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A B S T R A C T   

Digital health technologies (DHTs) enable us to measure human physiology and behavior remotely, objectively 
and continuously. With the accelerated adoption of DHTs in clinical trials, there is an unmet need to identify 
statistical approaches to address missing data to ensure that the derived endpoints are valid, accurate, and 
reliable. It is not obvious how commonly used statistical methods to handle missing data in clinical trials can be 
directly applied to the complex data collected by DHTs. Meanwhile, current approaches used to address missing 
data from DHTs are of limited sophistication and focus on the exclusion of data where the quantity of missing 
data exceeds a given threshold. 

High-frequency time series data collected by DHTs are often summarized to derive epoch-level data, which are 
then processed to compute daily summary measures. In this article, we discuss characteristics of missing data 
collected by DHT, review emerging statistical approaches for addressing missingness in epoch-level data 
including within-patient imputations across common time periods, functional data analysis, and deep learning 
methods, as well as imputation approaches and robust modeling appropriate for handling missing data in daily 
summary measures. We discuss strategies for minimizing missing data by optimizing DHT deployment and by 
including the patients’ perspectives in the study design. We believe that these approaches provide more insight 
into preventing missing data when deriving digital endpoints. We hope this article can serve as a starting point 
for further discussion among clinical trial stakeholders.   

1. Introduction 

The ongoing innovation and miniaturization of sensors have led to a 
wide demand for wearables to track personal health and wellness, which 
has become hugely popular in many application areas including drug 
development and clinical research. It is estimated that one in five adult 
Americans owns a smartwatch or a wearable activity tracker [1]. As 
suggested by the U.S. Food & Drug Administration (FDA), Digital Health 
includes “mobile health, health information technology, wearable de
vices, telehealth and telemedicine, and personalized medicine” [2]. The 
application of personal Digital Health Technologies (DHTs), defined as 
systems that use computing platforms, software, and sensors for 

healthcare and related uses [3], affords the opportunity to measure new 
endpoints from domains impractical or impossible to measure before, 
leading to a better understanding of more meaningful health outcome 
measures and disease characterization. 

We are beyond the point where DHTs can only give us limited 
discrete data such as step counts. For instance, emerging approaches 
demonstrate the ability of one sensor located on the lumbar region to 
quantify the spatiotemporal characteristics of gait in Parkinson’s Disease 
[4]. Other studies have demonstrated using wrist-worn accelerometers 
to quantify nocturnal scratching as an additional measure of pruritis 
alongside patient-reported itch ratings in atopic dermatology studies 
[5,6]. DHTs can provide measurements of human behaviors and health 
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status at high sampling frequency, and thus provide information with 
higher granularity. They can be used to measure episodic constructs and 
diurnal variability using continuous recordings over long periods of time 
in real-life settings. When used in free-living (day-to-day life, out of 
clinic) settings in clinical research, DHTs enable more frequent mea
surements of disease signs and symptoms, which can provide a more 
granular and holistic picture of health status in real-time relative to the 
more traditional snapshot of in-clinic assessments. DHTs provide a pic
ture of real-world functioning which can be difficult to assess in the 
clinic and may lead to more pertinent and meaningful endpoints to 
understand disease and treatment impact and to provide more person
alized care. 

Many DHTs, such as accelerometers and continuous glucose moni
tors (CGM), collect data passively and frequently, leading to rich streams 
of time series data from which outcome measures are derived using al
gorithms. Careful consideration is needed when deriving clinical end
points in drug development programs to ensure that they are robust and 
reliable to enable regulatory decision making [7]. While much work has 
been reported on the evidence to support device selection and reliability 
of measures [7,8], one less developed area is how to deal with missing 
data observed in these time series. Reaching a consensus on how to 
prevent and handle missing data, either due to participant compliance or 
technology related issues, will increase the integrity of DHT-based 
clinical study results and inform future studies. Therefore, in this 
article, we discuss characteristics of missing data from DHTs, review 
emerging methodologies to address missing data arising from DHTs, and 
provide strategies for minimizing missing data by optimizing DHT 
deployment in clinical studies. 

2. Commonly used DHTs and their data 

In this paper, we will focus on data derived from 2 types of DHTs, 
accelerometers and CGMs. 

The accelerometer is the key component of modern wearable phys
ical activity (PA) and sleep trackers (also known as actigraphy), which 
are often used to provide continuous and objective measures of 24-h 
activity and sedentary behavior. An accelerometer collects high reso
lution motion-induced acceleration signals (e.g., 30–100 Hz), which 
provide information about activity types and intensities. These raw ac
celeration signals are aggregated and summarized over epochs (e.g., 1 
min) to quantify PA and sleep. Activity counts (or other similar metrics 
such as activity index [9] or Euclidean norm minus one [10]) per one- 
minute epoch are such a summary measure, and represent a proxy 
measure of activity level. These measures are produced either by the 
devices’ proprietary algorithms, and therefore differ across devices and 
manufacturers [11], or by open source algorithms applied to the raw 
sensor data, which enable greater reproducibility and offer interpreta
tional benefits [12]. Multiple features or daily summaries can then be 
extracted from the epoch-level counts data to describe different aspects 
and physiological characteristics of PA and sleep, such as total daily time 
spent in sedentary behavior or total sleep time [13]. PA monitors have 
wide applicability across a broad range of diseases including cardio
vascular, respiratory, and metabolic indications. 

