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Abstract
Background Decentralized clinical trials offer the promise of reduced patient burden, faster and more diverse recruitment, 
and have received regulatory support during the COVID-19 pandemic. However, lack of data accuracy or data validation 
poses a challenge for fully decentralized trials. A mixed data collection modality where onsite measurements are collected 
at key time points and decentralized measurements are taken at intermediate time points is attractive operationally. To date, 
the impact of decentralized measurements (which could presumably be less accurate) taken at intermediate time points on 
statistical inference on the primary or other key time points has not been evaluated.
Methods In this article we evaluate the estimation and statistical inference for three scenarios: (1) all onsite measurements, 
(2) a mixture of onsite and decentralized measurements, and (3) all decentralized measurements, in the setting of a chronic 
weight management trial. We consider scenarios where decentralized measurements have additional within- and between-
subject variabilities and/or bias.
Results In the mixed modality setting, simulation studies showed that the estimation and inference for the key time points 
with onsite measurements have good properties and are not impacted by the additional variability and bias from intermedi-
ate decentralized measurements. However, estimates for intermediate decentralized time points for the mixed modality and 
estimates for the all decentralized modality measurements have increased variability and bias.
Conclusion Mixed modality trials can help achieve the benefits of decentralized clinical trials by reducing the number of 
onsite visits with little impact on statistical inferences for various estimands, compared to traditional (all onsite) clinical trials.
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Introduction

Decentralized clinical trials (DCTs) are defined by the 
Clinical Trial Transformation Initiative as “trials executed 
through telemedicine, mobile/local healthcare providers 
(HCPs), and/or mobile technologies.” [1] A DCT does not 
need to be completely remote [1, 2], and others have pro-
posed metrics for the degree of decentralization for a clini-
cal trial which are based on how much a study depends on 
specific sites and the methods of data collection used [2]. 
In this article, we use the term decentralized to denote data 
not collected through the traditional approach (i.e., during 

in-person clinical visits). Decentralized measurements 
may include measurements collected at home by patients 
or health workers, through a remote electronic device (e.g., 
electronic clinical outcome assessment), a mobile device, or 
at a local medical facility.

Prior to the COVID-19 pandemic, there was interest in 
DCTs due to the potential reduction in time and cost associ-
ated with patient travel which may improve patient reten-
tion [1, 3]. Additional potential benefits include faster and 
more diverse patient recruitment due to fewer geographical 
restrictions, especially for rare diseases [1, 3, 4]. Technologi-
cal advances including the wide use of mobile devices and 
increasing popularity in the adoption of wearable devices 
also facilitate DCTs [1, 5, 6].

During the COVID-19 pandemic, interest in decentraliza-
tion turned into necessity and use of decentralization in clin-
ical trials accelerated quickly due to patient safety concerns 
about traveling to clinical trial sites or temporary closure 
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of some sites [7]. This public health emergency triggered 
regulatory support for alternative methods of data collec-
tion with an emphasis on maintaining patient safety, which 
helped temporarily facilitate trial decentralization [3, 7–9].

Despite the advantages and recent regulatory support 
for DCTs, these trials still present many challenges. For 
example, there is uncertainty about which of the additional 
regulatory flexibilities will be allowed once the COVID-19 
pandemic ends [3, 7]. Additional legal complications in the 
USA include restriction of telehealth visits over state lines, 
which may require having primary investigators with a medi-
cal license in each patient’s home state. Delivery of study 
medications directly to participants may also be difficult for 
practical reasons, due to some state laws, the need for preser-
vation of patient privacy during delivery, and potential need 
for refrigeration [1, 10]. From a patient safety perspective, 
there is also concern about how sponsors and Institutional 
Review Boards will monitor and enforce safety requirements 
on decentralized sites, as well as the accuracy of data col-
lected to monitor adverse events [8, 9].

Alternative data collection in DCTs may lead to data 
quality concerns including whether the data is traceable/
auditable, how to securely store or transmit patient data, 
whether the data will have increased variability or biases, 
and how updates to the software or hardware used to col-
lect the data will impact longitudinal studies [6, 11]. The 
United States Food and Drug Administration supports some 
decentralized data collection for trials ongoing during the 
pandemic [12], but it may take time before the effects of 
decentralization on data quality are well understood.

