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SUMMARY

With the ongoing development of treatments and the resulting increase in survival in oncology, clinical trials
based on endpoints such as overall survival may require long follow-up periods to observe sufficient events
and ensure adequate statistical power. This increase in follow-up time may compromise the feasibility of
the study. The use of surrogate endpoints instead of final endpoints may be attractive for these studies.
However, before a surrogate can be used in a clinical trial, it must be statistically validated. In this article,
we propose an approach to validate surrogates when both the surrogate and final endpoints are censored
event times. This approach is developed for meta-analytic data and uses a mediation analysis to decompose
the total effect of the treatment on the final endpoint as a direct effect and an indirect effect through the
surrogate. The meta-analytic nature of the data is accounted for in a joint model with random effects at the
trial level. The proportion of the indirect effect over the total effect of the treatment on the final endpoint
can be computed from the parameters of the model and used as a measure of surrogacy. We applied this
method to investigate time-to-relapse as a surrogate endpoint for overall survival in resectable gastric
cancer.
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1. INTRODUCTION

Given the continued development of new and more effective therapies in oncology, the use of standard
endpoints in clinical trials may affect the feasibility of these trials. For example, a significant increase in
overall survival requires long-term follow-up of patients to ensure adequate statistical power and increases
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2 Q. LE COENT AND OTHERS

the duration and cost of the trial. The use of surrogate endpoints is therefore an important approach and a
possible way to enable such otherwise unfeasible studies.

These surrogates or intermediate endpoints are faster to measure, potentially more frequent, and less
costly to obtain. They would shorten the duration of the trial and allow new treatments to be available
to patients more quickly. However, to maintain the validity of the clinical trial with respect to the final
endpoint, statistical conclusions about the efficacy of the treatment on the surrogate endpoint should be
extendable to the final endpoint. Consequently, putative surrogate endpoints should be statistically val-
idated as good surrogates for the final endpoint before being used in an upcoming trial. For example,
time-to-progression, defined as the duration between randomization and disease progression, is a com-
monly used endpoint in phase II/III oncology clinical trials. However, this endpoint has been shown to be a
poor surrogate for overall survival in some cases (Burzykowski and others, 2008), while it has been shown
to be promising in others (Lee and others, 2016). Therefore, it is of interest to use surrogate endpoints
that have been properly validated as such.

Several approaches have been proposed to investigate the quality of an endpoint as a surrogate. First,
Prentice (1989) defined a surrogate as a variable for which the effect of the treatment on the final endpoint
is null when conditioned upon. Freedman and others (1992) proposed a measure of the proportion of
treatment explained by the surrogate. Frangakis and Rubin (2002) used the causal inference framework
to study a potential surrogate using principal stratification. An approach using meta-analytic data was
proposed by Daniels and Hughes (1997) and Buyse and others (2000). Joffe and Greene (2009) provided
an overview of existing methods and divided them into two categories: methods based on “effects” or on
“associations.”

Currently, methods based on data from meta-analyses are widely used and are the most common
methods for analyzing potential surrogate endpoints (Buyse and others, 2016). The purpose of these
methods is to study the association between a surrogate endpoint and a final endpoint at two different levels.
Firstly, the association between the surrogate endpoint and the final endpoint is statistically quantified at
the individual level. Secondly, the association between the treatment effect on the surrogate endpoint and
the treatment effect on the final endpoint can be determined at the study level using meta-analytic data
from multiple trials. A surrogate endpoint is considered to be of interest if the association is strong at
both levels. The definition of these associations depends on the type of the endpoints, and these meta-
analytic approaches have been developed for different types of surrogates and endpoints. An overview
of the different proposed methods can be found in Buyse and Molenberghs (2005). However, because a
surrogate is always a post-treatment variable, it may be confounded by post-treatment factors. In such
cases, potential associations between surrogates and the final outcomes that are highlighted may not have
a causal interpretation.

Causal inference methods, including mediation analysis, have therefore been proposed for validating
surrogate endpoints (Zigler and Belin, 2012; Conlon and others, 2014; Vandenberghe and others, 2018).
In this article, we focus on mediation analysis whose purpose is to decompose the total effect of the
treatment on a (final) endpoint into a direct effect and an indirect effect through a mediator (here, the
surrogate). The indirect effect of the treatment on the final endpoint through the surrogate can itself be
decomposed into two parts: a direct effect of the treatment on the mediator and a direct effect of the
mediator on the final endpoint. Recently, Zheng and Liu (2021) have proposed an approach to study the
amount of treatment effect on a time-to-event outcome going through a longitudinal biomarker using a
joint modeling approach. Our purpose is to consider the situation in which both the final endpoint and
the surrogate are censored time-to-event and to extend the mediation analysis approach to account for
meta-analytic data. A meta-analytic setting introduces heterogeneity into the data and strengthens the
validation process of a surrogate compared with validation based on data from a single study.

This article is organized as follows. In Section 2, we introduce the causal and mediation analysis
framework used to define our measure of surrogacy. We also define a joint model for time-to-event that
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accounts for the meta-analytic nature of the data through trial-level random effects. In Section 3, we
present a simulation study to investigate the finite sample-size performances of this method regarding the
estimation of the parameters of the model as well as the measure of surrogacy. In Section 4, we apply this
method to a meta-analysis of adjuvant chemotherapy for resectable gastric cancer to investigate time-to-
relapse as a surrogate for overall survival. Finally, in Section 5, we conclude and provide some comments
and further developments on the proposed methodology.

2. MEDIATION ANALYSIS AND JOINT SURVIVAL MODEL

2.1. Counterfactual framework for mediation analysis

2

To give a causal interpretation of the “direct,” “indirect,” and “total” effects, we rely on the counterfactual
results framework (Rubin, 1974; Holland, 1986). Based on this causal framework, Robins and Greenland
(1992) gave conditions under which the identification of a direct and indirect effect of treatment by a post-
treatment variable is possible, thus linking mediation analysis to the framework of causal inference. Much
of the development of mediation analysis in the context of causal inference relies on the framework of
potential outcomes, most commonly using the notion of nested counterfactual outcomes. Counterfactual
mediation analysis for time-to-event outcomes was explored in Lin and others (2017) and in Tchetgen
Tchetgen (2011).

