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FDA is now “open to bayesian statistics”: transformational change or

new Pandora’s box?

Peter Doshi

The US Food and Drug Administration (FDA) is now
“open to bayesian statistics,” contrasting this with
the frequentist approach that the agencyand the drug
industry have historically relied on for statistical
analysis.

In a video posted to X on 12 January the FDA
commissioner, Marty Makary, said that the agency
had published a new guidance document “to
encourage the use of bayesian statistics in clinical
trial design and the readout of results” in new drug
and biologic applications.’

The 29 page document focuses on incorporating
bayesian methods into one of the FDA’s most crucial
functions: “primary inference in clinical trials
intended to support the effectiveness and safery of
drugs.™

Describing the change as “aleap forward beyond the
frequentist model of analysing data,” Makary said
that the approach would improve the FDA's processes
in designing and analysing clinical trials, lowering
drug development costs and shortening the timeline
for getting new treatments to market.

Publishing draft guidance on this topic was a formal
commitment the FDA made with the industry during
the Biden administration in 2022, as part of the
Prescription Drug User Fee Act VIL.? One major way
the change could influence drug and biologic
approval is the leveraging of phase 2 trial results in
phase 3 study results.

Richard Lilford, professor of public health at the
University of Birmingham, UK, has long called for
greater adoption of bayesian approaches, such as in
drug development for rare diseases, and was excited
by the new guidance.

“It's good that after years of prompting, a decision
body has decided to accept *grown up’ statistics,”
Lilford told The BMJ. While emphasising the need for
countering companies with strong vested interests,
he said that the FDA's announcement represented a
“potentially transformational change.™

But the move gamered a far more sceptical response
from Sander Greenland, emeritus professor of
epidemiology and statistics at University of California
Los Angeles, who has studied statistical methods.
“All this talk about frequentist versus bayesian is
misdirected,” he said, adding that almost any
bayesian analysis could be duplicated numerically
in a frequentist mode. But he warned, “By calling it
bayesian, you now mystify it and you open a door for
abuse.”

At a glance: What are bayesian statistics?

A bayesian approach to statistical analysis combines
collected study data with external sources of
information—such as pharmacokinetic or
pharmacodynamic data, other clinical trials,
observational data, or expert opinion—to determine an
outcome. It differs from how frequentist statistical
appreaches are commonly applied, in which only study
data are assessed. It is named after the 18th century
mathematician and theologian Thomas Bayes.

The percelved problem

Historically, industry sponsored clinical drug trials
have been analysed using a set of statistical
approaches classified as “frequentist.” One prominent
practice associated with frequentist methods is null
hypothesis significance testing, especially at the 0.05
significance cut-off for the corresponding P value.

Such conventions have aided “go/no-go™-type
decisions based on whether a result is—or is
not—deemed “statistically significant” (meaning
P<o0.05). But for decades statisticians and other
scholars have decried the tyranny of “statistical
significance™ and P values, criticising them for
encouraging mistaken decisions regarding efficacy
and safety.*

Small P values were often incorrectly interpreted as
indicating clinical or practical significance. And

conversely, P values greater than o0.o05 have been used
to incorrectly conclude “no effect” when one exists.

Despite the criticism, significance testing has
remained a fundamental part of drug regulation. “It
seems frequentism becoming the dominant approach
led to a certain sloth in applying it,” Greenland said,
calling approaches such as significance testing
“unimaginative, oversimplified, [and] automaric.”

Bayesian techniques, by contrast, seemed to offeran
innovarive alternative. Whereas, by frequentist
convention, clinical trials are analysed in isolation,
in a bayesian analysis the study data are combined
with other sources of information.

The idea of synthesising information across
experiments to draw new probability statements
about a hypothesis, such as whether a drug is
effective, appeals to many. “It means that analyses
can take account of all we know, not just the data on
one trial in isolation,” says Lilford—something that
he has argued can help bring new treatments for rare
diseases to market.

Industry figures are also likely to welcome the news.
In 2023, influential voices in the biopharmaceutical
space writing in Narure Reviews Drug Discovery called
on regulators to go bayesian.’ They said, “We believe

Doshi P. BMJ. 2026;392:5180.
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AEEM (Uncertainty)
HSRNEWNDTEZ(EHENEREEL TLBTE
conscious awareness of ignorance
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Aleatory Probability (Chance)
FOAMCSA LWRIRRNSE DB EEREDIZEEDKES
Epistemic Probability (Ignorance)
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Does probability exist?

Probably not —butitis usefultoactasifit does.

By David Spiegelhalter

Ife Is uncertain. None of us know what

Is golng to happen. We know little of

what has happened In the past, or Is

happening now outslde our Immediate

experlence. Uncertalnty has beencalled
the ‘consclous awareness of Ignorance™ — be
it of the weather tomorrow, the next Premier
Leaguechampions, the climatein 2100 orthe
Identity of our anclent ancestors.