CGMs are wearable devices that measure interstitial glucose levels 
continuously throughout the day, with some monitors taking measure
ments as often as every 5 min [14]. The time series nature of CGM data 
provides a characterization of the temporal (i.e., changes over time) 
glucose profile. Thus, the use of CGMs has become more popular in 
clinical practice, specifically in diabetes, since they provide instanta
neous response to therapy decision, lifestyle modifications, and identi
fication of patterns of hypoglycemia [15]. While glycosylated 
hemoglobin (HbA1c) is considered the key surrogate marker for the 
progression of long-term complications in diabetes, it does not provide 
information about acute glycemic changes (blood glucose variability) 
that reflect complications such as hypo- and hyperglycemia. It has been 
established that 14 days of CGM data provide a good estimate of glucose 

metrics for a 3-month period [16]. A list of core CGM metrics has now 
been recommended for use in clinical practice based on the consensus 
opinion of an international expert group. These include mean glucose 
level, predicted HbA1c, and the percentage of time glucose values are 
contained within a defined range (time in range, TIR) [17]. 

There are similarities in the time series nature of the data collected 
by CGM and actigraphy devices. Typically, for both CGM and actig
raphy, a hierarchical structure of data types can be obtained and sum
marized by:  

1. Raw signal. This is the high throughput, high-frequency, and 
minimally processed data directly from the sensor. Specifically, for 
tri-axial accelerometry signal, it is the acceleration (in the unit of g) 
at sub-second level (e.g. 30 Hz to 100 Hz) that can be measured along 
the x, y, and z axes.  

2. Epoch-level data. For actigraphy data, raw acceleration can be 
summarized into epoch-level (e.g., 1 min) time series, such as ac
tivity counts. For CGM, glucose levels can be recorded every 5 min or 
15 min. Epoch-level data can be used to derive the temporal trends of 
physiological behaviors such as diurnal patterns. One-minute epoch 
counts for PA data and 5-min epoch samples for CGM data represent 
1440 and up to 288 daily data points for PA and CGM data 
respectively. 

3. Daily summaries. From these epoch-level data, actigraphy sum
maries such as daily time spent in sedentary behavior, measures of 
activity quantity and intensity, and basic sleep parameters such as 
total sleep time, sleep efficiency and sleep disturbance can be derived 
[13]. CGM epoch-level data can be summarized to obtain mean 
glucose, diurnal glycemic variability, predicted HbA1c, and TIR 
measures [17]. 

In this manuscript, we will focus on considerations for handling 
missing data related to epoch-level data and daily summaries assuming 
multiple days/weeks of measurement. Though these DHTs are designed 
to minimize burden for the participant, missing data remains an 
important consideration. In each case, data may be missing for a variety 
of reasons including device malfunction, data transfer errors, data arti
facts leading to inestimable outcomes measures, and compliance issues 
leading to periods of non-wear during the monitoring period. 

3. Common practices for missing data in DHTs 

In general, common approaches to deal with missing data in DHTs 
focus on the exclusion of data where the quantity of data collected is 
considered insufficient to reliably estimate the required outcome 
measures. 

3.1. Common approaches to handle missing data in actigraphy-measured 
PA 

Published studies on PA using actigraphy rarely report detailed 
methodology for handling missing data [18]. Commonly used ap
proaches tend to focus on the concepts of “valid days” and “numbers of 
valid days.” A “valid day” represents a 24-h period within which the 
number of minutes of data recording exceeds a given threshold. The 
“number of valid days” is a measurement interval that contains at least a 
defined number of valid days. For example, patients may be asked to 
wear a PA device from awakening to going to bed on each day within a 
7-day interval; however, researchers may consider the data valid for 
estimation of PA if the device was worn for at least 10 h on at least 5 of 
these days (for example). Definitions of valid day and number of valid 
days needed for robust estimation of PA outcome measures vary in the 
literature. 

Herrmann et al. [19] used datasets from the National Health and 
Nutrition Examination Survey (NHANES) [20] to conclude that using 12 
h or less of wear data significantly underestimated time spent in activity 
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and sedentary behavior. Hart et al. [21] estimated that 3–4 days and 5 
days of measurement in older adults is sufficient to enable representa
tive measurement of PA and sedentary behavior respectively within a 
study period of 21 days. In their review of activity monitoring in chronic 
obstructive pulmonary disease (COPD), Byrom and Rowe recommended 
5 or more days of at least 10 h recording each day to estimate PA and 
sedentary behavior outcome measures in COPD patients [18]. 

While robust estimation of PA outcome measures is important, dis
carding data that does not meet the valid days definitions is also unde
sirable. Catellier et al. [22] illustrated this dilemma, showing in their 
dataset that inclusion of all data produced lower estimates of PA due to 
bias from some days of limited wear time, whereas excluding data based 
on different valid day rules may introduce bias due to differences in 
activity between valid and invalid days. 

In addition, while the importance of measuring across the majority of 
the wakeful day in estimation of parameters such as total PA (e.g., total 
counts per day) or total time spent in different levels of PA (e.g., 
sedentary, light, moderate to vigorous (MVPA) activity) is acknowl
edged, not all outcome measures reflect total daily measures. Cadence or 
real-world walking speed measures may only require estimation during 
periods of purposeful walking and so measurement across a small 
number of walking episodes per day may suffice for reliable estimation 
of these measures. 

