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The Goal — Build a Glycemic Response Model

We want to predict a patient's after first fasting
to establish a baseline-over-time and then consuming a snack.
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Wearable Glucose Monitor
Collects Glycemic Response Data Over Time

GlucoseMonitor vs. Time
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Glucose Monitoring Case Study

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

This study has patients generate 10-hours of baseline data - while fasting - then eat a snack.
The glucose levels are then measured for another 4 hours after the snack.

Participants in the 14-hour study were given 1 of 5 different snacks. Patients repeated the
testing with a total of 3, 4, or 5 snacks.

Goal is to predict the glycemic response “curve” —i.e., “shape-over-time” —in NEW patients
from their baseline “curve” and type of snack consumed.

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 Snacks

GlucoseMonitor-Before & GlucoseMonitor-After vs. Time by Patient
Patient
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Data for These Four Patients NOT Used in Fitting Model,
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 data analysis (FDA) is a branch of statistics that
analyzes data providing information about curves, surfaces or anything else
varying over a continuum. In its most general form, under an FDA
framework each sample element is considered to be a function.

Traditional Rectangular Data Functional Data

Batch X1
1 001 5.6

Batch X1 Y
001 1.00 2.7

2 002 0.94 0.00
The curve is the

fundamental unit
of observation

3 003 1.06 2.70
4004 0.94 0.26
51005 1.06 2.87
5 006 1.00 1.97

Functional Data can also be Xs as
in this glycemic response example.
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 Slope 2
key points and slopes were used
as separate results

Standard statistical methods
compared each landmark value

Landmarks from new tests were
compared to previous runs

Most effective non-FDA option

Must perform statistical analysis
on each landmark

Based on slide by David Harrison of Lockheed Martln Corporatlon jf'np STaTiSTICAL
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How do we analyze Functional data?

Perform Functional Principal Components Analysis (F-PCA) to create both:
Eigenfunctions (or shape functions) that explain the longitudinal variation, and
Function Summaries (FPC scores or weights) that explain function-to-function variation.

Model Selection
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How do we analyze Functional data?

Products of FPC scores (weights) multiplying their corresponding eigenfunctions (shape functions),
when added to the Mean closely reproduce the individual function (batch) curves.

Model Selection

Legend Legend Explains
—Prediction —Step Functions

— Knots —Linear function-
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variation
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Functions
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Functions
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Functions
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Functions
4 ~Mean 4 = Eigenfunction1 4 ~ Eigenfunction2 4~ Eigenfunction3
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Functions
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Creating a Model to Predict Glucose Response:

GlucoseMonitor-Before vs. Time GlucoseMonitor - After vs. Time

Prediction Profiler
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Applying that Model to New Patient Data

Patient 9999 - GlucoseMonitor vs. Time

Function Summaries
Snack-
Patient  Validation FPC1 FPC2
E-Martha [Training 1 31,287303
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GlucoseMonitor vs. Time

Overlay of predictions
(thin curves) on top
of actual observations
(blue dots and thick curve)
for held out patient Eric
for snacks A, B, D, & E.
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Overlay of Predictions for Held out Patient Eric

GlucoseMonitor vs. Time GlucoseMonitor vs. Time
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Overlay of Predictions for Held out Patient Eric

GlucoseMonitor vs. Time GlucoseMonitor vs. Time
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Overlay of Predictions for Held out Patient Craig
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Overlay of Predictions for Held out Patient Craig
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Overlay of Predictions for Held out Patient Ryan

GlucoseMonitor vs. Time GlucoseMonitor vs. Time
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GlucoseMo

Overlay of Predictions for Held out Patient Ryan
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Summary

Glucose monitor data from a panel of patients were used to show
how one can use functional data as both input to and output from
the same model.

The glycemic response over time of patients could be predicted
using their baseline (fasting) curve and the type of snack consumed
as inputs to the model.

Functional data shows up in many forms such as sensor data, or
spectral data, virtually any response in a longitudinal order.

These data are often summarized to allow for “landmark” analysis.

This approach does not take advantage of all the data that has been
collected and can lead to missing out on effects of the shape of data.
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Thanks to my JMP colleagues
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this presentation is based:
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Pete Hersh

) Chris Gotwalt

Webcast recordings at Ryan Parker
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