Indallylife, we generally express uncertainty
Inwords, saying an event “could”, “might” or
“Is likely to” happen (or have happened). But
uncertaln words can be treacherous. When,
In 1961, the newly elected US president John
F.Kennedy was Informed about a CIA-spon-
sored plan to Invade communist Cuba, he
commissioned an appraisal from his military
top brass. They concluded that the misslon
had a 30% chance of success — that Is, a 70%
chanceof fallure. Inthe report that reached the
president, thiswas rendered as “afair chance”.
The Bay of Pigs Invasion went ahead, and was
aflasco. There are now established scales for
converting words of uncertainty Into rough

Spiegelhalter D.

started corresponding In the 1650s that
any rigorous analysis was made of ‘chance’
events. Like the release from a pent-up
dam, probability has since flooded fields as
diverse as finance, astronomy and law — not
tomentlon gambling.

Togetahandle on probability’sslipperiness,
consider how the concept Is used In modern
weather forecasts. Meteorologists make pre-
dictionsof temperature, wind speed and quan-
tity of raln, and often also the probability of
raln — say 70% for agiven time and place. The
first three can be compared with thelr ‘true’
values; you can go out and measure them. But
thereisno true’ probability to compare thelast
with the forecaster’s assessment. Therels no
‘probability-ometer- Iteitherralns or itdoesnt.

What's more, as emphasized by the philoso-
pher lanHacking?, probability is “Janus-faced":
it handles both chanceand ignorance.Imagine
1flipacoln, and ask you the probability that It
will come up heads. You happily say “50-50",
or “half”, or some other varlant. 1 then flip the
coln, take a quick peek, but cover It up, and

Nature. 2024,636:560-563.
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Start at low dose level

A 4

Treat 3 patients

Go to next higher
dose level

Go to next higher
dose level

at this dose level

Number of DLTs
1

Treat 3 more patients
at this dose level

>
Number of DLTs

MTD reached >

MTD reached >
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CRM(Continual Reassessment Method)
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Table 1.1: List of all interventions to which a patient may be allocated.

Code  Intervention

Antibiotic
Al  Cefitnaxone + Macrolide
A2  Moxifloxacin or Levofloxacin
A3  Piperacillin-Tazobactam + Macrolide
A4 Ceftaroline + Macrolide
— Amoxicillin-Clavulanate + Macrolide

Macrolide Duration
Mi Standard course (3 to 5 days)
M2 Extended course (14 days)

Corticosteroid
Cl1 No corticosteroids
€2  Hydrocortisone (50mg)

Shock dependent hydrocortisone
High-dose hydrocortisone (100mg)
Antiviral

ll No antiviral
Oscltamivir 5 days

- Oseltamivir 10 days

COVID-19 Antiviral
X1 No anuviral for COVID-19
X2 Lopinavir/ritonavir

Hydroxychloroquine
Hydroxychloroquine + lopinavir/ritonavir

COVID-19 Immune Modulation
Y1 No immunc modulation for COVID-19
Y2 Interferon-Beta-l1a
¥3 Anakinra

¥4 | Tocilizumab
Sarilumab
COVID-19 Immunoglobulin
P1 No Immunoglobulin against COVID-19
Convalescent plasma

Delayed convalescentplasma

COVID-19 Therapeutic Anticoagulation
H1 Standard practice thromboprophylaxis
H2 | Therapeutic anticoagulation

Vitamin C
L1 No vitamin C

- Vitamin C

https://www.remapcap.jp/



REMAP CAP Corticosteroid RAAL>

@ JAMA Network

QUESTION Does intravenous hydrocortisone, administered either as a 7-day fixed-dose course or restricted to when shock is clinically
evident, improve 21-day organ support-free days in patients with severe coronavirus disease 2019 (COVID-19)?

CONCLUSION This randomized clinical trial was stopped early and no treatment strategy met prespecified criteria
for statistical superiority, precluding definitive conclusions.

POPULATION .
4

273 Men T
111 women ‘ ‘

Adults with suspected
or confirmed COVID-19

Mean age: 60 years
LOCATIONS

121 Sites

in 8 countries

INTERVENTION

384 patients randomized
- 379 Patients analyzed

143 108
Fixed-dose 152 No hydrocortisone
hydrocortisone Shock-dependent  Standard of care with
Intravenous hydrocortisone no hydrocortisone (or
hydrocortisone, ihtfavenols other corticosteroid) use
50 mg or 100 mg, hydrocortisone, 50 mg,
every 6 hours every 6 hours

PRIMARY OUTCOME

Organ support-free days (days alive and free of intensive care
unit-based respiratory or cardiovascular support) within 21 days
with death counted as -1 day

© AMA
FINDINGS

Median organ support-free days

Fixed-dose hydrocortisone
0 days (interquartile range, -1 to 15)

Shock-dependent hydrocortisone
0 days (interquartile range, -1 to 13)

