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Prognostic adjustment can improve trial efficiency

Adjusting for baseline prognostic information can help to explain some of the variability in
clinical trial outcomes

Namely to improve precision in estimating the treatment effect
Prognostic scores combine multiple baseline features into one ‘composite’ derived score

These prognostic scores are derived from historical data and act as a bridge to then
include into prospective/contemporary trial analysis.
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#Regulqtory positions — FDA & EMA

Relevant commentary from the requlators on covariate adjustment and its value
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Qualification opinion for Prognostic Covariate Adjustment
(PROCOVA™)

Draft agreed by Scientific Advice Working Party (SAWP) 10 February 2022

Adopted by CHMP for release for consultation 24 February 2022*

[ III. RECOMMENDATIONS FOR COVARIATE ADJUSTMENT IN CLINICAL \
TRIALS

“Covariate adjustment leads to efficiency gains when the covariates are prognostic for the outcome
of interest in the trial. Therefore, FDA recommends that sponsors adjust for covariates that are
anticipated to be most strongly associated with the outcome of interest. In some circumstances these
covariates may be known from the scientific literature. In other cases, it may be useful to use previous

Qtudies (e.g.. a Phase 2 trial) to select prognostic covariates or form prognostic indices.” J

K‘At an even more personalized level, AI/ML can also be used in the context of digital twins of\
patients, an emerging method that could potentially be used in clinical research. To create digital
twins of patients, AI/ML can be utilized to build in silico representations or replicas of an individual
that can dynamically reflect molecular and physiological status over time (European Medicines
Agency, 2022; Laubenbacher, Sluka, & Glazier, 2021; Schuler et al., 2021). [...] the digital twin could
potentially provide a comprehensive, longitudinal, and computationally generated clinical record

\that describes what may have happened to that specific participant if they had received a placebo.”)

(. )

‘CHMP qualifies PROCOVA as prognostic score adjustment and the proposed procedures, as
described in a handbook for trial statisticians, could enable increases in power or precision of
treatment effect estimates in controlled randomised clinical trials with continuous outcomes. ...
Approaches with non-linear models for analysis and direct comparisons to such models, as well as

\models with treatment-by-covariate interactions are out of scope of this qualification procedure.”
GSK




} Why prognostic adjustment is not straightforward for TTE

* For continuous outcomes, adjustment usually improves precision, not the estimand.

* For hazard ratios, adjusted Cox models estimate a conditional HR.

* The trial-level target is often a marginal effect.

* Therefore, apparent power gains from Cox adjustment are a consequence due to non-
collapsibility.
» Precision may decrease (i.e. SEs get larger)
* Estimand shift away from the null due to non-collapsibility

* With HRs, adjustment can change both precision and interpretation. For the conditional
cox, the estimate move further away from the null at a faster rate than the SE increase
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Monte Carlo g-computation - sample pseudo-populations from the fitted Cox baseline hazard

For each patient, use the fitted model to estimate survival under each treatment:
A; € {0,1}
h(t|A;, X;, PS;) = ho(t) exp{BsA; + BxX; + BpsPS;}

Predict survival for each patient twice for each arm

ga=othen 1y = §(¢|4, = 0& 1, X;, PS))

n n
A 1 A A 1 A
§0=0() == $O0 1) & U@ == 5P @)

As(t) = S§U=D () — §(4=0)(p)
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RMST is the expected event-free survival time up to a fixed time horizon

RMST(7) = difference in area under the survival curves from time O to 7, i.e.
T T

ARMST (1) = J§A=1 (t) dt —J§A=O(t) dt
0 0
e.q.
RMST treatment =10 2 months
RMST control = @ months

RMST difference = 1%2 months of additional event-free time to tau

RMST is marginal and collapsible
It gives an absolute event-free time contrast
It avoids the HR non-collapsibility issue
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} Simulation study overview

Generate

patients
(N=200)
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} DGM and prognostic score construction
Observed and latent prognosis

Each patient has a total prognostic index: (NO treatment x covariate
Ni =Nobs, T Mati «— interactions are simulated
Observed component: dprognostic effects only) )
Nobs,i = X' Bx

Latent component:
2
Mt ~ N(0 ojgt)

Prognostic score
PSi = nlCIt,i + Eiy E ~ N(O’ O'Igs)

A lower g5s means stronger/better recovery of latent prognosis

-~
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Scenario definitions and analysis comparison

treatment-only, +x, +PS, +x+PS

Strength noisegp Interpretation

nil 5.0 Random noise

weak 2.0 Faint prognostic signal
moderate 0.5 A useful but imperfect score
strong 01 A near-perfect recovery of

latent’ risk (i.e. the oracle)

