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Abstract
Missing data may lead to loss of statistical power and introduce bias in clinical trials. The ongoing Covid-
19 pandemic has had a profound impact on patient health care and on the conduct of cancer clinical
trials. Restricted access to sites, medication and evaluations brings challenges to the analysis of clinical
trials due to missing data. Although several endpoints may be affected, progression-free survival (PFS) is
of major concern, given its frequent use as primary endpoint in advanced cancer and the fact that missed
radiographic assessments are to be expected. If patients with progression have delayed radiographic
assessment due to the pandemic, there is controversy between censoring at the last visit prior to a
shutdown period or ascribing the progression date to the day the assessment is eventually done after the
end of the shutdown. The recent introduction of the estimand framework creates an opportunity to de�ne
more precisely the target of estimation and ensure alignment between the scienti�c question and the
statistical analysis. Two basic approaches can be considered for handling missing tumor scans due to
the pandemic: a “treatment policy” strategy, which consists in ascribing events to the time they are
observed, and a “hypothetical” approach of censoring patients with events during the shutdown period at
the last assessment prior to that period. In this article, we show through simulations how these two
approaches may affect the overall power of a study and bias the estimated treatment effect and median
PFS estimates. As a general rule, we suggest that the treatment policy approach, which conforms with the
intent-to-treat principle, should be the primary analysis in order to avoid unnecessary loss of power and
minimize bias in median PFS estimates.

Introduction
Missing data can threaten the analysis and interpretation of clinical trials not only by decreasing
statistical power, but also by introducing bias. In oncology, time-to-event endpoints play a key role in the
assessment of treatment bene�t in clinical trials. Although several endpoints may be affected in such
trials, we wish to draw attention to progression-free survival (PFS), possibly the most frequently used
primary endpoint in phase 3 trials in advanced cancer. Because progression can only be observed when
radiographic assessments occur, the actual time of progression is only known to have taken place after
the former visit that showed no evidence of progression. Therefore, prolongation of the time between two
assessments extends the apparent time to the event, thus making PFS particularly vulnerable to data
missingness. For that reason, the FDA Guidance on Clinical Trial Endpoints for the Approval of Non-Small
Cell Lung Cancer Drugs and Biologics [1] provides examples for analyses where events after two or more
missed assessments are censored, arguing that a substantial number of missing tumor assessments can
potentially over- or underestimate the treatment effect.

The concept of estimands, introduced recently in the International Conference on Harmonisation E9 (R1)
guideline addendum, provides a common language to discuss intercurrent events in clinical trials [2].
Intercurrent events are events that have the potential to either preclude the observation of the variable of
interest or affect its interpretation. The estimand framework creates an opportunity to de�ne more
precisely the target of estimation and ensures alignment between the scienti�c question and the
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statistical analysis. According to this framework, different estimands account for intercurrent events in a
manner that addresses different questions. For example, in the context of PFS, possible intercurrent
events include the typical situation of discontinuation from study treatment (e.g., due to toxicity) and/or
initiation of another treatment prior to observing an event of progression or death [3]. At least three
approaches can be considered in such cases [1]: (1) consider progression events when they occur,
regardless of protocol treatment discontinuation and/or initiation of subsequent treatment; (2) consider
such treatment change as an event; or (3) censor patients when they stop treatment and/or initiate
subsequent treatment. In fact, these analyses address different questions, respectively: (1 – treatment
policy) “Does the intent to use experimental treatment delay disease progression regardless of the
treatment actually received?”; (2 – composite strategy) “Does the experimental treatment delay disease
progression and/or initiation of subsequent treatment?”; and (3 – hypothetical strategy) “Does the
experimental treatment delay disease progression in the absence of subsequent treatment?”.

The Covid-19 pandemic has had a profound impact on health-care delivery and on the conduct of clinical
trials in oncology [4–6]. Cancer patients are at higher risk of infection, complications, and death from
Covid-19 than patients without cancer, and anticancer treatment may aggravate those risks [7–9].
Professional organizations have provided guidance for managing patients with cancer in the face of
restrictions, inability and fear of access to treatment sites [10, 11], and regulatory agencies have issued
guidelines for clinical trials during the pandemic [12, 13]. Various issues related to the pandemic can
affect the conduct of clinical trials, and several aspects related to trial design, patient assessment and
data collection have been addressed in the literature [4, 6, 14–18]. Such issues include staff limitations
due to restrictions and infection; closure of sites, laboratories, and other providers; disrupted supply chain
for medications; extended timelines for trial completion; and temporary or permanent interruption of a
given trial. Attention has also been given to analytical issues, particularly with regards to missing data
from missed visits, treatments and assessments, as well as to other types of protocol deviations [14, 16,
17, 19].

