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Outline

• Why is the gold standard randomized 
clinical trial (RCT) standard?
– purpose of each component

– potential costs of breaking each

• Discuss several innovations
–motivation, basic description

– examples and main ideas of each, quantified

– tradeoffs for each compared to gold standard
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Gold Standard RCTs

• Modern RCTs emerge in the 1940s
– Patulin for common cold 1943 has controls 

and blinding but no randomization (alternating 
assignment)

– Streptomycin in Tuberculosis 1946 adds 
randomization to create an essentially modern 
clinical trial
• randomization, blinding, controls, etc.
• BMJ 1948;2;769-83
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Innovation means not standard…?

• A standard RCT performs well

• Deviations should be for good purpose

• In what follows we will discuss
–Why are features in the gold standard?

– Negative features of the gold standard

– tradeoffs from a variety of innovations
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Components of our Gold Standard

Innovative Trials

Stratification
To avoid known confounders

Randomization
To avoid unknown confounders

Blinding
To avoid subject and assessor biases 

from knowing assignment

Fixed Sample Size
To avoid multiplicity issues with 

investigator stopping when 
convenient or at random highs/lows

Avoid Biases!
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Components of our Gold Standard

Innovative Trials

Two arm trial
Any observed effect is due to a single 

basic difference between arms

Homogeneous population
Ability to make claims to a specific 

population, or claim proof of 
concept in most promising subjects.

Standard Clinical Endpoint
Use of validated (often objective) 
endpoints avoid interpretability 

problems with results

Fixed Sample Size
Large enough to conclusively answer 

the question (“adequately 
powered”)

Obtain Interpretable 
Results
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Limitations

• Resource intensive
– often infeasible in rare diseases.

• Requires narrowly focused questions
– often at odds with our uncertainty

• Can create a societal “prisoner’s dilemma”
– optimal construction of individual trials results 

in poor efficiency for the collection of trials
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Minimizing Resources
Flexible Sample Sizes

• Conduct one or more interim analyses at 
prespecified times
– At each interim we may
• Stop for futility or success

• Change the sample size of the trial

– Examples include
• futility stopping
• group sequential or goldilocks designs

• sample size reestimation
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Group Sequential Example

• Dichotomous response
– Control anticipated 30% responders

– Treatment hopes for 50% responders

• If we enroll N=100 per arm (200 total)
– Trial has 83% power

• This design is buying an expensive 
insurance policy against bad luck
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Group Sequential Example

• What if we actually observe 30% control 
and 50% treatment? What is the one-sided 
p-value?
–more than 0.0250?

– equal to 0.0250?

– less than 0.0250?
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Group Sequential Example

• What if we actually observe 30% control 
and 50% treatment? What is the one-sided 
p-value?
–more than 0.0250?

– equal to 0.0250?

– less than 0.0250?

• It’s actually 0.0016, far less than 0.0250.
–What did we need N=200 for?
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P-value Behavior

• Suppose we randomly generate data from 
30% control and 50% treatment, as 
hypothesized to occur in the trial
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Trial 1 Ctrl Trmt Z-score P-value
N=100 22/50 = 44% 25/50 = 50% 0.60 0.2735

N=150 29/75 = 39% 36/75 = 48% 1.16 0.1233

N=200 38/100 = 38% 53/100 = 53% 2.15 0.0156

This might be viewed as anticipated behavior. We are powered at N=200,
and we might view this as the time where the p-value becomes
significant….but this is usually not the case…



P-value Behavior

• Another common path
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Trial 2 Ctrl Trmt Z-score P-value
N=100 14/50 = 28% 28/50 = 56% 2.96 0.0015

N=150 18/75 = 24% 43/75 = 57% 4.42 <0.00001

N=200 23/100 = 23% 55/100 = 55% 4.91 <0.000001

This is common behavior, with the p-value highly significant
at N=100 or before.



P-value Behavior

• Of course sometimes the p-value never 
becomes significant.
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Trial 3 Ctrl Trmt Z-score P-value
N=100 16/50 = 32% 22/50 = 44% 1.25 0.1064
N=150 26/75 = 35% 35/75 = 47% 1.51 0.0659
N=200 33/100 = 33% 39/100 = 39% 0.88 0.1879

This behavior is also possible, where the p-value decreases and
increases.



50 random trials
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Simulate 50 trials and watch
the Z-score and p-value over
time

There is large variation.

We can’t predict when the 
trial will reach significance

Most reach significance far
before N=200

So why did we pick N=200?



Why pick N=200?
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At N=200 we have waited
long enough for over 80%
of trials to reach
significance

But clearly a lot of those
80% had low p-values
long before

In effect, we are paying
for patients we often
don’t need.

