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This paper presents
a performance
evaluation
of the diagnostic
accuracy
of the medical
expert system CADIAG-Z/PANCREAS.
The study included 47 clinical cases from a university hospital
with 51 diagnoses
of pancreatic
diseases (four patients
had two pancreatic
diseases).
As gold standard,
the histologically
or clinically
confirmed
diagnoses
were assumed. Performance
was studied along three lines: (a) each case was evaluated
twice, first,
by restricting
patient data to history,
physical
examination.
and basic laboratory
tests and,
second, by utilizing
the complete
set of data including
also special laboratory
tests, US, X
ray, CT-scan,
ECG, and biopsy. if available;
(b) considering
CADIAG-2’s
hypotheses
generation. each evaluation
series was also carried out twice, first. by testing whether
the gold
standard
was the first diagnosis
in the ranked
list of hypotheses
and, second. whether
the
gold standard
was among the hypotheses;
(c) receiver
operating
characteristic
(ROC) curves
were determined
by varying
an internal threshold
which determined
the extent of CADIAG2’s diagnostic
hypotheses
generation.
The evaluation
showed that CADIAG-2’s
initial list of
diagnostic
hypotheses,
based on patient history,
physical examination.
and basic laboratory
tests, usually has already
included
the gold standard
diagnosis
and thus an application
of
CADIAG-2
at a very early stage of the diagnostic
process seems achievable.
Moreover,
it
turned out that given the complete
set of patient’s
medical data the gold standard
is usually
ranked at the first place in the list of hypotheses.
except for patients with chronic diseases
where only unspecific
findings are available.
The last test series showed that ROC curves do
not only allow optimal adjustment
of the expert system’s
internal
ad hoc decision
criteria
such as thresholds,
weights.
and scores but also provide
a basis for better comparing
the
performance
of different
medical expert systems.
r 19x9 Academic
Pres. Inc.

1. INTRODUCTION
The evaluation of an expert system is a natural step that follows its design,
development,
and implementation.
Basic research in medical expert systems
aimed at finding new and better forms of knowledge representation, knowledge
acquisition, and automated reasoning is still intensively pursued; however,
some medical expert systems have already been applied as routine systems in
clinical settings (HELP (I), PUFF (2), ONCOCIN
(3), differential diagnosis of
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acute abdominal
pain (4)). There are other computer
programs
that are or will
soon be ready for practical
operation
in the hospital
or the physician’s
office
(INTERNIST-VCADUCEUS
(5). QMR (6). RECONSIDER
(7). CADIAG-2
(8, 9)). Some of these systems have already been tested with several hundred
clinical cases. The need for validation
and verification
of these expert system\
prior and during practical
operation
grows and methods for evaluating
performance. acceptability,
and costs are searched
for.
A number of methods evaluating
certain aspects of medical expert systems.
such as the systems’ diagnostic
accuracy.
the consistency
and completeness
of
their knowledge
bases, their acceptance
by the medical user. and their transportability
to other locations
have already
been devised (10. 11 i. yet further
methods
have to be developed.
The study on hand describes
a performance
evaluation
of the diagnostic
accuracy
of CADIAG-Z/PANCREAS’
(1. l.i). a medical
expert
system for
differential
diagnosis
of pancreatic
diseases.
The performance
of CADIAG-2IPANCREAS
was studied
with respect to
three different
aspects:
First, system’s performance
was determined
(a) by generating
diagnoses
on
the basis of an initial set of patient data containing
only history
items. signs
from the general physical examination,
and basic laboratory
test results: and (b)
by using the complete
set of available
data including
the initial set as well as
special laboratory
test results and results from clinical
investigations
(US, X
ray. CT-scan.
ECG. and biopsy).
This evaluation
aimed at revealing
differences in the hypotheses
generation
rooted in the availability
of patient
data
from different
examination
areas. The comparison
was done by calculating
sensitivity
and specificity
rates as measures
of the obtained
accuracy.
Second, the system’s performance
was compared
by applying
two different
definitions
of what is considered
to be a true positive
result of the expert
system. (Here. only the definition
of what is a diugtzostic lzypotllr,.sis was varied: definitely
confirmed
diagnoses
are of course true positive results.) Applied
definitions
were (a) true positive
is if the gold standard
is the first diagnosis
in
the ranked
list of generated
hypotheses:
and (b) true positive
is if the gold
standard
is among the hypotheses.
This evaluation
showed
whether
or under
which circumstances
the system indicates
immediately
the correct diagnosis
01
prompts the correct diagnosis
only among others. Again, sensitivity
and specificity rates were calculated
to assess the accuracy
of the expert system.
Third,
in order to determine
the overall degree of the system’s performance.
ROC curves were calculated
by varying an internal threshold
which influences
the extent of CADIAG-3’s
diagnostic
hypotheses
generation.
The system’s
designer
and eventually
the system’s
user is thus enabled
to optimize
ad hoc
decision
criteria
such as thresholds,
weights,
and scores, which are often an
inherent
part of an expert system’s reasoning
mechanism.
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EXPERT SYSTEM CADIAG-2