In the context of the Covid-19 pandemic, intercurrent events can be categorized as having a direct or an
indirect impact on the trial [12]. Events that are caused primarily by Covid-19, such as those resulting in
treatment discontinuation, use of additional medication, or death, have a direct impact and are directly
covered by the estimand framework discussed above. Events that are due to overwhelmed health-care
systems, regional lockdowns, or temporary follow-up interruptions due to logistic reasons, have an
indirect impact through missing data. These latter events also need attention and can be addressed by
the estimand framework.

In the context of PFS, one important indirect impact of the pandemic is delayed tumor assessment due to
missed visits. In contrast with other endpoints that are measured at �xed time-points from randomization,
assessing the impact of a calendar time event (such as a pandemic) on PFS probability curves is not
straightforward. Each individual will be affected by the pandemic at a different time from their
randomization, and the resulting impact on the study will depend on the PFS in each arm.
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Methods

Conceptual framework
We focused on the indirect impact of a potential shutdown of health-care systems that results in missed
radiological assessments on the PFS analysis in a randomized trial. Using simulated data, we compared
two approaches for handling the pandemic-related shutdown as an intercurrent event [2]: (1) the
“treatment policy” approach, which consists in ascribing events—progression or death—to the time they
are observed (acknowledging disease progression occurring during the shutdown period would be
disclosed with delay); and (2) a “hypothetical” strategy, which consists in censoring patients whose
events (progression or death) occur during the shutdown period at the last assessment before that period.
The “treatment policy” strategy, ignoring occurrence of the intercurrent event, conforms with the intent-to-
treat (ITT) principle, using all collected data and acknowledging the study was conducted in a non-perfect
world, including pandemic-related logistic issues such as delayed assessments. On the other hand,
censoring of time-to-event endpoints for an intercurrent event is widely used for targeting a hypothetical
estimand. This “hypothetical” approach has been suggested as a way to account for the health-care-
system disruptions related to the pandemic [20].

Simulations using �ctitious trials
We generated �ctitious data for two scenarios. For Scenario 1, we simulated 10,000 clinical trials of 500
patients randomized in a 1:1 ratio to control or experimental treatment, assuming exponential distribution
and proportional hazards (Figure 1). A total of 331 events are required in order to have 90% power to
detect a statistically signi�cant difference in PFS between control and experimental arms with a 2-sided
5% type-I error, assuming a median PFS in the control arm of 12 months and a true hazard ratio (HR) of
0.70 (resulting in a median PFS of 17.2 months in the experimental arm). We simulated accrual of
patients over a total period of 12 months using a beta distribution with parameters a=1.5 and b=1 to
re�ect a slower accrual at the beginning (Figure 1). We assumed tumor scans were performed every 2
months, from randomization to documented progression or death (i.e., a PFS event).

In Scenario 2, we simulated 10,000 clinical trials of 220 patients randomized in a 1:1 ratio to control or
experimental treatment, again assuming exponential distribution and proportional hazards. A total of 162
events are required to have 90% power to detect a statistically signi�cant difference in PFS between arms
with a 2-sided 5% type-I error, assuming a median PFS in the control arm of 12 months and a true HR of
0.60 (resulting in a median PFS of 20 months in the experimental arm). A 6-month accrual is assumed to
follow the same beta distribution as in the previous scenario.

In this paper, we estimate the impact of a potential shutdown of health-care systems on the PFS analysis
in a randomized trial, by considering two different strategies of handling a 6-month shutdown of all sites
as an intercurrent event: a “treatment policy” strategy that ignores the event and a “hypothetical” strategy
that censors patients with shutdown-related missed assessments followed by a PFS event (considering
pandemic shutdown prevents adequate tumor evaluation as an intercurrent event).
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Based on simulated data, we computed the statistical power of the logrank test, estimated the HR using a
Cox proportional hazards model, and estimated the median PFS in each arm using the Kaplan-Meier
method. We then assumed the occurrence of a pandemic-related 6-month complete shutdown period
during which patient enrollment stopped and no tumor scans could be performed in both scenarios. We
considered several time intervals, with shutdown starting times ranging from 6 months to 24 months
after beginning of accrual. At 6 months, scenario 2 implied completed accrual and scenario 1 implied that
35% of patients were recruited. For the latter scenario with shutdown during accrual, we assumed that
enrollment of patients would be suspended during shutdown and delayed by 6 months. We assumed that
all events occurring during shutdown were documented at the �rst tumor evaluation immediately after
site reopening. For the sake of simplicity, we considered all events occurring during the shutdown period
as progressions rather than progressions or deaths, acknowledging that in a real clinical trial, true death
dates would be known and used as such with a “treatment policy” strategy. In all cases, we compared the
indirect impact of the pandemic using the “treatment policy” and the “hypothetical” strategies. Analysis
would be triggered once the required number of events required by design were documented. Two
approaches were considered for the hypothetical estimand: (1) the total number of events accrued
includes all events, regardless of whether or not they will be censored at analysis level; (2) only
uncensored events that will be used for the hypothetical estimand are taken into account in the
monitoring of events, to ensure the analysis will be based on the required number of events. With the
second approach, the power originally decreased by the censoring of events is tentatively restored at the
price of a delayed time of analysis. Finally, we assessed results using an interval-censoring methodology.

