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Why covariate adjustment?

Covariate adjustment can increase 
power of a study to detect a 
treatment effect often at little or 
no cost

Addit ional power can be used t o:
• Increase chance of st udy success
• Reduce t ime t o analysis
• Reduce size of t rial
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Why covariate adjustment?

Covariate adjustment can increase 
power of a study to detect a 
treatment effect, often at little or 
no cost

Addit ional power can be used t o:
• Increase chance of st udy success
• Reduce t ime t o st opping
• Reduce size of t rial

5

Assuming variance reduct ion of 13%:
• Keeping n (# patients) fixed:

• st udy powered at  90 % for HR=0 .7 can have ~93% 
power

• Keeping n and power fixed:
• average t ime t o st opping can be reduced by 4  

mont hs (~10 %)
• Reducing n by 5%:

• can maint ain power at  90 % and reduce average 
t ime by 2 mont hs

Adjust ment  for Halabi score in OS analysis in mCRPC



Regulatory guidance FDA/EMA
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Incorporating prognostic baseline 
covariates in the design and 
analysis of clinical trial data can 
result in a more efficient use of 
data to demonstrate and quantify 
the effects of treatment. 
Moreover, this can be done with 
minimal impact on bias or the Type 
I error rate —from FDA guidance



Regulatory guidance FDA/EMA
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Incorporating prognostic baseline 
covariates in the design and 
analysis of clinical trial data can 
result in a more efficient use of 
data to demonstrate and quantify 
the effects of treatment. 
Moreover, this can be done with 
minimal impact on bias or the Type 
I error rate.

FDA EMA
When pre-specificat ion 
required:

Before unblinding of 
comparat ive dat a

Before first  pat ient  in

Which covariat es t o 
adjust  for:

Anyt hing you want Only a few most  
clinically/ prognost ically 
import ant  variables

When t o consult  wit h 
agency:

Use in adapt ive 
design/estimating a 
conditional 
effect / using novel 
met hodology/adjusting 
for many 
covariates / dat a-
adapt ive covariat e 
select ion/complex 
covariate -adaptive 
randomization

Unknown



Conditional vs. unconditional 
t reatment  effect s

• When adjusting only for treatment, the Cox PH 
estimates a marginal hazard ratio , which is t he 
average hazard rat io for all part icipant s in t he t rial

When adjust ing for covariat es or st rat ifying, t he Cox PH 
model

• Est imat es a conditional hazard ratio , a t reat ment  
effect  t hat  is condit ional on t he values of t he 
st rat ificat ion variables

• Even if t reat ment  effect  is t he same for all individuals, 
t his condit ional t reat ment  effect  will be different  
(furt her from 1) t han t he marginal t reat ment  effect

• This is called non-collapsibilit y

• Condit ional HR only equals marginal HR when bot h 
equal 1
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More on conditional vs. 
uncondit ional t reatment  effect s

Assume two strata, high-risk and low-risk

Within each stratum treatment indicator 𝐼𝐼𝑖𝑖~𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(0.5)

In high-risk st rat um survival t imes 𝑇𝑇𝑖𝑖~E𝑥𝑥𝑥𝑥(𝟎𝟎.𝟎𝟎𝟎𝟎 ∗ 0.5𝐼𝐼𝑖𝑖)

In low-risk st rat um survival t imes 𝑇𝑇𝑖𝑖~E𝑥𝑥𝑥𝑥(𝟎𝟎.𝟎𝟎𝟎𝟎 ∗ 0.5𝐼𝐼𝑖𝑖)

Conditional hazard ratio is 0.5 for all patients

Condit ional hazard rat io is further from 1 t han marginal 
hazard rat io

For t his dat a-generat ing process, marginal HR is 
approximately 0.55
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More on conditional vs. 
uncondit ional t reatment  effect s

Assume two strata, high-risk and low-risk

Within each stratum treatment indicator 𝐼𝐼𝑖𝑖~𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(0.5)

In high-risk st rat um survival t imes 𝑇𝑇𝑖𝑖~𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(0.03 ∗ 0.5𝐼𝐼𝑖𝑖)

In low-risk st rat um survival t imes 𝑇𝑇𝑖𝑖~𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(0.01 ∗ 0.5𝐼𝐼𝑖𝑖)

