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A B S T R A C T
Objectives: Unblinded trials are common in oncology, but patient knowledge of treatment assignment may bias response to
questionnaires. We sought to ascertain the extent of possible bias arising from patient knowledge of treatment assignment.
Methods: This is a retrospective analysis of data from 2 randomized trials in multiple myeloma, 1 double-blind and 1 open
label. We compared changes in patient reports of symptoms, function, and health status from prerandomization
(screening) to baseline (pretreatment but postrandomization) across control and investigational arms in the 2 trials.
Changes from prerandomization scores at ~2 and 6 months on treatment were evaluated only across control arms to
avoid comparisons between 2 different experimental drugs. All scores were on 0- to 100-point scales. Inverse probability
weighting, entropy balancing, and multiple imputation using propensity score splines were used to compare score
changes across similar groups of patients.
Results: Minimal changes from screening were seen at baseline in all arms. In the control arm, mean changes of ,7 points
were seen for all domains at 2 and 6 months. The effect of unblinding at 6 months in social function was a decline of less than
6 points (weighting: 23.09; 95% conﬁdence interval 28.41 to 2.23; balancing: 24.55; 95% conﬁdence interval 29.86 to 0.76;
imputation: 25.34; 95% conﬁdence interval 210.64 to 20.04).
Conclusion: In this analysis, we did not ﬁnd evidence to suggest that there was a meaningful differential effect on how
patients reported their symptoms, function or health status after knowing their treatment assignment.
Keywords: bias, cancer, clinical trial, open-label, patient-reported outcomes.
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Introduction
Blinding is undertaken in trials because knowledge of treatment assignment may affect clinicians and patients involved in
trials,1 possibly affecting compliance, adherence, or assessment of
outcomes.2 The Food and Drug Administration’s (FDA) 2009
guidance on patient-reported outcomes (PROs) notes that
knowledge of treatment assignment could affect patient answers
to questions on PRO assessments.3 Systematic reviews have
identiﬁed that lack of blinding may produce biased results.4-7 The
concerns regarding blinding are particularly salient for oncology
where open-label trials are prevalent: 63% of trials evaluating
treatment for adult malignancies submitted to the FDA’s oncology
ofﬁce from 2012 to 2015 were unblinded.8
However, many published systematic reviews evaluating the
impact of lack of blinding have included studies from areas other
than oncology, such as cardiology5 or complementary/alternative
medicine,4 or grouped data across therapeutic areas.6 The generalizability of these ﬁndings to oncology trials is not clear, as

oncology trials have several unique characteristics. First, the
toxicity proﬁle of oncology drugs is often far more severe
compared with products in other therapeutic areas. Second,
although placebo-controlled trials occur in oncology, randomized
oncology trials typically use active controls. Thus, the impact of
open-label designs on PROs in oncology is not clear. Because
oncology is an active area of drug development, and PROs are an
increasingly important aspect of drug development, additional
investigation is needed.
We sought to determine the impact of knowledge of treatment
assignment on patients with multiple myeloma in terms of
patient-reported symptoms, function, and global health status. We
evaluated this impact in 2 ways. First, we sought to determine the
effect of knowledge of assignment to the investigational or control
arms. Second, we sought to examine the effect over time. We had
2 hypotheses: (1) any impact would be largest early in the trial (ie,
postrandomization but pretreatment or by the second treatment
cycle), and (2) any impact would be greater in domains such as
emotional and social function that were more distal from
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symptoms that may be affected by the direct biologic impact of
the drugs.

Methods
Data were acquired from 2 registration trials in multiple
myeloma submitted to FDA for regulatory review. The trials
differed by blinding status and type of investigational drug;
however, the same active control agents were used in both trials.
The FDA project lead or the Center for Drug Evaluation and
Research Human Subject Protection Liaison to the FDA institutional review board determined that this study was consistent
with a “not human subject research” determination and thus did
not require institutional review board approval. Both trials
recruited adult patients with measurable disease and relapsed/
refractory multiple myeloma with 1 to 3 lines of prior therapy
(double-blind trial) or 1 to 4 lines of prior therapy (open-label
trial). In both trials, patients were eligible if they had an Eastern
Cooperative Oncology Group performance score #2, but ineligible
if they had received surgery or radiotherapy within 2 weeks of
randomization, had uncontrolled conditions, severe illnesses, or
other malignancies (Table 1).

