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Anyone can be skeptical; any scientist can be overly empirical—it is the rigor coming from the combination of skepticism and empiricism
that’s hard to come by.

Nassim Taleb1

C linical practice guidelines are generally constructed from an admixture of expert con-
sensus opinion, case-control studies, and randomized controlled trials (RCTs) and
are categorized according to the methodological quality of the underlying data (level
of evidence) and the trade-off between the benefits and risks of treatment (class of

recommendation). The process is driven principally by conventional statistical significance and
does not specifically consider the clinical importance of the alternative treatment effects. We herein
propose a more formal quantitative algorithm for the construction of guidelines using Bayes’s theo-
rem to integrate the clinical trial evidence with a range of prior belief representing the skeptical
point of view embodied in the null hypothesis (to the effect that treatment can be expected to pro-
duce no reduction in risk), and the enthusiastic point of view embodied in the alternative hypoth-
esis (to the effect that treatment can be expected to produce a specified clinically important re-
duction in risk). The operative practical utility of this algorithm is illustrated by application to a
representative meta-analysis of RCTs. We conclude that this quantitative schema has the potential
to improve the quality and cost of evidence-based clinical management.
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Clinical practice guidelines prescribe
the proportionate use of therapeutic
interventions for a wide variety of
pathophysiologic states. The design and
dissemination of these guidelines by
various professional organizations is the
flagship of evidence-based medicine,
entailing thousands of person-hours
and hundreds of journal pages annually.

Most often, these guidelines are con-
structed from a pastiche of expert con-
sensus opinion, observational cohort
studies, and randomized controlled
trials (RCTs). As summarized in the

recommendations in the American Col-
lege of Cardiology/American Heart
Association Schema for Evidentiary
Classification of Clinical Practice
Guidelines,2 they are commonly catego-
rized according to the methodological
quality of the underlying data (level of
evidence) and the trade-off between the
benefits and risks of treatment (class of
recommendation).

Recommendation
Class I: Conditions for which there is evidence for

and/or general agreement that the procedure or
treatment is useful and effective

Class II: Conditions for which there is conflicting
evidence and/or a divergence of opinion about the
usefulness/efficacy of a procedure or treatment

Class IIa: Weight of evidence/opinion is in favor
of usefulness/efficacy

Class IIb: Usefulness/efficacy is less well
established by evidence/opinion

Class III: Conditions for which there is evidence
and/or general agreement that the procedure/
treatment is not useful/effective, and in some
cases may be harmful

See Invited Commentary
at end of article
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Level of Evidence
Level A: Data derived from multiple RCTs
Level B: Data derived from a single

randomized trial or nonrandomized
studies

Level C: Consensus opinion of experts

Even when founded solely on di-
rect empirical observations from well-
designed randomized trials, how-
ever, the weighting of the evidence is
inherently subjective and does not ex-
plicitly reflect the putative clinical im-
portance of the wide spectrum of al-
ternative outcomes and treatment
effects. As a result, Ioannidis3 has gone

so far as to claim that most pub-
lished research findings are false.
Herein, we propose a more formal ap-
proach to the use of clinical trial evi-
dence for guideline generation and
demonstrate its operative practical
utility by application to a represen-
tative pedagogical example.

DESCRIPTION OF BAYESIAN
GUIDELINE CLASSIFICATION

Our approach (detailed in the eAp-
pendix, http://www.archinternmed
.com) is founded on Bayes’s theo-

rem,4 - 6 which states that the
probability for the hypothesis given
the evidence (the “posterior”) is pro-
portional to the probability for the
evidence given the hypothesis (the
“likelihood”) times the probability
for the hypothesis independent of
the evidence (the “prior”). To a
Bayesian, probabilities represent sub-
jective beliefs rather than objective
frequencies. Hence, different observ-
ers with different prior beliefs will
have different posterior beliefs given
the same set of data.

