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This paper describes a prototype for research to
evaluate the impact of diagnostic decision
support systems on the behavior of physicians.
Several indices that can be used to quantify the
magnitude of impact are proposed. A large
medical diagnostic knowledge base in internal
medicine (the Iliad knowledge base) was used in
this evaluation. The impact on behavior when
different inference models are run against this
knowledge base is evaluated for two different
case domains and physicians ‘s specialties.

INTRODUCTION

The potential benefit of applying diagnostic
decision support systems in medical care has
been much discussed [1-3] in the past. But
before any such system can be applied in a
clinical setting, they must be tested and
evaluated thoroughly. Evaluation of a
diagnostic decision support system is a complex
issue [4-6]. Not only the accuracy of the
computer-generated diagnoses must be ensured,
the more delicate issue of impact on physician‘s
diagnostic decision should also be explored.

This study proposed several indices that can be
used to measure the degree of change in
diagnostic decision making by the physician
under the guidance of a medical diagnostic
support tool. We applied these indices to
different implementations of a diagnostic
support system called Iliad, which has a large
knowledge base (KB) that comprises of 2300
diseases and intermediate diagnoses and 9000
relevant findings in internal medicine [7].
Using this KB, we evaluated the impact under
three dimensions of variables: inference models,
case domains and physician‘s specialty.
Details of the variables and design are described
in the following sections.

METHODS

The Inference Models

Two inference models were used in this study.
One is the built-in Iliad inference algorithm that
we called Hliad-KR in this paper [8]. The Iliad-

KR model runs under the normal consultation
mode of Iliad system [7]. This model is
referred to as ILD in the following text. The
second model uses a relatively new knowledge
representation called Bayesian networks, which,
in brief, are graphical representation of
probabilistic dependencies [8,9]. The Bayesian
network model is referred to as BYN in the
following text. By using a set of mathematical
algorithms, we were able to implement a
computer program that reads directly the Iliad
KB and transforms it into a Bayesian network.

Patient Selection and Case Domains

The Iliad KB encompasses most of the
subspecialties in the internal medicine domain.
We chose to concentrate on cardiology and
gastroenterology since the Iliad KB is quite
mature in these areas. The patient selection
process was begun by downloading a population
of 7855 patient-profiles from the HELP database
[10]. Out of this population, 1251 cases
involved cardiovascular (CV) diagnoses and 609
cases involved gastroenterology (GI) diagnoses.
We applied a set of criteria on age, length of stay
to exclude new borns, pediatric patients,
admission for procedural purposes or chronically
illed patients. The remaining twenty-three cases
were then rated independently by two physicians
(different from the four physicians in the
evaluation process) on their suitability where
cases with enough evidence to make a
differential but not definite diagnoses were
deemed most suitable. The ratings of the two
reviewers were averaged. The ten cases with
highest average ratings were selected from each
domain as the evaluation cases.

Based on the emergency room reports and
admission summaries, patient information was
abstracted into patient vignettes. These were
presented to the case-evaluation physicians.
All the information contained in the vignettes
were approximated to the Iliad terms and entered
into the system whenever possible.

The Evaluation Processes



After obtaining the final 10 CV and 10 GI cases

for evaluation, two cardiologists (labeled as CV

DOC-1 and CV DOC-2) and two

gastroenterologists (labeled as GI DOC-1 and GI

DOC-2) from among the attending physicians at

the University of Utah Medical Center

participated in this study. Each subspecialist
evaluated all 20 cases (10 CV and 10 GI) based
on the following steps:

(1) Read the patient vignette.

(2) Write down a differential diagnostic list and
a percentage representing the likelihood for
each diagnosis.

(3) Read the suggested differential diagnoses
generated by one of the inference models
(BYN or ILD).

(4) Revise the differential diagnoses and
likelihoods proposed in step two. The
physicians were free to add/drop diagnoses
or change the estimated likelihoods.

(5) Rate the usefulness of the differential
diagnostic list suggested by the computer on
a scale from one to five. In this scale, one
implies the list is very misleading, three
implies neutral and five implies very useful.