Participants
Patients who were randomized to and received assigned
therapy were eligible for analysis. To address the ﬁrst aim, the
impact of knowledge of assignment by type of assignment (control
or investigational arm), we focused on patients who completed
PRO assessments at both screening (prerandomization, pretreatment) and baseline (postrandomization, pretreatment). Because of
windowing, several patients in each trial had .1 screening or
baseline assessment and were therefore excluded from analysis.
We included 87% to 88% of the PRO population in the control arms
and 82% to 86% of the intention to treat population in the control
arms in the primary analysis. Patients for this analysis were drawn
from both the control and investigational arms of the 2 trials and
had to have completed the PRO assessments of interest.
To address the second aim, the impact of knowledge of
assignment over time, we focused on patients in the control arms
of the 2 trials because the investigational agent was different for
each trial. We included patients who had completed the PRO
assessments of interest, at screening and then at approximately 2
and 6 months while on trial. For each analysis, patients were
included if they had a screening assessment and an assessment
at the on-treatment time point of interest. The sizes of the analytic populations were as follows: control arms, pretreatment
(N = 580); investigational arms, pretreatment (N = 527); control
arms, 2 months (N = 576); control arms, 6 months (N = 467).
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Outcomes
For each outcome, we evaluated the change from screening to
the timepoint in question. Three types of outcomes were evaluated: symptoms (fatigue), function, and global health status. For
function, we evaluated emotional, social, and physical function. All
outcomes were assessed using the European Organization for
Research and Treatment of Cancer Quality of Life QuestionnaireCore 30.9 Standard scoring rules were used for the questionnaire.10 All outcomes were multi-item scales and outcome scores
ranged from 0 to 100. For function and global health status, 0 is
the worst possible score, indicating poor function/health status
and 100 is the best, but for fatigue this is reversed, where higher
scores reﬂect worse symptomatology (0=best, 100=worst).

Statistical analysis
All outcome variables were treated as continuous. In unadjusted analyses, they were presented using means and standard
deviations (SDs) and compared with t tests. Although patients’
characteristics within a given randomized controlled trial are expected to be balanced in expectation, there is no reason to assume
that patients’ characteristics would be balanced across trials. To
minimize the impact of differences in patients’ characteristics
across trials, we used design-based methods.11 Propensity scores
were estimated separately for each time point and using logistic
regression models. The explanatory variables in each logistic
regression model included clinical and sociodemographic characteristics collected prior to treatment as well as the prerandomization scores for all outcomes and prerandomization
scores for symptoms known to be associated with the active
control agents (Table 2). The clinical and sociodemographic
covariates in the propensity score included the extent of prior
therapy, prior stem cell therapy, Eastern Cooperative Oncology
Group performance score, age, region of recruitment, sex, International Staging System stage, race, and prior exposure to an
active control agent. Interaction and polynomial terms were
added as required to achieve balance. The dependent variable for
the propensity score was trial blinding status (open-label or
double-blind). RStudio (v1.1.463) was used for all analyses.
We considered 2 approaches for evaluating the impact of
knowledge of treatment assignment on fatigue, function, and
health status. Both approaches examined the average counterfactual effects of blinding on unblinded patients, and in particular
sought to estimate the average effect of treatment on the treated
(ATT).
The potential outcomes framework is useful for describing the
conceptual thinking behind causal effects estimation. With a binary intervention Z, this framework posits that there are two
potential outcomes for every individual: Yi(Z=0) and Yi(Z=1),

Table 1. Comparison of trial inclusion/exclusion criteria as per protocol.
Characteristic

Double-blind trial

Open-label trial

Minimum age for inclusion

.18 y

.18 y

Gender eligibility

Male or female

Male or female

Type of disease

Relapsed/refractory multiple myeloma
with 1-3 prior therapies

Relapsed/refractory multiple myeloma
with 1-4 prior therapies

Measurable disease

Yes

Yes

Eastern Cooperative Oncology Group
score

0-2

#2

Prior treatment exclusion

Surgery or radiotherapy within 14 days of
randomization

Surgery or radiotherapy within 14 days of
randomization
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Table 2. Patient pre-randomization characteristics: control arms.*
Variable