It would seem best, therefore,
to express our prior information
over some reasonably credible
extreme range from “skeptical” to
“enthusiastic,”5-7 use Bayes’s theo-
rem to combine each of these
extreme priors with the available
evidence, and thereby derive the
range of posterior beliefs consis-
tent with this body of informa-
tion. This approach was used
recently to demonstrate the limita-
tions of conventional frequentist
interpretations of RCTs.7 The risk
ratio serves as our summary mea-
sure of evidence because it pos-
sesses a natural clinical interpreta-
tion that is relatively insensitive to
follow-up duration and baseline
event rate.8

QUANTIFYING THE PRIOR
INFORMATION

To a skeptic, the risk ratio associ-
ated with some new therapy, in the
absence of any information regard-
ing its effectiveness, has a mean of
unity (consistent with the null
hypothesis) and a standard error
such that some small proportion of
its distribution (the prior error)
lies beyond a putative threshold of
clinical importance (Figure 1A).7

At first blush, it might seem conve-
nient to define this threshold as the
minimum detectable difference
used in the design of the trial.
Unfortunately, however, the mini-
mum detectable difference is often
selected by trialists on purely prag-
matic grounds—allowing the
design of a trial with frugal sample
size requirements—and does not
necessarily reflect the minimum
clinically important difference
from the perspective of the health
care practitioner.
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Figure 1. Bayesian integration of prior information and empirical evidence. Panels A and B (prior)
summarize the prior distribution of relative risk (risk ratio) from the perspective of a skeptic and an
enthusiast. Relative risk (RR) is taken to be log normally distributed: xp=ln(RR); xp=0 for a skeptic (A)
and xp=ln(!) for an enthusiast (B), where ! is the minimum threshold of clinical importance (vertical
dashed line). The standard error of each distribution is "p=ln(!)/z, where z=1.96, the standardized
normal deviate equivalent to a 2.5% prior error (the shaded area to the left of the dashed line for a skeptic
and to the right of the solid line for an enthusiast). Panels C and D (evidence) summarize the evidentiary
distribution of relative risk. Panels E and F (posterior) summarize the posterior distributions based on the
skeptical (E) and enthusiastic (F) priors and the common evidentiary distributions based on Bayes’s
theorem. The shaded area to the left of the dashed line represents the enthusiast’s best-case and
skeptic’s worst-case probability that the magnitude of benefit exceeds the putative threshold of clinical
importance (!).
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Consequently, many trials use
minimum detectable differences
for clinically important outcomes,
such as all-cause mortality in the
range of 20% to 30%, even though
most practitioners would likely
consider mortality reductions in
the range of 5% to 10% to be clini-
cally important. Accordingly, we
will define our skeptical prior
across a broad range of putative
thresholds of clinical importance
and perform a sensitivity analysis
to characterize the influence of this
subjective threshold on our con-
clusions.

Analogous reasoning applies to
the establishment of an enthusias-
tic prior distribution. To the
enthusiast, the new therapy is
more likely than not to be of ben-
efit. To define an enthusiastic
prior, then, we shift the skeptical
distribution to the left along the
risk ratio scale such that the mean
is now made equal to our putative
threshold of clinical importance,
and the same small proportion of
the distribution (the prior error)
now lies above the skeptic’s mean
value of unity (Figure 1B).7

In a nutshell, the skeptic and the
enthusiast hold opposing views
that each mirror a practical reality.
On the one hand, clinical trials are
usually designed by advocates who
believe the treatment under study
will be beneficial (a belief we cap-
ture explicitly in our enthusiastic
prior) and that the null hypothesis
(and the related skeptical prior) is
something of a straw man. On the
other hand, the ethical basis for the
trial is profoundly skeptical: that
reasonable clinicians assume a state
of “equipoise” to exist between the
2 contemplated treatments and that
there is really no difference in out-
come between the 2. Our skeptical
prior explicitly captures this belief.

FROM EVIDENCE
TO GUIDELINE

If we now summarize the empiri-
cal evidence (for a single trial or
for a meta-analysis of several
trials) in terms of the risk ratio
(Figure 1C and D), we can use
Bayes’s theorem to define the pos-
terior distributions associated

with the worst-case skeptical prior
and the best-case enthusiastic
prior (Figure 1E and F). We can
then compute the shaded area
under each of these posterior dis-
tributions to the left of our thresh-
old and interpret these as the
worst-case and best-case prob-
abilities (Pworst and Pbest, respec-
tively) that the outcome exceeds
the putative minimum clinically
important difference.