3.2. Common approaches to missing data in CGM 

One of the most popular CGM-derived metrics is the time in range 
(TIR) [23]. TIR is a summary statistic that describes the amount of time 
that the patient spends with blood sugar levels between 70 and 180 mg/ 
dL. It was proposed by Xing et al. [24] to require CGM data from at least 
70% of monitoring days in order to have a valid TIR observation. 
Similarly, the International Consensus on Use of CGM recommends 
using a minimum of 14 consecutive days of data with approximately 
70% of possible CGM readings over those 14 days for valid assessment of 
glycemic control using CGM data [25]. 

At this point, there are no perfect robust methods of dealing with 
missing CGM data. Often, in time intervals when the proportion of non- 
missing blood glucose measurements falls below 70%, the data for those 
days are discarded. Alternatively, missing blood glucose data are 
addressed using a linear interpolation process [26]. However, limita
tions of this approach are seen when the missing observations span a 
large time interval, or when the rate of blood glucose change is not 
linear. It is an open question as to whether the data on days with suf
ficient measurements can be considered representative of the data on 
the days with a large amount of missed measurements. 

4. Common missing data methodologies and their limitations 

4.1. Missing data mechanisms in data collected from clinical trials 

Missing data are ubiquitous in almost all clinical trials which are 
used to evaluate a causal link between treatment and disease [27,28]. 
Conclusions drawn from clinical trials with missing data can vary 
depending on the assumptions made and the analytical method chosen, 
and there is no universal method to analyze data with missingness [29]. 
Therefore, regulatory authorities and industry groups have been 
developing standards. For example, the European Medicines Agency 
(EMA) provided their “Guideline on Missing Data in Confirmatory 
Clinical Trials” [30]. Funded by FDA, the US National Research Council 
(NRC) released guidelines on the “Handling of Missing Data in Clinical 
Trials” [31]. In addition, the International Council for Harmonization of 
Technical Requirements for Pharmaceuticals for Human Use (ICH) 
released the E9R1 Addendum on “Estimands and Sensitivity Analysis in 
Clinical Trials” [32]. 

Since this has been covered by many publications already, here, we 
will only briefly review the suggested treatment of missing data in 

clinical trials. The first step is always to evaluate the missing data 
mechanism to make a plausible assumption. As initially proposed by 
Little and Rubin, there are commonly three missing mechanisms, 
including: 1) Missing completely at random (MCAR), where the likeli
hood of missing data is unrelated to any observed or unobserved vari
ables; 2) Missing at random (MAR), where the likelihood of missing data 
is related to observed variables but not to unobserved variables; and 3) 
Missing not at random (MNAR), where the likelihood of missing data 
depends on unobserved data [33]. For clinical trials, depending on the 
assumptions made, a wide range of approaches can be applied, such as 
complete case analyses, single imputation (mean or conditional mean), 
last observation carried forward (LOCF, now considered an outdated 
approach that in most cases does not adequately reflect reality), 
likelihood-based analysis, and multiple imputation, which has been 
widely studied and compared [27,34,35]. 

4.2. Missing data associated with DHT applications 

The more complex data structure and more frequently acquired 
measurements bring additional technical difficulty in treating missing 
data from DHTs such as actigraphy and CGMs. However, the principles 
of missing data mechanisms described above should still be applied in 
general. Table 1 provides some simple examples of causes of missing 
data from DHTs for each of the three mechanisms (MCAR, MAR, and 
MNAR). 

It is not immediately obvious how commonly used methods can be 
applied to treat missing data in these continuous measurements. For 
example, if there is an interval of missing epoch-level activity counts 
data due to non-wear, it is not straightforward to consider methods like 
multiple imputation due to the continuous nature of the data, and 
missing imputation for densely measured time series is not common 
practice. 

Moreover, it is not entirely intuitive how these mechanisms can be 
applied to the more complicated scenarios where high-frequency data is 
collected in unsupervised free-living environments where more than one 
of the missing mechanisms may exist. Therefore, one must be extremely 
cautious when making assumptions on the reasons for missingness as 

Table 1 
Missing data mechanisms and examples in DHTs applications.  

Mechanism Definition Examples 

MCAR Likelihood of missing data is 
unrelated to any observed or 
unobserved variables, i.e., the 
missingness is unrelated to the 
specific participants being 
studied. 

Missing data due to device 
malfunction or data transfer error. 

MAR Likelihood of missing data is 
related to observed variables 
but not to unobserved 
variables, i.e. the missingness is 
related to the participant but 
can be predicted from other 
data known about that 
participant. 

Data loss is more likely for women 
compared to men because of the 
form factor of the DHT (e.g., size, 
positioning). 

MNAR Likelihood of missing data 
depends on the unobserved 
data, i.e., there is a specific 
reason (related to the outcome 
measure) that is unobserved for 
the missingness. 

Patient fails to wear the device 
during times of severe symptoms 
(e.g., during hospitalization) 
A Parkinson’s disease patient 
stays indoors and removes the 
DHT while practicing pastimes 
during times when motor 
symptoms, such as tremor and 
bradykinesia, are at their lowest. 
Participants are more likely to 
wear PA trackers on active days 
compared to inactive days 

MCAR: Missing completely at random; MAR: missing at random; MNAR: missing 
not at random. 
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there are a multiplicity of factors and intercurrent events that can affect 
and confound the patterns of missing data, including but not limited to: 
participants’ daily schedules, employment status, DHT usability/ 
acceptability (e.g., attitude towards charging and wearing devices), 
disease stage and state, symptoms severity, health and device literacy of 
participants, and seasonality effects/weather patterns. 