Double-blind n = 312

Open label n = 268

Had .1 prior therapy line

41.7%

52.2%

Had previous stem cell therapy

54.8%

56.0%

Baseline Eastern Cooperative Oncology Group score 2 or unknown

7.69%

10.1%

65.7 (9.70)

65.0 (9.97)

Mean (SD) age
Recruited from North America

13.5%

21.6%

Male

56.7%

59.7%

International staging system stage 1 or 2

88.5%

74.6%

White race

81.7%

84.7%

Had prior therapy with 1 of the control agents

11.2%

4.5%

Mean (SD) screening symptom, function and health status scores†
Fatigue
Emotional function
Physical function
Social function
Global health status
Diarrhea
Appetite loss
Back pain
Insomnia
Dyspnea

37.8
75.6
69.3
74.5
59.8
6.62
14.3
41.1
30.0
23.8

(25.3)
(23.2)
(23.7)
(27.9)
(22.1)
(16.4)
(24.2)
(33.1)
(31.2)
(28.4)

38.6
73.9
68.5
74.9
59.4
9.83
14.4
37.7
27.6
21.9

(24.5)
(22.7)
(23.3)
(28.1)
(22.9)
(20.0)
(24.5)
(31.5)
(30.7)
(27.2)

SD indicates standard deviation.
*Analysis population is patients with both screening and baseline scores.
†
Higher scores indicate better function/health status and worse symptoms.

corresponding to the 2 possible interventions.12 In this analysis,
we consider the active intervention to be knowledge of treatment
assignment and therefore deﬁne the treatments as Z=0 (blinded/
assignment unknown) or Z=1 (unblinded/assignment known).
Because each patient can only be unblinded or blinded, the individual effect cannot be calculated for a given patient, but an
average effect can be calculated. The research question of interest
for this study was how knowledge of treatment assignment
affected report of symptoms, function and health status; therefore,
we chose to estimate the ATT. The ATT is E½Yi ð1Þ e Yi ð0ÞjZ ¼ 1 ,12
which can be interpreted as the average effect of knowledge of
treatment assignment on those individuals who knew their
treatment assignment.
In the ﬁrst approach, we used design-based methods to
generate weights to estimate the ATT. We examined 2 different
weighting methods.13 The ﬁrst method is inverse probability
weighting (IPW) using propensity scores14 and the second method
is entropy balancing (EB).15
For IPW, weighting by the odds yields the ATT.14 Let ei ¼
prðZi jXi Þ be the propensity score for individual i, where Xi are a set
of pretreatment covariates for individual i. The true propensity
scores are unknown in this case. Speciﬁcally, we do not know why
patients enrolled in one trial and not the other. Therefore, we
obtained estimates of the propensity scores, denoted êi. To estimate the propensity scores, we used logistic regression models.
0b
Formally, b
e i ¼ prðZi jXi ; b
b Þ ¼ expðXi b0 Þb ’ where bb are the maximum
ð1 1 expðX b ÞÞ
i

likelihood estimates. Using êi, the blinded patients are weighted as
1
and the weights for the unblinded patients are 1.14
ˇ

1 2 ei

The second method, EB, is a weighting procedure that includes
covariate balance as part of the weight function.16 Speciﬁcally,
balance constraints are placed on the moments of the covariate
distribution.15 The standard error for these 2 estimators (IPW and
EB) was derived by Lunceford and Davidian.17 Under both IPW and