We used the R-packages “survival” v3.2-10 for the logrank test, to �t the Cox model [21], and to estimate
the median PFS; “interval” v1.1-0.7 for Turnbull Non-Parametric Maximum Likelihood Estimator of the
survival function and weighted logrank test [22]; and “icenReg” v2.0.9 to �t the Cox model for interval-
censored data without imputation of censored observations [23].

Results
The results for the parameters of interest in the absence of the pandemic are shown in Table 1,
con�rming the design-related assumptions and re�ecting the true parameters in the absence of the
pandemic, which would be the target of a hypothetical estimand. The computed median PFS times with
scans assumed to be performed every 2 months are slightly longer than the assumed true medians in the
control and experimental arms, because of the well-known fact that progression dates in reality are left-
censored, and are only a proxy for true progression dates when scans are performed at pre-speci�ed
intervals. The true median PFS times fall within the low and high values estimated by the interval-
censoring method.
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Table 1
Median values [95% range] in 10,000 simulated trials of median progression-free survival (PFS), hazard
ratio, number of events and analysis time (in months), and power for the �ctitious trials of Scenario 1

(N=500 patients; target=331 events) and Scenario 2 (N=220 patients; target=162 events) in the absence
of the pandemic.

Scenario Parameter Using exact
time of
events

Using tumor
assessments every 2
months

Using tumor
assessments every 2
months

Interval-censoring
method

1 (N=500 patients;
target=331 events)

Median PFS,

control

12.0 [10.0 –
14.4]

13.0 [11.0 – 16.0] Low: 11.0 [8.0 –
14.0]

High: 13.0 [11.0-
16.0]

  Median PFS,

experimental

17.2 [14.3 –
20.4]

18.0 [16.0 – 22.0] Low: 16.0 [14.0 –
20.0]

High: 18.0 [16.0 -
22.0]

  Hazard ratio 0.70 [0.56 –
0.87]

0.70 [0.56 – 0.87] 0.70 [0.56 – 0.87]

  Power 90.2% 90.0% 90.0%

  Number of
events

331 [331 –
331]

331 [331 – 331] 331 [331 – 331]

  Analysis
time

29.9 [27.4 –
32.6]

30.9 [28.4 – 33.6] 30.9 [28.4 – 33.6]

2 (N=220 patients;
target=162 events)

Median PFS,

control

12.0 [9.1 –
15.6]

13.0 [10.0 – 16.0] Low: 11.0 [8.0 –
14.0]

High: 13.0 [10.0-
16.0]

  Median PFS,

experimental

20.0 [15.1 –
25.9]

21.0 [16.0 – 27.0] Low: 19.0 [14.0 –
25.0]

High: 21.0 [16.0 –
27.0]

  Hazard ratio 0.60 [0.44 –
0.82]

0.60 [0.44 – 0.82] 0.6 [0.44 – 0.82]

  Power 89.8% 89.9% 89.8%

  Number of
events

162 [162 –
162]

162 [162 – 162] 162 [162 – 162]

  Analysis
time

33.6 [28.9 –
38.9]

34.6 [29.8 – 39.9] 34.6 [29.8 – 39.9]
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Tables 2 and 3 display the parameters of interest in the presence of the pandemic, respectively for
scenarios 1 and 2. Compared with the results in the absence of shutdown (Table 1), the “treatment policy”
strategy slightly overestimated the median PFS in both arms. This is expected, given the assessments of
disease progression is postponed to after the pandemic. The magnitude of this overestimation depends
on the timing of the shutdown period. As an example, if the pandemic takes place after su�cient follow-
up was achieved and half of the patients had a documented progression in one arm, no impact on the
median PFS is to be expected in that arm. With the “treatment policy” strategy, since events are still
counted when detected upon site re-opening, the statistical power is not affected (Figure 2). The power
with compensation of events in the “hypothetical” strategy is slightly higher than the power with the
“treatment policy” strategy, because with the former the additional events are not affected by the delay
due to the pandemic. However, this increase in power comes at the price of a delayed analysis, which
should therefore be compared with a similarly delayed analysis using a “treatment policy” strategy.
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Table 2
Median values [95% range] in 10,000 simulated trials of median progression-sree Survival (PFS), hazard

ratio, number of events and analysis time (in months), and power for the �ctitious trial of Scenario 1
(N=500 patients; target=331 events), with 6-month shutdown periods occurring at various times