This problem all the larger
when we don’t know the
treatment effect



Group Sequential Design

• Group sequential design look at the data 
at multiple interim analyses
– In our example, might be 100-150-200 or 100-

120-140-160-180-200

• Declare success at interim J if p-value is 
less than pJ

–Must choose pJ carefully (all <0.025) so that 
overall type I error rate maintained
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Group Sequential Design

• Look at N=120,140,…,200
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Look 100 120 140 160 180 200

P-value
required

0.0031 0.0041 0.0063 0.0093 0.0132 0.0183

Pr(win) 0.2795 0.1284 0.1144 0.1158 0.1003 0.0790

Pr(lose) 0 0 0 0 0 0.1824

Power for group sequential 81.8% (compared to 83.3% for fixed N=200)

Expected sample size 148.3 (compared to 200 for fixed N=200)

Slight loss in power to reduce expected sample size by 25%
(can increase maximum to compensate for power)



Group Sequential Design
with slightly increased maximum N

• Look at N=120,140,…,200, 220
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Look 100 120 140 160 180 200 220

P-value
required

0.0023 0.0031 0.0047 0.0069 0.0097 0.0134 0.0180

Pr(win) 0.2469 0.1086 0.1359 0.1094 0.0982 0.0858 0.0656

Pr(lose) 0 0 0 0 0 0 0.1495

Power for group sequential 85.0% (compared to 83.3% for fixed N=200)

Expected sample size 156.4 (compared to 200 for fixed N=200)
21.5% reach N=220 (larger than original N=200)



Futility

• Suppose we were 140 patients in…
– 15/70=21% ctrl, 19/70=27% trmt
– Z=0.79, p-value = 0.2147

• Can we still win?
– Need p<0.018 by N=220
– requires about a 15% observed effect
– currently have 5.7% observed effect
– only 36% of the trial to go
– We need a 32% effect on the remaining 80 

subjects
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Futility

• Predictive probabilities directly measure the 
likelihood of winning at the end of the trial
– if this is small, can stop rather than enroll when 

success is out of (likely) reach

• Predictive Probabilities incorporate
– uncertainty in future data

– uncertainty in current parameters (not handled by 
conditional probability)

• Here predictive probability of success is 6.9%
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Futility
added to our example

• At each interim stop for futility if
– Pr(eventual success) < 5%
– thresholds of 5-20% all reasonable and should be 

explored.

• Three goals
– Stop poor treatments
– in good scenarios further reduce sample size for 

“unlucky” trials that won’t win
– avoid stopping trials that would have won 

eventually
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Group Sequential Design
with futility (under alternative)

• Look at N=120,140,…,200, 220
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Look 100 120 140 160 180 200 220

P-value
required

0.0023 0.0031 0.0047 0.0069 0.0097 0.0134 0.0180

Pr(win) 0.221 0.115 0.127 0.129 0.103 0.085 0.052

Pr(lose) 0.031 0.015 0.013 0.016 0.016 0.023 0.054

Power now 83.3% (same as fixed N=200 design)
Only 10.6% of trials reach N=220, 78.6% stop before N=200
Expected sample size 149.9

This is under alternative. Better savings under null hypothesis….



Group Sequential Design
with futility (under null)

• Look at N=120,140,…,200, 220
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Look 100 120 140 160 180 200 220

P-value
required

0.0023 0.0031 0.0047 0.0069 0.0097 0.0134 0.0180

Pr(win) 0.003 0.002 0.003 0.003 0.003 0.005 0.004

Pr(lose) 0.589 0.113 0.085 0.066 0.053 0.038 0.032

Approximately 80% of null stop at N=140 or before (60% at N=100)

Expected sample size 123.1



Group Sequential Design

• Suppose we have to fund a population of novel 
treatments
– 30% work (rate 50% = alternative)
– 70% don’t (rate 30% = null)
– actually distribution more complicated but qualitative 

point remains
• We obtained same power
• Expected sample size
– (30% * 149.9) + (70% * 123.1) = 131.14

• Can fund 52% more trials
– Don’t pay insurance policy for every trial when you 

don’t need it for every trial
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Minimizing resources
Flexible Sample Sizes

Innovative Trials

Gains
Expected Sample size 
significantly reduced 
(especially by futility)

Accounts for 
uncertainty in 

treatment effect

Losses
Have to account for 
multiple analyses. 

Maximal Sample size 
may increase (or 

power may decrease)

Limited information on 
subgroups, concern 

about statistical biases
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Minimizing Resources
Single Arm Trials

• Trials without a control arm

• Acts as information brought into the trial
– assume rate/mean/hazard for control based 

on historical data

– common in rare diseases, using
• prior clinical trials

• registries
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Minimizing resources
Single Arm Trials

Innovative Trials

Gains
Smaller sample size from 

only needing one arm

Potentially easier to 
accrue in population 

adverse to placebo/SOC 
assignment

Losses
Need a historical estimate 

to compare against. 
Significant costs to 

inaccuracy. Limited ability 
to assess inaccuracy

Loss of blinding creates 
biases from patients and 

assessors
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Minimizing Resources
Historical Borrowing

• Augment control arm with historical data

• Randomization is 2:1, 3:1, 4:1
– retains randomization, blinding

– current controls act as verification that 
historical information was “on point”
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Historical Controls Current Controls

Current Treatment Patients
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Minimizing resources
Historical Borrowing

Innovative Trials

Gains
Sample size benefits 

compared to standard 
1:1. Significantly fewer 
risks than single arm.

Potentially easier to 
accrue in population 

adverse to 
placebo/SOC 
assignment

Losses

Need a historical 
dataset.

Limited backup plan if 
historical data doesn’t 

match
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A concrete version

• Single arm trial testing H1 : p>p0

• Where do we get p0?
– Expert opinion (e.g. clinician expert says “30% 

sounds right”)
– Small natural history study (e.g. paper with 3/10 

successes on standard of care)
– Retrospective chart reviews (perhaps also 3/10)
– Previous large clinical trial (e.g. 60/200)
• of course, if this existed no reason why you have to run 

a small trial now!
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Our simple trial

• Suppose we are testing

– H0 : p<=0.30 against H1: p>0.30

• Trial success if 10/20 or better in trial

– type I error 4.8%

– power is 87.2% if p=0.60

• We’re done right?