5. Emerging methodologies to deal with missing data in DHTs 

In this section, we review and propose potential remedies to handle 
missingness in both continuous epoch-level data and daily summary 
data based on their characteristics. 

5.1. Continuous epoch-level data 

Study protocols with DHTs may require participants to wear the 
devices continuously (unless, for example, they must remove it to 
shower or to charge the device) to gain comprehensive knowledge about 
their physical behaviors or physiological patterns while considering the 
time-of-day effect. A good example is the physical activity monitoring 
part of the NHANES 2011–2012 [36]. Epoch-level data can be used to 
extract temporal patterns such as circadian rhythmicity [37,38] and is 
the foundation for deriving commonly used summaries of sleep and PA 
[13]. 

Missingness in epoch level data can occur when there is device 
malfunction, a participant forgets to wear the device, or intentionally 
removes the device (e.g., to charge it, shower, or swim). Imputing 
epoch-level data makes sense only when part of the day is missing: if 
there are no data collected at all or if the vast majority of data is missing 
for a specific day, it is not appropriate to impute missing epochs for that 
day. Therefore, a typical convention is to first decide the amount of data 
required for inclusion of that day and apply an imputation mechanism. 
This is similar to the concept of defining a valid day as described above 
(e.g., at least 10 h of wear time during the day is required for that day to 
be considered in the analysis of PA) [39,40]. Within such a valid day, 
missing data at specific times can be handled by the following 
approaches. 

5.1.1. Median/mean imputation based on other days with available data 
Protocols that deploy continuous wearable sensors in free living 

environments typically include multiple days of measurement (e.g., 
most commonly used is 7–14 days around certain clinic visits). If the 
interest of the study is to explore epoch-level time series data across 
multiple days, a median/mean imputation can be adopted to impute 
missing epochs based on other days with available data. In this case, for 
participants with enough valid wear days, if a certain time period of data 
is missing for some but not all days, we can use the median/mean from 
the same time period across the other valid days when there is no 
missingness to impute the data for the missing period, assuming a con
stant daily routine. The choice between mean and median value depends 
on the distribution of the measurement of interest. 

For example, in the activity monitoring portion of the Baltimore 
Longitudinal Study of Aging (BLSA) [41], the adopted data processing 
procedure was as follows. The first step was to remove days with more 
than 5% of data missing; then for each of the remaining days within each 
participant, a particular missing minute was imputed as the average 
activity counts of the same minute over all the remaining days with 
available data for that minute interval [42–44]. This approach has been 
shown to be fairly robust to different modeling approaches by sensitivity 
analyses [13,44]. 

This approach is more applicable to the MCAR and MAR mecha
nisms. If data are MNAR, for example, a participant always takes off the 
device during the same time period across all recorded days due to 
disease-related symptoms or to take medical treatments, this approach 
will provide biased estimates. This method does not recognize that the 
imputed values are not known, hence it underestimates the standard 

errors. 

5.1.2. Novel functional data analysis approaches 
Most common and standard statistical methods are typically 

designed for multivariate data. For instance, regression analysis is used 
to assess the association between the response variable and independent 
variables; while principal component analysis (PCA) is used to reduce 
the dimension of multivariate data whilst retaining most of the infor
mation through the covariance of all the variables [45]. Since epoch- 
level data generated by DHTs are, by nature, functions of time as 
opposed to scalar variables, these methods cannot be directly employed. 
Therefore, statistical methodologies other than multivariate approaches 
should be considered for modeling epoch-level data and addressing their 
missingness. 

Various techniques have been developed to address missing values in 
time series data such as smoothing, interpolation using splines or other 
nonparametric approaches, and kernel methods [46–48]. The core idea 
is to use the underlining functional characteristics such as smoothness. 
Functional data analysis is a set of statistical methodologies to study 
smooth functional (i.e., as a function of time or location) behaviors of 
curves over a continuum [49,50]. Epoch-level data measured by DHTs 
can be considered as a function of time and thus suitable for functional 
data analysis approaches. 

A wide variety of functional principal component analyses (FPCAs) 
or functional regressions (scalar-on-function, function-on-scalar, or 
function-on-function) have been applied to data collected by CGM and 
actigraphy [38,51–53]. FPCA has extended PCA by exploring the 
covariance of functional observations at different time points, while 
functional regression has extended regular regression by replacing sca
lar response or independent variables as functions of time. For example, 
Gaynaova et al. introduced multilevel functional regression to quantify 
the blood glucose levels measured by CGM for multiple days [51]. 
Goldsmith et al. explored associations between covariates and diurnal 
profiles of actigraphy-measured using function-on-scalar regression [53] 
with functional activity profile as the response. Among others, FPCAs 
have been used extensively to extract nonparametric measures of 
circadian rhythmicity which have been linked to multiple health out
comes [38,52]. Due to the growing acceptance and utility of FPCA, we 
will focus on explaining how it can be used to address missing data. 

Let us first review the basic concepts of FPCA. For a function yi(t) 
from observation i (e.g., the average epoch-level activity profile across 
all days for participant i) at time t (time of the day, t = 1 to 1440 min), 
FPCA can be formulated and represented in a lower dimensional space 
(with dimension K) as 

yi(t) = f0(t)+ fi(t)+ ϵi(t) ≈ f0(t)+
∑K

k=1
ϕk(t)ξik + ϵi(t)

In this model, f0(t) is the fixed mean effect (intercept), ϵi(t) is the 
random error, and fi(t) is the participant specific functional effect. fi(t) 
can be represented by the sum of product of eigenfunction ϕk(t) and 
principal component (PC) score ξik over number of principal components 
(PCs) k. The eigenfunction ϕk(t) can be obtained by spectral decompo
sition of the covariance function Cov(yi(t),yi(s)), which is equivalent to 
eigenvectors in a multivariate PCA. It represents the kth functional 
principal component (FPC) capturing a specific dominant feature or 
mode of variation. The PC score, ξik, can be obtained by projecting the 
function onto the corresponding eigenfunction which are uncorrelated 
random variables. 

