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Abstract 

Background  Indirect treatment comparisons can provide evidence of relative efficacy for novel therapies 
when implementation of a randomised controlled trial is infeasible. However, such comparisons are vulnerable 
to unmeasured confounding bias due to incomplete data collection and non-random treatment assignment. 
Quantitative bias analysis (QBA) is a framework used to assess the sensitivity of a study’s conclusions to unmeasured 
confounding. As indirect comparisons between therapies with differing treatment modalities may result in violation 
of the proportional hazards (PH) assumption, QBA methods that are applicable in this context are required. However, 
few QBA methods are valid under PH violation.

Methods  We proposed a simulation-based QBA framework which quantifies the sensitivity of the difference 
in restricted mean survival time (dRMST) to unmeasured confounding, and is therefore valid under violation of the PH 
assumption. The proposed framework utilises Bayesian data augmentation for the multiple imputation of an unmeas-
ured confounder with user-specified characteristics. Adjustment of dRMST is then implemented in a weighted 
analysis using the imputed values. The accuracy and precision of our proposed imputation-based adjustment method 
was assessed through a simulation study. Confounded data was simulated using a common non-PH data generating 
process, and imputation-based effect estimates were compared against estimates obtained following adjustment 
for all confounders. Implementation of the proposed QBA framework was also illustrated using a data from an exter-
nal control arm study demonstrating clear PH violation.

Results  Imputation-based adjustment using Bayesian data augmentation was observed to estimate the true adjusted 
dRMST with minimal bias. Moreover, the bias was comparable to that observed under adjustment when all confounders 
were measured. Application of the proposed QBA framework to an indirect treatment comparison study enabled identi-
fication of the characteristics of an unmeasured confounder that would be required to nullify the study’s conclusions.

Conclusions  Imputation-based adjustment can accurately recover the true adjusted dRMST in the presence 
of unmeasured confounding with known exposure and outcome associations. Therefore, the proposed QBA frame-
work can correctly determine the characteristics required by an unmeasured confounder to invalidate a study’s con-
clusions. Consequently, this framework enables the construction of sensitivity analyses to investigate the robustness 
of relative efficacy evidence derived from indirect treatment comparisons which exhibit PH violation.
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Background
Demonstration of the efficacy of a novel treatment 
relative to an established therapy is a fundamental 
requirement of both the regulatory and reimburse-
ment assessment process. The randomised controlled 
trial (RCT) is considered the gold standard for gener-
ating such evidence [1], but in certain situations it may 
not be possible to perform an RCT for ethical or logis-
tical reasons [2]. In these scenarios the implementation 
of a single-arm trial [2], in which patients only receive 
the novel intervention, allows for assessment of treat-
ment response and safety, but with no demonstration of 
comparative efficacy. Relative efficacy can still be demon-
strated using a single-arm study through the increasingly 
common method of indirect treatment comparison (ITC) 
[3], which involves comparing outcomes from the clinical 
study to an external data source, such as a historical trial 
or an electronic health record (EHR) database [3–6].

ITC methods are applicable both when individual-level 
patient data (IPD) from the external source is unavailable 
[7, 8] and when IPD is accessible. In the latter case, an exter-
nal control arm (ECA) can be constructed, allowing com-
bined analysis of outcomes and covariates from the clinical 
study and the external source [9–11]. In addition to contex-
tualising results from single-arm trials, another common 
application of ECA analysis is estimation of the efficacy of 
a novel therapy relative to a comparator not included in the 
control arm of a phase III RCT. This is done by comparing 
patient-level data from the intervention arm of an RCT to 
an ECA consisting of a population treated with a different 
control therapy than the one used in the RCT.

Despite the ability of ITCs to generate evidence in the 
absence of an RCT, their application requires careful 
consideration [12]. A particular concern with any ITC 
is the presence of confounding bias, which occurs when 
patient characteristics (confounders) have an associa-
tion with both treatment assignment and the outcome 
of interest. Random treatment assignment, as used in an 
RCT, ensures that measured and unmeasured confound-
ers are balanced between arms, protecting against bias 
when outcomes are compared between the study arms 
[13]. The absence of randomisation in an ITC means that 
confounding bias is likely when outcomes are naively 
compared [14]. Identification and measurement of con-
founders enables statistical methods to account for their 
influence [14–18]. However, even after adjustment for 
measured confounders, the presence of unmeasured con-
founding remains a concern in non-randomised studies, 

particularly when using EHR data, where the measure-
ment of confounders depends on relevance to clinical 
decision-making.