Conditional hazard ratio is 0.5 for all patients

Condit ional hazard rat io is furt her from 1 t han marginal 
hazard rat io

For t his dat a-generat ing process, marginal HR is 
approximately 0.55
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FDA guidance is more positive 
about  uncondit ional t reatment  
effect  est imat ion
As part of the pre -specification of the estimand of interest, 
sponsors should specify whether the treatment effect of 
interest in an analysis is a conditional or unconditional 
treatment effect . 
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FDA guidance is more positive 
about  uncondit ional t reatment  
effect  est imat ion
As part of the pre -specification of the estimand of interest, 
sponsors should specify whether the treatment effect of 
interest in an analysis is a conditional or unconditional 
treatment effect . 

Sponsors should discuss wit h t he relevant  review divisions 
specific proposals … cont aining nonlinear regression t o est imat e 
conditional treatment effects for t he primary analysis… result s 
can be difficult  t o int erpret  if t he model is misspecified and 
t reat ment  effect s subst ant ially differ across subgroups. 

Sponsors can perform covariat e-adjust ed est imat ion and 
inference for an unconditional treatment effect … in t he 
primary analysis of dat a from a randomized t rial. The met hod 
used should provide valid inference under approximat ely t he 
same minimal st at ist ical assumpt ions t hat  would be needed for 
unadjust ed est imat ion in a randomized t rial. 
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Conditional treatment effects

Unconditional treatment effects



What are some reasons to prefer 
uncondit ional rather than 
condit ional models?
• Resulting HR doesn’t depend on what variables are adjusted for

• Although in a stratified model HR does depend on stratification variables

• There are simulation studies that show potential for Type I error rate inflation when 
using a Cox PH model if adjustment covariates don’t satisfy PH (Jiang et al., Stat 
Med 2008)
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Covariate-adjusted log-rank test
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• Proposed by Ye et al. (Biometrika 2024)

• Like test of Lu and Tsiatis (Biometrika 2008) that is 
specifically cited in FDA guidance, but provides 
guaranteed asymptotic efficiency gains under covariate -
adaptive randomization (e.g., stratified permuted block 
randomization)

• Ye et al. also provide a marginal covariat e-adjust ed HR 
est imat or under t he Cox PH assumpt ion

• St rat ified versions of t he t est  and est imat or are also 
available



Construction of covariate -adjusted log-
rank test
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1. Write log -rank test numerator as sum of patient level 
contributions 𝑂𝑂𝑖𝑖𝑖𝑖: 𝑈𝑈𝐿𝐿 = 1

𝑛𝑛
∑𝑖𝑖=1𝑛𝑛 [𝐼𝐼𝑖𝑖𝑂𝑂𝑖𝑖𝑖 − (1 − 𝐼𝐼𝑖𝑖)𝑂𝑂𝑖𝑖𝑖]

• 𝐼𝐼𝑖𝑖 is t he t reat ment  indicat or for pat ient  𝑖𝑖
• 𝑂𝑂𝑖𝑖𝑖𝑖 is derived out come, cont ribut ion of pat ient  𝑖𝑖 on 

t reat ment  j t o score funct ion



Construction of covariate -adjusted log-
rank test
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1. Write log -rank test numerator as sum of patient level 
contributions 𝑂𝑂𝑖𝑖𝑖𝑖: 𝑈𝑈𝐿𝐿 = 1

𝑛𝑛
∑𝑖𝑖=1𝑛𝑛 [𝐼𝐼𝑖𝑖𝑂𝑂𝑖𝑖𝑖 − (1 − 𝐼𝐼𝑖𝑖)𝑂𝑂𝑖𝑖𝑖]

• 𝐼𝐼𝑖𝑖 is t he t reat ment  indicat or for pat ient  𝑖𝑖
• 𝑂𝑂𝑖𝑖𝑖𝑖 is derived out come, cont ribut ion of pat ient  𝑖𝑖 on 

t reat ment  j t o score funct ion
2. Regress t he 𝑂𝑂𝑖𝑖𝑖𝑖 on baseline covariat es 𝑋𝑋𝑖𝑖 separat ely in each 

t reat ment  arm t o get  coefficient s 𝛽𝛽𝑗𝑗



Construction of covariate -adjusted log-
rank test
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1. Write log -rank test numerator as sum of patient level 
contributions 𝑂𝑂𝑖𝑖𝑖𝑖: 𝑈𝑈𝐿𝐿 = 1