Shut-
down
period

Parameter Treatment
policy
strategy

Hypothetical
strategy

Hypothetical
strategy, delayed
analysis

Interval
censoring

6 to 12
months

Median PFS,

control

13.0 [11.8 –
16.0]

14.0 [12.0 – 18.0] 14.0 [12.0 – 18.0] Low: 11.0
[8.0 – 14.0]

High: 13.0
[11.8-16.0]

  Median PFS,
experimental

18.0 [16.0 –
22.0]

20.0 [18.0 – 24.0] 20.0 [18.0 – 24.0] Low: 16.0
[14.0 –
18.0]

High: 18.0
[16.0- 22.0]

  Hazard ratio 0.70 [0.56 –
0.87]

0.70 [0.55 – 0.88] 0.70 [0.56 – 0.88] 0.70 [0.56
– 0.87]

  Power 89.7% 86.3% 90.0% 89.0%

  Number of
events

331 [331 –
331]

289 [277 – 301] 331 [331-331] 331 [331 –
331]

  Analysis
time

35.3 [32.9 – 37.9] 41.3 [38.0 – 44.9] 35.3 [32.9
– 37.9]

12 to 18
months

Median PFS,

control

14.0 [12.0 –
16.0]

18.0 [16.0 – 22.0] 18.0 [16.0 – 22.0] Low: 10.0
[7.0 – 12.0]

High: 14.0
[12.0 –
16.0]

  Median PFS,
experimental

18.0 [16.0 –
22.0]

24.0 [20.0 – 28.0]

119 median
estimates not
reached

24.0 [20.0 – 28.0] Low: 16.0
[12.0 –
20.0]

High: 18.0
[16.0 - 22.0]

  Hazard ratio 0.70 [0.56 –
0.87]

0.69 [0.53 – 0.90] 0.69 [0.56 – 0.86] 0.70 [0.56
– 0.87]

  Power 89.7% 78.5% 90.9% 89.4%

  Number of
events

331 [331 –
331]

225 [207 – 243] 331 [331 – 331] 331 [331 –
331]

  Analysis
time

30.9 [28.4 – 33.6] 51.8 [45.7 – 60.8] 30.9 [28.4
– 33.6]
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Shut-
down
period

Parameter Treatment
policy
strategy

Hypothetical
strategy

Hypothetical
strategy, delayed
analysis

Interval
censoring

18 to 24
months

Median PFS,

control

14.8 [13.1 –
16.9]

18.0 [14.0 – 20.0] 18.0 [14.0 – 20.0] Low: 8.0
[8.0 – 11.0]

High: 14.8 [
13.1– 16.9]

  Median PFS,
experimental

19.4 [16.7 –
22.0]

24.0 [20.0 – 28.0]

162 median
estimates not
reached

24.0 [20.0 – 28.0] Low: 14.0
[11.0 –
18.0 ]

High: 19.7
[16.8- 22.0]

  Hazard ratio 0.70 [0.56 –
0.87]

0.70 [0.54 – 0.89] 0.70 [0.56 – 0.87] 0.70 [0.56
– 0.87]

  Power 89.7% 81.4% 90.4% 89.4%

  Number of
events

331 [331 –
331]

253 [236 – 268] 331 [331 – 331] 331 [331 –
331]

  Analysis
time

30.9 [28.4 – 33.6] 44.1 [39.7-49.5] 30.9 [28.4
– 33.6]

24 to 30
months

Median PFS,

control

13.0 [11.0 –
16.0]

13.0 [11.0 – 16.0] 13.0 [11.0 – 16.0] Low: 11.0
[9.0 – 12.0]

High: 13.0
[11.0 –
16.0]

  Median PFS,
experimental

19.0 [16.0 –
22.5]

20.0 [16.0 – 28.0]

238 median
estimates not
reached

22.0 [16.0 – 26.0] Low: 12.0
[12.0 –
16.0]

High: 20.0
[16.0- 23.7]

  Hazard ratio 0.71 [0.57 –
0.89]

0.70 [0.55 – 0.88] 0.70 [0.56 – 0.86] 0.69 [0.55
– 0.87]

  Power 86.5% 83.8% 90.6% 89.0%

  Number of
events

331 [331 –
331]

274 [260 – 288] 331 [331 – 331] 331 [331 –
331]

  Analysis
time

30.9 [30.0 – 33.6] 39.8 [36.2 – 44.1] 30.9 [28.4
– 33.6]
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Table 3
Median values [95% range] in 10,000 simulated trials of median progression-free survival (PFS), hazard

ratio, number of events and analysis time (in months), and power for the �ctitious trial of Scenario 2
(N=220 patients; target=162 events), without pandemic (base case) and with 6-month shutdown periods

occurring at various times
Shut-
down
period

Parameter Treatment
policy
strategy

Hypothetical
strategy

Hypothetical
strategy, delayed
analysis

Interval
censoring

6 to 12
months

Median PFS,

control

13.0 [10.5 –
16.0]