The application of quantitative bias analysis (QBA) 
has been recommended to assess the potential impact 
of unmeasured confounding on a study’s conclusions 
[19–21]. QBA is often conducted as a tipping point anal-
ysis, identifying exposure and outcome associations of 
a hypothetical unmeasured confounder that would ren-
der the focal effect estimate non-significant. If the iden-
tified associations are considered implausible then the 
study is likely to be robust to unmeasured confounding. 
Several QBA methods have been proposed [22–25] and 
can be grouped into two categories: bias-formula meth-
ods, including the popular E-value approach [26], which 
directly compute confounder-adjusted effect estimates 
[26–28], and simulation-based approaches [29–32], 
which treat unmeasured confounding as a missing data 
problem solved through imputation of unmeasured con-
founders, which are then applied in  a adjusted analysis 
[31–33]. Bias-formula methods have the advantage of 
being relatively easy to implement and interpret, but are 
limited to specific scenarios of unmeasured confound-
ing [34]. In contrast, simulation-based methods offer 
greater flexibility by allowing users to construct specific 
confounding scenarios of interest, but potentially require 
advanced statistical expertise to ensure proper imple-
mentation and interpretation of results.

To accurately assess the robustness of conclusions 
obtained from an ITC using QBA, the chosen framework 
must be compatible with modelling assumptions used to 
perform the outcome comparison which generated the 
focal treatment effect estimate. Many key outcomes for 
assessments of a novel therapy are time-to-event (TTE) 
measures, such as time to disease progression, as they 
often capture the duration of a therapy’s effectiveness. 
When ITC derived evidence is generated for a TTE out-
come, the proportional hazards (PH) assumption is com-
monly relied upon, but is often violated in practice due 
to comparisons between therapies with unique methods 
of action [35–40]. The dRMST, defined as the difference 
in mean survival time between treatment groups up to a 
user-specified time horizon, has been recommended as a 
valid effect measure in the presence of PH violation [41, 
42]. Both parametric and non-parametric estimators for 
dRMST have been proposed [43, 44], with re-weighting 
schemes available for adjustment of dRMST for meas-
ured confounders [45, 46]. Valid assessment of ITC 
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derived TTE evidence requires effect measures and sen-
sitivity analyses which are applicable under PH violation. 
Despite this, The majority of QBA methods for TTE out-
comes, with the exception of the dRMST based methods 
proposed by Lin et al. and Lee et al. [47, 48], require the 
PH assumption to be satisfied [49–51].

With the frequent occurrence of PH violation, particu-
larly in oncology immunotherapy studies [39, 52]—which 
are a growing focus of HTA assessments—a flexible QBA 
method valid under PH violation would be invaluable for 
assessing the robustness of ITC analyses. In this work 
we propose a method consisting of a simulation-based 
QBA framework to assess the sensitivity of dRMST to 
potential unmeasured confounding. In contrast to earlier 
simulation-based QBA frameworks that rely on likeli-
hood-based imputation methods [29, 30], our proposed 
framework employs a Bayesian imputation approach. 
This allows for greater flexibility in handling processes 
that generate non-proportional hazards (non-PH) 
data, accommodating different distributional forms of 
unmeasured confounding, and can be implemented and 
extended using widely available software packages.

Methods
In this section we first present the specifics of the pro-
posed QBA framework, before describing two analyses 
utilising the framework, specifically, an assessment of the 
validity of adjusted treatment effect estimates in a simu-
lation study, and an application using a dataset from a 
published ITC analysis demonstrating clear violation of 
the PH assumption.

Outline
The proposed QBA framework takes the form of a tipping 
point analysis where estimation of the dRMST, adjusted 
for potential unmeasured confounding, is performed as a 
two-step process. In step one, unmeasured confounding 
is treated as a missing data problem, and multiple impu-
tation (MI) of the unmeasured confounder is performed 
using user-specified outcome and exposure associations. 
This MI process utilises Bayesian data augmentation as its 
methodological foundation. In step two, multiple adjusted 
analyses are performed using the imputed values and 
adjusted effect estimates are subsequently pooled and 
consolidated into a single estimate and associated confi-
dence interval. The two-step process is iterated across a 
range of user-specified associations to identify associa-
tions that are sufficient to nullify the study’s conclusions.

Proposed QBA framework
Step 1: multiple imputation of unmeasured confounders
We now provide a general description of the MI method 
used to obtain values of an unmeasured confounder. We 

begin by establishing some notation and assumptions. 
First, let i = 1, . . . ,N  index patients in the study cohort. 
Now let ti denote the (possibly censored) outcome for 
patient i , and δi ∈ {0,1} an event indicator where δi = 1 
indicates that patient i experienced the event, and δi = 0 
otherwise. Now let zi ∈ {0,1} denote a treatment indicator 
where zi = 1 indicates membership of the intervention 
arm, and zi = 0 otherwise. Finally, let xi denote a vector 
of measured confounders and ui ∈ {0,1} an (unmeas-
ured) confounder. Although a binary form is assumed 
for ui , a continuous variable representing the combined 
effect of multiple unmeasured confounders is also plau-
sible [28, 53]. For notational convenience we define 
x = {x1, . . . , xN },u = {u1, . . . ,uN }, z = {z1, . . . , zN }   , 
δ = {δ1, . . . , δN } , and t = {t1, . . . , tN } . The following out-
come model f  and propensity model g are assumed:

In Eq. (1) the effect of treatment in both arms is cap-
tured by the parameter vector θ, with the effect of meas-
ured and unmeasured confounders on survival denoted 
by the parameter vectors βx and βu , respectively. In Eq. 
(2) the effect of measured and unmeasured confounders 
on treatment assignment are denoted by the parameter 
vectors αx and αu , respectively. In contrast to θ , βx , and 
αx , which are estimated, βu and αu are known parameters 
which are varied by the user to assess the sensitivity of 
the study’s conclusions under different unmeasured con-
founding scenarios.

