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Running example 1: KEYNOTE-598
See /Examples/Running example 1 - KEYNOTE-598/ 
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• Pembro-mono standard 1L therapy for mNSCLC with PD-L1 TPS ≥50 % without act ionable driver
mut at ions

• KEYNOTE-598 invest igat ed whet her addit ion of ipilimumab t o pembro-mono improves efficacy

• See Boyer et al. (20 21) for t he primary result s, where t he prot ocol is also available
o For furt her informat ion, see NCT0 330 2234

https://doi.org/10.1200/JCO.20.03579
https://clinicaltrials.gov/study/NCT03302234


Running example 1: KEYNOTE-598
Interim analysis and multiplicity plan
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• Two efficacy IAs and one FA
o Lan-DeMet s O’Brien-Fleming spending funct ions for OS and PFS
o ORR mat ures at t ime of IA1

• Family-wise error rat e for OS, PFS, and ORR cont rolled in t he st rong sense t o one-sided α = 0 .0 25

Analysis Trigger Primary purpose
IA1 ~255  OS event s Int erim PFS (~92%IF) and OS analyses (~71%IF)
IA2 ~30 7 OS event s Final PFS analysis and int erim OS analysis (~8 5%IF)
FA ~361 OS event s Final OS analysis

PFS
α = 0 .0 0 6

ORR
α = 0

OS
α = 0 .0 19

0 .0 0 1

0 .999

0 .999

1
0 .0 0 1



Running example 1: KEYNOTE-598
Efficacy boundaries and properties for PFS analyses: Table 18 in Section 8.8.2
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Analysis Value α = 0.006 α = 0.025
IA1: 92%a

N: 568
Event s: 357
Mont h: ~ 32f

Z 2.6394 2.0 667
p (1-sided)b 0 .0 0 4 2 0 .0 194
HR at  boundc 0 .7562 0 .80 34
P(Cross) if HR=1d 0 .0 0 4 2 0 .0 194
P(Cross) if HR=0 .69 e 0 .80 85 0 .9251

IA2: Final
PFS Analysis
N: 568
Event s: 389
Mont h: ~ 39 f

Z 2.5869 2.0 575
p (1-sided)b 0 .0 0 4 8 0 .0 198
HR at  boundc 0 .7690 0 .8115
P(Cross) if HR=1d 0 .0 0 60 0 .0 250
P(Cross) if HR=0 .69 e 0 .8692 0 .9517

a Percent age of t ot al planned event s at  each int erim analysis
b The nominal α for t est ing
c The approximat e HR required t o reach an efficacy bound
d The probabilit y of crossing a bound under t he null hypot hesis
e The probabilit y of crossing a bound under t he alt ernat ive hypot hesis
f The approximat e number of mont hs since first  subject  randomized



Running example 2
See /Examples/Running example 2/
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• Ph3 oncology trial, comparing CON vs TRT

• Enrollment
o N = 4 50  pt s, randomized 1:1
o 10  pt s/ mo for mont hs 1-2; 15  pt s/ mo for mont hs 3-4 ; 25  pt s/ mo t hereaft er

• Four endpoint s for which st rong cont rol t o one-sided α = 0 .0 25  is ensured
o ORR and PFS as dual primary endpoint s
o CR and OS as key secondary endpoint s

• Three efficacy IAs and one FA
o Lan-DeMet s O’Brien-Fleming spending for PFS, Kim-DeMet s-2 spending for OS

Analysis Trigger Primary purpose
IA1 6 mo aft er LPR Final ORR analysis
IA2 ~254  PFS event s Final PFS analysis
IA3 ~211 OS event s Int erim OS analysis
FA ~24 3 OS event s Final OS analysis



Running example 2 
See /Examples/Running example 2/
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• PFS
o Analysis met hod: Log-rank
o Cont rol arm: Exponent ial wit h a median of 15 mo
o Treat ment arm: HR = 0 .66
o Drop-out : 5% per year

• ORR
o Analysis met hod: Pooled comparison of proport ions
o Cont rol arm: 50 %
o Treat ment arm: Δ= 20 %

• CR
o Analysis met hod: Pooled comparison of proport ions
o Cont rol arm: 30 %
o Treat ment arm: Δ = 20 %

• OS
o Analysis met hod: Log-rank
o Cont rol arm: Exponent ial wit h a median of 27 mo
o Treat ment arm: HR = 0 .69
o Drop-out : 2% per year

ORR
α = 0 .0 0 25

OS
α = 0

PFS
α = 0 .0 225

1

1

CR
α = 0

1

1



2. Refresher on 
group-sequent ial 
design for a single 
endpoint
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• Stopping rules
• Information fractions
• Choice of spending function
• {gsDesign} and {rpact }

15 min



Introduction to group -sequent ial design

• Over-arching idea is that in many trials its likely an early decision can be made about 
hypotheses
o I.e., wit hout  t he maximal amount  of planned dat a
o GSD can t herefore reduce the expected sample size (ESS) and expected study duration (ESD)

• Repeat ed t est ing of hypot heses will inflate the study -wide type I and/or type II 
error rate unless care is t aken in t he approach t o assessing significance

• Ext ensive lit erat ure on how t o choose t est ing rules

What, why, and how?

