SIMULTANEOUS RECOMMENDATION OF BEST COST -BENEFIT
CLINICAL DATA

Simultaneous recommendation of best codtenefit clinical data (symptoms, physical signs, and
result of diagnostictests anddiagnostic procedures) to investigate in a patient at each diagnostic
stepis essential for acomputer algorithm to be able to diagnoseliseases afflictingactual patients.
Two examples, one dramatic and the other noedramatic, will illustrate this statement.
(1) Dramatic example: a patient is rushed by ambulance to an emergency service; he is suffering
an acute myocardial infarction complicated with congestive heart failure, cardiac arrhythmia,
and shock. A program that recommends best codtenefit clinical data sequentially, would first
recommend an electrocardiogram; twenty minutes later, when the result is entered in the
computer, the next recommendation would be a troponin analysis, then chestrays, and so on.
Four hours later, the necessary tests to compke the diagnostic quest are finally available;
unfortunately, the patient expired in the meantime. (2) Nordramatic example: a patient comes to
your office with fever, cough, and some abdominal discomfort. The computer recommends one
test, perhaps a comfete blood count; after two days the patient returns to your office for the
result. This time the computer recommends an erythrocyte sedimentation rate, the patient has to
have blood drawn again, return after another two days, and the physician still doasot know
what is going on. It is most likely that after the second or third visit the patient is consulting
another physician who has no computer.

This paper is part of our complete medical diagnostic program, described in detaibooky].

We summarizehere only basic concepd$ previous publications; for better understanding of plaiger,
thereader is encouraged to consult previouspublications

Initial clinical data collection was achieved during thedicalhistory and physicaéxamination. We
accepted whatever clinical data were revealed, without considering thein rateruleout power.
Subsequent clinical data collection is more selective, because we have a differential diagnosis list and a
betterstructured diagnostic pcess that enables to apply statistical and probabilistic concepts, and
choose the best casenefit clinical daturmext to investigate in the patieriased on cost, positive
predictive valugPP value)and sensitivityS).

A practical way to calculat8 of a specific clinical datum for a given disease is to determine statistically
the fraction of patients afflicted by this disease who manifest the clinical datum:
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Our program calculasPP value with théollowing equation:
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Where PPvaluei = positive predictive value of the clinical datum for the diseasender
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In our contextcostto obtain a clinical daturmvolves not only expense, but also risk and discomfort
resulting from the required test or procedu¥®e assign to each clinical datum one of four overall cost
categories: no cost (clinical data typically obtained through medical history and physiceahaton),

small cost €.g, obtained through routine laboratory analysis, ECG, and other ancillary studies),
intermediate coste(g, colonoscopy, lymph node excision biopsy), and great eogt (iver biopsy,
laparoscopy, laparotory Benefitof a cinical datum is measured by the magnitude of change it
produces in the probability (P) of the respective diagnosis, in turn depending on the magnitude of PP
value of clinical data present, which increase P, and the magnitude of S of clinical data dfishnt, w
decrease P. The mimax procedure calculates these P for corresponding diagnoses. Detailed
explanations can bedad in our previous publicatidi].

Mini-max procedure calculates probability (P) of potential diagnoses in the differential dsaligtosi
based on PP value of clinical data (symptoms, physical signs, and results of tesliagmuodtic
procedures) present, favoring a diagnosis, and S of clinical data,aliseavoring the diagnosis

A recommended best cesénefit clinical datum can be evaluadelefore actually accomplishing the
corresponding test or proceddrey virtually considering it either present or absent, while observing
how much it improves the diagnostic outcome.

The best ostbenefit clinical datum function enables us to predict which new clinical datum will most
increase or decrease the total probability (P) of a diagnosis, reducing the number of clinical data
required to achieve a final diagnosis.

Few diagnostic computeprograms recommend, based on probabitigiculation, a single best
costbenefit clinical datum next to investigaie the patient we know of none that simultaneously
recommends aetof such data.

Physicians typically order a set of several analytesss, or proceduresmultaneously If conclusion

of diagnostic quest is attempted to be reached with only one next gatigsician encounter, it is
theoretically necessary to investigatienultaneouslyall recommendedbest cosbenefit clinical data
(provided the patienwould survive all tests)lf it is acceptable to reaatonclusionof diagnostic quest
with a reasonable number péatientphysician encounters, investigating best dmstefit clinical data
by successive gradually increasing cost gaities, more consistent with actual medical practice, will
considerably reduce the number of best-bestefit clinical data and diagnoses to investigate.

A computer can emulate such human behavior by iterating the bedtecesit clinical data funain,

first assuming each newly recommended bestloasefit clinical datum as virtually present and then as
virtually absent, while observing the effect that each iteration has on the P of each diaGuutis.
iterations can be represented by a trichotdreg (seeexample ofFig. 1 on next page). Each tree
represents a single diagnosis in the differential diagnosis list. aVitibtanches represent best
costbenefit clinical data present or absent; nodes represeptdhability (P) andcostof the diagnosis

As an exampl e, l et 6s concentr at el eachlnge okdgmates he bl
three new branches afwlr cog level iterations are involvedgeordingly,the total number of branches

is 3'+3°+3°+3'=120. Each top branch originating at a node assumes that the belseruefit

clinical datumis present; accordingly, it increases P of the diagnosis and is depicted by an ascending
arrow. Each middle branch assumes thé best cosbenefit clinical datum is absent; accordingly, it

is disregarded, does not change P, and is depicted by a horizontal arrow. Each bottom branch assumes
that the best codienefit clinical datumis absent; accordingly, it decreases P and is septed by a
descending arrow. The same middle branch also assumes that this bBeshebstlinical datunis






