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Online glucose prediction which can be used to provide important information of future glucose status is a key step to
facilitate proactive management before glucose reaches undesirable concentrations. Based on frequency-band separation
(FS) and empirical modeling approaches, this article considers several important aspects of on-line glucose prediction
for subjects with type 1 diabetes mellitus. Three issues are of particular interest: (1) Can a global (or universal) model
be developed from glucose data for a single subject and then used to make suitably accurate on-line glucose predictions
for other subjects? (2) Does a new FS approach based on data filtering provide more accurate models than standard
modeling methods? (3) Does a new latent variable modeling method result in more accurate models than standard mod-
eling methods? These and related issues are investigated by developing autoregressive models and autoregressive mod-
els with exogenous inputs based on clinical data for two groups of subjects. The alternative modeling approaches are
evaluated with respect to on-line short-term prediction accuracy for prediction horizons of 30 and 60 min, using inde-

pendent test data. © 2013 American Institute of Chemical Engineers AIChE J, 60: 574-584, 2014
Keywords: global model, glucose prediction, type 1 diabetes, frequency-band separation

Introduction

Type 1 diabetes mellitus (TIDM) is a disease character-
ized by the inability of the body to regulate blood glucose
concentration. TIDM results from autoimmune destruction
of the pancreatic f-cells, which produce the hormone insulin.
Without appropriate treatment with exogenous insulin, peo-
ple with TIDM have difficulty maintaining their blood glu-
cose concentration within a normal range (e.g., 70-120 mg/
dL before meal and less than 160 mg/dL after meal). Conse-
quently, they can suffer from large glycemic excursions,
including episodes with very low glucose (hypoglycemia)
and very high glucose (hyperglycemia); both situations are
detrimental to the quality of life.'! Generally, a careful bal-
ance is required among a person’s daily activities, diet, and
insulin administration to bring the blood glucose into a nor-
mal range. However, this balancing is not an easy task
because large glycemic variations often go undetected,
including asymptomatic hypoglycemia.”

Continuous glucose monitoring (CGM) devices can mea-
sure glucose time-series data on-line (i.e., every 1-5 min).
The real-time data provide timely and important information
about the person’s current glycemic state, and also reveal its
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direction and rate of change. CGM devices have opened new
opportunities for glycemia management of subjects with
T1DM. For example, it has been reported that if the recent
glucose history follows previous known patterns, future
blood glucose values might be anticipated from past meas-
urements.> An empirical model of glucose dynamics can
facilitate glycemia management. Thus, the identification of
simple, accurate glucose prediction models is a key step in
the development of an effective artificial pancreas (AP).
Many empirical (or “data-driven”) modeling techniques
have been evaluated for both in silico and clinical studies.”™*
Generally, the glucose prediction model has the form of a
linear dynamic model where the future glucose concentration
is predicted based on current and past glucose signals, as
well as available exogenous input signals, notably insulin
delivery and meal carbohydrate (CHO) estimates. Bremer
and Gough® first suggested that glycemic time-series data
had an inherent structure that could be described by a simple
linear dynamic model. The linear models that have received
the most attention for TIDM applications are autoregressive
models (AR) and autoregressive models with exogenous
inputs (ARX). For AR modeling, only CGM data are
required to develop the model and to predict future glucose
concentrations as a linear combination of recent measure-
ments. The Cobelli’”® and Reifman research groups’ have
clinically evaluated subject-specific AR models with differ-
ent model orders to improve management of glucose concen-
trations. Eren-Oruklu et al.'®'" have reported subject-specific
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recursive AR models where the model parameters were
recursively updated to reflect the recent glucose history. The
ARX models are an extension of AR models that include the
exogenous inputs, insulin delivery, and meal CHO estimates.
Finan et al.*'*'3 have developed ARX models for in silico
and clinical subjects. They evaluated the effects of key
design issues such as the degree of input excitation, model
orders, and prediction horizons. A new latent variable (LV)-
based statistical modeling algorithm has recently been devel-
oped by our research groupls’m for TIDM applications. The
results for clinical and in silico applications have demon-
strated the effectiveness of the proposed method and its
improved prediction accuracy, compared with standard AR
and ARX models.

In contrast to the widespread development of personalized
glucose prediction models, there is a limited body of work
concerning the analysis of intersubject variability and its
effects on glucose prediction. In particular, Gani et al.'’
have mentioned and verified the concept of a universal
model for TIDM. If a universal model is reasonably accu-
rate, it would considerably reduce the effort associated with
model development. The “universal model” of Gani et al.'”
is a 30th-order AR prediction model with constant coeffi-
cients, which was able to capture the time-series glucose cor-
relations for different subjects. The model was based on
glucose data for a single subject and then used to make
short-term (30-min-ahead) glucose predictions for other sub-
jects without any need for model customization. Their results
indicated that the predictive capability of the models was not
affected by intersubject differences. However, their modeling
approach makes glucose predictions based on a set of time-
series data that are smoothed retrospectively'”'® using a
Tikhonov regularization method."’ Thus, the model is not
suitable for on-line applications which is thus not useful for
development of AP. Also, they did not check whether pre-
diction model was universal when two exogenous inputs,
insulin delivery, and meal CHO estimates, were included in
the model structure.