Within each case, a physician only received one
computer-generated diagnosis list in step 3 from
either the BYN or the ILD model. Two
physicians were involved in each case domain,
so we were able to measure the impact of both
inference models within each domain. In
addition, the participating physicians were
exposed to cases both within and outside their
own specialty.

Defining the Behavioral Impact

Two kinds of impact on physicians' diagnostic
behavior were assessed in this study which we
called the "sheer impact” and the "positive
impact” respectively. The sheer impact
represents the magnitude of change in diagnostic
decision making imposed by the computer-
generated advice. This impact will be
represented by scores derived from the change in
the physicians' differential diagnoses before and
after exposure to the computer's advice. The
positive impact identifies whether the impact is
in the right direction, that is, does the differential
diagnostic list move closer to the gold standard.

We used the subspecialists' differential diagnosis
list when they evaluated cases within their
subspecialty as the gold standard. The
diagnosis list generated by the CV DOCs for CV
cases were aggregated by averaging the
likelihood proposed for each diagnosis. The
resultant combined list was used as the gold

standard for CV cases. Similar procedures
were applied to each GI case to obtain its gold
standard.

A score we call DxNum was used to represent
the sheer impact of the computer's diagnostic
advice. DxNum was obtained by observing the
difference between the physicians' differential
diagnosis list before and after they saw
computer's advice. The number of diagnoses
changed (between the two lists) consistent with
the computer's advice is defined as DxNum. A
diagnosis was considered changed if it appeared
in only one of the two lists or the probability
assigned differed in the two lists. However it
was only counted in DxNum if the change is
consistent with the computer-generated
diagnosis list and the change was greater than
5%. DxNum is a discrete number that ranges
from 0 to the number of diagnoses in the union
of the Before-list and the After-list.

A score named DxGold were calculated to
represent the positive impact. This score is
obtained by subtracting DxIncon from DxCon,
i.e., DxGold = DxCon - DxIncon. DxCon is
identical to DxNum except that it counts the
number of changed diagnoses consistent with
the gold standard; whereas the DxIncon counts
the number of changed diagnoses inconsistent
with the gold standard. DxGold is a positive
integer when the computer's advice generates
more consistent changes than inconsistent ones
and if less consistent changes is generated,
DxGold is negative.

Perceived Usefulness

In addition to the objective impact measured by
ad hoc scores, physicians' subjective ratings of
the usefulness of the computer's advice were
also analyzed in this study. This rating is
referred to as "perceived usefulness" in
following sections.

Statistical Analyses and Study Design

This study was conducted under a mixed design
ANOVA. Three independent variables were
involved in the analysis, namely, inference
model (INF-MOD), case domains (CASE-DOM)
and physicians' specialty (PHY-SPEC). Each:
independent_variable has two levels (see Table

1).




Table 1. Levels of the independent

variables.

Independent Variables Levels
INF-MOD BYN, ILD
PHY-SPEC Cardiologist,

Gastroenterologist
CASE-DOM CV cases, GI cases

The DxNum and the DxGold scores were used
as dependent variables in this analysis to
measure the sheer impact and the positive
impact respectively.

Correlation coefficient between the indices of
impact and the perceived usefulness was also
analyzed to investigate the relation between
subjective rating and objective scores.

RESULTS

In response to the patient vignettes, four
participating physicians gave an average of 4.4
differential diagnoses to each case. No
significant difference was found in the number
of diagnoses made by the physicians before and
after they saw the computer-generated
diagnostic suggestions. ’

Effect of the Sheer Impact

Interaction Bar Chart

Effect: INF-MOD X CASE-DOM

Dependent: DxGold
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Using the DxNum score as the dependent
variable, physicians' specialty (PHY-SPEC) was
the only significant main effect (P < 0.0005)
where the mean DxNum score was 1.7 for the
cardiologists and 0.475 for the
gastroenterologists. No significant difference
was found on either CASE-DOM or INF-MOD
in terms of main effect. The only significant
interaction between independent variables was
PHY-SPEC x CASE-DOM (P < 0.005).

