to specify a finding.

Experienced users might find it more natural to say
finding names directly, bypassing the two reduction stages
described above. However, Term Identifier cannot recog-
nize finding names because most are long phrases, and the
Voice Navigator only accepts utterances of eight continu-
ous syllables at most. The scope of medical terms that Term
Identifier can handle might be expanded to include pre-
defined and custom-made synonyms for various finding
names.

There is a trade-off between the number of steps needed
to specify a finding and the number of values out of which
a user selects an item to reduce the set of possible findings.
If the list of legal values for an attribute is small, each value
might refer to a large number of findings, making the final
choice difficult. Another level of selection might be neces-
sary to narrow the set of findings. When the list of legal
values is large, each value typically refers to a small set of
findings, although it might be difficult to select a value.

Long lists are useful for speech interaction because the
number of reduction steps can be minimized while main-
taining the possibility of quick item selection. If the items
on a long list are displayed mnemonically, users can iden-
tify options easily and select an item quickly by saying its
name. In contrast, using a mouse to select an item from a
long list might be less comfortable if the user has to drag the
mouse a long way on the screen. We preferred to minimize
the number of steps needed to specify a finding, and to have
long lists of specific values presented in a clear and man-
ageable way to allow easy selection. For example, the list
of values for anatomical site is presented on a body dia-
gram, where legal values are associated with locations (see
Figure 10). We are also pursuing ways to represent other
lists of legal values in a way that makes selection easy.

T he Term Identifier interface lets users enter findings
easily into the QMR-DT program. We must still evaluate
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the interface’s value in clinical settings in a formal study.
Although the interface allows reasonably smooth commu-
nication with the diagnostic program, a continuous-speech
interface might allow more natural communication. Qur
work with Frame Browser indicates that a continuous-
speech interface could be developed for the diagnostic
system to let experienced users to say finding names directly.

We plan to develop an interface to QMR-DT that will let
users enter findings using natural-language utterances.
The interface will have to map the wide range of allowable
input phrases to Internist-1 findings. Limitations in the
current technology would restrict input to only a subset of
the English language. To avoid wasteful input efforts,
the interface will have to convey to users what kind of
utterances are acceptable in terms of content and phrase
structure.

We believe that speech interfaces will eventually perform
well and be affordable to a degree that will make them an
attractive solution for encouraging the use of clinical decision
support systems. Since some inaccuracy in the recognition
process is inevitable, however, we are also exploring the
use of intuitive graphics to resolve errors. The integration
of speech and graphics holds great promise for engineering
effective human interfaces to decision support tools.
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