8



Stopping rules

• Testing rules depend on futility bounds 𝒇𝒇𝟏𝟏, … ,𝒇𝒇𝑱𝑱
and efficacy bounds 𝒆𝒆𝟏𝟏, … , 𝒆𝒆𝑱𝑱. At  analysis 𝑗𝑗:
o If 𝑍𝑍𝑗𝑗 ≥ 𝑒𝑒𝑗𝑗, st op t he t rial and reject  𝐻𝐻0
o If 𝑍𝑍𝑗𝑗 < 𝑓𝑓𝑗𝑗, st op t he t rial and do not  reject  𝐻𝐻0

(t ypically a non-binding recommendat ion)
o If 𝑍𝑍𝑗𝑗 ∈ 𝑓𝑓𝑗𝑗 , 𝑒𝑒𝑗𝑗 , cont inue t o analysis 𝑗𝑗 + 1
o Common t o have 𝑓𝑓𝐽𝐽 = 𝑒𝑒𝐽𝐽, so t here is a 

recommendat ion eit her way at  t he final analysis

9

Example for 𝐽𝐽 = 4

Non-binding recommendat ion 
means t he t rial can cont inue



Error rate requirements

• We typically want to identify a design that the correct type I error rate and power

• The probability we reject 𝐻𝐻0 for general 𝜃𝜃 is:

ℙ𝜃𝜃 Reject 𝐻𝐻0 = ℙ𝜃𝜃 𝑍𝑍1 > 𝑒𝑒1 + ℙ𝜃𝜃 𝑍𝑍1 ≤ 𝑒𝑒1,𝑍𝑍2 > 𝑒𝑒2 + ⋯+ ℙ𝜃𝜃 𝑍𝑍1 ≤ 𝑒𝑒1,𝑍𝑍2 ≤ 𝑒𝑒2, … ,𝑍𝑍𝐽𝐽 > 𝑒𝑒𝐽𝐽

• We t herefore desire 𝑒𝑒1, … , 𝑒𝑒𝐽𝐽 and 𝐼𝐼1, … , 𝐼𝐼𝐽𝐽 such t hat :

ℙ0 Reject 𝐻𝐻0 ≤ 𝛼𝛼
ℙ𝛿𝛿 Reject 𝐻𝐻0 ≥ 1 − 𝛽𝛽
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Reject  at  analysis 1

Reject  at  analysis 2

Reject  at  analysis 𝐽𝐽

Somet imes fut ilit y rules t reat ed as binding 
when comput ing power; ignored here

Fut ilit y rules ignored when 
calculat ing t ype I error rat e



Computing a design

• Recall 𝑍𝑍𝑗𝑗 = �𝜃𝜃𝑗𝑗 𝐼𝐼𝑗𝑗. Then, in a very broad range of set t ings
o 𝑍𝑍1, … ,𝑍𝑍𝐽𝐽 has (approximat ely) a mult ivariat e normal (MVN) dist ribut ion wit h
o 𝔼𝔼 𝑍𝑍𝑗𝑗 = 𝜃𝜃 𝐼𝐼𝑗𝑗 for 𝑗𝑗 = 1, … , 𝐽𝐽
o Cov 𝑍𝑍𝑗𝑗1 ,𝑍𝑍𝑗𝑗2 = Cov 𝑍𝑍𝑗𝑗2 ,𝑍𝑍𝑗𝑗1 = 𝐼𝐼𝑗𝑗1/𝐼𝐼𝑗𝑗2 for 𝑗𝑗1, 𝑗𝑗2 = 1, … , 𝐽𝐽, 𝑗𝑗2 ≥ 𝑗𝑗1

• We can comput e ℙ𝜃𝜃 𝑍𝑍1 ≤ 𝑒𝑒1,𝑍𝑍2 ≤ 𝑒𝑒2, … ,𝑍𝑍𝑗𝑗 > 𝑒𝑒𝑗𝑗 for each 𝑗𝑗 using MVN dist ribut ion 
funct ion int egrat ion

• But  we st ill need a met hod t o set  t he 2𝐽𝐽 paramet ers 𝑒𝑒1, … , 𝑒𝑒𝐽𝐽 and 𝐼𝐼1, … , 𝐼𝐼𝐽𝐽
• Approach t o t his has evolved over t ime…

11



Functional form efficacy bounds

• Early literature on GSDs assumes ‘equally spaced’ analyses, such that

𝐼𝐼𝑗𝑗 =
𝑗𝑗𝐼𝐼𝐽𝐽
𝐽𝐽

• Also assumed a simple form for t he efficacy boundaries. Wang and Tsiat is give a 
unified approach
o 𝑒𝑒𝑗𝑗 = 𝐶𝐶𝑊𝑊𝑊𝑊

𝑗𝑗
𝐽𝐽

Δ−0.5

o Δ = 0 O’Brien and Fleming (1979)
o Δ = 0.5 Pocock (1977)
o 1d search gives 𝐶𝐶𝑊𝑊𝑊𝑊 t hat  cont rols t he t ype I error rat e
o Addit ional 1d search for sample size /  event s t o cont rol t ype II error rat e

I.e., the original approach

12



Functional form efficacy bounds

Note: Δ = 0.389 provides minimum ESS among 3-stage designs for 5% two-sided alpha and 80% power

Wang and Tsiatis family with parameter Δ

13

Pocock boundaries are 
const ant  across analyses

O’Brien-Fleming boundaries 
required higher evidence of 

efficacy t o t erminat e 
earlier in t he t rial



Error spending

• Handles unpredictable information levels with strict type I error control

• Doesn’t require maximum number of analyses to be pre-specified

• Based on information fractions (IFs) 𝑡𝑡𝑗𝑗 = 𝐼𝐼𝑗𝑗
𝐼𝐼𝐽𝐽

• And non-decreasing funct ion 𝑓𝑓 ∶ 0,1 → 0,𝛼𝛼 , t hat  gives cumulative 𝜶𝜶 spend at  IF 
𝑡𝑡𝑗𝑗 as 𝑓𝑓 𝑡𝑡𝑗𝑗

• Does require informat ion level 𝐼𝐼𝑗𝑗 to not depend on �𝜃𝜃1, … , �𝜃𝜃𝑗𝑗−1
o Use of int erim dat a t o updat e informat ion levels requires more general met hodology (p-value combinat ion /  

condit ional error) for st rict  t ype I error cont rol

I.e., the approach usually used today

14



Running example 1: KEYNOTE-598
E.g., OS spending for 𝜶𝜶 = 𝟎𝟎.𝟎𝟎𝟎𝟎𝟎𝟎
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Ends at 𝛼𝛼: 𝑓𝑓 1 = 0.025

Spending functions always 
non-decreasing

Three analyses

Starts at 0: 𝑓𝑓 0 = 0



Error spending

• Iterative approach used to determine 𝑒𝑒1, t hen 𝑒𝑒2, 
t hen 𝑒𝑒3, et c.