No hydrocortisone
0 days (interquartile range, -1 to 11)

Median adjusted odds ratio for improvement vs no hydrocortisone
(95% credible interval), and probability of superiority:

1.43 (0.91t02.27), 93% in the fixed-dose group

1.22 (0.76 t0 1.94), 80% in the shock-dependent group

The Writing Committee for the REMAP-CAP Investigators. Effect of hydrocortisone on mortality and organ support in patients with severe COVID-19:
the REMAP-CAP COVID-19 corticosteroid domain randomized clinical trial. JAMA. Published September 2, 2020. doi:1001/jama.2020.17022
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Prior Cumulative
H IJ O5FD Control Hydrocortisone Total parameters odds ratios

-1 33 41 74 0.295 1.14
0 22 29 51 0.225 1.14
1 2 2 4 0.015 1.17
2 1 0 1 0.015 1.22
3 4 1 5 0.015 1.39
4 1 2 3 0.015 1.37
5 2 1 3 0.015 1.45
6 4 1 5 0.015 1.68
7 1 3 4 0.015 1.61
8 1 3 4 0.015 1.54
9 2 2 4 0.015 1.59
10 1 3 4 0.015 1.53
11 5 1 ¥ 0.030 1.94
12 8 1 9 0.030 3.25
13 1 4 5 0.030 3.10
14 1 5 6 0.030 2.85
15 1 5 ¥ 0.030 2.60
16 3 3 6 0.030 3.26
17 2 12 14 0.030 239
18 0 6 6 0.030 1.52
19 4 7 11 0.030 1.88
20 2 5 7 0.060 -

total 101 137 238 1 -

HHCRFEREDE Note: The assumed prior parameters specify a 22-dimensional Dirichlet distribution which partly defines the prior distribution for the Bayesian
THHAER - ZBE AT proportional odds model.

The University of Tokyo III/GSII
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Effect of Hydrocortisone on Mortality and Organ Support in Patients With Severe COVID-19
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Research Original Investigation

of the adaptive design rules. If both hydrocortisone groups
had effact sizes (odds ratios) of 1.75 compared with the no
hydrocortisone group, there would be 90% power to deter-
mine whether either group was superior to the no hydrocorti-
sone group with a sample size of 500 patients. If the effect
was 1.5, there would be 90% power with a sample size of
1000 patients.

Statistical Analysis

The SAP for the COVID-19 corticosteroid domain was written
byblinded steering committee members, posted online (https://
www.remapcap.org/) before data lock and analysis, and
appears in Supplement 1). The primary analysis was generated
from a bayesian cumulative logistic model, which estimated
posterior probability distributions of the 21-day organ
support-free days (primary outcome) based on the evidence
accumulated in the trial in terms of the observed primary
outcome and assumed prior knowledge in the form of a prior
distribution. Data from the United Kingdom national clinical
audit on all COVID-19 ICU admissions (provided by Intensive
Care National Audit & Research Centre, London, United
Kingdom) were used to inform prior distributions. necessary
for bayesian analyses, including initial estimates of the effect
of age on outcome. Prior distributions for treatment effects
were neutral.

The primary model adjusted for location (site, nested
within country), age (categorized into & groups), sex, and
time period (2-week epochs). The model estimated treatment
effects for each intervention within each domain and pre-
specified treatment-by-treatment interactions across
domains. The primary analysis was conducted on all ran-
domized patients who met severe COVID-19 criteria as of
Tune 17, 2020, and not just those randomized within the cor-
ticosteroid domain. This approach allowed maximal incorpo-
ration of all information, providing the most robust estima-
tion of the coefficients of all included covariates. Not all
patients were eligible for all domains nor for all interventions
within each domain (depending on site participation, base-
line entry criteria, and patient or surrogate preference).
Therefore, the model included covariate terms reflecting
each patient’s intervention and domain eligibility, such that
the estimate of an intervention’s effectiveness relative to any
other intervention within that domain was generated from
those patients who might have been randomized to either.

Because the primary model included information about
assignment to interventions within domains whose evalua-
tion is ongoing, it was run by the fully unblinded statistical
analysis committee (Supplement 1), which conducts all
protocol-specified trial update analyses and reports those
results to the data and safety monitoring board. For the pri-
mary analysis, the 2 fixed-dose hydrocortisone groups were
combined, such that there were 3 groups: fixed-dose, shock-
dependent, and no hydrocortisone. The cumulative log
odds for the primary end point was modeled such that a
parameter greater than O reflects an increase in the cumula-
tive odds for the organ support-free day outcome, which
implies benefit. The model assumed proportional effects
across the ordinal organ support-free days scale. This

JAMA October 6,2020 Volume 324, Number 13

assumption was assessed by inspection of the distribution
for clinically important deviations. Patients missing the
primary end point (n = 5) were ignored; there was no impu-
tation of missing primary (or secondary) end point values.
A patient who survived to hospital discharge was assumed
to be free of organ support through 21 days (last status car-
ried forward).