EB, balance was achieved when standardized differences of ,0.10
were observed for all of the variables in the weighting model. The
R package WeightIt was used to implement both IPW and EB.18
In the second approach, we viewed the effects of unblinding as
a missing data problem using the potential outcomes framework.19 Because a patient can only be assigned to one treatment at
a speciﬁc time, the other potential outcome is missing. The focus
of ATT estimation is therefore the comparison of the observed and
counterfactual outcomes for each patient averaged over the population of treated patients.
Applying this framework to estimate the effects of unblinding,
we assume that each patient has 2 potential scores for function,
symptoms, and global health status: 1 under blinding and 1 under
unblinding. However, because a patient can only ever be blinded
or unblinded in a trial, the other scores are missing. Multiple
imputation is a principled approach for addressing the challenge
of missing data.20 Here, we impute the missing potential outcomes. Speciﬁcally, we are imputing the assessments that would
have been observed for unblinded patients if they had no
knowledge of their assignment.21,22
Comparing the observed and imputed outcomes for each patient enables the estimation of the effects of unblinding. To impute
the missing assessments for unblinded patients that would have
been observed if they had no knowledge of their assignment, we
used a combination of multiple imputation and propensity
scores.23 First, we estimated the propensity score as described
above to adjust for the difference in patient characteristics among
blinded and unblinded patients. Second, we imputed the missing
potential outcomes using the predictive mean matching algorithm24 that is based on regression models that include splines
along the propensity scores with linear adjustments for other
covariates.22 The covariates in the imputation model were the
same ones that were included in the propensity score model,
excluding one covariate for identiﬁability reasons (see Appendix
in the Supplementary Material found at https://doi.org/10.1016/j.
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jval.2020.12.015). The rationale for using multiple rather than a
single imputation following propensity score estimation is that
repeated imputations are required to account for the variability in
the missing potential outcomes.21 Therefore, each unobserved
potential outcome was imputed 40 times.
To estimate the ATT, we calculated the mean difference between the observed unblinded outcome and the imputed outcome
that would have been observed if patients were blinded within
each imputed dataset. We also calculated the corresponding
sampling variances. The overall point and interval estimates
across each imputed dataset were obtained using common combination rules.25 This approach adjusted for the differences in
patients’ characteristics between unblinded and blinded patients
and accounted for the variability in the imputation process.23
Additionally, we evaluated the strength of the association between the prerandomization score and the score at the subsequent time points of interest, and if this differed by blinding
status. To measure the strength of association, the R2 from simple
linear regression models with the prerandomization scores as the
explanatory variables and the postrandomization scores as the
dependent variables were used. The R2 summarizes the proportion of variability in the dependent variable that is predictable by
the explanatory variable. Models were run separately by outcome
and timepoint for each trial.
Finally, we also considered a responder analysis. Responder
analyses for PROs are not uncommon in trials.26 However, there
are concerns about misclassiﬁcation error and the lack of efﬁciency that can arise from the dichotomization of continuous and
ordinal PROs, and thus responder analysis endpoints generally are
not recommended.27 Nonetheless, for comprehensiveness we also
analyzed the data using a dichotomous variable for the outcomes,
applying a 10-point threshold and then a 15-point threshold to
classify individuals. These thresholds were used for illustrative
purposes only and should not be construed as recommendations.

Results
Study population
In the control arms of both trials, more than half of the patients
were male and had received stem cell therapy previously. A higher
proportion of patients in the open-label trial were recruited from
North America and had received multiple lines of prior therapy. A
higher proportion of patients in the double-blind trial had prior
exposure to a control agent, making these patients potentially less
likely to have a disease response during the trial and potentially be
more likely to be symptomatic. However, a higher proportion of
double-blind trial patients had an International Staging System stage
of 1 or 2 at diagnosis, which is a better prognosis relative to International Staging System stage 3, and thus the patients were potentially less likely to be symptomatic. However, average patientreported prerandomization symptom, function and health status
scores were similar between the 2 trials (Table 2). Characteristics
were mostly similar for the investigational arms, but a higher proportion of patients in the double-blind trial had received stem cell
therapy previously compared to patients in the open-label trial (data
not shown). For the analytic population of both trials, completion
rates for the items/scales of interest were similar and there was no
evidence of substantial early dropout (data not shown).

