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Abstract 

In their paper, Yang et al. tackle the important challenge of identifying biomarkers that are predictive for 

a time-to-event response while taking into account relevant risk factors. The proposed solution is a doubly 

robust conditional independence test based on the model-X framework, that is, the test relies on sampling 

from the distribution of the biomarker of interest conditional on the relevant risk factors. However, the 

paper falls short of helping biometricians to make an informed decision on when the proposed test can be 

used and what alternative doubly robust tests exist in the literature with directly usable and open source 

software implementations. This comment intends to close this gap by ( i) discussing the assumptions on the 

censoring mechanism that are sufficient for the test to be valid; and ( ii) providing a small scale empirical 

comparison between the test by Yang et al. and another established doubly robust conditional independence 

tests for time-to-event responses based on the Generalised Covariance Measure. The results show that the test 

by Yang et al. performs on par with the existing test in terms of type I error control and power, while being 

computationally more expensive due to the refitting steps. Code to reproduce all results is available in the 

Supplementary Materials and on GitHub. 
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which involves the true but only partially observed survival 

time T . 

We now turn to the assumptions employed by Yang et al. 

( 2025 ) . For our discussion, it will be convenient to split As- 

sumption 1 ( i) and ( ii) in Yang et al. ( 2025 ) into two. 

Assumption 1 ( Uninformative censoring) : It holds 

that T ⊥⊥ C | X, Z. 

Assumption 1 amounts to the classical assumption of unin- 

formative censoring, which, as Yang et al. ( 2025 ) discuss, is 

fulfilled if censoring is purely administrative. However, Yang 

et al. ( 2025 ) make a second assumption ( Assumption 2 below) 

which we will show to be unnecessary for the validity of a test 

for H0 in ( 1 ) . 

Assumption 2 ( Biomarker-independent 

censoring) : It holds that C ⊥⊥ X | Z. 
Assumption 2 rules out associations between the biomark- 

ers X and the censoring time C other than through the es- 

tablished risk factors Z. Again, if censoring is purely admin- 

R

©

r

o

D
ow

nloaded from
 https://academ

ic.oup.com
/biom

etrics/advance-article/doi/10.1093/biom
tc/ujag037/8512701 by institute for english business com

m
unication user on 10 M

arch 2026
1 Introduction 

ith the more frequent collection of high-throughput exper-

ment data, discovering which of the measured variables are

otential biomarkers for a time-to-event response has become

n important challenge. Conditional independence tests can

ddress this challenge while being able to account for known

isk factors. Yang et al. ( 2025 ) propose one such test and we

ollow their notation to formalize the problem. 

Let T ∈ R + 

denote the survival time, C ∈ R + 

denote the

ensoring time, X ∈ R 

dX denote biomarkers, and Z ∈ R 

dZ de-

ote other established risk factors for T . We assume that

(T , C, X, Z) follows a joint distribution P and that we have

ccess to n observations that are independent and identically

istributed copies of (Y : = min (T , C) , � : = 1 (T < C) , X, Z) . 

To establish whether a novel ( set of) biomarker( s) is predic-

ive of the event time conditional on established risk factors,

e are interested in testing the null hypothesis, 

H0 : T ⊥⊥ X | Z, ( 1)
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istrative, this assumption is met. Neither Assumption 1 nor

Assumption 2 are testable without making further assump-

tions, as they involve partially unobserved event or censoring

times, and their validity, therefore, needs to be argued based

on domain knowledge. 

2 Discussion of assumption 2 

Yang et al. ( 2025 ) motivate Assumption 2 with “[r]isk factors

Z ( patient’s characteristics and clinical variables) affect T and

, while biomarkers impact T but not C when conditioned on

Z.” However, this assumption is not necessary for the validity

of the classical likelihood ratio test ( Klein et al., 2014 ) or dou-

bly robust tests of conditional independence for time-to-event

responses: There are doubly robust tests of conditional inde-

pendence ( see Section 3 ) that are valid under Assumption 1 ,

without invoking Assumption 2 . We also illustrate empirically

that the test by Yang et al. ( 2025 ) retains type I error control

under violations of Assumption 2 in Section 3 . 

