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The Goag Build a Glycemic Response Model

We want to predict a patient's after first fasting
to establish abaselineovertime and then consuming anack.
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Wearable Glucose Monitor
Collects Glycemic Response Data Qwae

GlucoseMonitor vs. Time
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Glucose Monitoring Case Study

A Continuous glucose testing is used, with monitor reading updated every 5 minutes.

A This study has patients ﬂenerateh@us of baseline datawhile fasting then eat a snack.
The glucose levels are then measured for another 4 hours after the snack.

A Participants in the Hour study were given 1 of 5 different snacks. Patients repeated the
testing with a total of 3, 4, or 5 snacks.

A Goal is to predict the glycemic respoiserveé cA ® S & Soyveréd XK Y SISEW patients
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GlucoseMonitor vs. Time
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GlucoseMonitor-Before & GlucoseMonitor-After vs. Time
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Glycemic Response for 20 Patients, Each Eating 3, 4, or 5 Sn

GlucoseMonitor-Before & GlucoseMonitor-After vs. Time by Patient
Patient
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Data for These Four Patients NOT Used In Fitting M
BUT Used to Test Model Predictions

GlucoseMonitor-Before & GlucoseMonitor-After vs. Time by Patient
Patient
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Smoothed Data for Snacks by Patient

GlucoseMonitor vs. Time
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What is Functional Data Analysis?

Functional datanalysigFDA) is a branch of statistics that
analyzeslataproviding information abouturves surfacesor anything else
varying over a continuunin its most general form, under an FDA
framework each sample elemeastconsidered to bafunction

Traditional Rectangular Data Functional Data

Batch X1
1 001 5.6

Batch X1 Y
1 001 1.00 217
2002 0.94 0.00
Thecurveis the
fundamental unit

of observation

3 003 1.06 2.70
41004 0.94 0.26
51005 1.06 2.87
6 006 1.00 1.97

Functional Data can also besas

in this glycemiaesponsesxample.
When one has curves as outputs
of a DOE they are usually the Ys.
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Analysis Method Overview: Data Landmarks

Curve was split into sections and Pedk? Slope 2

key points and slopes were used
Slope 1 ’

as separate resu Its

Standard statistical methods
compared each landmark value

Landmarks from new tests were
compared to previous runs

Most effective nonFDA option

Must perform statistical analysis
on each landmark
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How do we analyze Functional data?

Perform FunctionaPrincipal Components AnalysisPIEA) to create both:
Eigenfunctions (or shape functions) that expldia longitudinalvariation, and
Function Summaries (FBCGores or weights) that explafanction-to-function variation.

Model Selection
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How do we analyze Functional data?

Products of FPC scor@geightg multiplyingtheir correspondinggigenfunctions ghape functionk
when added to the Mean closely reproduce the individual function (batch) curves.

Model Selection
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Shape Functions

Shape Functions multiplied pwgrticular functiorweight

[ Sum of Meva and ALL Products
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