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Abstract

In randomized treatment studies where the primary outcome requires long follow-up of patients
and/or expensive or invasive obtainment procedures, the availability of a surrogate marker that
could be used to estimate the treatment effect and could potentially be observed earlier than the
primary outcome would allow researchers to make conclusions regarding the treatment effect with
less required follow-up time and resources. The Prentice criterion for a valid surrogate marker
requires that a test for treatment effect on the surrogate marker also be a valid test for treatment
effect on the primary outcome of interest. Based on this criterion, methods have been developed to
define and estimate the proportion of treatment effect on the primary outcome that is explained by
the treatment effect on the surrogate marker. These methods aim to identify useful statistical
surrogates that capture a large proportion of the treatment effect. However, current methods to
estimate this proportion usually require restrictive model assumptions that may not hold in practice
and thus may lead to biased estimates of this quantity. In this paper, we propose a nonparametric
procedure to estimate the proportion of treatment effect on the primary outcome that is explained
by the treatment effect on a potential surrogate marker and extend this procedure to a setting with
multiple surrogate markers. We compare our approach to previously proposed model-based
approaches and propose a variance estimation procedure based on a perturbation-resampling
method. Simulation studies demonstrate that the procedure performs well in finite samples and
outperforms model-based procedures when the specified models are not correct. We illustrate our
proposed procedure using a dataset from a randomized study investigating a group-mediated
cognitive behavioral intervention for peripheral artery disease participants.
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1. Introduction

Clinical trials aimed at identifying effective treatment and prevention strategies to reduce the
risk of a clinical outcome often face a number of key challenges when estimating a treatment
effect on outcome risk. In particular, studies often require long term follow-up of patients in
order to observe a sufficient number of events to precisely estimate treatment effects [1, 2].
In such settings, the availability of a surrogate marker that could be used to estimate the
treatment effect and could be observed earlier than the primary outcome or with less cost or
invasiveness to the patient would potentially allow researchers to make conclusions
regarding the treatment effect with less required follow-up time and/or less cost [3]. That is,
validated surrogate markers could enable shorter randomized clinical trials and require
smaller sample sizes, thus accelerating acquisition of clinical information [4].

In one of the most influential papers on the validation of surrogate markers, Prentice [5]
defined a criterion for a valid surrogate marker which required that a test for treatment effect
on the surrogate marker also be a valid test for treatment effect on the primary outcome of
interest. Since his work, a substantial amount of research has led to the development of four
major frameworks for evaluating and validating surrogate markers, as described in Joffe &
Greene [6]: one based on conditioning on the observed surrogate marker, a second based on
defining direct and indirect effects of the treatment on the primary outcome, a third based on
a meta-analytic framework, and a fourth based on principal stratification, with the approach
proposed by Prentice belonging to the first framework. Methods developed within the first
two frameworks have often focused on defining and estimating the proportion of treatment
effect on the primary outcome that is explained by the treatment effect on the surrogate
marker. Motivated by the Prentice criterion, these methods aim to identify useful statistical
surrogates (as opposed to principal surrogates [7]) as those which capture a large proportion
of the treatment effect on the primary outcome, which is also the focus of this paper.
However, available statistical methods to estimate this proportion have numerous limitations
[8,9, 10, 11]. In particular, current methods usually require restrictive model assumptions
that may not hold in practice. For example, Freedman et a/. [8] proposed to estimate this
proportion by examining the change in the regression coefficient for treatment when the
surrogate marker is added to a specified regression model. However, when this model is
misspecified, the appropriate interpretation of this estimate is not clear [12, 13]. Wang &
Taylor [9] propose a much more flexible approach to estimate the proportion of treatment
effect explained by defining a quantity that attempts to capture what the effect of the
treatment would be if the values of the surrogate marker in the treatment group were
distributed as those in the control group. While modeling choices are still required, this
approach accommodates various practical settings and has a causal interpretation under
certain conditions [13].

It is of great interest to investigate estimation procedures that allow for more flexible
assumptions and do not rely on the correct specification of multiple models. Furthermore,
when there are multiple surrogate markers of interest, it is difficult to capture the complex
relationships between the surrogate markers using restrictive model-based methods. The
approach proposed by Freedman et al. [8] for the single marker setting can be easily
extended to a multiple marker setting by examining the change in the regression coefficient
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for treatment when the surrogate markers are added to a specified regression model, though
this approach still relies on the correct specification of the models. Xu & Zeger [14] have
proposed methods to determine whether multiple markers can improve inference about the
treatment effects on a clinical endpoint, but their approach requires specifying parametric
models and using Markov Chain Monte Carlo to estimate model parameters.

In this paper, we propose a robust estimation procedure to estimate the proportion of
treatment effect on the primary outcome that is explained by the treatment effect on one or
more potential surrogate markers in order to identify useful statistical surrogates. For
brevity, we will refer to ‘the proportion of treatment effect on the primary outcome that is
explained by the treatment effect on a surrogate marker’ as ‘the proportion of treatment
effect explained by a surrogate’. In Section 2 we introduce our setup and definitions in a
potential outcomes framework and describe the quantity we aim to estimate. In Section 3 we
propose our estimation procedure in a single marker and multiple marker setting. We first
describe available approaches for estimating the quantity including the model-based
approach proposed by Freedman et a/. [8] and a more flexible though still model-based
approach proposed by Wang & Taylor [9]. We propose to estimate the proportion of
treatment effect explained by a single potential surrogate marker using a nonparametric
approach and then extend this procedure to estimate the proportion of treatment effect
explained by a combination of multiple potential surrogate markers. We focus on the setting
in which the surrogate marker(s) and primary outcome are fully observed for all individuals
in both treatment groups and the surrogate marker (at least one surrogate marker in the
multiple surrogate case) is continuous, while the primary outcome can be any general fully
observed (uncensored) outcome. In Section 4 we describe the asymptotic properties of our
estimates and propose variance estimation procedures. In Section 5 we investigate the finite
sample properties of our estimation procedure and compare our proposed procedure to other
available methods using simulation studies. In Section 6 we illustrate this procedure using a
dataset from a randomized study investigating a group-mediated cognitive behavioral
intervention for peripheral artery disease participants.

2. Setup and Definitions in a Causal Inference Framework

Let G be the binary treatment indicator with G = T for treatment and G = C for control (or
placebo) and we assume throughout that subjects are randomly assigned to treatment or
control at baseline. Let Y'and Sdenote the primary outcome measure and surrogate marker
measure, respectively, observed for all subjects 7, /=1, ..., n. Suppose Y'is used to estimate
and test for a treatment effect, but that Y'is expensive or invasive to obtain while Sis less
expensive or invasive or that S can be obtained earlier than Y. We aim to measure the
surrogacy of Sby estimating the proportion of treatment effect explained by S.