These probabilities do not in
themselves imply a guideline. The
guideline becomes established
only with respect to some external
reference. A probability of .50
provides a natural reference
because it defines 2 classes: that
with P # .50 within which the
treatment effect is less likely to be
clinically important, and that with
P $ .50 within which the treat-
ment effect is more likely to be
clinically important.

A second natural reference can
be set at a probability of .95 (the
familiar value used to define con-
ventional confidence intervals
[CIs] and the normal range of
diagnostic tests). Using this refer-
ence, we can expand our classifi-
cation to 5 levels (Table 1) that
parallel the time-honored evi-
dentiary standards used in our
courts.9,10 Thus, the most stringent
level is analogous to the standard
used in criminal trials (“beyond a
reasonable doubt”), the more
lenient level is analogous to the
standard used in medical malprac-
tice litigation (“clear and convinc-
ing evidence”), the intermediate
level is analogous to the standard
used in civil trials (“preponder-
ance of the evidence”), and the
most liberal level is analogous to
the standard used for the issuance
of search warrants (“reasonable
suspicion”). Although this eviden-

tiary classification is subjective, it
is much less so than the arbitrary
alphanumeric coding summarized
in the list in the introductory
paragraphs.

APPLICATION OF BAYESIAN
GUIDELINE CLASSIFICATION

Let us apply this approach to the
generation of a typical clinical
practice guideline. In 2004, Desai
et al11 published a meta-analysis
evaluating the use of implantable
cardioverter defibrillators (ICDs)
in comparison with medical
therapy among patients with
nonischemic cardiomyopathy and
concluded that these devices seem
to significantly reduce mortality in
selected patients with this disease.
The analysis with respect to pri-
mary prevention was based on 5
trials summarized in Table 2.12-16

There was no significant heteroge-
neity among the trials (P = .74).
The combined risk ratio averaged
0.69 with a 95% CI ranging from
0.55 to 0.87 (P=.002).

Table 2 also summarizes the
range of probability for a worst-
case skeptical prior and a best-case
enthusiastic prior according to our
Bayesian classification algorithm
using the meta-analytic risk ratio dis-
tribution, a 10% threshold for clini-
cal importance, and a 2.5% prior er-
ror. According to this analysis, all of
the 5 individual trials exhibited a
range of probabilities that straddles
the .50 reference line, consistent
with “reasonable” evidence in fa-
vor of ICD therapy according to
Table 1.

Despite its larger sample size
and narrower CI, the combined
meta-analytic summary of these
trials fared no better. Although
the meta-analytic skeptical and
enthusiastic probabilities were

Table 1. Bayesian Schema for Evidentiary Classification of Clinical
Practice Guidelines

Class Probabilitya Judicial Analogy

!!!!! Pworst$ .95, Pbest$ .95 Beyond a reasonable doubt
!!!! Pworst# .95, Pbest$ .95 Clear and convincing evidence
!!! Pworst$ .50, Pbest# .95 Preponderance of the evidence
!! Pworst# .50, Pbest$ .50 Reasonable suspicion
! Pworst# .50, Pbest# .50 Insufficient evidence

aPworst=skeptical posterior probability of benefit, Pbest=enthusiastic posterior probability of benefit.
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higher than for any of the indi-
vidual studies, they continued to
fall short of our reference thresh-
olds with respect to cl inical
importance. To the skeptic who
started out believing there was
little chance that this therapy
would be of clinical importance,
the totality of evidence is consis-
tent with that belief (Pworst= .20).
Similarly, to the enthusiast who
started out believing the therapy
indeed was likely to be of clinical
importance, the totality of evi-
dence is consistent with that belief
(Pbest= .83). In neither case, then,
is the weight of evidence suffi-
ciently strong to make a skeptic of
an enthusiast or an enthusiast of a
skeptic. The same is true for all
thresholds of clinical importance

less than 30% (Figure 2). Only
when Pworst$ .50 should the skep-
tic become an enthusiast, and only
when Pbest# .50 should the enthu-
siast become a skeptic. Additional
clinical trial evidence could effect
these changes by narrowing the
empirical CI of relative risk.

