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This article investigates the interindividual variability of underlying glucose dynamics and the relative predictive power
of exogenous inputs in different frequency bands (FBs) for online subcutaneous glucose prediction for subjects with type
1 diabetes mellitus. Auto-regressive (AR) models and AR models with exogenous inputs (ARX) are developed based on
two groups of ambulatory subjects and two groups of in silico subjects using different combinations of FBs. Some
important modeling parameters are studied with respect to their influences on glucose prediction. Four issues are of
particular interest and discussed based on the illustration results, suggesting that: (i) In different frequency bands, the
underlying glucose dynamics act differently across subjects for online glucose prediction; (ii) A global AR model can be
developed for one subject in some FB and then used to make online glucose predictions for other subjects in the same
FB, revealing little interindividual variability; (iii) The exogenous inputs have different influences in different FBs for
prediction of future subcutaneous glucose concentration; (iv) The exogenous inputs may not excite the glucose signals
in some FBs, that is, the inclusion of the exogenous inputs may not result in more accurate models in comparison with
standard AR model in some FBs. VC 2013 American Institute of Chemical Engineers AIChE J, 59: 4228–4240, 2013
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Introduction

Type 1 diabetes mellitus (T1DM) is a disease character-
ized by the inability of the body to regulate blood glucose
concentration. T1DM results from autoimmune destruction
of the pancreatic b-cells, which produce the hormone insulin.
Without appropriate treatment with exogenous insulin,
people with T1DM have difficulty maintaining their blood
glucose concentration within a normal range (e.g., 70–150
mg/dL). Consequently, they can suffer from large glycemic
excursions, including episodes with very low glucose (hypo-
glycaemia) and very high glucose (hyperglycemia); both sit-
uations are detrimental to the quality of life.1 In general, a
careful balance is required among a person’s daily activities,
diet, and insulin administration in order to bring the blood
glucose into a normal range. However, this balancing is not
an easy task because large glycemic variations often go
undetected, including asymptomatic hypoglycemia.2

Continuous glucose monitoring (CGM) devices can mea-
sure glucose time-series data online (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
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.3 Many empirical (or “data-driven”) modeling tech-
niques have been evaluated for glucose prediction based on
both in silico and clinical studies.3–14 In general, 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, sometimes available exoge-
nous input signals, notably insulin delivery and meal carbo-
hydrate (CHO) estimates. Bremer and Gough3 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
T1DM applications are autoregressive models (AR) and
autoregressive models with exogenous inputs (ARX) based
on whether the exogenous inputs are used. For AR modeling,
only CGM data are required to develop the model and to
predict future glucose concentrations as a linear combination
of recent measurements. The Cobelli7,8 and Reifman research
groups9 have clinically evaluated subject-specific AR models
with different model orders in order to improve management
of glucose concentrations. Eren-Oruklu and coworkers10,11

have reported subject-specific recursive AR models where
the model parameters were recursively updated to reflect the
recent glucose history. It is noted that without special
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statement, both AR and ARX models are developed based
on the conventional least-squares (LS) algebra.15 The best fit
in the least-squares sense minimizes the sum of squared
residuals, a residual being the difference between an
observed value and the fitted value provided by a model. A
new latent variable (LV)-based empirical modeling algorithm
has recently been proposed16,17 for T1DM applications
where AR and ARX models are developed using LV-based
multivariate statistical analysis algorithm.18 By this method,
the relationships among multiple variables are examined and
modelled, which can reduce a large number of variables to a
smaller, more important and informative, number of factors.
The results for clinical and in silico applications have dem-
onstrated 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.19