In this article, empirical modeling approaches and
frequency-band separation (FS) are investigated for on-line
glucose prediction for TIDM. A variety of models are con-
sidered including the new LV models as well as standard
AR and ARX models. The major issue addressed in this
work is about short-term online glucose prediction. So, the
key issue is whether these modeling techniques can be used
to develop a “global model” that is suitable for on-line glu-
cose prediction. Of particular interest, is whether a prediction
model developed for data from one group of clinical subjects
is also valid for other groups of clinical subjects without any
customization in comparison with those subject-dependent
(SD) standard models.

Methodology
Standard AR and ARX prediction models

In this article, AR modeling techniques based on standard
least-squares (LS) algebra and a new latent-variable-based
statistical analysis'>'® are used to develop empirical predic-
tion models from glucose time series data. Corresponding
ARX models are evaluated after adding the exogenous inputs
to the AR models.

The general form of the ARX model for this research is
given by
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where g(k) denotes the glucose concentration at sampling
instant k, uins (k—kins ), and tmea (k—kmear ) are the exogenous
inputs, bolus insulin, and meal carbohydrate content, at time
k, B is a constant bias term, and &(k) is a zero mean, random
disturbance at time k. Note that this ARX model is expressed
in terms of physical variables and includes a bias term,
rather than being based on deviation variables. This approach
eliminates the need to specify an appropriate steady-state ref-
erence value for the glucose concentration, information that
may be difficult to determine in practice due to the inherent
dynamic behavior of blood glucose concentration. The input
time delays, kins and kmeq, in Eq. 1 can be different for each
input. The time delays are expressed as integer multiples of
the sampling period At. In this article, Ar =5 min.

In Eq. 1, A(¢™ "), Bini (¢~ "), and Bpea (¢~ ") denote polyno-
mials in qil, where qfl is the backward shift operator, that
is, ¢ 'g(k) = g(k—1). For example

A(q71)=a0+a1q71+a2q72+ ceetan, g™ 2)

where n, is the order of the A(g~ ') polynomial. It deter-
mines the number of previous glucose measurements that are
relevant for prediction. When polynomials Biyi =Bmea =0,
the ARX model in Eq. 1 reduces to an AR model. The iden-
tification of an AR or ARX model with specified model
orders can be performed analytically using standard LS
regression’” to estimate the model coefficients. Alternatively,
the new LV approach of the next section can be employed.

LV models

An LV-based glucose prediction method that has been
recently reported'® is also considered in this article. The
resulting models (LVX/LV) have the same structures as
standard ARX/AR models. However, the model parameters
are calculated using different principles and algorithms. The
LV-based models are developed from two sets of data:'® pre-
dictor variable data X(NXJ) and output variable data
y(NX1) where N is the number of observations and J is the
number of predictor variables. The predictor data matrix X
consists of past and current glucose concentrations and the
two exogenous inputs. When no exogenous inputs are
included, the LVX model reduces to an LV model. The
single-output variable is the future glucose concentration.
For T1DM, the time-series glucose measurements contain
the autocorrelation structure relating past and future glucose
concentration values.

In the LV-based modeling method, a few LVs are first cal-
culated which capture the important glucose dynamics and
are linear combinations of the available measurements. In
the second step, the quantitative relationship between the
LVs and future glucose concentration is determined. A vari-
ety of LV-based regression methods have been developed
with the chief difference being how the LVs are calculated.
The details of the LV-based methods for this research are
summarized in Appendix A. The LV-based glucose predic-
tion model is briefly described in Appendix B.

Frequency-band separation

Rahaghi and Gough21 have recently suggested that the
glucose dynamics for subjects without diabetes can be
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Table 1. Clinical Details for the Two Groups of Subjects

Group # Number of Subjects Age (Years) Weight (kg) Height (cm) CGM Device
1 7 48 * 15 87 +25 174+ 11 DexCom 7 Plus™
2 10 49 = 10 79 + 10 1739 DexCom 7™

divided into four distinct frequency ranges with different
periods:

e Band I: 5-15 min

e Band II: 60—120 min

e Band III: 150-500 min

e Band IV:> 700 min

Each band is driven by different physiological mechanisms
and intrinsic blood glucose dynamics. Lu et al.*? considered the
relative importance and predictive power of these four frequency
bands using SD AR models for short-term glucose prediction.
Their results indicated that a combination of the datasets for
Band II, and either Band III or IV, represent the underlying glu-
cose dynamics necessary for model development. These papers
provide meaningful insights into the underlying glucose dynam-
ics from a frequency domain viewpoint. However, there is very
little literature that considers an important aspect of glucose pre-
diction: the possibility that for a given frequency band, the glu-
cose dynamics may vary from subject to subject (i.e., intersubject
variability). Consequently, in contrast to previous T1DM papers
on frequency domain analysis,”' 23 in this article, glucose dynam-
ics are investigated from an intersubject perspective. The objec-
tive is to extract the common glucose dynamics for global model
development when only two frequency bands are considered.

For frequency band separation, a first-order, low-pass But-
terworth filter is employed after specifying its threshold
period P. The filter has the form

X (k) =P x(k)+ pox(k—1)-ox (k—1) (©)

where, x is the glucose measurement, X is the filtered value,
and the constant filter parameters are o, f5;, and f5,. Thus, fil-
ter output X is a linear combination of the previous filtered
value, and the previous and current measurements.