– No! I got you to agree to the highly uncertain 30%, 

and then just assumed it was true. What if it isn’t?

Innovative Trials 32



Type I error

• Is the type I error 4.8%? maybe….
– we compute type I error under the null hypothesis 

that assumes p0=0.3
– This definition of type I error never asks whether 

that assumption is correct.

• Suppose the true control rate is really 40%, 
and the drug does nothing, what happens?
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Type I error

• We are rejecting for 10/20 or better

• If the true rate was 40%, and the drug does 
nothing (control rate = treatment rate = 40%)
– Pr(win trial) = Pr(type I error) = 24.5% UGH!

• If the drug did nothing and the true control 
rate was 50%, then type I error is almost 59%!
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Type I error
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Type 1 error heavily inflated
if control rate has drifted
higher



What abut power?

• We powered for 30% vs 60%.

– What if we actually get 20% vs 50% (same effect 
size, but control rate has drifted.

– What about 40% vs 70%?
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Power for 30% improvement
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Significant loss
of power if
control rate
less than
assumed



Randomized Trials

• We did a single arm trial in place of a 
randomized trial?
– 10 patients per arm control and treatment

• What were the advantages?

• Why didn’t we talk about this control rate 
issue then?
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Type 1 Error
(single arm versus randomized)
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Type 1 error
controlled across range of
true control rates



Power
(single arm versus randomized)
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Power drops for single arm on this side
but is higher than the randomized
trial for a large range



Main point

• History always leads us to a best guess of the 
current parameter
– Best properties occur when our best guess is close 

to right (no surprise!)
– Problems when history leads us astray
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Historical best guess

True current parameter

Sweet spot
good behavior

Miss here
Biases
inflated type I error for tests

Miss here
Biases
decreased power for tests



Another example

• Consider a trial with a larger sample size
• We are designing a phase 2 study, budget allows 

for 210 subjects
– we will allocate 2:1 in this study (140 to treatment, 70 

to control)
– changing allocation based on borrowing makes sense, 

not considering it here

• We have a previous study on the control therapy.
– N=120, 72 responders (60%)
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Two trials

• No borrowing
– ignore historical data

• Pooling historical with current control
– pool the data (72/120 responders) from the 

historical control with the current 70 control 
subjects
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Type 1 error
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As before, type 1 error inflated
for high true control rates



Power
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Power increased by borrowing for true
control rates above 0.55 or so

Substantial gains for 0.60 or higher



Power Priors (Static Weights)

• We can formulate a class of prior distributions 
which weight the historical data.

• Weight=0 corresponding to no borrowing
• Weight=1 corresponding to pooling
• Allow weights in between
– 0.5 would weight each historical subject as half of a 

current subject
– this is an attempt to recognize drift, indicating that 

subjects in the past arise from parameters that are 
close, but not quite equal, to the current values.
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Power Priors (Static Weights)

• If we were pooling, the posterior distribution 
would be
– Prior*[Historical Likelihood]*[Current likelihood]

• Raise the historical likelihood to a power W
– Prior*[Historical Likelihood]W*[Current likelihood]

• If
– W=1 then no change (pooled)
– W=0 then historical data is eliminated
– other W then historical data is weighted
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Right value of W?

• One issue is that the choice of W is unclear, 
particularly prior to the trial

• Common choices are W=1/2 or 1/3
– We assume some drift is possible, feels odd to count 

historical subjects exactly the same as current ones
– Values of W near 0 all but ignore the historical data

• Note values of W>1 are theoretically possible
– Large W essentially acts as single arm trial, as we start 

to assume we’ve seen the equivalent of a MASSIVE 
dataset and thus know the answer.
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Type 1 Error for several W
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W=0.10,0.25,0.50, 1.00, 2.00, 5.00, 10.00

Forms a continuum from ignoring
historical data to assuming the control
rate is known based on history

Lower weights produce
less type I error inflation



Power for several W
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W=0.10,0.25,0.50, 1.00, 2.00, 
5.00, 10.00

Forms a continuum. Lower 
weights less power
advantages. Interestingly the 
“sweet spot”
remains pretty constant

Note W=0.5 retains most of the 
power advantages
of W=1.0



Dynamic borrowing

• What we really want is a mechanism that
– acts closer to pooling when the true parameter is 

close to the historical data
– acts closer to no borrowing when the true parameter 

is far from the historical data
• Of course we don’t know the true parameter
• BUT….the current data should give us some idea 

of the agreement
– if historical rate is 60% and the current study comes in 

a 85%, the parameter is likely different.
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Dynamic borrowing

• Any method which assesses the agreement 
between current and historical data, and sets 
the weight based on that agreement, we call 
“dynamic” borrowing

• No method is foolproof. We could have
– high drift but the current data randomly agrees 

with history, and hence we borrow a lot when we 
shouldn’t

– no drift but the current data randomly deviates 
from history (and the true parameter).
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Hierarchical Models

• One method for handling this is Bayesian 
hierarchical models
– these contains an explicit parameter governing 

the between study variability
– this parameter has a 1-1 relationship to the 

weight assigned the prior data
– the posterior of this parameter determines the 

distribution of the weight
• more borrowing when you agree, less borrowing when 

you disagree.
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Hierarchical Models (not the only way)

