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As a field matures, research often 
shifts from topics that are most appeal­
ing to investigators (for example, top­
ics of personal interest) to topics that 
are most important to the community 
as a whole. Medical informatics is 
maturing as a field, and the use of 
medical informatics for health and 
clinical management demonstrates its 
emphasis on community concerns. The 
papers in this section address the needs 
of the health care provider and the 
clinical investigator. Any method oi 
system professing to be useful to the 
community must undergo sufficient 
evaluation; we see a common theme of 
evaluation in all the papers. 

In the first paper, Use ofMEDLINE 
by physicians for clinical problem solv­
ing [1], Lindberg and coauthors ad­
dress the use of an electronic biblio­
graphic database 'MEDLINE' for clini­
cal care. The authors analyzed 1158 
reports from 552 health professionals 
on how their use of MEDLINE af­
fected patient care in terms of positive 
impact on clinical problem solving 
and positive impact on patient out­
comes. Subjects, who were mostly cli­
nicians and had had varying degrees 
of experience with MEDLINE, were 
mterviewed via telephone about re­
cent MEDLINE searches. The inter­
view questions were tailored depend­
ing on whether the subject felt that a 
MEDLINE search had been effective. 
An impressive 86% reported that they 
considered their searches "effective." 
~o.rty-one percent of se~ches (476) 
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affected patient care. For these latter 
searches, motivation for the search, 
effect on clinical problem solving, and 
effect on outcomes were analyzed. 
Answers were classified using the 
Critical Incident Technique. A three­
level hierarchy of positive effects on 
problem solving is shown in the paper's 
first table. This extensive list may be­
come invaluable for educating health 
professionals about the many ways 
that MEDLINE can be exploited for 
clinical care. Similarly, the paper's 
second table lists positive impacts on 
outcomes. Out of 455 reports, 429 
showed a positive impact, and none 
showed a negative impact. While this 
may have been biased somewhat by 
the positive phrasing of interview ques­
tions, one would expect disgruntled 
users to speak up. At least one ex­
ample of a negative impact has been 
noted at Columbia-Presbyterian Medi­
cal Center. A clinician who was treat­
ing a diabetic patient with cellulitis 
was looking for an alternative therapy 
for the infection. A MEDLINE search 
produced a study that suggested that a 
new oral antibiotic was equivalent to a 
traditional intravenous approach. The 
patient did not do well on the regimen; 
and the study's recommendation has 
not been corroborated by an indepen­
dent group, nor is it sanctioned by 
infectious disease experts. These re­
ports are rare, however, and may not 
be different from reports that could be 
obtained about the use of textbooks or 
colleague consultations. Subjects re­
ported that they used MEDLINE be-

cause it is up-to-date, because it is 
readily available, and because of the 
power of the searches. As search tech­
niques and information presentation 
improve, we can hope that MEDLINE 
will rival good textbooks in their two 
advantages: balanced presentation and 
synthesized conclusions. 

The next three papers take novel ap­
proaches to clinical problems. All three 
are in early development stages, but 
illustrate uses of medical informatics in 
clinical care. In Use of a neural network 
as a predictive instrument for length of 
stay in the intensive care unit following 
cardiac surgery [2], Tu and Guerriere 
present a neural network intended to 
predict the length of stay in an inten­
sive care unit (ICU) for patients who 
have just undergone cardiac surgery. 
ICU beds represent a limited resource, 
and patients who require a prolonged 
stay can reduce the number of cardiac 
operations done at a medical center. 
Being able to predict ICU length of 
stay in advance would permit more 
efficient operating room scheduling, 
better understanding of the patient's 
prognosis and, potentially, the ability 
to alter management to reduce the stay 
(e.g., prophylaxis in a subgroup). The 
neural network accepts 15 relevant 
input variables, such as age, type of 
surgery, and comorbid diseases. These 
15 inputs map to 12 intermediate (hid­
den) units, and these, in turn, map to 
one output unit, whose value (0 to 1) 
measures the likelihood that the pa­
tient will require more than two days 
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in the ICU. The neural network is a 
standard back -propagation design with 
a logistic activation function. The net­
work was trained on a set of713 cases, 
and tested on an independent set of 
696 cases. Its performance was as­
sessed using the area under its ROC 
curve, which was 0.6960, but this re­
sult was not compared to that of com­
peting methods such as logistic re­
gression or recursive partitioning. In­
terestingly, the result for the training 
set was not significantly different than 
that for the test set, so the network did 
not overfit the training data. The net­
work output was stratified into three 
intervals (0-0.25, 0.25-0.5, 0.5-1.0), 
which corresponded to 16.3%, 35.3%, 
and 60.8% chance of requiring a long 
ICU stay. An abstract comparison be­
tween neural networks and logistic 
regression is made in the paper, but a 
comparison based on real data is 
needed. Such a comparison would in­
dicate whether the network's ability to 
handle complex dependencies among 
the variables is important in this do­
main. 

