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EUROPEAN MEDICINES AGENCY

ReQUIatorS‘ VieW: EMA CHMP SCIENCE MEDICINES HEALTH
Guideline on clinical trials in small populations

« There are no special methods for designing, carrying out or analysing clinical
trials in small populations. There are, however approaches to increase the
efficiency of clinical trials.

« The following [...] approaches [...] may be helpful in particular situations.

— Bayesian methods [...] are a way to formally combine knowledge from
previous data or prior ‘beliefs’ with data from a study. Such methods may be
advantageous when faced with small datasets, although introducing prior
beliefs is often a concern in drug regulation.
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EUROPEAN MEDICINES AGENCY

Regulators' view: EMA CHMP
Draft Guideline on clinical trials in small populations

* There are no special methods for designing, carrying out or analysing clinical
trials in small populations. There are, however approaches to increase the
efficiency of clinical trials. Further, some methodological approaches, not
acceptable in large trials, may be considered acceptable for trials in small and
very small populations.

« The following [...] approaches [...] may be helpful in particular situations.

— Relaxing the type | error boundary increases the risk of false positive trial
results. There are however, situations where such an approach is
acceptable.

— Bayesian methods [...] are a way to formally combine knowledge from
previous data or prior ‘beliefs’ with data from a study. Such methods may be
advantageous when faced with small datasets, although introducing prior
beliefs is often a concern in drug regulation. [...] being able to use
knowledge of likely effects of drugs due to their chemical form, likeness to
other existing compounds, mechanism of action, and so on, is a very
valuable addition to sparse data.
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Popular Bayesian Methods

« Combination of knowledge from previous
data or prior ‘beliefs’ with data from a
current study

« Dose finding: Continual reassessment
method

... Can we trust

the outcomes?
 Response-adaptive randomization

» Prediction of the study result using
predictive probabilities

« Borrowing of information across related
subpopulations
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1. Dose finding in Phase I trials

« Set a starting dose and further increasing

dOSG Ievels _ Dose=Toxicity Curve

« Define a dose-limiting toxicity (DLT) )

- Define the target toxicity level (TTL), 7 #
typically TTL = 20% - 33% %u - /,f”

 |dentify the maximum tolerated dose (MTD), § o %
i.e. the dose with Prob(DLT) = TTL - i

Dase Level
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1. Dose finding in Phase I trials

Traditional 3+3 Design

Enrol 3 patients

A

0

Example
DLT in 22 »
patients within — MTD defined D(Z)S(‘ LC‘\'(_‘I
treatment ~ ¢ ¢
cycle Cohort 1 2 3
1 0/3
DLT in 21 ¢ N [
} additional patient 2 ()/3

DLT in1 Expand ’ y
patient within group to 3 1 / 3
treatment 6 patients o
cycle 4 0 / 3

DLT in no <)

additional patients \ [TD oK K
No DLT in any
patient within
treatment >{ Escalate to next dose level
cycle

J. Gerfd: Can policy makers trust the outcomes of Bayesian analyses? The case of clinical trials and rare diseases




1. Dose finding in Phase I trials
The Bayesian Continual Reassessment Method (CRM)

Parametric model of the dose-toxicity relationship p(d) = exp{3+ad} / (1+exp{3+ad})
Set target toxicity level TTL=30%.

Treat the first patient at the dose level closest to the current estimate of the MTD.
Observe the toxicity outcome.

Obtain the posterior distribution of the probability of toxicity p(d) at each dose level d.
Treat the next patient at the dose level closest to the updated estimate of MTD.

N o s eDdh -

Repeat Steps 4-6.

Example Dose Dose Level|Dose Level|Dose Level|Dose Level|Dose Level|Dose Level
Tox
Level 1 2 3 4 5 6

p=0.05 p=0.10 p=0.20 p=0.30 p=0.50 p=0.70

Patient 1 4 0 p=0.00 p=0.00 p=0.02 p=0.04 p=0.14 p=0.38
Patient 2 6 1 p=0.05 p=0.10 p=0.20 p=0.31 p=0.51 p=0.70
Patient 3 4 1 p=0.34 p=0.45 p=0.57 p=0.65 p=0.76 p=0.84
Patient 4 1 0 p=0.16 p=0.25 p=0.39 p=0.49 p=0.65 p=0.79
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1. Dose finding in Phase I trials
Bayesian CRM versus Traditional 3+3 Design