In the frequency band separation approach, the glucose
data are first filtered to divide them into two frequency
bands, a low-frequency band and a high-frequency band. For
subject i, the low-frequency band data are denoted by
xE(KX1) (where K is the number of observations). These
data are generated by passing the original CGM glucose data
through the low-pass filter in Eq. 3. The high-frequency
band data for subject i, xf’ (KX1), are then obtained by sub-
tracting the low-frequency band data from the original data

x'= x;—xt “)

The empirical prediction models can then be developed
based on data for either a single band or both bands. To
evaluate the feasibility of developing a global model, four
modeling approaches are considered:

1. Global low-frequency model (GL): The global low-
frequency model is identified based on the low-frequency
glucose data for a single subject. This model is then used to
make glucose predictions for the other subjects.

2. Subject-dependent low-frequency model (SL): A sepa-
rate low-frequency model is identified for each subject.

3. Subject-dependent two-frequency models (ST): Individ-
ual low-frequency and high-frequency models are designed
for each subject. Then, glucose predictions are made by add-
ing the individual model predictions together.
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4. Standard subject-dependent model (SD): A separate
empirical model is designed for each subject; no frequency
band filtering is employed.

For ARX/LVX modeling, the exogenous inputs are
included and transformed using two different second-order
transfer functions,”® producing time-smoothed inputs. In this
way, the effects of the two inputs can be separated, which
facilitates the model identification.

Performance metrics

To characterize the glucose prediction performance, a
variety of metrics are available. In this article, two metrics
are used:

1. Root mean-square error [RMSE (mg/dL)]”’18

RMSE =, [+ ()= (1)° ©

ieN

where, y(i) is the predicted value, y(i) is the measurement;
and N is the number of samples.
1. Mean absolute relative deviation [MARD (%)]***

y(i)—y()
y(i)

where |+| denotes the absolute value.

1
MARD (%):NZ X 100% (6)

ieN

Results and Discussion
Study subjects

Two groups of de-identified ambulatory clinical data from
subjects with TIDM were used in this investigation. The
subjects gave their voluntary and written informed consent
to participate. The subcutaneous glucose data were collected
using two types of CGM devices and a 5-min sampling
interval. The clinical information for the two groups is listed
in Table 1 where the mean value and standard deviation
were calculated across the biometric information of subjects
in each group.

For Group 1, meal CHO estimate and bolus insulin deliv-
ery information were available which facilitated the identifi-
cation of ARX/LVX models. Data (2 or 3 days) were
collected for each subject. Data for the first day were used
for model identification and the remaining data was used for
model testing. The latter will be referred to as the test data.
For Group 2, only CGM data for a period of 4-7 days were
collected for each subject. Because more data were available
for Group 2, compared with Group 1, the first 2 days of data
were used for model identification, whereas the remaining
data were used as test data. However, the prediction results
were not statistically different when only 1 day of data was
used for model identification based on a paired ¢-test
(a = 0.05).

AR and LV empirical models

The AR modeling technique was evaluated as a candidate
for developing a global model, in the following manner.
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Figure 1. Comparison of subcutaneous glucose concentration provided by CGM and the separated profiles in two

different bands for Subject #1 in Group1.

The threshold period is 80 min. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

First, a threshold filter value P was selected. Then, the low-
pass filter in Eq. 3 was used to divide the original CGM
signal into two parts. Figure 1 illustrates the data filtering
for a typical type 1 diabetes subject in Group 1 and a
threshold period of P =80 min. In general, the low-
frequency glucose signals capture the overall glucose
trends, whereas the high-frequency signals are more ran-
dom with a mean value of zero. In a preliminary investi-
gation of SD standard AR/LV model development, it was
determined that as the number of glucose variables (i.e.,
the predictor length PL) increases, glucose prediction
accuracy did not improve for PL > 7. Therefore, a value
of PL="7 was used for global model identification. Then,
for each of the 17 subjects in Groups 1 and 2, training
data for a single subject were used to develop a low-
frequency AR model. The prediction accuracy of the
model was evaluated for the other 16 subjects. Thus for
each test subject, 16 sets of glucose predictions were
obtained from the individual models.

Let y;; denotes the RMSE value of glucose prediction for
Subject i using the low-frequency AR model developed
based on training data for subject j. An average RMSE value

normalized RMSE (%)
100
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g
=
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=
g 50
3z
2
5 40
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12345678 9 101 1213 14 15 16 17
Subject #

Figure 2. Effects of threshold period (min) for

frequency-band separation on 30-min

prediction performance [evaluated by nor-

malized RMSE (%)] for 17 subjects using

low-frequency AR models.

[Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]
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y; for subject i was calculated by averaging the results for
the 16 sets of test data

]16

Yi= 16 Z Yij @)

=1

These calculations were repeated for different values of
threshold period P. The y; values for test subject i and the
threshold periods can be arranged in a vector,
yj:[yi,layi.27 ces Yimo ~--,)’i,M], where M is the number of
threshold periods. Because the RMSE values have different
ranges for different subjects, the y; values were normalized

Within-group
+  Cross-group
¢ Mean of within-group
O  Mean of cross-group
18
16
#_7 #4
14 —#2
0’:2”
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Figure 3. GL AR model based 30-min prediction results
for seven subjects in Group 1 (Top) and 10
subjects in Group 2 (bottom) with respect to
within-group and cross-group analyses.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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Figure 4. GL LV model based 30-min prediction results
for seven subjects in Group 1 (Top) and 10
subjects in Group 2 (bottom) with respect to
within-group and cross-group analyses.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

and transformed into a percentage between 0 and 100%,

which was more convenient for plotting. For subject 7, the

transformed y; value, ¥, is defined as
— A Yi _yi,min

Yi= max (yi) —min (yi)

X100% (8)

where max (yi) denotes the maximum RMSE value for the
different threshold periods andmin (yl-) denotes the corre-
sponding minimum value. Their difference denotes the glu-
cose prediction range. In Eq. 8, y,; .. is an M-dimensional
vector where each element is min (y,).