• In general, let pC be current control rate

• p1,…,pH are true rates from historical 
studies

• Y0~Bin(n0,pC)   [current data]

• Yh~Bin(nh,ph)   [historical data]

• logit(pC),…,logit(pH) ~ N(µ,τ)

• µ~N(µ0,τ0), τ~π(τ)
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Hierarchical Models

• logit(pC),…,logit(pH) ~ N(µ,τ)
• τ measures across study variation
• A fixed τ corresponds to a specific weight
• We use an IGamma prior, here we obtained 

good operating characteristics.
– other prior structures available

• Creates dynamic borrowing
– generally lower τ when current data agrees with 

history, and thus higher weight
– generally larger τ when current data disagrees 

with history, and thus lower weight.
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Hierarchical Models

56

Type 1 Error Power (0.12 gain)

Hierarchical has less
type I error inflation
(and it is bounded)
Returns to separate
analyses if large
discrepancy

Mild loss in
power compared
to downweighting
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Example of Benefit of Design

• Original design noninferiority trial in 
antibiotics, required 750 subjects, 375 per 
arm.

• With historical borrowing (2 historical 
studies)
– required 600 subjects (20% fewer)
– randomized 200 (ctrl), 400 (trmt)
– for “expected” drift, control of type I error and 

comparable power.
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Broader questions

• The standard RCT requires focus
– one specific treatment arm (usually)
–must specify population in advance
–must power for a particular treatment effect
– usually do not look at multiple domains or 

combinations of treatments

• This focus creates ”anticipated regret”. If 
the trial fails, will you be satisfied? or wish 
you had changed something?
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Broader questions

• Innovative trials often aim at answering the 
full question (or set of questions)

• Trials more robust (may be larger)
– to uncertainty in treatment effect, population, 

dosing, interactions between treatments, etc.
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R.A. Fisher 1926

• “No aphorism is more frequently repeated in 
connection with field trials, than that we must ask 
Nature few questions, or, ideally, one question at a 
time. The writer is convinced this view is wholly 
mistaken. Nature, he suggests, will best respond 
to a logical and well thought out questionnaire. 
Indeed, if we ask her a single question, she will 
often refuse to answer until some other topic has 
been discussed”

• https://digital.library.adelaide.edu.au/dspace/bitstr
eam/2440/15191/1/48.pdf
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Broader Questions
Factorial Designs

• Aimed at exploring multiple domains
– e.g. instead of one trial with arms A/a and 

another with B/b, use AB,Ab,aB,ab

– can generalize..example Ventilator, 
Antibiotics, and Steroid administration
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V1,A1,S1 V1,A1,S2

V1,A2,S1 V1,A2,S2

V2,A1,S1 V2,A1,S2

V2,A2,S1 V2,A2,S2

V3,A1,S1 V3,A1,S2

V3,A2,S1 V3,A2,S2



Broader Questions
Factorial Designs

• Factorials are always better than separate 
trials for each variable

– if factors interact, only the joint trial can find it

– if factors don’t interact, you can estimate the 
effects of all factors for a similar cost as 
exploring one!
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Broader Questions
Factorial Example - PROSpect

• PROSpect pediatric respiratory trial
– NHLBI funded, PI Martha Curley

• Comparative effectiveness on two factors
– Positioning for ventilation (supine or prone)

– Ventilation (conventional or high frequency)
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Supine Prone
CMV Arm 1 Arm 2
HFOV Arm 3 Arm 4



Broader Questions
Factorial Example - PROSpect

• Trial conducts interims which allow the 
dropping or a row or column for inferiority
– e.g. potentially one of
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Supine Prone
CMV continue STOP
HFOV continue STOP

Supine Prone
CMV continue continue
HFOV STOP STOP

Supine Prone
CMV STOP continue
HFOV STOP continue

Supine Prone

CMV STOP STOP
HFOV continue continue



Broader Questions
Factorial Designs

Innovative Trials

Gains
Only way to detect 

interactions.
Explicitly allows for 

combinations

Without interactions, 
additional domains 

are (almost) free! So 
why not?

Losses

Can be slightly harder 
to plan

If interactions are 
estimated sample size 

will be larger
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Broader Questions
Dose Ranging Designs

• Many modern trials have 1-2 doses
– often we make guesses on the 1-2, and aren’t 

sure the right dose is in the trial

• A dose ranging trial incorporates multiple 
doses (control vs 3-6 doses or more)
– Typically a dose response model is 

incorporated for efficiency
– Often incorporates adaptive features 

(eliminate or lower allocation to poorly 
performing arms partway through trial)
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Broader Questions
Dose Ranging Designs

• Smoking Cessation example to be 
completed after RAR
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Broader Questions
Dose Ranging Trials

Innovative Trials

Gains
Better chance of 

having correct dose in 
the trial (and thereby 

to find it)

With modern modeling 
and adaptation, 

marginal cost of extra 
arms is mitigated

Losses
While cost is mitigated, 
larger trial than using 

1-2 doses

Dose response curve is 
an assumption.

68



Broader Questions
Enrichment for Subpopulations

• Often we don’t know the right group of 
patients to enroll.

