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Content of the presentation 



Objectives:​

• To extrapolate the long-term Vaccine Efficacy (VE) against Event of Interest (EoI)

Specificity of study design of the hypothetical case study 

• Large Phase III, randomized, placebo controlled study with vaccination and long term follow-up

• Enrollment was randomised based on prognostic factors X1 (continuous), X2 and X3 (categorical) 

• Provided the efficacy is established, placebo arm participants were vaccinated and stopped from follow-up

• Data available from Placebo is for maximum of 2.5 years and from the vaccinated group for maximum of 6.25 years

Objective of the exploration and overview of the hypothetical case study
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Extrapolation using parametric survival models
Why parametric survival models? Because they are needed for extrapolation!

This figure shows 

• Kaplan-Meier curve by treatment group  and extrapolation using parametric survival model (Flexible Weibull)

Point estimate of Kaplan Meier and 

extrapolation is close
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Kaplan Meier – Placebo 

Extrapolation – Placebo 

Kaplan Meier – Treatment

Extrapolation – Treatment

Extrapolation is very close to Kaplan Meier
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Potential outcomes 𝑇𝑖
𝑎 represent the time from origin to event for participant 𝑖 that would have occurred under 

exposure 𝑎.

Estimands

Hazard ratio (HR) -  Vaccine effect at time t 

𝐻𝑅 𝑡 =
𝑙𝑖𝑚ℎ→0(𝑡 ≤ 𝑇1 < 𝑡 + ℎ|𝑇1 > 𝑡)

𝑙𝑖𝑚ℎ→0(𝑡 ≤ 𝑇0 < 𝑡 + ℎ|𝑇0 > 𝑡)
=
𝜆1 𝑡

𝜆0 𝑡

WARNING: problematic causal interpretation because it suffers from so-called built-in selection bias, over time 

(Hernan, 2010).

Cumulative incidence ratio (CIR) – Cumulative vaccine effect over time 0 up to t

𝐹𝑎 𝑡 = 1 − 𝑆𝑎 𝑡 = 𝑃 𝑇𝑎 < 𝑡 : Risk (cumulative probability) of experiencing the event by time 𝑡 under exposure plan

𝑎, 

𝐶𝐼𝑅 𝑡 =
𝐹1 𝑡

𝐹0 𝑡

 Causal interpretation but less informative for booster decision-making (it is a cumulative effect).

Causal Inference: Potential outcomes and Estimands
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Causal Hazard ratio (CHR) (Martinussen et al., 2020)

Instantaneous risk at time t on treatment versus control for the principal stratum of individuals who would have survived up to 

time t, no matter what treatment.

𝐶𝐻𝑅 𝑡 =
𝑙𝑖𝑚ℎ→0(𝑡 ≤ 𝑇1 < 𝑡 + ℎ|𝑇0 > 𝑡, 𝑇1 > 𝑡)

𝑙𝑖𝑚ℎ→0(𝑡 ≤ 𝑇0 < 𝑡 + ℎ|𝑇0 > 𝑡, 𝑇1 > 𝑡)

WARNING. CHR “is of theoretical interest only, since they rely on assumptions that cannot be empirically evaluated” 

(Martinussen et al., 2020). 

Axelrod et al, (2022) proposed a sensitivity analysis based on frailty models

Potential outcomes and Estimands – Continues 
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Estimators: parametric G-computation 

G-computation is an efficient estimation technique for causal inference adjusting for covariates  (Book - “What if”)

Under the classical assumptions of exchangeability, positivity, and consistency (and non informative censoring), the following 

parametric G-computation approach can be used (Hernan, 2010; “What if” book pag. 230) in following steps:- 

1. Fit a flexible parametric survival model to predict the conditional survival function given exposure, baseline covariates, and 

time of follow-up.

2. Predict the survival at time t for each subject both under exposure and under no exposure, regardless of the subject's 

exposure status. 

