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Shifting Our Thinking About Uncommon Disease
Trials: The Case of Methotrexate in Scleroderma
SINDHU R. JOHNSON, BRIAN M. FELDMAN, JANET E. POPE, and GEORGE A. TOMLINSON

ABSTRACT. Objective. Randomized trials for uncommon diseases suffer from methodological challenges: diffi-
culty in recruiting sufficient numbers of patients and low power to detect important treatment effects.
Using traditional (frequentist) analysis, p values > 0.05 mean investigators are unable to reject the
null hypothesis (of no treatment effect). The medical community often labels trials with p values >
0.05 as “negative.” Our study demonstrates how Bayesian analysis conveys more relevant informa-
tion to clinicians — using the example of methotrexate (MTX) in systemic sclerosis (SSc).
Methods. Data from 71 patients with diffuse SSc (n = 35 MTX, n = 36 placebo) in the trial were
reanalyzed using Bayesian models. We examined 3 primary outcomes: modified Rodnan skin score
(MRSS), University of California Los Angeles (UCLA) skin score, and physician global assessment
of overall disease activity. Using noninformative prior probability distributions, the probability of
beneficial treatment effects for each outcome and the probability of simultaneous benefit in out-
comes were computed.
Results. The probability that treatment with MTX results in better mean outcomes than placebo was
94% for MRSS, 96% for UCLA skin score, and 88% for physician global assessment. There was
96% probability that at least 2 of 3 primary outcomes were better on treatment.
Conclusion. Bayesian analysis of uncommon disease trials allows for more flexible and clinically
relevant interpretations of the data. From the trial data, clinicians can infer that MTX has a high prob-
ability of beneficial effects on skin score and global assessment. (First Release Dec 1 2008;
J Rheumatol 2009;36:323–9; doi:10.3899/jrheum.071169)
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Randomized trials studying therapy for uncommon diseases
suffer from a number of methodological challenges. Due to
the rarity of the disease under study, small numbers of
patients are available for recruitment. Consequently, well
designed trials may have insufficient power against impor-

tant treatment effects and therefore be unable to yield defin-
itive conclusions about an intervention’s effect1. The princi-
ples of significance and power are derived from the school
of statistical inference referred to as “frequentist” statistics.
When designing a trial under this paradigm, a null hypothe-
sis of no treatment effect is usually specified, and an alter-
native hypothesis (usually, that a treatment effect of some
magnitude exists) is also specified. A level of significance
(allowable false-positive rate), indicated by the Greek letter
α, is most often set — without much thought — at 0.05. If
a p value > 0.05 is found, investigators must conclude that
“there is insufficient evidence to reject the null hypothesis”2.
However, such studies are often inappropriately labelled as
“negative” studies3 and over time this precipitates a belief in
the medical community that the treatment “has no effect”
and/or “doesn’t work”4. Although this has the positive effect
of screening out most completely ineffective treatments, it
can result in trials having low power against important effect
sizes5. This can have important implications when balancing
the seriousness of statistical error6. Investigators commit
type I error (false-positive) when they state a treatment
effect exists when in truth it does not6. Investigators commit
type II error (false-negative) when they state that a treatment
effect does not exist when in truth it does6. In the setting of
a relatively safe treatment with no alternative treatment
options, the seriousness of type I error is relatively small,

 www.jrheum.orgDownloaded on April 19, 2024 from 

http://www.jrheum.org/


whereas the seriousness of type II error is relatively large.
This can result in patients being denied treatments with ben-
eficial effects, and may suggest that further research is not
required4. An example is the use of fibrinolytic agents in
myocardial infarction. The lack of a significant p value in
individual trials led to a delay in the clinical acceptance of
this therapy due to a belief in its lack of efficacy3. Only
through the evaluation of 33 trials was the reduction in mor-
tality appreciated, and the belief within the medical commu-
nity revised7.
Increasingly in the literature, there is a move away from

