e ’ | o

| | ] H HRLIT oo

{ 100000000000008ss0ns
L . mm.ammx’um et

" ‘ - 0000000000000000000000estsseetmtn:
, 000000000000000)00000000000088004

,IJI ﬂ SQ TS

o0t 000000000000000000000029000004

80 000000000000009000000000000004
sy

Realtime tunig of the ADaM parameters

with an example of the big actigraphy dataset
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Use of Actigraphy in Clinical trial

Impact of actigraphy in clinical research

4 )
Use of Actigraphy in Clinical Trials (By Therapeutic area)
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sleep disorders such as insomnia. Figure 1: Use of Actigraphy in Clinical Trial by Therapeutic Area

rrl.)A FDA requires that health care data to be mapped to CDISC standards; and that involves dealing with
inconsistent formats and sources, differences in terminology, a wide range of methods to build datasets for

aggregation, and variationsin overall data quality
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Why real-time tuning?

v ActiGraph GT9X is a high-resolution liquid crystal display (LCD) 3-axis
accelerometer for measuring continuous secondary movement and
position over a period.

v Analyzing actigraphy data could be cumbersome considering the
number of records and size of the input data

v A common approach is to analyze the summarized time series.

v While summarized data allows hypothesized testing, a lot of
information gets lost during this process, including optimum
summarization rules and parameters and how the summary data

is affected by these parameters' changes.
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Technical difficulties

Our Solution

Epoch level data consists of millions Producing aDaM file pipeline with How to effectively compare different

of records 2~10 Gb default value takes 3-4 hours scenarios

ST

Run time was reduced from 3 hours to less than a min
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Outline

« Why Spark?
« Object Oriented Programming and R6 objects

e Solution at a Glance!

« Using Spark

« Dividing functions to static & dynamic
« Using R6 to implement functions
« Passing R6 object to shiny module through reactiveValues

« Updating R6 object with new parameters
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Why Spark?
Sparklyr: Big data enabler for R

v' Spark is a fast and open-source framework designed for

real-time analysis, and machine learning algorithms

v' Sparklyr interacts with Spark using familiar R interfaces,
such as dplyr, broom or DBI.
v' Five SQL functions in dplyr:
select() ~ SELECT
filter() ~ WHERE
arrange() ~ ORDER
summarise() ~ aggregators: sum, min, sd, etc.

mutate() ~ operators: +, *, log, etc.
v Gain access to Spark’s distributed Machine Learning
libraries.
v' Run distributed R code inside Spark.
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Object Oriented Programming and R6
objects

] _ _ i Dog <- R6Class(
Object-Oriented Programming revolves around objects. We Elassname = "Dog",
public = list(
create these objects from blueprints named classes. Each class 1”;:13§i§;nam§“2‘§;;2‘”a'"e WA, age = NA, hair_color = NA) {
privatefage = age
privatefhair_color = hair_color

has properties and methods that describe how each object )
T
behaves i private = list( :
: name = NULL,
age = NULL,
:  hair_color = NULL :
OOP works with four principles: )
- Dog$set("public”, "make_sound"”, function(sound) {
- Encapsulation cat(private$name, " says ", sound, "\n", sep = "")
invisible(self)
— Inheritance })
) d <- Dog$new(name = "Milo", age = 4, hair_color = "black")
— Abstraction <Dog> d$name
Public:

clone: function (deep = FALSE)

- Polymorphlsm initialize: function (name = NA, age =1 X
make_sound: function (sound) weMHLL
Private: : M1l0 says woor! i
age: 4 : :
hair\-_color‘: black G I NN NN NN EEEEEEEEEEEEEEEEED Janssen I l g E g B 7
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Solution at a Glance!
Using Spark

S

_ NI
Ng '53

## user system elapsed

## 8.110 0.281 65.036 16 times
## user system elapsed
## 131.314 57.797 203.569
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Solution at a Glancel!

Dividing functions to static & dynamic

Tables Main functions Dynamic parameters
Subjectdaystats (daily) = importMetadata res——— minimum.WearMinutes
Subjectsleepperiodmetrics (daily) importCsvDatafromS3 —minimum_days
Epochsummarydata (minute)----- —cleanDanySubStats ............ exclude_weekends

. | calculateWklySubStats - zwearpct.min
......... calculateSleepPercent earliestinBedTime
_cleanDanySubSIeepMetrics ------------ latestIinBedTime
............ calculateWklySubSleepMetrics latestOutBedTime
mergeFiles __mergedPeriodThreshold

CCCCCCCCCCCCCCCCCCCCCCCCC



Solution at a Glancel!

Using R6 to implement main functions

actigraph <- Template.project$
new()$
importMetadata(metadata)$
importCsvDatafromS3(sc, bucket, prefix,
transfer_date)$
cleanDaylySubStats(minimum.WearMinutes)$
calculateWklySubStats(minimum_days,
exclude_weekends)$
calculateSleepPercent()$

cleanDaylySubSleepMetrics(carliestinBedTime,

latestInBedTime, latestOutBedTime, wearpct.min,
mergedPeriodThreshold)$
calculateWklySubSleepMetrics(minimum_days,
exclude_weekends)$

mergeFiles()

Updating R6 object with new parameters

actigraph <- actigraph$
cleanDaylySubStats(minimum.WearMinutes)$
calculateWklySubStats(minimum_days,
exclude_weekends)$

cleanDaylySubSleepMetrics(carliestinBedTime,
latestInBedTime, latestOutBedTime, wearpct.min,
mergedPeriodThreshold)$
calculateWklySubSleepMetrics(minimum_days,
exclude_weekends)$

mergeFiles()

CCCCCCCCCCCCCCCCCCCCCCCCC



Solution at a Glance!

Using R6 to implement them
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Solution at a Glance!

Passing R6 object to shiny module through reactiveValues

Pass the
reactiveValues to
shiny modules

Actigraphy parameters tuning
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Input parameters

Actigraphy stats level  Groupstats ~ Weeklystats ~ Daily stats  Individual stats

Select the metric: Select IECAT: Filter subjects: Select error type:
WearFilteredSteps - HEALTHY SJS SLE 100 items selected - SE -
log10 )
WearFilteredSteps
5000 - L - [ 4 A — P
- e : @ I [ ]
& A 2
[ i v . » - ! @ &
v v : IECAT
=& HEALTHY
4000 =
[ - SIS
] /| . Bl
w LAY =257
— 1 —_
0 5 10 15 20 25
Study week

Mininum wear minutes: §00
Minimum days: 4

Earliest in bedtme: 18

Latest in bedtime: 10

Latest out bedtime: 10
Minsmum wear percentage: 0.2
Maximum merged threshold: 16
exclude_weekends: FALSE

* represents parameters that are different from the default value
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Solution at a Glance!

Passing input parameter changes and R6 object to each module

Actigraphy parameters tuning

—— Actigraphy stats level =~ Groupstats  Weekly stats ~ Daily stats  Individual stats
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* represents parameters that are different from the default value

Earliest in bedtime: 18
Latest 1n bedtime: 10
Latest out bedtime: 10

Minimum wear percentage: 0.2 h—
Maximum merged threshold: 16 Ja nssen ,
exclude weekends: FALSE
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