In principle, the proposed framework imposes no 
restrictions on the specification of f  , which may rep-
resent any parametric model, whether it adheres to or 
deviates from the proportional hazards assumption. In 
the simplest case of a proportional hazards model with 
exponential survival, θ would encompass the baseline 
hazard and the log hazard ratio, conditioned on any con-
founding covariates. When violations of the proportional 
hazards assumption occur, a wide range of options for f  
are available. These include models incorporating inter-
actions between treatment and time to capture a waning 
or delayed treatment effect, or the use of a cure model 
to accommodate long-term survival. If further flexibil-
ity is required, modelling the baseline hazard or a time-
dependent treatment effect with spline-based approaches 
would also be viable.

Bayesian data augmentation is used to construct a 
probabilistic MI scheme for ui . Data augmentation refers 
to a class of statistical methods for tractable inference 
in the presence of missing data or latent variables [54], 
which have been successfully applied in both frequentist 

(1)f ti|zi, xi,ui, δi, θ ,βx,βu ,

(2)g(zi|xi,ui,αx,αu).
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and Bayesian settings [55, 56]. Bayesian data augmenta-
tion allows for the specification of the joint posterior 
over both unknown parameters and the unobserved 
data, allowing for the inclusion of unobserved data into 
an MCMC sampling scheme where the posterior samples 
of parameters representing unobserved data are treated 
as imputations [56]. In our imputation scheme the unob-
servable data is the unmeasured confounder ui.

The joint posterior is defined by first specifying the joint 
distribution of t and u, and then placing priors on θ and 
ui and any hyperparameters. Therefore, we first specify 
a Bernoulli prior p(ui|ϕ) , where the hyperparameter ϕ 
denotes the prevalence of ui = 1 in the study population. 
The joint distribution of t and u, denoted by l , then factor-
ises as:

The prior specification is then completed by specifying 
priors p(θ) , p(βx) , p(αx) and p(ϕ) . Eq. (3) is then com-
bined with the prior specification using Bayes theorem, 
to give the joint posterior π , which is proportional to:

Using Markov chain Monte Carlo (MCMC) methods a 
sample can be drawn from the joint posterior π [57]. When 
examining the MCMC output our interest is in the marginal 
posterior sample for ui , as these represent imputed values 
for ui , given the user-specified association parameters.

Step 2: imputation‑based adjustment for the dRMST
Having extracted a posterior sample, K  of the samples for 
ui are retained as imputations and the adjusted dRMST 
is estimated using numerical integration of weighted 
Kaplan-Meier (KM) curves [45], where the per-patient 
weights are calculated conditional on the imputed values 
of the unmeasured confounder. For each set of K  imputa-
tions uk = {uk1, ...,u

k
N } a set of weights wk = {wk

1 , ...,w
k
N } 

are computed using:

Note that in Eq. (4) the propensity score for patient i 
computed using the kth imputation for ui is denoted by 
g(z = 1|uki ,α

k
x ,αu) , where αk

x denotes the kth  posterior 
sample for αx . Using the method of Cole and Hernan 
[45], the weights wk are applied to estimate the adjusted 
dRMST, with variance estimates computed using the 
method proposed by Conner et al. [46] (see supplemen-
tary material for further details).

(3)l
(
t ,u|z, x, δ, θ ,βx,αx,βu,αu

)
= f

(
t|z, x.u, δ, θ ,βx,βu

)
g(z|x,u,αx,αu)p(u|ϕ).

π(θ ,βx,αx,u|t , x, z, δ,βu,αu) ∝ f (t|x, z,u, δ, θ ,βx,βu)g(z|x,u,ax,αu)p(u|ϕ)p(θ)p(βx)p(αx)p(ϕ).

(4)

wk
i =

1

zig(z = 1|uki , xi ,α
k
x ,αu)+ (1− zi)(1− g(z = 1|uki , xi ,α

k
x ,αu))

.

Weighting using imputations of u , yields K  point estimates 
of the adjusted dRMST, denoted by γ = {γ1, .., γK } , and 
associated variance estimates, denoted by η = {η1, ..., ηK } . 
To compute pooled adjusted estimates γ̂  and η̂ , and to 
appropriately propagate uncertainty in the imputations for 
u , we apply Rubin’s rules [58] given by Eqs. (5) and (6) below:

A pooled confidence interval (CI) is computed using a 
Student’s t-distribution with the appropriate degrees of 
freedom.

