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Bayesian networks, a technique for reasoning under uncertainty, currently are being developed for
application to medical decision making. To explore their usefulness for radiologic decision support,
a Bayesian belief network was constructed in the domain of hepatobiliary disease. The network
model’s nodes represent diagnoses, physical findings, laboratory test results, and imaging study
findings. The connections between nodes incorporate conditional probabilities, such as sensitivity
and specificity, to represent probabilistic influences. Statistical data were abstracted from peer-
reviewed journal articles on hepatobiliary disease, and a network was created to reflect the data.
The network successfully determined the a priori probabilities of various diseases, and incorporated
laboratory and imaging results to calculate the a posteriori probabilities. The most informative
examination was identified, that is, the laboratory study or imaging procedure that led to the
greatest diagnostic certainty. Bayesian networks represent a very promising technique for decision
support in radiology: they can assist physicians in formulating diagnoses and in selecting imaging
procedures.

Key words: Bayesian networks, artificial intelligence, decision support systems, diagnosis,

procedure selection, gallbladder disease

I. INTRODUCTION

Bayesian networks provide a formalism for reasoning about
degrees of belief under conditions of uncertainty.' In this
formalism, propositions are given numerical probability val-
ues signifying the degree of belief accorded them, and the
values are combined and manipulated according to the rules
of probability theory. By applying this technique to medical
reasoning, one can express the relationships between diag-
noses, physical findings, laboratory test results, and imaging
study findings in terms of conditional probabilities such as
sensitivity and specificity. Physicians can determine the
a priori (“pretest”) probability of a disease, and then incor-
porate laboratory and imaging results to calculate the a pos-
teriori (““posttest”) probability. They also can determine the
most informative examination, that is, the laboratory study or
imaging procedure that has a high likelihood of leading to a
more certain diagnosis. We explored the usefulness of a
Bayesian network model for medical decision support in the
domain of hepatobiliary disease.

A Bayesian network—also called a belief network or
causal probabilistic network—is a directed, acyclic graph in
which nodes represent random stochastic variables, and con-
nections between nodes represent direct probabilistic influ-
ences between the variables.! The graph is “directed” in that
the connections between nodes have directionality, that is,
they are “one way.” The graph is “acyclic” in that it cannot
contain cycles or “feedback” loops. Each node has two or
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more possible states or values; for example, the variable
“gallstones” might have two possible states, “present” and
“absent.” Each state is associated with a probability value;
for each node, these probability values sum to 1.

Typically, the direction of a connection between nodes
indicates a causal influence or class—property relationship.
For example, a link may indicate that gallstones influence the
presence of cholecystitis. Indirect influences are represented
by paths through the network. The lack of certain types of
paths between two nodes indicates probabilistic indepen-
dence. For example, in Fig. 1, age and sex are considered to
be probabilistically independent because one does not cause
the other and they do not share a common cause. The precise
relation between probabilistic independence and connected-
ness of nodes is fairly complex and is defined in terms of a
property called d-separation.’ The strengths of influences are
represented with conditional probability matrices associated
with the links. For example, if node C has two parents A and
B, the conditional probability matrix specifies the probabili-
ties of the possible values that C can assume given all pos-
sible combinations of values that A and B can assume.

The primary operation performed with Bayesian networks
is the computation of posterior probabilities. To do this, the
values of some nodes are specified as known (“instanti-
ated”) and the probabilities of the remaining nodes, condi-
tioned on the values of those evidence nodes, are computed
by propagating the evidence through the network. Because

© 1994 Am. Assoc. Phys. Med. 1185
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Fic. 1. Network model used for the current study. Arrows indicate the direction of influence between nodes. The vertical bar at right simplifies the illustration:
all five nodes that connect to it influence all nodes to its right. The possible states of each node are shown in the lower half of each box; where not listed, the

states are “present” and “absent.”

links represent conditional probabilities, propagation across
links is bidirectional. Several alternative algorithms exist for
performing this propagation, such as that of Lauritzen and
Spiegelhalter.” The algorithms gain efficiency by exploiting
the independence information encoded in the network topol-
ogy.

