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Objectives: The aim of this study was to explore whether Bayesian reasoning can be
applied to therapeutic questions in a way that is similar to its application in diagnostics.
Methods: A clinically relevant, therapeutic question was formulated in accordance with
Bayesian reasoning for the clinical management of patients with newly diagnosed
rheumatoid arthritis (RA). Prior probability estimates of response to drug treatment
(methotrexate, MTX) were obtained from the literature. As a marker of treatment
response, changes in the Health Assessment Questionnaire (HAQ) scores were assessed
after three months of treatment. Likelihood ratios for this marker were calculated on the
basis of data from a clinical registry, using changes in the Disease Activity Score (DAS) as
gold standard. Using Bayes’ theorem, prior probability and likelihood ratios were
combined to estimate posterior probabilities of treatment response in individual patients.
Results: On the basis of the literature, the prior probability of response of RA patients to
MTX was estimated 45 percent. At 3 months follow-up, this probability increased to
80 percent or decreased to 23 percent, depending on the changes that were observed in
Health Assessment Questionnaire scores.
Conclusions: Bayesian reasoning can be applied to therapeutic issues in a way that is
conceptually fully compatible with its use in diagnostics. As such, it can be used to bridge
the gap between aggregate data and individual patient management.
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A gap exists between evidence that is based on aggregate data
and individual patient management. Aggregate data allow for
an estimate of the probability that, on average, treatments pro-

The research that is reported in this study derives from a project, funded by
the Council for Health and Health Services Research from the Netherlands,
ZonMw (Title: Potential and limitations of Bayesian analyses in synthesis
of evidence from multiple sources. Project Number 80-82500-98-8201. Co-
ordinator: Professor dr. G. J. van der Wilt). The funding organization had
no role in the conceptualization of the study, the collection and analysis of
the data, or in the reporting of the results.

duce a clinically important benefit in specified populations
of patients. Reputedly, physicians claim that the average pa-
tient does not exist. This difference in perspective may be
one of the barriers to the uptake of evidence-based medicine.
With the launch of the Comparative Effectiveness Research
program in the United States, the debate has gained new mo-
mentum, with opponents suggesting that the initiative poses
a threat to individualized medicine (1;7;14).

To illustrate the issue, take the following example: In a
double-blind, randomized study, the effect of methotrexate
(MTX) was compared with placebo on disease progression in
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patients with probable rheumatoid arthritis (RA) (16). In the
placebo group, 53 percent of patients progressed to RA; this
proportion was reduced to 40 percent in the MTX group (p <

0.05). Now, for the practicing physician, the question is: will
the treatment work in this individual patient? The answer is:
the odds that it will work is 1.5 (0.6/(1-0.6). Whether this war-
rants treatment depends, of course, on several other issues,
such as side-effects, costs of treatment, severity of progress-
ing disease, and the performance of alternative treatment
options, if any. Equally important, however, is the question:
Once started, should the treatment be continued? In other
words, does the patient belong to the group of responders
or to the—slightly smaller—group of nonresponders? The
relevance of the question derives from the discontinuation
of a treatment that is not helpful but potentially harmful or
costly, and from the benefit of early switching to a possibly
more effective treatment option. For such decisions, mark-
ers of treatment benefit are crucially important. A marker
provides individual patient information that, allegedly, may
be interpreted as an indication of whether the patient is, or
will be, responding to treatment, and that can be obtained
more easily or earlier than information on actual treatment
response. Such markers are ubiquitously used in diabetes,
cancer, and cardiovascular and infectious disease (13). The
question is: How can this patient-specific information be
combined with the information at group level to provide an
accurate estimate that the patient is, actually, responding to
treatment?

A Bayesian approach may be conducive to this end.
Bayesian analysis differs from conventional, frequentist anal-
ysis in its concept of probability. For frequentists, probability
refers to the probability of an observed outcome (for instance
observed difference in response rates between groups in a
randomized clinical trial), under the assumption that a partic-
ular hypothesis (usually the null hypothesis of no difference)
is true. Here, the data are considered stochastic variables and
the hypothesis is fixed. In the Bayesian approach, probability
is a measure of the strength of justified belief. Here, the data
are considered as given, and the hypotheses may vary. The
p value expresses the probability that a particular claim (for
instance, “drug A leads to a greater reduction in blood pres-
sure than drug B”) is, in fact, true (9). Although the interest
in Bayesian reasoning has substantially increased recently, it
is not uncontroversial (8). This is not, however, the case for
the application of Bayesian reasoning to diagnostic issues.