(5)γ̂ =

K∑

k=1

γk ,

(6)

η̂ =
1

K

K∑

k=1

ηk +

(
1+

1

K

)(
1

K − 1

) K∑

k=1

(γk − γ̂ )2.

In principle, our framework accommodates multiple 
methods for adjusting for ui using its imputed values. 
Here, we have illustrated an approach using inverse prob-
ability of treatment (IPT) weighting. However, alternative 
techniques, such as propensity score matching (PSM), 
are equally applicable. If PSM is used, a matching process 
using estimated propensity scores conditioned on the 
imputed values of ui would be performed. The adjusted 
dRMST would be computed through numerical integra-
tion of Kaplan-Meier curves estimated using the matched 
data, and the variance computed using the estimator pro-
posed by Lin et al. [47].

Figure 1 summarises steps one and two of the proposed 
QBA framework. By iterating both steps for different 
pairs of association parameters (αu,βu), the sensitivity of 
dRMST to unmeasured confounding can be assessed.

Simulation study
Simulation model
The validity of our proposed imputation-based method 
for the adjustment of dRMST was assessed using a sim-
ulation study. Confounded data was simulated and ana-
lysed under a commonly encountered violation of the PH 
assumption, where a delayed treatment effect is observed 
in the intervention arm. In this scenario, survival is 
identical between arms until a specific time, after which 
treatment in the intervention arm becomes effective and 
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survival is superior. While the proposed framework can 
account for the presence of both measured and unmeas-
ured confounders, for simplicity we focus simulation 
analyses on an example where only unmeasured con-
founding is present.

Outcomes ti were simulated using a delayed treat-
ment effect model with exponential survival. For patient 
i = 1, . . . ,N  the hazard function was specified as:

where,

In Eq. (7), ui denotes a binary confounder where 
ui ∼ Bernoulli(0.5) and βu denotes its additive effect on 
the log hazard. The conditional HR capturing the effect of 
treatment was piecewise constant, and is given by:

Hence, survival between arms was identical ( HRz = 1 ) 
until a (known) change point t0 , after which treatment in 
the intervention arm becomes effective ( HRz= exp(βz) < 1

). As ui is a confounder we specified its association with zi 
using a logit link function defined by:

For the censoring process we applied administrative 
censoring at the end of the study period, denoted by T .

(7)h(ti|zi,ui,βu,βz) = �exp(uiβu + 1(ti > t0)ziβz),

1(ti > t0) =

{
0, ti ≤ t0,
1, ti > t0.

(8)HRz =
h(t|z = 1,u,βu,βz)

h(t|z = 0,u,βu,βz)
= exp(1(ti > t0)βz).

(9)
Pr(zi = 1|ui) = logit−1

(α0 + α1ui),αu = (α0,α1).

Simulation scenarios
Different simulation scenarios were considered by vary-
ing βu , α0, and α1. The values we considered were as fol-
lows: For βu we specified βu = log(0.5) or βu = log(2) 
which corresponds to a halving or doubling of the hazard 
respectively. Imbalance in u was simulated by specifying 
four scenarios for ( α0,α1 ). Two of these scenarios (small 
1 and small 2) assigned a small imbalance between arms, 
and the remaining two (large 1 and large 2) assigned a 
large imbalance between arms. The values for ( α0,α1 ) 
alongside the corresponding conditional probabilities of 
receiving treatment are displayed in Table 1.

Considering all possible combinations for βu and 
( α0,α1 ) gave a total of 8 simulation scenarios. In each sce-
nario we set N = 300, � = 0.073,βz = log(0.68), t0 = 5 , 
and T = 48 . Under each scenario the dRMST adjusted 
for u is readily computed (see supplementary mate-
rial for further details). Irrespective of the imbalance in 
u between arms the adjusted dRMST equals 3.59 when 
βu = log(0.5) and 2.36 when βu = log(2).

Fig. 1  Proposed QBA framework with IPT weighting for adjustment to assess the sensitivity of dRMST to unmeasured confounding

Table 1  Conditional probabilities of receiving treatment under 
each imbalance scenario

Imbalance (α0, α1) Pr(Z = 1|U = 1) Pr(Z = 1|U = 0)