Effect of the Positive Impact

Using the DxGold score as the dependent
variable, the difference between inference
models (INF-MOD) was highly significant (P <
0.005) where the mean DxGold score was 0.750
for the BYN model and -0.450 for the ILD
model. No significant difference was found on
CASE-DOM in terms of main effect. The
interaction INF-MOD x CASE-DOM was
significant in this analysis (P < 0.05). The
interaction bar chart is shown in Figure 1. This
interaction suggests that the pattern of positive
impact imposed by BYN and ILD is
significantly different in different case domains.
The interaction bar chart shows an obvious
negative influence by the ILD model when
physicians were evaluating cases in the GI
domain,
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Figure 1.

DxGold as the dependent variable.
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The interaction bar chart for INF-MOD x CASE-DOM using




Correlation between the Impact Scores and
Perceived Usefulness
Although no significant correlation was found
between DxNum and the perceived usefulness
rated by each physician, the correlation between
DxGold and the perceived usefulness produced
quite intriguing results. The R-square of
DxGold and the perceived usefulness was 0.174
(P <0.001). However, the slope of the
correlation was negative. Further investigation
of the data revealed a strong negative correlation
between the index of positive impact and the
perceived usefulness in the GI cases, whereas
those in the CV cases were not significant.

DISCUSSION

Two aspects of the impact on physicians'
diagnostic decision were assessed in this study:
the sheer impact, which indicates the pure
change of diagnostic opinion before and after
the physicians saw the computer's advice; and
the positive impact, which goes one step further
to discriminate "good" from "bad" influence
associated with the inference models by using
the subspecialists’ differential list as the gold
standard.

In the assessment of the sheer impact, no
significant difference was found between the
Bayesian network and the Iliad-KR inference
model. This suggests that the BYN model
promoted as much change of diagnostic opinion
as the ILD model, that is, the physicians did not
perceive one as more convincing than the other
in giving diagnostic advice.  However, a
significant difference between the cardiologists
and gastroenterologists (the PHY-SPEC variable)
was observed. The computer's advice
stimulated more change in the cardiologists than
in the gastroenterologists. Further examination
of the data revealed a significant interaction (P <
0.005) between the independent variable PHY-
SPEC and CASE-DOM that showed that the
computer's diagnostic advice is most influential
on the cardiologists working on these GI cases.
It seems likely that cardiologists tend to rely on
computer's advice more than gastroenterologists
when doing cases outside their specialty.
This result can be related to the general belief
that most internists possess more knowledge in
cardiology than in other subspecialties due to the
higher frequency of cardiovascular patients [11-
13].

In the assessment of the positive impact, a
significant difference between inference models
(INF-MOD) was observed. This suggests that
the BYN model imposes more positive
diagnostic impact than the original ILD model.
A significant interaction was also detected
between inference models and the case domains
(see Figure 1). This interaction indicates a
difference between the patterns of impact from
respective inference models in difference case
domains. This difference is most prominent
when evaluating GI cases where the Bayesian
network model generates more than +1 Dx-Gold
score while the Iliad-KR model generates a Dx-
Gold score close to -1.

The result suggested that the BYN model tended
to have a positive influence on physicians; the
DxGold score suggested that the BYN model
contribute to about one additional correct
diagnosis in GI cases. Considering that only an
average of 4.4 differential diagnoses were listed
on each case, one more correct diagnosis may be
a valuable addition. On the other hand, the
ILD model tended to have minimal to negative
influence on physicians receiving its advice
especially in GI cases. Again, the data
supported that internal medicine subspecialists
are generally more knowledgeable in
cardiovascular cases, and thus were able to
distinguish between useful and misleading
advice. In the GI domain, they appeared to be
confused by the advice from the ILD model and
made questionable decisions.

We observed a significant but negative
correlation between DxGold and the perceived
usefulness rated by the physicians. This
negative correlation was not observed when
correlating the index of sheer impact to the
perceived usefulness, however. Since all the
cases done by the physicians in the positive
impact study were outside their specialty, this
finding indicates that they did not effectively
distinguish helpful diagnostic advice from
misleading advice when dealing with unfamiliar
case domains.

It is certainly not trivial to evaluate a diagnostic
decision support system. We emphasize that
the behavioral impact should be measured in
addition to theoretical diagnostic accrue. The
study sets a prototypic framework that can be
used to assess the impact of medical diagnostic
support systems on physicians; it also

demonstrates potential indices that can be used




to measure the magnitude and direction of an
expert system's impact.
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