Bayesian networks provide a number of powerful capa-
bilities for representing uncertain knowledge. They provide a
flexible representation that allows one to specify dependence
and independence of variables in a natural way through the
network topology. Because dependencies are expressed
qualitatively as links between nodes, one can structure the
domain knowledge qualitatively before any numeric prob-
abilities need be assigned. The graphical representation also
makes explicit the structure of the domain model: a link
indicates a causal relation or known association. The encod-
ing of independencies in the network topology admits the
design of efficient procedures for performing computations
over the network. A further advantage of the graphical rep-
resentation is the perspicuity of the resulting domain model.
Finally, since Bayesian networks represent uncertainty using
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standard probability, one can collect the necessary data for
the domain model by drawing directly on published statisti-
cal studies.

Il. METHODS
A. Sources of information

Several books on radiology decision making and proce-
dure selection®® and studies published in peer-reviewed sci-
entific journals’~'® provided most of the data for the net-
work’s knowledge base. These sources did not contain all of
the probability values necessary to construct the model.
When required probability data were unavailable in the lit-
erature or sample sizes were too small, they were supplied by
expert opinion or through the use of generic causal models.

One limitation of the published literature is the lack of
information on the prevalence of a symptom in the context of
multiple diseases. Typically, studies list only the prevalence
of the symptom in the presence and absence of each disease
individually. This is understandable since it is quite rare for a
patient to have more than one condition at a time. If a given
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symptom has several potential causes, the Bayesian network
model requires conditional probabilities for all possible com-
binations of these causes.

B. Noisy-or model

To provide the required data, we developed a generaliza-
tion of Pearl’s noisy-or generic causal model.! Where a node
is influenced by several “input™ (causal) nodes, the noisy-or
model augments available information by making certain as-
sumptions about the interactions of the causes. The noisy-or
model is considered superior to the “simple Bayes” and
“multimembership Bayes” models for estimating joint prob-
ability distributions.?

Suppose we have a variable whose states can be ordered
in such a way that the presence of a causal factor tends to
push the variable toward higher states. Suppose further that
the causes are mutually reinforcing in the sense that the more
causes that are present, the more likely the variable is to be
in a high state. Specifically, the more conditions that possibly
cause a state e;, the more likely the variable is to be in state
e;, and the state of the variable is the highest state caused by
one of the conditions. Then if the causes are mutually inde-
pendent, the influence of the multiple causes on the variable
can be represented with a generalized noisy-or gate.

In our Bayesian network model of gallbladder disease, we
expressed the influence of appendicitis, cholecystitis, gastro-
enteritis, and small bowel obstruction on each of the physical
findings with a generalized noisy-or model. The model fits
well for the two multistate variables, temperature and WBC
count, because the presence of any one condition tends to
increase the value, and one can assume that the presence of
two or more conditions tends to increase the value even
more.

The generalized noisy-or model is defined as follows.
Suppose node E has m states, e,...,e,, , which are ranked in
ascending order by some metric. Node E is influenced by n
condition nodes C,,...,C,, where each condition C i has
only two states, “present’ and “absent.”” Then the probabil-
ity that E is in state e; is just the probability that at least one
of the C; causes e, and no C; causes a higher state. Given the
independence assumption, this is

P(E =e|conditions C;)
=P(all C; cause a state<<i)

—P(all C; cause a state<<i). (1)

In Pearl’s noisy-or model, the effect variable E is permitted
to have only two states; this is a special case of our general-
ized noisy-or model. The formal derivation of the general-
ized noisy-or model is set out in the Appendix.

C. Gallbladder disease model

Our belief network model is shown in Fig. 1. We assume
that the patient presents with acute abdominal pain. The net-
work contains two diagnoses of interest: gallstones and acute
cholecystitis. Four diagnoses serve as alternative causes of
acute abdominal pain: appendicitis, gastroenteritis, small
bowel obstruction (SBO), and abdominal pain of unknown
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TaBLE 1. Assumptions for Bayesian network model. For nodes where only
the “present” state is indicated, the a priori probability of the “absent” state
is 1—P, where P is the probability of the “present” state.

