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Artificial Pancreas: the Future of Diabetes Care
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CGM: Operation and Challenges

potentiostat in sensor (Goode, et al. 2013)

e Challenges in CGM technology

— Calibration
 Interpersonal and intersensor variability
 Sensitivity drift over time
» Errors in reference measurements

— Sensor signal filtering

— Sensor lag due to blood and interstitial
fluid glucose dynamics

— Signal dropouts and related artifacts
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CGM Calibration: Prior Art

e |nitial calibration after insertion based on one or two reference
values (Bequette, 2010)

— One/two point calibration to fit slope-intercept curve

— Linear regression to adjust curve parameters upon subsequent reference

measurements, with statistical analyses to account for uncertainty
(Goode, et al 2005)

o Same algorithm for all subjects

— Personalized adaptive algorithms based on one day data under recent
study (4 calibrations) (Bondia, et al 2013)

 INALL CASES:

— ~Weeks worth of data not utilized in each new sensor insertion and
initialization

-> Project Goal: exploit this untapped wealth of personalized
calibration data
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Run to Run Approach to CGM Calibration

* Analogous to Run to Run Controllers in process control field
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* Objective: Find the best recipe that will minimize the error
between blood glucose and CGM reading
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Projected Workflow

e Points of interest v eathof 10 msico suects
— Only challenges related to v

. . . Generate sets of calibration curve, drift curve,
CG M Cal | bl’atl On ConS I de rEd and referencke error paral;nleters based on
. . nown variabilit
— 50/50 cross validation at every -
Step to ensure StatIStI Cal Simulate 10 different Raw CGM signals from
relevan ce 1°* week based on generated parameters

v

Formulate run to run algorithm that
minimizes previous week’s error versus BG

e “Inheritable” data points vales
— Subject specific values: :

Apply novel algorithm to generate

° Sensor d“ft curves corresponding CGMs for the following week
o Deliverable performance

» Reference errors (SMBG)
evaluations C

Validation under presence of noise and with
_ Summed Square Of error Of larger in silico populations/clinical data
BG and parameters |

Clinical Trials
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Utilization of Prior Art to Simulate CGM Operation

* Assign patient and sensor specific parameters related to
CGM sensing

— Actual calibration curve parameters (m and b)
o 1-10% variability (Estes et al., 2013)

— Time dependent drift in sensitivity

« Second order drift profile

— 50% drift magnitude at end of life, 90% of this sensitivity within 24 hours
(variability: 40-60% drift magnitude, 20-28h time constant)

— Reference measurement bias
o +20% error in analyte values (Goode et al., 2013)

o Simulate CGM operation
— Start with initial parameter settings
— Two calibrations per day, 6am and 6pm

— Update calibration curve parameters at each calibration, taking
Into account potential uncertainty in reference measurement bias

Lee
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CGM Raw Data Generation — Example from One Subject

» 1 week of BG data under open
loop control 200
— 3 meals per day at 7am, 1pm, 7pm, T 175
509 each (full bolus) £ I IneImneIneImnemamn
— 12am 1%t day to 12am 7t day o
S 125
i : i O 100
o Assigned CGM calibration g .
parameters [
— Calibration curve parameters: >0 Day 1 Day 2 Day 3 Day4 Day5 Day 6 Day 7
* m = 4.9 (nominal 4.7)
* b = 24.2 (nominal 25) 800
— Sensor drift curve parameters: N
 45% drift, 26 hours (nominal 50% 2
drift, 24 hours) S 600
— Reference error: o
e —10% (nominal +20%) & M
5 400[ ek Mﬁ
i ] o
 Simulate raw sensor signal through © |
inversion of calibration curve 200y 1 Day2 Day3 Day4 Day5 Day6 Day7
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CGM Sensing Under Current Approach

» First two points as calibration for initial estimation of mand b
— Population average sensor drift function included in CGM

* Incorporate -10% reference error
» At each calibration, modify m and b based on expected and given reference
value, incorporating the 20% potential error into comparison
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» Difficulty capturing systematic bias resulting from different drift function and
consistent reference error by modifying m and b alone (final m: 6; final b: 25)
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Optimizing a Run to Run Algorithm

» Create “training” data set of reference values and CGM raw sensor signals
based on 5 subjects with known calibration parameters (Pyctua1)

— % reference error, slope and intercept of calibration curve, % sensitivity loss at
end of life, time to losing 90% total sensitivity loss

 Given just the reference values (G,.r) and CGM raw sensor signals (S),

find a run to run approach (R) that minimizes the difference between
estimated (P,) and actual (P,) calibration parameters of each subject
— If P, = P,, true BG values can be calculated from raw sensor signals

R(Greer) = Pe,best

By — Pe,best = min ((Pa - Pe,l)r (Pa - Pe,Z)r (Pa - Pe,i))

e Proposed method:

— An optimization and probability based approach to Run to Run parametrization of CGM
sensor calibration
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Determination of Candidate Parameter Sets

 Initial Estimation Procedure
— Estimate range of reference errors (e, ... e,;)

