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Disclaimer

This presentation reflects the views of the author
and should not be construed to represent FDA’s
views or policies.
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Outline

* Wearable Accelerometer measuring Activity
— Missing Data
— Different Follow-up Time
— Statistical Methods

e Case Study: Sleep measurement
— Week day vs weekend variation
— Missing Data

e Case Study: Circadian Variation
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Digital Health Technology

Digital Health Technology (DHT)

— Broad category of technology relating to health applications

Focus in this presentation on DHTs measuring clinical endpoints
or physiological data in clinical studies

Examples:

— Smart watches

— Continuous blood glucose monitors (CBGM)

— Activity monitors (accelerometers)

CDRH’s DHCoE: https://www.fda.gov/medical-devices/digital-
health-center-excellence



https://www.fda.gov/medical-devices/digital-health-center-excellence

Activity Data

A wearable accelerometer is used to measure free living exercise
— Data is recorded when the device is worn

— Aggregated into 1 minute epochs

— At least 1440 data points per day

Periods without recorded activity

— Sleep?

— Not wearing the device?

Patients may wear the device for different times each day

What may happen? How does it effect statistical analysis?



Movement Data from Acceleration Sensors
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One type of wearable 8 minute of data


Example Daily Activity Counts

| Freedson's Moderate Exercise Threshold

[0))
1

Light Exercise Threshold

log(paxinten + 1)
N

N
1

time.rank

Sample subject from
NHANES 2003-2004
dataset

Each curve — activity
count at a minute

Red curve is mean of daily
curves

How to summarize?

— The entire curve?

— Features of the curve?



Two Frameworks

Functional Data Analysis

Considers the data, Y;;(t), to be
continuous in time measured: daily,
hourly, sub-hourly

Assumes model:
Yii(t,X;) = F(t,X;) + e (t)
Where,

— F;(t,x;) is the functional response for the
jth treatment arm

* May include random effects for subjects
— X; is any covariates

— e;(t) is the error
* May be white noise or correlated noise

How to determine treatment effect?

Longitudinal Summary Statistics
* Considers the data, ¥; 5, to be

summaries of the observed Y;;(t)
measured at time points such as:
weekly, monthly, etc

Potential model:

— Mixed effects models with random effects
for subject’s trajectories

— Marginal model using an unstructured or
structured covariance matrix to address
within patient correlation

— Generalized estimating equations

Does the summary statistical and
model capture the relevant treatment
effect?
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Pros and cons will be further discussed.


CASE STUDY - ACTIVITY DATA AND
MISSINGNESS



Activity Data as a Study Endpoint
Consider an investigation drug X that is hypothesized to improve
exercise
Patients are followed for 6 weeks
Can a wearable accelerometer measure exercise?

Endpoint is related to daily total exercise change over 6 weeks
— Total steps?

— Time spent in moderate to vigorous physical activity?

— Walking speed?

What time scale for baseline exercise and Week 6 exercise?
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Verification and Validation of DHT measurements

* Addresses the question “Does the DHT measure what it proports
to measure?”

* A property of how the DHT takes the measurements
 Examples:

— How accurate and precise are measurements of blood glucose
measurements from a CGBM?

— How accurate and precise are measurements of acceleration in an
activity monitor?
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Verification and Validation

of DHT measurements
Addresses the question “Does the DHT measure the clinical
endpoint in the target population?”

Depends on the outcome, patient population, DHT, etc.
May require studies in target population
Examples:

— How accurate and precise are functions of measurements (e.g., time in
range) of blood glucose from a CGBM?

— Is a step measured by the DHT a step in a Parkinson’s disease patient?
— Are activity thresholds capturing a patient’s physical function?
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ANCOVA

— Use baseline and 6 week exercise data
— Missing data: Unbiased estimates under MCAR assumption for missing data

MMRM on the weekly summarized data
— Uses every week of data

— Missing data: Unbiased estimates under MAR assumption for longitudinal
and MCAR for within day and week measurements

Mixed model on the daily summarized data
— Uses every day of data
* How to incorporate non-linear temporal effects?

— Missing data: Unbiased estimates under MAR assumption for missing days
and MCAR for within day measurements

Other methods?