Bayesian Reasoning in Diagnostics

A key issue in diagnosis is to find out whether an individual
patient has a specific disease condition. For instance, in pa-
tients presenting to a hospital’s emergency department with
acute pain in the right lower quadrant of the abdomen, the
question is: Does the patient have acute appendicitis (AA)?
Bayesian reasoning helps to estimate the probability that a
specific patient does, indeed, have this condition. For this, a

prior probability estimate is needed: What is the probability
that individuals like this do, in fact, have AA? An estimate of
this probability may be based on the prevalence of AA among
such individuals, for instance from a hospital’s records. For
AA, a reasonable estimate would be 0.3. Such information
is insufficient to guide clinical management. Hence, further
data from each individual patient need to be collected to ad-
just this prior probability, for instance through compression
ultrasonography. By how much the prior probability needs
to be revised on the basis of the test result depends on the
likelihood ratio of the test (12). Prior probability, test result,
and likelihood ratio are combined to estimate posterior prob-
ability of AA, using Bayes’ theorem (10). Likelihood ratios
can be estimated on the basis of the results of diagnostic test
studies. A meta-analysis of studies indicates that compres-
sion ultrasonography has a positive likelihood ratio of 4.5
and a negative likelihood ratio of 0.27 (18). Hence, the pos-
terior probability of AA would be 0.66 and 0.12, in case of a
positive and a negative test result, respectively. When these
probabilities are considered still insufficient to guide clini-
cal management, further testing is warranted, or a different
diagnostic test should be used in the first place.

Application of Bayesian Analysis to
Individual Patient Treatment Decisions

To be able to apply Bayesian reasoning in a similar way to
individual treatment decisions, the following elements are
needed: a relevant clinical question; an empirical basis for a
prior probability estimate; a marker that allows for revision
of this prior probability estimate in an individual patient (the
“test result”); empirical evidence to estimate the likelihood
ratio of this marker; a gold standard that allows for correct
classification of patients; and cutoff values to guide clinical
management.

The objective of our study is to develop concrete sug-
gestions for each of these elements, using treatment of pa-
tients with newly diagnosed rheumatoid arthritis (RA) with
methotrexate (MTX) as an example.

METHODS

Estimate of Prior Probability of Treatment
Response

To obtain an empirical estimate of the prior probability
of treatment response, a literature search was conducted
in PubMed, identifying recent studies reporting responses
among patients newly diagnosed with RA to MTX monother-
apy at 3 months follow-up. Clinical response had to be ex-
pressed in terms of the Disease Activity Score, a valid mea-
sure of disease activity in patients with RA (6). For this
purpose, “Arthritis, rheumatoid” [MeSH], methotrexate (In
Ti), “Clinical Trial” [PT], “Treatment outcome” [MeSH], and
“Severity of Illness Index” [MeSH] were combined with the
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Table 1. Corollaries between a Bayesian Approach to Diagnostic and Therapeutic Issues

Diagnostic context Therapeutic context

Relevant clinical question What is the probability that this patient has disease
condition X (e.g., acute appendicitis)?

What is the probability that this patient benefits
from treatment X? (e.g., the probability that a
newly diagnosed patient with RA will benefit
from treatment with MTX)

Empirical basis for prior
probability

Prevalence of condition X among an appropriate
spectrum of patients (result of diagnostic test
research)

Proportion of responders to treatment X among an
appropriate spectrum of patients (e.g., results of a
cohort study, RCT, or meta-analysis)

Marker that serves to
revise an individual’s
probability

Diagnostic test result (e.g., ultrasonogram
suggestive of an infected appendix)

An indicator of treatment response that can be easily
(preferably noninvasively) obtained, e.g.,
patient-reported improvement in symptom relief
or improved functioning

Gold standard that serves
to correctly classify
patients

Gold standard to classify patients as having- and
not-having AA (e.g., pathology or follow up)

A broadly accepted and validated criterion for
treatment response

Cutoff values At what probability may we accept the diagnosis,
and at what probability should we reject it? (e.g.,
when is it justified to wait and see, when is it
justified to prepare for surgery?

At what probability is it justified to continue
treatment, and at what probability is it justified to
discontinue or change treatment?

MTX, methotrexate; RA, rheumatoid arthritis; AA, acute appendicitis.

Boolean operator AND, with limitations English (language),
and published after 2000 in Core Clinical Journals.

Identification of a Marker of Treatment
Benefit and Gold Standard

As a marker of treatment benefit that can be easily and non-
invasively obtained, we have used the Health Assessment
Questionnaire (HAQ) score. The HAQ score is a self-reported
measure of functional status, comprising disability, discom-
fort, and pain (4). As a means to correctly classify patients as
responders and nonresponders, we used the Disease Activity
Score (DAS). Calculation of the DAS requires information
on the number of swollen and tender joints, the Erythrocyte
Sedimentation Rate (ESR) and the patient’s general health
as measured by a Visual Analog Scale (VAS). The DAS has
been demonstrated to be a valid measure of disease activ-
ity in patients with RA (6). This is the counterpart of the
gold standard that is used to classify patients correctly in a
diagnostic study.