The central goal of the CADIAG-2 project is the development of a medical
consultation system for general internal medicine. Its underlying clinical issues
are to assist in the differential diagnostic process (a) by indicating all possible
diseases which might be the cause of patient’s pathological findings, with special emphasis on rare diseases: (b) by offering further useful examinations to
confirm or to exclude gained diagnostic hypotheses or to find stronger support
for them: and (c) by indicating patients’ pathological findings not yet accounted
for by the expert system’s proposed diagnoses.
After gaining experience with the medical expert system CADIAG-I
which
was formally based on first-order predicate logic and pattern matching (a), a
successor system CADIAG-2 was developed and implemented
(14, 15). This
system applies fuzzy set theory to model inherent vagueness of medical concepts and fuzzy logic to infer diagnostic conclusions. At present. CADIAG-2’s
knowledge base contains disease profiles and complex rules for about 295 diseases, among them 185 rheumatic diseases (69 joint diseases. 12 diseases of the
spinal column, 38 diseases of soft tissue and connective tissue system, 45
diseases of cartilage and bone, 21 regional pain syndromes) (16) and 110 gastroenterological diseases (35 gall bladder and bile duct diseases (17), 10 pancreatic
diseases (12, 13), 37 colon diseases, 28 diseases of the peritoneum).
The CADIAG-2 system is integrated into the medical information
system
WAMIS’ of the Vienna General Hospital (9). This integration allows the collection of patient’s findings for CADIAG-2 via the routine medical documentation
and laboratory system of WAMIS. Through a data abstraction and aggregation
process (18), patient data are made available to the CADIAG-2 system which
tries to infer diagnoses from these abstracted findings in a data-driven manner.
In addition, patient data not routinely collected in WAMIS can be added to
CADIAG-2 through a man-machine interface which processes medical terms
given in natural language. A word segmentation algorithm allows usage of
medical synonyms and abbreviations;
moreover, it accepts various orthographic variants and takes different medical suffixes into account (19).
The CADIAG-2
system was designed in such a way that three modes of
application in our hospital are possible: (a) the screening and monitoring mode
applied at a very early stage of the diagnostic process: (b) the consultation
mode applied after complete data collection; and (c) the textbook mode without
connection to the central patient data base.
CADIAG-2’s
diagnostic process is based on both stored disease profiles and
rules (usually very complex ones such as the ARA criteria for rheumatic diseases (20)). Two relationships define the association between findings and diseases in these disease profiles, first, the necessity of occurrence of a certain
finding with a disease (frequency of occurrence degree) and, second, its suffi2WAMIS
(Vienna