Small 1 (log(2/3), 2log(3/2)) 0.6 0.4

Small 2 (log(3/2), 2log(2/3)) 0.4 0.6

Large 1 (log(1/4), 2log(4)) 0.8 0.2

Large 2 (log(4), 2log(1/4)) 0.2 0.8
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Comparing adjustment methods
To optimally assess the characteristics of the proposed 
framework, we implemented the data generating model 
into the QBA framework, ensuring that model misspecifi-
cation did not compromise evaluation of the framework’s 
validity. We compared dRMST estimates up to time hori-
zon τ = 48 , obtained through adjustment using imputed 
values of u against estimates adjusted using the actual 
simulated values of u . When adjusting using the actual 
u , dRMST was estimated through numerical integration 
of IPT weighted KM curves. To illustrate the magnitude 
of the bias induced by unmeasured confounding, a naive 
analysis was performed where the presence of confound-
ing was ignored and the dRMST was estimated using 
numerical integration of unweighted KM curves. For each 
simulation scenario 100 datasets were simulated, with 
bias, standard error (SE) and 95% CI coverage compared 
between all three methods (Imputed, Actual, and Naive). 
Bias was defined as the difference between the estimated 
dRMST and the true adjusted dRMST. Implementation of 
imputation-based adjustment requires priors to be placed 
on all model parameters, to specify the joint posterior 
from which imputations are drawn. Therefore, the follow-
ing priors were placed on all model parameters:

with µ0 , σ 2
0  , aϕ , and bϕ set to the values given below to 

reflect vague prior beliefs:

MCMC sampling of the joint posterior was imple-
mented using the statistical software JAGS and the R 
package rjags [59, 60] (see supplementary material for 
further details). For each simulated dataset a total of 
5,000 posterior samples for ui were drawn. MCMC sam-
pling efficiency was assessed by monitoring the effective 
sample size (ESS) [57], and through visual inspection of 
traceplots.

Empirical application
Our proposed QBA framework was applied to data from 
a published immuno-oncology study which demonstrated 

log(�) ∼ N (µ0, σ
2
0 ),

βz ∼ N
(
µ0, σ

2
0

)
,

ui ∼ Bernoulli(ϕ),

ϕ ∼ Beta(aϕ , bϕ),

µ0 = 0, σ 2
0 = 100,

aϕ = 1, bϕ = 1.

clear violation of the PH assumption, through a delayed 
treatment effect for a novel immunotherapy. We used the 
proposed QBA framework to examine the sensitivity of 
the conclusions of this study to the presence of unmeas-
ured confounding.

Description of dataset
The empirical dataset was taken from an ECA study 
which compared the efficacy of the CAR-T therapy brex-
ucabtagene autoleucel, against standard-of-care therapies 
in patients with acute lymphoblastic leukaemia (ALL) 
[61, 62]. For the intervention arm, patients received brex-
ucabtagene autoleucel as part of the single-arm ZUMA- 
3 trial. To provide a comparator, an ECA (SCHOLAR- 3) 
was constructed from historical clinical trial data by 
the study authors, with propensity score matching used 
to identify suitable patients [63]. We focused on assess-
ment of the overall survival (OS) results obtained in the 
ZUMA/SCHOLAR- 3 study. Specifically, we utilised 
data for the SCA- 2 sub-group, which included patients 
treated with the immunotherapies blinatumomab or ino-
tuzumab from the SCHOLAR- 3 (N= 20) and ZUMA- 3 
(N= 29) datasets as this subgroup showed clear PH-viola-
tion for OS [62]. As the ZUMA/SCHOLAR- 3 study was 
a non-randomised ECA analysis, unmeasured confound-
ing may have been present if the matching process used 
by the original authors did not incorporate unmeasured 
covariates, which had an association with both treatment 
assignment and the study outcome.

Analysis of empirical data
As dRMST was not the effect measure of interest in the 
original ZUMA/SCHOLAR- 3 study, it was necessary to 
obtain such estimates before assessing their robustness to 
unmeasured confounding with QBA. Survival data was 
reconstructed using digitised data extracted from pub-
lished KM curves [64]. Initial analyses were performed 
to estimate a reference dRMST, assuming the absence of 
unmeasured confounding through an unadjusted com-
parison of outcomes. Relative efficacy was summarised 
using numerical integration of KM curves to estimate the 
dRMST, and a 95% CI was computed using the method 
proposed by Conner et al. [46].

To assess the impact of unmeasured confounding our 
proposed QBA framework was applied to outcome data 
from the ZUMA/SCHOLAR- 3 study. For this analysis 
the outcome and propensity models were identical to 
those defined in the simulation study, with the exception 
that we assumed the presence of an unmeasured binary 
confounder u ∈ {−1, 1} with user-specified associations 
βu and αu . A −1/1 coding for u was considered as this 
removes the intercept from the propensity model, reduc-
ing the number of association parameters and simplifying 
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visualisation of the output of the analysis. Therefore, the 
relationship between ui and treatment assignment is 
given by:

Under the above specification the corresponding odds 
ratio (OR) equals exp(2αu) . The conditional HR which 
captures the effect of u on survival is given by:

For the unknown parameters log(�) , βz , ui and 
ϕ = Pr(ui = 1) , the prior specification remained the 
same as that used for the simulation study. As αu and βu 
are user-specified, unique grid pair combinations ( αu,βu ) 
were specified, with the range of paired values chosen 
to reflect the extent of plausible associations that would 
be possessed by a binary confounder in practice. Values 
for αu were set to [−0.7,−0.6, . . . , 0.6, 0.7] with the cor-
responding OR ranging between 0.25 to 4.06. Values for 
βu were set to [−1,−0.9, . . . , 0.9, 1] with the correspond-
ing HRu ranging between 0.37 to 2.71. Using these val-
ues a grid of size 21× 15 = 315 was constructed, and the 
proposed framework was applied at each combination of 
grid points. For each adjusted analysis utilising a specific 
grid pair 5,000 posterior samples of u were drawn, with a 
burn-in of 4,000 posterior samples leaving 1,000 imputed 
datasets.