• Analysis 1 choose 𝑒𝑒1 such t hat

ℙ0 𝑍𝑍1 > 𝑒𝑒1 = 𝑓𝑓 𝐼𝐼1/𝐼𝐼𝐽𝐽 = 𝑓𝑓 𝑡𝑡1
• Analysis 2 choose

ℙ0 𝑍𝑍1 ≤ 𝑒𝑒1,𝑍𝑍2 > 𝑒𝑒2 = 𝑓𝑓 𝐼𝐼2/𝐼𝐼𝐽𝐽 − 𝑓𝑓 𝐼𝐼1/𝐼𝐼𝐽𝐽
= 𝑓𝑓 𝑡𝑡2 − 𝑓𝑓 𝑡𝑡1

• Cont inue solving unt il reach final analysis, 
spending all alpha

• Met hod accommodat es under- and over-running

Technical approach

16



Common spending functions

• Lan-DeMets O’Brien-Fleming approximation: “LDOF”

𝑓𝑓 𝑡𝑡 = 2 1 −Φ ⁄Φ−1 1 − 𝛼𝛼/2 𝑡𝑡

• Lan-DeMet s Pocock approximat ion: “Pocock”

𝑓𝑓 𝑡𝑡 = 𝛼𝛼 ln 1 + 𝑒𝑒 − 1 𝑡𝑡

• Hwang, Shi and DeCani (𝛾𝛾-family), wit h 𝛾𝛾 ∈ ℝ: “HSD(𝛾𝛾)”

𝑓𝑓 𝑡𝑡 = �𝛼𝛼 1 − 𝑒𝑒−𝛾𝛾𝛾𝛾 / 1 − 𝑒𝑒−𝛾𝛾 𝛾𝛾 ≠ 0
𝛼𝛼𝛼𝛼 𝛾𝛾 = 0

𝛾𝛾 = −4 Similar t o O’Brien-Fleming
𝛾𝛾 = 1 Similar t o Pocock

• Kim and DeMet s (𝜌𝜌-family /  power-family), wit h 𝜌𝜌 > 0: “KDM(𝜌𝜌)”
𝑓𝑓 𝑡𝑡 = 𝛼𝛼𝑡𝑡𝜌𝜌

𝜌𝜌 = 3 Similar t o O’Brien-Fleming
𝜌𝜌 = 1 Similar t o Pocock

17

More aggressive 
spending

Less aggressive 
spending



Spending options

• For fixed sample size / events, more aggressive spending of 𝛼𝛼 t ypically result s in 
lower power
o Maximal power = spend all 𝛼𝛼 at  a single final analysis

• But  it  will t ypically reduce t he ESS, also expect ed st udy durat ion

• Alt ernat ively, for fixed power, more aggressive spending result s in larger required 
sample size /  event s
o Oft en see t his reflect ed in ‘inflat ion fact ors’ t hat  give t he rat io of t he maximal informat ion required by a GSD 

compared t o a corresponding fixed-sample t rial

Speed of spending trades reduction in expected sample size (ESS) or events for lower power

18



Spending options
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• 3-stage (𝐽𝐽 = 3) equally spaced analyses (𝑡𝑡1 = 1/3, 𝑡𝑡2 = 2/3) GSD

• 𝛼𝛼 = 0.025, 𝛽𝛽 = 0.2

𝚫𝚫 Inflation factor ESS reduction under 𝐻𝐻1
(OF) 0 .0 0 0 1.0 17 0 .856

0 .10 0 1.0 27 0 .84 0
0 .20 0 1.0 4 5 0 .826

(Opt imal) 0 .389 1.10 3 0 .811
0 .4 0 0 1.10 5 0 .811

(Pocock) 0 .50 0 1.166 0 .818

Inflation factors and ESS reduction for Wang -Tsiatis bounds

Minimizes t he ESS 
reduct ion under 𝐻𝐻1

Increasing in Δ



Spending options
Design considerations
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• From a purely statistically perspective, selecting a spending function could be 
viewed as a multi-parameter optimization task of a multi -valued function
o max N, expect ed N, power at  IA, expect ed durat ion, …
o Such globally ‘opt imal’ designs can be a useful benchmarking approach

• In pract ice, t ruly opt imal GSD rarely/ never used (because of clinical/ regulat ory 
requirement s), but  t his doesn’t  cost  t oo much in t erms of efficiency loss
o Early st opping for efficacy at  IA should ensure t hat  it  provides adequat e evidence of t he t reat ment  effect  t o 

warrant  such act ion
o Regulat ory agencies oft en discourage analyses t hat  are “t oo early” and/ or spend “t oo much” alpha
o Under most  realist ic pragmat ic scenarios, 𝛼𝛼 spending t hat  is more aggressive t han t he O’Brien-Fleming t ype 

approaches an opt imal design
o Some moderat e alpha spending st rat egies t end t o be quit e robust  in t erms of having good operat ing 

charact erist ics



Software

• EAST
• ADDPLAN
• SAS SEQDESIGN
• R
o {gsDesign} ht t ps:/ / gsdesign.shinyapps.io/ prod/
o {rpact } (~ADDPLAN) ht t ps:/ / rpact .shinyapps.io/ public/
o Ot hers t oo… ht t ps:/ / cran.r-project .org/ web/ views/ ClinicalTrials.ht ml

21

https://gsdesign.shinyapps.io/prod/
https://rpact.shinyapps.io/public/
https://cran.r-project.org/web/views/ClinicalTrials.html


Summary

• GSDs seek to reduce the expected sample size / time to a significant result

• Easy to control type I error rate using error spending approach

• On t op of usual requirement s for sample size calculat ion, specify:
o IFs at the interim analyses
o Spending function

• Machinery now well est ablished t o support  design
o {gsDesign} and {rpact } in R cover most  scenarios. 