In some cases, local, home, or virtual data collection may 
not be as reliable as data collected onsite. Some virtual data 
collection tools and methods require validation. Despite the 
sponsor’s best effort to validate the devices and tools for 
decentralized data collection, the quality of the decentralized 
measurements may not be as consistent as onsite measure-
ments. Using body weight as an example, even if the sponsor 
provides a standardized weight scale and detailed instruc-
tions, patients generally do not have the necessary training 
to be fully compliant to the procedure.

One approach to addressing some of these challenges 
while planning a new DCT is to utilize a hybrid approach 
for decentralization by conducting a few critical visits on 
site and all other data collection and visits in a decentral-
ized manner [1]. This approach was recommended for one 
DCT study by a regulatory agency [Unpublished Commu-
nication]. In this article, we use clinical trials in chronic 
weight management (CWM) as an example to understand 
the impact of a fully decentralized approach and a hybrid 
approach on the estimates of mean response and the treat-
ment difference in the primary outcome under various sce-
narios including increased variability and bias for decen-
tralized measurements. Section 2 describes the clinical trial 

setting and the data generating models, Section 3 provides 
simulation results, and in Sections 4 and 5 we summarize 
our findings.

Materials and Methods

Simulation Setting

We consider a 52-week trial comparing an experimen-
tal treatment with placebo for the purpose of CWM for 
participants with obesity, defined by baseline body mass 
index (BMI) ≥ 30 kg/m2 or BMI ≥ 27 kg/m2 with at least 1 
weight-related comorbidity. The primary analysis variable 
is the change in body weight from baseline to 52 weeks. 
We assume body weight is measured at baseline and every 
4 weeks after randomization until week 52, and the study 
enrolls 600 participants randomly assigned to placebo or 
an experimental treatment with a 1:1 randomization ratio.

The onsite weight measurement for subject j (1 ≤ j ≤ ni) 
at time point k (k = 0, 1,… , 13) on treatment i ( i = 0 for 
the control group and i = 1 for the experimental treatment 
group) is modeled as

where �ik is the population mean response for treatment 
group i at time point k, sij ∼ NID (0, �2

s
) , eijk ∼ NID (0, �2

e
) , 

where sij and eijk are independent and NID stands for “nor-
mally independently distributed”. We assume the decentral-
ized measurement Y∗

ijk
 follows

where s∗
ij
∼ NID (0, �2∗

s
) is the additional between-subject 

variability, e∗
ijk

∼ NID (0, �2∗
e
) is the additional within-sub-

ject variability, s∗
ij
 , sij , e∗ijk and eijk are all mutually independ-

ent, and r ( −1 < r < 1 ) is the proportion of bias in the decen-
tralized measurement.

We consider 3 clinical trial settings: 

1. All onsite—Body weight is measured on site for all time 
points.

2. Mixed—Body weight is measured on site for Week 0 
(baseline), Week 24, and Week 52, and decentralized 
measurements are used for all other time points.

3. All decentralized—Decentralized body weight measure-
ments are used for all time points.

For decentralized measurements, we consider 3 sce-
narios: (A) additional within-subject variability but 
without additional between-subject variability and bias 
( 𝜎2∗

e
> 0 , �2∗

s
= 0 , and r = 0 ), (B) additional within- and 

(1)Yijk = �ik + sij + eijk,

(2)Y∗
ijk

= (1 + r)(�ik + sij + eijk + s∗
ij
+ e∗

ijk
),
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between-subject variability but without bias ( 𝜎2∗
e