the p value towards looking at confidence intervals (CI).
However, CI also suffer similar disadvantages8. The CI is
often used as a de facto significance test when users exam-
ine whether its endpoints overlap the null value6. Consumers
of the medical literature often mistakenly conclude that
there is a 95% probability that the true treatment effect lies
with the 95% CI9. However, a 95% CI indicates that if the
same study was repeated many times, 95% of CI would
include the true treatment effect.9 In addition, the CI does
not report the information that clinicians are interested in,
namely, the probabilities for clinically important benefits.
Clinical care involves making decisions with less than 95%
confidence10. Clinicians may still be interested in knowing
whether an intervention has a 70% or 80% probability of a
clinically important effect.
As an example of an uncommon disease, we have chosen

to examine systemic sclerosis (SSc), a chronic disease with
an incidence of 1–2 per 100,000 a year11, and a prevalence
of 276/100,00012. It is characterized by fibrosis, vasculopa-
thy, and immune activation. Patients with SSc have pain,
impaired physical function, and poor quality of life13. There
is no cure. Investigators have evaluated treatment options,
but this has been a frustrating effort. Two studies (an obser-
vational study and a 24-week randomized trial followed by
a 24-week observational study) suggested that methotrexate
(MTX) conferred beneficial effects14,15. This led to a place-
bo-controlled trial of MTX in early diffuse SSc16. The inves-
tigators reported a nonsignificant (p ≥ 0.05) benefit of MTX
versus placebo in 2 primary outcomes [modified Rodnan
skin score (MRSS) and University of California Los
Angeles (UCLA) skin score] and a statistically significant
benefit (p = 0.04) in the physician global assessment of
overall disease activity. In the design of the study, an opti-
mistic difference in skin score (35% difference) was used in
the sample-size calculation. As a result the study was under-
powered to “detect” smaller, but clinically important treat-
ment effects under the frequentist paradigm. The investiga-
tors (correctly) concluded that there was insufficient evi-
dence to reject the null hypothesis of no treatment effect.
However, over time this trial has been labelled a “negative”
study17. This has precipitated a belief by some that
“methotrexate doesn’t work in SSc.” A survey of both gen-
eral rheumatologists and scleroderma experts found that

only 22% frequently use MTX in the treatment of skin
involvement17.
The interpretation of the p value and these study results

is likely related to discordance between the meaning of the
p value and the way clinicians think. A p value is the proba-
bility that one would observe an effect (test statistic) as
extreme or more extreme than the one observed if the null
hypothesis were true. The discordance occurs because clini-
cians think in terms of conditional probabilities, not in terms
of long-run frequencies18. When confronted with a patient,
the clinician (implicitly) estimates a pretest probability that
the patient has a disease based on the constellation of signs
and symptoms. If a diagnostic test yields a positive result, a
post-test probability of disease is (again implicitly) revised
based on the test result. Clinicians do not think of the patient
in terms of long-run repeated experiments with a p value6.
Clinicians are less interested in the long-run frequency of
data at least as unusual as the observed study data, given that
an intervention is ineffective, but rather, clinicians are more
interested in the probability that an intervention is effective
given the current data.
The Bayesian school of statistical inference provides an

alternative paradigm in which to analyze data and present
results. Bayes’ Theorem formalizes the way that preexisting
knowledge or belief can be combined with new data to
inform clinicians about the actual probability of a treatment
effect19. Thus, the objectives of our study are to demonstrate
how the use of Bayesian analysis makes efficient use of the
available data and presents the results in a format that is
more clinically relevant to consumers of the medical litera-
ture using data from a trial of uncommon disease (systemic
sclerosis).

MATERIALS AND METHODS
This study is a reanalysis of the MTX in SSc trial16.

Patients. Subjects were recruited from 8 centers, were ≥ 18 years of age,
fulfilled criteria for SSc20, had diffuse disease21, and had a disease duration
< 3 years.

Study design. The study was a 1-year, parallel-groups, double-blind, ran-
domized, placebo-controlled trial. Details of the inclusion and exclusion
criteria, methods of randomization, and allocation concealment are as
described16.

Outcome measures. The primary outcomes were the 12-month skin score
measured by 2 methods (UCLA skin score22 and MRSS23) and physician
global assessment of overall disease activity. The UCLA skin score evalu-
ates 10 sites with a maximum score of 3 at each site, giving a possible score
of 0–3022. The MRSS evaluates 26 sites with a maximum score of 3 at each
site, giving a possible score of 0–7823. The physician global assessment of
overall disease activity was recorded on a 10-cm visual analog scale,
anchored by 0 indicating no disease and 10 indicating worst disease.

