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T H E O R E T I C A L  F O U N D A T I O N S  

Medical informatics, as an applied field of study, incorporates theories from information 

science, computer science, and cognitive science, as well as the wide range of sciences used 

in the delivery of healthcare.1  Medicine didn’t recognize the importance of such theories 

until its initial efforts to use pure technology failed. 

Probabilistic Reasoning.  Medical practice is medical decision making. Diagnosis involves 

not only deciding what is true about a patient but also what data are needed to determine 

what is true.  Physicians must understand the nature of good decisions and the proper use of 

data if they are to be effective and efficient decision makers.  Many decisions are based on 

imperfect data and, often, the outcomes of treatments are uncertain.  Probabilistic reasoning 

provides a formal statistical approach to reducing the uncertainty inherent in medical 

decisions.2 

Probability is the preferred means of expressing uncertainty.  In Bayes theorem, 

probability is the likelihood of a particular event or result occurring (with 1 = event is certain 

to occur and 0 = event is certain not to occur).  Probability, then, becomes the measure of 

confidence placed in a proposition (i.e., how true is it?).  In medicine, the clinician usually 

wants to determine the probability of disease given specific factors (e.g., symptoms, test 

results, family history, etc.). 

Most physicians assign probability based on personal judgment (i.e., subjective 

probability).  This is problematic, however, because heuristics often introduce error into 

judgments.  Both naïve and sophisticated decision makers misuse heuristics and, therefore, 

make systematic (and often serious) errors when estimating probability.3  Additionally, 

physicians with different experiences and knowledge could assess the same situation and 

provide different probabilities for any particular proposition. 
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Clinical prediction rules, on the other hand, use data from medical literature and research 

studies to determine the prevalence of disease in a particular population (i.e., objective 

probability).  These rules provide a quantitative (and, theoretically, more consistent) method 

of reducing uncertainty.  Using Bayes theorem, a physician can determine: 

 The initial probability of disease (p[D] = OP ± SP) 

 The predictive value of diagnostic tests (accuracy = sensitivity + specificity) 

 The probability of disease given a positive test result (p[D|+]) 

 The probability of disease given a negative test result (p[D|-]) 

In his classic study, de Dombal tested a computerized Bayesian model of probability 

against the subjective probability of senior physicians in diagnosing abdominal pain.  The 

Bayesian model outperformed clinicians in two separate trials.  The computer-based 

diagnostic accuracy was 91.8%, while the clinician-based diagnostic accuracy was 81.2%.  

More importantly, the diagnostic accuracy improved to 95.2% if clinicians used the 

computerized Bayesian model to supplement their own subjective judgment.4 

The principles of Bayes theorem have even greater relevance in the modern practice of 

medicine.  First, clinical prediction rules ensure all clinicians have access to the same (and 

most current) data.  Second, these rules reduce the likelihood of error by reducing the 

reliance on personal judgment.  Third, Bayes theorem helps to quantitatively evaluate the 

accuracy of diagnostic tests to avoid the risk (and cost) of unnecessary tests.  And, finally, 

the Bayesian model makes it possible to reevaluate the probability of disease after diagnostic 

testing. 

See Appendix A for a practical application of Bayes theorem in medical diagnosis. 
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A P P E N D I X  A :  B A Y E S I A N  P R O B A B I L I T Y  T H E O R Y  

Case History.  Richard Collins, a 61-year-old black male, complains of chest pain during 

exertion.  His physician, Patricia Zeff, takes his history and examines him.  His blood pressure 

is elevated, and he’s 50 lbs overweight.  She learns his brother died of heart disease. 

The clinical prediction rules (objective probability [OP]) reveal heart disease occurs in: 

 50% of men over 60 
 60% of black men over 60 
 90% of black men over 60 with typical heart disease symptoms 

Since a family history of heart disease increases the probability, Dr. Zeff adjusts the estimate 

(+5%) based on her personal judgment of the increased risk (subjective probability [SP]). 

Clinical Question 1.  What is the probability Richard has heart disease? 

Formula. Probability (p) of heart disease ([D]) equals objective probability (OP) ± subjective 
probability (SP) 

p[D] = OP ± SP 

p[D] = .90 + .05 

p[D] = .95 

Conclusion. Richard has a 95% probability of heart disease based on the prevalence of heart 

disease in symptomatic black men and on his family history. 

Clinical Question 2.  Which test has the highest level of accuracy in diagnosing heart disease? 

Formula.  To determine a test’s accuracy, compare the true positive rate (sensitivity) with 

the true negative rate (specificity). 

Table 1: Test Performance Comparison5 

Test Sensitivity Specificity 

Resting ECG .69 .70 

Stress Test .68 .77 
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Conclusion.  Since the stress test has virtually the same sensitivity as the resting ECG but has 

a 7% greater specificity, Dr. Zeff orders a stress test to further clarify Richard’s diagnosis. 

Clinical Question 3.  What is the probability Richard has heart disease given a positive stress 

test result (p[D|+])? 

Table 2: Predictive Value of an Abnormal Stress Test6 

Test Result Disease Present [+|D] Disease Absent [-|D] 

positive (+) 68 
true positive rate (TPR) 

23 
false positive rate (FPR) 

negative (-) 32 
false negative rate (FNR) 

77 
true negative rate (TNR) 

Formula. ]|[ +Dp  = 
FPRDpTPRDp

TPRDp
×−+×

×
])[1(][

][  

]|[ +Dp  = 
23.)95.1(68.95.

68.95.
×−+×

×  

]|[ +Dp  = 
23.05.646.

646.
×+

 

]|[ +Dp  = 
012.646.

646.
+

 

]|[ +Dp  = 
658.
646.  

]|[ +Dp  = 982.  

Conclusion. If Richard’s stress test is positive, he has a 98.2% probability of heart disease. 
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Clinical Question 4.  What is the probability Richard has heart disease given a negative stress 

test result (p[D|–])? 

Table 3: Predictive Value of a Normal Stress Test7 

Test Result Disease Present [+|D] Disease Absent [-|D] 

positive (+) 68 
true positive rate (TPR) 

23 
false positive rate (FPR) 

negative (-) 32 
false negative rate (FNR) 

77 
true negative rate (TNR) 

Formula. ]|[ −Dp  = 
TNRDpFNRDp

FNRDp
+−+×

×
])[1(][

][  
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]|[ −Dp  = 
039.304.

304.
+

 

]|[ −Dp  = 
343.
304.  

]|[ −Dp  = 886.  

Conclusion.  If Richard’s stress test is negative, he has an 88.6% probability of heart disease. 
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