Defining an indirect treatment effect in a setting where the intermediate outcome is a time-to-event
that can be censored by the final event is challenging (Huang, 2020; Didelez, 2019). In this setting
of semicompeting risks, Huang (2020) used counterfactual outcomes in a counting process to derive a
nonparametric estimator of the indirect effect. In this article, we chose to use a flexible parametric model
to estimate the direct and indirect effect of treatment on the final endpoint.

In the context of a meta-analysis, let ij denote the jth patient from the ith trial. Let Z; be a binary variable
indicating whether the patient is in the experimental or control arm, .X;; a vector of baseline covariates, S;
the uncensored surrogate (the mediator), and T}; the uncensored final outcome. We assume an independent
censoring C;;. The observed censored outcomes are S;‘. = min(Sy, Cy, Tj;) and Tu* = min(7}, C;) with
their associated censoring indicators dj = Is;<rx and 8; = Ir;<c;-

We define the counterfactual outcome S;;(z) as the counterfactual surrogate that would have been
observed if a patient had been treated with treatment Z; = z. Furthermore, we define the counterfactual
outcome 7T};(z,s) as the final endpoint that would have been observed if treatment had been set to z and
the surrogate had occurred at time s. We assume that for all ¢ < s, the probability P (T,-j(z,s) > t) is
independent of s, i.e., the occurrence of the surrogate at time s does not affect the distribution of Tj;(z, s)
before s. The nested counterfactual outcome 7j;(z, S;;(z')) is defined as the final endpoint that would have
been observed if the treatment for the final endpoint had been set to z but the surrogate had “behaved” as
if the treatment had been set at z'.

In the setting of semicompeting risks, such nested counterfactuals may be ill-defined, for example, if
survival under z’ is shorter than under z (Didelez, 2019). In this case, T;;(z, S;;(z')) might not be properly
defined if the support of S;(z') is constrained by T};(z’, S;;(2)).

We assume that:

1. §;;(z") can be censored by Tj;(z, S;(z"))
2. If S;(2') is censored by T};(z, S;;(z)) it cannot have an effect on the occurrence of 7;(z, S;;(z'))
3. Thus S;(z’) can only have an effect on Tj;(z, S;(z')) if it occurs first.

In the following, we will mainly focus on the hazard functions of S;;(z') and Tj;(z, S;(2)).
Under the assumptions defined below, the observed outcome 7}; of a patient receiving treatment Z; = z
is equal to the counterfactual outcome Tj(z,S;;(z)). From these counterfactual outcomes, we can derive
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a definition of the natural direct and indirect effects of treatment on 7. To identify the distributions of
these counterfactual outcomes from the observed outcomes S;; and 7};, we must rely on a set of hypotheses
(Imai and others, 2010).

In this counterfactual framework, we rely on the SUTVA (stable unit treatment value assumption). The
SUTVA first assumes that each patient has only one outcome under each version of the treatment. This is
plausible in settings where each version of the treatment is uniquely defined. The SUTVA also assumes
that one’s treatment assignment does not affect the outcome of another. This is also plausible in the setting
of randomized trials except for some particular cases like in infectious diseases. In addition to the SUTVA,
we must also rely on assumptions that are required in the context of mediation analysis.

First, we make the consistency assumption:

(A1) If apatient receives treatment Z; = z, then S; = S;(z) and T; = T;(z, S;;(2)).

This assumption states that a subject’s observed outcomes S; and 7}; are the counterfactual outcomes
associated with the treatment that the subject received.

We also make two positivity assumptions: let fs; (-) be the density of Sy, then we assume that,
(A2) Vz e {0,1},P(Z; =z | X)) >0

(A3) Vz,x,ﬁgg/(s | Zj =2,X;=x)>0,Vs > 0

Assumption (A2) states that there is no level of X that fully determines whether a patient is going to be
treated or not. This assumption holds if Z is randomized. Assumption (A3) states that there is no level
of (Z;,X;) for which a time of occurrence of S; would be impossible to observe: the support of the
distribution of S; | Z;, X;; remains the same for all values of (Z;, X}).

Finally, the third assumption is the sequential ignorability assumption, which is also composed of two

assumptions:

(A4) (Ty(2,5),85(2)) L Z; | X;,Vz,2,s
(A5) Tij(2/>5) A1 Szj;'(Z) | (Zgi = Z,)(z"/), Vz,Z,s.

Assumption A4 states that for patients in the same stratum of Xj;, the potential outcomes (7},~ (Z,5),Sy (z))
are the same (in distribution) whether these patients are treated or not. This assumption usually holds
when the treatment assignment is random. Assumption (A5) states that the potential outcomes 7j;(z’, s)
are independent of S;;(z) for patients sharing the same baseline characteristics and receiving the same
treatment Z;; = z. This assumption holds under the assumption that there are no unmeasured confounders
along the path from S;; to T};, which is often a strong assumption even for randomized trials. However, as
will be discussed in more details in the next section, the proposed approach relies on a parametric model
that requires a less stringent assumption.

In the setting of mediation analysis, one must also rely on the so-called “cross-world” assumption
(Andrews and Didelez, 2020) which in our case would be translated as follows:

(A6) T;(z',s) L S;(2),Vs,z # 2.

This is a strong assumption but we will see below that it can hold given the proposed statistical model.
We now define, for two treatment levels z and z’ and for ¢+ > 0, the counterfactual survival function

S...(t) associated with the counterfactual outcome 7 (2, Sj(2)): S (t) = P (T;(z, S;(z)) > t). From this

function, the natural indirect effect (NIE) of Z; on T}; through S;; can be defined as NIE(¢) = S;; () —S;o(?).
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Fig. 1. (a) Joint model by Sofeu and others (2019): given the random effects (§), S and T are independent, and thus
there is conditionally no direct effect of Z through S. (b) A generalization of (a) where S and 7 are not conditionally
independent upon & but a direct link from S to 7’ remains through the function y (S) as in (2.2).