Statistical analysis. Raw data were provided by the principal investigator of
the original study (JEP). In the original analysis, the investigators analyzed
only the data for patients who completed the study at 12 months. Using the
same data, we used Bayesian methods to calculate the probability of a ben-
eficial treatment effect for each outcome measure at 12 months. We used a
2-group comparison, analogous to a 2-sample t-test, but set up as a linear
model. Individual outcomes Yi were assumed to come from a normal dis-
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tribution with a common between-subject variance σ2. The mean of that
distribution was determined by the group the subject was in:

Yi ~ N(α + ß * groupi, σ
2)

Here, groupi = 1 if a subject received MTX and groupi = 0 if a subject
received placebo, so that ß is the difference in the mean of the outcome
between the MTX and placebo groups. These models were fitted using
WinBUGS and the posterior distribution of ß was used to compute the
probability that MTX had a beneficial effect. The phrase “doesn’t work”
was assumed to mean that MTX has no beneficial effect on an outcome
measure, so a beneficial effect was defined as any improvement in score
greater than zero. This is comparable to the investigators’ original frequen-
tist analysis, setting a null hypothesis of “no effect” and not specifying min-
imal clinically important differences. With a particular prior distribution for
the variance, the posterior probability of a beneficial effect computed this
way will be exactly 100 × (1 – p)%, where p is the p value from a 1-tailed
t-test of treatment efficacy. Our results are slightly different from this
because we used a uniform prior distribution over the range 0 to the maxi-
mum possible standard deviation (SD) for the instrument in question.

We repeated the analysis with multiple imputation of missing 12-month
data. Evaluation of the raw data indicated a potential bias in the complete
case analysis towards no apparent treatment benefit: more patients in the
placebo group dropped out of the study, and patients who were sicker at ran-
domization tended to drop out. Missing 12-month outcomes were multiply
imputed from within-subject longitudinal data, and the Bayesian model
above was fitted to the resulting imputed datasets. Results for the estimated
treatment effect were combined across multiple imputed datasets so that
they reflected both within-dataset and between-imputation variability.

In addition, we fitted a multivariate Bayesian regression model to all 3
outcomes, treating them as a sample from a 3-dimensional multivariate nor-
mal distribution, again in the imputed datasets. This approach allowed for
the correlation between the 3 outcomes on the same individual and meant
that we could make statements about the probability of a simultaneous ben-
efit in these outcomes, for example, that all outcomes showed an effect or
that 2 or more showed an effect.

Noninformative versus informative prior. The inferences from a Bayesian
analysis of a clinical trial combine information in the data from the trial
with information external to that trial. When there is no information exter-
nal to the trial, the point and interval estimates of the treatment effect will
often be similar to those from a frequentist analysis. To illustrate how the
Bayesian approach can formally include external information and how this
can affect inferences, we reanalyzed the MRSS data using a prior distribu-
tion for the treatment effect derived from an earlier study of MTX in this
population15. The outcomes in the earlier work were reported in units of
Total Skin Score (TSS) and required that a few intermediate calculations be
made to construct a prior distribution on the scale of the MRSS. We
rescaled the result from the TSS to the MRSS by first rescaling the TSS in
terms of an effect size and then converting this to the MRSS by using the
SD for MRSS. This is an approach commonly seen in metaanalysis, when
studies report different continuous outcomes measuring the same underly-
ing construct. The standardized mean difference was computed as the treat-
ment effect divided by the pooled SD. This was then multiplied by the
pooled SD of the MRSS to create a treatment effect on that scale. The result
was a prior distribution with a mean of –2.5 and SD of 2.4 MRSS points.
Based on the previous study, we would go into the present one with a belief
that MTX decreased the MRSS by 2.5 points at 24 weeks compared to
placebo. This prior distribution corresponds to about an 85% probability
that MTX improves the MRSS.