Calculation of Likelihood Ratios

To calculate the likelihood ratios that are associated with
changes in the HAQ score, we used data from our clinical reg-
istry, which contains data from over 1,000 patients with RA
on patients’ characteristics, treatment, side effects and course
of disease, both objectively (DAS) and subjectively (HAQ)
(19). From this registry, we selected first-time users of MTX
with a minimal follow-up of 3 months. Patients were classi-
fied as responders (good and moderate) and nonresponders
on the basis of the European League Against Rheumatism
(EULAR) criteria (17). Likelihood ratios were calculated on
the basis of the observed frequency of specified changes in
the HAQ score among responders and nonresponders.

RESULTS

The elements that are needed for a Bayesian approach to indi-
vidual patient treatment decisions are summarized in Table 1.
The first element is a relevant clinical question. In our ex-
ample, this question would be: “What is the probability that
an individual patient is actually responding to treatment with
MTX?” Note that this question is truly Bayesian, in the sense
that it reflects the confidence that we may have in whether
the patient is actually benefiting from treatment. It is the
counterpart of the question in the diagnostic workup, ask-
ing about the probability that a patient has a disease con-
dition of interest. This question can be raised during any
follow-up visit since MTX treatment was initiated. The re-
sults that are reported below apply to follow-up of patients at
3 months.

The second element that is needed is an estimate of the
prior probability of treatment response. This estimate was
obtained from the literature. Our search produced nineteen
hits. One of these studies reported results that could be used
to estimate the prior probability of response in patients with
newly diagnosed RA on MTX monotherapy at 3 months
follow-up (2). In this cohort study, approximately 45 percent
of patients were reported to respond to MTX, response being
defined in accordance with the EULAR criteria for good and
moderate response. Thus, 45 percent was used as a reason-
able and evidence-based estimate of the prior probability of
treatment response.

The third and fourth element that are needed, are a
marker of treatment response and a gold standard to cor-
rectly classify patients as responders and nonresponders. In
our example, these are the HAQ and the DAS, respectively.
Together, they can be used to calculate Likelihood Ratios. In
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Table 2. Posterior Probability Estimates

Improvement in HAQ score,
3 months after start of MTX
treatment (cutoff values)

Probability of the specified
improvement in HAQ score

among responders

Probability of the specified
improvement in HAQ score

among nonresponders

Positive
likelihood

ratio

Posterior probability that a patient
with this change in HAQ score is

responding to treatment

>0.05 .52 .28 1.8 .60
>0.10 .38 .20 1.9 .61
>0.15 .31 .13 2.5 .67
>0.20 .25 .09 2.8 .70
>0.25 .18 .04 5.0 .80

Deterioration in HAQ score,
3 months after start of MTX
treatment (cutoff values)

Probability of the specified
deterioration in HAQ score

among responders

Probability of the specified
deterioration in HAQ score

among nonresponders

Negative
likelihood

ratio

Posterior probability that a patient
with this change in HAQ score is

responding to treatment

>0.05 .12 .31 0.38 .24
>0.10 .10 .22 0.48 .28
>0.15 .07 .14 0.54 .31
>0.20 .03 .08 0.36 .23
>0.25 .03 .06 0.53 .30

Note. Probabilities of the specified changes (improvement or deterioration) in HAQ score among responders and nonresponders to MTX treatment (according
to EULAR criteria), associated likelihood ratios, and resulting posterior probabilities that patients with the specified change in HAQ score are responding to
treatment (prior probability estimate of response to MTX: 0.45).
HAQ, Health Assessment Questionnaire; MTX, methotrexate.

our clinical registry, 1,652 patients with newly diagnosed RA
could be identified who were first-time users of MTX with a
minimal follow-up of 3 months. All patients could be clas-
sified as responders (good and moderate) and nonresponders
on the basis of the EULAR criteria. Likelihood ratios were
calculated for various improvements and deteriorations in
HAQ score and are presented in Table 2. Negative likelihood
ratio varied from 0.36 to 0.54, whereas positive likelihood
ratio increased from 1.83 for moderate improvement to 5.03
for substantial improvement in HAQ, respectively.