The model was fit using a Markov Chain Monte Carlo
algorithm that drew iteratively (10 000 draws) from the joint
posterior distribution, allowing calculation of odds ratios
with their 95% credible intervals (Crls) and the probability
that each corticosteroid domain intervention (including the
no hydrocortisone group) was optimal, that either hydrocor-
tisone group was superior to no hydrocortisone, and that the
fixed-dose and shock-dependent hydrocortisene groups
were equivalent. An odds ratio greater than | represents more
survival and more days free from ICU organ support.
Although this analysis was conducted in response to the dis-
closure of the RECOVERY trial results, it was also the first
interim analysis of the COVID-19 patient cohort, which had
preexisting internal statistical triggers for trial conclusions
and disclosure of results (99% probability of superiority or
inferiority, defined as odds ratio >1 and <1, respectively, and
909% probability for equivalence, defined as an odds ratio
between 1/1.2and 1.2).

Analysis of the primary outcome was then repeated in a
second model using only data from those patients enrolled in
the corticosteroid domain with no adjustment for assignment
to interventions in other domains. Although using less infor-
mation, this analysis is more typical for an RCT. Further sec-
ondary analyses explored the effects of excluding patients
who were ruled out for COVID-19 (defined as documented
negative test results for SARS-CoV-2 infection and no positive
test results), of excluding adjustment for site and time epoch,
and of combining the fixed-dose and shock-dependent
hydrocortisone groups.

Identical analyses were conducted to estimate the effect
on mortality, except the outcome was dichotomous (alive or
dead at hospital discharge). There were also 7 secondary out-
come analyses (all using the corticosteroid domain cohort):
time to death, respiratory support-free days, cardiovascular
organ support-free days, length of ICU stay, length of hospital
stay, the WHO ordinal scale at 14 days, and progression to
invasive mechanical ventilation, ECMO, or death in those not
receiving invasive mechanical ventilation at enrollment. The
time-to-death and length-of-stay outcomes were time-to-
event analyses with results expressed as hazard ratios. The
proportional hazards assumption was assessed by testing
whether scaled Schoenfeld residuals and time were indepen-
dent (P > .05) for each covariate. All 3 models met the
assumption. The primary safety analysis compared the pro-
portion of patients who developed 1 or more serious adverse
events across groups. All analyses were prespecified and are
listed in section 15 of the COVID-19 Corticosteroid Domain
SAP (pp 391-431) in Supplement 1. Data management and
summaries were created using R version 3.5.2, and the pri-
mary analysis was computed in R version 4.0.0 using the
rstan package version 2.19.3 (R Foundation). Additional data

jama_com

Statistical Analysis Appendix Version 4 Dated 05 November 2024

7.2. Probability of Optimal Intervention

While 0, (7) tracks the posterior probability that a regimen is optimal, we also track the probability
that an individual intervention is in the optimal regimen. We refer to the posterior probability an

intervention j, from domain d, is in the optimal regimen for group g, as Ag, (d;):

M
1
Ag,(d)) = W Z I[d; €rlm, 5, <m,g, forallg 7]
m=1
7.3. Probability of Superiority/Harm Compared to Another Intervention

For domains that include a standard-of-care arm, it may be of interest to compare the relative
effectiveness of an intervention to the standard of care to evaluate effectiveness or harm. We refer
to the posterior probability an intervention j, from domain d, is superior to intervention i in group g,

as:

1 M
rsk(df'dl) = ﬁz ”gd;-gk > O,
m=1

where fi.. ., refers to the effect of intervention x in group y. We refer to the posterior probability an

intervention j, from domain d, is harmful compared to intervention i in group gy, as:

M
1
[‘gk(df'dl) = ﬁz ”B'J;-Qk <04,4,]
m=1

The posterior probability of harm between two interventions is equal to 1 minus the posterior

probability of superiority.

7.1. Probability of Futility/Equivalence/Non-Inferiority Compared to

Another Intervention

In addition to looking at the probability of superiority/harm above which calculate the probability
that the difference between two interventions’ effects is above/below zero, the posterior probability
that the difference between effects falls into specific regions of interest may be computed to
evaluate futility, non-inferiority, or equivalence of two interventions. We refer to the posterior
probability an intervention j, from domain d, is equivalent to intervention i in group g, as:

CONFIDENTIAL Page 20 of 27
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Figure 2. Organ Support-Free Days

El Cumulative distribution of organ support-free days
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Organ support-free days by study group

]
hydrecortisone
(n=101}

chock-dependant
hydrecortisone
(n=141)

Flxed-dose
hydrocortisone
{n=137})