For a fixed αu the posterior estimates for βz , �, and ϕ 
are expected to be similar for neighbouring grid point 
values of βu . Therefore, to promote MCMC convergence, 
the sampled chains for βz , �, and ϕ were initialised using 
posterior means estimated using MCMC output from 
the previous neighbouring grid point for βu . At each grid 
point MCMC sampling efficiency was assessed by moni-
toring the ESS.

The objective of the analysis was to identify pairs 
( βu,αu ) which induced a non-significant estimate (i.e. 
the 95% CI covers 0) for the adjusted dRMST. Pairs trig-
gering a non-significant estimate were visualised using 
caterpillar plots, where the CIs for a given αu are plotted 
across the range of values considered for βu.

Results
Simulation study
The average ESS for u under each simulation scenario was 
> 100 indicating adequate mixing of the sampled chain for 
u , with visual inspection of traceplots suggesting that sam-
pling occurred from the joint posterior across individual 
analyses (see supplementary material for further details). 
Figure  2 compares the estimated dRMST between all 3 
methods. In Fig.  2 the naive analysis produced biased 

(10)Pr(zi = 1|ui) = logit−1(−αuui),ui = −1, 1.

(11)

HRu =
hj(ti|ui = 1, zi = j)

hj(ti|ui = −1, zi = j)
=

exp(βu)

exp(−βu)
= exp(2βu), j = 0, 1.

estimates across all 8 scenarios, with the magnitude of 
the bias being greater under large imbalances. In contrast, 
imputation-based adjustment was able to recover the true 
adjusted dRMST with minimal bias across all scenarios. 
Moreover, the ability to recover the true adjusted dRMST 
was comparable between imputation-based adjustment 
and actual adjustment across all scenarios. Imputation-
based estimates were less precise when compared to 
actual adjustment, with a larger SE across all simulation 
scenarios (Table 2), reflecting the uncertainty in imputed 
values which is propagated into the pooled estimate. 
Examining the CI coverage rate in Table 2, the empirical 
rate exceeded the nominal rate of 95% when using impu-
tation-based adjustment under large imbalances.

Empirical study
Estimation of dRMST assuming no unmeasured confounding
Figure 3 displays KM curves for the ZUMA/SCHOLAR- 
3 study estimated using reconstructed survival data. 
Naive analysis of the ZUMA/SCHOLAR- 3 study 
resulted in a dRMST of 5.2 months; 95% CI: 0.07 - 10.2.

Application of proposed QBA framework
Implementation of the proposed QBA framework 
requires the specification of t0 in the outcome model, 
which represents the time at which a treatment effect in 
the intervention arm is initiated. Visual assessment of 
Fig. 3 suggested that this occurred at a time of 5 months 
for the ZUMA/SCHOLAR- 3 study – denoted by the 
dashed vertical line in Fig. 3. Therefore, t0 = 5 was speci-
fied in the outcome model for the analysis. The ESS aver-
aged over all grid points for log(�) and βz was ≥ 100, 
which indicated acceptable MCMC mixing. The average 
ESS for ϕ was < 100 indicating relatively inefficient sam-
pling of this parameter when compared to log(�) and βz.

Figure 4 presents adjusted dRMST results obtained by 
applying our proposed QBA framework to the ZUMA/
SCHOLAR- 3 study across multiple pairs of values for the 
sensitivity parameters. As expected, when the effect of u 
is small, i.e. OR ≈ 1 or βu ≈ 0, an adjusted dRMST esti-
mate is obtained which is close to the reference estimate 
(the estimate obtained assuming no unmeasured con-
founding – denoted by the dashed black line in Fig.  4). 
A non-significant dRMST estimate was obtained for the 
ZUMA/SCHOLAR- 3 study (Fig. 4) when OR ≤ 0.82 and 
HRu ≥ 1.50, or when OR ≥ 1.22 and HRu ≤ 0.67, as seen 
at multiple points in Fig.  4 where the 95% CI crosses a 
dRMST of 0 – denoted by a dashed orange line.