18.0 [16.0 –
22.0]

18.0 [16.0 – 22.0] Low: 11.0
[4.0 – 14.0]

High: 13.0
[10.5-16.0]

  Median PFS,
experimental

21.0 [16.0 –
27.0]

26.0 [22.0 –
34.0]

67 median
estimates not
reached

26.0 [22.0 – 34.0] Low: 19.0
[14.0 –
25.0]

High: 21.0
[16.0 –
27.0]

  Hazard ratio 0.60 [0.44 –
0.82]

0.60 [0.41 –
0.86]

0.60 [0.43 – 0.81] 0.60 [0.44
– 0.82]

  Power 89.8% 78.3% 90.2% 89.2%

  Number of
events

162 [162 –
162]

113 [101 – 124] 162 [162 – 162] 162 [162 –
162]

  Analysis
time

34.6 [29.8 – 39.9] 80.8 [58.0 – 176.9] 34.6 [29.8
– 39.9]

12 to 18
months

Median PFS,

control

14.9 [13.2 –
17.1]

18.0 [16.0 –
22.0]

18.0 [16.0 – 22.0] Low: 8.0
[6.0 – 14.0]

High: 14.9
[13.2-17.1]

  Median PFS,
experimental

21.0 [16.5 –
27.0]

26.0 [22.0 –
34.0]

76 median
estimates not
reached

26.0 [22.0 – 34.0] Low: 19.0
[10.0 –
25.0]

High: 21.0
[16.5 –
27.0]

  Hazard ratio 0.60 [0.44 –
0.82]

0.60 [0.42 –
0.85]

0.60 [0.43 – 0.82] 0.60 [0.44 -
0.82]

  Power 89.7% 81.4% 90.5% 89.2%

  Number of
events

162 [162 –
162]

125 [114 – 135] 162 [162 – 162] 162 [162 –
162]

  Analysis
time

34.6 [29.8 – 39.9] 58.8 [47.1 – 79.1] 34.6 [29.8
– 39.9]
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Shut-
down
period

Parameter Treatment
policy
strategy

Hypothetical
strategy

Hypothetical
strategy, delayed
analysis

Interval
censoring

18 to 24
months

Median PFS,

control

13.0 [10.0 –
19.6]

13.0 [10.0 –
22.0]

13.0 [10.0 – 22.0] Low: 11.0
[8.0 – 12.0]

High: 13.0
[10.0-19.6]

  Median PFS,
experimental

22.0 [19.3 –
27.0]

26.0 [22.0 –
34.0]

68 median
estimates not
reached

26.0 [22.0 – 34.0] Low: 15.0
[12.0 –
25.0]

High: 22.0
[19.3 –
27.0]

  Hazard ratio 0.60 [0.44 –
0.82]

0.60 [0.42 –
0.84]

0.60 [0.42 – 0.84] 0.60 [0.44 -
0.82]

  Power 89.8% 84.0% 90.0% 89.2%

  Number of
events

162 [162 –
162]

134 [124 – 143] 162 [162 – 162] 162 [162 –
162]

  Analysis
time

34.6 [29.8 – 39.9] 50.0 [ 41.5 – 62.7] 34.6 [29.8
– 39.9]

24 to 30
months

Median PFS,

control

13.0 [10.0 –
16.0]

13.0 [10.0 –
16.0]

13.0 [10.0 – 16.0] Low: 11.0
[8.0 – 14.0]

High: 13.0
[10.0-16.0]

  Median PFS,
experimental

24.3 [16.0 –
28.0]

26.0 [16.0 –
32.0]

92 median
estimates not
reached

26.0 [16.0 – 34.0] Low: 18.0
[14.0 –
21.0]

High: 24.4
[16.0 –
28.0]

  Hazard ratio 0.60 [0.44 –
0.83]

0.60 [0.43 –
0.84]

0.60 [0.44 – 0.82] 0.60 [0.44 -
0.82]

  Power 89.2% 85.6% 90.1% 89.1%

  Number of
events

162 [162 –
162]

141 [132 – 149] 162 [162 – 162] 162 [162 –
162]

  Analysis
time

34.6 [30.0 – 39.9] 45.3 [37-9 – 54.8 ] 34.6 [29.8
– 39.9]

No appreciable impact on the estimated HR was observed, except for a slight dilution of the treatment
effect with the “treatment policy” strategy in scenario 1 when the pandemic starts 24 months after start
of enrollment (HR=0.72) (Figure 3). In general, the pandemic has a greater impact on the analyses that
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use the “hypothetical” strategy. This method overestimates the median PFS times to a greater extent than
the “treatment policy” strategy (Figure 4). When the analysis is conducted at the same time as the
“treatment policy” analysis, the median may not be reached as a result of the censoring (Tables 2 and 3).
Moreover, the statistical power is decreased due to the smaller number of events (Figure 2). Alternatively,
the power for the hypothetical estimand may be maintained if more events are accrued to compensate
for the censoring due to pandemic. The study would then need to be prolonged by at least 6 months, and
by up to 12 months (Tables 2 and 3). In scenario 2, when the pandemic affects a study that anticipated
events in a large proportion of the patients (162/220), it may not be reasonably possible to catch-up on
the number of events.