A, Distnbutions of organ support-free days (see the Methods section for
definition) by study group as the cumulative proportion (y-axis) for each study
group by day (x-axis), with death listed first. Curves that rise more slowly are
more favorable. B, Organ support-free days as horizontally stacked proportions
by study group. Red represents worse values and blue represents better values.
The median adjusted odds ratios from the primary analysis, using a bayesian

cumulative logistic model, were 1.43 (95% credible interval, 0.91-2 27} and 1.22
(95% credible interval, 0.76-1.94) for the fwed-dose and shock-dependent
hydrocortisone groups compared with the no hydrocortisone group, vielding
03% and 80% probabilities of supeniorty owver the no hydrocortisone group,
respectively.
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Table 2. Primary Outcome

Fixed-dose hydrocortisone Shock-dependent hydrocortisone Mo hydrocortisone

Qutcome fanalysls® (n=137) (n=141) {n=101)
Primary cutCcome, organ support-free days

Median (IR} 0(-1to15) 0(-1to013) 0{-1to11)
Subcomponents of organ support-free days

In-hospital deaths, No. (%) 41 (30) 37 (26) 33(33)

Organ support-free days among survivors, 115(0t0 17) 9.5 (0o 16) 6{0t12)

median (10R)
Primary analysis of the primary outcome, using covariate data from all severe-state participants with COVID-19 (n = 576)"
Adjusted odds ratio

Mean (5D} 1.47(0.35) 1.26{0.31) 1 [Referenca]

Madian {35% Crl} 1.43 (091 to 2.27) 1.22{0.76 to 1.94) 1 [Reference]
Probability of superiority to no hydrocortisone, % 93 80

Secondary analysls of the primary outcome, restricted to corticosterold domain participants (n = 379) with no adjustment for Intervention assignment In other
domalns®

Adjusted odds ratio
Mean {5D}) 1.49(D.35) {0.30) 1 [Referenca]
Median (35% Crl) 1.45 (0.93 to 2.30) {0.80 to 1.95) 1 [Reference]
Probability of superiority to no hydrocortisone, % 95

severa state criteria and were randomized within atleast 1

6], adjusting for age, sex, time pericd, site, regicn, domain and
ligibility, and interwention assignment (see COVID-19

Domain statistical analysis plan in Supplement 1and full report
ical analysis committes in eAppendix 3 in Supplement 2).

is was restricted to participants enrodled in the

in{n = 379) and did not include information on
terventions other than hydrocortisons.

Abbreviations: COVID-19, coronavines disease 2019, IQR, interquartile rangs;

Crl, credible interval.

2 Definitions of organ support-free days and other outcomes are provided in the
Methods section and the study protocol (Supplement 1). Models are
structurad such that a higher odds ratio is favorable. Crther sensitivity analyses
are describad in the Results section and provided in eTables 1 and 2 and
eAppendices 3 and 4 in Supplament 2.

5 The primary analysis used data from all participants enrolled in the trial who

AT 47 RAEEEZAVILE the trial was stopped early and no treatment strategy met
1.43 (95%IEFHX[E] 0.91-2.27) prespecified criteria for statistical superiority, precluding
Pr(Benefit) = 93% definitive conclusions.
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DINAMO study design

* N planned: 150 (50 per arm) _
Primary endpoint: Safetghe:tsznsmn

® N aCtual: 1 58 HbA1c change from baseline
‘ Linagliptin 3 mg

- O T

Randomization Empagliflozin 25 mg

Run-in AO -
y  eownsme I

Empagliflozin 10 mg

Screening Randomization
O Empagliflozin 10 mg
Empagliflozin 25 mg

Randomization*

I ,,,,, R S { } .............. Il .......... |
Week 14 Week 26 Week 52 Week 55

2 weeks

Re-randomization at week 14 for participants not achieving HbA1c <7% at week 12

Follow-up
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FESNTUVAGHAT

FEMHIER : Change in HbA1lc from baseline to week 26
Pooled empagliflozin vs placebo
linagliptin vs placebo

#EATETIL : ANCOVA model with baseline HbA1lc as a
continuous covariate, and with categorical covariates for

treatment and age group

f_W'J yyuﬂn
mAIEE/KEE5% Ci&H 1185%
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Historical studies:

covariates,
change in
HbA1¢c(%)

DINAMO
paediatric study:

——

blinded baseline covariate distribution

Pharmacometric
Modelling

Simulation
Prediction of change in
HbA1¢c(%) for DINAMO

population

covariates,
change In
HbA1c(%)

Bayesian Study
analysis:
Posterior treatment
effect & inference

.