Discussion
In this article we have demonstrated a simulation-based 
QBA framework for TTE data that is valid in the presence 
of PH violation. The proposed framework uses Bayesian 
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data augmentation to impute values for an unmeasured 
confounder with user-specified exposure and outcome 
associations, which are then used to re-weight survival 

data and compute confounder-adjusted dRMST esti-
mates. Results from a simulation study demonstrated that 
the proposed adjustment method performs comparably 

Fig. 2  Output from the simulation study comparing the estimated dRMST between all 3 methods

Table 2  Comparison of bias, SE, and CI coverage rate between methods imputed and actual

a Averaged over 100 simulations
b Bias as defined as estimate – truth
c Significance level = 95%
d Parameters for the logistic propensity model: Values induce the following imbalances:

Small 1: Pr(Z = 1|U = 1) = 0.6 , Small 2:Pr(Z = 1|U = 1) = 0.4,

Large 1: Pr(Z = 1|U = 1) = 0.8 , Large 2:Pr(Z = 1|U = 1) = 0.2.

e Conditional log(HR) capturing the effect of u on survival: Values correspond to either a halving ( log(0.5))

or doubling ( log(2) ) of the hazard

Simulation scenario Biasa, b SEa CI coverage ratec

αu d βu e Imputed Actual Imputed Actual Imputed Actual

Small 1 log(0.5) 0.121 − 0.207 1.957 1.914 0.93 0.91

log(2) − 0.330 − 0.110 1.423 1.399 0.95 0.95

Small 2 log(0.5) − 0.140 0.065 1.949 1.905 0.97 0.94

log(2) 0.299 0.133 1.399 1.366 0.98 0.97

Large 1 log(0.5) 0.012 − 0.065 2.667 2.328 1.00 0.97

log(2) − 0.283 − 0.268 1.911 1.701 0.98 0.94

Large 2 log(0.5) − 0.040 0.122 2.671 2.337 0.99 0.95

log(2) − 0.022 − 0.056 1.863 1.673 0.99 0.95
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when either an imputed or measured confounder is used, 
correctly identifying the confounder characteristics 
required to overturn a study’s conclusions.

The proposed framework was applied to the ZUMA/
SCHOLAR- 3 ECA-based ITC study, which exhib-
ited clear PH-violation. Visualising adjusted CIs across 
various exposure and outcome associations revealed 
confounding scenarios that nullified the ECA analysis 
conclusions, with the small sample size resulting in sub-
stantial uncertainty, as indicated by the wide adjusted 
dRMST CIs. Our results indicated that nullification 
would require an unmeasured confounder to decrease 
mortality by at least 33% with an OR for exposure above 
1.22, or increase mortality by at least 50% with an OR 
below 0.82.

A key aspect of QBA is assessment of the plausibility 
of associations identified as being sufficient to nullify 
the study result. A common approach to achieve this is 
to benchmark the exposure and outcome associations 
against those estimated for a measured confounder. If the 
identified associations are larger than those observed for 

known confounders, it may be reasonable to conclude 
that unmeasured confounding is not strong enough to 
overturn the study results. For the ZUMA/SCHOLAR- 3 
study, we did not have access to IPD, so it was not pos-
sible to estimate associations between known confound-
ers and the exposure and outcome to conclusively assess 
the plausibility of the scenarios for which non-signifi-
cant dRMST estimates were obtained. However, a form 
of contextualisation may be achieved by considering 
known prognostic markers of differential outcomes in 
ALL, that may act as confounders if unevenly distributed 
across the ECA and trial sources. For example, the Phila-
delphia chromosomal abnormality, present in ~ 20% of 
ALL cases, is associated with worse 5-year survival than 
other abnormalities (12% vs. 67%) [65]. These survival 
rates suggest that the greater than 50% hazard increase 
needed to nullify the study conclusions is plausible, but 
this would also simultaneously require a considerable 
imbalance in the distribution of this confounder between 
the ECA and trial sources (OR ≤ 0.82). Moreover, given 

Fig. 3  Estimated Kaplan-Meier curves for the ZUMA/SCHOLAR- 3 study



Page 10 of 13Soutar et al. BMC Medical Research Methodology          (2025) 25:131 

its strong prognostic significance, it is unlikely that such a 
confounder would go unidentified or unmeasured.

The QBA framework presented here was developed by 
extending previously proposed methods for simulation-
based QBA [30], particularly for TTE data [29]. This exten-
sion involved replacing the expectation-maximisation 
algorithm previously used to impute unmeasured con-
founders with a Bayesian data augmentation approach. 
Despite utilising Bayesian data augmentation, the frame-
work itself is not fully Bayesian, as the adjusted dRMST is 
estimated using frequentist methods. In this respect our 
framework is similar in structure to the two-step method 
proposed by Kaplan and Chen in [66], for uncertainty 
propagation in propensity score analyses. Fully Bayesian 
QBA frameworks have been previously proposed [32, 33] 
which enable specification of prior information for asso-
ciation parameters, in addition to generation of a summary 
of the adjusted effect estimate over all plausible associa-
tion parameters in a marginal posterior estimate. Despite 
this, only relatively simple adjusted parametric survival 
distributions can be feasibly considered to compute a pos-
terior estimate of the adjusted dRMST, therefore limiting 
the modelling flexibility of a fully Bayesian approach. Fur-
thermore, as sources of unmeasured confounding may be 
unknown, the construction of informative priors for the 

association parameters may be a complex task, and if not 
correctly performed may result in estimation issues such as 
non-identifiability [31–33]. Our proposed QBA framework 
addresses these issues by employing a two-step estima-
tion process that considers only user-specified sensitivity 
parameters, and separates the imputation process from 
treatment effect estimation. Separating the framework into 
these two distinct steps enables the use of flexible non-par-
ametric methods for estimating the adjusted dRMST.