The quantity NIE(?) is the difference between the survival of a subject with treatment Z; set to Z; = 1 for

both 7}; and Sj; and the survival of a subject with treatment set to Z; = 1 for T}; but set to Z; = 0 for §j;.
In the same way, the natural direct effect (NDE) is defined as NDE(¢) = So(¢) — So(¢) and the total

effect (TE) as TE(¢) = Sy (¢) — Sgo(¢). The proportion of treatment effect (PTE) is then defined as:

Su(®) = Sw@® _ NIE®)
S —Sw@®  TE®

PTE(f) = @2.1)

The quantity PTE(#) represents the proportion of the treatment effect on T; that is due to the effect of
the treatment on S;. A high value for PTE(¢) means that a large fraction of the treatment effect on T is
due to its effect on S;, making S;; an interesting surrogate.

In the following section, we present a joint model for two time-to-event endpoints that also accounts
for meta-analytic data, and we show how the functions S, (¢) (and hence PTE(¢)) can be computed from
this model.
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2.2. Frailty model for two time-to-event endpoints

As in the previous section, 7; and Sj; are the uncensored final and surrogate endpoint, respectively, and X;;
is a vector of baseline covariates. The joint distribution of (7}, S;) must be carefully described because
the occurrence of 7j; may preclude the occurrence (or observation) of S;;. Moreover, these endpoints are
not independent at the individual level: subjects who are susceptible to shorter surrogate times S; may
also be susceptible to shorter survival times 7};. That is, some subjects are “more frail” than others, and a
natural association between (7}, Sj;) at the individual level should be considered. Furthermore, we assume
a meta-analytic setting in which the outcomes of subjects from the same cluster (a clinical center or a
trial) are also associated. Therefore, two types of associations must be considered: at the individual and
trial level. These two associations can be modeled with a joint model that uses shared random effects at
each level. Sofeu and others (2019) have proposed such a model for validating surrogate endpoints using
meta-analytic data. However, their model assumes independence between S;; and Tj; conditionally on the
vector of random effects &; and therefore no direct effect of S;; on T; given &;; is possible (see Figure 1(a)).
For this model, NIE( | §;) = 0 and thus PTE(¢ | ;) = 0. To allow a direct effect of S;; on T}; and to have
a more comprehensive modeling, we decided to use the joint model given by Equation (2.2) below. In
this model, risks of the final and surrogate endpoint are modeled assuming proportional hazards. A direct
effect of S; on T}; is enabled by a modification of the hazard function of 7}; once the surrogate endpoint
S;; occurs. This modification is accounted for by a function y (S;;) that depends on Sj;, see Figure 1(b). For
an individual j from trial , this model is defined as follows:

Ay (1) = hos(1) exp <a)l] +u; +z(vs; + Bzs) + ﬂsTXz/) 22)
A1y (1) = Aor (1) exp (waj +au; +z(vr; + Bzr) + B1Xy + vy () (s < 1) )

Here, w; is an individual-level frailty, u; a trial-level frailty representing the potential heterogeneity
between patients across trials and (vs;, vr;) trial-level frailties allowing for a potential heterogeneity
between treatment effects across trials. These frailties are assumed to be jointly Gaussian,

w; 0 2 0 0 0
Uj 10 _lo > 0 0
s, N (u,X) where pu= 0 and ¥ = 0 0 Uvzs s |- (2.3)
vr, 0 0 0 oy, ofT

The parameters (¢, «) are power parameters that allow the frailties to affect hazard functions differently.
The model parameters are estimated by maximizing a penalized likelihood,

o " 2 o " 2
Lyn(®) = L(@®) = k7 / (mr®) dr = s f (ms0) dr, (24)
0 0

where ¢ is the vector of all parameters of the model and L(¢) is the likelihood of the data. The parameters
k7 and kg are chosen by cross-validation and penalize the likelihood by the integral of the second derivative
of the baseline hazards to ensure smooth estimates of these functions. Details on likelihood construction
and estimation can be found in Appendix A of the Supplementary material at Biostatistics online.

In model given by Equation (2.2), a direct effect of S;;(z') on Tj;(z,s) is introduced through the term
v (s)I (s < t). The indicator / (s < ¢) ensure that the risk of occurrence of 7};(z, s) only depends of s from
the time of occurrence s.

The strength of an occurrence of S;;(z') on the risk of occurrence of Tj;(z,s) is taken into account
through the function y (s) with y (s) = 0 indicating no effect.
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The parameters 8, s and B, r represents the direct effect of the treatment on S;;(z') and Tj(z, s), respec-
tively. To have an indirect effect of the treatment on 7;(z, S;; (")) through S;;(z), both Bz s and the function
y (s) should be different from 0. Figure 5 in Appendix F of the Supplementary material at Biostatistics
online shows an example of how the occurrence of S;;(z') can change the risk of occurrence of 7;;(z, S;;(2')).

Following model (2.2) and assuming that T;; = 7};(z, S;;(z)) and S;; = S;;(z), we have T;(1,s) 1L S;(0) |
(X, &;), where & = (w,u, vg, vr) is the vector of random effects. Thus, the cross-world assumption that
the counterfactual 7'(z, s) is independent of S(z") holds conditionally on X and &.

As pointed out in the previous section, this model requires a less stringent assumption than assumption
(A5), since it does not require that (Z;, X;;) capture all the confounding between S;;(z’) and 7);(z, S;;(z')), but
rather that this confounding should be captured by (Z;;, Xj;, §;). Thus, we make a somewhat less stringent
assumption:

(AS) Ti/'(z/>s) 1 ng(Z) | (Zij = Z,ng,égj), Vz,z',s

Similarly, conditioning on Xj; in assumptions (A2)—(A4) is replaced in this model by a conditioning on

From (2.2), we can derive the hazard function for the observed data as:

Ay (11 &> Zips Xiy) = hos(6) exp (w5 + w; + Zy(vsi + Bzs) + BiXy)
and

hr (01 &5 73 S35 Xy) = Do (1) exp (S0 + s + Zy(vrs + Brr) + BTG + v (SpI (S, < 1))

Under the assumptions (A1)—(AS5’) and (A6), we can write the “counterfactual” survival function S/, (¢)
as:

S..() = / / f4ST(r|s,zcs,x)fs<s|z,s,x>f<s>fx<x>dsdsdx, 2.5)
X JO R

where the function S7(¢ | s, z, &, x) is the conditional survival function of 7 obtained from A7 (¢ | &, z, 5, x)
and fs(s | Z/, €, x) is the conditional density function of S derived from Ag (¢ | £,z,x). The sets X and R*
are the supports of the covariates X and &, respectively. From the computation of S,/ (f), we can derive
PTE(#) according to (2.1) by considering appropriate values for z and z'.