is the German
acronym
General
Medical
Information

for Wiener
System).
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ciency to infer the disease (strength of confirmation
degree). The same relationships are applicable
to define the associations
between
the antecedents
and
consequents
of rules.
The inference
process of CADIAG-2
aims at generating
one or more differential diagnoses
and-at
the same time-at
excluding
some or all remaining
diagnoses.
A diagnosis
is either established
as definitely
confirmed
or proposed
as a diagnostic
hypothesis
to be confirmed
or excluded
after additional
examinations are performed.
Diagnoses
are indicated
as definitely
confirmed
if pathognomonic
findings
were found in the patient or confirming
rules were triggered
by patient’s
findings. Because of the hierarchical
relationships
among diseases in CADIAG-2.
diagnoses
at a higher level in the disease hierarchy
are confirmed
as well it
subdiagnoses
are indicated
as being confirmed.
Excluded
diagnoses
are established
by either present excluding
criteria
or
absent obligatory
criteria.
Excluding
criteria
may be single excluding
findings.
exluding
rules or other, already
established
diagnoses
which
exclude
other
diagnoses.
Findings
and rule criteria
defined to be obligatory
present in the
patient to establish
a certain diagnosis
but are definitely
absent consequently
exclude
the respective
diagnosis.
Definitely
excluded
disease categories
in the
disease hierarchy
cause also the exclusion
of the entire set of the respective
subdiagnoses.
if any.
Diagnoses
being confirmed
and excluded
at the same time-which
might
happen due to contradictory
patient data and/or knowledge
base errors-are
termed diagnostic
contradictions.
They are displayed
separately
stating the
reason of being established.
Diagnostic
hypotheses
are generated
if a diagnosis
is. first. neither
confirmed, nor excluded.
nor a contradictory
result and, second, the strength
of
confirmation
of at least one present finding, one triggered
rule. or one already
established
subdiagnosis
is equal or higher than a given threshold
E (0 i c a.. I).
Since the application
of fuzzy set theory allows for mathematical
modeling
of
borderline
findings.
the degree of presence of a finding (degree of membership
in a fuzzy set) is combined
with its strength
of confirmation.
If the resulting
value, which is a measure of certainty
of the concluded
disease. lies between
the threshold
t: and unity (unity means full confirmation),
the respective
disease
has to be taken into consideration
as a diagnostic
hypothesis.
In addition,
diagnostic
hypotheses
are ranked according
to a score of support.
This score is
calculated
on the basis of. first, the number of single findings present or present
to a certain degree and having a relationship
to the disease under consideration.
second. the degree of presence
of these findings,
and third, the degrees for
frequency
of occurrence
and strength of confirmation
between
these findings
and the respective
disease.
Diagnoses
which are neither confirmed,
nor excluded.
nor diagnostic
hypotheses, nor contradictory
results are put into a category
denoted by “not generated diagnoses.”
This allows the physician
to obtain a complete
survey of all
diseases included
into CADIAG-2’s
knowledge
base.

EVALUATIONOFMEDICALEXPERTSYSTEMS

301

In CADIAG-2, two forms of knowledge acquisition have been applied, first,
acquisition of knowledge from medical experts and, second, semiautomatic
acquisition of medical knowledge from a patient data base. Medical experts
provide definitional and judgmental knowledge from textbooks and their own
practical experience. The estimation of appropriate values for the frequency of
occurrence and strength of confirmation
degrees is assisted by an automatic
procedure which calculates the respective values from stored patient records
with known diagnoses (21).
Due to the large number of medical relationships contained in CADlAGand CADIAG-2,
intense efforts have been made to verify consistency and
completeness of the respective knowledge bases. For CADIAG-1,
a program
was developed that verifies the internal consistency of the stored medical
knowledge and-in
case of inconsistencies-provides
the line of reasoning for
subsequent correction (22, 23). Because of the possible homomorphic
mapping
of CADIAG-2’s finding-to-disease relationships into the finding-to-disease relationship categories of CADIAG-1,
this program can partially be applied to
CADIAG-2’s
knowledge base as well (21).
At present, extended clinical trials for testing the diagnostic accuracy in all
differential diagnostic groups included into CADIAG-2 are in process. Results
that have been obtained by applying the system to about 700 clinical cases are
described in (8, 12, 13, 16, 17).
3. THE CADIAG-2/PANCREAS

SYSTEM

The knowledge base of CADIAG-21PANCREAS
contains the profiles of 10
pancreatic diseases: pancreatic cancer, acute pancreatitis,
chronic pancreatitis, cystic pancreatic
fibrosis,
pancreatic
pseudocyst,
insulinoma,
glucagonoma, Zollinger-Ellison
syndrome, Verner-Morrison
syndrome, and annular pancreas. Complex rules were not defined for pancreatic diseases.