Node Value  Probability Source
Age <37 0.40 (estimate)
>37 0.60
Sex Male 0.40 (estimate)
Female 0.60
Appendicitis present 0.0754 9
Gastroenteritis present 0.1193 9
Small bowel obstruction (SBO) present 0.0474 9
Abdominal pain of unknown cause  present 0.7123 9

cause. Each diagnosis node has two states, “present” and
“absent;” each state has an associated probability value. In
essence, then, these nodes represent the probabilities that the
disorders are present. The presence of gallstones influences
the probability that cholecystitis is present. Age and sex are
background factors that influence the presence of gallstones.
Because the nodes for the alternative diagnoses and demo-
graphic variables are not influenced by any “parent” nodes,
their a priori (pretest) probability values must be defined
explicitly (Table I).

The remaining nodes represent the patient’s history,
symptoms, signs, and test results. Anorexia, vomiting, diar-
rhea, obstipation, rigidity, guarding, rebound tenderness, ab-
normal bowel sounds, rectal tenderness, and ‘““similar prior
symptoms’” are symptoms and signs of cholecystitis and the
four alternative diagnoses. These nodes have two possible
states, present and absent. Two other nodes are related to
these five disorders: temperature and white blood cell
(WBC) count. Temperature has three possible states: “nor-
mal” (<38.0 °C), “low fever” (38.0-38.9 °C), and ‘‘high
fever” (=39.0 °C). The WBC count node has four states
(expressed in 10> WBCs/mm®): 0-5, 6-10, 11-15, and
greater than 15.

The model contains two imaging tests for gallstones, ul-
trasound (US) and computed tomography (CT); the links to
these tests from the diagnoses include values of sensitivity
and specificity. We considered three imaging findings for
cholecystitis: the sonographic Murphy sign (maximal tender-
ness upon gallbladder compression during ultrasound exami-
nation), thickened gallbladder wall by ultrasound, and radio-
nuclide hepatobiliary imaging (‘“HIDA”). Conditional
probabilities for the connections to these nodes are listed in
Table II. The nodes for these tests have two states: positive
and negative. The node labeled “ultrasound” consolidates
the results of the three different ultrasound tests; the link
matrix relating it to the three tests contains only zeros and
ones.

Even though we were not interested in diagnosing appen-
dicitis, gastroenteritis, or SBO, it was necessary to include
them in order to properly model the domain. These condi-
tions are included in the model so that observed symptoms
do not inordinately increase the probability of cholecystitis.
If cholecystitis were the only represented cause of a symp-
tom such as vomiting, then the presence of vomiting would
produce a high probability of cholecystitis. The inclusion of



1188 Haddawy, Kahn, and Butarbutar: Bayesian network model of gallbladder disease 1188

TaBLE II. Conditional probabilities used in Bayesian network model: CT
=computed tomography, US=ultrasound, HIDA=hepatobiliary scintigra-
phy.

Node (Value) Input conditions Probability Source
Gallstones
Age Sex
present =37 male 0.05 (estimates)
female 0.07
>37 male 0.13
female 0.20
Cholecystitis
Gallstones
present present 0.197 9,18
absent 0.00435
US gallstones
Gallstones
present present 0.955 18
absent 0.186
CT gallstones
Gallstones
present present 0.790 7
absent 0.003 (estimate)
US Murphy sign
Cholecystitis
present present 0.719 18
absent 0.124
US thick galibladder wall
Cholecystitis
present present 0.453 18
absent 0.116
HIDA
Cholecystitis
positive present 0.923 17
absent 0.161

other possible causes of vomiting attenuates the degree to
which the symptom provides evidence for any single cause
by providing alternative explanations of the symptom.

D. Analysis

The analyses were carried out using the HUGIN inference
system.21 The system allows one to fix (‘““instantiate”) the
values of any nodes in the network and to infer the probabili-
ties of the remaining nodes conditioned on these values.
There are 12 “physical findings” variables that represent
symptoms and history, 10 of which have two states (present/
absent); temperature has three states and WBC count has
four states. Hence, there are 210.3.4=12 288 possible com-
binations of presenting symptoms. By combining these with
the four different combinations of age and sex, there are
49 152 possible presentations. We determined the effective-
ness of each test to rule in and rule out both gallstones and
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acute cholecystitis by positively and negatively instantiating
each test outcome for various configurations of age, sex, and
physical findings.