A confidence interval for PTE(¢) can be computed using either nonparametric or parametric bootstrap.
The latter proceeds by taking the (estimated) covariance matrix of the maximum likelihood estimator
(MLE) ¢, f]d;. Using the asymptotic normality of the MLE, we can generate a large number of vector

of parameters ¢; ~ N (O, ﬁ:qg). For each simulated ¢, we compute a function PTE;(¢). The empirical

standard deviation of the vector (PTE;(¢)) can then be used to computed a confidence interval for PTE(¢)
as PTE(¢) = 1.96 x se.
Furthermore, as described in Sofeu and others (2019), this model can be used to calculate the coefficient

o7,
of determination of the trial-level random effects, R2, , defined as —>2- and the Kendall’s T which

trial» ofgory
measures the individual-level association between S and 7.
3. SIMULATIONS

We conducted a simulation study to assess the performance of this model and the associated estimation
procedure. We simulated scenarios with different numbers of trials, different variances for the random
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effects w and u and scenarios in which there was an indirect treatment effect on the final endpoint through
the surrogate and scenarios in which there was no indirect effect.

3.1. Simulation scheme

Observations were generated from (2.2), where 7' was generated using a piecewise-exponential
distribution.

We first generated the frailties according to (2.3) and the surrogate S according to the model (2.2)
with a Weibull baseline hazard function for A¢s(¢). Then, a piecewise exponential model is applied to T,
which consists of two parts. First, on [0, S], the hazard of T conditionally on the random effects is given
as in (2.2) with a constant baseline hazard. Then, on [S, oo[, the hazard is simply that of the first interval
multiplied by €”®. The procedure for generating T is detailed in Appendix B of the Supplementary
material at Biostatistics online. After generating S and 7, we applied a constant censoring and retrieved
the associated censored follow-up times and event indicators. This resulted in a censoring rate of about
40% for S and T'. The simulation scheme is fully detailed in Appendix C of the Supplementary material
at Biostatistics online.

Several scenarios were considered for which the number of trials, K, was set to 20 or 50 and the function
y (s) was equal to 0 or y (s) = e~ for ¢ = 0.001. For the case where y(s) = 0, there is no direct effect
of S on T and thus no indirect effect of Z on T through S. In this case, by definition, we have PTE(¢) = 0.
The case where y (s) = e~ defines a small mediation where PTE(?) is approximately equal to 0.15 at
maximum follow-up. This function was chosen to yield a positive direct effect of S on T that smoothly
decreases towards 0 over the time scale of the simulations.

We also examined scenarios with different values for the variances 6% and p? of the random effects
wy and u; respectively. A first scenario with high variances where 6> = p*> = 1 and a second with lower
variances where #? = p? = 0.64. Patients were randomly assigned to one of the Kth trials with equal
probability K ~'. All patients in the same trial had the same frailties (u;, vs,, v7,) to create a cluster effect
across trials. For all these scenarios, the total number of patients was set at 1500. Each scenario was
repeated 300 times.

To determine the true value of PTE(¢) for each scenario, we simulated data sets in which treatment was
fixed for each endpoint. In this way, we were able to use a nonparametric estimate of the values of the
survival functions S,. (¢) associated with the data set in which the treatment values for .S and 7 were fixed
at z and z’, respectively. We evaluated PTE(¢) for ¢ ranging between 10 and 45 with a step of 1. These
calculations were used in the results to compute the true value of PTE(#) at three time points (20, 30 and
40) and in the graphical representation of the estimated PTE(¢) versus to the true PTE(?).

3.2. Results

Estimations were evaluated for each parameter of the model in terms of bias, mean standard error, empirical
standard deviation, and 95% coverage rate. For PTE(#), we focused on three specific time points (20, 30,
and 40). We also evaluated the estimations of the NIE and NDE at these time points as well as estimations
of R, , and the Kendall’s 7.

Simulations results are shown in Table 1 for the cases with 2 = p? = 1 and in Table 2 for the cases
with 82 = p? = 0.64. In Figure 2, we plotted the estimated PTE(¢) from each simulated data set with
their average at each time compared to the true value of the function PTE(¢).

From Tables 1 and 2, it can be seen that increasing the number of trials improves the estimation of the
parameters in terms of bias and coverage rate. This difference mainly affects the variances of the trial-level
random effects (parameters afs, afT, and o, ) and the parameters 75 and Bz 7 of the treatment effects
onSandT.
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Table 1. Simulations results for scenarios where 8> = p* =1