Figure 2 shows the effects of threshold period P on the
prediction accuracy of the average AR models. The 17 sub-
jects of Groups 1 and 2 served as the test subjects for the
low-frequency AR models. Note that a value of P =0 means
that no FS was used and thus a standard AR model was
obtained. Clearly, the large average RMSE values indicate
that the standard AR model is not global.

Based on the results in Figure 2, a value of P =80 min
was chosen for subsequent frequency band separation. For
the range, 40 min < P <80 min, the accuracy of the low-
frequency AR model is not statistically superior for any
specific value of P, based on a paired t-test (a=0.05).
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Consequently, a value of P =80 min was selected arbitrarily
for frequency band separation.

The hypothesis of a global low-frequency (GL) prediction
model was also tested, based on AR models for individual
subjects. Each GL AR model was used for glucose predic-
tion for the test set of 17 subjects. A paired #-test (« = 0.05)
was again used to assess the differences in prediction accu-
racy between these low-frequency AR models. The results
(not shown here) indicated that the choice of the subject
used to generate the GL AR model did not have a significant
effect on model accuracy. Thus, training data for any subject
could be used to develop a GL AR model. For the rest of
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Figure 5. Effect of PL on 60-min prediction perform-
ance using GL AR and SD AR models [RMSE
(mg/dL)] for (a) seven subjects in Group 1
and (b) 10 subjects in Group 2.
Top: Mean of RMSE values; Bottom: MAD of RMSE

values. [Color figure can be viewed in the online issue,
which is available at wileyonlinelibrary.com.]

February 2014 Vol. 60, No. 2 AIChE Journal


http://wileyonlinelibrary.com
http://wileyonlinelibrary.com

Mean of RMSE (mg/dL)

—e— GLAR
6 —&— SD AR

5
o
>
E
w
24
o
5
[a]
<C
=

5 10 15 20 25 30 35
PH (Samples)

(@

60

—e— GLAR
50 —#—SDAR

w =
S S

Mean of RMSE (mg/dL)
N
o

10,

12

—e— GL AR
10 —4#— SDAR

@

MAD of RMSE (mg/dL)
(=]

4
2
0
5 10 15 20 25 30 35
PH (Samples)

(b)

Figure 6. Effect of PH on prediction performance using GL AR and SD AR models [RMSE (mg/dL)] for (a) seven
subjects in Group 1 and (b) 10 subjects in Group 2.

Top: Mean of RMSE values; Bottom: MAD of RMSE values. [Color figure can be viewed in the online issue, which is available at

wileyonlinelibrary.com.]

the article, the GL AR model was obtained by averaging
individual GL AR models from different subjects. The aver-
age model is considered to be more representative than an
individual model.

Next, the prediction accuracy of the GL. AR model will be
assessed by both within-group and cross-group analysis. For
the within-group analysis, the GL AR model for the group
was obtained by averaging the individual GL models for one
group and then evaluating the on-line glucose prediction
accuracy for test data for the same group. For the cross-
group analysis, the GL AR model for one group was applied
to the test data for the subjects in the second group.

The prediction accuracies for the within-group and cross-
group analyses for the GL AR models are shown in Figure
3, for the MARD and RMSE indices. These results are dis-
played for individual subjects. The best prediction perform-
ance occurs when the results are closest to the left bottom
corner of each subfigure. The mean values for all of the sub-
jects are also included in Figure 3. It is noteworthy that the
cross-group prediction results almost overlap the within-
group prediction results for both groups, which suggests that
the accuracy of global model is not dependent on the specific
CGM sensor or clinical trial.

Figure 4 presents a similar analysis performed for the LV
modeling method. These results are very similar to those in
Figure 3 for the AR method. Based on a paired r-test
(o =0.05), the accuracy of the GL AR model is not statisti-
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cally different from that of the GL LV model. The results in
Figures 3 and 4 show that both the AR and LV methods can
be used to identify global prediction models that capture the
common glucose dynamics. However, the prediction accu-
racy of the global model does vary significantly for individ-
ual test subjects due to individual differences.

The effect of key design parameters on the prediction
accuracy of the average GL AR model is also checked. First,
by setting different values of design parameters, different
low-frequency AR models were identified based on training
data; then, the model averaged across subjects was used as
the representative GL AR model with certain parameter val-
ues and applied to testing data of different subjects in each
group for online glucose prediction. The mean value and the
median absolute deviation (MAD) for the RMSE index were
averaged across the subjects in each group. The MAD statis-
tic characterizes the intersubject variability for the average
GL AR model. For purposes of comparison, the analogous
results for standard SD AR models were also calculated.