To define our quantity of interest, we use potential outcomes notation such that Y9 and 59
denote the primary outcome and surrogate marker under treatment G = g. That is, X7, YO,
ST and SO denote the measures for the primary outcome under the treatment, primary
outcome under the control, surrogate marker under the treatment and surrogate marker under
the control, respectively. In practice, we only observe (¥, ) = (X7, 8(0) or (KO, 50)
depending on whether G= Tor C.
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Throughout, we define the treatment effect, A, as the expected difference in Yunder the
treatment compared to Y under the control, A = A X7 = Y(9). We aim to measure the
surrogacy of a potential surrogate marker using contrasts between the actual treatment effect
on Yand the residual treatment effect that would be observed if the surrogate marker is not
affected by the treatment. The residual treatment effect can be defined as

Ay=[5 B (YT = YO s =5 =s) dF,, (s) =[* A, (s)dF, (5), ()
where Ag(s) = AN - O8N = 8O = ) and F-) is the marginal cumulative
distribution function of 59, the surrogate marker measure under the control. Note that F(s)
could similarly be replaced by F7(s), the marginal cumulative distribution function of &7
and we assume that the support of Scand Syare the same. However, Ag($) is in general not
identifiable since S(7 and $(© can not be observed simultaneously. To circumvent this
difficulty, we assume that

vy 1§15 and v 1L 5@ (2

That is, given the surrogate marker value in one group, the surrogate marker value in the
other group becomes noninformative to the potential response in the current group. Under
assumption (2),

A, (s)=E (YD|sN=s) - B (YO]5O=s) and
A =[5 B (YD|$TD=s) dF, (s) - [*, B (Y(O|5©=s)dF, (s), @
where the first term in (3) can be interpreted as the expected outcome under treatment if the
treatment has no effect on the surrogate marker and the residual treatment effect Ag(-) can be
used to measure the surrogacy of S. Note that Aggiven in (3) only depends on observed
quantities and can be viewed as a measure for the direct treatment effect beyond the
surrogate marker even without assumption (2). Further discussions on the interpretation of
Agcan be found in Section 7.

Thus, the proportion of treatment effect explained by the surrogate marker, which we denote
by Rs, can be expressed using a contrast between Agand A:

Rs: {A - As}/Azl - AS/A' 4)

This definition is not new and has been proposed by Wang & Taylor [9]. In addition, Taylor
et al. [13] provides a detailed description and assessment of the causal interpretation that is
possible using the proportion of treatment effect explained by a surrogate marker as a
measure of surrogacy. In this paper, we focus on nonparametrically estimating this
proportion with a continuous surrogate marker. Informally, we use Rsto measure the extent
to which the treatment effect on the surrogate marker captures information about the
treatment effect on Y’by comparing the total treatment effect with the hypothetical treatment
effect when there is no effect of treatment on Si.e. when F7(s) = FL$). In the next section
we describe previously proposed methods to estimate this quantity when a single continuous
surrogate marker is available which have generally focused on model-based estimators, and
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then describe our proposed estimation procedure in this setting. The following section then
extends this methodology to a setting with multiple surrogate markers.

3. Estimation

3.1. Single Surrogate Marker

We first focus on a setting where a single continuous surrogate marker, S, is available and
our goal is to estimate the proportion of treatment effect explained by S, Rs. Let the
treatment effect measure of interest be the expected difference in outcome under treatment
compared to control, A = A7) = YO = A NG = T) - A Y9G = C) assuming that we
are in a randomized treatment setting. The observed data consist of n7independent
identically distributed (i.i.d) copies of (X7, &7, {( Y7 S, i=1, -, n7}, from the
treatment group G = Tand n1¢i.i.d copies of (YO, SO {(Yg; Sc), =1, -+, nc}, from the
treatment group G = C. One can then estimate the treatment effect as

np e
A —1 —1
A_nT E Y, — n_ E Y.
=1 =1

Since Rs=1 - AgA, we now focus on estimating Ag, the residual treatment effect. As
expressed in (3), Agaims to capture the expected difference in outcome if the distribution of
the surrogate marker in the treatment group was the same as the distribution of the surrogate
marker in the control group. One model-based approach to estimate Ag, proposed by Wang
& Taylor [9], is to specify models for £ ¥{9|59), g= 7, Csuch as:

E (Y(C)\S(C)) =60+ 57 and E (Y(T)|S(T)) = (Bo+B2) +61ST) (5)

It can be shown that if this model is correctly specified, As= /. Thus, reasonable estimates

for Agand Rscould be ﬁQ and1 — 3, /A, respectively. This approach is equivalent to that
proposed by Freedman et al. [8] where an estimate for the proportion of treatment effect
explained by a surrogate is obtained by fitting the following two regression models:

E(Y|G) =104l (G=T) and E(Y|G,S)=75+7s] (G=T)+7s5 (6)
. . ~F . . .
and estimating Rsas R =1 — 4, /4, with 4 _and 4, being the estimators of y3sand y,

respectively. Here we have used # to indicate that this is the estimate based on Freedman's
proposed approach. When all the specified models are linear as in (5) and (6),

~F . P
R =1-%,/51=1— B2/A.

Alternatively, to allow for additional flexibility, Wang & Taylor [9] suggest that one could
include an interaction term when specifying the models used to estimate Ag:
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E (5<C>) —ap and E (S(T )) - E <S<C>) —ay,
E(Y©O5©) =6 +55€) and B (YD[SD) = (Go+5) + (B +) .
It can be shown that when these models hold, As= /% + fzag. Thus, reasonable estimates for
Ag, A, and Rgusing this approach would be

~M A PR N ~ PN ~ R R ~ M ~
AS :/62+ﬁ3a0, A:/62+/Bla]+ﬁ3 (a()+a1) and RS =1-A

where we have used M to denote this as the flexible model-based estimator.

While the latter approach is more flexible in terms of model specification given the
interaction term, both model-based approaches rely on correct model specification to obtain

a consistent estimate. In particular, the limitations of using 1321: as an estimate of the
proportion of treatment effect explained by a surrogate have been widely noted and include
the reliance of the estimate on the correct specification of both models in (6), which is often
not practical, and the difficulty with interpreting the estimate when one or both models do
not hold [10, 12, 9].