IMPLICATIONS OF BAYESIAN
GUIDELINE CLASSIFICATION

The conclusions based on our
Bayesian algorithm are much
more c i r cumspec t than the
authoritative guideline recom-
mendations. The 2006 update of
t h e A m e r i c a n C o l l e g e o f
Card io logy /Amer ican Hear t
Association/European Society of
Cardiology Committee Guidelines
for Management of Patients With
Ventricular Arrhythmias and the
Prevention of Sudden Cardiac
Death17(pE291) assigns ICD therapy
a class I, level of evidence B, rec-
ommendation, saying that

ICD therapy is recommended for primary pre-
vention to reduce total mortality by a reduc-
tion in [sudden cardiac death] in patients with
nonischemic [dilated cardiomyopathy] who
have [a left ventricular ejection fraction] less
than or equal to 30% to 35%, are [New York
Heart Association] functional class II or III,
who are receiving chronic optimal medical
therapy, and who have reasonable expecta-
tion of survival with a good functional sta-
tus for more than 1 y[ear].

Our purpose is not to take
issue with this recommendation
but only to highlight its depen-
dence on the weight of the under-
lying evidence. That said, here is a
translation of the guideline that is
faithful to the spirit of our pro-
posed approach: “There is reason-
able evidence (P = .20-.83) that
ICD therapy can reduce total mor-

tality in patients with nonisch-
emic dilated cardiomyopathy by at
least 10%. . . . ”

Guideline committees could
exploit this evidentiary schema to
determine if there is sufficient jus-
tification for their actions. For
example , a c lass i f i ca t ion of
“!!!” (denoting a preponder-
ance of the evidence) might be
chosen as the threshold for estab-
lishment of a practice guideline,
whereas a higher classification
might be chosen as the threshold
for establishment of a more strin-
gent performance measure.18

The optimal thresholds of clini-
cal importance associated with
our algorithmic approach might
well vary from disease to disease,
treatment to treatment, outcome
to outcome, physician to physi-
cian, and patient to patient. Thus,
lower thresholds of importance
might attach to the reduction in
mortality resulting from treatment
with aspirin vs the relief of angina
by catheter intervention.

While our approach is best suited
to the analysis of randomized trials
of the most relevant clinical out-
comes, only 1 in 10 guidelines are
founded on such high-quality evi-
dence,19 whereas 5 in 10 rely on sur-
rogate outcomes, case-control cohort
studies, and consensus opinion.19

This is entirely understandable. Most
clinical care is not—and never will
be—directly supported by formal
randomized outcome trials. But nei-
ther is most care sufficiently ma-
ture to justify being codified in terms
of a guideline. It can take years of
experience for consensus opinion to
crystallize. Surrogate and compos-
ite outcomes can be misleading as
stand-ins for clinical benefit, co-
hort studies are no substitute for ran-
domization, large trials are not nec-
essarily superior to small trials, and
consensus opinion cannot replace di-
rect empirical observation.

Individual practitioners—not
academic guideline committees—
will always make the ultimate
treatment decisions. It is therefore
interesting to speculate that differ-
ences in the implicit thresholds of
clinical importance used by these
different stakeholders might serve
to explain much of the observed
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Figure 2. Sensitivity analysis of the probability
of a clinically important benefit (y-axis) as a
function of the threshold magnitude for a
clinically important relative risk reduction
(x-axis). The upper curve is for the enthusiastic
distributions, and the lower curve is for the
skeptical distributions illustrated in Figure 1.
Additional graphical sensitivity analyses as a
function of prior error and prior variance are
described in the eAppendix (http://www
.archinternmed.com) and can be generated
using a Microsoft Excel 2003 (Redmond, Wash-
ington) spreadsheet (BayesLine) available from
the authors on request.