• Enrichment trials start with broader 
population and eliminate poorly performing 
groups (or can start small and expand)
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Initial Trial Population

Final
Selected 
Subset Removed



Broader Questions
Enrichment for Subpopulations

• Examples
– Oncology
• targeted agents tested in multiple tumor types each 

expressing the target

– Stroke
• enrichment to determine the time window and 

stroke severity where treatment is effective
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Broader Questions
Enrichment Trials

Innovative Trials

Gains
Can identify 

effective/ineffective 
groups

Robust to initial choice 
of population

Losses
Must have complex 

statistical methodology 
to account for multiple 

groups

Trial must be larger 
than homogenous 

population (but might 
enroll faster…)
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Broader Questions
Enrichment for Subpopulations

• Stryker DAWN (Jeff Saver PI)
– Use of TREVO device for treatment of stroke

• Thanks to Roger Lewis for slides

• Prior to trial initiation, endovascular therapy 
fantastically effective for some, but population 
who benefits was unclear.
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Selected “Unknowns”

• The “region” of the mRS disability scale over which 
benefit might exist

• Who benefits (vs who will do well)
– Broad range of core infarct sizes
– Only those with smaller core infarct sizes

• The magnitude of benefit
– None
– Small
– Large

• Making an incorrect assumption could be very bad
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Location of Benefit in mRS Disability

• Traditionally the mRS is dichotomized for 
analysis, blinding us to benefit within the 
ranges of 0-2 or 3-6

• Need a patient-centered approach sensitive to 
all important benefits: Utility Weighted mRS
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mRS 0 1 2 3 4 5 6
Rivero-

Arias et al 10 8.7 7.3 6.0 2.8 -0.1 0

Hong & 
Saver 10 9.5 7.9 6.7 3.5 0.1 0

DAWN 10 9.1 7.6 6.5 3.3 0 0



Who Benefits?

• Core infarct size thought to be most likely 

eligibility characteristic that might define 

differentially responding populations

• Strategies

– Expansion: Start small and expand if benefit

– Enrichment: Start broadly and restrict if necessary

• DAWN Strategy

– Enroll up to 50 cc core infarct volume

– Enrich by lowering upper limit (50 à 45 à 40 etc.) if 

that increases the likelihood of a positive trial
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Magnitude of Benefit

• None
– None at all à stop efficiently
– None in larger core infarct sizes à stop enrolling 

that population
• Small but clinically important
– Large maximum sample size (up to 500 patients)
– More sensitive outcome measure (uw-mRS)

• Large
– Stop early for predicted success (as early as 200)
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Prespecification

• DAWN Design used specific prespecified rules
– Timing of interim analyses 150, 200, … , 450
– Possible decisions, and criteria, at each analysis
– Rules for early stopping (200, 250 … ) based on 

probability of success > 95%, > 90%, > 85%, > 80%
– Rules for early stopping for futility (150, 200 … ) based 

on uniform probability of success < 10%
– Enrichment
• If it increases chance of positive trial by 10%
• Eliminate populations based on core infarct size if < 

40% chance of benefit in that population
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Statistical Details

• If no enrichment, requires probability of 
benefit of 98.6% to be positive

• Criterion is more restrictive if enrichment 
occurs

• Statistical models used to “share” information 
across infarct-size populations

• Computer simulation used to demonstrate 
that is all works as intended
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International Journal of Stroke 2017;12(6):641-652.
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Final results

• DAWN demonstrated efficacy in wide range of 
patients
– see NEJM January 2018. “Thrombectomy 6 to 24 

Hours after Stroke with a Mismatch between 
Deficit and Infarct”
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Societal Considerations
Platform Trials

• In Alzheimer’s there has been at least 25 
failed trials

• They have different sample sizes, but for 
simplicity assume each had 1000 per arm

• As a society, we have enrolled
– 25,000 control subjects

– 1,000 subjects each on 25 experimental 
therapies
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Optimal allocation of 50,000 subjects to 
control and 25 novel arms?

Innovative Trials

Control
Treatment 1

Treatment 2

Treatment 3

Treatment 4

Treatment 5

Treatment 6

Treatment 7

Treatment 8

Treatment 9

Treatment 10

Treatment 11

Treatment 12

Treatment 13

Treatment 14

Treatment 15

Treatment 16

Treatment 17

Treatment 18

Treatment 19

Treatment 20

Treatment 21

Treatment 22

Treatment 23

Treatment 24

Treatment 25 82



Master Protocols

• Essentially, a protocol without any treatment 
names
– defines procedures, endpoints, analyses, and 

general considerations
• Trial incorporates multiple treatments
– each gets its own ”appendix”
– details of treatment
– treatment specific considerations

• ideally limited
• specific safety concerns
• patient exclusions
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Platform Trials

• Specific form of master protocol
• Defined by
– Treatments entering and leaving the trial 

continuously (typically 4-6 treatments in trial at 
any given time)

– Cohesive inferential structure
• not “6 trials stapled together”
• randomization between all arms (some exceptions 

possible)

– Intended as perpetual
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Epidemic

• Emerging epidemic
– endpoint is mortality

• Multiple possible treatments
– want to find an effective one quickly
– for simplicity
• SOC has 30% survival
• 10% of novel agents work, e.g. 50% survival
• 90% of novel agents are nulls, 30% survival

• How to search?
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Traditional Trials

• Investigate one at a time vs control
– 100 patients per arm single trial

– 0.025 type I error

– if successful, stop the process. Otherwise run 
another trial with new agent
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Operating Characteristics
5000 process simulations
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Approach # Trts N Fails Mean 
Months

% Process  
Good TRT

%
Good Trt

Win

% 
Ineffective 

Wins

Traditional
2-arm 9.8 1966 1357 12.0 78 82 2.5%



Shared Control Trials

• Investigate 5 agents at a time vs control
– 100 per arm, (600 patients total)