23



3. Refresher on 
graphical t est ing 
procedures in fixed 
sample designs

24

15 mins

With thanks to David Robertson (MRC Biostatistics Unit, University of Cambridge)



Multiple testing procedures

• Most clinical trials need to address the problem of multiple testing

• Happens because trials evaluate significance for multiple important outcomes

• Some evaluate significance for multiple treatment arms

• In any case, we then typically need to control the probability of committing one or 
more type I errors across the analyses
o Family-wise error rate (FWER) cont rol
o Ot herwise t he probabilit y of commit t ing a t ype I error rises rapidly in t he number of t est s

• Multiple testing procedures are met hods for achieving such FWER cont rol

25

Why?



Running example 1: KEYNOTE-598

• Ignore the presence of interim analyses for now, and assume that
𝑝𝑝OS = 0.0249, 𝑝𝑝PFS = 0.004, 𝑝𝑝ORR = 0.001

• Compare Bonferroni, Holm, Fixed sequence and Fallback
o Fixed sequence: OS → PFS → ORR
o Fallback: Sequence as above, wit h 𝛼𝛼OS = 𝛼𝛼PFS = 0.012 and 𝛼𝛼ORR = 0.001

26

Hypothesis Bonferroni Holm Fixed sequence Fallback
OS Not  reject ed Reject ed Not  reject ed Not  reject ed
PFS Reject ed Reject ed Not  reject ed Reject ed
ORR Reject ed Reject ed Not  reject ed Reject ed



Graphical testing procedures (GTPs)

• Flexible multiple testing framework that can be tailored to reflect the relative 
importance of hypotheses
o I.e., can deal wit h complex t rial object ives and mult iple st ruct ured hypot heses

• Built  on t he principle of closed testing
o I.e., t hey can be t hought  of as a short cut  t o specifying a closed t est ing procedure
o Ensures st rong FWER cont rol

• Very visual t echnique
o Easily and efficiently communicable

• Includes many common mult iple t est ing procedures as special cases
o Fixed sequence, Bonferroni, Holm, …

27



The graph

1.Hypotheses 𝐻𝐻1, … ,𝐻𝐻𝐾𝐾 represent ed as nodes

2.(Init ial) split  of significance level represent ed 
by weights 𝑤𝑤1, … ,𝑤𝑤𝐾𝐾
• Somet imes writ t en in t erms of 𝛼𝛼1, … ,𝛼𝛼𝐾𝐾

3.‘𝛼𝛼-recycling’ t hrough weighted directed 
edges

Specification

28

𝐻𝐻1 𝐻𝐻2

𝐻𝐻1 𝐻𝐻2

𝐻𝐻1 𝐻𝐻2

𝑤𝑤1 = 0.5

0 .5 0 .5

1

1

𝑤𝑤2 = 0.5



Examples

1.Fixed sequence: Maximises power if previous 
hypotheses rejected as all tests performed at 
level 𝛼𝛼

2.Bonferroni: No 𝛼𝛼-recycling

3.Holm: Everyt hing in Bonferroni + more → more 
powerful

4.Fallback

𝑲𝑲 = 𝟐𝟐
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𝐻𝐻1 𝐻𝐻2

𝐻𝐻1 𝐻𝐻2

𝐻𝐻1 𝐻𝐻2

0 .5

0 .5 0 .5

1

1

0 .5

1 0

𝐻𝐻1 𝐻𝐻2w1 w2

1

1



Example: Holm

• Suppose that 𝑝𝑝1 = 0.02 and 𝑝𝑝2 = 0.01 are t he p-
values for 𝐻𝐻1 and 𝐻𝐻2

• As 𝑝𝑝2 = 0.01 ≤ 0.0125 = 0.5 0.025 = 𝑤𝑤2𝛼𝛼, reject  
𝐻𝐻2 and updat e t he graph

• As 𝑝𝑝1 = 0.02 ≤ 0.025 = 1 0.025 = 𝑤𝑤1𝛼𝛼, we can 
now also reject  𝐻𝐻1

𝑲𝑲 = 𝟐𝟐 and 𝜶𝜶 = 𝟎𝟎.𝟎𝟎𝟎𝟎𝟎𝟎

30

𝐻𝐻1 𝐻𝐻20 .5 0 .5

1

1

𝐻𝐻1 𝐻𝐻21 0

𝐻𝐻1 𝐻𝐻2 00



Technical basis
Graph update algorithm

31



Running example 2
Initial graph
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Include all edges allowed: all 
four hypotheses have edges 

totalling 1 leaving them

𝛼𝛼 split initially 
between the dual 
primary outcomes

ORR recycles all its 𝛼𝛼
to CR+, because of 

their similar 
maturation time

PFS recycles all of its 𝛼𝛼 to OS:
1. to maximise minimal alpha 

assigned to OS
2. Because less value to short 
term outcomes after success 

on PFS

ORR
w = 0 .1

OS
w = 0

PFS
w = 0 .9

1

1

CR
w = 0

1

1



Running example 2
Sequential updating
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Suppose we achieve 
significance for PFS