Aim 1: Initial impact of knowledge by assignment
In unadjusted analyses, the largest effect of knowledge
assignment in patient scores after randomization but prior to
receiving any treatment was observed for social function among
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patients in the control arms. Patients in the control arm of the
double-blind trial had a slight nonsigniﬁcant improvement in
social function at baseline compared to screening. In contrast,
control-arm patients in the open-label trial had a slight nonsigniﬁcant decline in social function (Table 3).
For most scores after randomization but prior to receiving any
treatment, the effect of knowledge of treatment assignment was
smaller after design-based adjustments than the unadjusted analyses (Table 3). For emotional and social function, the effect of
knowledge of treatment assignment was slightly larger after
design-based adjustments compared with the unadjusted analyses, and this was observed for all design-based methods that
were examined (eg, weighting or imputation). However, all point
estimates for changes during the postrandomization, pretreatment period were small (,4 points on a 0- to- 100-point scale;
Table 3).

Aim 2: Impact of knowledge over time
In unadjusted analyses, patients in the control arms of both
trials reported some worsening in social function at 2 months,
with the decline being slightly larger in the open-label arm (,4
points). At 6 months, while patients in the open-label arm had a
decline (,3 points) patients in the double-blind control arm had
improved social function (,2 points). There was also a decline in
global health status in 6-month open label control arm patients
compared with blinded patients (Table 4).
When design-based methods were used, the decline in social
function at 2 months as a result of knowledge of treatment
assignment was smaller or disappeared (Table 4). However, at 6
months the effect of knowledge of treatment assignment was
larger and under imputation, the conﬁdence interval did not cross
zero (Table 4). All other conﬁdence intervals contained zero.
Lastly, the results using a dichotomized outcome showed
similar trends to the previously reported results (data not shown).
The results were consistent regardless of the threshold applied for
dichotomization (data not shown).

Additional analysis: Evaluation of correlation between
pre- and postrandomization scores
Evaluation of the extent to which prerandomization scores
explained postrandomization or on-treatment scores showed that
prerandomization scores were highly predictive of all symptom,
function, and health status outcomes (Table 5). At postrandomization and pretreatment, the R2 for all outcomes ranged
from 0.42 to 0.78, and there were no clear differences by blinding
status in terms of variation explained across domains. For each
domain, the R2 for all outcomes were similar between arms
(investigational/control).
At approximately 2 months, the proportion of variability for
most outcomes explained by the pre-randomization score was
lower compared with the postrandomization, pretreatment
period. The R2 for all outcomes ranged from 0.30 to 0.52. At
approximately 6 months, the prerandomization score explained
even less, with the R2 for all outcomes ranging from 0.24 to 0.51.

Discussion
In this analysis, we did not ﬁnd evidence to suggest that there
was a meaningful differential effect on how patients reported
their symptoms, function, or health status after knowing their
treatment assignment. There was limited support for the hypothesis that differential reporting would occur in domains that
are more distal from the biologic effect of the drug (ie, social
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Table 3. Change in scores from screening to baseline, by assignment: unadjusted and average treatment effect on the treated analyses.
Scale

Mean change
score for
double-blind
mean (SD)

Control arms

Mean change
score for
open-label
mean (SD)

n = 312

n = 268

Unadjusted
Mean change
difference in mean score* under IPW
change score*
mean (95% CI)†
mean (95% CI)

Mean change
score* under EB
mean (95% CI) †

mean change
score* under
imputation mean
(95% CI)‡

1.51 (17.2)

0.81 (16.5)

20.71 (23.47 to 2.06) 20.28 (23.37 to 2.80) 20.35 (23.47 to 2.77) 20.04 (23.75 to 3.66)

Emotional
function

0.65 (17.8)

0.23 (16.2)

20.42 (23.22 to 2.37) 21.73 (25.45 to 1.99) 21.22 (24.95 to 2.52) 20.68 (23.99 to 2.63)

Social function

1.01 (21.1)

20.75 (20.8)

21.76 (25.20 to 1.67) 20.94 (24.88 to 3.00) 20.63 (24.55 to 3.29) 21.09 (24.83 to 2.64)

Physical
function

21.65 (12.8)

20.32 (11.6)

1.32 (20.68 to 3.33)

1.29 (21.14 to 3.72)

1.27 (21.40 to 3.95)

Global health
status

22.96 (18.7)