oW
1S \
S Ao 0e o\ .9 e\oP
Operating characteristics (Simulation studies) 13(99‘11\,\ a0 s@ ,‘93’{\6“‘
\e\je \ N® ?Q\ S
Dose Ave %
1 2 3 4 5 N DLT
Scenario 1 P(DLT): 0.05 0.15] 0.30 [0.45 0.60
3+3 % patients  26.0 325 27.2 [ 121 23 152 21.1
% MTD 20,5 42.7| 27.5 | 5.7 0
CRM with cohort size 1 % patients  15.6 241 | 34.7 [ 190 6.7 185 27.0
% MTD 1.0 214 52.4 [23.0 2.2
CRM with cohort size 3 % patients 21.3 314 | 29.1 [1568 25 19.0 233
% MTD 1.5 226 )| 49.8 |[23.7 24
% of patients treated at target toxicity level (TTL) Results

% of patients treated with doses above TTL

% of dose level selected as the MTD

« CRM more accurate identifies the MTD
compared to 3+3 design.

* On the other hand, CRM treats more patients
at the MTD level and above. CRM with cohort
size of 3 instead of 1 offers some protection.
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2. Response-adaptive randomization

e Consider a randomized two- or multi-arm clinical trial

« Response-adaptive randomization:
Randomized Treatment Assignment not with equal and fixed probabilities,
but increased assignment of patients to more promising treatments

 —
TI

o o o
BN » (0]
| | |

Prob (Treatment assignment)
o
o

o
o
L

1 5 10 15 20 25 30 34
Pat.-No.
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2. Response-adaptive randomization
Example: Phase IIB design with binary response

any time

during the trial

1

2 treatment arms k=1,2
Denote 6, the response probability in arm ke{1,2}
Goal: Find the treatment arm k corresponding to the largest response probability 6,

Algorithm

1. Randomize the first 14 patients to treatment arm 1 and 2 with equal probability 1/2.

2. After each observed outcome, compute the (posterior) probability of each arm k to be
the best arm, using all currently available data (,Prob(arm k is best)®)

3. ,Early loser®: If Prob(arm k is best) < p,= 0.025,
then arm k is declared the loser and is suspended.

4. Early winner®: If Prob(arm k is best) > p,,=0.975,
then arm k is declared the winner and the trial is stopped early.

5. L Futility”: If Prob(8,>0.5|data)<0.05, then arm k is declared futile and is suspended.

6.| Assign patients to treatment groups with probability proportional to Prob(arm k is best)°
(with tuning parameter c=1), but never lower than 0.1.

7. ,Final winner” at max. no. pat.=60: If Prob(arm k is best)>p",=0.9, declare arm k winner



2. Response-adaptive randomization
Example: Simulated operating characteristics

1. Null" Scenario 1
scenario Average Trial Length: 22.5 months
True Pr Pr Pr(select Pr(stop # Patients
Arm  (success) (select) early) early)  (2.5%, 97.5%)
Arml 0.55 0.01 0 0.11 19.6 ( 5, 38) Type | error = 0.17
Arm?2 0.55 0.16 0.11 0 35.6 ( 8,53)
2. ,Most likely" Scenario 2
scenario Average Trial Length: 16.4 months
True Pr Pr Pr(select  Pr(stop # Patients
Arm  (success) (select) early) carly)  (2.5%, 97.5%)
Arml 0.55 0 0 0.55 10.1 ( 4, 22)
Arm?2 0.7 0.74 0.55 0 30.8 (14, 51)
o : - Power
3., Optimistic" Scenario 3
scenario Average Trial Length: 10.8 months
True Pr Pr Pr(select Pr(stop # Patients
Arm  (success) (select) early) carly)  (2.5%, 97.5%)
Arml 0.55 0 0 0.89 7.01 (4,16)
Arm?2 0.8 0.96 0.89 0 20.1 (14, 51)
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3. Interim analyses using predictive probabilities
Example: Randomized survival trial

« Standard frequentist design:
— 360 subjects
— 1:1 randomization
— 6-month follow-up
— Final analysis: Logrank test with two-sided significance level a=0.05
— In case median survival times = 13 versus 10 weeks => power=70%
In case median survival times = 14 versus 10 weeks => power=89%

 Alternative Bayesian adaptive design:
— As above, but with additional interim analyses:

Accrual of
Pat. 1

Pat. 100 => | Denote PP,,, the predictive probability of trial success (significant Logrank test),
using all currently available data with 6 months additional follow-up.