Computational details. Noninformative prior probability distributions were
used for all parameters in our analyses, representing ignorance about place-
bo group scores, treatment effects, and between-subject SD. In particular,
in the univariate models, priors for the treatment effects were centered at
zero with SD of 1000 and priors for between-subject SD were uniform on

(0, W), where W is the range of the observed values for the outcome. The
multivariate model used a diffuse conjugate multivariate normal-inverse
Wishart prior. Posterior means, quantiles, and probabilities were computed
from Monte Carlo Markov Chain (MCMC) sampling of the posterior dis-
tributions. Where appropriate, convergence was evaluated using the
Brooks-Gelman-Rubin convergence statistic. The reporting of the analysis
and results are in accord with the ROBUST criteria24. Analyses were per-
formed using MCMCpack25, bayesm26, and R2WinBUGS27 in R 2.4 (R
Foundation for Statistical Computing, Vienna, Austria) andWinBUGS v1.4
(Imperial College and Medical Research Council, London, UK). The code
for all analyses is available from the authors upon request.

RESULTS
Baseline characteristics. Seventy-one patients were
enrolled in the study, with 35 patients randomized to
receive MTX and 36 to receive placebo. Twenty-two
patients in the MTX group and 25 in the placebo group
completed the study. In both groups, most patients dropped
out prior to study completion due to treatment inefficacy.
One patient in the MTX group dropped out due to develop-
ment of oral ulcers.

Frequentist analysis. In patients who completed the study,
the investigators found improvement in all primary out-
comes at 12 months in the MTX group compared to the
placebo group. Neither of the skin score measurements
achieved a level of statistical significance of p < 0.05 using
the original frequentist analysis. (Table 1).

Bayesian analysis. In patients who completed the study at
12 months, the probability of a beneficial effect compared to
placebo on the MRSS is 90%, on the UCLA skin score 92%,
and on the physician global assessment 98% (Table 2).
Comparisons are relative to the placebo group, so improve-
ments are those over and above what were seen in the place-
bo group. The posterior probability density curve for the
mean difference in modified Rodnan skin score between
MTX and placebo patients is shaded to illustrate the proba-
bility that MTX results in better mean skin score than place-
bo (Figure 1).
When values were imputed for patients who did not com-

plete the study, the probability of a beneficial effect on the
MRSS is 94%, on the UCLA skin score 96%, and on the
physician global assessment 88% (Table 2). From the multi-
variate analysis, there is a 96% probability of benefit in at
least 2 of 3 primary outcomes.

Noninformative versus informative prior. The informative
prior based on van den Hoogen, et al15 is centered at less of
a treatment effect than the one we observed. The result is
that the posterior for the analysis with the informative prior
is shifted slightly towards no treatment effect; the posterior
mean and credible interval (CrI) were –3.4 and –7.3 to 0.4,
respectively. This is a substantial reduction in the uncer-
tainty around the treatment effect than we obtained with the
uninformative prior, which had a 95% CrI of –11.8 to 1.3.
The combination of a smaller estimate of the treatment
effect and the narrower CrI resulted in a slight increase in
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the probability of a treatment benefit, from 94% to 96%
(Figure 2).

DISCUSSION
This study illustrates how Bayesian analysis can convey a
more clinically relevant interpretation of trial data. In the
setting of uncommon disease, it allows for inferences to be
made with the data at hand. Unlike the frequentist paradigm,
it informs clinicians directly on the probability of beneficial
treatment effects (for one or more outcomes) for use in clin-
ical practice.
Our reanalysis refutes the belief that MTX is ineffective

in SSc17. Our study results indicate that treatment with
MTX has favorable odds of beneficial treatment effects on
skin score and physician’s global assessment of overall dis-
ease activity compared to no treatment (placebo). In the set-
ting of a disease with significant morbidity and mortali-
ty13,28, no curative treatment options29, and an intervention
that is safe, inexpensive and readily available, many clini-
cians would be willing to accept a > 50% probability
(greater than 1:1 odds) of a beneficial treatment effect; in

our analysis, MTX conferred greater than 9:1 odds of bene-
fit. Further, any one measure of the severity of SSc may give
an incomplete picture. Within the Bayesian multivariate
model, it was possible to compute the probability that MTX
produced a benefit in 1, 2, and 3 of the measures. This meant
that we are able to make such clear statements as there is an
85% probability that improvement occurs in all 3 outcomes.
The Bayesian paradigm does not create positive results