To develop a more robust approach, we instead propose an estimation procedure to estimate
Rsthat does not require any model specification and instead nonparametrically estimates Ag.
Specifically, we propose to estimate z/7(s) = & Y{D| &7 = s) nonparametrically using kernel

smoothing and we denote the resulting estimator as /. (s). That is,
n,
ﬂT (s) :Zi%lKh (STi - 3) YTi
T
> K (Sp, —s)
=1

where Sy;is the observed S(7) for person /, Y7;is the observed Y{7) for person 7, K(-) is a
smooth symmetric density function with finite support, Kx(-) = K(-//)/hand A is a specified
bandwidth. As in most nonparametric functional estimation procedures, the choice of the
smoothing parameter / is critical. To eliminate the impact of the bias of the conditional
mean function on the resulting estimator, we require the standard undersmoothing

assumption of »=0 (”;j) with & € (1/4, 1/2). To obtain an appropriate /2 we first use the
bandwidth selection procedure given by Scott [15] to obtain /1, and then we let
h=nhopn.“ for some ¢y € (1/20, 3/10) to ensure the desired rate for /. In all numerical
examples, we chose ¢y = 0.25. We then estimate Agas

~ 71"0 N R
As: n. leuT (507’,) — N, ZYC;,
1=

e ﬂT (SCi)_YCi
D
i=1 <

)
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where Sg;is the observed SO for person jand Y;is the observed {9 for person /. Note
that the second term of (8) simply estimates the mean response among those with G= C
while the first term attempts to estimate the hypothetical mean response that would have
been observed if the distribution of Samong those with G= 7was the same as that of those

with G = C. In this way, AS is an estimate of Ag, the residual treatment effect after removing
the treatment effect attributable to S. Lastly, we estimate Rsas

A N

R,=1-A,/A.

S

Recall from above that it was assumed that the supports of S(7) and S are the same. Since
47(8) is only identifiable on the support of () without additional parametric assumption,
this assumption is necessary to estimate [y (s) dF,, (s). Otherwise, if the supports of S(7)
and S(9 are not dramatically disparate, one may alternatively consider a modified version of
this estimation method that uses appropriate spline or local linear smoothing methods [16,
17], which allow mild extrapolation of z/7(s) beyond the support of &7.

3.2. Multiple Surrogate Markers

While work in the area of surrogate marker research has alluded to the need for a valid
estimate of the proportion of treatment effect explained by a set of multiple surrogate
markers, limited work has been done to propose and investigate robust estimates in this
setting [12, 14]. One potential approach would be an extension of Freedman's estimate
obtained by fitting the following two models:

E(Y|G) =yo+nI (G=T) and E(Y|G,S)=v,s+% I (G=T)+7,.S (9

where Sis the vector of candidate surrogate markers, and estimating the surrogacy by

>

N3
RS =1-—

1S
—

7

where, again, 4, and 4, _ are estimators for the corresponding regression coefficients.

Alternatively, one may generalize the definition of Rsfor a single marker, described above,
to multiple markers in a straightforward manner:

A
Ry=1-— KS’ (10)

where

Ag=[E (YD —yOSTN=8O=s) aF, (s) =[ E (YD|ST)=s) dF, (s)~E (V)

under the assumption that
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where Fs) is the marginal cumulative distribution function of S(9.

If the model (9) is correctly specified, it is not difficult to show that Freedman's estimate is a
consistent estimator of Rs. However, since (9) may not be correctly specified, we consider
alternative approaches. To estimate Ag, one could consider a flexible model-based approach
where models for £(Y|G, S) and £(S}G) for each Sjin S= {5}, ...Sp} (where pis the number
of surrogate markers) are specified and obtain an estimate of Agassuming these models are
correct. Without loss of generality, consider the case where there are three surrogate
markers, S= {51, S, Sz} and one specifies the following linear models:

E(YOS9) =455 46,57 +6:57 . an)

E(YD|8D) = (Bo+81) + (B1+05) S+ (Ba+56) S5+ (8s+67) S5, (12)
and
E(SJ(C)):% 7=1,2,3. (13

It can be shown that when these models hold

Ag=B4+B501+Psaa+Bras.  (14)
Thus, reasonable estimates for Agand Rshere would be easily obtained by replacing the
unknown regression coefficients in (14) by their consistent estimators. We denote the

. . ~ M ~M .. . .
resulting estimators by A and R, similar to the single marker setting.
With this approach, one could now define a single “pseudo-marker”

W= (Bo+B4) + (81+P5) S1+ (B2+8s) So+ (83+067) Ss,

using (12). If the surrogacy of Sis defined by (10), then the surrogacy of Sis equivalent to
that of Wwhen W= uAS) = B YXD|S(7) = S). Here, the surrogacy of the one-dimensional
“marker” Wis defined by (3) and (4). The formal justification of this claim is given in
Appendix A of the Supplementary Materials. Therefore, we can claim that W/has the full
surrogacy of all three markers combined, i.e., Ry/= Rs, which can be estimated based on
(14). However, the validity of this approach, no matter how flexible the relevant regression
model is, still depends on the correct specification of the model. Under a misspecified

. . . . ~M .
model, Ry is different from Rsand, more importantly, the model-based estimator i is not
a valid estimator of either of them.
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An alternative way to estimate Ag is to employ a nonparametric procedure. However, when
the dimension of S (the number of potential surrogate markers) is greater than two, a
completely nonparametric procedure is infeasible due to the curse of dimensionality [18].
Instead, we propose to use a two-stage procedure combining the aforementioned model-
based approach and the nonparametric estimation procedure proposed in Section 3.1.
Specifically, our proposed two-stage procedure is based on a dimension reduction approach
where we focus on the conditional distribution of YX7|S(7) first. That is, we employ a
working semiparametric model such as

E (Y(T)\S(T):s) =g (ﬁ/s) (15)

to reduce the dimension of Sat the first stage, where g(:) is a monotone increasing function
given a priori. Even when the working model is misspecified, the resulting estimator 3 based
on{(Y7; Sy, /=1, -, ny} converges to a deterministic limit & in probability as 77— oo
under general regularity conditions. Other commonly used regression models such as the
generalized transformation model can also be employed to estimate the conditional
expectation A Y{D|S(7) either directly or indirectly. Without loss of generality, we consider

Q:ﬂgs as the new surrogate marker of interest and in the second stage, apply the approach
proposed in the single marker setting to estimate its surrogacy. To be specific, we

nonparametrically estimate £ Y{0| Q7= g) where QT:ﬂgS(T) as /. (q) based on
{ (er Qp,=P ST,) yi=l,e e ’”T> } and then estimate Ag as

A _S&hr (Q) =V

S_ )
- n
=1 C

where Qm =B S.,- We estimate the proportion of treatment effect captured by Svia Q, Rsas

R,=1— A, /A. Regardless of the correct model specification of (15), A will always be a
consistent estimator of Ag where

A =JE(YD|Q,=q) dF, (q)—E (V)

and Fp-) is the cumulative distribution function of @ _=8,S“) and R will always be a

consistent estimator of Rp=1 - Ag/A, the surrogacy of Q=g;,S. While the estimator R, is
constructed to estimate the full surrogacy of S, it may not approximate the latter well if the
working model (15) fails to characterize the dependence of ¥{7) on (7. Therefore, in
practice one may want to fit a more flexible regression model than (15), e.g. (with a slight
abuse of notation) one could assume a working regression model

E (Y(T)|S(T)) =g {,B/Z (S(T))} ’
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where Z(S) is a known transformation of the marker Sincluding, for example, interactions

and nonlinear transformations of the components of S. In the end, we may use Q:ﬁ/z (S)as
the new surrogate marker for the treatment effect and 1323 as the estimator for its surrogacy.