22.55 (15.8)

0.42 (22.43 to 3.26) 20.59 (23.66 to 2.49) 20.65 (23.94 to 2.65)

0.60 (23.22 to 4.41)

0.51 (22.53 to 3.56)

0.35 (23.29 to 3.99)

Fatigue

§

Investigational
arms
Fatigue§

N=305

0.89 (21.43 to 3.21)

N=222

20.97 (18.3)

20.45 (16.5)

Emotional
function

0.51 (16.8)

20.41 (14.6)

20.92 (23.68 to 1.83) 21.91 (24.76 to 0.94) 21.94 (24.71 to 0.82) 21.58 (25.18 to 2.03)

Social function

0.77 (19.1)

0.15 (19.8)

20.61 (23.97 to 2.74) 23.35 (27.15 to 0.44) 23.45 (27.23 to 0.34) 23.60 (27.69 to 0.49)

Physical
function

20.71 (11.3)

20.99 (12.3)

20.28 (22.32 to 1.75)

0.90 (21.62 to 3.41)

Global health
status

21.07 (17.8)

21.99 (17.9)

20.92 (24.01 to 2.16)

0.01 (23.49 to 3.51) 20.20 (23.67 to 3.28) 20.52 (24.59 to 3.54)

0.63 (22.51 to 3.76)

0.76 (22.48 to 4.00)

0.67 (21.76 to 3.11)

0.52 (22.12 to 3.16)

CI indicates conﬁdence interval; EB, inverse probability weighting; IPW, inverse probability weighting; SD, standard deviation.
*Comparison is between unblinded and blinded (blinded is reference group).
†
Robust standard errors.
‡
Standard errors calculated using Rubin’s rules.
§
Indicates that decreases in score are better (ie, symptom reduction).

function), and there was no strong evidence for the hypothesis
that differential reporting was more likely to occur earlier in the
trial as opposed to later in the trial. We also did not ﬁnd evidence
that the small changes in patient pretreatment scores after
knowing their treatment assignment differed by the type of
assignment (investigational vs control arm). There were strong
associations between patient scores at prerandomization and
patient scores at postrandomization, particularly earlier on in the
trial, which may explain the limited changes in scores seen at
those time points.
The literature regarding the impact of blinding on effect estimates is mixed. Some studies have found that lack of blinding has
resulted in overestimation of the treatment effect,4,7 while
another found it led to underestimation.28 The effect of blinding
has disappeared after adjustment for other trial design factors,29
but others have found that lack of blinding has the greatest
impact, even after adjusting for other design factors such as
sequence generation and allocation concealment.7 A recent systematic review that included 24 studies found that lack of blinding
for “subjective” outcomes was associated with a larger intervention effect.30
The association between past study characteristics and treatment effects has varied across therapeutic areas,31 making it
difﬁcult to compare our ﬁndings to meta-analyses and metaepidemiologic studies that evaluated other clinical contexts. An
Agency for Healthcare Research and Quality assessment did not
ﬁnd deﬁnitive evidence for the impact of double-blinding,
although there were some ﬁndings of exaggerated effects for
“subjective” outcomes.32 An included review, which found a large
effect for “subjective” outcomes, included trials across therapeutic

areas, and most interventions in the review were surgical or
procedural rather than pharmaceutical.33 Recently, KingKallimanis and colleagues’ analysis of a nonrandomized, singlearm study did not ﬁnd evidence of exaggeration of treatment
beneﬁt for psychological symptoms as a result of knowledge of
treatment assignment.34
Another aspect of how knowledge of treatment assignment
may affect estimates is timing. There have been reports of early
differential dropout in open-label cancer trials, with patients on
the control arms leaving the study before receiving the assigned
treatment.35,36 King-Kallimanis et al postulated that one manifestation of open-label bias was an early, transient improvement
in symptoms.34 Similarly, we hypothesized that open-label bias
would be seen at baseline (postrandomization, pretreatment) or
by the second treatment cycle. However, we found relatively minor differences, and the largest effects were seen at approximately
6 months. It is possible that patients may not react immediately to
knowledge of treatment assignment, and thus the impacts manifest later; one challenge is differentiating between these possible
impacts from changes that result from treatment or changes in
disease. In any case, it is clear that open-label designs will
continue to generate concern about potential bias, and additional
research to shed light on this issue may be beneﬁcial.
Our ﬁndings of relatively minor differences in patients
reporting symptoms, function, and health status after knowing
their treatment assignment should not be taken to mean that
open-label bias is not a concern, or that such differential reporting
may never occur. Differential reporting is only one mechanism by
which open-label bias may operate; other mechanisms may
include differential dropout.4,37 Another possible mechanism is
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Table 4. Change in scores from screening, by time point: unadjusted and average treatment effect on the treated analyses.
Scale