Discussion
Censoring patients for intercurrent events has been a widely used strategy in the analysis of PFS. Before
the introduction of the estimand framework, sensitivity analyses varied censoring rules, sometimes
addressing different questions. Within the new framework these analyses represent different estimands
rather than sensitivity analyses. Before the estimand framework, little attention was given to the fact that
different censoring rules for intercurrent events (such as treatment discontinuation and initiation of
subsequent treatment), performed to satisfy different stakeholders, actually addressed different clinical
questions, or provided a biased estimate of the treatment effect of interest. As an example, censoring
patients at the time of treatment discontinuation due to toxicity can bias the analysis in favor of the more
toxic treatment in a randomized trial [3, 24].

For clinical trials designed before the Covid-19 pandemic and ongoing at the time it started, one of the
main questions researchers have been asking is “Will the originally de�ned analysis (typically using a
“treatment policy” strategy) correctly address the scienti�c question of interest”?

The oncology estimand working group, a cross-industry international collaboration, was established by
the European Federation of Statisticians in the Pharmaceutical Industry as a European special-interest
group for estimands in oncology, and was granted the o�cial status of American Statistical Association
scienti�c working group. In their publications, they have argued that the clinical trial objective should
relate to a world without ongoing Covid-19 pandemic, including no major disruption of healthcare
systems [20]. The censoring of time-to-event endpoints at the intercurrent event was suggested as a
possible way to target a hypothetical estimand, even in the context of the Covid-19 pandemic-related
healthcare system disruptions in PFS analysis [25].

Our simulated examples illustrate the indirect impact of a pandemic on results of ongoing trials when
using a “hypothetical” strategy rather than the “treatment policy” strategy for handling a shutdown-
related missing assessment situation. Our simulations show that the “hypothetical” strategy consisting
of censoring those events documented immediately after the shutdown period has serious statistical
implications. First, the loss of events due to censoring reduces the power of the statistical comparison
unless the analysis time is delayed by several months. Second, this method results in a greater



Page 13/19

overestimation of the median PFS than the “treatment policy” strategy. Finally, as the maturity of the PFS
curve and the median PFS are achieved at different times between treatment arms, the pandemic may
affect different portions of the PFS curves in the two groups. For this reason, the imbalance in median
overestimation can be more pronounced with the “hypothetical” strategy than with the “treatment policy”
strategy. For all these reasons, the treatment policy strategy should remain the primary method of
assessment. Interval-censoring methods, although not broadly used for primary analysis, would address
the issue of unduly long intervals between scans. However, this more sophisticated method does not
provide a point estimation of the median PFS.

Censoring a patient at the time of occurrence of an intercurrent event effectively estimates the PFS of
patients in absence of that event as that of other patients that did not experience the intercurrent event at
that time point and are in the same treatment arm. Therefore, the underlying assumption is that the arm A
patient who experienced the intercurrent event at time t has the same PFS expectation from time t onward
as the patients remaining on arm A at time t (‘non-informative censoring’). In many situations, e.g.,
censoring for switch to another treatment, the assumption does not hold. This may be a reasonable
assumption, however, in the speci�c case of the shutdown of healthcare facilities during a pandemic.
Nevertheless, as shown in our simulations, even when that assumption holds, censoring can result in a
distortion of the treatment comparison when medians are used.

To evaluate whether the pandemic shutdown induced any bias in the evaluation of PFS, several
sensitivity or supplemental analyses may be performed. As an example, an estimation of the times to the
nth visit (n = 1, 2, …, last) by treatment group might disclose an imbalance between treatment groups in
the occurrence of delayed assessments induced by the pandemic.

It is important to note that each patient will be affected by the pandemic at a different time point in
relation to their date of randomization. This difference between the time scale used for treatment
comparison (time from randomization) and the calendar time stretches the portion of PFS curves
affected by the pandemic shutdown to an extent that depends on the duration of accrual. As an example,
if the 6-month pandemic shutdown starts 6 months after the end of a 12-month accrual period, we can
only be reassured that the events observed within 6 months from randomization and after 24 months
from randomization will not be affected by this shutdown period. As the true median PFS is assumed to
be different under each treatment, the pandemic period, although not related to treatment, will affect each
PFS curve in a different way, which may translate into an imbalanced overestimation of the median PFS
between treatment groups. Indeed, when the shutdown starts before the median is reached in the
experimental arm, but after su�cient follow-up is achieved and half of the patients have progressed in
the control arm, only the median PFS in the experimental arm can be overestimated. This is illustrated, for
example, by our �ndings related to Scenario 1 with the shutdown starting at 24 months and Scenario 2
with the shutdown starting at 21 and 24 months.

