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Abstract
Part 1 in the DIA Study Endpoint Community Working Group on Mobile Sensor Technology (MST) series addresses consid-
erations that may be useful when determining the minimum wear time associated with mobile sensor use to ensure reliable 
estimation of the clinical endpoint under consideration. What constitutes a minimum valid data set is a dilemma facing those 
using MSTs in clinical studies. If this alignment does not occur, the integrity of the data collected and conclusions drawn 
from these data may be in incorrect. While study participants should consent to engage with MSTs as defined in a protocol, 
participant behavior or technology lapses may result in capturing incomplete data. Drawing from the literature, we review 
what constitutes a minimum data set, the risks associated with missing data, alignment with the clinical endpoint(s) and 
goals of a study, as well as managing patient burden.
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Introduction

This is the 1st of a series introduced by the DIA Study End-
point Community Working Group on Mobile Sensor Tech-
nology tasked with investigating key considerations for the 
use of mobile sensor technology (MST) (non-drug delivery) 
in a clinical trial (CT) setting. This working group was con-
vened among members of the Drug Information Associa-
tion’s (DIA) Study Endpoint Community including experts 
from biopharmaceutical companies, eClinical technology 
providers, clinical research organizations (CROs), academia, 
and non-profit organizations. The working group seeks to 
provide further recommendations and guidelines to facili-
tate the adoption of mobile sensor technology in clinical 
trials, allowing for the objective demonstration of treatment 
benefit in a real-world setting. This manuscript addresses 

considerations regarding the determination of minimum 
wear time for MSTs used to generate clinical endpoints.

The goal of each clinical study is to generate data to sup-
port a hypothesis. Endpoints should adequately measure the 
concept(s) of interest of the study, and endpoint data need 
to be reliable, robust, and sufficiently powered to be statis-
tically significant. As with any other outcome measure, if 
sufficient data is not collected, the reliability of the end-
point estimate and the statistical power of the data is called 
into question. The majority of MSTs are used to capture 
data remotely, and while the value of this continuous data 
capture methodology has been well established, there is no 
standard approach to determine the amount of time a study 
participant should wear or interact with the technology to 
ensure robust and reliable endpoint estimates. The impact 
and significance of wear compliance has not been quantified; 
that is, the percentage of that pre-defined portion of the time 
that study participant wears or interacts with the technology. 
A compounding factor in determining standards in the use 
of MSTs is the significance of the potential data loss that 
is dependent on the use of a specific MST in a given study, 
study population and therapeutic area, endpoint derived, and 
role of the MST in the study. In addition, should MSTs be 
used for longer than required, there could be significant cost 
implications in terms of the number of devices required, 
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additional burden on study participants, and increased data 
complexity and noise.

What Constitutes a Minimum Valid Data Set 
for Mobile Sensor Technologies?

What constitutes a valid data set with respect to the use 
of MSTs is not well defined. While the goal is to optimize 
wear/usage time, to accurately and comprehensively cap-
ture the target endpoint, there are a number of alternative 
approaches. A valid data set, on a participant level, might be 
defined as the amount of data required to enable the estima-
tion of the health outcome(s) of interest to a degree of accu-
racy deemed appropriate. Equally, a valid data set might be 
considered within a specific assessment interval; for exam-
ple, how many hours of wear time per day would be suffi-
cient to obtain a reliable estimate of the health outcome(s) 
of interest.

In general, it can be difficult to determine absolute val-
ues from the literature, although for certain types of MSTs, 
such as accelerometers to measure activity or sleep, some 
scientific evidence does exist. A valid data set in terms of 
wear time cannot be considered simply by a device type, 
as the target clinical endpoint derived from the MST data 
is also related to the amount of wear time needed to gener-
ate a valid data set. For example, in the literature, to assess 
overall daily activity, such as total steps per day, typically, 
researchers assume that a minimum of 80% of data need to 
be available (non-missing) in order to have a valid data set 
[1]. Despite this recommendation being widely used, it is 
open to interpretation. For example, 80% non-missing data 
could refer to 5.6 days out of a requested 7 days of data, or, 
alternatively, could correspond to at least 19.2 h for each 
day within a 7-day period. This brings us to the distinc-
tion between defining a valid day of wear and establishing a 
minimum number of valid days required. A valid day wear 
interval ensures that wear time is sufficient to determine a 
reliable estimate of the clinical endpoint for that day. The 
minimum number of valid days ensures that, allowing for 
day-to-day variability, we are able to obtain a reliable daily 
mean estimate of the endpoint.