Note that even though we may not capture the full surrogacy of S, ¢) and PLS could still serve
as a good surrogate marker and an accurate assessment of its surrogacy, respectively.

4. Inference and Variance Estimation

It can be shown that under suitable regularity conditions the proposed estimates f%s and ﬁs
are consistent estimators of Rsand R, respectively. Furthermore, ns {1:25 - RS} and

n3 {J%S - R, } converge weakly to respective normal distributions. The theoretical
justification is provided in Appendix B (single marker setting) and Appendix C (multiple
marker setting) of the Supplementary Materials. The variances associated with these
asymptotic distributions are difficult to estimate empirically. Therefore, we propose to
estimate the variability of our proposed estimators and construct confidence intervals using a
perturbation-resampling method, which has been successfully used in many applications
[19, 20, 21, 22, 23]. This perturbation-resampling method is similar to the wild bootstrap
[24, 25, 26].

. b b b b b T
Specifically, let {V®=(V",... v v, ..Vén)c) b=1,.... D} pe nx D
independent copies of a positive random variables V/from a known distribution with unit
mean and unit variance, such as the standard exponential distribution. In the single marker

setting, let

10 (s) V) K (S =) Y

Fr B Z;L:TIVI(“?Kh(STi_S) ’
n ) [ (b
A(b)_Zi:clVC(’i){lu‘(T)(SCi)7YCi
s = ey ;
i=1"Ci
A(b) — ZIL:Tl V’I(f;)YT’L' _ 27:61 V(E‘rb) Yo,
SV Savs)

and

NORNNOPNO
R)=1-A /A",

Then one can estimate the distribution of

by the empirical distribution of
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A (b) N
AAs(b)_ AAS , b=1,...,D.
A —A

For example, the variance of former can be approximated by s, the empirical variance of the
latter conditional on the observed data. To construct a 100(1 — @)% confidence interval for

Rs, one can calculate the 100(a/2)™ and 100(1 — «/2)t empirical percentile of f?,(sb) or

estimate the variance of R, — R by the empirical variance of f%(sb) — R and construct the
corresponding Wald-type confidence interval. An alternative is to employ Fieller's method
for making inference on the ratio of two parameters [27, 28] and obtain the 100(1 — a)%
confidence interval for Rsas
~ AN 2
(A -7A)
1—r:— — — <4,
011 — 2rd12 —I—’l"20'22

where 22(&@)19]@ and ¢, is the (1 — a)th percentile of

(39 (1-,) 2"

11 -2 (1= Ry)oro+(1 - 1%5)2622

b=1,---,C

In the multiple marker setting, let Q(Tb) and Qg? be the perturbed estimates of Qn and Qa

estimated using weights V{2, respectively. Specifically, if 3 is obtained via solving the
estimating equation

n;lZTSTT. {YTi -9 (ﬂ,STi)} =0
im1

then ﬁ(b> is the root of the perturbed estimating equation

’I’Z’l_"anT‘/ZS?)STi {YTi -9 (ﬂ,STi) } =
i=1

(®)

and Qgi :S;iﬁ(b), for g= Tor C. Furthermore, the perturbed counterparts of /i (-) and A

are

S
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(b R A(b
G L O
Ky (q) - N 1‘/(b)Kh (Q‘(b) - q) an s Zn_l‘/c(.l?) 3

i=1VTi T = *

respectively, and ﬁéb) can be defined as 1 — A(sb) /A" Again the distribution of
Ag—A,
A-A

can be approximated by the empirical distribution of

NOEE
A,\S(b)_ AAS ,b=1,..., D,
AT —A

when the sample size is large. Therefore, we may make inference for /g similarly and
obtain confidence intervals as described in the single marker setting. The theoretical
justification for the perturbation-resampling procedure is provided in Appendix D of the
Supplementary Materials.

5. Simulation Studies

5.1. Single Surrogate Marker
We examined several simulation settings to assess the performance of our proposed
estimator, ﬁ:s, and proposed variance estimation procedure in the single surrogate marker
setting. In addition, we compared the performance of our proposed estimator to both model-

based estimators described in Section 3.1, 1:22 and JQZJSW. When the models that are required to

be specified to obtain RZ and R]Sw are correct, we would expect the proposed estimate and
both model-based to be unbiased though the proposed estimate may not be as efficient.
However, when these models are not correctly specified, we would expect the model-based

estimators to potentially yield biased estimates of Rwhile £ should remain unbiased.
Therefore, we examine two main simulation settings with varying values of R one where

. . . . ~ M
the models specified in the estimation procedure for R are correct and one where these
models are not correctly specified. In both simulation settings the model specification

. ~ B . .
required for R does not hold because we allow for an interaction between the treatment and
the surrogate. Throughout all simulations we use a normal density kernel for our proposed
estimate. For each simulation setting we present results when ny= o= 200 and ny= ng=

1000 to assess performance and sensitivity to sample size. For all three estimates (R, 132]5”

Stat Med. Author manuscript; available in PMC 2017 May 10.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Parast et al.

Page 13

and 1325), we estimate variance using our proposed perturbation approach and construct
confidence intervals using both the quantiles of the perturbed estimates and Fieller's method.

In the first simulation setting, Setting (i), we generated data such that the models specified in
(7) are correct. That is,

ST ~ N(
S~ N(
YM|SM=s ~ N (3+6s,3)

Y(s@=s~ N(

where ag = 23, 5, and —1/3 correspond to Rs= 0.2, 0.5 and 0.9, respectively. That is, when
ap = 5, the treatment effect on the surrogate marker explains approximately 50% of the
overall treatment effect. The top portion of Table 1 shows the performance of our proposed

estimator ﬁ{s and both model-based estimators, f%]sw and RZ in this setting when Rs=0.2,
0.5, and 0.9. The proposed estimation procedure performs well with very small bias, an
estimated standard deviation using the perturbation approach close to the empirical standard

deviation and a coverage level close to the nominal level of 95%. As expected, both RS and

Ifllsu have very small bias and the efficiency loss demonstrated by the proposed estimation
approach when the model specified by the flexible model-based approach is correct, is fairly

mild. However, Rf has poor performance with inadequate coverage and large bias compared
to the other two estimators as was expected given that this estimation approach incorrectly
assumes that there is no interaction between the treatment and the surrogate marker.
Performance in general is better when ny= no= 1000 compared to when ny= nc= 200 as
expected, with the flexible model-based approach being slightly superior to the proposed
method when the smaller sample size is used.