> 0 , 
𝜎2∗
s

> 0 , and r = 0 ), and (C) additional within- and 
between-subject variability and additional bias ( 𝜎2∗

e
> 0 , 

𝜎2∗
s

> 0 , and r ≠ 0).
For the onsite measurements, we use a between-patient 

variance ( �2
s
 ) of 300 and a within-patient variance ( �2

e
 ) of 

70. These values are selected based on historical studies. 
For decentralized measurements, the parameters for addi-
tional variability and bias are �2∗

s
= 130 , �2∗

e
= 30 , and 

r = −0.05 . The �2∗
s

 and �2∗
e

 values assume an approximate 
20% increase in the within- and between-patient standard 
errors beyond the �2

e
 and �2

s
 values from historical stud-

ies. Literature reviews have suggested self-reported weight 
measurements are typically 0.5 to 1 kg lower compared to 
weight measurements taken on site [13, 14]. We assume 
an −5 % (approximately −5 kg) bias to evaluate the perfor-
mance of estimators under an extreme situation.

In CWM studies, often the primary endpoint is the per-
cent change in body weight from baseline. Under the data 
generation models (1) and (2), the theoretic mean per-
cent weight loss is difficult to calculate, so we first use the 
change in body weight (kg) from baseline as the primary 
analysis variable and perform analyses to estimate the esti-
mands for the change in body weight. The true mean body 
weight, the mean change in body weight, and the mean 
percent change in body weight by treatment group are pro-
vided in Table 1. The mean percent change was calculated 
based on 1,000,000 Monte Carlo simulation samples.

To introduce missing data under the missing at random 
assumption [15], we first calculate the change in body 
weight from baseline for each post-baseline visit. Then, 
we generate dropouts assuming the probability of patients 

staying in the study at the k-th time point ( k = 2, 3,… , 13 ) 
is:

where Zijk is a binary variable indicating whether the meas-
urement at time point k is collected on site. The probability 
of missingness at each time point depends on the observed 
intermediate change in weight measurement at the previ-
ous time point. This missingness mechanism is ignorable 
missingness, also called missing at random (MAR) [15]. 
We choose �1 = 1 to ensure the data is missing at random 
and �0 ranging from − 17.5 to − 24.5 to obtain an overall 
proportion of patients with missing values at Week 52 of 
approximately 20%.

Inferences

Under the assumption of missing at random, we estimate 
the mean change in body weight using a mixed model for 
repeated measures (MMRM) including factors of treat-
ment, time point, and treatment by time point interaction, 
with baseline body weight as a covariate. An unstruc-
tured variance–covariance structure is used to model the 
within-subject correlation. Commonly used software 
packages (SAS and R) as well as theory for (mixed) lin-
ear models provide inference conditional on the base-
line covariate. Let �̂�ik denote the estimator for �ik and 
Var{�̂�ik|X̄⋅⋅

} be the variance of �̂�ik conditional on base-
line covariate, where X̄

⋅⋅
 represents the overall mean for 

X across treatment groups. By the law of total variance, 
we have

(3)

�ijk = 1

1 + exp
{

�0 + �1
[

{Zij,k−1Yij,k−1 + (1 − Zij,k−1)Y∗ij,k−1} − {Zij0Yij0 + (1 − Zij0)Y∗ij0}
]} ,

Table 1  True Mean Body 
Weight by Treatment Arm

CFB change from baseline; kg kilogram.

Week

Mean (kg) Mean CFB (kg) Mean %CFB

Placebo Treatment Placebo Treatment Placebo Treatment

0 101 101 0 0 0 0
4 100.5 99.0 − 0.5 − 2.0 0.3 − 1.3
8 99.5 97.5 − 1.5 − 3.5 − 0.8 − 2.8
12 99.0 96.0 − 2.0 − 5.0 − 1.3 − 4.4
16 98.5 95.0 − 2.5 − 6.0 − 1.8 − 5.4
20 98.0 94.0 − 3.0 − 7.0 − 2.3 − 6.4
24 98.0 92.0 − 3.0 − 9.0 − 2.3 − 8.5
28 98.0 91.0 − 3.0 − 10.0 − 2.3 − 9.5
32 98.0 90.5 − 3.0 − 10.5 − 2.3 − 10.0
36 98.0 90.0 − 3.0 − 11.0 − 2.3 − 10.6
40 98.0 88.5 − 3.0 − 12.5 − 2.3 − 12.1
44 98.2 88.0 − 2.8 − 13.0 − 2.1 − 12.6
48 98.3 87.0 − 2.7 − 14.0 − 2.0 − 13.6
52 98.5 86.0 − 2.5 − 15.0 − 1.8 − 14.7
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Then,