from a negative trial. If a treatment effect has no effect, then
on average the posterior probability of treatment being bet-
ter than placebo in a Bayesian analysis will be 50%. That is,
a truly useless treatment (not helpful and not harmful)
would result in 50% of the shaded area in Figure 1 lying
above zero and 50% lying below zero. Thus the Bayesian
approach should not be viewed as a statistical alternative for
investigators trying to demonstrate a “treatment effect.”
Rather, use of the Bayesian approach should be a conscious
choice for analyzing one’s data. In the MTX in SSc trial, the
raw and aggregate data indicate benefit in all outcome meas-
ures. The frequentist analysis provides an incomplete sum-
mary of what the data are telling us. Further, incorrect inter-
pretation of the p value and 95% confidence interval has pre-
viously led to a misguided clinical interpretation of the
study results. Indeed, many people would interpret the fre-
quentist 95% confidence interval, which contains 0 as an
indication, that there is insufficient evident to reject the
hypothesis of no treatment effect. The study interpretation
would stop there. No additional inferences could be made.
The advantage of the Bayesian approach is that we can not
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Table 1. Twelve-month outcomes among those who completed the study using a frequentist approach.

Outcome Methotrexate, Placebo, p Treatment Effect
n = 35; Randomized n = 36; Randomized (95% CI)

Modified Rodnan skin score, 21.4 ± 2.8 26.3 ± 2.1 0.18 –4.9 (–11.9, 2.2)
range, 0–78 (n = 27) (n = 24)

UCLA skin score, range 0-30 8.8 ± 1.2 11.0 ± 0.9 0.15 –2.2 (–5.2, 0.8)
(n = 27) (n = 24)

MD global assessment, 10 cm VAS 4.2 ± 0.5 5.5 ± 0.4 0.04 –1.3 (–2.7, –0.1)
(n = 25) (n = 29)

Values are mean ± standard error of the mean. n is the number with 12-month outcomes. UCLA: University of
California Los Angeles; MD: physician; VAS: visual analog scale.

Table 2. Probability and odds of a beneficial treatment effect using 12-month scores.

Excluding Missing Data Imputing Missing Data
Outcome Probability of Beneficial Probability of Beneficial Estimated Treatment

Effect Compared to Effect Compared to Effect (95%
Placebo, % (odds) Placebo, % (odds) credible interval)

Modified Rodnan skin score 90 (9:1) 94 (15.7:1) –5.3 (–11.8, 1.3)
UCLA skin score 92 (11.5:1) 96 (24:1) –2.5 (–5.1, 0.2)
MD global assessment 98 (49:1) 88 (7.3:1) –0.77 (–2.00, 0.46)

UCLA: University of California Los Angeles; MD: physician.

Table 3. The probability that combinations of outcomes are beneficial.

Outcomes Probability, %

Exactly 0 outcomes are positive 1
Exactly 1 outcome is positive 3
Exactly 2 outcomes are positive 11
Exactly 3 outcomes are positive 85
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only state that there is 95% probability of the treatment
effect lying in a certain interval (the 95% credible interval)
but we are also able to state the probability that the treatment
effect lies in any interval we choose. In this case, we can
compute the probability of a beneficial treatment effect
given these data. Thus the Bayesian approach allows for
more efficient use of the data at hand. Although it is true that
the 95% credible interval contains 0, there is still a high
probability of a beneficial treatment effect. In the case of
MTX for SSc, the fairly low probability of harm may justi-
fy its use.
The Bayesian analysis allows for more clinically relevant

interpretations of the data to be presented to consumers of
the medical literature. Traditionally, trials report a “treat-
ment effect” in terms of a statistically significant difference
in mean scores between control and intervention group.
Clinicians often struggle with how they can apply the results
of a trial to their practice. The Bayesian framework informs
clinicians about the probability of a beneficial treatment
effect for their patients based on the data. Second, the pres-
entation of a probability density curve allows clinicians to
exercise clinical judgement about what treatment benefit is
needed to offset the risks of treatment. A clinician may
believe there is no utility in values around zero that are clin-
ically indistinguishable from zero. A clinician may believe
that a 3-point reduction in skin score is required to be clini-