In order to establish the 10 disease profiles of pancreatic diseases, 327 findings (135 history items, 57 signs from the physical examination, 67 laboratory
test results, 54 US, 6 X ray, 6 CT-scan, I ECG, and 1 biopsy finding) were
applied. Altogether, 560 frequency of occurrence and 438 strength of confirmation degrees were ,entered. Some findings, such as patient’s sex and his age
category, were included into the respective disease profiles but with a frequency of occurrence degree only. In average, about 56 findings are contained
in ,each profile (minimum
15 findings, maximum 120 findings). The complete
disease profile of pancreatic cancer can be found in (24). In addition, 21 hierarchical relationships and 63 mutual exclusions among findings are contained in
the knowledge base. There are no hierarchical relationships among diseases
defined in the pancreas part of CADIAG-2.
In CADIAG-Z/PANCREAS,
the only two diagnoses that can be confirmed
are pancreatic cancer, due to a positive cytology by percutaneous
aspiration
biopsy (US/CT-guidance)
and cystic pancreatic fibrosis, due to an abnormal
jinding by pilocarpine-iontophoresis.
Because of the lack of excluding crite-
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ria. excluded diagnoses as well as contradictory
results cannot occur. Diagnostic hypotheses are established if one of the two pathognomonic
findings are not
fully present (i.e.. the findings are uncertain) and/or the strength of confirmation between a present finding or a finding present to a certain degree and the
respective diagnosis is between zero and unity, as is in the majority of case>,
and-in
addition-the
resulting certainty
values for the inferred diagnoses
equal or surpass the threshold F. A complete example of a diagnostic process in
the area of pancreatic diseases can be found in (-34).
4. RECEIVER

OPERATING

CHARACTERISTIC

(ROC)

CURWS

An appropriate way to determine the accuracy of an automated system for
decision making is to compare its decisions with a gold standard. In terms of an
expert system for medical diagnosis. the gold standard is the histopathological
or surgical diagnosis-if available-or
at least the opinion of recognized experts against which the program’s performance should be assessed.The analysis of a series of decisions shows that four alternatives are possible.
true positive decisions, that is. the system’s decision is the “truly posistandard:
l false positive decisions, that is, a decision offered by the system is not the
standard: a “falsely positive” decision was made;
l true negative decisions, that is, the system did correctly avoid a decision
that is not the standard; the system decided “truly negative”:
l false negative decisions, that is, the system failed to make the correct
decision; the result is “falsely negative.”
l

tive”

These four alternatives can be entered into a 2 x 7 table and average accuracy
ratios may then be computed (see Table I).
Given a series of decisions, the accuracy of an automated system for decision

TABLE
2 x 2 TABLE

FOR CALCULATING

1
THE FOUR

Accu-

RACY
RATIOS:
SENSITIVITY.
SPECIFICITY,
FALSE
POSITIVE
RATIO,
AND FALSE
NEGATIVE
RATIO
(D.
DECISION
OR DIAGNOSIS
PRESENT:
D, DECISION
OR
DIAGNOSIS
ABSENT)

Note. True positiveratio (sensitivity)= cr/(a
true negativeratio (specificity)= d/(h + d):
positive ratio (1 - specificity)= b/(b + d);
negativeratio (I - sensitivity)= c/(a + c).

+ c);
false
false
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making can now be determined by calculating the sensitivity and specificity
rates or-which
is equivalent-the
respective false positive and false negative
rates of the system.
However, a system’s internal decision criterion such as a threshold usually
influences the performance of the system. In order to uncover this influence,
the accuracy rates are computed for several series of decisions, where the
internal decision criterion is varied over its possible range. The graph of the
true positive versus false positive ratios is the ROC curve in terms of the
decision performance. The ROC curves quite effectively isolate the overall
capacity for discrimination
of a system from the specific degree of discrimination given a specific decision criterion (25-27). The ROC curves obtained in our
study are given in Figs. 3-10. The figures are explained in detail in Section 5.2.
Moreover, it seems useful to explicitly provoke change of the performance of
an expert system by varying these decision criteria, which are-in
some
form-usually
an inherent part of an expert system and thus establish the
systems’ overall degree of discrimination.
By analyzing the resulting ROC
curves, it is possible to compare the systems’ capacities for discrimination
of
different expert systems. The comparison between ROC curves can be carried
out by calculating the areas under the ROC curves. Subsequently, these areas
can be tested for statistically significant differences, as is reported in (28-30).
5. EVALUATION