Linear model packages give the variance estimate 
�Var{�̂�ik|X̄⋅⋅

} . We need to add the second part to obtain the 
unconditional variance estimation. The second part can be 
estimated as

where S2
x
 is the sample variance for the baseline observations 

(across treatment groups) and n = n1 + n2 is the overall sam-
ple size. Since the estimator �̂�1k − �̂�0k for the treatment effect 
does not contain X̄

⋅⋅
 , the conditional and unconditional vari-

ance are the same and the direct variance estimation from 
software packages can be directly used for inference. In the 
simulation results in Section 3, the inference for the mean 
in each treatment group is based on the variance estimation 
in Eq. (4).

Var{�̂�ik} = E[Var{�̂�ik|X̄⋅⋅
}] + Var[E{�̂�ik)|X̄⋅⋅

}].

(4)�Var{�̂�ik} = �Var{�̂�ik|X̄⋅⋅
} + �Var[E{�̂�ik|X̄⋅⋅

}].

�Var[E(�̂�ik|X̄⋅⋅
)] = (𝛽x)

2Var(X̄
⋅⋅
) = (𝛽x)

2S2
x
∕n,

Results

We conducted simulation studies based on 5,000 simulated 
samples for 3 clinical settings (all onsite measurements, 
measurements with mixed modality, and all decentralized 
measurements) for scenarios A, B, and C for increased vari-
ability and bias. In all scenarios, the proportion of missing 
values at the 52-week visit is between 13.8 and 15.6% for 
the experimental treatment arm and 24.3 and 26.6% for the 
placebo arm.

Figure 1 summarizes the simulation results for Scenario 
A in which we assume decentralized measurements only 
increase the residual error [ �2∗

e
= 30 , �2∗

s
= 0 , and r = 0 in 

Model (2)]. When measurements are all collected on site, 
the bias is minimal and the estimated 95% confidence inter-
vals have a coverage probability of approximately 0.95. For 
the mixed onsite/decentralized measurement modality, the 
standard errors at visits with decentralized measurements are 
larger than the case of all onsite measurements, but at the 
visits where weights are measured onsite (Weeks 24 and 52), 
the point estimates and standard errors are similar between 
the mixed modality and all onsite measurements. For the 
case of all decentralized measurements, all estimates also 
have minimal bias but the standard errors are consistently 
larger than the all onsite measurement scenario.

Figure 2 summarizes the simulation results for Scenario 
B in which we assume decentralized measurements increase 

Figure  1  Summary of Simulation Results for the Treatment Differ-
ence in the Mean Change in Body Weight from Baseline for the Sce-
narios with All Onsite Measurements, with a Mixture of Onsite and 
Decentralized Measurements, and with All Decentralized Measure-

ments Assuming Increased Within-Subject Variability for Decentral-
ized Measurements (Based on 5000 Simulated Samples). The True 
values indicate the true weight change from baseline for each treat-
ment arm and time point.
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the residual error variability and between-subject variability 
[ �2∗

e
= 30 , �2∗

s
= 130 , and r = 0 in Model (2)]. The results 

are generally similar to those for Scenario A (Fig. 1), with 
slight increases in standard errors for the decentralized 
measurements in the mixed modality.