The information obtained from a test result is the absolute
value of the difference between the pretest and posttest prob-
abilities of disease. To assess the value of each imaging mo-
dality, we defined two measures, informativeness and ex-
pected informativeness. The informativeness, I, of a test for
a disease is the sum of the information obtained about the
disease for both positive and negative test outcomes. The
expected informativeness, E(/), is the sum of the informa-
tion obtained about the disease for both positive and negative
test outcomes, with each term weighted by the likelihood of
observing that test outcome. That is,

I=|P(D|s,T)—P(D|s)|+|P(D|s,~T)—(Dl|s)], (2)
E(I)=P(T|s)-|P(D|s,T)—P(D|s)|
+P(=T|s)-|P(D|s,~T)—P(D|s)l, (3)

where D indicates the presence of the disease, T means the
test is positive, -7 indicates the test is negative, and s is the
constellation of symptoms. We denote the pretest probability
of disease, given the known symptoms, as P(D|s), and the
posttest probability, given the known symptoms and a posi-
tive test result, as P(D|s,T). We compared CT and ultra-
sound for the diagnosis of gallstones, and hepatobiliary scin-
tigraphy (HIDA) and ultrasound for the diagnosis of
cholecystitis.

IIl. RESULTS
A. Gallstones

Figure 2 displays the effectiveness of CT and ultrasound
for diagnosis of gallstones. Figure 2(a) shows the posttest vs
pretest probability for both tests. Each pretest probability
was computed by instantiating a possible combination of val-
ues for the demographic factors and physical findings and
propagating this evidence to determine its influence on gall-
stones. The posttest probability was then computed by addi-
tionally instantiating the outcome of the imaging finding and
propagating the information through the network. To deter-
mine the effectiveness of CT, we instantiated the node la-
beled “Computed tomography” and to determine the effec-
tiveness of ultrasound we instantiated the node labeled “US
gallstones.” For example, at a pretest probability of gall-
stones of .18, a positive ultrasound test produces a posttest
probability of .53 and a negative ultrasound test produces a
posttest probability of .01. Because of its high specificity, CT
is the optimal modality to “rule in”” gallstones at any pretest
probability of galistones; its positive posttest probability ap-
proximates unity. Likewise, ultrasound is the preferred test to
rule out gallstones. Unlike a receiver operating characteristic
(ROC) curve, Fig. 2(a) shows which procedure yields a more
certain diagnosis for each combination of history and symp-
toms for both positive and negative test outcomes.

The informativeness of CT for gallstones is greater than
that of ultrasound when the pretest probability of gallstones
is low [Fig. 2(b)]. If the pretest probability of gallstones ex-
ceeds about .55, then ultrasound, because of its ability to rule
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FiG. 2. Comparison of computed tomography (CT) and ultrasound (US)
examinations for detection of gallstones. (a) Pretest vs posttest probabilities
for positive and negative findings of gallstones on CT and US. (b) Informa-
tiveness of CT and US for diagnosis of gallstones. (c) Expected informa-
tiveness of CT and US for diagnosis of gallstones.

out disease, becomes more informative. However, the ex-
pected informativeness of CT exceeds that of ultrasound at
any pretest probability of gallstones [Fig. 2(c)]. Note that
both tests have the greatest expected informativeness at a
prior probability of .5, where “uncertainty” is greatest.