— Modify reference based on each reference error
Gmod,i — Greferi
— Optimize rest of parameters to minimize summed square difference between
values predicted by sensor signal and modified reference
F(S,Pe;) = Geaic,i

— Cost function to be minimized through Particle Swarm Optimization:

tr
C(Pest,i) = Z (Gmod,t_Gcalc,t)2

t=1
Estimated Reference Optimized slope of Optimized intercept of | Optimized % sensitivity | Optimized time to lose Summed square of
Error calibration curve (counts/meanjcalibration curve (counts loss at end of life 90% of max sens. loss errors (to reference
4.4

-20% 24.3 45.7 254 1.48
-15% 4.6 23.1 44.9 26.6 0.54
-10% 4.8 27.5 43.9 27.0 2.99
-5% 5.1 255 44.4 26.6 0.78
0% 5.2 27.2 42.3 28.0 14.3
5% 5.2 27.5 40.0 28.0 88.3
10% 5.2 27.5 40.0 27.8 606
15% 5.2 27.5 40.0 26.9 1640
20% 5.2 27.5 40.0 27.4 2960
Actual Values: -10% 4.9 24.2 45 26 0




|dentification of Best Parameter Set

o For each “best case” parameter set given assumed reference
error, evaluate probability of that set in actual population
— Best parameter set = minimum normalized summed square of
differences from population average
A(Per) = ) (Pei(i) = Pai()Y? Pos = Popese if min (d(P,.))

. . J=1 . . .y
— Individual parameters will have higher probability to have values near
the population average for that parameter
* ldentified candidate also has minimum error from actual parameters

Estimated Reference| Optimized slope of |Optimized intercept Optimized % Optimized time to [Normalized summed|Normalized summed
Error calibration curve | of calibration curve | sensitivity loss at lose 90% of max [square of error from|square of error from
counts/mgd| counts end of life sens. loss nominal values population mean

-20% 24.3 45.7 25.4 1.36 1.77
-15% 23.1 44.9 26.6 0.63 1.85
-10% 4.8 27.5 43.9 27.0 1.84 2.17
-5% 5.1 25.5 44.4 26.6 0.54 1.57
0% 5.2 27.2 42.3 28.0 2.35 3.36
5% 5.2 27.5 40.0 28.0 3.12 4.05
10% 5.2 27.5 40.0 27.8 3.53 4.16
15% 5.2 27.5 40.0 26.9 3.94 4.09
20% 5.2 27.5 40.0 27.4 4.69 4.71
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2"d Week CGM Performance Comparison

e 3 variations: Original CGM (no run to run), inherit m and b only from last run,

novel run to run recipe
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10 Subject CGM Performances under Novel R2R Recipe

* Actual parameters

Reference Error | Slope of cal. curve | Intercept of calib |% sensitivity lost at|Time to lose 90% of
(counts/mgdl) curve (counts) end of life max sens. loss

normally distributed
around popu|ati0n 1 -10%  -5% 4.9 5.1 242 255 45 44 26 27 0.03
mean 2 +6% 0% 4.8 45 257 25 60 59 27 28  0.03
. 3 +3% +5% 4.6 48 247 254 52 54 25 24 0.02
* Statistically 4 +1% +5% 45 49 236 247 46 48 27 25 005
_Slgnlflcant _ 5 +20% +5% 4.8 44 241 246 49 51 21 21 0.07
Improvement in 6 3% 0% 4.6 47 242 251 48 47 22 22 0.01
decreasing error vs 7 -1% -5% 5 4.7 23.9 27.1 55 55 24 24 0.1
BG compared to 8 +10% +5% 4.6 47 262 254 49 52 22 21 0.02
9 8% 5% 4.6 47 237 268 52 52 24 24 0.08
current state of art 10 -12%  -15% 4.9 49 266 233 44 45 23 22 0.09
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Prescribed Run to Run Recipe

e Only input: reference values and raw sensor data
count

— global optimization algorithm utilized to calculate
optimal calibration parameter combinations for
reference error from -20% to 20%

o Calculate normalized total summed square of
differences from population average for each
combination

» Select combination with lowest difference as
new calibration set
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Future Work

Improve Run to Run performance under other sources of error

— Modify simulator to mimic real CGM operation

» Generate simulated raw sensor signal dependent on sensitivity drift and
calibration curve characteristics

» Implement calibration with subject specific BG measurement error

« Slope of calibration curve beyond expected range during 1%
week can imply reference or drift curve error

— Real time adjustment possible

o Test R2R recipe for populations with more difficult parameter
sets
— Parameters not normally distributed from stated population mean

Actual raw signals and calibration curves from Dexcom
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Current Progress

 PID vs MPC IDE complete

— Response to (short) FDA questions
submitted

— 12 subjects, two 28h admissions

— Same pAPS system as in DP3 trial

— Projected start: end of 2013/beginning of 2014
after DP3

o DP3 Clinical Trials in progress

— Data analysis underway to compare pre and post basal and
|:C ratio adaptations from UVA/Sansum data for multiple
subjects
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