Figure 3 summarizes the simulation results for Scenario 
C in which we assume the decentralized measurements 
not only increase the within- and between-subject vari-
abilities but also introduce a bias [ �2∗

e
= 30 , �2∗

s
= 130 , 

and r = −0.05 in Model (2)]. For mixed modality meas-
urements, the biases and standard errors in the estimated 
mean change in body weight from baseline to 24 and 52 
weeks are similar to the case of only onsite measurements, 
but the biases are larger for other time points. Recall that 
in the mixed modality scenario the measurements at base-
line, Week 24 and Week 52 were collected on site, so we 
expect to see no bias in the change from baseline estimates 
to 24 and 52 weeks, but the bias for the change in body 
weight for intermediate time points is amplified due to the 
mismatch of data collection methods at baseline and the 
intermediate time points. For the case of all decentralized 
measurements, there is a clear bias in all time points but 
the bias is smaller than the decentralized measurement 
time points in the mixed modality scenario. This is likely 
because the bias is largely canceled out when calculating 
the change from baseline when both baseline and post-
baseline measurements are decentralized. Note the bias 

cancelation in the all decentralized modality is specific to 
our simulation scenarios. If the effect of bias cancelation 
is smaller, the bias for the all decentralized scenario will 
be larger.

Table 2 summarizes the bias, standard deviation, the 
mean of the standard error over the simulation iterations, 
and the coverage probability for the 95% confidence inter-
val for the treatment difference in the mean change in body 
weight from baseline to 12, 24, 36, and 52 weeks. Data 
for other intermediate time points are not shown here, as 
the results were similar to those at 12 and 36 weeks. Note 
for the mixed modality setting, onsite measurements are 
collected at baseline, 24, and 52 weeks only. Similar to 
the results for each treatment group, for the mixed data 
collection modality the estimates for the treatment dif-
ference are very similar to those for the non-DCT (tradi-
tional) setting for 24 and 52 weeks, have larger variability 
at 12 and 36 weeks when decentralized measurements have 
increased variabilities, and are biased at 12 and 36 weeks 
when decentralized measurements have measurement bias. 
Note the bias is much smaller for the treatment difference 
compared to individual treatment group results. This is 
likely because some bias is canceled out during calculation 
of the treatment difference. For the case of all decentral-
ized measurements, estimates for the treatment difference 
have increased variability at all time points and are slightly 
biased when the decentralized measurements are biased.

Figure  2  Summary of Simulation Results for the Treatment Differ-
ence in the Mean Change in Body Weight from Baseline for the Sce-
narios with All Onsite Measurements, with a Mixture of Onsite and 
Decentralized Measurements, and with All Decentralized Measure-

ments Assuming Increased Within- and Between-Subject Variability 
for Decentralized Measurements (Based on 5000 Simulated Sam-
ples). The True values indicate the true weight change from baseline 
for each treatment arm and time point.
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As mentioned previously, primary outcomes from CWM 
trials are commonly presented as percent change in weight 
from baseline. Therefore, we carried out analogous simula-
tion studies based on percent change from baseline and the 
results can be found in the Supplemental Information online. 
Overall, the coverage probabilities for the percent change 
results are slightly lower for all cases. This is likely because 
the percent change data does not satisfy all the assumptions 
of the MMRM model used (i.e., the percent change values 
have heterogeneous variance and non-normality). However, 
the trends in increasing standard deviations and bias at 
decentralized visits, as well as lower coverage probabilities 
in the scenario where bias is present at decentralized visits, 
are all consistent with the results discussed previously when 
the absolute change in weight from baseline is the primary 
outcome of interest.

We did not simulate the case under the null hypothesis 
of no treatment difference. Based on the theory of linear 
models, the coverage probability does not change when the 
true mean treatment difference changes for linear models. 
Therefore, the coverage probability in Table 2 can be used 
gauge the type I error rate (type I error is equal to 1 minus 
the coverage probability). Referring to this table for the Sce-
nario C results (which correspond to Fig. 3), the type I error 
rate at 52 weeks in the mixed modality is approximately 5% 
and the type I error rate in the all decentralized modality 
is  9%. Due to the inflated type I error and biased estimates 

in the all decentralized modality at critical time points, the 
mixed modality is a reasonable approach to increase the 
number of clinical trial visits which are decentralized while 
maintaining the validity of the inference at key time points if 
the decentralized data measurements are not fully validated.