ORR
w = 0 .1

OS
w = 0

PFS
w = 0 .9

1

1

CR
w = 0

1

1



Running example 2
Sequential updating

34

There are now edges that weren’t 
previously in the graph

ORR
w = 0 .1

OS
w = 0 .9

PFS
w = 0

1
CR
w = 0

1

1



Running example 2
Sequential updating
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Next suppose we 
achieve significance 

for ORR

The graph would look like this regardless of 
whether PFS was rejected and then ORR, or 

ORR was rejected and then PFS

ORR
w = 0

OS
w = 0 .9

PFS
w = 0

1
CR
w = 0 .1

1



Running example 2
Sequential updating
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Now suppose we 
achieve significance 

for CR+

ORR
w = 0

OS
w = 0 .9

PFS
w = 0

CR
w = 0



Software

• R
o {gsDesign}: Helps draw, but  not  evaluat e 

graphs
o {gMCP}: Can now be quit e challenging t o 

inst all. Has a GUI
o {gMCPLit e}: Will inst all, but  no GUI
o {graphicalMCP}: New opt ion

• Web (R Shiny): GraphApp
• ht t ps:/ / mrc-bsu.shinyapps.io/ 20 MRC_BSU_GraphApp/

37

https://mrc-bsu.shinyapps.io/20MRC_BSU_GraphApp/


Summary

• GTPs are a flexible and powerful met hod of st rongly cont rolling t he FWER across 
mult iple hypot heses

• Complet ely defined by t he init ial graph, which cont ains:
o Nodes defining hypotheses
o Weights defining initial 𝜶𝜶 split
o Edges defining how to recycle 𝜶𝜶

38



4. Graphical testing 
in group-sequent ial 
designs

39

20 mins
• Combining t he graphical and group-sequent ial met hodologies
• Analysis t riggers
• ‘Look-back’ analyses
• Delayed vs immediat e α-recycling



History

• Long history of methods/applications of GSDs in clinical trials

• The same is true for multiplicity corrections such as GTPs

• However, the development of methods for correction across multiple hypotheses in 
a group-sequential setting has primarily occurred over the last 10-15 years

• Much of this development was motivated by...

40



Hierarchical testing of a primary and one secondary endpoint

• Hung et al. (20 0 7) considered a t wo-st age GSD wit h a primary and one key 
secondary endpoint

• The primary endpoint  t est ed according t o some GSD wit h cumulat ive one-sided 
t ype I error of 𝛼𝛼 = 0.025

• Question: How should we t est  t he secondary endpoint  aft er t he primary endpoint  
achieves significance (eit her at  t he IA or FA)?

• Invest igat ed naïve strategy for secondary endpoint :
o Since t he secondary endpoint  is t est ed at  most  once, when t he primary endpoint  is significant , it  seems 

reasonable t o use t he whole 𝜶𝜶 (regardless of IA or FA)

4 1



Hierarchical testing of a primary and one secondary endpoint

• It was demonstrated that the naive 
approach does not control the FWER

• Depending on the correlation between 
the endpoints, FWER could be as much 
as 4.1%

• Therefore, specialized methodology is 
required for FWER control

42

Hung et al. (20 0 7)

Naïve st rat egy



GTPs for GSDs

• Maurer and Bretz (2013), amongst others, provide highly general methodology for 
testing primary and secondary endpoints in GSD setting with strong control of the 
FWER
o There are some rest rict ions assumed in t he paper t hat  aren’t  necessary; wit h t hese relaxed t he met hodology 

covers vast  majorit y of t rial use cases

• Take home message: Essentially, all you have to do is specify your initial GTP and 
the  GSD for each hypothesis
o I.e., t hink of it  as t he union of t wo more familiar st eps: specifying a GTP and specifying GSDs
o There are some finer point s, but  t his get s you most  of t he way t here
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“Well ordered” rejection boundaries

• Suppose we have a single hypotheses and analyses 𝑗𝑗 = 1, … , 𝐽𝐽
o Informat ion fract ion at  analysis 𝑗𝑗 is 𝑡𝑡𝑗𝑗, wit h 𝑡𝑡1 ≤ 𝑡𝑡2 ≤ ⋯ ≤ 𝑡𝑡𝐽𝐽 = 1
o Suppose that the allowed significance level for the hypothesis is 𝜸𝜸

o Let  
 𝒇𝒇 𝜸𝜸, 𝒕𝒕𝒋𝒋 denote the spending function, with 𝒇𝒇 𝜸𝜸,𝟏𝟏 = 𝜸𝜸
 𝑝𝑝𝑗𝑗∗(𝛾𝛾) is t he corresponding nominal 𝑝𝑝-value

• Need a special condit ion called a ‘well ordered ’ boundary:
𝑝𝑝𝑗𝑗∗ 𝛾𝛾 ≤ 𝑝𝑝𝑗𝑗∗ 𝛾𝛾′ if 𝛾𝛾 ≤ 𝛾𝛾𝛾 for 𝑗𝑗 = 1, … , 𝐽𝐽
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Defining spending funct ion for each hypothesis

• Now, for each hypothesis 𝑘𝑘 = 1, … ,𝐾𝐾 consider:
o Let  𝑓𝑓𝑘𝑘 𝛾𝛾, 𝑡𝑡 denot e t he level-𝛼𝛼 spending funct ion,  𝑡𝑡 is informat ion fract ion
o 𝑓𝑓𝑘𝑘 𝛾𝛾, 𝑡𝑡 must be ‘well-ordered’
o Current  hypot hesis weight  in GTP det ermines 𝛼𝛼 spend for hypot hesis 𝑘𝑘, 𝑤𝑤𝑘𝑘𝛼𝛼
o Hence, t he current  allowed “local  𝛼𝛼” , 𝛾𝛾 = 𝑤𝑤𝑘𝑘𝛼𝛼
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Testing algorithm