First, the effect of predictor length PL on the accuracy of
30-min predictions was assessed for all 17 subjects. When
choosing different PL values, different models are developed
based on training data and the corresponding models are
then applied to testing data for glucose prediction. As shown
in Figure 5, as PL increases, the trends for the GL and SD
AR models are quite similar except when PL is very small, a
situation that is not meaningful for on-line glucose
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prediction. For both models, the prediction performance is
not very sensitive to the choice of the PL value (note
expanded ordinate scale). For the subsequent AR model
comparisons, a value of PL =7 was used. Figure 6 presents
an analogous evaluation for a second important design
parameter, the prediction horizon, PH. As PH increases, the
prediction accuracy of both types of models decreases, as
expected, revealing that some significant unknown extrane-
ous variables may need to be considered. Furthermore, the
prediction accuracies of the GL AR and SD AR models are
very similar except for small PH values. In particular, the
differences are not statistically significant, based on a paired
t-test (o =0.05). The comparisons in Figures 5 and 6 indi-
cate that the global AR model is as accurate as the SD AR
model, an important advantage for glucose prediction appli-
cations that involve large numbers of subjects. Another
important design parameter is the number of retained LVs
when using LV method to develop the prediction model.
Figure 7 shows the results to evaluate the effect of the num-
ber of retained LVs on global AR model where a value of
PL =7 was used as mentioned before for both groups of
subjects. As the number of LVs increases, the prediction
accuracy of both groups first increases and then decreases
after the number is larger than six. That is, when all LVs are
retained, the prediction accuracy is not necessary better than
the other cases which may result from the overfitting
problem.

Representative comparisons of the measured and predicted
glucose profiles for GL AR and SD AR models are shown in
Figure 8. These results are for Subjects #1 and #7 in Group 1
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Table 2. RMSE (mg/dL) (Mean = MAD) for Glucose Prediction and Seven Subjects in Group 1 with Respect to Different
Types of AR/LV Models

PH=6 PH=12
Type of Model AR LV AR LV
Global low-frequency model 214 *3.1 20.7*=3.1 35.1 4.1 33.1%x44
Global standard model 23.7*5.6 224+39 36.9*+49 35.1%£5.6
Subject-dependent low-frequency model 213*33 204+3.2 349+42 31.0x4.0
Subject-dependent two-frequency model 209 £3.5 199 £35 349+43 31.0%4.0
Subject-dependent standard model 20.8 3.5 19.5+33 349+42 30.6 £4.0

Table 3. RMSE (mg/dL) (Mean = MAD) for Glucose Prediction and 10 Subjects in Group 2 with Respect to Different Types
of AR/LV Models

PH=6 PH=12

Type of Model AR LV AR LV
Global low-frequency model 18932 18.5*3.0 30.7 £4.6 299+39
Global standard model 20.6 £4.1 20.3+4.0 334+56 332+55
Subject-dependent low-frequency model 19.0£3.2 18.5 3.1 313%52 294+48
Subject-dependent two-frequency model 193 £35 18.8 3.4 31.6 £5.3 29.7+49
Subject-dependent standard model 19335 18.7*x34 30.7 4.7 29.7+48

and a representative day of test data. In general, the evolving
glucose trends were captured by both methods and the differ-
ence in prediction accuracy is not statistically significant
based on a paired t-test (« = 0.05). Figure 9 presents similar
results for two representative subjects in Group 2.

In Tables 2 and 3, the prediction accuracy of the different
types of AR models is compared for prediction horizons of
30 and 60 min. The merits of the frequency separation
approach are apparent from a comparison of the two global
models in the first two rows in each table. When frequency
separation is used, the resulting “global low frequency mod-
el” is more accurate than the “global standard model” for
both Groups 1 and 2. Furthermore, the global low frequency
model exhibits about the same degree of accuracy as the SD
models. The results in Tables 2 and 3 and Figures 5 and 6
support the hypothesis that a global AR or LV model is fea-
sible for on-line glucose prediction. In general, the LV-based
AR models in Tables 2 and 3 are more accurate than the
LS-based AR models. However, the comparisons of model
prediction accuracy in Tables 2 and 3 are not statistically
significant for a paired #-test (« = 0.05), except for the global
standard model which is statistically less accurate.

ARX and LVX empirical models

In this section, ARX and LVX models are developed to
assess whether or not they can provide a global model for
on-line glucose prediction when the model contains the two
exogenous inputs, insulin delivery, and estimated meal CHO.
A preliminary investigation was made for SD ARX and
LVX models developed from pure measurement data, the
model orders, and time delays for two different inputs can
be determined to achieve best accuracy. Based on the results,
for most subjects, the model orders for glucose, insulin, and
meals were set equal to 7, 1, and 1 sample, respectively, and
the time delays for the insulin delivery and meals were 5
and 6 samples, respectively. The above setting can get the
best prediction accuracy for SD models, which are thus used
here to evaluate whether subject-independent ARX and LVX
model can be acceptable. The same threshold period (P = 80
min) was chosen for the FS modeling.
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The development of ARX and LVX models was analo-
gous to the development of AR and LV models in the previ-
ous section. The model details and calculations are
summarized in Appendices A and B. Thus, different low-
frequency models were identified for each subject, and their
glucose prediction accuracy was evaluated using test data for
the other subjects. For a prediction horizon of 30 min
(PH =6 samples), the prediction accuracy was similar,
regardless of which individual model was used as the global

model; the differences between the models was not
40
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Figure 10. Effect of PH on prediction performance
[RMSE (mg/dL)] for seven subjects based
on GL and SD ARX models.