K=20 trials K= 50 trials
Parameter Value Est.t SE.1 SD.§ CRI Est. SE. SD. CR.
y(s)=0
PTE(20) 0.000 —0.000 0.214 0.138 0.976 0.004 0.116 0.107 0.957
PTE(30) 0.000 —0.002 0.186 0.157 0.945 —0.004 0.115 0.114 0.955
PTE(40) 0.000 —0.007 0.171 0.159 0.961 —0.017 0.115 0.108 0.965
NIE(20) 0.000 0.001 0.019 0.018 0.963 0.002 0.018 0.017 0.935
NIE(30) 0.000 0.002 0.021 0.022 0.940 0.000 0.020 0.020 0.945
NIE(40) 0.000 0.001 0.022 0.022 0.958 —0.002 0.022 0.020 0.967
NDE(20) 0.121 0.164 0.029 0.041 0.594 0.164 0.025 0.032 0.562
NDE(30) 0.184 0.181 0.031 0.045 0.812 0.188 0.027 0.035 0.889
NDE(40) 0.195 0.190 0.032 0.048 0.835 0.204 0.029 0.036 0.846
Bzs —1.000 —0.760 0.211 0.348 0.673 —1.029 0.196 0.194 0.950
Bz.r —1.000 —1.046 0.209 0.264 0.929 —1.106 0.209 0.208 0.957
0?2 1.000 1.096 0.507 0.498 0.929 1.065 0.550 0.584 0.887
p? 1.000 1.832 0.496 1.323 0.673 1.096 0.357 0.402 0.935
OVZS 0.700 1.107 0.368 0.598 0.780 0.803 0.305 0.323 0.947
OVZT 0.700 0.682 0.307 0.434 0.775 0.819 0.337 0.384 0.930
Ovg 1 0.420 0.485 0.229 0.348 0.838 0.512 0.224 0.260 0.935
Is 1.000 1.067 0.397 0.498 0919 1.160 0.488 0.575 0.932
o 1.000 1.003 0.167 0.206 0911 1.052 0.199 0.199 0.957
T 0.395 0.416 — 0.072 0.757 0.370 — 0.051 0.935
thrial 0.360 0.396 0.151 0.207 0.817 0.430 0.164 0.168 0910
y(s) >0
PTE(20) 0.081 0.136 0.235 0.168 0.933 0.141 0.119 0.118 0.929
PTE(30) 0.130 0.147 0.201 0.281 0.954 0.144 0.118 0.118 0.948
PTE(40) 0.133 0.172 0.182 0.213 0.942 0.150 0.118 0.122 0.959
NIE(20) 0.011 0.025 0.022 0.023 0.896 0.027 0.022 0.022 0.904
NIE(30) 0.027 0.030 0.024 0.024 0.948 0.030 0.024 0.024 0.953
NIE(40) 0.029 0.032 0.025 0.026 0.933 0.032 0.025 0.026 0.945
NDE(20) 0.123 0.146 0.027 0.040 0.764 0.158 0.027 0.031 0.721
NDE(30) 0.182 0.157 0.029 0.041 0.782 0.171 0.029 0.034 0.882
NDE(40) 0.189 0.160 0.030 0.044 0.758 0.176 0.030 0.034 0.901
Bzs —1.000 —0.971 0.209 0.291 0.870 —-0.977 0.181 0.178 0.948
Bzr —1.000 —0.951 0.195 0.258 0.882 —0.988 0.177 0.172 0.942
62 1.000 1.043 0.447 0.436 0.934 1.025 0.472 0.501 0.901
P> 1.000 1.444 0.398 0.634 0.804 1.231 0.362 0.412 0.942
GVZS 0.700 0.772 0.290 0.453 0.870 0.806 0.295 0.396 0.904
szT 0.700 0.595 0.254 0.556 0.565 0.783 0.283 0.305 0.934
Ovgr 0.420 0.423 0.196 0.387 0.737 0.545 0.216 0.257 0.929
¢ 1.000 1.068 0.341 0.360 0.952 1.071 0.356 0.355 0.951
o 1.000 1.055 0.155 0.167 0.964 1.017 0.151 0.147 0.962
T 0.395 0411 — 0.051 0.861 0.387 — 0.046 0.926
R2 0.360 0.473 0.174 0.215 0.831 0.486 0.157 0.155 0.888

trial

TMean of the estimated parameters.

fMean of the estimated standard errors.
YEmpirical standard deviation.

Y Coverage rate of the 95% confidence interval.
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Table 2. Simulations results for scenarios where 6> = p*> = 0.64
K=20 trials K=50 trials
Parameter Value Est.t SE} SD.} CR.fI Est. SE. SD. CR.
y() =0
PTE(20) 0.000 —0.032 0.333 0.588 0.939 —0.001 0.110 0.107 0.949
PTE(30) 0.000 0.100 0.458 1.585 0.952 0.007 0.109 0.099 0.968
PTE(40) 0.000 —0.016 0.266 0.138 0.963 0.003 0.109 0.102 0.971
NIE(20) 0.000 —0.000 0.017 0.018 0.939 0.001 0.017 0.017 0.946
NIE(30) 0.000 0.001 0.019 0.019 0.939 0.002 0.020 0.019 0.952
NIE(40) 0.000 —0.002 0.020 0.020 0.959 0.001 0.021 0.021 0.965
NDE(20) 0.121 0.180 0.027 0.063 0.371 0.170 0.026 0.030 0.507
NDE(30) 0.184 0.205 0.030 0.069 0.531 0.193 0.028 0.032 0.898
NDE(40) 0.195 0.223 0.031 0.073 0.517 0.211 0.030 0.036 0.861
Bzs —1.000 —0.894 0.190 0.312 0.762 —0.988 0.167 0.154 0.952
Bzr —1.000 —1.084 0.204 0.380 0.715 —1.025 0.182 0.193 0.958
62 0.640 0.644 0.338 0.330 0.919 0.668 0.363 0.392 0.899
02 0.640 0.887 0.256 0.513 0.795 0.855 0.255 0.317 0.928
avzs 0.700 0.890 0.310 0.437 0.859 0.623 0.229 0.258 0.817
G\,ZT 0.700 0.769 0.302 0.546 0.725 0.812 0.291 0.345 0.910
Ougr 0.420 0.395 0.203 0.442 0.634 0.388 0.180 0.215 0.857
¢ 1.000 1.170 0.519 0.635 0.930 1.189 0.541 0.723 0.920
o 1.000 1.051 0.171 0.203 0.950 1.043 0.173 0.211 0.942
T 0.315 0.312 — 0.064 0.862 0.309 — 0.052 0.920
thrial 0.360 0.335 0.132 0.233 0.708 0.346 0.146 0.174 0.891
y(s) >0
PTE(20) 0.081 0.063 0.303 1.865 0.874 0.119 0.099 0.107 0.918
PTE(30) 0.130 0.182 0.179 0.125 0.943 0.133 0.097 0.094 0.952
PTE(40) 0.133 0.171 0.164 0.129 0.937 0.139 0.097 0.096 0.952
NIE(20) 0.011 0.033 0.022 0.025 0.821 0.025 0.020 0.022 0.879
NIE(30) 0.027 0.038 0.024 0.025 0.925 0.031 0.023 0.022 0.960
NIE(40) 0.029 0.037 0.025 0.026 0.937 0.034 0.024 0.023 0.949
NDE(20) 0.123 0.157 0.029 0.048 0.613 0.179 0.027 0.029 0.429
NDE(30) 0.182 0.169 0.030 0.047 0.777 0.200 0.029 0.032 0.873
NDE(40) 0.189 0.175 0.031 0.051 0.739 0.208 0.031 0.034 0.873
Bzs —1.000 —1.022 0.185 0.376 0.634 —-0.979 0.175 0.172 0.944
Bzr —1.000 —0.899 0.195 0.275 0.800 —1.052 0.184 0.158 0.977
62 0.640 0.667 0.323 0.365 0.922 0.677 0.343 0.325 0.924
0° 0.640 1.006 0.276 0.502 0.722 0.767 0.230 0.268 0.929
Uuzs 0.700 0.756 0.264 0.529 0.694 0.803 0.270 0.298 0.935
Uva 0.700 0.960 0.335 0.544 0.831 0.874 0.294 0.329 0.938
Oug p 0.420 0.530 0.200 0.421 0.694 0.553 0.209 0.265 0.881
¢ 1.000 1.095 0.396 0.469 0.934 1.116 0.428 0.469 0.932
o 1.000 1.036 0.144 0.167 0.922 1.048 0.158 0.150 0.966
T 0.315 0.332 — 0.062 0.800 0.311 — 0.051 0.912
R? 0.360 0.422 0.121 0.232 0.675 0.448 0.141 0.176 0.805