Table 2. Primary Prevention of Sudden Cardiac Death Using Implantable
Cardiac Defibrillators

Source Sample Size, No. Risk Ratio (95% CI) Pworst
a Pbest

b Classc

Bänsch et al12 104 0.83 (0.45-1.82) .03 .50 !!
Strickberger et al13 103 0.87 (0.31-2.42) .03 .50 !!
Bristow et al14 397 0.50 (0.29-0.88) .06 .65 !!
Kadish et al15 458 0.65 (0.40-1.06) .05 .61 !!
Bardy et al16 792 0.73 (0.50-1.04) .06 .63 !!
Meta-analysis 1854 0.69 (0.55-0.87) .20 .83 !!

Abbreviation: CI, confidence interval.
aPworst=skeptical posterior probability of benefit.
bPbest=enthusiastic posterior probability of benefit.
cSee Table 1 for a description of the judicial analogy.
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variation in guideline adherence20

and consequent clinical out-
comes.21 If these differences were
made explicit and if monetary
reimbursement were scaled in
direct proportion to the eviden-
tiary probabilities, this would pro-
vide powerful incentives to reduce
practice variation, encourage
guideline adherence, improve
clinical outcomes, and control
health care costs.22

Accepted for Publication: April 27,
2009.
Correspondence: George A. Dia-
mond, MD, 2408 Wild Oak Dr, Los
Angeles, CA 90068 (gadiamond@pol
.net).
Author Contributions: Study con-
cept and design: Diamond and Kaul.
Acquisition of data: Diamond and
Kaul. Analysis and interpretation of
data: Diamond and Kaul. Drafting of
the manuscript: Diamond and Kaul.
Critical revision of the manuscript for
important intellectual content: Dia-
mond and Kaul. Statistical analysis:
Diamond and Kaul.
Financial Disclosure: None re-
ported.
Additional Information: An eAp-
pendix is available at http://www
.archinternmed.com.

REFERENCES

1. Taleb NN. The Black Swan: The Impact of the Highly
Improbable. New York, NY: Random House; 2007:
40.

2. Jessup M, Abraham WT, Casey DE, et al. Fo-
cused Update: ACCF/AHA Guidelines for the Di-
agnosis and Management of Heart Failure in
Adults: a report of the American College of Car-
diology Foundation/American Heart Association
Task Force on Practice Guidelines: developed in

collaboration with the International Society for
Heart and Lung Transplantation [published on-
line March 26, 2009]. Circulation. 2009;119:
1977-2016. doi:10.1161/CIRCULATIONAHA
.109.192064.

3. Ioannidis JPA. Why most published research find-
ings are false [published online August 30, 2005].
PLoS Med. 2005;2(8):e124.

4. Diamond GA, Kaul S. Prior convictions: Bayesian
approaches to the analysis and interpretation of
clinical megatrials. J Am Coll Cardiol. 2004;
43(11):1929-1939.

5. Spiegelhalter DJ, Myles JP, Jones DR, Abrams
KR. Bayesian methods in health technology as-
sessment: a review. Health Technol Assess. 2000;
4(38):1-130.

6. Greenland S. Bayesian perspectives for epidemio-
logical research, I: foundations and basic methods.
Int J Epidemiol. 2006;35(3):765-775.

7. Wijeysundera DN, Austin PC, Hux JE, Beattie WS,
Laupacis A. Bayesian statistical inference en-
hances the interpretation of contemporary ran-
domized controlled trials. J Clin Epidemiol. 2009;
62(1):13-21, e5.

8. Feinstein AR. Clinical Epidemiology: The Archi-
tecture of Clinical Research. Philadelphia, PA: WB
Saunders; 1985:118-127, 423-434.

9. Burden of proof. http://en.wikipedia.org/wiki
/Burden_of_proof. Accessed January 23, 2008.

10. Daston L. Classical Probability in the Enlightenment.
Princeton, NJ: Princeton University Press; 1988:
33-47.

11. Desai AS, Fang JC, Maisel WH, Baughman KL.
Implantable defibrillators for the prevention of mor-
tality in patients with nonischemic cardiomyo-
pathy: a meta-analysis of randomized controlled
trials. JAMA. 2004;292(23):2874-2879.