In the second simulation setting, Setting (ii), we generated data such that the models
specified in (7) are not correct. Specifically,

ST ~  exp {N(1.7,0.2)}

S~ exp{N(1.62,0.1)}
YD|ST =5 ~  aptars®+ay exp(s/5) +exp {N (0,0.3)}
Y(|$@ =5~ 0.85>+0.2 exp(s/5) +exp {N (0,0.3)}

where (ag, @1, @) = (20, 1, 0.5) corresponds to Rs~ 0.2, (ag, a1, ap) = (0.5, 1, 0.5)
corresponds to Rs= 0.5, and (ag, a1, ap) = (0, 0.82, 0.22) corresponds to Rs= 0.9. The

bottom portion of Table 1 shows the performance of our proposed estimator f%s and both

model-based estimators, ﬁi,w and 1325 in this setting. As expected when the models are
misspecified, both model-based estimators have rather large bias and poor coverage with
higher bias and poorer coverage as Rsincreases, while the proposed estimate is unbiased
and has coverage levels close to the nominal level of 95%. For all estimators, the
perturbation approach produces standard deviation estimates that are close to the empirical
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estimates. As expected, when ny= ngo= 200, the estimates from the proposed method have
larger biases than those in the larger sample size setting but still outperform the two model-
based approaches.

5.2. Multiple Surrogate Markers

We also examined several simulation settings to assess the performance of our proposed

estimator, J%S, and proposed variance estimation procedure in the multiple surrogate marker
setting, and compared the performance of our proposed estimator to the extension of

. A B . A M . . .
Freedman's estimator, 2, and the model-based estimator, R, described in Section 3.2.

Since we assumed a working linear regression model for £ (Y(T) |S(T)=S) =ﬂ5s, both the

proposed and model-based estimators aim to estimate <, the surrogacy of Q:‘B;)S. On the
other hand, it can be shown that Freedman's method aims to estimate R, the surrogacy of

’Y;s S, where g is the limit of the estimated regression coefficient of model (9) as the
sample size goes to infinity. As in the previous section, when the specified models are
correct, we would expect the proposed estimate and both model-based estimates to be
unbiased though we expect some efficiency loss with our proposed estimator. However,
when these models are not correctly specified, we would expect the proposed estimator and

its associated inference are still valid for estimating R, while neither ]32;” nor 1:25 are
consistent for their respective quantities (Rpand Rr, respectively). Therefore, we examine
two main simulation settings with varying values of Rs: one where the specified models are
correct and one where these models are misspecified. In both simulation settings the model

specification required for 1:25 does not hold because we allow for an interaction between the

treatment and the surrogate. We will also compare Rgand Reto the true surrogacy of S, Rs,

Throughout all simulations we use a normal density kernel for our proposed estimate and for
each simulation setting we present results when 7= o= 200 and n7= nc= 1000 to assess

performance and sensitivity to sample size, as in the single marker settings. For all three

. A ~ M A F . . . .
estimates (R, R, and ), we estimate variance using our proposed perturbation approach
and construct confidence intervals using both the quantiles of the perturbed estimates and
Fieller's method.

In the third simulation setting, Setting (iii), we generated data such that the models specified
in (12) and (13) are correct. That is,

ST~ N(6,4), S~ N(51)
S~ Binom (0.6), S5 ~ Binom (0.4)
S~ Ezp(1), S~ Exp(2)
Y(T)|S(T):(sl,s2,53)/ ~ N (ap+2s1+a;se+azss,9)
V(@S =(sy,59,53) ~ N (2+1.9251+3.55242.353,9)

where (ag, @1, ap) = (17.5, 4, 2.5) corresponds to R5=0.2, (ag, a1, @) = (5.35, 4, 2.5)
corresponds to Rs= 0.5, and (ag, a1, ap) = (1.99, 3.6, 2.3) corresponds to Rs=0.9. The top
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portion of Table 2 shows the performance of our proposed estimator szs and both model-

. ~ M A F . .
based estimators, R and R, when Rs=0.2, 0.5, and 0.9. The proposed estimation
procedure performs well with very small bias, an estimated standard deviation using the
perturbation approach close to the empirical standard deviation and a coverage level close to

the nominal level of 95%. As expected, both f%s and ﬁf have very small bias and the
efficiency loss demonstrated by the proposed estimation approach when the model specified
by the flexible model-based approach is correct, is fairly mild. However, the 95% confidence

interval based on 1:25 has inadequate coverage due to relatively large bias compared to the
other two estimators. It is expected given that this estimation approach assumes there is no
interaction between the treatment and the surrogate marker. As in the single marker setting,
performances of all methods are in general better when n7= no= 1000 compared to when
nr= nec= 200, with the flexible model-based approach being slightly superior to the
proposed method especially when the smaller sample size is used.

In the last simulation setting, Setting (iv), we generated data such that the models specified
in (12) and (13) are not correct. Specifically,

st~ N(6,4), 519 ~N(51)
S~ Binom (0.6), S\ ~ Binom (0.4)
S~ Bap(1), SI9 ~ Eap(2)

’

Y(T)‘S(T):(sl,s%s?,) ~  apta)sisatagsisassterp (assise) +exp{N (0,0.09)}
Y<C)\S(C):(sl, s9, 33)/ ~ aytasstsatagsisassterp (arsise) +exp {N (0,0.09)}

where (ag, a1, @, a3, ay, as, ag, ay) = (47,0.7,0.4, 0.2, 0.5, 0.7, 0.39, 0.2) corresponds to
Rs~ 0.2, (ag, a1, ap, az, as, as, ag, a7) =(9.3,0.7, 0.4, 0.2, 0.5, 0.5, 0.3, 0.1) corresponds
to Rg~ 0.5, and (g, @1, @, a3, au, as, ag, ay) = (1.2,0.52,0.32, 0.1, 0.5, 0.5, 0.3, 0.1)

corresponds to Rs = 0.9. The lower portion of Table 2 shows the performance of fzs, 1323[,
and 1:25 in this setting when Rs = 0.2, 0.5, and 0.9. As noted above, since we assume a

working linear regression model for £ (Y(T) \S(T)ZS) Zﬁbs, both the proposed and flexible
model-based estimators aim to estimate R, the surrogacy of Q=4 S, while Freedman's

method aims to estimate R, the surrogacy of 7;3 S. Therefore, in Table 2 we provide both
the true Rs(0.2,0.5 or 0.9) and (Rg, Rp) and calculate bias, MSE, and coverage with respect
to the quantity each estimator aims to estimate. As discussed in Section 3.2, when the

working model (15) in our proposed procedure is not correct, the proposed estimator, fzs,
will always be a consistent estimator of Rp but will only approximate the true Rs. In
contrast, when the models in the flexible model-based procedure, (11) and (12), are not

correct, the model-based estimator 1322/[ is not a consistent estimate of either Rpor Rs. In this
simulation setting, none of the specified models are correct [hatwide] i.e. the working model
for the proposed procedure is not correct and the models specified by the flexible model-
based procedure and Freedman's approach are also not correct. The proposed estimation
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procedure outperforms both model-based estimators in terms of bias and MSE and has better
coverage for Ro. When Rs = 0.90 and the working model is misspecified, the coverage of
our proposed estimator is slightly lower than the nominal level which may due to the
potential inadequacy of the normal approximation, particularly when Rgis close to 1.