In the next paper, A bum patient 
resuscitation therapy designed by com­
puter simulation (BET). Part 1: simu­
lation studies [3], Roa and Gomez-Cia 
demonstrate the use of simulation to 
design and test therapeutic regimens. 
They describe a resuscitation therapy 
for patients with severe bums. The 
authors have created a control system 
model that maps three components of 
fluid therapy (fluid, colloid, and elec­
trolyte) to associated clinical outcomes 
(plasma protein concentration, hemato­
crit, arterial pressure, extracellular os­
molarity, and diuresis) . Based upon 
this model, the authors have designed 
a fluid therapy called BET, which mini­
mizes the deviation from the patient's 
initial values for those parameters. A 
simulator based upon the model dem­
onstrates that the performance of BET 
is superior to alternative therapies. As 
implied by the title ("Part 1"), furth.er 
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evaluation is warranted. That a therapy 
based upon a model should do well 
when judged by that model is not sur­
prising, although it is a crucial first 
step. A similar comparison using an 
independently developed simulation 
model would be the next logical step, 
followed eventually by concrete ex­
periments. 

In Pain assessment with interactive 
computer animation [ 4 ], Swanston and 
coauthors describe the use of interac­
tive computer graphics to assess a 
patient's perception of pain. The stan­
dard technique to assess pain in a re­
producible fashion is to use estab­
lished questionnaires augmented with 
a linear rating scale (printed on paper). 
The authors created an interactive 
graphical interface to measure painj in 
order to better match the patient's per­
ception of pain and to reduce the reli­
ance on linguistic competence. The 
system addresses four specific pain 
categories: pressure pain is represented 
by a diagram of a vise, burning pain by 
a red color, throbbing pain by a pound­
ing hammer, and piercing pain by a 
needle. Overall degree of pain is repre­
sented on a simple analog scale, much 
like the paper counterpart. The patient 
is asked to pick one or more categories 
and to indicate the degree that the 
characte~stic is present by manipulat­
ing the figure (for example, tightening 
the vise to represent more pressure 
pain); the patient then indicates the 
overall degree of pain on the analog 
scale. In an evaluation with 54 patients 
from a pain clinic, the results of the 
interactive animation were compared 
to a standard questionnaire. A high 
correlation was found for overall de­
gree of pain, probably because both 
methods used a linear scale. The cor­
relation between the computer pain 
category . data and the paper-based 
measurements was much lower. The 
authors discovered that patients who 
chose to represent their pain with more 
than one category were more likely to 

have a good correlation between the 
computer and paper-based approachest 
The analysis could be improved in 
several ways (for example, four pa­
tients ~ere dropped from the study 
because they chose no category, but 
this is exactly what may happen if the 
system is really used), and the results 
do not demonstrate reproducibility, but 
anecdotes indicate that for at least some 
patients, the animated method better 
corresponds to their own perception of 
pain. 

The section concludes with two 
strong papers about clinical research. 
InDiscordance of databases designe~ 
for claims payment versus clinical in-

. formations systems [5], Jollis and co­
authors compare data collected for the 
purpose of processing insurance claims 
to clinical data collected during a pro­
spective study of ischemic heart dis­
ease. Claims data are represented as 
clinically modified International Clas­
sification of Diseases (ICD-9-C'Mi 
codes, and are used to substantiate 
charges for inpatient health care. The 
data are abstracted by medical records 
technicians, who rely on dischargo 
diagnoses, information from progress 
notes, and test results from hospital1 
ization. The clinical data are collected 
by cardiology fellows who have avail­
able to them history, physical exam, 
test results, and cardiac catheterizatioq 
results. Twelve clinical variables were 
selected for analysis, based upon their 
importance in coronary artery disease 
prognosis and ability to be coded in 
ICD-9-CM. The claims data and clini-