Scenarios

Family / Models

Standard:
30% NI censoring,
HR=0.75, RMST = 2.3

Small effect:
30% NI censoring,
HR=0.85, RMST = 1.3)

Heavy censoring:
(50% NI censoring,

HR=0.75, RMST = 2.3)

Cox HR g-comp

RMST Kaplan-Meier

RMST g-comp
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Results
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} The power-bias-estimand trade-off for a HR

HR power gain vs shift in estimand
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} Bias

Bias (each method vs own estimand)
Red = underestimates effect; blue = overestimates | Separate scales for HR and BMST

G-comp HR bias (log-HR scale) Bas R
base small_effect heavy_censoring 0.010
G--::-:urg HR (trt only) | &
comp HR r:{g‘ =
G-comp HR (ps) B 0,005
G-comp HR [(x+ps) = :
G-::-:urg HR rtrt-::unh.-':u |
comp HR, (%) =
CoompHA rpcs.‘} E 0.000
G-comp HRE [x+ps) |
0,005
|
KM BMST (trt only) | Bias
KM BMST (x) = [ARMST)
KM RMST (ps) 3
KM BMST (x+ps) = |
G-comp RMST (trt anly) B 0.05
G-comp BMST (x) =
G-comp RMST (ps) o
G-comp BMST [(x+ps) | 0.00
KM RMST itrt only) '
KM BMST (x) 0,05
KM BMST (ps)
KM BMST [x+ps) E
G-comp BMST (trt anly) =
{_E-::-:umpFi MST (%) 010
G-comp BMST (ps)
G-comp BMST (x+ps) 0.15

nil weak maoderate strong nil weak maoderate strong il weak moderates strong

PS strength



} Bias

Bias (each method vs own estimand)
Red = underestimates effect; blue = overestimates | Separate scales for HR and BMST

G-comp HR bias (log-HR scale) Bas R
base small_effect heavy_censoring 0.010
G-mr@ HE (trt only) 1 0.005 0.005 0.005 0.005 0.006 0.006 0.006 0.006 0.001 0.001 0.001 0.001 T
-comp HR (x) 1 0.003 0.003 0.003 0.003 0.003 0.003 0.003 0.003 -0.001 -0.001 -0.001 -0.001 =
G-comp HRE (ps) 1 0.005 0.006 D T 0.007 0.007 B X 1) 0.002 0.002 0.005 0.006 B 0,005
G-comp HR (X+ps) 1 0.003 0.003 0.001 0.001 0.003 0.003 0.001 0.001 -0.001 -0.002 -0.003 -0.003 = :
G-mrg HR (trtonly)q1  -0.003 -0.003 -0.003 -0.003 -0.003 -0.003 -0.003 -0.003 -0.005 -0.005 -0.005 -0.005
-comp HR (1 © -0.005 -0, -0.005 -0.005 -0.005 -0, -0.005 -0.005 0008 ¢ 0008 @ -0008 0 -0O00B =
G-comp HR (psj4  -0.002 -0.002 -0.004 -0.003 -0.002 -0.002 -0.004 -0.003 -0.004 -0.004 -0.006 -0.004 B 0.000
G-comp HR (x+ps) 4 -0.004 -0.004 -0.005 -0.005 -0.004 -0, -0.005 -0.005 o0y 0007 0008 -D.006
- —— B — B — - - L B — - T 7T
nil weak moderate strong nil weak moderate strong nil weak maoderate strong
PS strength -0.005
) |
BRMST bias (ARMST scale)
base small_effect heavy_censoring
KM BMST (trt only)q = -0.051 -0.051 -0.051 -0.051 -0.056 -0.056 -0.056 -0.056 -0.08 -0.08 -0.08 -0.08 Bias
EM BMST (x4 -0.024 -0.024 -0.024 -0.024 -0.03 -0.03 -0.03 -0.03 SO NS0 S0 Egee | = [ARMST)
KM BMST (psiq  -D.058 -0.057 -0.058 -0.059 -0.06 -0.058 -0.058 -0.059 -0.081 008 0101 -0.082 4
KM BMST (x+ps)q  -0.029 -0.028 -0.025 -0.025 -0.034 -0.03 -0.026 -0.027 (R 1 S =S 1 5 I A 1 = I
G-comp BRMST (trt only) 4 SDRTERNN DEDNENN DR =D aas -0.081 -0.081 -0.081 -0.081 0.028 0.028 0.028 0.028 B 0.05
G-comp BMST (x)q  -0.048 -0.048 -0.048 -0.048 -0.032 -0.032 -0.032 -0.032 -0.005 -0.005 -0.005 -0.005 =
G-comp BMST (ps) 1 IEIRHGERN D=0 S0 D i nass -0.081 -0.08 -0.085 -0.087 0.021 0.012 -0.031 -0.045 o
G-comp BMST (x+ps)1__ -0046 -0.039 -0.023 -0.023 -0.032 -0.028 -0.02 -0.024 -0.008 -0.009 -0.024 -0.037 0.00
KM BMST (trt only) 5 0.054 0.054 0.054 0.054 | 0.054 0.054 0.054 0.054 | -0.011 -0.011 -0.011 -0.011 |
KM BMST (x) 1 0.08 0.08 0.08 0.08 0.08 0.08 0.08 0.08 0.06 0.06 0.06 0.06 .05
KM BMST (ps) - 0.052 0.048 0.037 0.034 0.052 0.048 0.037 0.034 -0.047 -0.0559 -0.047 -0.03
KM BMST [x+ps) 0.08 0.078 0.063 0.057 0.08 0.078 0.063 0.057 0.028 0.021 0.042 0.059 =
G--:-:Jrg RMST (trt only) 1 0.041 0.041 0.041 0.041 0.041 0.041 0.041 0.041 0.057 0.057 0.057 0.057 B 010
-comp RMST (x) 4 0.046 0.045 0.046 0.046 0.046 0.045 0.045 0.046 0.064 0.064 0.064 0.064 '
G-comp BMST (ps) 1 0.036 0.034 0.038 0.035 0.036 0.034 0.038 0.035 0.051 0.049 0.052 0.042
G-ocomp BMST (x+ps) 1 0.041 0.037 0.042 0.037 0.041 0.037 0.042 0.037 0.057 0.054 0.051 0.039 015
nil weak maoderate strong nil weak maoderate strong il weak moderates strong