In the example of epoch-level actigraphy measurement, each of ϕk(t) 
represents a specific data-driven diurnal pattern and the corresponding 
score ξik can be directly modelled [13,52]. Since all K PC scores are 
uncorrelated by design, one can include all of them as predictors in a 
statistical model. A natural extension to this method is to consider 
multiple days of measurement (yij(t), where j represents the number of 
days). This generates a multilevel FPCA (MFPCA) based on a two-way 
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ANOVA model, which separates the main effect into inter-participants 
effect and intra-participant effect, and decomposes them separately 
based on Karhunen-Loeve (KL) expansion [54,55]. We will not expand 
on the details here but, from an application point of view, the obtained 
eigenfunctions and scores representing the inter-participant effects have 
similar interpretation to FPCA, and the obtained eigenfunctions and 
scores for intra-participant effect can represent patterns for within- 
participant day-to-day variation. 

These frameworks were originally based on densely sampled func
tional data (e.g., for minute level actigraphy data, all participants have 
1440 min of data observed in each day). There are various extensions of 
those frameworks to incorporate irregularly or sparsely measured 
functional data. In fact, sparse FPCA or sparse MFPCA has been widely 
used to analyze sparse functional or longitudinal data [56–60]. 

Therefore, epoch-level data from DHTs with missingness can be 
treated as sparse functional data, and sparse FPCA or sparse MFPCA can 
be directly applied to acquire nonparametric circadian rhythm measures 
as used for dense data without missingness. 

On the other hand, if the goal is to fully view (or estimate) a specific 
daily activity trajectory profile for a participant with some missing 
epoch level data, sparse FPCA also provides a way to predict and impute 
those time periods with missing values. For example, Grigsby et al. used 
FPCA to predict individual trajectories of child growth from sparse data 
[61]. The intuition for such an approach is that, since the estimation of 
FPCA is based on the decomposing sample covariance function from all 
observations, to impute missingness at a specific time period for one 
observation, we can always “borrow” information from other 
observations. 

Even though, to our knowledge, sparse FPCA approaches have not 
yet been adopted to address missingness in epoch-level data from DHTs, 
given their flexibility and ease of implementation, they have good po
tential and deserve further exploration. Fortunately, tools to deal with 
functional and sparse functional data with efficient computational 
capability are already available in well-established statistical analysis 
software. For example, popular R packages for functional data include 
“refund” [62], “fda” [63], and “mgcv” [64]. 

5.1.3. Advanced deep learning methods 
Recent advancements in deep learning architectures have been 

applied to continuous data collected by DHTs (both epoch-level and raw 
data), particularly for prediction problems [65]. For instance, a wide 
variety of deep learning algorithms have been used for sleep detection 
from wrist-worn actigraphy [66–68], which is of significant clinical in
terest for numerous therapeutic areas. Most published works are based 
on recurrent neural networks (RNN) or convolutional neural networks 
(CNN) that directly take time series data instead of inputting hand- 
crafted features. RNN has been used to study sequential or temporal 
data, making continuous DHT measurements a suitable application area 
[69]. CNN, commonly used for computer vision and imaging processing, 
has also been shown to be able to design optimal time invariant local 
feature extractors from input data, which can be used in DHT mea
surements as well [70]. 

As suggested by Chollet, who developed one of the most popular 
deep learning libraries,“Keras” [71], deep neural networks trained on 
large samples can handle missing data [72]. The easiest approach is to 
input missing values as something that is meaningless in the data (e.g. 
-9999, if it is not already meaningful), and the network will learn from 
the exposure that this value represents missingness. Moreover, advanced 
extensions of deep learning architectures have been developed that 
allow missing values with different missing patterns into the models 
[46,73–75]. There is no doubt that, with the amount of available data 
growing rapidly, these approaches will become more streamlined and 
generate standard approaches to deal with real-world DHT 
measurements. 

5.2. Daily summary data 

From the 24-h epoch-level data, a number of daily summaries can be 
derived. For example, as previously mentioned, actigraphy provides 
summaries such as daily time spent in sedentary behavior and total 
night-time sleep minutes, and CGM provides summaries such as daily 
mean glucose, estimated HbA1C, TIR, and glycemic variability. Even 
though these daily summary data are not as frequently measured as 
epoch-level data (e.g., day vs. minute), they still need to be carefully 
dealt with and their missingness properly addressed. Traditional clinical 
endpoints are normally measured once at each clinic visit. For studies 
that incorporate DHTs, participants are typically asked to wear the de
vices/sensors for multiple days (most commonly 7 days or 14 days) 
around specific clinic visits, yielding repeated measurements around 
each visit. Summarizing DHT data on the daily level is natural as par
ticipants are typically instructed to wear the device over the course of a 
day [76]. 