Potential Statistical Analyses
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How data can go missing

Missing data can occur at multiple time scales (minute, day,
week, etc)

At the minute scale:

— DHT does not record the physical quantity
— Patient removes DHT to go swimming

— Etc

At the day scale:
— Patient is feeling sick and does not put on the DHT

At the week scale:
— Patient drops out of the study
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Intervals within Days

Missing Data in Activity Data —

MCAR
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Intervals within Days

Days
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Intervals within Days

Days

MNAR

Days
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Walk the audience through these charts
Describe that color relates to activity intensity
Blue – no activity
Green – low activity
Yellow – moderate activity
Red – intense/vigorous activity
M indicates missingness

MCAR – random missing intervals
MAR – increased probability of missing after a moderately intense activity
MNAR – if the missing interval has moderate to vigorous instance activity, increased probability of missing – subject takes off watch for exercise
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In addition, we can have longitudinal dropout


A Common Approach for Activity Data

Calculate daily activity summary endpoint A, if

— Patient wears accelerometer for at least T hours

 Tisoften 8, 10, or 12 hours
* Consider this a valid day

Calculate weekly activity summary endpoint A, if
— Patient has at least W (often 3-4) valid weekday measurements

wee

— Patient has at least U (often 1) valid weekend measurements
Some proposals include standardizing Ay, to a common day length

This method assumes that missing epochs are missing at random
(MCAR)
— |s this justifiable?
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Alternative Approaches

* I[mputation by borrowing between days
* Censoring partial day observations
* |Imputation by fitting smooth functions within each day

18



CASE STUDY - SLEEP
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In this case study, we delve deeper into variation and dropout in sleep data to explore the effects of systematic variation between weekdays and weekends and dropout


Total Sleep Time

* Measure of how long a person sleeps during the night

e Usually measured with polysomnography (PSG)
— PSG determines sleep/awake by measuring brains electrical activity
— Read by expert readers

 Can motion detected by an accelerometer be processed to
determine time spent sleeping?
— Algorithms classify each time epoch into sleep/awake using motion data
— Utility depends on sensitivity and specificity of this classification
— Provides daily sleep data

20



Total Sleep Time Derived from Acceleration Sensor
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An example looking at total sleep time derived 
Example sleep data from a smart watch.  

Periods of high wear and low wear

600 min = 10hr, 400 min = 6.7 hr


Weekday to Weekend Variability In Total Sleep Time
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Weekday to Weekend Variation - Sleep

* Case Study on:
* Analysis of the longitudinal evolution of the daily sensor data
* |llustrate an approach to analyzing longitudinal evolution using
total sleep time (TST) as a summary measure of daily sensor data

 Compare changes in TST between a new sleep medication to placebo
over four weeks

* Focus on modeling the linear trend in TST in both groups
e Use all observed data

e Calculation of TST at specific time points conducted after statistical
modeling

* Framework extends to multiple sleep parameters and functional
models
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The goal of example is to highlight some of the statistical analysis changes when outcomes are observed daily.  Time should be treated as a continuous variable.  Need to consider how to specify a function of time and estimate standard errors.

As a simple example, lets consider a new sleep drug 

Gee with working correlation



Case Study - Sleep

* Simulated data:
* 300 patients
* 30 minute improvement in TST by day 15
* Similar change in TST to several NDAs submitted to FDA
* Complete data vs. Monotone dropout

 Measure treatment effect by:

* Difference in TST at four weeks
» Estimate after modeling vs. calculate average before modeling (NA if any day missing)

* Average TST trajectory in each group — model on the linear part of the trend

e Use two statistical models

* Linear mixed model
* Linear functional form of time with random slopes and adjustment of day of week
* Factor for week with days correlated within week and adjustment of day of week
* Factor for week and no adjustment for day of week in the model

* Generalized estimating equation (GEE) model — robust to misspecification of

covariance between days
24
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The goal of example is to highlight some of the statistical analysis changes when outcomes are observed daily.  Time should be treated as a continuous variable.  Need to consider how to specify a function of time and estimate standard errors.

As a simple example, lets consider a new sleep drug 

The true treatment effect does not change after day 15.



Case Study - Sleep

 True treatment effect

F(t|TRT = active) — F(t|TRT = plb) =

1+ e{_b(t—c)}

e Weekend effects
are factors
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Linear mixed model 1
Yiri(¢;) = Bo + boi + (By + b11)ti + B2 X TSThasetinei + (Bz+v1t;) X TRTy +

7
z S(dayy = 1) + €q(t;)
=1

o o (by, b1): patient level random intercept and
(bOJ bl)NN(OJ G);G — ( 00 01)

I
2001 o1 ZO(F;) error
€ik1 (L)~ N(0,0£1) A
(bo, b1) L €ya(t;) Fixed Effects:
i indexes the patient fo: intercept
k indexes the treatment arms f1: time effect
j is the observed days [ baseline TST effect
| indexes the day of the week f3: treatment effect

¥1: treatment by time effect
0;: day effect
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The goal of example is to highlight some of the statistical analysis changes when outcomes are observed daily.  Time should be treated as a continuous variable.  Need to consider how to specify a function of time and estimate standard errors.