Top: Mean of RMSE values; Bottom: MAD of RMSE

values. [Color figure can be viewed in the online issue,
which is available at wileyonlinelibrary.com.]
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Table 4. RMSE (mg/dL) (Mean = MAD) for Glucose Prediction and Seven Subjects with Respect to Different Types of ARX/

LVX Models
PH=6 PH=12
Type of Model ARX LVX ARX LVX
Global low-frequency model 209 *3.6 20.8 £3.6 34.0%5.8 334%5.6
Global standard model 239*59 224+43 355%6.3 353%6.3
Subject-dependent low-frequency model 20.6 +3.8 19.8+34 31.8*+5.6 29.6 5.1
Subject-dependent two-frequency model 20.5*43 19.1£39 32.2+6.0 29.6 £5.6
Subject-dependent standard model 20.2+4.1 18.7+3.7 31.9*+59 292*55

statistically significant for o =0.05. However, for 60-min
predictions (PH = 12), the differences were more significant
(these results are not shown).

To show the influence of PH on the prediction accuracy
of global ARX models, prediction accuracy results for an
average global model were calculated as in the previous sec-
tion. Figure 10 shows the mean and MAD values of the
RMSE metric predictions as a function of PH for GL and
SD ARX models. As expected, the prediction accuracy dete-
riorates for both models as PH increases. The SD ARX mod-
els are statistically more accurate than the GL ARX models
for all PH values except PH =6 and 7, based on a paired #-
test (« = 0.05). The results reveal that a global ARX model
is not acceptable for online glucose prediction.

The LV modeling technique was also evaluated for suit-
ability in developing a global LVX model by considering the
seven subjects of Group 1. The prediction accuracy results
were quite similar to those for the ARX model, as shown in
Table 4. The RMSE values in Table 4 indicate that the SD
models are more accurate than the global models, especially
for the larger PH value of 12. Thus, although the global
modeling approach is promising for the AR/LV models of
the previous section, it is not promising for the ARX/LVX
models of this section.

A comparison of the SD models in Table 4 indicates that
frequency band separation does not provide superior ARX
models. For SD models, the new LV approach results in more
accurate ARX models than the standard LS approach, which
is consistent with the AR model results of Tables 2 and 3.

280
= Measurement

==== AR GL prediction (RMSE=31.00 mg/dL)
ARX SL prediction (RMSE=23.68 mg/dL)

It is also interesting to compare the relative prediction
accuracy of the AR and ARX models for the Group 1 sub-
jects, where insulin delivery data and meal CHO estimates
were available. A comparison of the prediction accuracy
results in Tables 2 and 4 indicate that in general the global
ARX models are not acceptable. However, a comparison of
SD models indicates that the ARX models tend to be more
accurate than the AR models, especially for the larger pre-
diction horizon (PH = 12). Representative comparisons of
the measured and predicted glucose profiles for GL AR and
SD low-frequency (SL) ARX models are shown in Figure 11
for 60-min predictions. These results are for Subject #3 in
Group 1 and a representative day of test data. The compari-
son indicates that ARX model may have smaller time lag
than AR model for online prediction, revealing that the con-
sideration of exogenous inputs may improve the prediction
time lag more or less.

Conclusions

In this article, a combination of FS and empirical models
has been experimentally evaluated in two clinical studies con-
cerning online short-term ahead glucose prediction in T1IDM.
It is demonstrated that a global AR model based on the fre-
quency separation approach and training data for a single sub-
ject could be used to predict future glucose concentrations for
other subjects without adjusting model parameters. For predic-
tion horizons of 30 and 60 min, the global model exhibited
the same degree of prediction accuracy as models developed
for individual subjects. The small differences in prediction
accuracy were not statistically significant based on a paired-¢
test (¢« =0.05). Thus, these clinical results suggest that it is
feasible to develop a global AR model based on one subject
and then apply the models to other subjects.

However, global ARX/LVX models were less accurate
than the SD ARX/LVX models as different subjects may

g give different responses to exogenous inputs. These results
s demonstrate that a global ARX/LVX model is not accepta-
S ble, which, thus, cannot be directly used for glucose control.
These promising analyses results encourage extensions of
" this research methodology. For example, a critical problem
concerns glucose controller based on on-line prediction of
future glucose. How to analyze the influences of exogenous
%% 50 100 150 200 250 300 inputs on glucose values and develop the control model by
Samples properly adjusting model parameters of exogenous inputs
Figure 11. Comparison of representative measured across different subjects are meaningful issues which
and 60-min predicted glucose profiles for deserves further efforts.
Subjects #3 in Group 1 based on the global
low-frequency (GL) AR model and subject-
dependent low-frequency (SL) ARX model. Acknowledgments
[Color figure can be viewed in the online issue, which This research work was Supported by the Juvenile Diabe-
is available at wileyonlinelibrary.com.] tes Research Foundation (grants 22-2009-797, 22-2009-76),
the National Natural Science Foundation of China (No.
582 DOI 10.1002/aic Published on behalf of the AIChE February 2014 Vol. 60, No. 2 AIChE Journal


http:\wileyonlinelibrary.com

61273166), and Specialized Research Fund for the Doctoral
Program of Higher Education of China (20120101120182).