Under Scenario 1, results of the simulated study affected by a pandemic shutdown occurring 24 months
from start of accrual illustrate that phenomenon, with a control median PFS estimate left unaffected but
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a treatment difference in median PFS of up to 10 months with the “hypothetical” approach (instead of the
5 months in the absence of a pandemic). Similarly, in Scenario 2, a treatment difference of 13 months
(instead of the true difference of 8 months) was observed when the pandemic occurred 18 months from
accrual start or later.

Our simulation studies were based on an exponential distribution assumption (in absence of the
pandemic), which implies the assumption of proportional hazards. The hazard ratio, which is the
appropriate measure of treatment effect under this assumption, is relatively unaffected by intercurrent
events and censoring conventions. In situations commonly seen with immuno-oncology agents, such as
delayed separation or crossing of the PFS curves (violating the proportional hazards assumption), and/or
in settings for which a proportion of patients are expected to be cured, the impact of censoring for PFS
because of the pandemic may affect the two arms in an even more unbalanced way than in our
examples. These situations illustrate how censoring a time-to-event endpoint for intercurrent events that
are completely independent from treatment might induce a bias in the treatment comparison. For this
reason, in addition to the issues related to power loss due to massive censoring (which may not always
be recovered), the practice of censoring for PFS, however well intended, is counterproductive. If interest
truly focuses on a hypothetical estimand, methods based on causal inference can often be used instead,
though in the presence of a pandemic affecting all patients, the opportunity for using such methods may
be severely limited. Finally, the difference in median PFS is a statistically unstable and unreliable
measure of treatment effect, and our results con�rm that this statistic should generally not be used,
regardless of the chosen estimand strategy [26, 27].

Declarations
Ethics approval and consent to participate: Not applicable.

Consent for publication

Availability of data and materials: The datasets used for the current study are available from the
corresponding author on reasonable request. However, there are no raw data, as this work is based on
simulations.

Competing interests: None.

Funding: There was no funding for this work.

Authors' contributions: Conception: CJ, LC, EC, KD, TB and MB; Analysis: CJ, LC; Interpretation: all authors;
Manuscript drafting: CJ, EDS, MB; Manuscript review and approval: all authors.

Acknowledgements: Not applicable 

DATA AVAILABILITY



Page 15/19

Not applicable. There are no raw data, as this work is based on simulations.

References
1. U.S. Department of Health and Human Services. Food and Drug Administration. Clinical Trial

Endpoints for the Approval of Non-Small Cell Lung Cancer Drugs and Biologics. Available at
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/clinical-trial-endpoints-
approval-non-small-cell-lung-cancer-drugs-and-biologics (Accessed 03 April 2021).

2. International Council for Harmonisation of Technical Requirements for Pharmaceuticals for Human
Use. ICH Harmonised Guideline E9(R1). Estimands and sensitivity analysis in clinical trials. Final
version, adopted on 20 November 2019 Available at https://database.ich.org/sites/default/�les/E9-
R1_Step4_Guideline_2019_1203.pdf (Accessed 03 April 2021). In.

3. Carroll KJ. Analysis of progression-free survival in oncology trials: some common statistical issues.
Pharm Stat 2007;6(2):99–113.

4. Marcum M, Kurtzweil N, Vollmer C, et al. COVID-19 pandemic and impact on cancer clinical trials: An
academic medical center perspective. Cancer Med 2020;9(17):6141–6146.

5. Segelov E, Prenen H, Day D, et al. Impact of the COVID-19 Epidemic on a Pan-Asian Academic
Oncology Clinical Trial. JCO Glob Oncol 2020;6:585–588.

�. Tolaney SM, Lydon CA, Li T, et al. The Impact of COVID-19 on Clinical Trial Execution at the Dana-
Farber Cancer Institute. J Natl Cancer Inst 2020;djaa144. doi: 10.1093/jnci/djaa144. Online ahead of
print.

7. Gosain R, Abdou Y, Singh A, et al. COVID-19 and Cancer: a Comprehensive Review. Curr Oncol Rep
2020;22(5):53.

�. Gupta S, Hayek SS, Wang W, et al. Factors Associated With Death in Critically Ill Patients With
Coronavirus Disease 2019 in the US. JAMA Intern Med 2020; 10.1001/jamainternmed.2020.3596.