B. Cholecystitis

The performance of ultrasound and hepatobiliary scintig-
raphy (“HIDA”) are compared in Figure 3. Figure 3(a) dis-
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Fi6. 3. Comparison of hepatobiliary scintigraphy (HIDA) and ultrasound
(US) examinations for detection of cholecystitis. (2) Pretest vs posttest prob-
abilities for positive and negative findings of cholecystitis on HIDA and US.
(b) Informativeness of HIDA and US for diagnosis of cholecystitis. (c) Ex-
pected informativeness of HIDA and US for diagnosis of cholecystitis.

plays the posttest vs pretest probability of cholecystitis. To
determine the posttest probability of HIDA, we positively
and negatively instantiated the node labeled “Cholescintig-
raphy.” To define positive and negative outcomes for ultra-
sound, we introduced a dummy node that represented the
logical disjunction of the nodes “US: Murphy sign” and
“US: Thick GB wall.” Ultrasound thus was considered posi-
tive if either the sonographic Murphy sign or gallbladder
wall thickening was present; the posttest probability of ultra-
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Fi6. 4. Diagnostic probabilities based on information available in each stage
of the work-up of a hypothetical patient with acute abdominal pain. Infor-
mation includes patient’s history (Hx), physical examination (PE), labora-
tory tests (Lab), and imaging procedures (Im). See text.

sound was then determined by positively and negatively in-
stantiating this dummy node. HIDA demonstrates superior
positive and negative predictive values, that is, it offers
greater certainty for both positive and negative test outcomes
[Fig. 3(a)]. HIDA also yields the greatest informativeness
and expected informativeness over the entire range of pretest
probabilities of cholecystitis [Figs. 3(b) and 3(c)].

C. Case simulation

To illustrate the use of the belief network model, we pre-
sented information about a specific patient to the system in
sequential segments, as is common in clinical practice and in
clinical reasoning exercises. Figure 4 shows the probabilities
of all diagnoses except ““abdominal pain of unknown cause.”
Initially, no information (“None”) is available about the spe-
cific patient: the probability values indicate the a priori prob-
ability (prevalence) of each disorder for patients with acute
abdominal pain. The cumulative information provided at
each stage of the patient’s work-up, specified below, alters
the probabilities that the diagnoses are present.

History (Hx). “A 41-year-old woman presents with anor-
exia and acute abdominal pain; she denies vomiting, diar-
rhea, obstipation or similar previous symptoms.” Gallstones
and appendicitis become slightly more likely. The probability
of gastroenteritis approximates zero.

Physical examination (PE). “Guarding is present. There
is no rigidity or rebound tenderness. Bowel sounds are prob-
ably normal (P =.80). Rectal examination was deferred; thus,
rectal tenderness was not evaluated. The patient’s tempera-
ture is 38.6 °C.” Gallstones and cholecystitis become slightly
more probable.

Laboratory tests (Lab). “The patient’s WBC count is
12,600 cells/mm?.” The probability of appendicitis increases

Medical Physics, Vol. 21, No. 7, July 1994

to .12. The probabilities of gallstones, cholecystitis, and
small bowel obstruction increase slightly. Small bowel ob-
struction (P =.09) remains slightly more likely than chole-
cystitis (P =.08), and gastroenteritis remains a virtual impos-
sibility.

Imaging procedures (Im). “Ultrasound examination re-
veals gallstones and probable gallbladder wall thickening
[P=.70]. The sonographic Murphy sign is present.”” Now
gallstones and cholecystitis become the most likely diag-
noses, with probabilities of .89 and .81, respectively. Based
on the strong evidence for cholecystitis, the probabilities of
appendicitis and SBO fall to about .03, which essentially
excludes these diagnoses from consideration.

IV. DISCUSSION

Several techniques from the discipline of artificial intelli-
gence have been applied to the problems of radiological di-
agnosis and procedure selection, including rule-based
systems,”>** artificial neural networks,>*"%® and hypertext
systems.””*® Bayesian networks represent a relatively new
formalism, and recently have been applied to several medical
domains. >

Bayesian networks can successfully model the informa-
tion needed to determine diagnoses and select imaging pro-
cedures. The network provides a simple, concise method of
representing the interactions among the various components
of the domain model. Bayesian networks can explain their
reasoning by referring directly to the topology of the network
and the conditional probabilities that form the connections
between nodes; in contrast, artificial neural networks cannot
explain their reasoning. Bayesian networks employ condi-
tional probabilities obtained from studies of patient popula-
tions, a more accurate and quantitative approach than the
“certainty factors” employed in most rule-based expert sys-
tems.