𝑛𝑛
∑𝑖𝑖=1𝑛𝑛 [𝐼𝐼𝑖𝑖𝑂𝑂𝑖𝑖𝑖 − (1 − 𝐼𝐼𝑖𝑖)𝑂𝑂𝑖𝑖𝑖]

• 𝐼𝐼𝑖𝑖 is t he t reat ment  indicat or for pat ient  𝑖𝑖
• 𝑂𝑂𝑖𝑖𝑖𝑖 is derived out come, cont ribut ion of pat ient  𝑖𝑖 on 

t reat ment  j t o score funct ion
2. Regress t he 𝑂𝑂𝑖𝑖𝑖𝑖 on baseline covariat es 𝑋𝑋𝑖𝑖, separat ely in each 

t reat ment  arm, t o get  coefficient s 𝛽𝛽𝑗𝑗
3. Add cont rast  across t reat ment  arms of predict ions from 

t hese regression models t o get  adjust ed numerat or: 
𝑈𝑈𝐶𝐶𝐿𝐿 = 𝑈𝑈𝐿𝐿 −

1
𝑛𝑛
∑𝑖𝑖=1𝑛𝑛 [𝐼𝐼𝑖𝑖(𝑋𝑋𝑖𝑖− �𝑋𝑋)𝑇𝑇𝛽𝛽1 − (1 − 𝐼𝐼𝑖𝑖)(𝑋𝑋𝑖𝑖− �𝑋𝑋)𝑇𝑇𝛽𝛽0]



Why does this work?
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𝑈𝑈𝐶𝐶𝐿𝐿 = 𝑈𝑈𝐿𝐿 −
1
𝑛𝑛
�
𝑖𝑖=1

𝑛𝑛

[𝐼𝐼𝑖𝑖(𝑋𝑋𝑖𝑖− �𝑋𝑋)𝑇𝑇𝛽𝛽1 − (1 − 𝐼𝐼𝑖𝑖)(𝑋𝑋𝑖𝑖− �𝑋𝑋)𝑇𝑇𝛽𝛽0]

• Because of randomizat ion, each of t he “augment at ion 
t erms” has mean 0

Augment at ion t x arm Augment at ion ct rl arm



Why does this work?
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𝑈𝑈𝐶𝐶𝐿𝐿 = 𝑈𝑈𝐿𝐿 −
1
𝑛𝑛
�
𝑖𝑖=1

𝑛𝑛

[𝐼𝐼𝑖𝑖(𝑋𝑋𝑖𝑖− �𝑋𝑋)𝑇𝑇𝛽𝛽1 − (1 − 𝐼𝐼𝑖𝑖)(𝑋𝑋𝑖𝑖− �𝑋𝑋)𝑇𝑇𝛽𝛽0]

• Because of randomizat ion, each of t he “augment at ion 
t erms” has mean 0

• The 𝛽𝛽𝑗𝑗 minimize t he variance of 𝑈𝑈𝐶𝐶𝐶𝐶. As long as t he 𝑂𝑂𝑖𝑖𝑖𝑖 are 
correlat ed wit h t he baseline covariat es 𝑋𝑋𝑖𝑖, variance 𝜎𝜎𝐶𝐶𝐶𝐶2 will 
be reduced relat ive t o 𝜎𝜎𝐿𝐿2:
• 𝜎𝜎𝐶𝐶𝐿𝐿2 = 𝜎𝜎𝐿𝐿2 − 𝜋𝜋(1 − 𝜋𝜋)(𝛽𝛽1 + 𝛽𝛽0)𝑇𝑇Σ𝑋𝑋(𝛽𝛽1 + 𝛽𝛽0)
• 𝜋𝜋: randomizat ion probabilit y t o t reat ment  1