6. Example

To illustrate our proposed estimation procedure we use data from a study of a 6-month
group-mediated cognitive behavioral (GMCB) intervention for peripheral artery disease
(PAD) participants. Previous results from this study described in McDermott ef a/. [29]
showed that the GMCB intervention, which promoted home-based walking exercise,
improved distance covered in a 6-minute walk, 12 months after completing the intervention,
compared to a control group. The intervention consisted of weekly visits to an exercise
facility and incorporated group support and self-regulatory skills (7= 81) while the control
group condition involved weekly on-site group meetings at a medical center where
participants received health educational lectures on topics not related to exercise (/7o = 85).
The primary outcome was the distance the participant completed after 6 minutes of walking
up and down a 100-foot hallway at 12 months after randomization. There were three
potential surrogate outcomes of interest which were obtained from the Walking Impairment
Questionnaire (WIQ), a PAD-specific measure of self-reported limitations with 3 domains:
walking distance, walking speed, and stair climbing (all on a scale from 0-100) [30]. Given
that measurement of the primary outcome, the distance covered in 6 minutes, requires
special supervision and attendance by the patients, we were interested in the questionnaire
measures as potential surrogates as they would require fewer resources to collect.

For illustration, we estimate the proportion of treatment effect explained by each of the three
potential surrogates alone (walking distance, walking speed and stair climbing from the
WIQ), and then estimate the proportion of treatment effect explained by all three surrogates
together using our proposed procedure and the model-based procedures. The overall
treatment effect, defined as the difference in the change in distance covered in six minutes in
the intervention group (average gain of 25.6 meters) compared to the control group (average
loss of 7.4 meters), was 33.9 meters. Table 3 shows the resulting estimates of R for Sequal

to each of the three surrogate measures using the proposed estimator, 2 .» the flexible model-

based estimator, 132{:[, and Freedman's estimator, f%: and corresponding standard deviation
estimates and 95% confidence intervals. The estimated proportion of treatment effect
explained varied substantially depending on the estimation procedure used. While none of
the measures appear to explain a substantial proportion of the treatment effect, self-reported
walking speed from the WIQ appears to capture the largest proportion of the treatment
effect. Specifically, walking speed explains about 48% of the treatment effect using our
proposed estimation procedure, 37% using the flexible model-based procedure and 17%
using Friedman's approach. Walking distance from the WIQ also appears to explain a
reasonable proportion of the treatment effect while stair climbing explains little of the
treatment effect. The last portion of Table 3 shows the estimated quantities for all three
surrogate measures together. With the flexible model-based procedure, one could use the
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estimated model parameters to construct a single “pseudo-marker” as described in Section
3.2 which would be:

W=9.80+0.33 (Walking Distance) +0.95 (Walking Speed)+0.44 (Stair Climbing) .

Using our proposed procedure, 48% of the treatment effect is explained by the three
measures together while the flexible model-based procedure and Freedman's approach
estimate the proportion of treatment effect explained as 38% and 18%, respectively. It is
important to note that all procedures produce rather wide confidence intervals in this
illustration, we discuss this further below.

7. Discussion

We have proposed a nonparametric procedure to estimate the proportion of treatment effect
explained by a single potential surrogate marker and have extended this procedure to a
setting with multiple surrogate markers. Specifically, our procedure uses kernel smoothing to
estimate the conditional mean of the primary outcome given the surrogate marker under
treatment and applies this estimate to the control group to obtain an estimate of the residual
treatment effect. In the multiple marker setting, we use a working model to obtain a single
summary measure and again use kernel smoothing in an effort to obtain an estimate that is
more robust to misspecification of the working model. We have compared our proposed
approach to available model-based approaches which require specification of models
describing the relationship between the surrogate and the primary outcome and
demonstrated through simulations that the proposed procedure outperforms the model-based
procedures when the specified models do not hold. In addition, we have proposed a variance
estimation procedure based on perturbation-resampling and showed that the resulting
variance estimates are close to empirical estimates.

As discussed in Molenberghs et al. [11], focusing on the proportion of treatment effect
explained by a surrogate as the quantity of interest to capture surrogacy has some
limitations. While our definition of the quantity in (4) improves upon the more common
definition using coefficients from a linear regression model because it does not rely on
correct model specification, the quantity will still tend to be unstable when the treatment
effect is close to zero and confidence intervals for the quantity will tend to be very wide
unless one has a very large sample size or the treatment effect is large, as we observed in our
illustration with PAD participants. Therefore, use of the proportion of treatment effect
explained quantity would not be advisable in a study where the treatment effect is small.
While we have shown that our proposed estimators can greatly reduce bias by being robust
to model misspecification, further research to develop more efficient estimators would be
useful.

We note that causal interpretations of the estimated quantity should be approached with care
since certain untestable assumptions are required to hold in order for this quantity to truly

capture the proportion of treatment effect explained by the surrogate. However, independent
of those assumptions, the defined surrogacy quantity could be used to quantify the ability of
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the surrogate marker to replace the primary outcome in estimating the treatment effect.
Specifically, one could measure the treatment effect based on Sonly using

A=fu(s)dF, (s) — [u(s) dE, (s)

where () is a prediction of Ybased on S= sand F7(:) is the marginal cumulative
distribution function of &7, the surrogate marker under treatment. If 1(s) = A AD|S7 = ),
then the difference that would be observed when A is used as a measure of the treatment
effect instead of A is exactly (3) i.e. Ag This equivalence does not rely on the assumptions in
(2) and suggests that the defined surrogacy quantity has an appropriate interpretation in
terms of the bias in replacing the treatment effect on the primary outcome with the expected
treatment effect given the surrogate information.