• Start with 𝑗𝑗 = 1

1. Test  each hypot hesis 𝑘𝑘 (not  previously reject ed at  or before) analysis 𝑗𝑗:
o Comput e t he nominal p-value t hreshold 𝑝𝑝𝑙𝑙𝑙𝑙∗ 𝑤𝑤𝑘𝑘𝛼𝛼 , 𝑙𝑙 = 1, … , 𝑗𝑗, based on 𝑓𝑓𝑘𝑘 𝑤𝑤𝑘𝑘𝛼𝛼, 𝑡𝑡𝑗𝑗𝑗𝑗
o Not e: 𝑝𝑝𝑙𝑙𝑙𝑙∗ 𝑤𝑤𝑘𝑘𝛼𝛼 may change for some 𝑙𝑙 < 𝑗𝑗 , compared t o a t hreshold calculat ed at  previous IAs
o If t he nominal observed p-value 𝑝𝑝𝑙𝑙𝑙𝑙 ≤ 𝑝𝑝𝑙𝑙𝑙𝑙∗ 𝑤𝑤𝑘𝑘𝛼𝛼 for any 𝑙𝑙 = 1, … , 𝑗𝑗, reject  hypot hesis 𝑘𝑘

2. If any hypot hesis was reject ed, relocat e 𝑤𝑤𝑘𝑘 per GTP and go back t o 1, ot herwise 
move t o t he next  analysis
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Running example 1: KEYNOTE-598

• OS
o Two IAs at  ~71%IF and ~8 5%IF
o LDOF spending funct ion
o Init ially it  has alpha of 0 .0 19 (weight  of 0 .76)

• PFS
o One IA at  ~92%IF
o LDOF spending funct ion
o Init ially it  has alpha of 0 .0 0 6 (weight  of 0 .24 )

• ORR
o No IAs
o Init ially it  has weight  of 0

• Overall one-sided 𝛼𝛼 = 0.025

Initial GTP and GSD for each hypothesis

4 7

PFS
α = 0 .0 0 6

ORR
α = 0

OS
α = 0 .0 19

0 .0 0 1

0 .999

0 .999

1
0 .0 0 1



Running example
Focus on PFS

48

To begin with, can only spend 
α = 0 .0 0 6 in t ot al

PFS
α = 0 .0 0 6

ORR
α = 0

OS
α = 0 .0 19

0 .0 0 1

0 .999

0 .999

1
0 .0 0 1



Running example
Focus on PFS

49

If the graph updates the allowed 
total spend, the whole spending 

function updates

PFS
α = 0 .0 24 98 1

ORR
α = 0 .0 0 0 0 19

OS
α = 0

1
1



Running example
Focus on PFS
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If the graph updates the allowed 
total spend, the whole spending 

function updates

PFS
α = 0 .0 25

ORR
α = 0

OS
α = 0



Running example
Focus on ORR
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To begin with, cannot spend 
any α

PFS
α = 0 .0 0 6

ORR
α = 0

OS
α = 0 .0 19

0 .0 0 1

0 .999

0 .999

1
0 .0 0 1



Running example
Focus on ORR

52

Significance on either OS or 
PFS would require very low p-

value for significance
PFS
α = 0

ORR
α = 0 .0 0 0 0 0 6

OS
α = 0 .0 24 994

1

PFS
α = 0 .0 24 98 1

ORR
α = 0 .0 0 0 0 19

OS
α = 0

1
1



Running example
Focus on ORR
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Significance on both OS or 
PFS allows for higher 

likelihood of ORR success

PFS
α = 0

ORR
α = 0 .0 25

OS
α = 0



‘Look back’ analyses

• The algorithm allows for what has been termed ‘look 
back’ analyses

• E.g., consider PFS in the KEYNOTE-598 example

• Suppose that at IA1 we have to stay at 𝑤𝑤PFS = 0.24
(because OS wasn’t  reject ed). Then we aren’t  able t o 
reject  𝐻𝐻PFS based on t he black dot  in t he plot
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Significant  if wPFS = 1, 
but  not  if wPFS = 0 .24



‘Look back’ analyses

• If we reach 𝑤𝑤PFS = 1 at  PFS’s FA, we are t echnically 
allowed t o ‘look back’ and claim significance for t his 
hypot hesis based on t he IA1 result

• In pract ice, t his might  be a hard sell t o regulat ors as 
at  t he FA we have more dat a available and st ill have 𝛼𝛼
available for ret est ing t his hypot hesis

• It  usually shouldn’t  mat t er, provided t here isn’t  a 
st rong t rend in t he t reat ment  effect
o It  would only lead t o a gain in power if t he PFS t est  st at ist ic is 

below t he orange dot  at  it s FA 
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Significant  if wPFS = 1, 
but  not  if wPFS = 0 .24



‘Look back’ analyses

• Where this ‘look back’ is useful is if we have data that matures at different rates

• E.g., suppose there’s two hypotheses with expected IFs at three analyses of:
o H1: 50 %, 10 0 %, 10 0 %
o H2: 33%, 67%, 10 0 %

• Suppose we don’t  manage t o reject  H1 at  IA2, and event ually reject  H2 at  t he FA

• Then we are allowed t o ret est  H1 using it s IA2 p-value wit h t he recycled 𝛼𝛼

• This is t he case for ORR in Running example 1: KEYNOTE-598
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Immediate recycling

• This means that the entire spending 
function trajectory updates when a 
larger weight becomes available to PFS

• Creates an ‘issue’ that some 𝛼𝛼 may be 
wast ed if we only recycle at  t he FA

57

The approach for PFS in Running example 1: KEYNOTE-598



Delayed recycling

• A way around this 𝛼𝛼 wast ing is t o 
prospect ively say t hat  addit ional 𝛼𝛼 will only 
be used at  t he FA if more weight  becomes 
available