OF CADIAG-21PANCREAS

5.1. Patient data. For this study, 47 patient records from the 2nd Department
for Gastroenterology
and Hepatology (Director: Professor Dr. G. Grabner) of
the University of Vienna Medical School were available. Altogether, these
patients showed 51 pancreatic diagnoses. The gold standard for most of them
was the given histopathological
or surgical diagnosis; in some cases, a reliable
clinical diagnosis was available. There was a lack of cases with cystic pancreatic fibrosis, glucagonomu,
Verner-Morrison
syndrome, and annular pancreas, which occur very rarely in our department. In detail, the tested cases
were as follows:
22 cases with pancreatic cancer:
11 cases with chronic pancreatitis;
6 cases with acute pancreatitis;
2 cases with pancreatic pseudocyst and with coincident chronic pancreatitis;
2 cases with pancreatic pseudocyst and with coincident acute pancreatitis;
3 cases with Zollinger-Ellison
syndrome;
I case with insulinoma;
a total of 47 cases with 51 pancreatic diagnoses.
The complete set of patient data contained about 200 findings of which about
30 findings were present and about 170 were marked by the physician as definitely absent. The reduced set of patient data usually comprised about 20
present and 150 definitely absent findings.
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FIG. 1. Ranking
of51 clinical
diagnoses
being candidates
for hypotheses
2. The hypotheses
were established
on the basis of patient
history.
physical
lab tests only.
The threshold
f: was set to 0.05 allowing
a liberal
hypothesis
no confirmed
tic hypothesis.
FIG.
2. The

diagnoses.

2. Ranking
hypotheses

In I3 cases,

“5

the

system

failed

to establish

of 48 clinical
diagnoses
being candidates
were established
on the basis of complete

for

the

correct

hypotheses
patient
data

generation
examination,
generation.

in CADIAGand basic
There
were

diagnosis

generation
including

as diagnos-

in CADIAGhistory.
phy\i-

cal examination.
lab tests,
and clinical
investigations.
The thresho!d
R was cet to 0.05
liberal
hypothesis
generation.
Three
of the original
51 diagnoses
were confirmed
and not
candidates
for hypothesis
generation.
In I case, the system
Wed
to establish
the correct
as diagnostic
hypothesis.

allowing
;I
any longet
diagnoaix

5.2. Evducrtion
rrsrrlts.
Figure I shows the ranking of the diagnoses proposed by CADIAG-2
in comparison with the 51 gold standard diagnoses where
only the reduced set of patient data, which mostly consisted of more or less
unspecific findings such as fever. rceakwss.
vomiting, iml-ectsed hlocxf scdimcntation rcrtr, and so on. was applied. The threshold F was set to 0.05. that is,
a very low threshold allowing liberal hypotheses
generation. There were no
confirmed diagnoses. In 32 cases 162.8%), the gold standard was the first diagnosis in the ranked list of diagnostic hypotheses.
In 6 cases (I 1.8%), the gold
standard was at the second, third, or fourth place. In I3 cases (25.4%). the
system failed to establish the gold standard as a diagnostic hypothesis at all.
This can be explained by lack of specific findings in these cases, especially fog
patients with chronic pmcreatitis.
In a next step, the same cases were tested but now with the complete set of
patient data. Expectedly,
the results improved because more data containing
more specific information
were available. In 3 cases, pnncreatic
(‘ntz~‘er was
confirmed by positive cytology and was no longer a candidate for diagnostic
hypotheses generation. Figure 2 depicts the results of the remaining 48 cases in
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which the generation of the gold standard as diagnostic hypothesis was still
possible. In 41 cases (85.4%), the gold standard was the first diagnosis in the
ranked list of diagnostic hypotheses. In 6 cases (12.5%), the gold standard was
at the second, third, fourth, or fifth place, and only in 1 case (2%), the gold
standard was not among the generated hypotheses. Here, the reason was an
incomplete medical record of the patient.
The results may be summarized in the following way: On the basis of patient’s history, physical examination results. and results from basic lab tests,
we obtained diagnostic accuracies of 62.8% if we demand that the correct
diagnosis is at least the first hypothesis, and of 72.6% if we expect the correct
diagnosis at least among the first three hypotheses. By adding results from
further diagnostic investigations to the available finding list of the patient, the
diagnostic results improved drastically, as can be expected. We obtained diagnostic accuracies of 86.3% (correct diagnosis either confirmed or the jirst hypothesis) and of 96.1% (correct diagnosis either confirmed or among the first
three hypotheses).
Figures 3-10 show the ROC curves obtained for various sets of gold standard
diagnoses (Figs. 3 and 4 for all tested 5 1 diagnoses, Figs. 5 and 6 for 22 puncreatic cancer diagnoses, Figs. 7 and 8 for 13 chronic pancrentitis diagnoses, and
Figs. 9 and 10 for 8 acute puncreatitis diagnoses). Each figure contains two
curves. One of the curves, marked by stars, shows the ROC curves under the
assumption that true positive means the gold standard is among the diagnostic
hypotheses. The other curve, marked by circles, has as underlying assumption
that true positive means the gold standard is the jrst hypothesis in the ranked
list of diagnostic hypotheses, therefore a more rigid criterion.
As can be seen, the curve obtained by applying the more rigid decision
criterion shows a worse performance than the other, but only in the section of
the curves with a low threshold which allows many hypotheses to be generated.
By making the threshold higher, the number of false positive results diminishes, so, if a hypothesis remains in the list it usually is the correct diagnosis.
Each pair of figures (Figs. 3 and 4, Figs. 5 and 6, Figs. 7 and 8, Figs. 9 and IO)
were the result of testing the same cases but, first, with the reduced set of
patient data (Figs. 3, 5, 7, and 9) and, second, with the complete set of patient
data (Figs. 4, 6, 8, and 10).
The accuracy always increased by adding more specific data to the set of
patient’s findings, which concurs with the anticipated performance of such a
system, especially in the case of chronic pancreatitis (compare Figs. 7 and 8).
As can be seen from Fig. 7, chronic pancreutitis was systematically underrated
(under the dotted line) if only unspecific medical data of the patient were
available. Diseases such as acute pancreutitis or pancreatic cancer usually
obtained a higher rank by CADIAG-2
in this early stage of the diagnostic
process, but one might argue that this is even desirable because clarifying acute
or prognostically serious illnesses should be given priority.
CADIAG-2/PANCREAS
was designed in such a way that the threshold E,
which is the point of operation on the ROC curve, has as an initial value 0.10.
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0.1. 0.2, 0.3. 0.4. 0.5. 0.6. 0.7. 0.8. and 0.9. A result
under
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underrating
of the correct
diagnosis.