Here, we focus on the situation where one or multiple days of daily 
summaries are missing. For example, in the week around a visit, only 
summaries of 3 days are available out of 7. This can be caused by a 
device malfunction in the middle of the week, participants not wearing 
the device long enough (e.g., less than 10 h) for that day to be considered 
valid, or participants not wearing the devices at all for those days (as 
opposed to temporally taking off the device due to charging or show
ering) due to vacation or hospitalization. Similar to deciding on the 
definition of a valid day from epoch-level data, for daily summaries data, 
the first step typically involves determining the minimum number of 
days required to consider that week as valid and include it in the anal
ysis. For example, one can define 3 out of 7 days of valid or complete 
days of summaries as the cut-off for a valid week. If the number of valid 
days is below this threshold, the data for that participant for that week is 
considered insufficient, no imputation is carried out, and the whole 7- 
day-data for that participant will be removed due to low data quality. 
A review of these definitions can be seen in a recent publication [77]. 
For this type of situation, we believe the following procedures can be 
further considered to deal with missing data. 

5.2.1. Robust data processing and feature engineering 
Even for the daily summary data, we typically have more repeated 

measurements than traditional clinical measurements. Therefore, the 
richness of the data can help us address the missingness. In a clinical 
study, as we mentioned before, we have multiple days of DHT data for a 
clinic visit. As such, sometimes it is not necessary for us to investigate 
each day separately. One common approach is to take the median/mean 
or other statistics across all available days within the monitoring period. 
This simple but effective method reduces the day-to-day variability 
which is known to exist in DHT measurements [78]. Some extensions of 
this approach include but are not limited to: 1) using a multi-day mean/ 
median for consecutive days (e.g., model a 3-day average across 14 
days), 2) taking the mean for weekday and weekend separately [79], 3) 
taking the weighted mean based on the amount of missingness (e.g., 
days providing summary values based on less missing epoch data should 
be weighted more), and 4) while assuming exchangeability across 
adjacent weeks, substituting a missing day with the daily summary from 
the same day of the following week which is known as day-substitution 
(e.g. a missing Tuesday can be substituted by the following Tuesday if it 
is observed) [76]. One should keep in mind that such simple imputation 
typically results in an underestimation of the variance of the estimates. 

Another recommendation goes back to the way that the summaries 
are derived, which is sometimes referred to as feature engineering. In 
this approach, it is considered more robust to work with normalized 
daily summaries, as these are less sensitive to the amount of wear time. 
For example, for actigraphy-measured time spent in different activity 
levels (e.g., sedentary, MVPA), instead of working with absolute values 
in minutes, one can consider the proportion or percentage of the total 
wear time spent in that activity level [80]. Similarly, other than daily 
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time spent in sedentary or active states, several studies suggested 
exploring active to sedentary transition probability (ASTP) as a 
normalized value (bounded in 0 and 1) regardless of daily wear time and 
revealed its relationship with various health outcomes and functional 
measurements [43,44,52,81,82]. By working with robust normalized 
summaries like these, it is possible to relax the definition of a valid day 
based on the amount of wear time, and thus potentially reduce the 
amount of missing data. Therefore, it is of great interest for researchers 
across multiple scientific domains such as statistics, engineering, com
puter science, and epidemiology to collaborate on developing more of 
these novel summary measures. 

5.2.2. Robust modeling schemes 
Even if the goal is to model multiple days of data, one can consider 

robust modeling schemes. The mixed models with repeated measures 
(MMRM) approach does not enforce any formal imputation and aims to 
estimate the mean treatment effect with all available data (some of them 
can be incomplete) while considering participant-specific effects and 
within-participant correlation. This approach assumes data are MAR 
(which is not likely to be always true in reality) and that dropouts would 
behave similarly to other patients within the same treatment group [83]. 
For this reason, this approach has gained more popularity than single 
imputation approaches and has been used to account for missing data in 
clinical trials [84]. 

Another maximum likelihood based missing data method is the 
Expectation-Maximization (EM) algorithm when the joint distribution of 
the missing data and the observed data is explicit. [85,86]. Under the 
MAR assumption, the EM algorithm, which entails an iterative proced
ure, does not complete the missing data but estimates the parameters 
directly by maximizing the complete data log likelihood [85]. Starting 
with an initial guess of the parameter value, in each iteration, the EM 
algorithm begins with an E step to compute the expectation of complete 
data log likelihood with respect to the conditional distribution of the 
missing data and ends with an M step that determines the value of the 
parameter to be estimated by maximizing the complete data log likeli
hood. This method has been used to impute missing data in daily activity 
metrics measured by accelerometers [22]. However, since the EM al
gorithm does not involve taking the derivative of the log likelihood, it 
cannot directly provide uncertainty measurements for the estimation 
procedure. Therefore, it is not as popular as MMRM in clinical studies, 
where statistical tests and inferences for the estimated parameters are 
the primary goals [85]. 

5.2.3. Missing data imputation 
DHT-measured daily summaries share some of the similarities to the 

traditional repeated measurements from multiple visits. Data imputa
tion, which is recommended for conventional clinical measurements can 
thus be applied here as well. Typically, single imputation methods such 
as mean or conditional mean imputation, and last observation carried 
forward (LOCF) which assumes that the measurement remains constant 
after dropout, are not appropriate because they tend to underestimate 
the variance and can sometimes produce biased estimations [34]. 