• Can t hink of t his like changing t he 
spending funct ion
o vs. immediat e recycling which keeps t he same 

spending funct ion, but  just  updat es how much can be 
spent
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Immediate vs. delayed recycling

• Usually, immediate recycling will be the preferred approach
o Corresponds t o t he usual reason for doing a GSD: t rying t o increase t he chance of an earlier significant  result

• Delayed recycling does t he opposit e: by pushing spend lat er in t he t rial it  increases 
power, at  t he cost  of expect ing significance t o occur lat er

• Delayed recycling may make more sense for out comes around which t here is more 
uncert aint y about  t he effect  or for which an early significant  result  is unlikely

• It ’s also possible t o define recycling t o begin at  a cert ain analysis
o E.g., recycling from analysis 3  in a t rial wit h up t o 5  analyses
o But  you cannot  choose t he t ime from which you recycle adapt ively: it  has t o be prespecified

Which is best?
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Changing the spending function

• Could alternatively think of delayed recycling as a particular case 
of changing the spending function after recycling
o Changing it  t o delay recycling as much as possible

• May change t he spending funct ion t o recycle more alpha earlier
o Recall what  we said earlier about  t he ‘well ordered’ boundary 

requirement : this needs to be checked!

• Makes sense when aft er success on one hypot hesis, t he value of 
anot her diminishes over t ime
o E.g. 1, t hree-arm design where need significance on bot h experiment al 

arms at  some t ime
o E.g. 2, short  t erm out come value reduced aft er success on convent ional 

endpoint

• E.g., PFS swit ching from LDOF t o KDM(1) in Running example 1: 
KEYNOTE-598

What and why?
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Running example 1: KEYNOTE-598
Example implementation in practice: IA1

61

PFS
α = 0 .0 0 6

ORR
α = 0

OS
α = 0 .0 19

0 .0 0 1

0 .999

0 .999

1
0 .0 0 1

Accrued events / sample size for each hypothesis

Analysis OS PFS ORR

IA1 255 356 568

IA2

FA

Current graphical testing procedure

Current efficacy boundaries (p -value scale)Test statistic for each hypothesis

Analysis OS PFS ORR

IA1 0 .0 16 0 .0 0 6 0 .0 0 9

IA2

FA



Running example 1: KEYNOTE-598
Example implementation in practice: IA2

62

PFS
α = 0 .0 0 6

ORR
α = 0

OS
α = 0 .0 19

0 .0 0 1

0 .999

0 .999

1
0 .0 0 1

Accrued events / sample size for each hypothesis

Analysis OS PFS ORR

IA1 255 356 568

IA2 30 7 388 -

FA

Test statistic for each hypothesis

Analysis OS PFS ORR

IA1 0 .0 16 0 .0 0 6 0 .0 0 9

IA2 0 .0 14 0 .0 0 3 -

FA

Current graphical testing procedure

Current efficacy boundaries (p -value scale)



Running example 1: KEYNOTE-598
Example implementation in practice: PFS is rejected and the graph updates, which triggers updating the 
efficacy boundaries

63

Accrued events / sample size for each hypothesis

Analysis OS PFS ORR

IA1 255 356 568

IA2 30 7 388 -

FA

Test statistic for each hypothesis

Analysis OS PFS ORR

IA1 0 .0 16 0 .0 0 6 0 .0 0 9

IA2 0 .0 14 0.003 -

FA

Current graphical testing procedure

Current efficacy boundaries (p -value scale)

PFS
α = 0

ORR
α = 0 .0 0 0 0 0 6

OS
α = 0 .0 24 994

1



Running example 1: KEYNOTE-598
Example implementation in practice: FA

64

Accrued events / sample size for each hypothesis

Analysis OS PFS ORR

IA1 255 356 568

IA2 30 7 388 -

FA 361 - -

Test statistic for each hypothesis

Analysis OS PFS ORR

IA1 0 .0 16 0 .0 0 6 0 .0 0 9

IA2 0 .0 14 0.003 -

FA 0 .0 11 - -

Current graphical testing procedure

Current efficacy boundaries (p -value scale)

PFS
α = 0

ORR
α = 0 .0 0 0 0 0 6

OS
α = 0 .0 24 994

1



Running example 1: KEYNOTE-598
Example implementation in practice: OS is rejected and the graph update , which triggers updating the 
efficacy boundaries

65

Accrued events / sample size for each hypothesis

Analysis OS PFS ORR

IA1 255 356 568

IA2 30 7 388 -

FA 361 - -

Test statistic for each hypothesis

Analysis OS PFS ORR

IA1 0 .0 16 0 .0 0 6 0 .0 0 9

IA2 0 .0 14 0.003 -

FA 0.011 - -

Current graphical testing procedure

Current efficacy boundaries (p -value scale)

PFS
α = 0

ORR
α = 0 .0 25

OS
α = 0



Running example 1: KEYNOTE-598
Example implementation in practice: ORR is rejected

66

Accrued events / sample size for each hypothesis

Analysis OS PFS ORR

IA1 255 356 568

IA2 30 7 388 -

FA 361 - -

Test statistic for each hypothesis

Analysis OS PFS ORR

IA1 0 .0 16 0 .0 0 6 0.009

IA2 0 .0 14 0.003 -

FA 0.011 - -

Current graphical testing procedure

Current efficacy boundaries (p -value scale)

PFS
α = 0

ORR
α = 0

OS
α = 0



Selecting an interim analysis and mult iplicity plan

• Advantageous to trigger early analyses based on maturation of data for short-term outcome(s)
o Typically subject  t o less uncert aint y around t iming; charact erizing t his uncert aint y can be helpful

• Subsequent  analysis oft en t hen t he earliest  point  HAs will accept  for t he convent ional primary 
out come

• Select  carefully analysis t riggers reflect ing on expect at ion in calendar t ime
o Regulat ory aut horit ies may ask for number of event s specificat ions rat her t han calendar t imes
o Wrong assumpt ions might  subst ant ially deviat e calendar t iming of IAs
o Wrong assumpt ions might  subst ant ially deviat e from your alpha-spending plan
o It  is always easier t o remove analyses, rat her t han add t hem. 