PS strength



Relative efficiency gain vs baseline

Relative efficiency gain vs unadjusted baseline
Var(baseling) / Var(method); =1 means genuine precision gain

base small_effect heavy_censoring
G-comp HR (trt onby} 1 1 1 1 1 1 1 1 1 1 1 1 1
G-comp HRE (x) - 1.37 1.37 1.37 1.37 1.39 1.39 1.39 1.39 1.26 1.26 1.26 1.26
G-comp HR (ps) 4 1.01 1.07 1.28 1.34 1.01 1.08 1.28 1.35 1.01 1.04 1.19 1.26
G-comp HR {x+ps) - 1.37 146  NZ0i EET. 1.38 148  [NZ0700 EEE. 1.24 1.31 169 186
KM BMST (trt onby) = 1 1 1 1 1 1 1 1 1 1 1 1
KM BMST (x) 1 119 1.19 1.18 1.19 1.19 119 1.19 1.18 0.88 0.88 0.88 0.88
EM BMST (ps) 4 1.01 1.04 1.16 1.19 1.01 1.04 1.16 1.18 0.593 092 0.54 095
KM BMST (x+ps) 1 1.2 1.28 1.57 1.67 1.2 1.28 1.58 1.67 0.86 0.89 1.06 1.13
G-comp RMST (trt only) - 1 1 1 1 1 1 1 1 1 1 1 1
G-comp BMST (x) - 1.27 127 1.27 1.27 1.3 1.3 13 13 1.28 1.28 1.28 1.28
G-comp RMST (ps) - 1.0 1.05 1.23 1.29 1.01 1.06 1.26 1.32 1.1 1.06 1.25 1.33
G-comp RMST (x+ps) - 1.26 134 [ 18  Dzzam 1.3 138 [ 186 ZEEe 1.27 134 | 184 DEEsm
G-comp HRE (trt only) 1 1 1 1 1 1 1 1 1 1 1 1
G-comp HRE () 1 1.33 1.33 133 1.33 1.33 1.33 1.33 133 1.26 1.26 1.26 1.26
G-comp HR (ps) - 1 1.05 1.29 1.41 1 1.05 1.29 1.41 1 1.04 1.27 1.38
G-comp HR {x+ps) 1 1.36 147 214 IEsEm 1.36 147 NZRE0N EsEm 1.26 1.3 185 EnEmm
KM BMST (trt only) - 1 1 1 1 1 1 1 1 1 1 1 1
KM BMST (x) 4 117 1.7 1.7 117 117 117 117 1.7 0.9 0.1 0.91 031
KM BMST (ps) - 1 1.02 1.7 1.24 1 1.02 117 1.24 0.98 0.95 0.96 0.96
KM BMST (x+ps) 4 1.18 1.23 1.48 1.62 1.18 1.23 1.48 1.62 0.92 0.96 1.15 1.22
G-comp RMST {trt only) - 1 1 1 1 1 1 1 1 1 1 1 1
G-comp BMST () - 1.31 1.3 1.31 1.31 1.31 1.31 1.3 1.31 1.37 1.37 1.37 1.37
G-comp RMST (ps) 1 1 1.05 1.29 1.4 1 1.05 1.28 1.4 1 1.05 1.35 15
G-comp RMST (x+ps) 1 1.34 145  NZHSN S 1.34 145  [NZHSNN S, 1.38 149  [NZHSTN SN
nil weak moderate strong nil weak moderate strong nil weak moderate strong
PS strength