Minimum wear time will vary based on the endpoint to be 
measured, For example, if using an activity monitor to meas-
ure total steps per day, between 6 and 16 h wear time during 
a day has been reported to provide acceptable estimates of 
daily steps during the active-awake period [2]. Chen et al. 
explored the definition of a “usable day” as being either 6, 8, 
or 10 h of estimated wear time and compared the impact of 
the definition on the sensitivity of estimation of time spent in 
Moderate and Vigorous Physical activity (MVPA) in a study 
of 1685 participants. The results of this study suggested that 
using a valid day definition as low as 6-h wear time had little 

impact on the estimate of mean MVPA minutes and was 
similar to the normalized wear time of 12 h [3]. However, 
measuring a different endpoint may have a significant impact 
on the definition of valid days required for robust estima-
tion. Using the same device to measure real-world walking 
speed, for example, it is possible that this can be estimated 
robustly from just a small number of bouts of purposeful 
walking and therefore may not require the same amount for 
daily wear time [4].

In order to determine the number of valid days that enable 
a robust definition of overall activity, the lifestyle, age, and 
work patterns of study participants need to be considered, as 
will an understanding of the variability in activity between 
days. The average adult study participant that typically 
works Monday to Friday may be more active during the days 
on weekends compared to weekdays [5], whereas retired or 
home-bound patients may have similar activity levels on all 
days of the week. As a result, some researchers report that 
only 3 days of accelerometer data are required to accurately 
predict physical activity in older adults, whereas 5 consecu-
tive days or 6 randomly selected days of day is required in 
adults (mean age 38 ± 10 years) to account for the potentially 
significant differences in activity patterns [6].

Similar approaches are required when using MSTs to esti-
mate other physiological measures—for example, measuring 
FEV1 or oximetry levels in patients living with COPD. In 
this case, understanding valid days and the minimum num-
ber of days needed remains important to ensure that end-
point estimates can be seen as reliable, and that additional 
variability does not adversely impact the sensitivity of the 
endpoint to detect change when change exists.

Approaches to the Standardization of a Valid 
Data Set

When determining minimum wear time for a study, the data 
to support the definition of wear time requirements can be 
obtained from pilot studies, scientific literature or other 
large data sets [7], and through engaging relevant patient 
perspectives. Considerations should include the endpoint 
under-consideration. For example, actigraphy-derived 
sleep parameter estimation wear time should align with 
pre-existing established clinical practice as outlined in the 
International Classification of Sleep Disorders (ICSD), the 
primary reference tomb for Sleep researchers. The ICSD 
outlines the appropriate use of actigraphy dependent on the 
specific population and sleep disorder under investigation 
[8]. The clinical use of physical activity monitors is less 
common, and inferences can be drawn from the research 
community and large community-based population studies 
such as National Health and Nutrition Examination Survey 
(NHANES), UK Biobank, or Canadian Health Measures 
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Survey. In the absence of clinical guidance, the periods dur-
ing a specific day that are required to obtain a reasonable 
estimate of activity over the day should be considered, and 
as described above, this may be dependent on the specific 
population under consideration. Typically, days should be 
standardized to a common active time interval period, such 
as 16 h active wake time, and intervals above or below this 
value are adjusted proportionally. Evaluating data sources to 
enable the sensitivity of the endpoint estimate to wear time 
will be valuable in determining the optimal minimum wear 
interval to define a valid day.

There is significant value in the use of pilot studies with 
representative patient populations. These studies facilitate an 
understanding of the impact and wear compliance allowing 
the study team to benchmark and set minimum wear toler-
ances and to test assumptions to ensure the most suitable 
limits for the study, population, outcome assessment, and 
protocol are established. Minimum wear time prior to trial 
initiation may be a requirement in some cases, specifically, 
to determine the amount of time that patients need to wear 
the sensor prior to baseline to measure change in endpoint.