– Pairwise independent analyses

– if something is successful, stop the process. 
Otherwise run another trial with 5 new agents

– Can be adaptive and stop arms for futility
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Operating Characteristics
5000 process simulations
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Approach # Trts N Fails Mean 
Months

% Process  
Good TRT

%
Good Trt

Win

% 
Ineffective 

Wins

Traditional
2-arm 9.8 1966 1357 12.0 78 82 2.5%

Closed 
Platform 12.7 1528 1045 8.0 86 83 2.7%



Operating Characteristics
5000 process simulations
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Approach # Trts N Fails Mean 
Months

% Process  
Good TRT

%
Good Trt

Win

% 
Ineffective 

Wins

Traditional
2-arm 9.8 1966 1357 12.0 78 82 2.5%

Closed 
Platform 12.7 1528 1045 8.0 86 83 2.7%

+Adaptive
every 150 13.7 971 663 5.5 82 76 2.5%



Open Platform Trial

• Investigate 5 agents at a time vs control

– Enroll 1:1:1:1:1:1 continuously

– Run interims every 150 total subjects
• Futility for arm if Pr(arm gives 10% benefit) < 10%

• Arm wins if Pr(superior to SOC) > 99%
• if no arm wins, replace futile arms and continue
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Operating Characteristics
5000 process simulations
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Approach # Trts N Fails Mean 
Months

% Process  
Good TRT

%
Good Trt

Win

% 
Ineffective 

Wins

Traditional
2-arm 9.8 1966 1357 12.0 78 82 2.5%

Closed 
Platform 12.7 1528 1045 8.0 86 83 2.7%

+Adaptive
every 150 13.7 971 663 5.5 82 76 2.5%

Open 
Platform 13.1 849 579 4.2 85 91 2.2%

Saville and Berry (2016) “Efficiencies of Platform Clinical Trials: A Vision of the Future” 
Clinical Trials. 



Platform Trials

• Examples
– I-SPY 2 (Oncology)
– Lung-MAP (Oncology)
– ADAPT (Antibiotics)
– PREVAIL 2 (Ebola)
– DIAN-TU (Alzheimer’s)
– CATIE (Antipsychotics)

• Woodcock and LaVange NEJM 
2017;377:62-70
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Platform Trials
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Platform Trials

• Challenge in setting up
– longer/ more expensive / more difficult to start first 

agent
– some aspects more complex (informed consent is 

typically tiered, for example)

• 2nd and future agents far faster to start
– ”warm base”…sites selected, running, trained
– usually larger networks, easier to find subsets of 

patients
– data quality higher and consistent across treatments
– ideal situation for borrowing historical data

Innovative Trials 95



Optimal allocation of 30,000 subjects to 
control and 25 novel arms?

Innovative Trials

Control
Treatment 1

Treatment 2

Treatment 3

Treatment 4

Treatment 5

Treatment 6

Treatment 7

Treatment 8

Treatment 9

Treatment 10

Treatment 11

Treatment 12

Treatment 13

Treatment 14

Treatment 15

Treatment 16

Treatment 17

Treatment 18

Treatment 19

Treatment 20

Treatment 21

Treatment 22

Treatment 23

Treatment 24

Treatment 25

SAVE THESE 
SUBJECTS
OR TEST
MORE

TREATMENTS!

96



Platform Trials

Innovative Trials

Gains
Multiple treatment 

arms allow for 
continuous 

investigation at greatly
reduced cost

Operational 
advantages of “warm 
base” after startup. 
New agents can be 

started immediately.

Losses
Very complex to build. 

Requires extensive 
planning to start

Potentially requires 
multiple parties to 

cooperate
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Other Tools
Changing Randomization

• Efficiently focusing resources in multiple 
arm trials is valuable
– factorials, dose ranging, platforms

• Can be achieved through
– arm dropping, adaptive randomization
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Smoking Cessation Example

• Drug designed to help smoking cessation
• Final endpoint is dichotomous
– success if you don’t smoke in weeks 3,4,5,6
– failure otherwise
– dropout = failure

• Multiple doses of drug
– placebo, 1mg, 5mg, 10mg, 25mg, 50mg, 100mg
– interested in maximal response
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More Details

• Expect U-shaped dose response
– subjects more likely to drop out at higher doses

• In other trials, interest may center on
– EDx (drug achieving x% of maximal response)
– Clinical Utility function (can be combination of 

multiple safety and efficacy endpoints, could 
potentially include marketing endpoints)

• Current trial is simpler in that patients 
dropouts, etc. all included in final endpoint.
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Trial Structure

• 280 subjects in phase II trial
• In addition to identifying best dose, we want 

to know likelihood that dose will win in a 200 
subject per arm phase III trial of that dose 
versus placebo.

