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Data Used for Model

Fig. 1. Representative example of the dataset employed in this paper [23]. BG references frequently collected every 15 min for 9 h (circles linearly interpolated
by a straight line), and CGM time series (other lines) measured simultaneously using n = 4 Dexcom SEVEN Plus glucose sensors in a type 1 diabetic individual.

Trial Details
• 19 patients with T1DM
• Each subject had 2 sessions of 9 hours each
• 4 Dexcom Seven Plus CGMs were worn by each subject
• HemoCue Glucose 201 Analyzer measurement every 15 minutes
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Model Structure

Steps from BG to CGM
• Step 1: Transport from

blood to interstitial
space

• Step 2: Interstitial
glucose measured by
sensor

• Step 3: Additive
measurement noise

Fig. 2. Scheme describing how n simultaneous CGM data streams are mod-
eled. From left to right: the BG signal is transformed into IG signal through the
BG-to-IG kinetics; the IG signal is measured by each of the n CGM sensors,
generating for the ith sensor the IGS i

profile; finally, the measured CGMi is
affected by additive measurement noise vi .
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Step 1: Transport of Glucose

First-Order Model

yIG(t) = h(t) ∗ yBG(t)

h(t) =
1
τ

e−t/τ

Fig. 1. Model describing plasma (C1) and interstitial fluid (ISF; C2)
glucose kinetics assuming glucose equilibrates by diffusion (D �
k21V1 � k12V2) and is cleared from ISF by tissue surrounding the
sensor (clearance � k02V2), where V1 and V2 represent plasma
volume and ISF distribution volume seen by the sensor, respectively.

Assumptions
• Linear, time invariant kinetics
• Static gain equal to 1

L.M. Huyett Journal Club 16/32



Background
Simulating Sensor Error

Research Update

Data Analysis
Building the Model
Conclusions

Step 2: Sensor Measurement

• Sensor converts raw current to glucose concentration
• Normally, linear calibration is done
• Due to drift in time, introduce time-varying terms

yIGi,m(t) = ai(t)yIGi(t) + bi(t)

ai(t) =
m

∑
k=0

aiktk

bi(t) =
l

∑
k=0

biktk

• Select parameters m and l by minimizing Bayesian information
criterion (BIC) index
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Time-Varying Calibration Parameters

Determining m and l

• BIC = d ln(RSS) + p ln(d),
where d is the total number of
CGM data available in each
individual and p = m + l + 2

• RSS is the residual sum of
squares

• Lower BIC is preferred
• Considered m = l for 1, 2, and 3
• τ, ai(t), and bi(t) determined by

nonlinear least squares

Fig. 3. Boxplots of ΔBIC values obtained in the determination of the orders
m and l of the polynomials ai (t) and bi (t) of the calibration error function:
constant versus linear (Left), linear versus quadratic (Middle), and quadratic
versus cubic (Right). The diamond (�) represents the mean value. A positive
value of ΔBIC means that the higher order is preferable.

Result: m = l = 1 provided the best explanation of the data
L.M. Huyett Journal Club 18/32
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Resulting Parameters

Fig. 4. Probability density functions of parameters τ, a0 , a1 , b0 , and b1 obtained from estimated values and through a kernel density estimation procedure.

TABLE I
MEDIAN, 5TH AND 95TH PERCENTILES VALUES FOR MODEL PARAMETERS

τ̂ , â0 , â1 , b̂0 , b̂1 , AND PERCENTAGE OF VALUES ESTIMATED WITH A

COEFFICIENT OF VARIATION CV ≤ 10% AND CV ≤ 30%
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Step 3: Additive Measurement Noise

• Zero-mean random noise
• Use autoregressive model of order to be determined

vi(t) =
q

∑
k=1

αikvi(t − k) + wi(t)

wi(t) ∼ N(0, σ2
wi
)

• Need to determine αik, σ2
wi
, and q for each sensor signal
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Measurement Noise Model

Fig. 5. Same representative example of Fig. 1. (Top) raw residuals of the four CGM sensors. A significant positive correlation among the four traces is evident.
The common component, obtained by using (11), is also plotted in black. (Bottom) Residuals after the elimination of the common component.

Observations
• After considering Steps 1 and 2, remaining residuals are highly correlated
• Remaining common component indicates first two steps were suboptimal
• After removing common component, residuals no longer correlated
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Determining Parameters

• Compute residual profile

resi(t) = yCGM(t)− (
m

∑
k=0

âiktk(
1
τ̂

e−t/τ̂ ∗ yBG(t)) +
l

∑
k=0

b̂iktk)

• Consider common component from suboptimal modeling

cc(t) =
1
n

n

∑
i=1

resi(t)

• After subtracting common component, use AR process

v̂i(t) = resi(t)− cc(t)

vi(t) =
q

∑
k=1

αikvi(t − k) + wi(t)
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Determining Order of AR Models

• Both common component and

noise fit AR of order 2

• Common component has larger

variance than measurement

noise

Fig. 6. Results of the analysis on common component (panels on the left side)
and measurement noise time series (panels on the right side). For each one, the
histogram on the top reports the counts of time series in which that specific
order has been selected as optimal (in black the most selected order), while the
histogram on the bottom the distribution of the estimated variances of the time
series.
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Population Model

Population values for measurement noise

cc(t) = 1.23cc(t − 1)− 0.3995cc(t − 2) + wcc(t)
v̂(t) = 1.013v̂(t − 1)− 0.2135v̂(t − 2) + w(t)

wcc(t) ∼ N(0, 11.3mg2/dl2)

w(t) ∼ N(0, 14.45mg2/dl2)
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Comparing MARD for Model Components

Fig. 7. Boxplots of MARD values of original CGM traces, calculated com-
paring BG versus CGM (global), and of all the other key components of sensor
error: BG-to-IG kinetics (BG–IG), calibration errors, and drift in time of sensor
sensitivity (calibration), and measurement noise (noise). The diamond (♦) is the
mean value.
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Conclusions

• This work improved on previous efforts to simulate sensor error
• Common component suggests that glucose transport and/or

calibration models are suboptimal
• Based on the MARD, the calibration error and drift is the main

source of error
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Adding Sensor Error to Simulator
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Testing Measurement Noise
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Measurement Noise Model

Fig. 5. Same representative example of Fig. 1. (Top) raw residuals of the four CGM sensors. A significant positive correlation among the four traces is evident.
The common component, obtained by using (11), is also plotted in black. (Bottom) Residuals after the elimination of the common component.
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Example of Control with Error
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Ideas for Further Research

• Systematically change model parameters to find ROI for improved
sensor performance

• Test sensor noise for both PID and zone MPC
• Improve upon this model with further investigation of glucose

transport model
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