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» Introduction
∗ Estimands were the statistical concept of the moment when the COVID-19

pandemic started in early 2020, the Suez canal was blocked, and shortly after, the
Ukraine war started.

∗ Numerous disruptions affected clinical trials all around the globe.

∗ Examples:
∗ Population shift
∗ Treatment effect drift
∗ Change of care
∗ Change of data collection
∗ Change in availability of study medication

Can we use randomization based inference to address disruptions?
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» Motivating example

∗ Consider a single-blind randomized controlled trial of two weight loss
interventions on obesity:

∗ One intervention is standard of care plus a drug;
∗ the other is standard of care plus a lifestyle intervention.

∗ The primary outcome is change in BMI from baseline to 24 months after
enrollment.

The primary objective of the trial is to investigate whether one of the two treatments is
superior to the other, and to assess the magnitude of the difference of change in BMI
between the treatments.
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» What are randomization tests??

∗ Randomization tests test the Fisherian null hypothesis that a patient’s response
would have been the same, irrespective of the treatment they received:

𝐻0 ∶ 𝑦𝑖|𝐸 = 𝑦𝑖|𝐶

Each patient’s response would have been the same, if they had been assigned to the
other treatment group.

∗ no assumption about distribution the response,
∗ identical distribution not necessary,
∗ based on the counterfactual response.
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» Difference in means test statistic

∗ Consider the difference in means test statistic as a measure for the extremeness of
the result

𝑆(𝑡, 𝑦) = ∑𝑖 𝑡𝑖 ⋅ 𝑦𝑖
𝑁𝐸

− ∑𝑖(1 − 𝑡𝑖) ⋅ 𝑦𝑖
𝑁𝐶

∗ To obtain the distribution of 𝑆 under 𝐻0, we have to “fix” the null hypothesis,
and leave the rest free. ⇒ we have to condition on a sufficient statistic for 𝐻0:
⇒ The response 𝑦 = (𝑦1, … , 𝑦𝑁) is sufficient for 𝐻0
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» Distribution of the test statistic under the RT 𝐻0
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» Rejection of the null
∗ A large absolute value of the test statistic is evidence against the null hypothesis.
∗ We compare the observed test statistic to the potential values that would have

resulted if a different randomization sequence had been used in a trial.
∗ 𝐻0 is rejected if the probability to observe a larger absolute value of the test

statistic is lower than 5%:

𝑝 = ∑
𝑡∈Ω

1(|𝑆(𝑡)| ≥ |𝑆(𝑡𝑜𝑏𝑠)|) ⋅ ℙ(𝑇 = 𝑡) < 0.05.

∗ A consistent estimator for 𝑝 can be obtained by Monte-Carlo resampling:

̂𝑝 = 1
𝐿

𝐿
∑
𝑙=1

1(|𝑆(𝑡𝑙)| ≥ |𝑆(𝑡𝑜𝑏𝑠)|).
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» Defining an estimand in the Fisherian framework

∗ Target population: defined by the inclusion and exclusion criteria of the trial,
conditional on the enrolled participants.

∗ Primary outcome: Change in BMI from enrollment to 24 months after follow-up
in the group of enrolled participants.

∗ Treatments: Randomized treatments

∗ Intercurrent events and their strategies:
1. Withdrawal from treatment due to reasons associated with the treatment: treatment

policy strategy
2. Withdrawal from treatment unrelated to treatment: hypothetical strategy

∗ Population level summary measure: difference in means of the observed outcomes.
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» Intercurrent events due to the pandemic

During the course of the trial, the trial protocol needed to be amended for the impact
of the pandemic, and the following intercurrent events were added due to the
pandemic:

3. Measurement of the primary outcome in clinic is replaced with at-home
measurement of the primary outcome: Treatment policy strategy

4. The study drug is replaced with a different drug because of supply chain-issues:
Hypothetical strategy
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» Estimands

1. the effect of the treatment for the overall population Θ, but assuming that all
participants can come to the clinic to get their BMI measured, and the study drug
is still available:

𝜃1 = 𝐸Θ(𝑌 |𝑇 = 1, 𝐶3 = 𝐶4 = 0) − 𝐸Θ(𝑌 |𝑇 = 0, 𝐶3 = 𝐶4 = 0)

2. the effect in post-pandemic world Θafter, but assuming that all BMI
measurements are conducted at home

𝜃1 = 𝐸Θafter
(𝑌 |𝑇 = 1, 𝐶3 = 0, 𝐶4 = 1) − 𝐸Θafter

(𝑌 |𝑇 = 0, 𝐶3 = 0, 𝐶4 = 1)
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» Implementation in the randomization testing
framework