Discussion

DCTs are drawing more interest due to the convenience for 
patients and easier access for traditionally under-represented 
patients. One challenge for DCTs is the validity of decentral-
ized measurements (collected at home, virtually, or at local 
facilities). For measurements collected by patients, even 
if standardized devices and detailed instructions are pro-
vided to patients, they may not be able to closely follow the 
instructions as they are not trained technicians or nurses. In 
addition, completely virtual clinical trials can be challenging 
as patients and physicians may prefer to have some face-to-
face interactions with sites and certain measurements can 
be more reliably obtained on site versus at home or locally. 
A mixed modality of on site and decentralized visits may be 
attractive because they can take advantage of the benefits of 
DCTs (less travel time and more access to under-represented 
patient populations) while maintaining the benefit of face-to-
face interactions between healthcare providers and patients, 
and accurate measurements taken at traditional site-based 

Figure  3  Summary of Simulation Results for the Treatment Differ-
ence in the Mean Change in Body Weight from Baseline for the Sce-
narios with all Onsite Measurements, with a Mixture of Onsite and 
Decentralized Measurements, and with All Decentralized Measure-

ments Assuming Increased Within- and Between-Subject Variability, 
and Bias for Decentralized Measurements (Based on 5000 Simulated 
Samples). The True values indicate the true weight change from base-
line for each treatment arm and time point.



750 Therapeutic Innovation & Regulatory Science (2022) 56:744–752

1 3

clinical trials. In Eli Lilly and Company, most new diabetes 
clinical trials utilizing DCT capabilities use a mixed modal-
ity, in which onsite measurements are collected at key time 
points (e.g., baseline and the primary time points).

The impact of the mixed DCT modality on statistical 
inference (bias, variance, and coverage probability of the 
confidence interval) has not been studied previously. In this 
article, we evaluated the impact of the mixed DCT modality 
on statistical inference through simulation for longitudinal 
continuous outcomes. Since we assume the measurements 
collected at baseline and primary time points are taken 
onsite, the DCT measurements at intermediate time points 
would not impact the primary analysis if there were no miss-
ing values. In our simulation, we evaluate the performance 
of the MMRM under the assumption of MAR and our results 
show the modality at intermediate outcomes has little impact 
on the estimation of treatment effect at key time points.

The MMRM analysis is often used to estimate treatment 
effects when the hypothetical strategy is used to handle 
intercurrent events and missing or unobserved values are 
considered missing at random. Another important strat-
egy commonly used in handling intercurrent events is the 
treatment policy strategy. To estimate the treatment effect 
under the treatment policy strategy, imputation methods 
(e.g., retrieved dropout [16] and reference-based imputa-
tion [17] methods) based on the pattern mixture model may 
be used. Since retrieved dropout and jump-to-reference 
imputation methods only use the baseline and primary time 
point (for the primary analysis), the modality of the inter-
mediate measurements will not impact these 2 imputation 
methods. For copy-reference and return-to-baseline [18] 
imputation methods, intermediate outcomes are needed to 
estimate the within-subject variance–covariance structure 
for the reference arm and/or treatment arm, which requires 

Table 2  Summary of 
simulation results for the 
difference between placebo and 
experimental treatment arm in 
the difference in weight from 
baseline—comparing the all 
onsite scenario to scenarios with 
decentralized measurements 
at select time points (based on 
5000 simulated samples)

CP coverage probability of the 95% confidence interval, SD standard deviation of estimates of the mean, 
SE mean standard error estimates of the mean, True the true mean value.
a For the onsite/decentralized mixed measurements models, weeks 24 and 52 were site visits.

Scenario Modality Weeka True

DCT Scenario Results

Bias SD SE CP

All onsite 12 − 3.0 − 0.002 0.957 0.954 0.951
24 − 6.0 − 0.004 0.990 0.974 0.942
36 − 8.0 − 0.007 0.993 0.986 0.950
52 − 12.5 0.015 1.002 0.996 0.947

Within patient variability 
(Scenario A)

Mixed 12 − 3.0 0.010 1.060 1.060 0.951
24 − 6.0 0.015 0.997 0.975 0.944
36 − 8.0 0.003 1.115 1.101 0.946
52 − 12.5 0.002 1.004 0.999 0.950