threshold
the 45’
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dotted
line

the values
would
be a

However, this value can be actively varied by the physician during the actual
consultation session and thus the sensitivity and specificity of the entire diagnostic system can be changed. The physician can adapt the threshold to the
available patient data and has thus control over the extent of the hypotheses
generation. This leads to an interactive optimization
of the decision results in
such a way that the physician may start with a low threshold to obtain a broad
spectrum of possible diagnoses but increases the value in the subsequent iterations when more specific findings are available and the diagnostic possibilities
narrow.
6.

DISCUSSION

Computer-assisted
diagnosis of pancreatic diseases has been an issue of
clinical interest for more than 10 years. The following should give a brief
overview on some of the attempts made so far.
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diagnosis
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The threshold
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and 0.9. A result under
the 45” dotted line would be a systematic
underrating
of pctncr-acetic, c~~cr.

In studies carried out by Thurmayr et nl. (31-34), several multivariate statistical approaches such as discriminante
analysis, cluster analysis, and factor
analysis were applied to aid in the diagnosis of pancreatic diseases. In these
applications, disease entities to be discriminated were such as pancreutic cancer, chronic, calcifying pancreutitis,
radiological
evidence of calcijication,

chronic,

recurring

puncrratitis

without

and acute pcmcrentitis. Diagnoses were
established on the basis of pancreatic function tests, where the number of test
results taken into consideration ranges from 13 to 22. As is reported in (33), the
correct classification rate obtained by applying a nonlinear discriminant analysis with 13 selected variables to different disease group arrangements was 46%
for discriminating
between six groups (32 cases with norm& pancreatic jitnction test, 21 cases with pancreatic cancer, 41 cases with culci~~ing pancreatitis,
64 cases with chronic, recurring pancreutitis,
36 cases with acute gastric or
duodenal ulcer, and 48 cases with chronic ulcer), 77% for three groups (32

1
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generation.
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The hypotheses
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on the basis of patient
history.
physical
examination.
and basic
decision
criteria
were applied:
the gold standard
diagnosis
is the,firsr
hypothesis
and the gold standard
diagnosis
is crmon~
the hypotheses
(line with stars).
The
the values
systematic

0.05.
0.1,
underrating

0.2.

0.3. 0.4, 0.5. 0.6, 0.7,
of c~/?lo~~ic~ prrncrcc~fiti.c.