9. Zhang H, Han H, He T, et al. Clinical Characteristics and Outcomes of COVID-19-Infected Cancer
Patients: A Systematic Review and Meta-Analysis. J Natl Cancer Inst 2020; 10.1093/jnci/djaa168.

10. American Society of Clinical Oncology. ASCO Special Report: A guide to cancer care delivery during
the Covid-19 pandemic. Available at https://www.asco.org/sites/new-www.asco.org/�les/content-
�les/2020-ASCO-Guide-Cancer-COVID19.pdf (Accessed 03 April 2021).

11. Curigliano G, Banerjee S, Cervantes A, et al. Managing cancer patients during the COVID-19
pandemic: an ESMO multidisciplinary expert consensus. Ann Oncol 2020;31(10):1320–1335.

12. European Medicines Agency. Guidance on the management of clinical trials during the covid-19
(coronavirus) pandemic. Version 4 (04/02/2021). Available at
https://ec.europa.eu/health/sites/health/�les/�les/eudralex/vol-
10/guidanceclinicaltrials_covid19_en.pdf (Accessed 03 April 2021). In.

13. U.S. Department of Health and Human Services. Food and Drug Administration. FDA Guidance on
Conduct of Clinical Trials of Medical Products during COVID-19 Public Health Emergency. March



Page 16/19

2020 (Updated on January 27, 2021). Available at https://www.fda.gov/media/136238/download
(Accessed 03 April 2021). In.

14. Molenberghs G, Buyse M, Abrams S, et al. Infectious diseases epidemiology, quantitative
methodology, and clinical research in the midst of the COVID-19 pandemic: Perspective from a
European country. Contemp Clin Trials 2020;99:106189.

15. Tan AC, Ashley DM, Khasraw M. Adapting to a Pandemic - Conducting Oncology Trials during the
SARS-CoV-2 Pandemic. Clin Cancer Res 2020;26(13):3100–3103.

1�. Meyer RD, Ratitch B, Wolbers M, et al. Statistical Issues and Recommendations for Clinical Trials
Conducted During the COVID-19 Pandemic,. Statistics in Biopharmaceutical Research 2020;DOI:
10.1080/19466315.2020.1779122.

17. Anker SD, Butler J, Khan MS, et al. Conducting clinical trials in heart failure during (and after) the
COVID-19 pandemic: an Expert Consensus Position Paper from the Heart Failure Association (HFA)
of the European Society of Cardiology (ESC). Eur Heart J 2020;41(22):2109–2117.

1�. Deroose CM, Lecouvet FE, Collette L, et al. Impact of the COVID-19 crisis on imaging in oncological
trials. Eur J Nucl Med Mol Imaging 2020;47(9):2054–2058.

19. Cro S, Morris TP, Kahan BC, et al. A four-step strategy for handling missing outcome data in
randomised trials affected by a pandemic. BMC Med Res Methodol 2020;20(1):208.

20. Casey M, Degtyarev E, Lechuga MJ, et al. Estimand framework: Are we asking the right questions? A
case study in the solid tumor setting. Pharm Stat 2021;20(2):324–334.

21. Therneau TM, Grambsch PM. Modeling Survival Data: Extending the Cox Model. Springer-Verlag,
New York, 2000. In.

22. Fay MP, Shaw PA. Exact and Asymptotic Weighted Logrank Tests for Interval Censored Data: The
interval R package. J Stat Softw 2010;36(2).

23. Anderson-Bergman C. icenReg: Regression Models for Interval Censored Data in R. J Stat Softw
2017; 81(12):1–23. In.

24. Stone AM, Bushnell W, Denne J, et al. Research outcomes and recommendations for the assessment
of progression in cancer clinical trials from a PhRMA working group. Eur J Cancer
2011;47(12):1763–71.

25. Degtyarev E, Ru�bach K, Shentu Y, et al. Assessing the Impact of COVID-19 on the Clinical Trial
Objective and Analysis of Oncology Clinical Trials-Application of the Estimand Framework. Stat
Biopharm Res 2020;12(4):427–437.

2�. Buyse M, Saad ED, Burzykowski T, Péron J. Assessing treatment bene�t in immuno-oncology. Stat
Biosci 2020;12:83–103. In.

27. Saad ED, Zalcberg JR, Peron J, et al. Understanding and Communicating Measures of Treatment
Effect on Survival: Can We Do Better? J Natl Cancer Inst 2018;110(3):232–240.

Figures



Page 17/19

Figure 1

Progression-free survival and accrual distribution functions used in the simulations.

Figure 2

Power in each scenario as a function of pandemic period and strategy. 
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Figure 3

Hazard ratios and 95% range in each scenario as a function of pandemic period and strategy.
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Figure 4

Median PFS in control (red) and experimental (blue) arms and 95% range in each scenario as a function
of pandemic period and strategy.