∗ Treatment policy strategy: Randomization test will provide unbiased results
because the null hypothesis 𝐻0 ∶ 𝑃 (𝑌 ≥ 𝑦|𝑇 ) = 𝑃(𝑌 ≥ 𝑦) continues to be true

∗ Hypothetical strategy:
∗ Conditional randomization tests: restrict the reference set to sequences where the

treatment assignment for a participant i is the same as the assignment i in the
observed randomization sequence (Heussen et al. 2024)

∗ Multiple imputation: baseline and longitudinal covariates as well as longitudinal
outcome values of earlier time points could be used to impute missing outcomes at
the time point of interest. (Ivanova et al. 2022)
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» Computational considerations for the conditional
randomization test

∗ The conditional reference set consists of all sequences of the full reference set that
fulfill certain conditions.

∗ The sampling approach can either be naive (sampling from the full set and
discarding sequences that do not meet the condition) or complex (sampling
directly from the conditional set).

∗ Currently, sampling directly from the conditional set is only possible in simple
cases
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» Model for the effect of trial disruptions

We model the outcome using a normal distribution 𝑌𝑖 ∼ 𝑁(𝛿 ⋅ 𝑇𝑖 + 𝜗𝑖, 1), where 𝛿 is
the treatment effect and 𝜗𝑖 represents a mean shift due to a trial disruption.

1. Increasing trend over time: We model the effect 𝜗𝑖 based on a step trend (Tamm
and Hilgers 2014), reflecting a change in the patient population at time 𝑛0.

𝜗𝑖 = {𝜃 𝑖 ≥ 𝑛0
0 𝑖 < 𝑛0

2. Heterogeneity of the treatment effect: Assume that there is an interaction
between treatment and the disruption, i.e., ̂𝜗𝑖 = 𝑇𝑖 ⋅ 𝜗𝑖.
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» Simulation study to investigate the effect of trial
disruptions
We assess the effect of disruptions on the test decision of the randomization test using
a simulation study with the following parameters:

Parameter Value
Sample size N = 100
Randomization Procedures PBD(N), PBD(N),

EBCD(0.667), BSD(3), CR
Treatment effect 𝛿 ∈ {0, 0.556}
Trend effect 𝜃 ∈ {0, 0.0556},

𝜃 = 0.556 ⋅ 𝑗, 𝑗 = 0, .2, .4, … , 1
Disruption time 𝑛0 = 𝑁

2
Size of the reference set 𝐿 = 2, 500
Repetitions 𝑟 = 10, 000
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» Increasing time trend

Figures 1 shows type I error probability and power of the randomization test in case of
trial for increasing effects of the trial disruption, 𝜃 = 0.556 ⋅ 𝑖, 𝑖 = 0, .2, .4, … , 1 using
Random Allocation Rule. For all investigated scenarios, the type I error probability and
power meet the nominal significance level (up to some simulation variability).
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» Error rates under increasing time trend
Type I error Power
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Rejection probability under the null hypothesis (𝛿 = 0) for increasing trend effect.
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» Treatment effect heterogeneity

Figures 2 shows type I error probability and power of the randomization test in case of
a heterogeneous treatment effect introduced by the trial disruption,
𝜃 = 0.556 ⋅ 𝑖, 𝑖 = 0, .2, .4, … , 1 using Random Allocation Rule. We can see that the
type I error probability and power are inflated when the heterogeneity is large.
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» Error rates under treatment effect heterogeneity
Type I error Power
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Rejection probability under the null hypothesis (𝛿 = 0) for heterogeneous treatment effect after the
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» Conclusions

We showed that randomization tests are robust against clinical trial disruptions in
certain scenarios, namely if the disruption can be considered an ancillary statistic to
the treatment effect. As a consequence, randomization tests maintain type I error
probability and power at their nominal levels.

Randomization tests can provide a useful sensitivity analysis in clinical trials that are
affected by clinical trial disruptions.
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Thank you for your attention!

Stay in touch: diane.uschner@roche.com

Randomization WG https://randomization-wg.org/
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» Time trend

Figures 3 and 4 show type I error probability and power of the randomization test in
case of trial disruption (𝜃 = 0) and no trial disruption (𝜃 = 0.0565) for different
randomization procedures. For all investigated scenarios, the type I error probability
and power meet the nominal significance level. We can conclude that the rejection
probability of the randomization test does not depend on the randomization procedure
in this scenario.
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» Type I error probability under time trend
No disruption Disruption
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Rejection probability under the null hypothesis (𝛿 = 0) with and without disruption (𝜃 ∈ {0, 0.0556}).
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» Power under time trend
No disruption Disruption
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