All Decentralized 12 − 3.0 − 0.022 1.113 1.120 0.952
24 − 6.0 − 0.006 1.148 1.145 0.950
36 − 8.0 0.012 1.155 1.160 0.950
52 − 12.5 − 0.013 1.180 1.173 0.947

Within and between patient 
variability (Scenario B)

Mixed 12 − 3.0 0.011 1.437 1.423 0.946
24 − 6.0 0.001 0.987 0.990 0.949
36 − 8.0 0.037 1.462 1.450 0.942
52 − 12.5 0.021 1.025 1.012 0.946

All Decentralized 12 − 3.0 − 0.018 1.131 1.138 0.953
24 − 6.0 − 0.003 1.168 1.163 0.949
36 − 8.0 0.015 1.175 1.178 0.949
52 − 12.5 − 0.010 1.198 1.191 0.946

Within and between patient 
variability and bias (Scenario C)

Mixed 12 − 3.0 0.137 1.345 1.351 0.953
24 − 6.0 0.005 0.994 0.989 0.950
36 − 8.0 0.428 1.363 1.378 0.942
52 − 12.5 − 0.030 1.016 1.013 0.946

All Decentralized 12 − 3.0 0.148 1.077 1.081 0.953
24 − 6.0 0.306 1.106 1.105 0.940
36 − 8.0 0.409 1.125 1.118 0.933
52 − 12.5 0.627 1.145 1.131 0.912
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the assumption of ignorable missingness for hypothetical 
outcomes. Based on simulation results in the “Results” sec-
tion under the missing at random assumption, it is reason-
able to conclude the mixed modality also has little impact 
on estimation using copy-reference and return-to-baseline 
imputation methods. However, we note the different modal-
ity for data collection at intermediate time points may impact 
the amount of intercurrent events or missing values which 
may affect estimation for the estimands associated with the 
treatment policy strategy and aforementioned imputation 
methods, but we expect such an impact on the final esti-
mation results to be small. Overall, data collected in the 
mixed modality setting can be used to handle missing data 
in a wide variety of ways and the best approach to handling 
missing data in a particular study depends on the reason for 
missing data and the estimand being used.

One drawback of using the mixed modality approach 
is the potential for high bias at non-critical time points as 
demonstrated in Fig. 3. An alternative approach which may 
help address this drawback is to collect both onsite and 
decentralized measurements at baseline and use the decen-
tralized baseline measurement to calculate the change from 
baseline at decentralized time points. This is a more com-
plicated option which assumes that the bias observed in a 
decentralized measurement is consistent across time points. 
This could also potentially increase the challenge of statisti-
cal analysis, e.g., which (onsite or decentralized) baseline 
value should be included in the analysis model. We do not 
recommend this approach.

Another challenge in using the mixed DCT modality is 
understanding the mean response over time since onsite 
and DCT measurements may not be “comparable”. For 
most measurements, the difference between measurement 
modalities may not be large. To present the estimates from 
onsite measurements taken at key time points and estimates 
from DCT measurements at intermediate time points, one 
can use different line type and point symbols to differenti-
ate the measurement modalities (see Fig. 4 for an illustra-
tion). Additionally, for a variable that is collected through a 
decentralized approach for the first time, it may not be a bad 
idea to collect both decentralized and onsite measurements 
at some time points so that the difference between the 2 data 
collection modalities can be assessed.

Conclusion

In conclusion, clinical trials with mixed decentralized and 
onsite measurement modalities are an attractive option to 
reduce the burden of patient travel to the trial site while 
maintaining the advantages of traditional clinical trials. This 
article shows a mixed modality approach has little impact 
on analysis results at the primary time point(s) for various 
estimands, even if the decentralized measurement devices or 
procedures are not fully validated. Therefore, more clinical 
trials with mixed modality should be conducted to attract 
traditionally under-represented patient populations, reduce 

Figure 4  Visualization of the Mean Change in Body Weight Over Time When Mixed-Modality Data Collection Methods are Used in a Decen-
tralized Clinical Trial
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patients’ burden, and reduce the cost of clinical trials while 
maintaining the quality of inference for key study objectives.
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