trial

fMean of the estimated parameters.

fMean of the estimated standard errors.

SEmpirical standard deviation.
fiCoverage rate of the 95% confidence interval.
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Fig.2. Estimated PTE(¢) for scenarios where 62 = p? = 1 (dotted gray curves), their average (solid black curve),
and the true curve (black dashed curve).

For trial-level random effects variances, the estimations are biased upward while their associated
standard errors are biased downward, but increasing the number of trials reduces these biases. This bias
is also reflected in the estimation of R2, ; which is biased and results in a low coverage rate.

In addition, increasing the number of trials reduces the differences between the estimated standard errors
of the different parameters and their empirical standard deviation (columns SE and SD respectively, in the
tables). This improvement leads to a better coverage rate of the confidence interval for these parameters.

As for the estimation of the function PTE(¢) and the NDE and NIE, from Tables 1 and 2, we see that
both the NIE and PTE(¢) as well as their standard errors are well estimated. Their confidence intervals
also have coverage rate close to the nominal 95%. However, the estimation of natural direct effect (NDE)
is biased which results in a low coverage rate. For the NDE, increasing the number of centers seems to
moderately improve its estimation and the coverage rate, except for earlier timepoints (+ = 20) where
there is no clear improvement.

Figure 2 shows the estimations of PTE(¢) for the cases where 82 = p? = 1. Results for 82 = p? = 0.64
are given in Figure 4 in Appendix F of the Supplementary material at Biostatistics online. These figures
show the 300 estimated PTE(¢) (one per simulated data set) in the dotted curves, their average at each time
(solid black curve), and the true PTE(¢) (dashed black curve). From these figures, we see that increasing
the number of trials (K) from 20 (top panel) to 50 (bottom panel) reduces both the bias of the estimations
of PTE(¢) and its variance.
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These figures also show that the bias of the estimator of PTE(?) is smaller for larger values of #. This
could be due to the fact that for shorter times ¢ the difference of survivals S;; (#) — Sy (¢) at the denominator
of PTE(?) is likely close to zero (since both survivals are close to one) resulting in a less stable estimation
of PTE(?).

This suggests that the estimation of PTE(¢) should only be done for sufficiently large values of ¢. As
can be seen in Figure 2, we only plotted the estimate of PTE(¢) for # > 10 since the results for t < 10
were not relevant due to the very large instability of the estimations of PTE(#). This also suggests that
before computing PTE(¢), one should plot the function S;;(¢) and Sy, (¢) to see if there are some time
points where the two curves cross or are too close to avoid computing the function PTE(#) for those time
points.

In all of the above scenarios, simulations included unmeasured confounders (simulated by the indi-
vidual random effects) that were well specified with respect to the model: both the confounders at the
simulation and at the estimation stages are Gaussian. We investigated scenarios in which these confounders
were misspecified. First, with uniformly distributed confounders over [0, 1] and second, with binary con-
founders. The results of these additional simulations can be found in Appendix D of the Supplementary
material at Biostatistics online. These results suggest that the approach is quite robust when there are (at
least time-fixed) unmeasured confounders since the effects on the bias in estimating PTE(¢) are limited.
Moreover, we also investigated a case with a smaller number of trials (K = 10) whose results are given in
Table 3. From these results, we can see that the method performs poorer with a lower number of centers,
especially regarding the estimation of the standard errors of the parameters of the model as well as for
PTE(?), suggesting that this method should be applied on studies with a sufficient number of trials/clusters.

4. APPLICATION

We applied this approach to the meta-analysis gastric comparing adjuvant chemotherapy with surgery
alone in patients with resectable gastric cancer (Paoletti and others, 2010). We also used this method in a
second application with data from a trial in second-line treatment of metastatic colorectal cancer (Peeters
and others, 2014). The analysis and results of this second application can be found in Appendix F of the
Supplementary material at Biostatistics online.

4.1. Time-to-relapse as a surrogate of overall survival in gastric cancer

We studied time-to-relapse (TTR) as a surrogate for overall survival (OS). OS was defined as the time
from randomization to death from any cause, whereas TTR was defined as the time from randomization
to disease recurrence or the occurrence of second cancer, whichever occurred first.