Informative prior
distribution for change in
HbA1¢c(%) for DINAMO

population
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Prediction
assuming adult
data are relevant

“Skeptical” or “vague”
prediction assuming
adult data are not
relevant
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Initial (prior) weight =

Probability that adult
data are relevant

“Informative” prior
from Adult Data

J\

Mixture prior
distribution
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Treatment effect

!~©

£E=S
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N\

“Skeptical” prior

20 -10 0 10 20
1"W Treatment effect

20 10 0 10 20
Treatment effect

Paediatric Study

Allows borrowing
when adult and
paediatric data are

‘ﬁﬁqﬁ consistent
20 -10 0 10 20

‘\n"\/ " > \’[

\
.y

D yna mic Treatment effect
borrowing
4) ) Adult data are
& down-weighted if
W <W in conflict with

paediatric data

20 .10 0 10 20
Treatment effect
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HbA, atweek 26 HbA, at week 52
—&— Placebo® B.77% (72.3 mmal/mol)
12 —& Empagliflozin pooled  7-58% (59-3 mmol/mel)  7.96% (63-5 mmol/maol)

£
<
=]
T
=
P
=
D /I( | | ] ] ] |}
0 4 12 26 30 42 52
- Weeks
Participants, n
Placebo® 53 Co 02 G0
Empagliflozin pooled 52 Lo 48 47 46 45 46

Figure 2: Change in HbA__ from baseline to week 26
Descriptive data reflecting mean HbA _over time from baseline to week 52 for empagliflozin versus placebo in the
modified intention-to-treat population. Error bars denote SDs. *Placebo treatment stopped at week 26.
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Participants Baseline, Change from baseline, Comparison vs placebo,

analysed,n mean (5D) adjusted mean adjusted mean
(95% Q1) (95%C1)
Primary hypotheses (empagliflozin|pooled vs placebo and linagliptin vs placebo)
Placeba 53 8-05(1-23) 0-68 (0-23to113)
Empagliflozin pooled 52 8.00(129) -017(-0-64t00.31) -0.84(-1.50t0-0-19)
Linagliptin 5 mg 52 8.05 (1-11) 033(-013t0079)  -0.34 (-0-99to 0-30)F

Secondary hypothesis (empagliflozin responders on 10 mg plus empagliflozin non-responders
randomly reassigned to empagliflozin 25 mgvs placebo)

Placebo 53 8.05(1-23) 0-66 (012 to 1-21)
Empagliflozin 10/25 mg 41 7-80(1.26) 0-14 (-0-42 to 0-71) -0-52 (-1-31to 0-27)3

Secondary hypothesis (empagliflozin responders on 10 mg plus empagliflozin non-responders
randomly reassigned to empagliflozin 10 mg vs placebo)

Placebo 53 8.05(1-23)  0.68(0-19to1.17)

Empagliflozin 10/10 mg 39 792(1-36) -0-49(-1.03to0-04) -118 (-1-90 to -0-45)§

Primary endpoint was HbA__ percentage change from baseline at week 26 in the modified intention-to-treat set.
Analyses included all available HbA, data on treatment, after start of rescue medication, and after premature treatment
discontinuation. Missing data were multiply imputed with wash-out approach, using ANCOVA with baseline HbA,_

as a linear covariate, treatment and age as categorical covariates, and applying Rubin's rules to combine multiple
imputations. Mean change from baseline was adjusted for baseline HbA _ and age category for all hypotheses and
additionally weighted for secondary hypotheses. Baseline means were not weighted. To convert the values for HbALlc
percentage to mmel/mol, subtract 2-15 and multiply the result by 10-929. *p=0-012. tp=0-29. {p=0-19. §p=0-0015.

Table 2: Primary outcomes

Empa -0.84 (95%{SFAX[E -1.50- -0.19)
Lina -0.34 (95%{S¥§8d[X[s] -0.99- 0.30)

Laffel LM, et al. Lancet Diabetes Endocrinol. 2023;11(3):169-181. 32




N1 X DfEth#ER (Empagliflozin)

o DINAMOGUBRDFER(E. [BHRDHHSE

SFI D TRENRDIE LGSR

o [BFEROBVBRIDMOEHNZEFO

SD

P2.5%

Mean

Prior (exposure-response

based) -1.01 1.37 -4.37
Likelihood (DINAMO data)* -0.84 0.33 -1.50
Posterior distribution -0.945 0.207 -1.34

P5% Median P95% P97.5% su: ;zg'rity

346 101 143 234 0.885
-0.19

127 -0949 -0605 -0524  >0.999

e Pr(Superior) >0.999

o EEfE1Z= -0.945, 95% credible interval (-1.34, -0.524)
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NA A TiDEERFER (Linagliptin)

o IE55EEHRDHDFATDMENEDITVFESR

Mean SD  P25% P5% Median P95% P97.5% e
superiority
Prior (exposure-response g gar 440 442 318 -0635 191 285 0.859
based)
Likelihood (DINAMO data)*  -0.34  0.33  -0.99 i i i 0.30 i
e 0514 0219 -0919 -0854 -0523 -0.151 -0.052 0.982

* From DINAMO primary analysis, adjusted mean, SE and 95% confidence interval (p=0.2935)

e Pr(Superior) =0.982
o B¥fZ= -0.514, 95% credible interval (-0.919, -0.052)
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DD =E% 5 : Tipping point analysis
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FDA comments
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e Based on discussion and feedback obtained from the clinical
team, it appears reasonable to assume at least 54% weight
on the relevance of the adult information to the pediatric
population and we can therefore conclude that there is at
least 97.5% posterior probability that it has a positive
treatment effect in pediatric subjects
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FDA is now “open to bayesian statistics”: transformational change or

new Pandora’s box?