A limitation of our proposed approach is the requirement that the supports of &7 and $(©)
are equivalent. However, in most practical applications where one aims to estimate the
proportion of treatment effect explained, it is more likely that there will be substantial
regions of overlap between S7 and S(© and less likely that these two regions of support
will be substantially separated. In addition, due to the use of kernel smoothing, care should
be taken in using the proposed estimator in small sample size settings; as shown in Section
5, performance may be adequate with sample sizes of 200 in each group but in certain
settings, performance can be undesirable.

Finally, we have assumed that both the surrogate marker and primary outcome are fully
observed and that the surrogate marker (at least one in the multiple surrogate case) is
continuous. In simple settings, where the surrogate marker is discrete, alternatives that do
not involve nonparametric smoothing can be used. When the primary outcome of interest is
a time-to-event outcome such as time to death or time to diabetes diagnosis, the methods
proposed here would require further (nontrivial) extension to handle missing surrogate
marker measurements and censoring of the primary outcome itself. Further research in these
areas is warranted.

An R package implementing the methods described here, called Rsurrogate, is available on
CRAN.
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Refer to Web version on PubMed Central for supplementary material.
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Table 1

Performance of the proposed (RS) and model-based estimators (Ri\/] and 1:25) in terms of bias, empirical
standard deviation (ESD), average standard deviation (ASD) obtained using the proposed perturbation-
resampling approach, mean squared error (MSE) and coverage of the 95% confidence intervals obtained using
both the quantiles of the perturbed estimates (Quantile) and Fieller's method (Fieller), in Setting (i) where
there is a single surrogate marker and the models assumed by the flexible model-based estimator, ]:Z]SM, are

correctly specified, and Setting (ii) where there is a single surrogate marker and the specified models are not
correct with 77= ng= 200 and with 7= ng=1000.

Setting (i) Model Correctly Specified
hy = 200, ne = 200
Rg= 0.2 Rs=05 Rs=0.9
Re sM SF Re sM =~ Re SM SF
s Rg Ry S Ry Ry S Ry Ry
Bias -0.0023 | -0.0005 | -0.0072 | -0.0066 | —0.0021 | -0.0189 | -0.0072 | 0.0009 | -0.0295
ESD 0.0260 0.0259 0.0251 0.0457 0.0445 0.0432 0.0559 0.0506 0.0488
ASD 0.0262 0.0258 0.0250 0.0466 0.0450 0.0434 0.0561 0.0513 0.0494
MSE 0.0007 0.0007 0.0007 0.0021 0.0020 0.0022 0.0032 0.0026 0.0033
Coverage (Quantile) 0.946 0.941 0.938 0.945 0.941 0.914 0.926 0.942 0.885
Coverage (Fieller) 0.951 0.947 0.942 0.946 0.947 0.915 0.934 0.944 0.885
ny = 1000, ng = 1000
RS =0.2 Rs =05 RS =09
Re M ~F R SM ~F Re sM o~
S Rg s Rg Ry s Rg Rg
Bias —-0.0003 | 0.0003 | -0.0065 | -0.0014 | —-0.0001 | —-0.0169 | -0.0031 | -0.0007 | -0.031
ESD 0.0118 0.0115 0.0111 0.0207 0.0196 0.0188 0.0241 0.0214 0.0205
ASD 0.0117 0.0115 0.0111 0.0203 0.0196 0.0189 0.0238 0.0216 0.0208
MSE 0.0001 0.0001 0.0002 0.0004 0.0004 0.0006 0.0006 0.0005 0.0014
Coverage (Quantile) 0.948 0.947 0.899 0.939 0.946 0.840 0.936 0.934 0.676
Coverage (Fieller) 0.948 0.950 0.900 0.940 0.951 0.835 0.941 0.941 0.682

Setting (ii) M odel Misspecified
nt =200, nc = 200
RS = 02 RS = 05 Rs = 09

Ra M o~ Re M ~SF Re sSM ~F

s | Ry R s | Ry Ry s | Ry R
Bias -0.0022 | -0.0141 | -0.0241 | -0.0064 | -0.0364 | —0.0612 | -0.007 | —0.0629 | -0.0844
ESD 0.0250 0.0290 0.0275 0.0404 0.0521 0.0492 | 0.0161 | 0.0436 0.0404
ASD 0.0255 0.0292 0.0277 0.0417 0.0525 0.0497 | 0.0176 | 0.0441 0.0414
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Setting (ii) M odel Misspecified
ny = 200, ne = 200
Rg=0.2 Rs=05 Rs=09
Re M ~F Re M ~F Re M ~F
s Rg Ry s Rg Ry S Ry Ry
MSE 0.0006 0.0010 0.0013 0.0017 0.0040 0.0062 0.0003 0.0059 0.0088
Coverage (Quantile) 0.946 0.912 0.842 0.948 0.883 0.737 0.937 0.562 0.246
Coverage (Fieller) 0.947 0.908 0.832 0.947 0.873 0.715 0.933 0.537 0.224
ny = 1000, nc = 1000
Rs=0.2 Rs=05 Rs=0.9
Re M ~F Re M ~F Re M ~F
s Ry Ry s Ry Ry S Ry Ry
Bias —0.0008 | -0.0134 | -0.0234 | -0.0022 | -0.0335 | —0.0585 | —-0.0018 | -0.0587 | -0.0805
ESD 0.0116 0.0133 0.0126 0.0185 0.0236 0.0223 0.0071 0.0192 0.0177
ASD 0.0116 0.0133 0.0126 0.0185 0.0236 0.0224 0.0072 0.0191 0.0177
MSE 0.0001 0.0004 0.0007 0.0003 0.0017 0.0039 0.0001 0.0038 0.0068
Coverage (Quantile) 0.950 0.826 0.528 0.944 0.681 0.214 0.936 0.079 0.005
Coverage (Fieller) 0.951 0.818 0.521 0.948 0.673 0.201 0.942 0.067 0.002

Stat Med. Author manuscript; available in PMC 2017 May 10.



Page 23

Parast et al.