4.1.1. Data description The data set contains information on 3288 patients from 14 clinical trials. Of
these 3288 patients, 1634 (49%) received adjuvant chemotherapy before surgery, and the remaining 1654
(51%) underwent surgery without prior adjuvant chemotherapy. The total number of deaths was 1705
(51.8%) and ranged from 13.4% to 84% in the 14 trials. A total of 1352 TTR events (41%) were observed,
ranging from 10% to 73% across the trials. The median follow-up time was 4.78 years in the adjuvant
chemotherapy group (range = [0.005, 24.88]) and 4.40 years in the control group (range = [0.005, 23.96]).
Kaplan—Meier estimates of survival functions for both endpoints are provided in Figure 6 in Appendix G
of the Supplementary material at Biostatistics online.

4.1.2. Data analysis and results We applied the model defined by (2.2) to this data set. The baseline
hazard functions, Ao r(¢) and 1o s(?), were estimated using splines with seven knots. For the estimation of
the function y (s), cubic B-splines with one interior knot at the median of the observed surrogate times S
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Table 3. Simulations results with K = 10 centers and y (s) > 0

Parameters Value Est.t SE.1 SD.} CRT
PTE(20) 0.081 0.180 0.719 0.194 0.970
PTE(30) 0.130 0.149 0471 0.212 0.960
PTE(40) 0.133 0.120 0.698 0.398 0.980
NIE(20) 0.011 0.032 0.025 0.026 0.880
NIE(30) 0.027 0.036 0.028 0.029 0.900
NIE(40) 0.029 0.038 0.029 0.030 0.940

NDE(20) 0.123 0.160 0.036 0.065 0.550
NDE(30) 0.182 0.167 0.039 0.065 0.770
NDE@40) 0.189 0.173 0.040 0.068 0.740
Bzs —1.000 —0.973 0.283 0.426 0.798

Bz —1.000 —0.939 0.286 0.383 0.862

02 1.000 1.048 0.535 0.667 0.898

p2 1.000 1.087 0.422 1.074 0.615

o’fs 0.700 0.783 0.435 0.560 0.798

UU2T 0.700 0.690 0.414 0.583 0.734

Ougr 0.420 0.436 0.303 0.421 0.817

¢ 1.000 1.154 0.498 0.564 0.881

o 1.000 1.047 0.232 0.274 0.899

T 0.395 0.340 — 0.102 0.780

R? 0.360 0.515 0.197 0.239 0.872

trial

fMean of the estimated parameters.

¥Mean of the estimated standard errors.
SEmpirical standard deviation.

fiCoverage rate of the 95% confidence interval.

were used. The results for the estimation of the main parameters of the model are given in Table 4. In this
table, the estimations of PTE(¥) at three time points (2, 3, and 8 years) are also reported. The graphical
representation of the estimation of y (s) is given in Figure 3 and the estimated function PTE(¢) is given in
Figure 4(a). The estimated natural direct, indirect, and total effects associated with PTE(¢) are shown in
Figure 4(b).

From Table 4, we can see that there is a significant treatment effect on the surrogate (825 = —0.47),
suggesting that adjuvant chemotherapy prolongs TTR. The estimation of Sz r, which is not significantly
different from 0, suggests that the treatment has no direct effect on overall survival (see Figure 1(b)). In
addition, the variances of the random effects w; and u; (6? and p?, respectively), which are significantly
different from zero, suggest an association between S and 7 at the individual level and an heterogeneity
among of the patients between the trials. This suggests that these frailties capture some of the effects of
confounding factors that were not measured. However, the nonsignificant variances of vg, vr, and vs r do
not indicate heterogeneity in treatment effects between trials.

Furthermore, as shown in Figure 3, the estimation of y (s) suggests that there is a strong effect of TTR
on OS. The estimated function being positive shows that the occurrence of a TTR event increases the risk
of occurrence of death. Because the function is increasing, a late occurrence of a TTR event has a greater
effect on increasing the risk of OS than an earlier occurrence of a TTR event.

Overall, y (s) and Bz,s being significantly different from zero indicates that there is a mediated effect
of the treatment on OS through TTR and ,éz,T being close to zero implies that most of the total effect is
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Fig. 3. Estimated y (s) from the gastric application with its 95% pointwise confidence bands.

Table 4. Estimated parameters of model (2.2)
for the application on gastric cancer

Parameter Est. Std. Err. p-value
PTE(2) 0.853 0.283 —

PTE(3) 0.875 0.254 —

PTE(8) 0.839 0.155 —

Bzs —0.453 0.104 <0.001
Bz.r —0.057 0.091 0.532
6? 3.807 0.317 <0.001
0? 1.035 0.172 <0.001
avzs 0.011 0.023 0.633
UVZT 0.018 0.027 0.495
Ovsr —0.014 0.011 0.212
¢ 0.681 0.043 <0.001
o 0.758 0.063 <0.001

this mediated effect. This can be seen in Figure 4(a), which shows that the estimated function PTE(?) is
very close to 1.

Since Bz, s < 0and y(s) > 0, patients treated with adjuvant chemotherapy have better survival, so their
risk of death is likely to be increased at a later time point than patients in the control group, implying that
the overall mediated treatment effect has a protective effect towards OS. This is shown in Figure 4(b),
where the natural direct effect is not significantly different from zero over time, whereas both the natural
indirect effect and the overall effect are significantly different from zero. From these results, it appears
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Fig. 4. Results from the application on gastric cancer. (a) Estimated PTE(¢) and its 95% pointwise confidence bands.
(b) Estimated natural effects and their 95% pointwise confidence bands.
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that there is a significant overall effect of treatment on OS and that most of this effect comes from its effect
on TTR. TTR is therefore likely to be a good surrogate for OS in the setting of adjuvant chemotherapy in
patients with resectable gastric cancer.

These results had to be taken with caution as the limited number of trials (14) may cause bias in the
estimated parameters of the model (and especially their standard errors). However, the high value of the
estimated PTE(#) suggests that even if these results may be biased, it is likely that the true value PTE(¢)
is also high and that TTR is still a good surrogate for OS.