PP,s, the predictive probability of trial success for the maximum sample size of 360
Pat. 140 patients with the full 6 months follow-up, using all currently available data.

1. If PP,,,>0.99 => Stop accrual for expected success.
Perform the final analysis after 6 months additional follow-up (a,,,,=.015).

2. If PP44,<0.01 => Stop accrual for futility.
3. Otherwise continue accrual until the next sample size look, or stop at n=360 accrued pat’s

Pat. 120

Pat. 360




3. Interim analyses using predictive probabilities
Example: Simulated Operating characteristics

« Standard frequentist design:
— In case median survival times = 13 versus 10 weeks => power=70%
In case median survival times = 14 versus 10 weeks => power=89%

 Alternative Bayesian adaptive design:

Q
-

0.8

!

N

\ |
300 360

0.6
I
T
250

,/ * If the treatment is ineffective the design
determines this very effciently (mean
sample size = 202).
/ \ * Median survival times = 13 vs. 10 weeks
=> power = 63.4%,
with a mean sample size of only 271.
/ I « Median survival times = 14 vs. 10 weeks
=> power = 81.9%,
with a mean sample size of only 248.

Pr(Superiority)
Sample Size

0.4
I
T
200

0.2
!
150

Q
=]

T T T T T
Treatment Median: 8 10 12 14 16

\
100

Control Median: 10 10 10 10 10
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4. Combination of prior ‘beliefs’ with data from a study
Randomized survival trial

Classical ,frequentist®

statistical analysis
Example 1

Bayesian analysis

1,04

0,8
2
g 064 Group 1
©
2
204 Group 2
1%

0,2

0,0

0 2 4 6 8 10 12 14 16
Survival after (years)

HR=2.227
95% CI 0.947-5.238
p=0.0990

Prior
+ Data
= Posterior

: Prior
1
1
1
1
1
: // RN
2 N\
\
Vs N
) "
s : o
// | S~
1
1 2 3 4 56789
Hazard
ratio
|
: Data
| 7 \
! /N
| / \
I / \
)/ \
.// \
1
Y N
| __,//I \\‘_

[l
1 2 3 4 56789

: : | Hazard

95% Confidence interval: (0.947,5.238)  ratio

\
\, N
\ \,
A e e = e - - - - - —— - - - -
< N
S N
< \

2 3 4 56789
} % | Hazard
95% Confidence interval: (0.947,5.238)  ratio
1 | |
I I 1
95% Credible Interval: (1.074,4.285)
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4. Combination of prior ‘beliefs’ with data from a study
Randomized survival trial

Example 1

Prior
+ Data
= Posterior

Example 2

Prior
+ Data
= Posterior

L o ettt

Example 3
, Noninformative® prior

- Prior
/ + Data
/ = Posterior

S e e e = — = - — -

N

2 3 4 56789
} % { Hazard
95% Confidence interval: (0.947,5.238)  ratio
1 | |
I I 1
95% Credible Interval: (1.074,4.285)

1 2 3 4 56789
} % { Hazard
95% Confidence interval: (0.947,5.238) ratio

95% Credible Interval: (1.822,4.264)

NG Ty PR,

2 3 4 56789
} % { Hazard
95% Confidence interval: (0.947,5.23g) ~ ratio
| ] |
I I 1
95% Credible Interval: (0.947,5.238)
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4. Combination of prior ‘beliefs’ with data from a study
Randomized survival trial: Frequentist & Bayesian analysis

Classical ,frequentist® Bayesian analysis
statistical analysis
: Prior
:
I
|
|
| 7
N
: // \\ 1 .
\ | Prior
4 AN ! + Data
// : N I = Posterior
7 | ~ 1
- | \\‘ |
} . ——— I
| 1 2 3 4 56789 I
10 Hazard : )
ratio v
0.8 A
EO,G* l\‘-l.‘\_\-‘—‘-—l_k@oup 1 : /V
% Group 2 ] : REi |
3% ’ [ 77\ 1 2 3 4 56789
0,2 : / \ f | | Hazard
, | // \\ 95% Confidence interval: (0.947,5.238) ratio
| I
0.0 S e B B e S D 1/ \ : : :
0 2 4 6 8 10 12 14 16 : / \ 95% Credible Interval: (1.074,4.285)
Survival after (years) | / \
J %4 \\
HR=2.227 | -7 S
95% CI1 0.947-5.238 ; S T Y
p:00990 } | | Hazard
95% Confidence interval: (0.947,5.238)  ratio
If p<0.05 (<=> 12 Confidence Interval) Prob(HR>1|Data) = 97.5%