12. Bänsch D, Antz M, Boczor S, et al. Primary pre-
vention of sudden cardiac death in idiopathic di-
lated cardiomyopathy: the Cardiomyopathy Trial
(CAT). Circulation. 2002;105(12):1453-1458.

13. Strickberger SA, Hummel JD, Bartlett TG, et al;
AMIOVIRT Investigators. Amiodarone versus im-
plantable cardioverter-defibrillator: randomized trial
in patients with nonischemic dilated cardiomyo-
pathy and asymptomatic nonsustained ventricu-
lar tachycardia: AMIOVIRT. J Am Coll Cardiol.
2003;41(10):1707-1712.

14. Bristow MR, Saxon LA, Boehmer J, et al; Com-
parison of Medical Therapy, Pacing, and Defibril-
lation in Heart Failure (COMPANION) Investiga-
tors. Cardiac-resynchronization therapy with or
without an implantable defibrillator in advanced
chronic heart failure. N Engl J Med. 2004;350
(21):2140-2150.

15. Kadish A, Dyer A, Daubert JP, et al; Defibrillators
in Non-Ischemic Cardiomyopathy Treatment
Evaluation (DEFINITE) Investigators. Prophylac-
tic defibrillator implantation in patients with non-
ischemic dilated cardiomyopathy. N Engl J Med.
2004;350(21):2151-2158.

16. Bardy GH, Lee KL, Mark DB, et al; Sudden Car-
diac Death in Heart Failure Trial (SCD-HeFT) In-
vestigators. Amiodarone or an implantable car-
dioverter-defibrillator for congestive heart failure.
N Engl J Med. 2005;352(3):225-237.

17. Zipes DP, Camm AJ, Borggrefe M, et al; Euro-
pean Heart Rhythm Association; Heart Rhythm
Society; American College of Cardiology; Ameri-
can Heart Association Task Force; European So-
ciety of Cardiology Committee for Practice Guide-
lines. ACC/AHA/ESC 2006 guidelines for
management of patients with bentricular arrhyth-
mias and the prevention of sudden cardiac death:
a report of the American College of Cardiology/
American Heart Association Task Force and the
European Society of Cardiology Committee for
Practice Guidelines (Writing Committee to De-
velop Guidelines for Management of Patients With
Ventricular Arrhythmias and the Prevention of Sud-
den Cardiac Death). J Am Coll Cardiol. 2006;
48(5):e247-e346.

18. Bonow RO, Masoudi FA, Rumsfeld JS, et al; Ameri-
can College of Cardiology; American Heart Asso-
ciation Task Force on Performance Measures.
ACC/AHA classification of care metrics: perfor-
mance measures and quality metrics: a report of
the American College of Cardiology/American Heart
Association Task Force on Performance Measures.
J Am Coll Cardiol. 2008;52(24):2113-2117.

19. Tricoci P, Allen JM, Kramer JM, Califf RM, Smith
SC Jr. Scientific evidence underlying the ACC/
AHA clinical practice guidelines. JAMA. 2009;
301(8):831-841.

20. Sinnaeve PR, Van de Werf F. Global patterns of
health care for acute coronary syndromes. Curr
Opin Cardiol. 2004;19(6):625-630.

21. Yan AT, Yan RT, Tan M, et al; Canadian ACS Reg-
istries Investigators. Optimal medical therapy at
discharge in patients with acute coronary syn-
dromes: temporal changes, characteristics, and
1-year outcome. Am Heart J. 2007;154(6):1108-
1115.

22. Diamond GA, Kaul S. Evidence-based financial in-
centives for health-care reform: putting it together.
Circulation: Cardiovas Qual Outcomes. 2009;
2:134-140. doi:10.1161/CIRCOUTCOMES.108
.825695.

(REPRINTED) ARCH INTERN MED/ VOL 169 (NO. 15), AUG 10/24, 2009 WWW.ARCHINTERNMED.COM
1435

©2009 American Medical Association. All rights reserved.
 on August 10, 2009 www.archinternmed.comDownloaded from 

http://www.archinternmed.com
Francesco Abbadessa