Peter Doshi

The US Food and Drug Administration (FDA) is now
“open to bayesian statistics,” contrasting this with
the frequentist approach that the agency and the drug
industry have historically relied on for statistical
analysis.

In a video posted to X on 12 January the FDA
commissioner, Marty Makary, said that the agency
had published a new guidance document “to
encourage the use of bayesian statistics in clinical
trial design and the readout of results” in new drug
and biologic applications.’

Sander Greenland

.

Greenland in 2018

January 16, 1951 (age 75)

1N & Irequentst moae. Sut ne warnea, ~by caing 1o
bayesian, you now mystify it and you open a door for
abuse.”

1 NC UNIVETSITY OT LOKYO 111/43011

At a glance: What are bayesian statistics?

A bayesian approach to statistical analysis combines
collected study data with external sources of
information—such as pharmacokinetic or
pharmacodynamic data, other clinical trials,

b: ional data, or expert opini to d ine an
outcome. It differs from how frequentist statistical
approaches are commonly applied, in which only study
data are assessed. It is named afier the 18th century
mathematician and theologian Thomas Bayes.

Tha narraivar problem

ustry sponsored clinical drug trials
rsed using a set of statistical

sified as “frequentist.” One prominent
ted with frequentist methods is null
ficance testing, especially at the 0.05
-off for the corresponding P value.

1s have aided “go/no-go™-type

on whether a result is—or is
tatistically significant” (meaning
decades staristicians and other
acried the tyranny of “statistical

id P values, criticising them for
staken decisions regarding efficacy

vere often incorrectly interpreted as
:al or practical significance. And

lues greater than .05 have been used
nclude “no effect” when one exists.

cism, significance testing has
lamental part of drug regulation. “It
sm becoming the dominant approach
loth in applying it,” Greenland said,
nes such as significance testing

, oversimplified, [and] automatic.”

ques, by contrast, seemed to offeran
native. Whereas, by frequentist
iical trials are analysed in isolation,
ialysis the study data are combined
'es of information.

hesising information across

iraw new probability statements
'sis, such as whether a drug is

Is to many. “It means that analyses
t of all we know, not just the data on
tion,” says Lilford—something that
n help bring new treatments for rare
diseases to market.

Industry figures are also likely to welcome the news.
In 2023, influential voices in the biopharmaceutical
space writing in Nature Reviews Drug Discavery called
on regulators to go bayesian.’ They said, “We believe
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Table 2. Primary Outcome

Fixed-dose hydrocortisone

Shock-dependent hydrocortisone No hydrocortisone

Dutcome fanalysls® {n=137) (n=141) {n=101)
Primary outcome, organ support-free days
Madian (IQR) 0(-1to15) 0(-1t013) 0{-1to11)
Subcomponents of ongan support-free days
In-hospital deaths, No. (%) 41 (30 37 (26) 33(33)
Organ support-frea days among survivors, 115(0%017) 95(0&0 16) 6{0tn12)
median (10R)
Primary analysis of the primary outcome, using covariate data from all severe-state participants with COVID-19 (n = 576)"
Adjusted odds ratio
Maan (S0} 1.47(0.35) 1.26(0.31) 1 [Referenca]
Madian {35% Crl) 1.43(0.91 to 2.27) 1.22 {076 +t0 1.94) 1 [Referenca]
Probability of superiority to no hydrocortisone, % g3 &0
ﬁ':n"'dafw analysls of the primary cutcome, restricted to corticosterold domain participants (n = 379) with no adjustment for Intervention assignment In other
main
Adjusted odds ratio
Maan {SD) 1.49(0.35) (0300 1 [Referenca]
Median {35% Crl) 1.45(0.93 to 2.30) (0.80+0 1.95) 1 [Referenca]
Probability of superiority to no hydrocortisone, % 95

Abbreviations: COVID-15, coronavinus disease 2019; [OR, intarquartile range;

Crl, credible imterval.

* Definitions of organ support-free days and other outcomes are provided inthe
Methods saction and the study protocol (Supplement 1). Models are
structurad such that a higher odds ratio is favorable. Other sensitivity analyses
are described in the Results section and provided in eTables 1 and 2 and
eAppendices 3 and 4 in Supplement 2.

The primary analysis used data from all participants enrolled in the trial who

N

severa state criteria and were randomized within at least 1

5}, adjusting for age, sex, time pericd, site, region, domain and
ligibility, and intervention assignment (see COVID-19

Domain statistical analysis plan in Supplement 1and full report
ical analysis committae in eAppendix 3 in Supplement 2).

is was restricted to participants enrclled in the
in{n = 379) and did not include information on
nterventions other than hydrocortisone.