=> significant" => significant"



4. Combination of prior ‘beliefs’ with data from a study
Sample size

500 - Classical analysis

Bayesian analysis
400 y y

300
200

100

| | | | | | |
1.0 15 2.0 25 3.0 3.5 4.0

hazard ratio
| >>favours experimental therapy
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4. Combination of prior ‘beliefs’ with data from a study
Type | error and power

n=100 events Bayesian power

Classical power

0.8

0.6

0.4

0.2 T

| | | | | | | |
0.5 1.0 15 2.0 2.5 3.0 35 40

hazard ratio
favours standard << | >>favours experimental therapy
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Summary and Conclusion

Examples: Supplementary task anFalleaslis

2. Bayesianresponse-  _3  Bayesian response-adaptive randomization Bayes
adaptive randomization

3. Interim analyses using
predictive probabilities - Bayesian predictive probabilities Frequentist

4. Combination of prior
‘beliefs’ with data from
a study

-------------------------------------------------------- Bayes
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Summary and Conclusion

Examples: Supplementary task anFalleaslis

2. Bayesianresponse-  _3  Bayesian response-adaptive randomization Bayes
adaptive randomization

Bayesian response-adaptive randomization Frequentist

Bayesian predictive probabilities Bayes
3. Interim analyses using
predictive probabilities - Bayesian predictive probabilities Frequentist
4. Combination of prior
‘beliefs’ with data from — < Bayes
a study _
-------------------------------------------------------- Frequentist

All Bayesian approaches: ... using either an informative or a noninformative prior
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Summary and Conclusion:
Bayesian methods in clinical trials
— Validity of analysis outcomes

Trials in large Trials in small
populations populations,
Medical device trials

Phase | trials (toxicity)

v/ v

Phase Il trials (efficacy)

v v

Phase lll trials
(supplementary tasks) V4 V4

Phase Il trials
(final analysis) v/ Cave!
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Summary and Conclusion:
Bayesian methods in clinical trials
— Validity of analysis outcomes and Regulators’ view

Trials in large Trials in small
populations populations,
Medical device trials

Phase | trials (toxicity)

v/ v v v

Phase Il trials (efficacy)

v v v v
Phase Ill trials
(supplementary tasks) ;/ 6/ ‘/ ‘/

Phase Il trials

(final analysis) ‘/ Cave! (6/)

J. Gerf3: Can policy makers trust the outcomes of Bayesian analyses? The case of clinical trials and rare diseases 28



Summary and Conclusion:
Can policy makers trust outcomes of Bayesian analyses?

o Early phase clinical trials (,in-house studies” w/o strict requlatory control):
Yes! And many Bayesian approaches are more powerful than classical approaches.

o Late phase trials

* Yes! Bayesian methods can be constructed so that (frequentist long-run)
operating characteristics are maintained (type | error, power)

- ... But Bayesian methods in a strict corset of frequentist quality criteria are
usually not much more powerful than classical frequentist methods
(,Bayesians cannot perform magic.)

« Particularly flexible and powerful Bayesian methods are those that
— apply some kind of paradigm shift w.r.t. quality criteria and/or

— follow less stringent requirements w.r.t. e.g., type | error control
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Summary and Conclusion:
Can policy makers trust outcomes of Bayesian analyses?
— The case of clinical trials and rare diseases

o Early phase clinical trials: Apply powerful Bayesian approaches!

o Late phase trials

« Large scale confirmatory trials are often not feasible

« Some kind of paradigm shift w.r.t. quality criteria and/or less
stringent requirements w.r.t. e.g., type | error control may be
accepted.

« Apply powerful Bayesian approaches, paying attention to
— choose the appropriate model carefully,
— choose the inputted (prior) information carefully and

— check (classical) operating characteristics (type | error, power).
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