When data is not readily available from other sources, 
findings reported in the literature can be applied to the use 
of other sensors within a specific device family. For this 
approach to have value, one needs to standardize to a com-
mon denominator. This approach was used by Byrom et al. 
[9] in their review of activity monitoring in COPD studies 
in which they determined from the published methodologies 
and results that the denominator should be 16 h if looking 
at total daily activity measures. Hermann et al. used data 
sets from the NHANES to explore the impact of wear time 
on activity estimates. This study explored data from 4000 
individuals and evaluated the impact of reducing wear time 
on the robustness of activity estimates. This study concluded 
that using 12 h or less wear time data significantly reduced 
the estimates of time spent in activity and sedentary behav-
ior [10]. However, this approach is specific for this disease 
area and endpoint, and alternative approaches are required 
when investigating other patient populations or different 
derived clinical endpoints.

Missing Data

Defined by Little et al. as “values that are not readily avail-
able that would be meaningful for analysis if they were 
observed” [11], missing data poses one of the greatest 
threats to data validity and generalizability of results regard-
less of whether the data comes from MSTs or other sources. 
Missing data has significant implications and can lead to 
incorrect inferences, reduce statistical power, may intro-
duce biases, and may impact the representativeness of the 
study sample [12]. This could have the impact or reaching an 

inappropriate study conclusion or failing to flag drug safety 
issue [11]. While there is lack of consensus within the indus-
try as to whether risk determination is a data management 
or a function of biostatistics, what is clear is that missing-
ness poses a risk to the ability to draw and support conclu-
sions relating to study results associated with the intended 
endpoint.

Within the context of MSTs, this issue is even more acute. 
The majority of wearables and sensors are used remotely. 
The value of this continuous data has been well established, 
but the impact on a clinical study of incomplete data, where 
study participants interact or wear the devices for a portion 
of the required time, is less well established. When data 
are collected in unsupervised settings, it can be difficult to 
understand the reason for missingness. An understanding 
as to the circumstance of the missing data can be important 
in the ability to determine the appropriateness of possible 
rules for dealing with missing data. Lack of knowledge of 
whether missing wear time is missing at random, or not at 
random, makes it difficult to develop robust approaches to 
interpolating/estimating missing values. Missing data at 
random (MAR) could be due to the malfunction of the tech-
nology or a patient simply forgetting to wear the device for 
a period of the day. Missing data not at random (MNAR) 
could be a result of the patient’s illness and feeling unable 
to wear or use a device or sensor or removing the device to 
perform a specific activity (e.g., swimming). This “not at 
random” incidence may, in this case, represent a period of 
inactivity which would be important to measure [13]. Strat-
egies on handling missing and incomplete data should be 
selected based on the reason(s) for missing and incomplete 
data and the patterns of missing data. For data that are clas-
sified as MAR, imputation methods may be appropriate, as 
it may be possible to assume that the data from the study 
days with incomplete data will have the same distribution 
as the complete days [14]. However, when data are MNAR, 
a pattern mixture modeling approach is required. When data 
are assumed to be MNAR, those patients who complete the 
assessments may be the healthiest, while those who have 
progressively become sicker may have dropped out of study. 
The ability to determine MAR or MNAR can impact bias if 
imputation is used where these techniques have been shown 
to be less robust in eliminating bias in the overall summary 
measure of activity [1].

Once the minimum wear time sufficient to clinical end-
point has been determined, it is realistic to suppose that 
established strategies for handling missing data could be 
applied to MST data. In particular, depending on the propor-
tion of missing data, multiple imputations could play a role, 
and recent improvements in multiple imputation and statisti-
cal computing strategies are assisting statisticians with tech-
niques to address the issue of missing data [15]. Despite this, 
there are few examples of the use of imputation methods to 
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account for missing data and researchers typically discard 
data that does not meet a valid day definition [9].

An alternative approach could be the use of Quality Tol-
erance Limits (QTL), a risk-based monitoring approach that 
is gaining momentum in the industry. The ultimate aim of 
QTL is to identify systemic issues at trial level that have 
the potential to impact subject safety or data integrity. In 
accordance with ICH E6 (R2) [16], each sponsor determines 
the acceptable level of risk and defines the limits or toler-
ance for each specific identified parameter. These tolerance 
limits are pre-specified by study sponsors and are designed 
to minimize risks to subject safety and ensure the reliability 
of the study results. For example, in a study where MSTs 
were used, a sponsor would predefine compliance level 
above which a protocol violation would be triggered. Early 
identification of issues can trigger an investigation and/or 
mitigation strategies to improve QTLs. The establishment 
of QTL’s for MST endpoints has the potential to identify 
significant issues with the data and it is hoped that these 
QTLs have the potential to become more meaningful as the 
use of MSTs in clinical trials matures [17].