Rel. efficiency _
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Rejection rates (power & type 1 error)

Rejection rates: power & type | error

G-comp HR (trt onby} 1
G-comp HRE (x) -
G-comp HRE [ps) -
G-comp HRE (x+ps) -
KM BMST (trt only) -
KM BMST (x) -

KM BMST (ps) -

KM BMST (x+ps) 1
G-comp BMST (trt only)
G-comp BMST (x) -
G-comp BMST (ps) -

G-comp BMST (x+ps)

G-comp HE (trt onby) 1
G-comp HE (x) 4
G-comp HRE (ps) -
G-comp HR [x+ps) 7
KM BMST (trt only) <
KM BMST () <

KM BMST (ps) 1

KM BMST [x+ps) 4
G-comp BMST (trt only)
G-comp BMST () -
G-comp BMST (ps) -
G-comp BMST (x+ps) -

Alternative = power; Null = type l error | &= 0.05

Hejection rate

0% 20% 40% 60%

base small_effect heavy_censoring
- 352%  352% 0 3/B2% 352N 15.9% 15.9% 15.9% 15.9% 28.1% 28.1% 28.1% 28.1%
C4B.4% 461% 4B1% 46.1% 19.4% 19.4% 19.4% 19.4% - 854%  354%  354%  364%
o 345%  359% 0 429% | 46.4% 16.4% 16.0% 19.8% 18.9% 28.6% 29.0%  321%  346%
© 458%  488%  EATEY DI 20.0% 21.3% 26.8% 30.9% - 852%  377% ATEL NSEET
~ 358%  358%  358% 0 358N 15.4% 15.4% 15.4% 15.4% 24 8% :
448%  448%  448%  448% 19.4% 19.4% 19.4% 19.4% 30.2%
©369% 3Ba% 419% 0 442% 15.9% 16.3% 18.5% 19.0% 22 8%
- 454%  464% | 564%  [159.5% 0 19.3% 19.7% 22 5% 24.3% mm
~ 366% @ 3I66%  366%  366% 17.7% 17.7% 17.7% 17.7% 29 5%, 29 5% 29 5%,
 489%  4B9%  4B9%  489% 21.6% 21.6% 21.6% 21.6% ____
~ 36.5% 0 388% | 465% | 4BA% 16.8% 16.5% 18.9% 20.2% 309%  351%  365%
- 479%  509% GRS DR 22.0% 23.4%; 29.3%  33.2% _ _ 416% [ 525% |[UB57%
4.9% 4.9% 4.9% 4.9% 4.9% 4.9% 4.9% 4.9% 5.0% 5.0% 5.0% 5.0%
6.1% 6.1% 6.1% 6.1% 6.1% 6.1% 6.1% 6.1% 4.9% 4.9% 4.9% 4.9%
2.0% 0.4% 4.9% 4.8% 5.0%% S.4% 4.9% 4.8% 5.1% 5.2% 4.9% 3.9%
5.8% 6.9% 5.1% 5.4% 5.8% 6.3% 5.1% S.4% 5.3% 5.9% 5.8% 6.0%%
4.9% 4.9% 4.9% 4.9% 4.9% 4.9% 4.9% 4.9% 5.9% 5.9% 5.9% 5.9%
5.8% 5.8% 5.8% 5.8% 5.8% 5.8% 5.8% 5.8% 12.0% 12.0% 12.0% 12.0%
5.2% 5.2% 4.9% 4.8% 5.2% 5.2% 4.9% 4.8% 3.3% 4.0 4.0% 4.3%
6.5% 6.2% 6.0% 5.8% 6.5% 6.2% 6.0% 5.8% 11.6% 12.4% 12.0% 12.9%
5.6% 5.6% 5.6% 5.6% 5.6% 5.6% 5.6% 5.6% 5.7% 5.7% 5.7% 5.7%
5.9% 5.9% 5.9% 5.9% 5.9% 5.9% 5.9% 5.9% 6.3% 6.3% 6.3% 6.3%
5.6% 6.0% 5.5% 5.3% 5.6% 6.0% 5.5% 5.3% 5.5% 6.2% 5.3% 5.1%
6.1% 5.8% 5.1% 5.4% 6.1% 5.8% 5.1% 5.4% 6.0% 6.5% 6.5% 5.3%
nil weak moderate strong nil weak moderate strong nil weak moderate strong
PS strength
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} Headline results summary