Literature Cited

1. Rubin RR, Peyrot M. Quality of life and diabetes. Diabetes Metab
Res Rev. 1999;15:205-218.

2. Rabasa-Lhoret R, Garon J, Langelier H. Effects of meal carbohy-
drate content on insulin requirements in type 1 diabetic patients
treated intensively with the basal-bolus (ultralente-regular) insulin
regimen. Diabetes Care. 1999;22:667-673.

3. Bremer T, Gough DA. Is blood glucose predictable from previous
values? A solicitation for data. Diabetes. 1999;48:445-451.

4. Finan DA, Palerm CC. Doyle III FJ, Effect of input excitation on
the quality of empirical dynamic models for type 1 diabetes. AIChE
J. 2009;55:1135-1146.

5. Trajanoski Z, Regittnig W, Wach P. Simulation studies on neural
predictive control of glucose using the subcutaneous route. Comput
Meth Prog Bio. 1998;56:133—139.

6. Dua P, Doyle FJ III, Pistikopoulos EN. Model-based blood glucose
control for type 1 diabetes via parametric programming. /EEE Trans
Biomed Eng. 2006;53:1478-1491.

7. Sparacino G, Zanderigo F, Corazza S, Maran A, Facchinetti A,
Cobelli C. Glucose concentration can be predicted ahead in time
from continuous glucose monitoring sensor time-series. /[EEE Trans
Biomed Eng. 2007;54:931-937.

8. Zanderigo F, Sparacino G, Kovatchev B, Cobelli C. Glucose predic-
tion algorithms from continuous monitoring data: assessment of
accuracy via continuous glucose error-grid analysis. J Diabetes Sci
Technol. 2007;1:645-651.

9. Reifman J, Rajaraman S, Gribok A. Predictive monitoring for
improved management of glucose levels. J Diabetes Sci Technol.
2007;1:478-486.

10. Eren-Oruklu M, Cinar A, Quinn L. Estimation of future glucose con-
centrations with subject-specific recursive linear models. Diabetes
Technol Ther. 2009;9:438-450.

11. Eren-Oruklu M, Cinar A, Quinn L. Hypoglycemia prediction with
subject-specific recursive time-series models. J Diabetes Sci Technol.
2010;4:25-33.

12. Finan DA, Zisser H, Jovanovi¢ L. Practical issues in the identifica-
tion of empirical models from simulated type 1 diabetes data. Diabe-
tes Technol Ther. 2007;9:438-450.

13. Finan DA, Palerm CC, Doyle FJ III. Identification of empirical
dynamic models from type 1 diabetes subject data. In: Proc. Am
Control Conf. Seattle, WA, 2008;2099-2104.

14. Palerm CC, Willis JP, Desemone J. Hypoglycemia prediction and
detection using optimal estimation. Diabetes Technol Ther. 2005;7:
3-14.

15. Zhao CH, Dassau E, Harvey RA. Predictive glucose monitoring for
type 1 diabetes using latent variable-based multivariate statistical
analysis. In: Proc IFAC, Milano, Italy, Vol. 18. 2011;7012-7017.

16. Zhao CH, Dassau E, Jovanovi¢ L. Predicting subcutaneous glucose
concentration using latent variable (LV)-based statistical analysis
method for type 1 diabetes mellitus. J Diabetes Sci Technol. 2012;6:
617-633.

17. Gani A, Gribok AV, Lu YH. Universal glucose models for predict-
ing subcutaneous glucose concentration in Humans. /[EEE Trans Inf
Technol Biomed. 2010;14:157—-165.

18. Gani A, Gribok AV, Rajaraman S. Predicting subcutaneous glucose
concentration in humans: data-driven glucose modeling. /[EEE Trans
Biomed Eng. 2009;56:246-254.

19. Tikhonov AN, Arsenin VY. Solutions of Ill-Posed Problems. Wash-
ington DC: Winston, 1977.

20. Ljung L. System Identification: Theory for the User. Upper Saddle
River, NJ: Prentice-Hall, 1999.

21. Rahaghi FN, Gough DA. Blood glucose dynamics. Diabetes Technol
Ther. 2008;10:81-94.

22. Grosman B, Dassau E, Zisser H. Zone model predictive control: a
strategy to minimize hyper- and hypoglycaemic events. J Diabetes
Sci Technol. 2010;4:961-975.

23. Lu YH, Gribok AV, Ward WK. The importance of different frequency
bands in predicting subcutaneous glucose concentration in Type 1 dia-
betic patients. I[EEE Trans Biomed Eng. 2010;57:1839-1846.

24. Noujaim SE, Horwitz D, Sharma M. Accuracy requirements for a
hypoglycemia detector: an analytical model to evaluate the effects of
bias, precision, and rate of glucose change. J Diabetes Sci Technol.
2007;1:652-668.

AIChE Journal February 2014 Vol. 60, No. 2

Published on behalf of the AIChE

25. Stahl F, Johansson R. Diabetes mellitus modeling and short-term
prediction based on blood glucose measurements. Math Biosci Eng.
2009;217:101-117.

26. Yu H, MacGregor JF. Post processing methods (PLS-CCA): simple
alternatives to preprocessing methods (OSC-PLS). Chemometr Intell
Lab Syst. 2004;73:199-205.