Multiple imputation (MI) is the most commonly used technique to 
deal with complex incomplete data [87]. Multivariate imputation with 
chained equation (MICE) is a particular MI approach under the 
assumption that, conditioning on the variables used in the imputation 
procedure [88], the missing data are MAR, and uses Markov Chain 
Monte Carlo (MCMC) methods to draw imputations over the conditional 
densities [89]. A typical MI has three steps: 1) impute the missing ob
servations using their regression model-based predictive distribution 
based on observed values, 2) repeat the first step to create multiple 
imputed datasets, and analyze each of them using some statistical model 
to provide the estimation of interest, and 3) pool the results of interest 
from all the datasets together and derive their standard errors [33]. By 
doing so, MI can preserve the relationship between variables in the data 
while also simultaneously accounting for the uncertainty about these 

relations [89]. 
One advantage of using MI is to possibly incorporate auxiliary var

iables (variables that are predictive of missingness of the outcome and 
also of the value of the outcome) in the imputation model in addition to 
the variables in the primary analysis model, which may make the MAR 
assumption more plausible [76]. Examples of such auxiliary variables 
include Body Mass Index (BMI) and weather data (e.g. temperature, 
rainfall, sunshine, length of day) which have known association with 
human behaviors such as PA [76,90,91]. 

Even though the underlying theory is complex, MI has still been 
widely used in clinical trials as it has been shown to produce valid sta
tistical inference while incorporating uncertainty due to missing data. 
The MI methodology can be implemented easily with popular statistical 
software such as the “mice” [89] and “Amelia” [92] R packages, and the 
SAS “proc mi” procedure [35]. It has been discussed that “Amelia” is 
more convenient in handling missingness in time series data (e.g. day-to- 
day summaries) since it contains elements such as polynomial time 
trends or lagged variables, as compared to “mice” where users need to 
construct such elements. “Amelia” has limited capacity for handling 
non-normal variables [93]. Ji et al. conducted a simulation study and 
demonstrated the advantages of MI in handling missing data in longi
tudinal studies for the following reasons: 1) it preserves the original 
observed time intervals which is more suitable for time series data and 
model; 2) it takes into account the uncertainty of the imputed values; 
and 3) most importantly, statistical packages such as “mice” and 
“Amelia” are highly flexible in incorporating various imputation 
models, accommodating different data types, and having no constraints 
on number of measurement time points [93]. 

5.2.4. Treat partially observed days as censored data 
As we have discussed previously, one common practice of defining a 

day with missing summary relies on the definition of valid days, which is 
based on thresholding wearing time. Using actigraphy measured daily 
step counts as an example, Tackney et al. proposed a new framework for 
handling missing accelerometry data [76]. Instead of discarding days 
with wear time lower than the pre-defined thresholds and treating the 
day as missing, one can additionally consider partially observed days. 
This will leave us with three types of data, 1) when wear time is greater 
than the threshold, we have a day with fully observed value, 2) when 
wear time is between zero and the threshold, we have a day with 
partially observed value, and 3) when device is not worn at all, we have 
a day with missing value. The advantage of having partially observed 
values is to retain more information than discarding it completely. 
Intuitively, partially observed data can be regarded as right-censored 
data since the true daily summary value is higher than what is 
observed due to insufficient amount of wear time, and the partially 
observed value serves as the lower bound for that day. Similarly, the 
lower bound will be zero for those with completely missing daily sum
maries. Imputation can be done via Tobit regression which is a method 
for estimating linear relationship between variables when the outcome 
is censored [94]. 

All these considerations to handle missingness for both epoch-level 
(as described in Section 5.1) and daily summaries (as described in Sec
tion 5.2) are summarized in Fig. 1. 

5.3. Other considerations 

The analysis procedure to address missingness in DHT data involves 
multiple decision-making steps and parameters, such as: determining 
minimum amount of daily wear time and minimum number of valid 
days, deciding whether mean or median should be used to impute 
missing epoch-level data or combining daily summaries around a clinic 
visit, and controlling the level of smoothness and amount of variation 
retained for the FPCA approaches. It is wise to always pre-specify 
additional sensitivity analyses to test the reliability of the results, as 
suggested for clinical trials in general [28,29,83]. Since most of the 
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robust modeling and imputation approaches depend on the MAR 
assumption, sensitivity analyses can always be performed to examine 
the effects of different assumptions [34,95]. It also aligns with the ICH’s 
“estimands framework” to properly conduct sensitivity analysis and 
consider the intercurrent events [32]. 

Moreover, technological advancement has enabled data from mul
tiple devices or from multiple sensors within the same device to be ac
quired simultaneously (e.g. actigraphy + CGM, actigraphy + heart rate) 
[96]. Although multi-modal sensor integration is not yet widely 
deployed and well-studied, given the co-dependency of different human 
physiological behaviors such as the association between activity and 
glucose levels, and activity and heart rate, it is possible to gain insight 
from one sensor to inform reasons for missing data from the other. 

6. Prevention of missing data from DHTs 

The best and perhaps the easiest treatment of missing data is always 
its prevention [97]. This means that researchers should always deploy 
DHTs thoughtfully to minimize missing data. For clinical studies with 
DHTs, we provide the following considerations. 

6.1. Configuration of the device 

As an example, consider the accelerometer where most research 
grade devices allow researchers to configure parameters that control the 
data collection mechanism, such as the sampling frequency (typical 
range: 30–100 Hz). Higher sampling rates can detect behaviors with 
more granularity, but also impose greater demands on the device’s 
battery and storage capacity, which may introduce greater risk of data 
loss. It is important for researchers to determine the optimal sampling 
rate depending on the concept of interest to be measured. 