In Proposition 1 , we instead show that Assumption 2

( together with Assumption 1 ) is sufficient to warrant the use

of tests that ignore censoring or use only the binary event

indicator to test H0 in ( 1 ) . This shows that Assumption 2 is

rather too strong, in the sense that one no longer needs tools

from survival analysis to test the hypothesis of interest. 

Proposition 1: Under H0 in ( 1 ) and Assumptions 1 

and 2 , the following conditional independencies hold: 

Y ⊥⊥ X | Z and � ⊥⊥ X | Z. ( 2) 

Proof. Together, Assumptions 1 and 2 imply 

(T , X ) ⊥⊥ C | Z, by the conditional contraction 
property of conditional independence ( Dawid, 1979 ) . 

By conditional weak union ( Dawid, 1979 ) , we have 

X ⊥⊥ C | T , Z, which together with H0 , again by 
conditional contraction, yields X ⊥⊥ (C, T ) | Z. Now, 
since Y = min (T , C) and � = 1 (T < C) are both 

measurable functions of T and C, we obtain ( 2 ) , 

which completes the proof. 

�

The conditional independencies in ( 2 ) contain fully ob-

served quantities only and, therefore, allow the use of condi-

tional independence tests that are oblivious to censoring or,

as often done, solely consider the event indicator as a binary

outcome. In Section 3 , we show empirically that conditional

independence tests using only the event indicator ( but not

time and censoring information jointly) are quite sensitive to

violations of Assumption 2 . 

3 Comparison with the tram-GCM test 

The goal of this section is to empirically compare the proposed

test by Yang et al. ( 2025 ) with other existing ( doubly robust)

conditional independence test in light of the discussion of the

assumptions in Section 2 , the complexity of the survival and

biomarker regression, and computational costs. 

Kook et al. ( 2025 ) propose the Transformation Model Gen-

eralised Covariance Measure ( TRAM-GCM) test, which relies
n testing an implication of H0 under Assumption 1 , namely, 

T ⊥⊥ X | Z ⇒ E [(� − �(Y | Z))(X − E [ X | Z])] = 0 , 

( 3) 

here �(y | z) denotes the cumulative hazard function of Y 
iven Z, and � − �(Y | Z) are martingale residuals ( Therneau 
t al., 1990 ) . The test requires a survival regression to obtain 

n estimate of � and a conditional mean regression to obtain 

n estimate of E [ X | Z] , both of which may be based on ma- 
hine learning fulfilling certain rate conditions ( Kook et al., 

025 , Theorem 15) . The TRAM-GCM test is valid under arbi- 

rary forms of uniformative left, right, and interval censoring 

 see Kook et al., 2025 , supplementary material) . Here, the test 

s presented only for the case of right censoring, in line with 

he setting in Yang et al. ( 2025 ) . Model-X based tests ( Candès 

t al., 2018 ) and the GCM test ( Shah and Peters, 2020 ) for 

on-censored responses have been compared in detail in Niu 

t al. ( 2024 ) . A doubly robust approach to estimating hazard 

atios has been proposed in Vansteelandt et al. ( 2024 ) . 

We conduct a small-scale empirical study ( similar to set- 

ing MX1 and MT2 in Yang et al., 2025 ) in which T is 

enerated from a Weibull model with scale λ = 0 . 1 , shape 

= 2 , and hazard ratio exp (0 . 8 Z + βX ) ( hence, H0 holds 

ff β = 0 ) ; C follows an exponential distribution with rate 

 . 1 · exp (0 . 5 Z + 0 . 5 X ) ( thus, Assumption 1 holds while As-

umption 2 is violated) ; Z follows a standard normal distribu- 

ion and X is generated according to X = 0 . 5 Z + 0 . 25 ε, with

tandard normally distributed ε. 

We apply the test by Yang et al. ( 2025 ) using a Cox and 

 linear model, the TRAM-GCM test with a Cox and a linear 

odel, and the GCM test by Shah and Peters ( 2020 ) , which 

ses the binary event indicator as a response, a random forest 

or regressing � on Z and a linear model for regressing X on 

. The latter test is included to illustrate the danger of using 

nly the event indicator when Assumption 2 is violated. 