~2 mo on
treatment
Fatigue§

Mean change
score for
double-blind
mean (SD)
n = 313

Mean change
score for
open-label
mean (SD)

Unadjusted
Mean change
difference in mean score* under IPW
change score* mean mean (95% CI)†
(95% CI)

Mean change
score* under EB
mean (95% CI) †

Mean change score*
under imputation
mean (95% CI)‡

n = 263
22.69 (26.33 to 0.95) 23.04 (27.26 to 1.18) 22.80 (26.97 to 1.37) 22.23 (26.76 to 2.31)

6.62 (21.7)

3.93 (22.7)

Emotional
function

20.97 (20.6)

20.24 (18.8)

Social
function

22.66 (25.0)

23.74 (25.2)

21.08 (25.20 to 3.04)

0.99 (23.82 to 5.81)

0.92 (23.77 to 5.62) 20.17 (24.93 to 4.59)

Physical
function

23.06 (17.8)

20.79 (17.3)

2.28 (20.61 to 5.16)

0.83 (22.45 to 4.10)

1.45 (21.89 to 4.79)

1.60 (22.64 to 5.85)

Global
health
status

24.23 (22.2)

22.92 (20.0)

1.32 (22.17 to 4.80)

1.55 (22.29 to 5.39)

0.75 (23.16 to 4.66)

0.49 (23.98 to 4.96)

~6 mo on
treatment

N = 255

N = 212

Fatigue§

0.57 (23.6)

0.31 (24.2)

20.25 (24.61 to 4.11)

1.84 (23.38 to 7.06)

2.32 (22.98 to 7.62)

2.47 (22.45 to 7.39)

Emotional
function

1.85 (20.3)

2.10 (20.9)

Social
function

1.90 (25.0)

22.75 (26.9)

Physical
function

1.60 (16.9)

3.08 (18.6)

Global
health
status

0.33 (22.2)

21.73 (21.3)

0.72 (22.53 to 3.98) 20.76 (25.04 to 3.53)

0.17 (24.01 to 4.35) 20.43 (24.25 to 3.38)

0.24 (23.51 to 4.00) 23.00 (27.56 to 1.56) 22.20 (26.57 to 2.16) 21.98 (26.62 to 2.65)
24.65 (29.37 to 0.07) 23.09 (28.41 to 2.23) 24.55 (29.86 to 0.76) 25.34 (210.64 to 20.04)
1.48 (21.75 to 4.71)

0.66 (22.97 to 4.28)

0.07 (23.74 to 3.88)

0.16 (23.90 to 4.22)

22.06 (26.04 to 1.93) 21.11 (26.80 to 4.57) 22.86 (28.41 to 2.69) 21.57 (27.25 to 4.10)

CI indicates conﬁdence interval; EB, inverse probability weighting; IPW, inverse probability weighting; SD, standard deviation.
*Comparison is between unblinded and blinded (blinded is reference group).
†
Robust standard errors.
‡
Standard errors calculated using Rubin’s rules.
§
Indicates that decreases in score are better (ie, symptom reduction).