Augment at ion t x arm Augment at ion ct rl arm



Covariate-adjusted st rat ified log-
rank test

For guaranteed efficiency gain, we need to include in the 
set of covariates one indicator for each randomization 
stratum, and we need to fit the regression models 
separately by arm
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Covariate-adjusted st rat ified log-
rank test

For guaranteed efficiency gain, we need to include in the 
set of covariates one indicator for each randomization 
stratum, and we need to fit the regression models 
separately by arm

Example:

A618 1120  t rial in mCRPC (Michaelson et  al., J CO 20 14 )

4  st rat ificat ion fact ors

ECOG PS

docet axel-resist ant  vs. int olerant

t ype of disease progression at  ent ry

previous t herapy wit h a VEGF pat hway inhibit or

In each arm we have 15  st rat um indicat ors (24-1), so if we 
adjust  for one variable we have 16 covariat es in each arm 
and 32 t ot al!

Lesson: adjustment requires not too many strata (or 
drop some stratification variables from adjustment)
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Covariate-adjusted hazard rat io 
est imator

Ye et al. also provide an estimator of marginal HR under 
a proportional hazards assumption, either stratified or 
unstratified

In regulatory submissions may be asked to show this 
estimator is unbiased and that CIs constructed using 
standard error estimator have the right coverage
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𝜆𝜆1(t) = 𝜆𝜆0(t)e𝜃𝜃

𝜆𝜆1z(t) = 𝜆𝜆0z(t)e𝜃𝜃 for every z



How to decide what to adjust for

23

• Easiest: use existing ”prognostic 
score”—weighted sum of baseline 
characteristics

• Numerous prognostic scores have 
been developed in various oncology 
indications
• Halabi score for mCRPC
• Bachet score for mCRC
• ISS stage for multiple myeloma
• IPI and R/R IPI scores for DLBCL

• And cardiovascular indications
• The PREVENT calculator



How to decide what to adjust for
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• Easiest: use existing ”prognostic 
score”-weighted sum of baseline 
characteristics

• Numerous works have developed 
prognostic scores in various 
oncology indications
• Halabi score for mCRPC
• Bachet score for mCRC
• ISS stage for multiple myeloma
• IPI and R/R IPI scores for DLBCL

• And cardiovascular indications
• The PREVENT calculator

• Common variables in the 
oncology scores:
• Lab variables

• e.g., PSA, ALB, HGB
• Locat ions, numbers of 

met ast at ic sit es
• Age
• ECOG PS
• Chromosomal 

abnormalit ies
• Disease-specific 

biomarkers (PSA)



Prognostic score examples
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Halabi score in mCRPCBachet score in mCRC 



What if a score doesn’t exist
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• If you have data, it’s not 
difficult to make your own 
score



What if a score doesn’t exist
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• If you have data, it’s not 
difficult to make your own 
score

• If you don’t have data, look 
for some on Project Data 
Sphere



Making a score

28

1. Extract relevant baseline data (labs, ECOG PS, etc …) and 
outcomes from trial datasets

2. Choose some data for model building and some (ideally, a 
separate trial dataset) for validation

3. Fit a Cox PH model with a LASSO penalty to select variables 
and determine their coefficients in the linear combination 



Making a score example (head & 
neck cancer): Dataset  select ion
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Making a score example (head & 
neck cancer): score const ruct ion 
and validat ion
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Making a score example (head & 
neck cancer): score const ruct ion 
and validat ion
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Additional validation in RWE

The Project Data Sphere datasets are very old
• None have data on patients treated on current SoC
Can use RWE to confirm that score still has prognostic 
validity

This study used the US-based, electronic health record-derived deidentified Flatiron 
Health Research Database[1].