6.2. Device placement location 

The wear location of the device depends on the measurements to be 
taken. A lumbar-worn accelerometer is used to reliably measure gait, 
while wrist-worn devices are typically accurate enough for quantifying 
PA in general and number of steps per day [98], although they typically 
overestimate PA and underestimate sedentary time [99] . However, 
wrist worn devices offer better compliance compared with lumbar-worn 
devices due to ease and comfort of wear resulting in lower patient 
burden [100–103]. Therefore, whenever possible, it is always a good 
strategy to opt for the location that is less cumbersome to patients to 
increase compliance. 

6.3. Collection of additional information for contextual information 

Given that DHTs are more commonly used in the free-living and 
unsupervised environments, to safeguard against or at least mitigate 
data missingness, we can consider the use of qualitative data such as 
electronic patient diaries collected using a smart phone application on a 
regular basis to acquire contextual information such as intercurrent 
events. For example, a participant could indicate in the diary that she/he 
could not wear the device due to hospitalization or severe symptoms, or 
alternatively due to bad weather. Meanwhile, information such as 
weather can be collected or additionally acquired outside the scope of 
the study to serve as auxiliary variables for imputation model. This 
additional information can be extremely helpful to understand and 
classify the missing data mechanisms. 

6.4. Incorporating the patient perspective and optimizing DHT deployment 

At the design phase of the study, it is essential to capture the voice of 
the patients and their caregivers to help develop and apply strategies for 

Fig. 1. Analytical framework to address missingness in DHT data.  
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DHT deployment that reduce burden, encourage participation, and 
improve compliance. Understanding the preferred form factors, 
perceived usability and comfort of the DHTs in targeted forums such as 
patient panels can help reduce data loss and increase DHTs’ benefit to 
patients. During deployment, data loss can be further reduced by: (a) 
having a comprehensive patient and site personnel training on the use of 
the DHTs; (b) offering patients clear audio-visual instructions related to 
the DHT use (such as charging); (c) having a support system (e.g., 24/7 
support [104]) that patients and caregivers can reach out to in case of 
technical difficulties; and (d) developing strategies to efficiently ship 
back-up devices when device malfunction happens. 

7. Discussion 

In recent years, several studies have demonstrated the potential of 
DHTs to impact decision making in drug development [105]. In 
leveraging these technologies, a number of methodological gaps in the 
current knowledge have emerged. Industry consensus groups have 
sought to address these gaps including defining the process and sup
porting evidence to determine a “fit-for-purpose” DHT with appropriate 
measurement properties to support regulatory decision making [7,8] 
and the validation of new digital endpoints derived from their data 
[106,107]. However, a gap area that has not been extensively reviewed 
and discussed is addressing the practical challenges associated with 
missing data arising from the use of these technologies in free-living 
environments. Dealing with missing data is a vital consideration for 
clinical research, as different missing data approaches are typically 
based on various assumptions that, if violated, can lead to biased esti
mates of treatment effects, and impact the reliability of study results. 
Therefore, understanding the sources and nature of missing data (MAR, 
MNAR, MCAR) is important to the interpretation of study outcomes, and 
understanding thresholds above which missing data degrades the de
vice/algorithms’ ability to accurately capture the desired input is critical 
to evaluating the integrity of DHT-based study results. 

In this article, we discussed how missing data from DHTs fit into the 
classic missing data mechanism (MCAR, MAR, and MNAR) and provided 
relevant examples. Since it is not directly intuitive how commonly used 
statistical methods for handling missing data are directly applicable to 
complex and continuously measured data collected by DHTs, we then 
presented a review of statistical and data processing methods that show 
promise in dealing with missingness in the analysis of both epoch-level 
and daily summary data. We specifically highlight the use of functional 
data analysis approaches for epoch-level data and robust feature engi
neering approaches to generate daily summary data that are robust to 
missingness as new ideas to be exercised in future studies. Finally, we 
provided considerations on preventing the collection of missing data 
from DHTs from study-design and device deployment points of view. 

We believe the approaches discussed in this article are well suited to 
inspire further methodological innovation and applications to correctly 
handle DHT missing data, enabling the derivation of reliable and clini
cally meaningful digital endpoints for use in clinical trials. This paper 
presents a valuable reference for researchers in providing thoughtful 
and appropriate approaches to address missingness. Although in this 
article we focused mainly on technical considerations, the content can 
benefit other clinical trial stakeholders such as payers as well as journal 
editors/reviewers and commercial organizations. 

Since clinical trials deploying DHTs are still not considered common 
practice, there is still plenty of room for improvement. First, from a 
study design and operation point of view, it is critical for clinical study 
teams, clinical sites, and healthcare providers to carefully summarize 
lessons learned from previous studies in deploying DHTs to optimize 
study design, increase data quality and reduce missingness. In this 
article, we provided the most important considerations to prevent 
missing data such as device location and device configuration. Future 
work should aim to develop systematic standard operating procedures 
for deploying DHTs by learning from previous studies and hearing the 

patients’ perspectives. Secondly, from data analysis and data optimiza
tion point of view, it is up to the statisticians, data scientists, and other 
researchers to start adopting the emerging technical approaches dis
cussed in this article (and others that are not). By doing so, more re
searchers understand the essence of these approaches, get more familiar 
with them, and think about their practical limitations, and gradually 
develop more suitable methodologies. What we have discussed, by no 
means, should be considered as the final technical solution as some of 
these solutions are still evolving. It is only when the field applies them, 
we can start to build a systematic and unified protocol to deal with 
missing data collected by continuous DHT monitoring. We hope this will 
inspire development of standards that could be applied in future clinical 
trials. 
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