Posterior Probability Estimates

Combining the prior probability estimate for response (45
percent) with calculated likelihood ratios resulted in poste-
rior probability estimates as shown in Table 2. The Table
shows that when, after 3 months of treatment with MTX, a
patient reports substantially improved functional ability (c.q.,
improvement in HAQ > 0.25), this patient is almost twice
as likely to be a responder to the treatment (in the objective
sense) as compared to his probability when treatment was ini-
tiated (0.8 versus 0.45). When, on the other hand, a patient
reports deterioration in functional ability, the probability that
this patient is responding to MTX treatment may be only
half of the initial value (0.24 versus 0.45). We conducted the
analysis using a different drug (etanercept) and different pe-
riods of follow-up, and found similar likelihood ratios (data
not shown). This suggests that, as might be expected, these
likelihood ratios are a property of the marker (in this case,
the change in HAQ score), rather than the drug or follow-up
period.

DISCUSSION

Bayesian reasoning can be applied to therapeutic issues in a
way that is conceptually fully compatible with its application
to diagnostic issues. As such, it deserves broader acceptance
and use. A Bayesian approach offers several advantages, in-
cluding ease of interpretation (p values directly reflect con-
fidence that we may have that a specific statement is true),
relevance to clinical practice, and its flexibility (e.g., a differ-
ent prior probability may be used if a clinician has reason to
believe that a specific patient may respond better or poorer
than average on a particular treatment). Also, a Bayesian
approach offers a means of bridging the gap between ag-
gregate evidence and individual patient management. In
Bayesian reasoning, we start from an estimate of the proba-
bility that a patient like this will, generally speaking, respond
to a specific treatment. This estimate should be based on ag-
gregate data (e.g., outcomes of controlled or observational
studies). This probability estimate is then revised as soon as
further, specific evidence becomes available from the individ-
ual patient, using Bayes’ theorem. In the diagnostic context,
this patient-specific evidence is the result of a diagnostic
test; in the therapeutic context, this patient-specific evidence
consists of a marker of treatment response.

The Bayesian approach has been criticized for its sub-
jective concept of probability (8). However, the p value is a
measure of justified belief, and justification should be based
on firm, and relevant empirical evidence. Such basis can be
found, not only for diagnostic issues, but also for therapeutic
issues. As such, a Bayesian estimate of the probability of
treatment benefit may be used in the communication with
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the patient: what is to be expected from starting (or continu-
ing) a particular treatment? Also, it may be used to support
self-management, allowing patients to learn how improve-
ments or deteriorations in functional ability as experienced
by themselves translate into objective responses. Thus, it can
help to support crucially important decisions in patients with
a chronic condition regarding (dis)continuation of treatment.

To make this happen, physicians should be made more
aware of the practical significance of Bayesian reasoning, not
only to diagnostic issues, but to therapeutic issues as well.
Calculations are greatly facilitated by Bayesian calculators
that are freely available through the Web (3). The required in-
put consists of prior odds (based on prevalence of response as
observed in trials) and appropriate likelihood ratios. For the
latter, more work needs to be done on identification of useful
markers of disease progression for various conditions and on
reporting their likelihood ratios. In terms of research design,
this requires that for individual patients, data are collected
on potential markers and on actual treatment response (the
“gold standard”) concurrently, as is done in diagnostic test
research. Equally important, however, is that physicians start
to reflect on cut off values: at what probability values may we
safely assume that a patient actually benefits from treatment
and that no change in treatment is called for, and at what
level should a change in treatment be seriously considered?

In our example, we used data from an observational
study, comparing response rates among patients receiving
MTX with patients receiving anti-TNF alpha blockade. Two
comments are in order. First, the study was a nonrandomized,
open-label study and, as such, susceptible to bias and con-
founding. Indeed, in a randomized controlled trial compar-
ing MTX monotherapy with combination therapy (MTX +
anti-TNF alpha blockade), the response rate among patients
receiving MTX monotherapy at 52 weeks follow-up was 28
percent (95 percent CI: 23–33) (5). Ideally, a prior probability
estimate should be based on a meta-analysis of all available
and relevant evidence, taking into account methodological
quality. However, a strength of the Bayesian approach is that
it easily allows for substituting initial estimates for different
values, selecting those that seem to be most relevant for the
particular context. Second, we used a point estimate, disre-
garding any uncertainty resulting from sampling variation.
This too, can be easily accommodated by using a prior prob-
ability distribution, for instance in the form of a beta function.
Likelihood ratios, too, can be expressed in terms of likelihood
functions, giving rise to posterior probability distributions,
rather than point estimates as in our example. The rationale
for using point estimates was ease of interpretation. Also, the
issue of uncertainty is not critical to our main argument, that
Bayesian analyses can be used in individual patient treatment
decisions in a way which is fully compatible with its use in
establishing diagnoses in individual patients.

Translating evidence into implications for individual pa-
tient management has been of focal interest in evidence based
medicine (11;15). What this study adds is the contention that

a Bayesian analysis offers a formal algorithm for combin-
ing individual patient data with general evidence to arrive at
individualized probability estimates of treatment benefit.
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