For a specific patient presentation, a Bayesian network
can calculate the probabilities of the presence of several dis-
orders so that a physician can formulate a rational differen-
tial diagnosis. The techniques also can be used to assess the
utility of various diagnostic imaging procedures over the en-
tire spectrum of physical and laboratory findings. One can
assess the utility of imaging procedures in different patient
populations by altering the a priori (pretest) probability val-
ues of factors such as age and sex. Patient-specific data can
include the lack of information (‘‘rectal tenderness not evalu-
ated”) and uncertain observations (“bowel sounds probably
normal”’). If the results of one or more imaging procedures
are available, these too can be applied in the model; in this
manner, one can determine the added certainty (if any) that
additional imaging procedures would offer. Such a system
might help reduce physicians’ overutilization of imaging pro-
cedures in their quest for diagnostic certainty. >

How sensitive is our model to changes in the conditional
probability values? The topology of a Bayesian network—
which allows for conditional independence of variables—
localizes the effects of changes in conditional probability
values. In our network model, once the pretest probability of
a disease is established from the values of age, sex, and
physical findings, the posttest probability is a function only
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of the sensitivity and specificity of each imaging finding.
Sensitivity analysis of probability values in Bayesian net-
works is a topic of active research.2**

We are developing software to allow physicians and
medical students to examine the probabilities of diseases for
specific combinations of symptoms and test results. This
software will formulate explanations of the system’s reason-
ing to be used for both clinical consultation and computer-
aided instruction. We will use this software to present hypo-
thetical case scenaria to physicians to validate our model and
to assess physicians’ judgment about probabilities of disease.

Bayesian networks represent a very promising technique
for clinical decision support in radiology. They can assist
physicians in determining the most likely diagnoses and in
selecting imaging procedures. One drawback is the need for
a large amount of reliable, quantitative data to construct the
network model. Further effort is necessary to develop more
comprehensive models of interactions between demographic
factors, symptoms and diseases; effort is underway to con-
vert the knowledge base of a large, rule-based expert system
for internal medicine (QMR) into a Bayesian network
model **3!
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APPENDIX: GENERALIZED NOISY-OR MODEL

The generalized noisy-or model is defined as follows.
Suppose node E has m states, eq,...,e,, , which are ranked in
ascending order by some metric. Node FE is influenced by n
condition nodes C,,...,C,, where each condition C i has
only two states, “present” and “absent.” Define gq;
=P(E=¢,C ; present), that is, the probability that node E
attains state e; given that condition C; is present. Given these
values, we need to determine the link matrix that expresses
the conditional probabilities of £ for all possible combina-
tions of states of C,...,C,,.

Let T be the subset of {C,,...,C,} that contains all con-
ditions C; that are present. Then, since the causes are mutu-
ally reinforcing for state e,,, the “highest” state, we have

P(E=e,|T)=P(at least one condition C,; causes e,)
(A1)

=1- I (1—gu)

CjeT

(A2)

=1-]] (q1j1 g2t +qm-1)). (A3)
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Note that (1—q,,;) is the probability that C; does not cause
e, . For state e;, where 1=i<<m,

(Ad)

no C; causes ey)
k>it1

(A5)

no C; causes ek)

P( A no C; causes ek) .P( A

k>i

k=i+2
' P( A

k>i+2

P( A no C; causes ek)

no C; causes ek)

k>i+1

----- P(no C; causes e,,),

no C; causes ek)

(A6)

where Ax; denotes the logical conjunction of x;, that is, the condition x; AND x, AND --* AND x,,. Thus, by the independence

assumption,
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1- 11 > qxj

cjer \k=i-1 k=i
x| 11 > qrj > qej | |-
CjeT \k=i+1 k<i+2
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Note that this equation also holds for i=m, since
(91t g2+ +4y;)=1. Our model can be shown to be a
special case of Srinivas’ generalization of the noisy-or
model,® which accomodates multistate variables and dis-
crete functions other than the Boolean OR function.

“Reprint requests: Charles E. Kahn, Jr., M.D., Dept. of Radiology, Medical
College of Wisconsin, 8700 W. Wisconsin Ave., DH Box 151, Milwaukee,
WI 53226.

11, Pearl, Probabilistic Reasoning in Intelligent Systems: Networks of
Plausible Inference (Morgan Kaufmann, San Mateo, CA, 1988).