cally meaningful. It is a simple matter to use the output of
the Bayesian model to compute the area under the curve to
the left of –3 in the probability density curve in Figure 1,
which corresponds to the posterior probability that the treat-
ment reduces the MRSS by 3 or more points; for the non-
imputed data, this probability is 70% (2.3:1 odds of > 3
MRSS points improvement with MTX). Third, Bayesian
analysis allows for determination of the probability of
simultaneous benefit in multiple outcomes. In the posterior
distributions from the multivariate model, the Bayesian ana-
lyst has access to the probabilities of any combination of
outcomes showing a benefit. For example, a skeptical clini-
cian may require improvement in both measures of skin
involvement (which we find to have a posterior probability
of 92%) or require improvement in at least one skin score as
well as the global measure of health (which we find to have
a posterior probability of 88.6%). We are able to report the
probability of a beneficial effect in multiple outcomes with-
out being limited by the frequentist issues of adjustment for
multiple comparisons.
The presentation of results in terms of probabilities,

odds, and a probability density curve differs from the con-
cept of “number needed to treat” (NNT). The widely used
NNT indicates the benefit of active treatment over control,
and is expressed as the reciprocal of the absolute risk reduc-
tion30,31. In this particular case, since the outcomes are con-
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Figure 1. Probability density curve of mean difference in modified Rodnan skin score (MRSS) between
MTX and placebo patients using non-imputed data. Negative scores favor MTX. This graph illustrates
the probability that MTX results in better mean skin score than placebo.
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tinuous measurements, they would first have to be
dichotomized so that a difference in proportions and NNT
could be computed. NNT has been used for summarizing
trial results and medical decision-making32. Unfortunately,
its application in the clinic for individual patients has been
limited by the need for complex calculations33 or reliance on
nomograms32. Although NNT and Bayesian reporting of
data can facilitate the interpretation of study data in terms of
individual patients, the NNT expresses the number of
patients who need to be treated to prevent one additional
event; Bayesian analysis can be used to express the proba-
bility of a beneficial effect in any patient.
Finally, Bayesian analysis allows for the inclusion of pre-

vious knowledge into study analysis. We contrast the infer-
ences that are made by using various priors: one noninfor-

mative prior and an informative prior. The use of an inform-
ative prior allowed the inclusion of the estimated treatment
effect from a previous trial with the current trial. The com-
bination resulted in an increase in the probability of a bene-
ficial treatment effect with less uncertainty.
Limitations to the wide-scale use of Bayesian analysis do

exist34, but are not insurmountable. First, computational
complexity of the analysis has previously limited its use;
however, the availability of faster computers and relatively
easy to use software has made Bayesian statistical analysis
more accessible to clinical researchers. Indeed, the run-time
per analysis in our study ranged from 6–10 seconds (for the
complete case analysis) to 1–2 minutes (for the analyses
using multiple imputation). Second, critics of Bayesian
analysis are concerned that interpretation of results is sub-
jective, as the interpretation is influenced by prior beliefs.
We argue that clinicians implicitly interpret the results of a
trial within the context of their clinical experience and
beliefs, no matter how the trial is analyzed35,36. A strength
of Bayesian analysis is that it allows formal and explicit
incorporation of a spectrum of prior beliefs (skeptical versus
optimistic views of the treatment effect) in the analysis.
Here, to be most objective, we used priors that were consis-
tent with no prior belief about the effectiveness of MTX; in
practice this meant that every possible size of treatment
effect was a priori considered equally likely. There has been
concern that the subjective nature of the Bayesian approach
as incorporated in the prior belief may lead to a preferential
selection of the new treatment. This may be problematic
when clinicians are confronted with findings from small
clinical trials. In the setting of a small trial with weak evi-
dence, a Bayesian analysis would indicate in a transparent
manner that is evident to the reader, that the study interpre-
tation is heavily influenced by subjective belief. This trans-
parency in study interpretation is an important advantage.
Our study illustrates how Bayesian statistics can convey

a more flexible and clinically relevant interpretation of clin-
ical trial data of an uncommon disease. Using the data at
hand, we are able to report the probability of a beneficial
treatment effect and probability of a beneficial effect in mul-
tiple outcomes. As an example of the use of Bayesian infer-
ence in the setting of uncommon disease trials, we have
demonstrated that MTX has a high probability of a benefi-
cial effect on skin score and physician global assessment of
overall disease activity.
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