differential completion of PRO assessments.38 This study only
focused on the issue of differential reporting and, as noted earlier,
there was no signiﬁcant indication of differential dropout or
completion for the analytic populations examined. To the best of
our knowledge, there is no strong evidence that differential
dropout and completion are widespread problems in oncology
clinical trials; however, their occurrence warrants further research
and evaluation of bias that stems from lack of blinding should be
more comprehensive and consider multiple mechanisms.
This study had several limitations. First, our data are drawn
from 2 trials, and most analyses are limited to the control arms as
we could not compare investigational arms once treatment started because of differences in the agents used. Second, we did not
use the intention-to-treat population but evaluated patients who
were on-study and who had completed PRO assessments at the
relevant time points. This is a common approach for cancer trials.39 In these trials, patients usually remain on trial until disease
progression, death, or intolerable toxicity, and PRO assessments
typically are not collected once patients leave the trial. It is
possible that patients who leave the trial would report different
function, symptoms or global health status if PRO assessments
were to be collected, and it is a limitation of this analysis that such
data are not available.
As noted earlier, nonintention-to-treat populations are common in analyses of PRO data,40 and therefore our analytic
approach is consistent with many studies in the literature. One
challenge of using non–intention-to-treat populations is that the

beneﬁts of randomization are lost, and therefore patient characteristics may no longer be balanced. However, as we were using
data from 2 different trials, expectation of covariate balance a
priori was not reasonable, even if 2 intention-to-treat populations
were used. We explicitly sought to address this issue by using
propensity score methods and included clinically relevant covariates selected by a hematologist/oncologist with expertise in
multiple myeloma. Nonetheless, it is possible that we did not
completely adjust for unobserved covariates that were not
balanced and could have affected our results. Furthermore, we
only used data from one indication in hematology/oncology
(multiple myeloma), and it is possible that this disease setting may
differ from others, even in hematology/oncology, which limits the
generalizability of our results.
This study also had several strengths, including access to patientlevel data that allowed for adjustment of potential confounding
factors; it has been suggested that meta-epidemiological studies
should adjust for potential covariates that are correlated with the
outcomes and the treatment assignment.30 Furthermore, we used
trials that had the same active controls and outcome measures in
both arms, and the size of the analytic population was large.

Conclusion
In summary, this analysis did not show evidence of meaningful
differential reporting of symptoms, function or health status from
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Table 5. Strength of association between pre- and postrandomization scores, by blinding status and assignment.*
Scale

Double-blind

Postrandomization,
pretreatment
(investigational arms)

Postrandomization,
pretreatment
(control arms)

~2 months on treatment
(control arms)

~6 months on treatment
(control arms)

n = 305

n = 312

n = 313

n = 255

Fatigue

0.50

0.58

0.41

0.29

Emotional
function

0.54

0.47

0.38

0.34

Social function

0.51

0.49

0.37

0.29

Physical
function

0.72

0.73

0.52

0.51

Global health
status

0.43

0.42

0.24

0.20
N = 212

N = 222

N = 268

N = 263

Fatigue

Open-label

0.64

0.60

0.30

0.24

Emotional
function

0.60

0.56

0.40

0.33

Social function

0.55

0.50

0.32

0.25

Physical
function

0.73

0.78

0.50

0.43

Global health
status

0.43

0.59

0.34

0.28

*R2 from simple linear regression model with screening score as predictor and later score as outcome for each variable. Analysis population for each post-screening
score is on-trial patients with a screening score and a score for the relevant timepoint.

knowledge of treatment assignment. This does not suggest that
open-label bias should be ignored as a potential risk when
designing or evaluating trial data, nor should the possibility of
open-label bias discourage sponsors from the collection of
patient-reported data.41 Rather, questions about open-label bias
can be better deﬁned and ideally quantiﬁed. One critical question
is the extent to which open-label bias affects results. If patients are
affected by knowledge of treatment assignment, then it is vital to
understand if this impact is sufﬁcient to result in the inability to
show superiority for a patient-reported outcome efﬁcacy
endpoint. This may not be possible to determine conclusively;
however, similar to the approaches undertaken for missing data,
appropriate sensitivity analyses can be planned to evaluate the
robustness of the results.42 Furthermore, even with a double-blind
design in oncology, inadvertent unblinding from side effects is
possible,43 and the risk of possible unblinding in trials exists in
other therapeutic areas.44 Analyses evaluating the sensitivity of
results to lack of blinding or possible unblinding should therefore
be considered by sponsors.
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