As a simple example, lets consider a new sleep drug 

The true treatment effect does not change after day 15.



Linear Mixed Model 2
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The goal of example is to highlight some of the statistical analysis changes when outcomes are observed daily.  Time should be treated as a continuous variable.  Need to consider how to specify a function of time and estimate standard errors.

As a simple example, lets consider a new sleep drug 

The true treatment effect does not change after day 15.



Linear Mixed Model 3
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The goal of example is to highlight some of the statistical analysis changes when outcomes are observed daily.  Time should be treated as a continuous variable.  Need to consider how to specify a function of time and estimate standard errors.

As a simple example, lets consider a new sleep drug 

The true treatment effect does not change after day 15.



Generalized Estimating Equation (GEE)

Yikl(tj) — IBO + (ﬁl)tj + 132 X TSTbaseline,i + (183 +V1tj) X TRTL' +

7
Z SI(dayy = d) + €(t;)
=1

Working correlation matrix is AR(1)
Standard errors estimated with sandwich estimator
All other terms defined previously
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The goal of example is to highlight some of the statistical analysis changes when outcomes are observed daily.  Time should be treated as a continuous variable.  Need to consider how to specify a function of time and estimate standard errors.

As a simple example, lets consider a new sleep drug 

The true treatment effect does not change after day 15.



Generalized Estimating Equation (GEE)

Yikl(tj) — IBO + (ﬁl)tj + 132 X TSTbaseline,i + (183 +V1tj) X TRTL' +

7
Z SI(dayy = d) + €(t;)
=1

Working correlation matrix is AR(1)
Standard errors estimated with sandwich estimator
All other terms defined previously
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The goal of example is to highlight some of the statistical analysis changes when outcomes are observed daily.  Time should be treated as a continuous variable.  Need to consider how to specify a function of time and estimate standard errors.

As a simple example, lets consider a new sleep drug 

The true treatment effect does not change after day 15.



Simulated Clinical Trial — The Data
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The left plot is subject specific profiles without any noise.  In the right panel, two subjects from the left are plotted with the addition of a noise term.  Red dots are weekend days.  Note the patients start the study on different days of the week.  Any statistical analysis should include adjustment for a day of the week effect.
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Simulated Clinical Trial —
The Data with Dropout
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Same data from the same patients with monotone dropout process



Change from Baseline in Total Sleep Time (min)
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In the  complete data, the treatment difference is roughly constant after day 15. – nonlinear true effect of time and time by time interaction on tst  How does this affect our modeling choices?  What about the consequences in the incomplete data case?
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GEE AR1 working correlation
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Estimated Treatment Effects

Model

Complete Data

Monotone Dropout

Estimated
Daily A (min)
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Remember that the true treatment effect is 30 min.
LMM over estimates in complete data – most likely caused by assumed functional form
Other models underestimate
Bias may be caused by mis-specified mean structure 

This is a case study of one study.  Decisions about the behavior of these methods will need to be based on comprehensive simulation studies

In the missing data case, LMM performs similarly to the complete data case because the missing data is assumed to be ignorable.
The other methods have an explicit (GEE) or implicit (the week models) MCAR assumption.  Without modification, GEEs may produce biased estimated if the MCAR assumption is violated as in this case.  An additional source of bias in the GEE may be the mis-specification of the main effect of time – linear instead of a logistic curve.  The Week 4 models assume that dropout within a week is MCAR.  This assumption is violated for the week in which a patient drops out.  Before these approaches are used, more in depth assessment of there behavior under different missing data mechanisms is needed.


CASE STUDY - CIRCADIAN VARIATION
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In this case study, we delve deeper into variation and dropout in sleep data to explore the effects of systematic variation between weekdays and weekends and dropout
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Example using circadian variation in blood.  Similar variation is seen activity profiles
Basis for a functional linear model.



. -
Extracting Features — Fourier Transform

* Focuses on periodic
features in a signal

— Represents the strength
of a signal over a range
of frequencies

— Signals with circadian
variation have a peak at
1 cycle/day
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Conclusions

Missing data approaches can affect both the mean and standard
error estimation

Different models can provide useful information even when mis-
specified

Neeo
Neeo

Neeo

to conduct model assessment
to conduct model diagnhostics
to develop and conduct assessments of missing data

approaches
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