• Accrual rate is 6 patients per week (dropouts 
included in final endpoint)
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“Basic” trial

• Allocate 40 subjects to each of the 7 doses 

(could consider more to control)

• No dose response model

– Prob(stop smoking | dose d) = pd

– prior π(logit(pd)) = N(0,10) [very vague]

• Trial is declared a success if the best dose has 

a posterior probability of being better than 

control of 99.2% (multiplicity adjustment)

– similar to one-sided hypothesis test
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Consider the following cases…

Ctrl 1mg 5mg 10mg 25mg 50mg 100mg
Null 0.20 0.20 0.20 0.20 0.20 0.20 0.20
Harm 0.20 0.20 0.20 0.17 0.15 0.12 0.10

Slight 0.20 0.21 0.22 0.23 0.25 0.27 0.28

CSD 0.20 0.22 0.25 0.28 0.30 0.32 0.35

Positive 0.20 0.22 0.24 0.28 0.35 0.40 0.40

Inv-U 0.20 0.22 0.25 0.35 0.40 0.35 0.30

LowBest 0.20 0.30 0.40 0.35 0.30 0.20 0.15
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Null = no effect of drug



Consider the following cases…

Ctrl 1mg 5mg 10mg 25mg 50mg 100mg
Null 0.20 0.20 0.20 0.20 0.20 0.20 0.20

Harm 0.20 0.20 0.20 0.17 0.15 0.12 0.10
Slight 0.20 0.21 0.22 0.23 0.25 0.27 0.28

CSD 0.20 0.22 0.25 0.28 0.30 0.32 0.35

Positive 0.20 0.22 0.24 0.28 0.35 0.40 0.40

Inv-U 0.20 0.22 0.25 0.35 0.40 0.35 0.30

LowBest 0.20 0.30 0.40 0.35 0.30 0.20 0.15

104

Harm = no efficacy, high doses are actually worse
than placebo



Consider the following cases…
Ctrl 1mg 5mg 10mg 25mg 50mg 100mg

Null 0.20 0.20 0.20 0.20 0.20 0.20 0.20

Harm 0.20 0.20 0.20 0.17 0.15 0.12 0.10

Slight 0.20 0.21 0.22 0.23 0.25 0.27 0.28
CSD 0.20 0.22 0.25 0.28 0.30 0.32 0.35
Positive 0.20 0.22 0.24 0.28 0.35 0.40 0.40
Inv-U 0.20 0.22 0.25 0.35 0.40 0.35 0.30

LowBest 0.20 0.30 0.40 0.35 0.30 0.20 0.15
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Slight, CSD, Positive = higher doses work better
to differing degrees



Consider the following cases…

Ctrl 1mg 5mg 10mg 25mg 50mg 100mg
Null 0.20 0.20 0.20 0.20 0.20 0.20 0.20

Harm 0.20 0.20 0.20 0.17 0.15 0.12 0.10

Slight 0.20 0.21 0.22 0.23 0.25 0.27 0.28

CSD 0.20 0.22 0.25 0.28 0.30 0.32 0.35

Positive 0.20 0.22 0.24 0.28 0.35 0.40 0.40

Inv-U 0.20 0.22 0.25 0.35 0.40 0.35 0.30
LowBest 0.20 0.30 0.40 0.35 0.30 0.20 0.15

106

Inv-U, LowBest = middle doses are most effective

by the final endpoint rule.



Results
Pr(trial success) Pr (right dose)

Null (NA) 0.055 NA
Harm (1mg) 0.026 0.352

Slight (100mg) 0.143 0.310
Csd (100mg) 0.319 0.395

Positive (100mg) 0.561 0.414
Inv u (25mg) 0.501 0.487

Low is best (5mg) 0.455 0.549
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Dose Response Curves

• A DR curve is simply a function relating the 
probabilities at each dose through a smooth 
curve.

• Here logit(pd)=f(dose level)
• Can’t assume monotonic here (logistic/Emax

functions are common otherwise)
• We use a 2nd order normal dynamic linear 

model (NDLM). This is similar to a Bayesian 
cubic smoothing spline.
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“Basic” / NDLM

Pr(trial success) Pr (right dose)
Null (NA) 0.055 / 0.054 NA

Harm (1mg) 0.026 / 0.013 0.352 / 0.359

Slight (100mg) 0.143 / 0.208 0.310 / 0.363

Csd (100mg) 0.319 / 0.430 0.395 / 0.463

Positive (100mg) 0.561 / 0.705 0.414 / 0.433

Inv u (25mg) 0.501 / 0.641 0.487 / 0.528

Low is best (5mg) 0.455 / 0.474 0.549 / 0.558
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How many doses to continue?

Carry 1 Carry 2 Carry 3
Null (NA)

Harm (1mg)

Slight (100mg)

Csd (100mg) 0.512 0.740 0.895

Positive (100mg) 0.439 0.733 0.928

Inv u (25mg) 0.574 0.828 0.931

Low is best (5mg) 0.635 0.881 0.985

110

“Carry n” shows probability of carrying correct dose

forward if you carry forward n doses, conditional

on trial success



Adaptive Allocation

• Instead of allocating subjects equally to each 
dose, let’s do the following
– start with a burn-in period of some prespecified

allocation
– get preliminary estimates of the dose response
– for the next patients, allocate more patients to the 

doses which look the best
– iterate until completion of the trial
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How to allocate?