28. L. Lauritzen and D. I. Spiegelhalter, “Local computations with prob-
abilities on graphical structures and their applications to expert systems,”
J. R. Stat. Soc. 50, 157-224 (1988).

L. R. Kuhns, J. R. Thornbury, and D. Fryback, Decision Making in Im-
aging (Year Book Medical, Chicago, 1989).

“W. W. Scott, Jr., and P. P. Scott, Consultation in Diagnostic Imaging (B.
C. Decker, Philadelphia, 1985).

5B. 1. McNeil and H. L. Abrams, ed., Brigham and Women’s Hospital
Handbook of Diagnostic Imaging (Little Brown, Boston, 1986).

*W. H. Straub, ed., Manual of Diagnostic Imaging: A Clinician’s Guide to
Clinical Problem Solving (Little Brown, Boston, 1984).

7]. A. Barakos, P. W. Ralls, S. A. Lapin, M. B. Johnson, D. R. Radin, P. M.
Colletti, W. D. Boswell, Jr., and J. M. Halls, “Cholelithiasis: evaluation
with CT,” Radiology 162, 415-418 (1987).

8R. L. Baron, “Common bile duct stones: reassessment of criteria for CT
diagnosis,” Radiology 162, 419-424 (1987).

°R.J. Brewer, G. T. Golden, and D. C. Hitch, “ Abdominal pain—an analy-
sis of 1,000 consecutive cases in a university hospital emergency room,”
Am. J. Surg. 131, 219-223 (1976).

10p .. Cooperberg and R. G. Gibney, “Imaging of the gallbladder, 1987,”
Radiology 163, 605-613 (1987).

'D. W. Gelfand, N. T. Wolfman, and D. J. Ott, N. E. Watson, Jr., Y. M.
Chen, and W. J. Dale, “Oral cholecystography vs. gallbladder sonogra-
phy: a prospective, blinded reappraisal,” Am. J. Roentgenol. 151, 69-72
(1988).

2H. 1. Goldberg, “Imaging of the biliary system,” Cur. Opin. Radiol. 1,
76-80 (1989).

13T, Jorgensen, “Prevalence of gallstones in a Danish population,” Am. J.
Epidemiol. 126, 912-921 (1987).

MR. I. Lane and G. A. E. Coupland, *“Ultrasonic indications to explore the
common bile duct,” Surgery 91, 268-274 (1982).

13S. E. Mirvis, J. R. Vainright, A. W. Nelson, G. S. Johnston, R. Shorr, A.
Rodriguez, and N. O. Whitley, “The diagnosis of acute acalculous chole-
cystitis: a comparison of sonography, scintigraphy, and CT,” Am. J.
Roentgenol. 147, 1171-1175 (1986).

IS, Pixley, “Epidemiology,” in Gallstone Disease and its Management,
edited by M. C. Bateson (Kluwer, Hingham, MA, 1986), pp. 1-23.

17p, W. Ralls, P. M. Colletti, and J. M. Halls, “Prospective evaluation of
Tc-99m-IDA cholescintigraphy and gray-scale ultrasound in the diagnosis
of acute cholecystitis,” Radiology 144, 369-371 (1982).

8p_ Ww. Ralls, P. M. Colletti, S. A. Lapin, P. Chandrasoma, W. D. Boswell,
Jr., C. Ngo, D. R. Radin, and J. M. Halls, “Real-time sonography in
suspected acute cholecystitis: prospective evaluation of primary and sec-
ondary signs,” Radiology 155, 767-771 (1985).

“W. P. Shuman, L. A. Mack, T. G. Rudd, J. V. Rogers, and P. Gibbs,
‘“‘Evaluation of acute right upper quadrant pain: sonography and Tc-99m-
PIPIDA cholescintigraphy,” Am. J. Roentgenol. 139, 61-64 (1982).