27. Cserhati T, Kosa A, Balogh S. Comparison of partial least-square
method and canonical correlation analysis in a quantitative structure-
retention relationship study. J Biochem Bioph Methods. 1998;36:
131-141.

28. Anderson TW. Canonical correlation analysis and reduced rank
regression in autoregressive models. Ann Stat. 2002;30:1134—1154.
29. Hardoon DR, Szedmak S, Shawe-Taylor J. Canonical correlation
analysis: an overview with application to learning methods. Neural

Comp. 2004;16:2639-2664.

30. Burnham AJ, Viveros R, MacGregor JF. Frameworks for latent vari-
able multivariate regression. J Chemometr. 1996;10:31-45.

31. Dayal B, Macgregor JF. Improved PLS algorithms. J Chemometr.
1997;11:73-85.

32. Lindgren F, Geladi P, Wold S. The kernel algorithm for PLS. J Che-
mometr. 1993;7:45-59.

Appendix A: LV-Based Modeling Methods

In this research, the LV-based modeling method is a partial
LS-canonical correlation analysis (PLS-CCA) approach,*® where
CCA?"" provides post processing of PLS**~? modeling results.
PLS is a common statistical regression tool; it calculates an LV
estimate as a linear combination w of the predictors, which has
the maximal covariance with the response variable. The objec-
tive function for the first weight vector w; can be expressed as
follows

max (wlTXTnyle) (AD)
subject to w;Tw; =1

The maximum for (Al) is obtained at wj, the largest eigen-
vector of the matrix X yy"X, resulting in the first LV, t; =Xw;.
To obtain further weight vectors, the algorithm is repeated with
X and y deflated by each LV. The classical PLS calculation pro-
cedure described by Lindgren et al.** was used.

One problem associated with PLS method requires special
attention. Its objective is to model the variations in X and maxi-
mize their covariance with y. Large covariance does not neces-
sarily mean strong correlation. When the predictor matrix
contains a considerable amount of process variations uncorre-
lated with the response, it is possible that the PLS LV model
may capture the major systematic variations in the predictors X
but have relatively weak correlation with the response y. This
situation leads to a complex model structure and an overfitting
problem.

Unlike PLS, CCA inherently ignores the variations in X that
are uncorrelated with y and directly maximizes the correlation
of Xand y. It uses a different objective function

Ty T
max (W1 X y) A2)
subject to wTXTXw, =1

The first weight w; is the largest eigenvector of the matrix
(XTX)_IXTy(yTyf1 y"X. The maximum number of CCA com-
ponents Lee, is min (Ly, J,), where L, and J, are the number of
predictor and response variables, respectively. In this article, a
single response variable is considered and thus L., =1. Com-
pared with Eq. Al, the objective of CCA is to maximize corre-
lation instead of covariance.

However, directly applying CCA to the raw measurements
will lead to the common ill-conditioned problem resulting from
the inclusion of (XTX)71 in the calculations. Yu and
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MacGregor’® have suggested a two-step LV-based modeling
algorithm

(PLS-CCA), where CCA is used as a post processing technique
to further improve the PLS LVs. In this way, a parsimonious
regression model with the same prediction ability as the standard
PLS model can be obtained. Based on these considerations, the
PLS-CCA algorithm is employed in this article to develop the
regression model for glucose concentration prediction. Com-
pared with the conventional AR and ARX modeling methods,
the y-related variability in the glucose and exogenous input his-
tory is modeled by only a few LVs, which are calculated in
order based on their relationship with future glucose values.

Appendix B: LV/LVX Prediction Model

By applying the PLS-CCA algorithm to the modeling data
pair, {X, y}, the basic LV-based regression model can be readily
calculated

t=Xw (B1)

p'= (") '('X (B2)
X =X+E=tp"+E (B3)
g=(t"t)ty (B4)
y=y+f=tg+f (B5)

where, w(ZX1) is the PLS-CCA weight and t(NX1) is the
calculated LV. Vector t in Eq. B1 is a linear combination of
predictor variables via regression weights w(J/,X1), indicating
the systematic variations in predictor variables that are closely

related to the response variable. In the two-step modeling
algorithm, PLS LVs are first modeled to generate a preliminary
predictor LV set and then CCA is used to further process them.
The number of retained PLS LVs can be as large as J,. In this
article, only one PLS-CCA LV is retained due to the single
response variable y, no matter how many PLS LVs are calcu-
lated. In this way, the underlying systematic glycemic variability
that is closely related with the future glucose concentration
(response) is characterized by one LV and modeled from the
historical data, the available glucose measurements, insulin infu-
sion and CHO meal estimate.

In (B2), Vector p(ZX1) is the loading vector for the predic-
tors and ¢ is the loading coefficient scalar of the response
obtained by regressing y on t; they indicate how much t contrib-
utes to the predictor variables and response, respectively. Based
on the extracted LV, the future glucose prediction is calculated
as y=tg and the predictor variations are modeled as X.
E(NXZ) and f(NX1) are the predictor and response residuals,
respectively.

During the on-line application, the newly available predictor
Vector Xpey | (1XZ) at each sampling instant can be expressed as
[8new T(1XLg), Uppew T(1XL1), unpew T (1XLy)] by  including
their antecedent information. The prediction y,.,, is then made:

thew =Xnew Tw (B6)
)A}new =lhew q (B7)
fnew = Ynew _)A}new (BS)
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