3. Separately average the conditional survivals under exposure and under no exposure, over all subjects (standardized 

survival)

𝑆 𝑡 𝐴 = 𝑎 = 𝐸 𝑆 𝑡 𝐴 = 𝑎, 𝑋 =
1

𝑁
෍

𝑖=1

𝑁

𝑆(𝑡|𝐴 = 𝑎, 𝑋 = 𝑥𝑖)

It can be shown (Rutherford et al. (2020), Appendix I) that the marginal hazard of the standardized survival can be calculated 

as

ℎ 𝑡|𝐴 = 𝑎 =
σ𝑖=1
𝑁 𝑆 𝑡 𝐴 = 𝑎, 𝑋 = 𝑥𝑖 ℎ(𝑡|𝐴 = 𝑎, 𝑋 = 𝑥𝑖)

σ𝑖=1
𝑁 𝑆 𝑡 𝐴 = 𝑎, 𝑋 = 𝑥𝑖

These estimators can be computed using the R package flexsurv.
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Competing risks background

• In failure-time settings, a competing event is any event that makes it impossible for the event 

of interest to occur.

* in the cause-specific hazard, individuals are no longer in the risk set after an event of any type

   in the subdistribution hazard, individuals leave the risk set only after the event of interest occurs
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Estimators: parametric G-computation 
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Young et al, 2020

Under the classical assumptions of exchangeability, positivity, and consistency (and non informative censoring), the 

following parametric G-computation approach can be used by applying the following steps:

1. Fit a flexible parametric model (e.g. pooled logistic) that can be used to predict the conditional survival function given 

exposure, baseline covariates, and time to follow-up.

2. Predict the sub-distribution function at time t for each subject both under exposure and under no exposure, regardless 

of the subject's true exposure status.

3. Separately average the conditional sub-distribution functions under the exposure and under no exposure, over all 

subjects (standardized sub-distribution function)

It can be shown that the standardized sub-distribution hazard can be calculated as
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 Parametric model (flexible Weibull distribution selected based on minimum BIC)  

DRAFT

Result - Extrapolation results from different methodologies

Hazard Rate Ratio method Cumulative Incidence Rate Ratio method

VE at time t for people who were vaccinated at time 

0 and are still free of EOI at time t-1 - 45% 10 years 

following vaccination

What is the overall VE over the duration of time 0 to time t  - 68% 10 years 

following vaccination
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Sensitivity analysis - Causal HR

• CHR is not identifiable, therefore, sensitivity analysis is needed. 

• Sensitivity analysis (R. Axelrod and D.Nevo, 2022*) has been performed using Phase III hypothetical data (no extension 

study)

• Estimator of causal effect has been obtained as a function of unidentified dependence between event times in two 

treatment groups (frailty model – gamma) with different values of Kendall Tau 

* A sensitivity analysis approach for the causal hazard ratio in randomized and observational studies

Analysis shows that with different values of Kendall Tau, the VE at each year doesn’t change much

suggesting minimal selection bias using the standard approach  (which is conservative).
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Estimated CIR and HR based Vaccine Efficacy considering competing risk 

Slight increase in VE considering competing risk (Sub-distribution hazard ratio (HR) and Sub-distribution 

incidence ratio (CIR))

 Parametric model (flexible pooled Logistic)  
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• In context of vaccine efficacy persistence study, we considered flexible parametric 

G-computation to estimate and extrapolate the VE

• Advantages of the proposed approach compared to the classical one 

- Estimated marginal effects (interpretability) adjusting for covariates (efficiency)

- Data-driven shape of VE waning (flexible parametric model selection using BIC)

• Furthermore, we considered

- Sensitivity analysis with respect to causal HR  (R. Axelrod and D.Nevo, 2022)

- Parametric G-computation competing risk analysis (Young et al, 2020)

• Robust extrapolation depends on maturity of follow-up 

Conclusions

Proposed causal inference framework will play a key role on discussions with authorities about 

VE persistence and cost effectiveness analysis
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