Figure 1 ( A) shows the empirical cumulative distribution 

unction ( ECDF) of the P -values when sampling 300 obser- 

ations from the setting described above, repeated 100 times, 

hich, for a valid test and under the null hypothesis ( β = 0 ) , 

re expected to be standard uniformly distributed. For β = 0 , 

either the Yang et al. ( 2025 ) test nor the TRAM-GCM test 

how violations of type I error control at any significance 

evel, despite violations of Assumption 2 , while the binary 

CM test violates type I error control. These results empha- 

ize empirically that Assumption 2 is not necessary for ensur- 

ng type I error control. In terms of power ( β = 0 . 5 ) , the test 

y Yang et al. ( 2025 ) and TRAM-GCM perform on par in this 

etup. 

In practice, computational time is another important factor 

o consider when choosing an appropriate test. Figure 1 ( B) 

hows that the test by Yang et al. ( 2025 ) is computationally 

xpensive, leading to median runtimes that are almost two or- 

ers of magnitude slower than the TRAM-GCM test ( using the 

ame classes of regression models) , which is due to re-fitting 

f the survival regressions for each model-based bootstrap 

tep. For this comparison we used B = 199 resamples, which 

s rather moderate compared to B = 1000 recommended in 

ang et al. ( 2025 ) . In this case, the binary GCM test is slower 
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Figure 1 Comparison of the test proposed by Yang et al. ( 2025 ) , the TRAM-GCM test, and a GCM test that uses the binary event indicator 

( binary GCM) based on n = 300 , dX = dZ = 1 , 100 repetitions, and using B = 199 bootstrap iterations. In the DGP, Assumption 2 is violated. 

( A) ECDFs of the 100 computed P -values per test under H0 ( β = 0 ) and an alternative β = 0 . 5 . The dotted line indicates a uniform 

distribution. ( B) Empirical quantile function of runtimes for all three tests. ECDF, empirical cumulative distribution function; TRAM-GCM, 

Transformation Model Generalised Covariance Measure. 
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han the TRAM-GCM test, as it relies on a random forest re-

ression instead of a Cox model. 

We additionally observe that although Yang et al. ( 2025 )

llow for dX > 1 in their theoretical results and algorithms,

heir implementation is currently limited to dX = 1 and lin-

ar regression for the X on Z regression. The TRAM-GCM test

s implemented in the R package comets ( Kook and Lundborg,
024 ) and supports parametric, Cox, and Random Forest-

ased survival regression and a multitude of algorithms for

he X on Z regression, including XGboost and random forests,

nd allows for X with dX > 1 of discrete, ordinal, continuous,

r mixed type. 

4 Conclusion 

ang et al. ( 2025 ) propose a powerful doubly robust con-

itional independence test under the model-X framework.

e critically discuss which assumptions are sufficient for

he validity of the proposed and related conditional indepen-

ence tests and provide a small scale empirical comparison

ith the TRAM-GCM test. Biomarker-independent censoring

 Assumption 2 ) is not necessary for the validity of the test by

ang et al. ( 2025 ) or the TRAM-GCM test, while it is sufficient

or the validity of tests ignoring censoring or using the binary

vent indicator as an outcome. Empirically, both tests perform

imilarly under the considered data generating mechanism in

erms of type I error control and power, while the TRAM-GCM

est is computationally faster. Violations of Assumption 2 can

ave a detrimental impact on type I error control of tests using

nly the event indicator. 

Both the discussion and the empirical comparison, for

hich code is available in the Supplementary Materials and

n GitHub, are intended to inform biometricians and prac-

itioners in their choice of test for modern feature selec-

ion and causal inference problems in applications with time-

o-event responses. Future work is needed for a more nu-

nced empirical comparison of the available tests and re-
lated methods under broader data generating processes and

model misspecification, requiring a more flexible implemen-

tation of the test in Yang et al. ( 2025 ) . More generally, dou-

bly robust conditional independence tests that are valid un-

der dependent censoring are an interesting avenue for future

research. 
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