PIG. 8. ROC curves
(TP.
c~i~onic~ punc~crtitis
diagnoses
established
and clinical
,)r.c/
with
result

on the basis
investigations.

hypothesis
stars).
The
under

the

(line with
threshold
45”

dotted

true

positive
ratio
being candidates

of complete
patient
data
Two decision
criteria
circles),
E assumed
line

and

would

0.8,

and

0.9.

vs FP. false
for hypotheses

A result

under

including
history.
physical
were applied:
the gold

the gold standard
the values
0.05.0.
be a systematic

lab

te\ts
only.
Two
(line with circles).
threshold
F assumed
the 45”

positive
ratio)
generation.

all 13
were

dotted

calculated
from
The hypothese\

line

is a

all I3
wcrc

examination.
lab tests.
standard
diagnosis
i\ the

diagnosis
I. 0.2.0.3,0.4.

ix trmorrp
0.5.0.6.

underrating

of (k,onic~

the hypothese\
0.7. 0.8. and

(line
0.9. .4

prtrc,wtrti/iv.

lwulthy slr~jects, I26 cases with pclncrrrrtic, disccrsrs. 84 cases with ~/lc,rr). and
96%~ for a two-group discrimination
(126 cases lzlith ptcncrrcrtic disc)crscJs and 126
cases withottt pawcretrtic. disectsts).
In (35). Durbec et NI. report on an application of screening radiological signs
to indicate pancreas pathologies. The screening was based on some selected
binary variables found to be significant for the respective
pathology.
Four
groups of pancreatic diseases were distinguished
for this purpose: pancrPrrtic
cmc-zr, chronic calciiving pmcreatitis,
nonculcjf~ir~g prmcrecrtitis.
and pro/w
hle pmicreatitis.
Another application of computer-assisted
diagnosis of pancreatic disorders is
described in Boda and Pap (36). Multivariate
statistics and pattern recognition
methods were applied to separate patients with pwwrms
insujjicietzcy from
halthy
wntrol
subjects. This two-group
differentiation
is carried out on the
basis of 14 laboratory
parameters.
The application of a linear discriminant
analysis to 71 cases yielded an accuracy of 92.2%, a nearest neighbor method
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FIG. 9. ROC curves (TP. true positive ratio vs FP. false positive ratio) calculated
from all 8 UC’LI~~
diagnoses
being candidates
for hypotheses
generation.
The hypotheses
were established on the basis of patient history,
physical examination.
and basic lab tests only. Two decision
criteria were applied: the gold standard
diagnosis
is thejrsr
hypothesis
(line with circles),
and the
gold standard
diagnosis
is among
the hypotheses
(line with stars). The threshold
E assumed the
values 0.05, 0. I, 0.2,0.3,0.4,0.5,0.6.0.7.
0.8, and 0.9. A result under the 45” dotted line would be
a systematic
underrating
of ucute pancreatitis.

pancrratitis

FIG.

curves (TP, true positive
ratio vs FP, false positive
ratio) calculated
from all 8
diagnoses
being candidates
for hypotheses
generation.
The hypotheses
were
established
on the basis of complete
patient data including
history,
physical examination.
lab tests,
and clinical investigations.
Two decision
criteria were applied:
the gold standard
diagnosis
is the
jrsl hypothesis
(line with circles),
and the gold standard
diagnosis
is umonp the hypotheses
(line
with stars). The threshold
E assumed the values 0.05,O.l.
0.2. 0.3,0.4.0.5,0.6,0.7.
0.8, and 0.9. A
result under the 45” dotted line would be a systematic
underrating
of acute puncruufitis.
ucurc