G-comp HR gives good precision gains with a stable estimand

* Relative efficiency 2.0% (base) to 1.7x (heavy censoring) with moderate PS

* Power increase from 35% to 65% (base), 16% to 27% (small effect), 28% to 47% (heavy censoring) with mod. PS

* Bias £ 0.003 (log-HR) across all settings; type | error 5-6%, generally controlled (coverage ~95%, not seen)
* All gains come from variance reduction

e
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} Headline results summary
G-comp HR gives good precision gains with a stable estimand

e

* Relative efficiency 2.0% (base) to 1.7x (heavy censoring) with moderate PS

* Power increase from 35% to 65% (base), 16% to 27% (small effect), 28% to 47% (heavy censoring) with mod. PS
* Bias £ 0.003 (log-HR) across all settings; type | error 5-6%, generally controlled (coverage ~95%, not seen)

* All gains come from variance reduction

2. G-comp RMST is a good complementary estimand

* Relative efficiency 1.9% (base) to 1.8% (heavy censoring) with moderate PS

*  Power from 37% to 67% (base); 18 to 29% (small effect), 30% to 53% (heavy censoring) with moderate PS

*  Bias £ 0.024 with x+PS (~1% of true ARMST); coverage 94—95%; type | error 51-6.5%

*  Need to include prog. covs. in outcome model: g-comp RMST trt only show attenuated bias (0.12) due to
unmodelled heterogeneity
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Relative efficiency 2.0x (base) to 1.7% (heavy censoring) with moderate PS
Power increase from 35% to 65% (base), 16% to 27% (small effect), 28% to 47% (heavy censoring) with mod. PS
Bias < 0.003 (log-HR) across all settings; type | error 5-6%, generally controlled (coverage ~95%, not seen)
All gains come from variance reduction
G-comp RMST is a good complementary estimand
Relative efficiency 1.9% (base) to 1.8% (heavy censoring) with moderate PS
Power from 37% to 67% (base); 18 to 29% (small effect), 30% to 53% (heavy censoring) with moderate PS
Bias < 0.024 with x+PS (~1% of true ARMST); coverage 94—95%; type | error 51-6.5%

Need to include prog. covs. in outcome model: g-comp RMST trt only show attenuated bias (0.12) due to
unmodelled heterogeneity

KM-adjusted RMST caution needed under heavy censoring

Type | error inflated to 12—13% for x and x+PS under heavy censoring, due to unstable IPCW weights and
underestimating SE.

G-comp doesn’t have this issue as it handles censoring through Cox likelihood, not reweighting



G-comp HR gives good precision gains with a stable estimand
Relative efficiency 2.0x (base) to 1.7% (heavy censoring) with moderate PS
Power increase from 35% to 65% (base), 16% to 27% (small effect), 28% to 47% (heavy censoring) with mod. PS
Bias < 0.003 (log-HR) across all settings; type | error 5-6%, generally controlled (coverage ~95%, not seen)
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G-comp RMST is a good complementary estimand
Relative efficiency 1.9% (base) to 1.8% (heavy censoring) with moderate PS
Power from 37% to 67% (base); 18 to 29% (small effect), 30% to 53% (heavy censoring) with moderate PS
Bias < 0.024 with x+PS (~1% of true ARMST); coverage 94—95%:; type | error 51-6.5%

Need to include prog. covs. in outcome model: g-comp RMST trt only show attenuated bias (0.12) due to
unmodelled heterogeneity

KM-adjusted RMST caution needed under heavy censoring

Type | error inflated to 12—13% for x and x+PS under heavy censoring, due to unstable IPCW weights and
underestimating SE.

G-comp doesn't have this issue as it handles censoring through Cox likelihood, not reweighting

Future work: assess PS miscalibration, non-PH (for conditional), subgroup/predictive biomarker
settings, and faster IF / delta-method SEs
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