Sv6'0 0560 | 8¥6°0 8060 1¥6°0 876'0 £26°0 876'0 056'0 (411314) 8besBN0D
£V6°0 6760 | 8760 106'0 9v6°0 S76°0 2260 L¥6°0 86’0 | (s1nuend) abesanoy
17000 | TT00°0 | €1000 | #0000 | €0000 | #0000 | TO00'0 | TO0O'O | TO0OO EN
2200 | seco0 | 2s€00 | €9T00 | €2100 | ¥8T0°0 | 28000 | S800°0 | 6800°0 asv
€2€0'0 | 8e€00 | ¥9€00 | ¥9T00 | S2TO0 | 06TO0 | T8OO'O | 9800°0 | T600°0 as3
9€00°0- | £200°0 | S000°0 | 9600°0- | TT00'0 | TO000- | 6€00°0- | ¥000°0 | TO0O0O- selg
S S S S S S
a4 nd | Su a4 wd Sy el wd Sy
06'0=°54 050=54 020=°5d
000T =°U ‘000T = tu

8260 60 6260 2€6°0 6760 9€6°0 1760 1560 056'0 (1911814) 8besBN0D
v£6°0 €760 ¥26'0 926'0 960 1€6°0 1£6°0 256°0 are'0 | (sinuend) abesanod
65000 | 9000 | 2000 | st000 | sTOOO | 87000 | €0000 | ¥0000 | %0000 ES
9v200 | 18200 | ¥1800 | 29€00 | 68€00 | ZTvOO | €8T00 | 16100 | 00200 asv
Gv200 | 22200 | 9v800 | 29500 | s8€00 | €2v00 | 28100 | 68100 | TOZOO as3
¥700°0- | T¥00'0 | Z¥00°0- | €0T0°0- | 00000 | 6¥00°0- | S¥00'0- | €000°0- | €200°0- selg
S S S S S S
a9 wd sy a9 wd Sy a9 wd sy
06'0=54 050="54 020="54

00z =°u ‘ooz = tu

pa13109as A[1091100 ppo A (111) bunles

"000T =Su =Lu yum pue 00z =Su =Lu y)Im 1991109 10U aJe S|apow paiy1dads ayl pue siaxew

a1eBolins aaJy} ale alayl asaym (A1) Buimess pue ‘paiy1oads A[19a1100 are _gwm ‘J0TeWIISS Paseq-|apow a|gixal) ayl Aq pawinsse s|apow ayl pue siaxeuw
21e60.1ns 831y aJe aiay) ataym (1) Bumsas ui ‘(Ja]a14) poyew sJa|al4 pue (sjnuend)) serewnss pagnuad ay) Jo sajnuenb ay) yrog Buisn paurelqo
S[eAJa]1Ul 3IUBPIJUOI 94GE 3yl Jo abelanod pue (3SIA) Joia patenbs uesw ‘yoroudde Buljdwesal-uonegniuiad pasodoad ayy Buisn paurelgo (QSy) uoneinsp

pJepuels abelane ‘(QS3) uolRIASP prepuels [ealidws ‘seiq JO SWwia) Ul ﬂ@ pue :wwu SI0YeWIISa paseq-[apow pue Am@ pasodo.d ay) Jo 8dueWIOIAd

¢ 9lqeL

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

Stat Med. Author manuscript; available in PMC 2017 May 10.



Page 24

Parast et al.

YET0 vavo | 660 0700 s120 | 0960 YTL0 8080 | 15600 (1211214)ab6e19M0D
1o evro | 9ze0 2100 1020 | 0960 610 88,0 | 9560 | (emuend)abessnod
28000 | ¥6000 | 20000 16000 | 2€000 | ¥000°0 $000'0 | 90000 | TOOOO 3SW
68200 | TIv0'0 | 92100 zezo0 | €ee00 | €oz00 szro0 | 65100 | 211000 asv
68200 | TTv00 | S2TO0 v2z00 | 91€00 | 96100 12100 | S5T00 | 1100 as3
6580°0- | 8000 | seoo0- | oes00- | 89v0'0 | ¥zooo- | tT100- | 987100 | 8000°0- seig
S S S S S S
a9 wd Sy a9 wd 5y a9 wd Sy
926'0 = 3y ¥26'0 = O _ 950 =3 _ €250 =%y _ 1120=3 _ 9020 = Oy
06'0="54 _ 050=54 _ 020=54
000T =°u ‘000T = tu
v0L0 8o | wweo 08%'0 1060 | 9g60 880 v26'0 | 160 (1211214)a6e19M0D
6690 9280 | z160 1050 v680 | Se6'0 8880 6060 | €v6'0 | (amuend)abessnod
91100 | 69700 | TTO0O 91100 | 92000 | z200°0 11000 | 21000 | 20000 ES
§5900 | ¥€600 | £1€0°0 17500 | 02200 | €9v0°0 10200 | 15€00 | 0920°0 asv
¥990'0 | 25600 | 8620°0 82500 | zr.00 | 85v0°0 €8200 | 09€0'0 | 6520°0 as3
05800~ | 28800 | 8100~ | TWEOO- | Z9v00 | S6000- | 69T00- | 06100 | TE000- seig
S S S S S S
a9 wd sy a4 wd sd a9 wd $d
9260 = ¥ ¥26'0 = O _ 950 =3y _ €250 =%y _ 1120=3 _ 9020 = Oy
06'0="54 _ 050="54 _ 020="%4

00z =°u ‘oz = tu

PS1I0S0SS N PPO N (A1) BUTRS

Author Manuscript

Author Manuscript

Author Manuscript Author Manuscript

Stat Med. Author manuscript; available in PMC 2017 May 10.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Parast et al. Page 25

Table 3

Estimates, standard deviations (SD), and 95% confidence intervals (CI) using both the quantile method
(Quantile) and Fieller's method (Fieller) for estimates of the proportion of treatment effect explained by each
of three potential surrogate markers alone (walking distance, walking speed and stair climbing obtained from
the WIQ) and the proportion explained by all three together, where the outcome of interest is change in 6
minute walking distance from baseline to 12 months using the proposed estimator, f%s, the flexible model-

. ~ M . ~F
based estimator, R , and Freedman's estimator, R _

Rs Ry R

Potential surrogate: walking distance from the WIQ

Estimate 0.4403 0.1701 0.0753
SE 0.22 0.1771 0.0976

95% CI (Quantile) | (0.04,0.92) | (-0.07,057) | (-0.03,0.31)
95% CI (Fieller) (0.01,1.01) | (-0.11,055) | (-0.08,0.27)

Potential surrogate: walking speed from the WIQ

Estimate 0.4808 0.3722 0.1726
SE 0.2437 0.2839 0.1618

95% CI (Quantile) | (0.13,1.04) | (0.04,1.06) | (-0.02,0.53)
95% CI (Fieller) (0.08,1.05) | (-0.04,1.11) | (-0.06,0.52)

Potential surrogate: stair climbing from the WIQ

Estimate 0.122 0.1392 0.0695
SE 0.2099 0.1581 0.0913

95% CI (Quantile) | (-0.34,0.47) | (-0.08,052) | (-0.02,0.3)
95% Cl (Fieller) | (-0.43,0.46) | (-0.17,051) | (-0.11,0.28)

All three potential surrogates

Estimate 0.4835 0.3801 01771
SE 0.3236 0.3095 0.1785

95% CI (Quantile) | (-0.21,1.06) | (0.04,1.12) | (-0.02,0.61)
95% Cl (Fieller) | (-0.28,1.04) | (-0.06,1.07) | (~0.09,0.57)
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