IO. ROC

puncrautitis

applied to 62 cases reached an 80.1% accuracy, and a centroid method with 66
cases showed an 85.7% accuracy. A reduction of the considered laboratory
parameter to only 7 yielded a change of the accuracy rates to 88.3%, 80.5%,
and 85.7%, respectively.
Apart from these applications dedicated to computer-assisted
diagnosis of
pancreatic diseases only, there are several other systems that include pancreatic diagnoses.
One of them is the system for diagnosing mute abdominal pain developed by
de Dombal et al. (4, 37, 38). It contains acute pancreatitis as one of the major
disease categories.
Systems that are aimed at medical diagnosis in the entire field of internal
medicine necessarily contain also pancreatic diseases.
The INTERNIST-VCADUCEUS
system (3941) (consequently also the
QMR system (6) employing the same knowledge base as INTERNIST-VCADUCEUS) contains at present 8 pancreatic diseases. In detail, these are pan-
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The diagnostic prompting system RECONSIDER (42-44) comprises the
largest number of pancreatic diseases. Twenty pancreatic diseases are included
into RECONSIDER (from (4.5)): Zollitzgrr-Ellisott
.s~ttdrotw; pctnc’rccts. rrhcrrcinl; pctt1c~ri~n.s.
rihsc~c~ss;
princwcr.s. cittrtioc~trrc~itiorllrr. body trtid trril; prrncwtrs.
rrnnulw pcincwrrs, crrropliy; pcinuctrs, cidrttoc~at.c~itiolllrl. hrtrd; ptitrc~rrtrs, c’yst.
cw~genitcil; paticrraLs, c~qsrrrdrtto~~rrr~it~~~ttt~t;
put1creu.s. c,?'sf. ,fiilw; ['ritlc~lI'os.
c.~.sttr~i~~notriri;
pcrncrt~ris. c’.v.st.trite; ptrncwtrs. injury; ptrnc~rrtitiris. ricrrtt~; ptiticre~~.s.islet-c,cll tirmor; princrecititis, clilonic; prrncrcntiliLs. Iieredilwy; puttc’reus, po.slol~c’rLttivt~:prrnc~reas./1(~tti0rr/tNKi(.. trculc; and VrrttC’t.--MOrri.sott ixler-cell rrtmor sqttdromc.
The approach taken in CADIAG-Z/PANCREAS
lead to the inclusion of IO
pancreatic diseases. After completion of the documentation and evaluation of
the other differential diagnostic groups from the area of gastroenterology and
hepatology (diseases of the esophagus, stomach, liver. gallbladder and biliary
tract, intestine, colon, and peritoneum), we will merge these single groups to a
larger system for gastroenterology and hepatology.
The heterogeneous number of pancreatic diagnoses included into the abovementioned computer systems is likely to result from the more or less controversial and continuously changing medical nomenclature that has been established
according to etiology. anatomy. and histopathology (cf. ICD-9 (4, 37) and
ICD-9/CM (48. 49)). For a computer-based diagnostic system, classification of
diseasesaccording to therapeutically and prognostically distinct entities seems
most appropriate. Application of both the INTERNIST-I/CADUCEUS
and the
CADIAG-? system will allow sufficient precise and clinically relevant differential diagnosis in the hospital and the physician’s office.
Last but not least. an application of ROC curves to evaluate clinical performance is described in (50). The aim of those studies was to evaluate the effect
of computer confidence of threshold levels and to assessclinical performance
in the diagnosis of crcrrfe trppcndiciGs.
The evaluation described in this paper was done to prepare the clinical application of CADIAG-2 in the field of gastroenterology and hepatology. CADIAG2 is aimed at an application in two subsequent phases (as described in (Y) in
more detail):
( I ) as an early, data-activated automatic screening and monitoring procedure
for detecting pathological states in the patient, for generating diagnostic hypotheses, and for proposing further useful examinations; and
(2) as an on-line consultation system for the clinician which assists him in
clarifying patient’s disorders completely and in great detail.
The results obtained so far are considered to be satisfactory. We included IO
pancreatic disease entities into the expert system which-compared
with
other, similar systems-seem to be a good choice. It was possible to formally
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describe these diseases by disease profiles including findings from all areas of
investigation. Two important medical relationships were selected to define the
association between two medical entities: the frequency of occurrence (necessity) and the strength of confirmation (sufficiency) degrees. An inference mechanism combining a fuzzy logical and a heuristic approach to conclude diagnoses
with degrees of certainty was applied. This algorithm also considered the possible vagueness of patient’s medical findings. The diagnostic hypotheses ranking
according to the heuristically calculated support score proved to be quite successful as was shown by the obtained accuracy rates. The overall performance
of CADIAG-2
is reflected by ROC curves. This measure is independent of
internal decision criteria, which-if
changed-usually
alter the outcome and
thus the overall accuracy of a system. It is argued that it seems useful to
provoke change of the performance of an expert system by varying internal
decision criteria. which-in
some form-are
usually part of the system, and
establish the system’s general degree of discrimination.
By analyzing these,
one might say, systems’ characteristic curves, it is possible to compare the
systems’ capacities for discrimination
of different medical expert systems and
to determine their optimal points of operation.
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