Flatiron Health. Database Characterization Guide. Flatiron.com. Published March 18, 
2025. Accessed September 5, 2025. https://flatiron.com/database -characterization
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https://flatiron.com/database-characterization?__hstc=215508872.d8019efef564635c33e1282563029a94.1757098508399.1757098508399.1757098508399.1&__hssc=215508872.4.1757098508399&__hsfp=3975824757
https://flatiron.com/database-characterization?__hstc=215508872.d8019efef564635c33e1282563029a94.1757098508399.1757098508399.1757098508399.1&__hssc=215508872.4.1757098508399&__hsfp=3975824757


Assessing variance reductions using 
bootst rap (Li et  al., J RSSSB 20 23)
Repeat 1,000 times:

1. Bootstrap dataset

2. Randomly assign treatment, as closely as possible 
following actual randomization method from trial, 
e.g., stratified permuted block randomization

3. Calculate standard error for unadjusted and adjusted 
analysis (𝑠𝑠𝑠𝑠𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 and 𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑎𝑎)

4 . Variance reduct ion is defined as 𝑉𝑉𝑉𝑉 = 1 −
𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑎𝑎

2

𝑠𝑠𝑠𝑠𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢
2

5 . We can report  t he median VR and it s CI (using 
percent ile boot st rap)
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Assessing variance reductions 
using bootst rap
Repeat 1,000 times:

1. Bootstrap dataset

2. Randomly assign treatment, as closely as possible 
following actual randomization method from trial, 
e.g., stratified permuted block randomization

3. Calculate standard error for unadjusted and adjusted 
analysis (𝑠𝑠𝑠𝑠𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 and 𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑎𝑎)

4 . Variance reduct ion is defined as 𝑉𝑉𝑉𝑉 = 1 −
𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑎𝑎

2

𝑠𝑠𝑠𝑠𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢
2

5 . We can report  t he median VR and it s CI (using 
percent ile boot st rap)

Results in test dataset:

VR=13% (95% CI: 7.4%-19.4%)
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Assessing variance reductions 
using bootst rap
Repeat 1,000 times:

1. Bootstrap dataset

2. Randomly assign treatment, as closely as possible 
following actual randomization method from trial, 
e.g., stratified permuted block randomization

3. Calculate standard error for unadjusted and adjusted 
analysis (𝑠𝑠𝑠𝑠𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 and 𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑎𝑎)

4 . Variance reduct ion is defined as 𝑉𝑉𝑉𝑉 = 1 −
𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑎𝑎

2

𝑠𝑠𝑠𝑠𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢
2

5 . We can report  t he median VR and it s CI (using 
percent ile boot st rap)

Result s in t est  dat aset :

VR=13% (95% CI: 7.4 %-19.4 %)

If variance reduct ion is X%:
• St udy wit h (10 0 -X)% of t he pat ient s and adjust ment  

has same power as
• St udy wit h 10 0 % of t he pat ient s and no adjust ment

So here sample size could be reduced by up t o 13% (wit h 
caveat s t o be discussed lat er)
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Assessing variance reductions 
using bootst rap
Repeat 1,000 times:

1. Bootstrap dataset

2. Randomly assign treatment, as closely as possible 
following actual randomization method from trial, 
e.g., stratified permuted block randomization

3. Calculate standard error for unadjusted and adjusted 
analysis (𝑠𝑠𝑠𝑠𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 and 𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑎𝑎)

4 . Variance reduct ion is defined as 𝑉𝑉𝑉𝑉 = 1 −
𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑎𝑎

2

𝑠𝑠𝑠𝑠𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢
2

5 . We can report  t he median VR and it s CI (using 
percent ile boot st rap)

Result s in t est  dat aset :

VR=13% (95% CI: 7.4 %-19.4 %)

If variance reduct ion is X%:
• St udy wit h (10 0 -X)% of t he pat ient s and adjust ment  

has same power as
• St udy wit h 10 0 % of t he pat ient s and no adjust ment

So here sample size could be reduced by up t o 13% (wit h 
caveat s t o be discussed lat er)

Different  met hods can be used t o assess variance 
reduct ions also in t he t raining dat a, wit hout  being t oo 
“opt imist ic”, but  t hose check only “int ernal” validit y
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Some more regulatory 
considerat ions + potent ial 
concerns
• Regulators may be concerned about potential mismatch between standard analysis and 

covariate-adjusted analysis
• Should be a topic for investigation: why was there mismatch?
• But requiring significance with both standard and covariate -adjusted analysis takes away all the 

efficiency  benefits

• Regulat ors may be concerned about  pot ent ial misalignment  bet ween t est  and est imat or
• May not  be a bigger problem wit h adjust ed t han wit h unadjust ed t est—can use simulat ion t o invest igat e, 

depends on presence of NPH

• Regulat ors may be int erest ed in int eract ion of t reat ment  wit h prognost ic variables/ score
• Consider using Cox PH models wit h splines t o model HR as smoot h funct ion of prognost ic score
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What if we adjust for many variables?