• One simple method (dating in some form to 
Thompson 1933!) is to allocate proportionally 
to the probability the dose is the best

• Pr(allocate to dose d) = 

112
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In our example…
• We will do adaptive allocation based on the 

probability of max response
– no exponent
– burn-in 10 patients per dose
– update allocation probabilities every 4 weeks
– allocation truncated at 0.05

• Allocation in blocks of 8 subjects
– 2 per block allocated to control
– remainder allocated by the adaptive allocation 

probabilities
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“Basic” / NDLM / Ad.Alloc
Pr(trial success) Pr (right dose)

Null (NA) 0.055 / 0.054 / 0.057 NA

Harm (1mg) 0.026 / 0.013 / 0.016 0.352 / 0.359 / 0.420

Slight (100mg) 0.143 / 0.208 / 0.206 0.310 / 0.363 / 0.386

Csd (100mg) 0.319 / 0.430 / 0.492 0.395 / 0.463 / 0.479

Positive (100mg) 0.561 / 0.705 / 0.787 0.414 / 0.433 / 0.425

Inv u (25mg) 0.501 / 0.641 / 0.688 0.487 / 0.528 / 0.588

Low is best (5mg) 0.455 / 0.474 / 0.622 0.549 / 0.558 / 0.580
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Arm Dropping or Adaptive 
Randomization (multiple arms)

Innovative Trials

Gains
Decreases required 

sample size by focusing 
resources. Can 

increase change of 
identifying best arm.

Avoid patient exposure 
to poorly performing 

arms

Losses
Requires careful 

calibration to avoid 
premature early 

decisions 

Can create operational 
complexity
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Other Tools
More informative endpoints

• Many endpoints can result in smaller trials
– biomarkers/surrogates
– disease progression models
• particularly valuable in rare diseases

– subject specific endpoints
• e.g. hospital free days, penalized to give 0 for 

mortality, is usually more sensitive than mortality

• Other endpoints synthesize information
– utility measure combining safety and efficacy, 

for example
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Background

• GNE Myopathy
– Rare genetic muscle disease
– Slowly progressive muscle weakness and atrophy
– Estimated worldwide prevalence: 4-21/1,000,000
– No known treatment available 

• Issues in trial development:
– Different muscles involved at different stages of disease

• standard clinical endpoints may only be relevant for narrow range 
of disease

– Slow progression of Disease
• May be unethical or impractical to enroll placebo patients long 

enough to demonstrate treatment effects
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Available Natural History Data
• Sample Size: 38 Patients
• Visits: Every 3-6 months  

– Mean number of months from baseline: 14
– Range: 0-34

Innovative Trials
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• Details Omitted, but main ideas are to
– model each muscle group
– determine a “disease age” for each subject
• will use disease age as endpoint

– primary endpoint of trial will be any slowing of 
disease age relative to time in trial.

Innovative Trials

Disease Progression Model

!!

Yi , j ,k ~N(µi , j ,k ,(σ kµi , j ,k )2 +δ )
µi , j ,k = logit(−1)[θk +βk(ti , j −α i )]*Mi ,k
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Disease Progression Model
• Goal: Model the expected decay of each 

muscle over time

Innovative Trials
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Trial Design
Randomized study comparing the efficacy of DEX-M74 
against placebo
• Sample Size: 50 Patients enrolled 3:1 (treatment to 

placebo) 
• Incorporate data on 38 natural history patients
• Primary Analysis: Change in the rate of decline across 

all primary muscle groups for the QMA under 
treatment compared to natural progression
– Natural progression estimated from placebo patients + 

natural history patients using disease progression model. 
– The primary analysis will occur when all randomized 

patients have been followed for 24 months. 
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Disease Progression + Treatment Effect
Model proportional treatment effect on rate of decline (γ) 
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• Ability to detect treatment effect depends are where the patient is on the decline
• Muscle where we can best detect treatment effect is subject-specific

• Given the patients disease age, which muscle is actively decaying
• Incorporate all muscles in the estimation of treatment effect
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Example Treatment Effect

Innovative Trials

γ=.5: Slow disease progression by 50%
• Proportion of Strength Knee Flexion:

• Under natural progression Knee flexion is expected 
to go from .60 at age 32 to .20 at age 42

• Under treatment we would expect Patient B to be 52 
when knee flexion reaches .20 

• Walking:
• Under natural progression we expect Patient B to go 

from walking normally to needing a device inter. 
within 20 years

• Under treatment expect this change to take 40 years
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Operating Characteristics

Innovative Trials

Treatment 
Effect

Prob. Success Estimated Treatment Effects
Median Lower 95% CI Upper 95% 

CI

0.00 1.000 0.079 0.036 0.209
0.25 1.000 0.268 0.107 0.489
0.50 0.988 0.533 0.314 0.755
0.75 0.755 0.746 0.532 0.940
1.00 0.004 1.094 0.861 1.323
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Summary
• Disease progression model allows us to quantify the 

progression of disease with a single disease age 
parameter
– Encapsulates measurements of muscle strength across 

multiple muscle groups
– Correlates very well with multiple clinical measurements 

relating to upper and lower extremities 
• Proposed trial design provides high power while 

limiting the number of patients on placebo (12) and 
the time of follow up (2 years)
– 98% power to detect a 50% slowing in the rate of decline 
– 75% power to detect a 25% slowing in the rate of decline
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Alternative Endpoints

Innovative Trials

Gains
Usually allows for 

smaller trials (can have 
another hard endpoint 

as secondary)

Endpoint may more 
directly measure 

mechanism of action 
(e.g. biomarker)

Losses
Innovative endpoints 

can create 
interpretation or 

acceptance issues

Endpoints like 
biomarkers may have 

effect that do not 
translate to other 

endpoints.
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Thanks for Attending!

• Contact Information
– http://innovativeclinicaltrial.org/

– Doray Sitko, Project Manager, 
doray@berryconsultants.net

– Kert Viele, kert@berryconsultants.net

– Anna McGlothlin, anna@berryconsultants.net

• Questions/Comments welcome anytime!
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