Medical Physics, Vol. 21, No, 7, July 1994

S (H

CjeT

I1 (qij+tq2;t-+qi)— I1 (qijtqa2+-+qi-1))-

(2 @ | X qk,-)

k=i k<i+1

11 (1—qmj)) (A8)

CjeT

(A9)

2D. Heckerman and M. Shwe, “Diagnosis of multiple faults: a sensitivity
analysis,” in Uncertainty in Artificial Intelligence: Proceedings of the
Ninth Conference, (Morgan Kaufmann, San Mateo, CA, 1993), pp. 80—
87.

1S, K. Andersen, K. G. Olesen, F. V. Jensen, and F. Jensen, “HUGIN—a
shell for building Bayesian belief universes for expert systems,” in Pro-
ceedings of the Eleventh International Joint Conference on Artificial In-
telligence (AAAL Detroit, MI, 1989), pp. 1080-1085.

2H. A. Swett, M. Rothschild, G. G. Weltin, P. R. Fisher, and P. L. Miller,
“Optimizing radiologic workup: an artificial intelligence approach.,” J.
Digit. Imaging 2, 15-20 (1989).

3C. E. Kahn, Jr., “Validation, clinical trial, and evaluation of a radiology
expert system,” Methods Inf. Med. 30, 268-274 (1991).

N. Asada, K. Doi, H. MacMahon, S. M. Montner, M. L. Giger, C. Abe,
and Y. Wu, “Potential usefulness of an artificial neural network for dif-
ferential diagnosis of interstitial lung diseases: pilot study,” Radiology
177, 857-860 (1990).

5P, S. Maclin and J. Dempsey, “Using an artificial neural network to di-
agnose hepatic masses,” J. Med. Systems 16, 215-225 (1992).

Y. Wu, M. L. Giger, K. Doi, C. J. Vyborny, R. A. Schmidt, and C. E.
Metz, “Artificial neural networks in mammography: application to deci-
sion making in the diagnosis of breast cancer,” Radiology 187, 81-87
(1993).

*TR. A. Greenes, D. B. Tarabar, M. Krauss, G. Anderson, W. J. Wolnik, L.
Cope, E. Slosser, and W. Hersh, “Knowledge management as a decision
support method: a diagnostic workup strategy application,” Comput.
Biomed. Res. 22, 113-135 (1989).

C. E. Kahn, Jr., “A radiology hypertext system for education and clinical
decision making,” J. Digit. Imaging 4, 207-212 (1991).

2S. Andreassen, F. V. Jensen, and K. G. Olesen, “Medical expert systems
based on causal probabilistic networks,” Int. J. Biomed. Comput., 28,
1-30 (1991).

M. A. Shwe, B. Middleton, D. E. Heckerman, M. Henrion, E. J. Horvitz,
H. P. Lehmann, and G. F. Cooper, ‘‘Probabilistic diagnosis using a refor-
mulation of the INTERNIST-1/QMR knowledge base. I. The probabilistic
model and inference algorithms,” Methods Inf. Med. 30, 241-255
(1991).

3'B. Middleton, M. A. Shwe, D. E. Heckerman, M. Henrion, E. J. Horvitz,
H. P. Lehmann, and G. F. Cooper, “Probabilistic diagnosis using a refor-
mulation of the INTERNIST-1/QMR knowledge base. II. Evaluation of
diagnostic performance,” Methods Inf, Med. 30, 256-267 (1991).

32R. Tombropoulos, S. Shiffman, and C. Davidson, “A decision aid for
diagnosis of liver lesions on MRL,” in Seventeenth Annual Symposium of
Computer Applications in Medical Care (McGraw-Hill, New York,
1993), pp. 439-443.

3J. P. Kassirer, “Our stubborn quest for diagnostic certainty: a cause of
excessive testing,” N. Engl. J. Med. 320, 1489-1491 (1989).

%K. B. Laskey, “Sensitivity analysis for probability assessment in Baye-
sian networks,” in Uncertainty in Artificial Intelligence: Proceedings of
the Ninth Conference (Morgan Kaufmann, San Mateo, CA, 1993), pp.
136-142.

¥S. Srinivas, “A generalization of the noisy-or model,” in Uncertainty in
Artificial Intelligence: Proceedings of the Ninth Conference (Morgan
Kaufmann, San Mateo, CA, 1993), pp. 208-215.