• Keep in mind t he required delt a for significance on t he short -t erm out come when select ing it s init ial 
alpha

• Regulat ory aut horit ies may ask for OS t o be powered for t he lowest  amount  of alpha it  can be t est ed 
wit h

General considerations
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Summary

• GTPs can easily be incorporated in a GSD framework

• Specify at a minimum
o Init ial graph
o Spending funct ion and IFs for each hypot hesis

• Preferably specify t he five component s: Hypot heses, analyses, enrollment  
informat ion, dist ribut ional informat ion, init ial graph

• Tip: decouple t he graph and t he spending in your mind
o The graph only t ells you how much 𝛼𝛼, in t ot al, you have t o spend on a hypot hesis. It  t ells you not hing about  

how it  will be spent

• I.e., the process involves specifying what you would for a GTP in a fixed -sample 
trial and what you would for each hypothesis in a GSD
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5. Implementation 

69

45 mins
• Describing t he met hod in a Prot ocol/ SAP
• R Markdown for aut omat ed int erim analysis and mult iplicit y 

st rat egy appendix generat ion



Simple graphs

• Easy to determine all 𝛼𝛼 levels each hypot hesis may be t est ed at

• Feed each one int o your favourit e GSD soft ware t o det ermine all possible st opping 
rules for t hat  hypot hesis

• Assuming t he t est  st at ist ics for t he hypot heses are uncorrelat ed, can even comput e 
power fairly easily

• Describing in t he prot ocol/ SAP is also relat ively easy as t here’s not  much t o 
describe

→ Business as usual
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More complex graphs

• If you determine all possible 𝛼𝛼 levels a given hypot hesis can be t est ed at , can do as 
for a simple graph
o But  becomes much more labor int ensive /  more challenging as graph complexit y increases

• Tools for aut omat ion become more helpful…

• Becomes logical t o have a dedicat ed prot ocol/ SAP Appendix on t he mult iplicit y 
st rat egy

• {gMCPLit e} art icle discusses how t o produce t ables like t he ones shown earlier for 
Running example 1: KEYNOTE-598
o ht t ps:/ / merck.git hub.io/ gMCPLit e/ art icles/ GraphicalMult iplicit y.ht ml

• We will use some R Markdown wrapped code in {appendMCP}
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https://merck.github.io/gMCPLite/articles/GraphicalMultiplicity.html


What to include?

• We’ve taken a systematic approach and searched for available examples of where a 
GTP has been used in a GSD framework

• ~45 or so examples with published protocols/SAPs available
o Oft en redact ed in part s, but  st ill useful

• Det ermined what  has been included in t hese examples, and built  t he out put  from 
our code around t his

72
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Recipe book for fully specifying an interim analysis and multiplicity plan

1. Enrollment information: Speed and duration of enrollment over time to each of the treatment arms, by sub -
population if needed

2. Hypotheses: Define each hypothesis included in the GTP precisely
a) What treatments are compared?
b) In what sub-populations?
c) For which endpoint?
d) At what analyses?
e) Using what spending function(s)?

3. Analyses: Specify what triggers each of the analyses
a) Is an endpoint used (e.g., PFS) or is it calendar-based?
b) How many events / what sample size is required? With what follow up? In what sub-population(s) and for 

what treatment arms?

1. Distributional information: For all hypotheses, need to assume effect sizes to evaluate power 

2. Graphical testing procedure: The initial graph uniquely defines the plan for sharing alpha across hypotheses

Five components: Hypotheses, analyses, enrollment information, distributional assumptions, GTP
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Running example 1: KEYNOTE-598

74

Output: High level summary of hypotheses, their assumptions, and testing strategy



Running example 1: KEYNOTE-598
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Output: Data accrual



Running example 1: KEYNOTE-598
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Output: When the analyses are expected by hypothesis

OS

PFS

ORR



Running example 1: KEYNOTE-598
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Output: What hypotheses are analysed by each analysis 

IA1

IA2

FA



Running example 1: KEYNOTE-598
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Output: Requirements for specific 𝜶𝜶 levels for each hypothesis

As hypot heses are 
reject ed, t he 𝛼𝛼 for 
OS increased



Running example 1: KEYNOTE-598

79

Output: Cumulative powers and significance thresholds for each hypothesis for each 𝜶𝜶 level

OS

Init ial 𝛼𝛼

Aft er PFS 
significance

Aft er PFS and 
ORR significance

90 % power 
init ially for OS

𝛼𝛼 split t ing does 
not  cost  OS much



Summary

• You can easily use standard software for computing the stopping rules under a 
simple graph

• For more complex graphs, if you need all the possible stopping rules then using 
automation can expedite things substantially

• Support in {appendMCP} extensive and growing
o E.g., allows ‘nominal’ spends at  early IAs

• Don’t  reinvent  t he wheel: mult iplicit y appendix provides a way t o clearly explain t he 
plan t o regulat ory aut horit ies

• For all graphs, cert ain ‘condit ional powers’ are easy t o get : if you need 
unconditional powers , you likely need simulation
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Summary

• Approaches to testing multiple hypotheses in a GSD framework that may seem 
reasonable can inflate the FWER

• Specialist methodology is therefore required: GTPs are such an approach, that can 
be readily used in a GSD setting

• We must specify:
o The initial graph
o The GSD for each of the hypotheses in the graph
o (And t he approach t o using recycled 𝛼𝛼; immediat e vs delayed)

8 1



Thank you for 
listening!

Any quest ions?
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