38

• When adjusting for many 
variables:
• Greater power gains are 

possible
Project Data 
Sphere study

Variance 
reduction from 
adjustment with 
score

Variance 
reduction from 
adjustment with 
variables in 
score

A618 1120 28 .8 % 34 .9%
ENTHUSE 13.5% 23.5%
ENTHUSE M1C 21.3% 26.0 %
MAINSAIL 7.0 % 12.3%



What if we adjust for many variables?
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• When adjusting for many 
variables:
• Greater power gains are 

possible

• But Type I error rate goes up

Project Data 
Sphere study

Variance 
reduction from 
adjustment with 
score

Variance 
reduction from 
adjustment with 
variables in 
score

A618 1120 28 .8 % 34 .9%
ENTHUSE 13.5% 23.5%
ENTHUSE M1C 21.3% 26.0 %
MAINSAIL 7.0 % 12.3%



How cross-fit t ing works

With too many variables
• Coefficients aren’t good estimates of the true 

coefficients anymore, may be unstable, numerator 
and denominator of adjusted log-rank test statistic 
won’t be estimated properly

To prevent this, we can use cross-fitting

• Divide up the data into 10 pieces

• For each piece, construct the log-rank test statistic 
using regression coefficients estimated using the 
other 9 pieces

• Then construct the overall log -rank test statistic 
using the estimates from the 10 pieces
• Add up numerators
• Add up denominators
• Divide

Change to diagram

40



Cross-fit t ing

Used simulation study based on real Project Data 
Sphere dataset (A6181120) to illustrate cross-fitting 
performance

We simulate 4 strata, 2 binary adjustment variables 
and 4 continuous adjustment variables

Using the stratified log -rank test, this means in each 
arm we have 3  + 2 + 4  = 9  covariat es

Type I error rat es and power for different  t est  st rat egies

4 1

Type I error rat e inflat ion is effect ively mit igat ed by 
cross-fit t ing, at  bot h sample sizes

Lesson: Simulat ion required if many variables are 
adjust ed for t o make sure operat ing charact erist ics of 
t est  are good

Need t o account  for prevalence of st rat a



How to incorporate covariate 
adjustment  into study design

42

• We can keep sample size and 
target number events the same, 
use covariate adjustment to 
increase power
• To quantify power, use 

“effective” number of events: 
divide by 1 – variance reduction 
in  Schoenfeld’s formula



How to incorporate covariate 
adjustment  into study design

43

• We can keep sample size and 
target number events the same, 
use covariate adjustment to 
increase power
• To quantify power, use 

“effective” number of events -
divide by 1 – variance 
reduction -in Schoenfeld’s 
formula

Example

We assume HR=0 .7 and want  90 % power, need 331 
event s by Schoenfeld’s formula

We assume variance reduct ion of 13%

28 8  event s would give 90 % power wit h covariat e 
adjust ment . 

If we st ick wit h 331 event s, effect ive number of 
event s is 331/ (1 – 0 .13)~38 0 , which gives us 93 .5% 
power



Adaptive designs

44

• Alternatively, we can use information monitoring to trigger 
analyses

• We approximate information accumulated with expression

• We calculate required information using expression 

• 𝛿𝛿a is assumed log HR under alt ernat ive hypot hesis (assumes proport ional hazards)
• se(𝛿̂𝛿) is st andard error of est imat e of log HR

• Wit hout  covariat e adjust ment , can be approximat ed wit h d
4
, d is #  event s



se(𝛿̂𝛿) can be estimated using 
blinded data

• Randomly assign treatment to each patient, calculate 
se(𝛿̂𝛿)

• Follow as closely as possible randomization 
method applied in trial, e.g., permuted block 
randomization

• Repeat 10 times and take median
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se(𝛿̂𝛿) can be estimated using 
blinded data

• Randomly assign treatment to each patient, calculate 
se(𝛿̂𝛿)

• Follow as closely as possible randomization 
method applied in trial, e.g., permuted block 
randomization