7 IREEE R AYLE

1.43 (95%4§ﬁﬁ X 0.91-2.27)

Pr(Benefit) = 93%
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4, Interval estimation. Much controversy has centred on the distinetion
between fiducial and confidence estimation. Here follow five remarks, not about
the mathematics, but about the general aims of the two methods.

(i} The fiducial approach leads to a distribution for the unknown parameter,
whereas the method of confidence intervals, as usually formul ivi

'I_

one interval at some preselected level of probability. This seems at first sight a
distinet point in favour of the fiduecial method. For when we write down the
confidence interval (£ — 1.96 ¢/+/n, % + 1.96 ¢/+/n) for a completely unknown
normal mean, there is certainly a sense in which the unknown mean 8 is likely to
lie near the centre of the interval, and rather unlikely to lie near the ends and
in which, in this case, even if 8 does lie outside-the interval, it is probably not
far outside. The usual theory of confidence intervals gives no direct expression
of these facts.

1 Confidence Distribution

s DIEFEAH DT, RO EEEL . [BAOHEEED
ElCI DA

Yet this seems to a large extent a matter of presentation; in the common

simple cases, where the upper « limit for # is monotone in «, there seems no
reason why we should not work with confidence distributions for the unknown

parameter, These can either be defined directly, or can be introduced in terms

L

of the set of all confidence intervals at different levels of probability. Statements
made on the basis of this distribution, provided we are careful about their form,
have a direct frequency interpretation. In applications it will often be enough
to specify the confidence distribution, by for example a pair of intervals, and
this corresponds to the common practice of quoting say both the 95 per cent
and the 99 per cent confidence intervals,

W) 5 - cERRTEECE
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Confidence interval as probability statements

...when we write down the confidence interval for a completely
unknown normal mean, there is certainly a sense in which the
unknown mean is likely to lie near the centre of the interval, and
rather unlikely to lie near the ends and in which, in this case, even
if does lie outside-the interval, it is probably not far outside. The
usual theory of confidence intervals gives no direct expression of
these facts.

Proposal of confidence distribution

...there seems no reason why we should not work with confidence
distributions for the unknown parameter. These can either be
defined directly, or can be introduced in terms of the set of all
confidence intervals at different levels of probability.

Cox DR. Ann Math Stat. 1958;29(2):357-372.
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An attractive feature of using a Bayesian analysis for a clinical trial is that knowl-
edge and uncertainty about the treatment effect is summarized in a posterior
probability distribution. Researchers often find probability statements about
treatment effects highly intuitive and the fact that this is not accommodated in
frequentist inference is a disadvantape. At the same time, the requirement to
specify a prior distribution in order to obtain a posterior distribution is some-
times an artificial process that may introduce subjectivity or complexity into the
analysis. This paper considers a compromise involving confidence distributions,
‘which are probability distributions that summarize uncertainty about the treat-
ment effect without the need for a prior distribution and in a way that is fully
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sz compatible with frequentist inference. The concept of a confidence distribution _
provides a posterior-like probability distribution that is distinct from, but exists : -
in tandem with, the relative frequency interpretation of probability used in fre- i
quentist inference. Although they have been discussed for decades, confidence E |
distributions are not well known among clinical trial statisticians and the goal of | =]
this paper is to discuss their use in analyzing treatment effects from randomized _ = L
trials. As well as providing an intreduction to confidence distributions, some § -
illustrative examples relevant to clinical trials are presented, along with various ] E I.'I-" |
case studies based on real clinical trials. It is recommended that trial statisti- E = = i
cians consider presenting confidence distributions for treatment effects when W = ]
reporting analyses of clinical trials. = E
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Bayesian inference has long been advocated for clinical trials.! It allows the incorporation of prior information such H
as historical controls or evidence from related populations,? which is particularly applicable for early phase studies or H £
confirmatory studies in rare diseases and small populations. The wider use of adaptive designs has also led to increased o H A%l o]
use of Bayesian inference in clinical trials.** = = &
One of the most appealing features of a Bayesian analysis is that uncertainty about the treatment effect can be I | | | 1 = T T 1 ]
expressed using a probability distribution - the posterior distribution. This allows probability statements to be made -5 I1I| o 5 -5 "‘i 0 5

about the treatment effect. Thus, for example, a Bayesian analysis of a recent clinical trial was able to summarize the
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FIGURE 4 Confidence distribution for the treatment effect in the REMAP-CAP trial data from Table 3. Panel A provides the
confidence distribution function with Conf{ BENEFIT) being the confidence that fixed duration hydrocortisone is beneficial relative to no
hydrocortisone and Pr{ BENEFIT) being the corresponding Bayesian posterior probability of benefit. Panel B displays the confidence density
and Panel C displays the confidence curve, together with the 95% confidence interval (CI) and Bayesian credible interval (Crl). Panel D
displays the crude cumulative odds ratios. Odds ratios (OR) are plotted on the log scale.
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