While alternative QBA methods that utilise dRMST 
have previously been introduced [47, 48], our proposed 
QBA framework is, to the best of our knowledge, the 
first simulation-based QBA method for the non-PH set-
ting. In contrast to other QBA methods for dRMST, the 
Bayesian data augmentation framework presented here 
explicitly models confounding assumptions, rendering 
them transparent and easier to assess. By directly model-
ling confounder associations, the output becomes read-
ily interpretable, with the identified associations reported 
using familiar effect measures (e.g., HR, OR). Moreover, 
the framework’s modular design permits implementa-
tion under user-specified outcome and propensity mod-
els, enabling a wide range of confounding assumptions 
to be considered. This flexibility extends to the choice of 
adjustment method, effect measure, and outcome model.

Fig. 4  Output from our proposed QBA framework applied to the ZUMA/SCHOLAR- 3 study
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An additional advantage is that Bayesian data augmenta-
tion allows for the inclusion of prior information, enabling 
the integration of informative priors to address estimation 
issues associated with small sample sizes. Prior specifica-
tion also facilitates the incorporation of external knowledge 
regarding the population distribution of the unmeasured 
confounder and its effect on survival. Finally, by generating 
a marginal posterior estimate of the population distribution 
of the unmeasured confounder, our framework provides 
further insight into the characteristics of a hypothetical 
unmeasured confounder, which may assist in evaluating the 
plausibility of unmeasured confounding.

While the proposed framework benefits from flex-
ibility, it does possess some limitations. For example, 
extending the framework to incorporate more complex 
outcome models during the imputation step could result 
in posterior distributions that are challenging to sample 
using standard MCMC methods [67], potentially lead-
ing to inaccurate imputations and invalid results derived 
from poorly sampled unmeasured confounder imputa-
tions. Similarly, inaccurate imputation can result if the 
outcome or propensity model is misspecified. When the 
underlying relationships between the unmeasured con-
founder and either the outcome or treatment assignment 
are uncertain, we recommend implementing multiple 
sensitivity analyses using different forms of the unmeas-
ured confounder and its relationships with the exposure 
and outcome to investigate the impact of these assump-
tions. Invalid results may also occur if the performance 
and characteristics of the selected adjustment method 
are not adequately assessed. For example, when using re-
weighting methods, it is advisable to examine the pres-
ence of extreme treatment weights across all values in the 
grid search, as these can increase the variability of bias 
in effect estimates [17]. If extreme weights are identified, 
commonly applied methods, such as stabilisation and 
trimming [17, 68], can be incorporated into the frame-
work. Similar considerations apply when using matching-
based approaches for adjustment [69].

Use of the specific variance estimator for IPT weighted 
dRMST employed in our framework may also require 
careful consideration in practice. In the presence of 
strongly asymmetric exposure distributions, this estima-
tor can lead to deviations from the nominal 95% confi-
dence interval coverage [46]. Consequently, any QBA 
results obtained from the framework under such condi-
tions should be interpreted with caution.

Finally, when applying the proposed framework, care-
ful consideration must be given to what constitutes 
plausible magnitudes for confounder–exposure and con-
founder–outcome associations, as well as to determining 
an appropriate range of values for the grid search. Users 
should therefore ensure that the assumptions underlying 

each component of the framework are thoroughly evalu-
ated, exercising caution when interpreting results in the 
presence of strongly asymmetric exposure distributions 
obtained using IPT weighting.

Despite being associated with considerable uncertainty 
due to the potential for unmeasured confounding, ITC 
evidence is increasingly being used in regulatory and 
reimbursement decision-making [3]. In recognition of 
these uncertainties, many regulatory bodies have issued 
guidance on best practices for analysing real world 
data and performing ITC analyses [21, 70, 71]. A unify-
ing theme of these guidelines is the critical role played 
by sensitivity analysis and QBA in contextualising the 
inherent uncertainty involved when making decisions 
based on this type of evidence. Therefore, it is vital that 
suitable QBA frameworks are available for any analysis 
scenario that may be encountered when generating ITC 
evidence. Although many QBA methods have been pro-
posed to assess the robustness of a study to unmeasured 
confounding, these methods must be valid under PH 
violation to ensure their applicability across the breadth 
of scenarios that may arise in the regulatory assess-
ment of a novel therapy. The framework presented here 
is valid under PH violation and can play a fundamental 
role when performing sensitivity analysis for ITCs, con-
tributing to the reduction of uncertainty in the regula-
tory and reimbursement decision-making process for 
novel therapies.
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