5. DiscussION

In this article, we have proposed an approach to mediation analysis in the context of surrogate validation
when both the surrogate and the final endpoint are time-to-event. This approach can be decomposed into
two parts. First, using the counterfactual framework of causal inference, we defined a surrogacy measure
that corresponds to the proportion of the treatment effect on the final endpoint that results from its effect on
the surrogate. To calculate this proportion, we need to estimate the distribution of counterfactual outcomes,
which leads us to the second part of this article, which deals with the statistical model used in this context.

To causally interpret the estimated direct and indirect effects of the treatment, this approach relies on
several assumptions. In particular, assumption (A5’) is crucial. To ensure that this assumption holds, the
baseline covariates X and the random effects vector £ must capture all of the confounding between S
and 7. It should be noted that there are situations where this is unlikely, for example, when there is time-
varying confounding. A generalization of this method would include both time-varying covariates and
time-varying random effects but our approach is currently limited to settings of time-fixed confounding.

Problems can arise with the function PTE(¢#) when both survival values appearing in the denominator
are equal. This is the case, for example, when the survival functions S; (¢) and Sy (¢) of the experimental
and control groups cross. In this case, at this particular time ¢, there is no overall effect of treatment on
the final endpoint, and PTE(¢) is not defined. It may therefore be helpful to first examine the estimated
Kaplan—Meier curves in each group to determine whether this is likely to be the case.

We used a counterfactual approach to define the survival functions S/, (¢), which are then used to define
the proportion PTE(#). To be able to identify these counterfactual survival functions from an observed
data set, we made several assumptions. In particular, the sequential ignorability assumption warrants some
attention and its plausibility might be investigated using sensitivity analyses.

The surrogacy measure proposed in this article is the function PTE(#). For clinical purposes, it may be
more meaningful to assess surrogacy only at some relevant time points, for example, at 12 or 24 months.
In this case, the function PTE(#) can be calculated only for these time points. However, the entire function
PTE(?) is also of interest, as it can show a trend for surrogacy over time.

We would like to point out that while this approach to mediation analysis and the associated definition
of indirect and direct effects is based on the counterfactual outcomes, other approaches were also proposed
for time-to-event outcomes (Strohmaier and others, 2015; Aalen and others, 2020). These methods use
dynamic modeling and do not use counterfactual outcomes to derive a causal definition of direct and
indirect effects but are based on modeling structural equations using additive hazards in a continuous-time
manner.

We proposed a method to validate a surrogate endpoint by studying the proportion of the treatment
effect on the final endpoint that goes through the surrogate. The indirect treatment effect through the
surrogate is composed of the direct treatment effect on the surrogate and the effect of the surrogate on
the final endpoint. If at least one of these effects is absent, the indirect effect of treatment on the final
endpoint is zero. However, as noted by VanderWeele (2013), in the case where there is no direct effect of
the surrogate on the final endpoint, the surrogate could still be a good surrogate if, for example, there is a
strong association between the surrogate and the final endpoint due to confounders. Model (2.2) can also

€202 AInp /| uo Josn g30S-UIBANOTON Aq LZHZE89/7700BX3/SONSIEISOIG/E60 L0 L/10P/[0IE-90UBADE/SOISIEISOIq/WO0"dNO-0jWapede//:sdy Wwoly papeojumoq



Time-to-event surrogate validation using mediation analysis and meta-analytic data 17

be used to study the association between the surrogate and the final endpoint through the R, and the
Kendall’s 7 as described in Sofeu and others (2019). These quantities quantify the association between the
two endpoints at the individual and trial levels. In particular, the RZ, , is the coefficient of determination
of the trial-level random effects. These quantities have been proposed for surrogate validation (Buyse
and others, 2000). However, because they only measure association, these quantities do not provide
information regarding the proportion of treatment mediated. Kendall’s 7, which measures the individual-
level association between S and 7', would not be able to discriminate which proportion of this association
is due to confounding or due to a direct link of S on 7'. Although a strong mediated effect may be sufficient
for surrogacy, it is not a necessary condition for an endpoint to be a good surrogate. This model allows the
use of both approaches, which complement each other, to evaluate a surrogate by either mediated effects
or association.

Asthe simulations with K = 10 trials suggest, this method should be employed with a sufficient number
of trials. However, other units of clustering could be used, such as centers of care for example.

Because the proposed approach focuses on the indirect effect of a treatment on a final endpoint through
a surrogate, it may not be appropriate in cases where the surrogate is a composite endpoint that includes
the final endpoint as an event. In such a case, the occurrence of the final endpoint leads to the occurrence of
the surrogate and it is therefore difficult to define what would be a direct effect of the surrogate on the final
endpoint since both endpoints would occur at exactly the same time. This is the case for progression-free
survival when death is also accounted as a progression. The proposed approach is not appropriate for
this situation, and it would be interesting to see if other approaches can be used to derive an appropriate
definition of a direct and indirect effect for composite endpoints.

6. SOFTWARE

The proposed method is available in the jointSurroPenal function of the R package
frailtypack (Krdl and others, 2017) which is available on the R-CRAN at https://CRAN.R-
project.org/package=frailtypack. The data set should have the following format:

head (data)

patientID timeT timeS statusT statusS trt triallD
1 9.057946 2.217739 1 1 0 1
2 2.986813 1.389263 1 1 0 1
3 8.874237 8.874237 1 0 1 1
4 3.245388 1.809671 1 1 1 1
5 4.448964 2.603604 1 1 0 1

WheretimeT, timeS, statusT, and statussS arerespectively the time for the final and surrogate
endpoints as well as their censoring indicators. The R command to call model (2.2) with one interior knot
to estimate the function y (s) is:

require (frailtypack)

result<-jointSurroPenal (data,mediation=TRUE, g.nknots=1,
rt.ntimes=30,rt.nmc=10000,rt.boot=T,
rt.nboot=2000, rt.boot . .nmc=10000)

After the execution of the program, summary of the estimations and related figures (Kaplan—-Meier
estimates, baseline hazards, y (s), PTE(¢), and natural effects) can be obtained from the commands
summary (result) and plot (result).
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SUPPLEMENTARY MATERIAL

Supplementary material is available online at http://biostatistics.oxfordjournals.org.
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