• Repeat 10/25 times and take median

46

Information accumulation over time with 
and without covariate



Slight bias from blinded 
informat ion est imat ion

47

Blinded information estimate slightly biased upwards 
when HR is not equal to 1
• Less information accumulates with each event 

when risk set is imbalanced
• Can be corrected given HR design assumption



Adaptive designs

Using an information adaptive design, we 
trigger analysis exactly when we think power is 
adequate (under PH assumption) 

48

• We can either reduce sample size and assume t hat  
efficiency gains will mean smaller number of event s will 
be enough (so analysis will not  be delayed)

• Or we can keep sample size the same , so t hat  t here is 
only upside potential



Adaptive designs

We ran simulation:

• One interim analysis

• True variance reduction is 13%

• Three designs considered, all with 90% power
• Base case (unadjusted test, event-triggered)
• Information monitoring, no sample size reduction
• Informat ion monit oring, 5% fewer pat ient s enrolled

4 9



Adaptive designs

We ran simulation:

• One interim analysis

• True variance reduction is 13%

• Three designs considered, all with 90% 
power
• Base case (unadjusted test, event-

triggered)
• Information monitoring, no sample size 

reduction
• Information monitoring, 5% sample size 

reduction

50

Scenario where covariate is prognostic

Distribution is bimodal because of interim analysis



Adaptive designs

We ran simulation:

• One interim analysis

• True variance reduction is 13% or 0%

• Three designs considered, all wit h 90 % 
power
• Base case (unadjust ed t est , event -

t riggered)
• Informat ion monit oring, no sample size 

reduct ion
• Informat ion monit oring, 5% sample size 

reduct ion

51

Scenario where covariat e is not  prognost ic



Regulatory considerations

In recent oncology-specific draft guidance FDA said:

Unclear if information monitoring will satisfy FDA

• Information is monotonic (with unusual exceptions) 
with event number, so results will not be that 
different

• Specifying clear rules for when information targets 
are met should help satisfy regulators
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Group sequential design considerations

53

• Important to note that efficiency gains will likely change over course of the trial
• Results from toy example with one binary covariate below
• Regression coefficients change

Purple lines comes from 
theory, red dots from 
simulation



Group sequential design considerations

54

• Important to note that efficiency gains will likely change over course of the trial
• Results from toy example with one binary covariate below

• So do variance reductions 1 − 𝜎𝜎CL2 /𝜎𝜎L2

• Remember 𝜎𝜎𝐶𝐶𝐿𝐿2 = 𝜎𝜎𝐿𝐿2 − 𝜋𝜋(1 − 𝜋𝜋)(𝛽𝛽1 + 𝛽𝛽0)𝑇𝑇Σ𝑋𝑋(𝛽𝛽1 + 𝛽𝛽0)
• Remember approximat ion 𝜎𝜎𝐿𝐿2 = d/4 (d is #  event s)

Purple lines comes from 
t heory, red dot s from 
simulat ion



Two consequences of regression 
coefficients changing

Two principal consequences:

• Can’t assume same efficiency gain at 
interim and final analyses, in a group 
sequential design
• Makes blinded event number re-

targeting complicated
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Two consequences of regression 
coefficients changing

• Can’t assume same efficiency gain at 
interim and final analyses, in a group 
sequential design
• Makes blinded event number re-

targeting complicated

• No longer have independent increments
• Usually not much of an effect on Type 

I error rate
• See Tsiatis & Davidian (2025), Van 

Lancker (2025)
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Illustration of variance reductions 
changing over t ime in real data

57

ACIS: Saad et al., Lancet Onc 2021
COU-AA-301: de Bono et al., NEJM 2011 
COU-AA-302: Ryan et al., NEJM 2013



Conclusion

• Covariate adjustment in oncology studies can bring substantial benefits
• More powerful, smaller or faster studies

• Finding covariates to adjust for is straightforward
• Focus on labs (hemoglobin, albumin, etc …)
• Search for publicly available data on Project Data Sphere

• Note very little heme data available

• Adaptive designs can be used to maximize the benefits, information monitoring 
can be useful
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If you have more questions, please contact:
Daniel Backenrot h
dbackenr@it s.jnj.com

Thank you
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