. cal records from 12,937 patients were 
compared. The highest chance-co£1 
rected agreement was 0.83 for diabe· 
tes mellitus, and the lowest 0.09 fo 
unstable angina. Nine out of twelv 
had chance- corrected agreement lowe 
than 0.50. The o~erall agreement fo 
all variables was 0.75. There we 
15,678 instances in which the clinic 
data identified one of four preselecte 
diagnoses missed by the claims data 
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Sixty such cases were reviewed manu­
ally; 54 appeared to be errors in the 
claims data, and 6 had insufficient 
information to tell what went wrong. 
There were 1,276 instances in which 
the claims data identified a diagnosis 
that the clinical data missed. Of 60 
such cases, only 6 were proven to be 
errors in the clinical data. Therefore, 
the clinical data are far more reliable 
than the claims data; and the claims 
data are more likely to be missing a 
diagnosis than to have an incorrect 
one. Several conclusions can be drawn. 
Claims data lack the completeness and 
accuracy necessary to be used reliably 
in clinical care and research. In many 
places, only claims data are available; 
therefore the incompleteness must be 
accounted for in analyses. Errors dur­
ing claims coding are unlikely to be 
random; the resulting bias will be dif­
ficultto remove. Furthermore, if claims 
data are abominable for clinical use, 
how good are they for claims use (that 
is, the accurate allocation of re­
sources)? Perhaps we need both better 
clinical information systems and bet­
ter claims data. 

In the last paper, A methodology 
for determining patient's eligibility 
for clinical trials [6], Tu and coau­
thors attempt to facilitate the difficult 
and time-intensive process of screen­
ing patients for clinical trials. Eligibil­
ity in a clinical trial is expressed as a 
set of criteria. For a given patient, a 
criterion may be true, false, or not 
known. If criteria were only true or 
false, then the problem would be 
straightforward. But criteria that are 
not known can be inferred, at least 
PfObabilisticall y, from default assump­
tions (if scleroderma is not mentioned, 
then it is probably not present), older 
data (if the platelet count was ·recently 
low, then it is probably. still low), and 
related data (if the white count is less 
than 1000, then the lymphocyte count 
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is less than 1000). The paper describes 
two approaches to inferring degree of 
eligibility based on whatever data are 
available for a patient. The qualitative 
approach uses heuristic rules and de­
fault assumptions to decide the degree 
to which a patient meets a criterion 
(meets, probably meets, not known, 
probably fails, or definitely fails). The 
criteria are then combined, resulting in 
a final, qualitative assessment. The 
second approach uses a Bayesian be­
lief network to represent eligibility 
criteria. The network contains nodes 
that represent criteria, propositions (for 
example, the conjunction of two crite­
ria), and related evidence. Underlying 
distributions are chosen, and links are 
modeled. Missing data are then handled 
automatically through the network. The 
network produces a probability that 
the patient qualifies for the clinical 
trial. This more quantitative result 
comes at a price: more complex as­
sumptions about distributions, more 
complex modeling, and potential per­
formance problems. A combined ap­
proach avoids some complex model­
ing of dependencies among criteria, 
but produces only a qualitative an­
swer. In an evaluation, the data for 60 
patients were abstracted manually from 
medical records and analyzed accord­
ing to the methodology. Twelve pa­
tients who were not actually enrolled 
in protocols were found to be eligible 
(or probably eligible) according to the 
methodology. Unfortunately, the rea­
sons why the patients were not en­
rolled were not ascertained, and it is 
unclear whether enrollment was acci­
dentally missed, determined to be 
inappropriate, or refused by the pa­
tient. The authors note that some eligi­
bility criteria are "subjective" in that 
they involve a physician's judgment 
(for example, how likely is a patient to 
comply with a protocol). Subjective 
criteria are supported by the methodo­
logy, although they are not included in 

the paper's examples. The randomi­
zation phase of a clinical trial should 
eliminate bias due to the use of subjec­
tive criteria. But when the results of a 
trial are published, it is up to the clini­
cian to decide whether her patient is 
similar enough to the patients in the 
trial to justify following the trial's rec­
ommendations. This decision is only 
possible if the criteria are clearly stated. 
If this paper's methodology can codify 
otherwise vague criteria, then it may 
perform an even greater service to 
clinical trials: makirig it easier to apply 
results to real patients. 
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