Patient Factors

Once critical clinical research requirements are established, 
it is also essential to engage and collect perspectives and 
insights from relevant patient populations. This has the ben-
efit of ensuring that specified wear time and device usability 
are acceptable and that potential participant concerns are 
addressed during planning. Incorporating these perspec-
tives from the relevant patient populations is essential when 
determining wear time and device usability and acceptability 
for the specified wear time. Patients should understand how 
expectations for wear time throughout their study participa-
tion may differ from their experiences with consumer tools 
and wearables. There are other issues beyond the form factor 
of an MST that have the potential to impact wear, includ-
ing the availability for technical support should participants 
perceive a device is malfunctioning as well as perceptions 
related to value of being able to access personal data in real 
time. Perceived risks to privacy and security need to be 
addressed. However, despite these concerns, a recent sur-
vey of 200 potential clinical trial participants investigating 
preferences and perspectives of patients in deciding whether 
to participate in a mobile clinical trial [18] reported that 
respondents overwhelmingly chose a mobile trial scenario 
vignette over a traditional trial approach, citing conveni-
ence, time, and access as benefits. Respondents also said 
they would wear a device or monitor for a year or more—as 
long as the trial lasted.

Collecting more data than is necessary/ irrelevant to the 
primary endpoint may put undue burden on participants. 

Engaging patients early in planning clinical trials using 
MSTs will help ensure that collecting data remotely and 
continuously provides benefit and value to participants while 
balancing any added burdens related to wearing and main-
taining devices and learning to live with a new technology. 
Seeking input from representative patients may also predict 
situations under which data capture may be inconvenient and 
less relevant to patient outcomes, thereby potentially reduc-
ing instances of missing data. Additionally, patients may be 
open to using MSTs for longer than might be expected if 
they are included in planning trials and understand why data 
are essential to potential better outcomes.

Discussion and Conclusion

When considering using MSTs in a study, there are three 
factors that need to be deliberated; defining what is meant 
as a valid data set, optimizing data collection from study 
participants in terms of complete data sets as defined by the 
protocol, and utilizing computational strategies for manag-
ing missing data.

Guidance needs to be provided during the study design 
period to determine the definition of valid data, rules for 
handling missing data, and when/if data should be judged 
unreliable and excluded. Determining minimum wear time 
for robust estimates of clinical endpoints is critical. Data 
from the literature are at best broad and few studies to date 
provide evidence to link the wear time to specific clinical 
endpoints and patient populations and it is likely that until 
a sufficient body of research has been conducted across a 
number of therapeutic areas with different patient cohorts, 
the definition of a valid data set will be broadly based with 
generalities such as 80% of the intended wear time.

In concert with the need to define a valid data set and the 
proportion of that data that is missing, maximizing the wear 
compliance of study participants is essential. This can be 
achieved through engaging with study participants to gain 
their perspective, addressing their preferences and accept-
ability of MSTs to alleviate non-adherence, and to provide 
technical support and training to maximize engagement 
with the MST. These initiatives can include pilots to help 
benchmark wear tolerances levels, real-time compliance pro-
grams, active outreach, and post-study questionnaires. From 
a patient’s perspective, it is critical to balance additional 
burden and risk (privacy, wear time and device failure) with 
returning value to participants.

Mobile sensor technologies are increasingly being used 
in clinical studies, but there remain unknowns and is it 
likely that approaches to the management of missing data 
and definition of a valid data set will evolve and become 
more precise and defined as these tools become more widely 
adopted. Once statisticians are able to distinguish between 
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data missing at random and not missing at random, well-
established techniques such as and multiple imputation and 
advanced computational programs can be used to address 
the issue of missing data.

While some questions are still yet unanswered, such as 
how much data is required for that data to be considered a 
valid data set and included in the statistical analysis and 
how rigid should the statistical analysis plan (SAP) be when 
defining a valid data set, there is still enough known and suf-
ficient insights that can be derived using MSTs to encourage 
greater use of MSTs in clinical trials. Existing approaches 
already utilized by bio-statisticians have a role in determin-
ing the impact of the missing data such as sensitivity analy-
sis that could be conducted to assess the robustness of find-
ings to plausible alternative assumptions about the missing 
data [11]. In the meantime, the industry has adopted broad 
strategies with respect to wear time with an expectation 
that more specific guidelines will evolve as industry more 
accurately defines more precise values for what constitutes 
a valid data set for each specific use case and indication.
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