have mentioned and verified the concept of a universal

higher-order prediction model for short-term (0–60 min) glu-

cose prediction for T1DM. However, the time-series data are

smoothed retrospectively19,20 using a Tikhonov regulariza-

tion method.21 That is, future glucose values are needed to

smooth the current glucose signals. Thus, the model is not

suitable for online applications where future glucose values

are not available, which, thus, was limited regarding its prac-

tical application. Zhao et al.22 reported a global AR model

for online glucose prediction based on frequency-band sepa-

ration where glucose dynamics are separated into two parts,

the low-frequency band and high-frequency band, where a

threshold value of 60 min is in general chosen for frequency

band separation. The low-frequency band is deemed to cover

the important and subject-common glucose dynamics. A

global prediction model can be developed based on the low-

frequency band glucose signals for one subject and then

applied to other subjects without model modification for

online glucose prediction. Besides glucose prediction, vari-

ous glucose control algorithms have been developed for dia-

betes subjects.23–26 Van Heusden26 designed control-relevant

models for T1DM to achieve the desired control perform-

ance rather than minimize a prediction error of future glu-

cose values where a conservative and approximate control

relevant model was first designed for all subjects and then it

was personalized using a priori patient characteristics. Good

control performance was reported that hypoglycaemia was

completely avoided even after large meal disturbances.
Rahaghi and Gough27 have recently suggested that the

blood glucose dynamics for subjects without diabetes can be
divided into four distinct frequency ranges with different
periods. Each band is driven by different physiological
mechanisms of glucose regulation and intrinsic blood glu-
cose dynamics. It is reported for example that in healthy
individuals, the pulsatile insulin secreted by the pancreas is
reflected in patterns of blood glucose signals oscillations
with periods between 4 and 15 min28 and the second time
scale, approximately 60–120 min, reflects the intrinsic oscil-
latory behavior. The efficient development of glucose con-
centration predictive models for type 1 diabetic subjects
requires a more detailed analysis of the frequency compo-
nents of the CGM glucose signals29 where the relative
importance and predictive power of these four frequency

bands are considered for short-term (0–60 min) glucose pre-
diction. Subject-dependent sub-band AR models29 were
developed to model and predict the temporal dynamics of
CGM signals of nine deidentified type 1 diabetic subjects.
These articles provide meaningful insights into the underly-
ing glucose dynamics with respect to glucose prediction
from a frequency domain viewpoint. However, they are lim-
ited to the subject-dependent analysis of glucose dynamics.
Remarkably, the glucose dynamics may vary differently
across individuals in different frequency bands (FBs). More-
over, the relative importance and predictive power of exoge-
nous inputs for forecasting of glucose concentrations in
different bands are not studied by their work. Thus, the
model is not suitable for use in a model-based control strat-
egy such as model predictive control. In each FB, how the
glucose dynamics evolve with time and change across indi-
viduals, and how they act under the influences of exogenous
inputs, as important issues, should be addressed, which is
hoped to provide important guideline for glucose modeling
and online prediction.

In this article, the glucose dynamics are investigated with
respect to the interindividual variability and the relationships
with exogenous inputs in different FBs for online glucose
prediction. The CGM glucose signals are divided into four
different frequency bands as suggested by previous
work.27,29 Different AR and ARX models are developed for
each subject in different FBs. They are then applied to the
corresponding bands of different subjects for glucose predic-
tion so that the interindividual variability of glucose dynam-
ics in different FBs and the relative predictive power of
exogenous inputs in each FB can be analysed. The conven-
tional LS algebra and one popular LV based multivariate sta-
tistical analysis method, partial LS-canonical correlation
analysis (PLS-CCA) method18 which is a combination of
(PLS)30,31 and CCA algorithms,32,33 are employed here for
AR/ARX empirical modeling. Based on the above strategy,
it answers whether the glucose dynamics in different FBs are
common and shared among different subjects. The feasibility
of developing global AR-based glucose prediction models
for T1DM is also analyzed and explained from the viewpoint
of frequency analysis. Moreover, it reveals how the glucose
dynamics response to the excitation of exogenous inputs in
different FBs. The above assumptions and thoughts are illus-
tratively demonstrated by applying the developed methods to
both ambulatory and in silico subjects. It is noted that pre-
diction is the concerned issue in this work. Control-relevant
issues regarding how to get effective control models and
how to get the right sign of insulin-glucose gain, etc., are
beyond the scope of this article.

Methodology

Standard AR and ARX prediction models

In this article, AR modeling techniques based on standard
LS algebra15 and a new latent variable-based statistical anal-
ysis16,17 are used to develop empirical prediction models
from glucose time series data, revealing the glucose autocor-
relations. ARX models are also developed after adding the
exogenous inputs to the AR models, which model the rela-
tionships between the exogenous inputs and glucose signals
besides the glucose autocorrelations.

The LS-based AR and ARX models are linear dynamic
models having been widely considered for prediction and
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control calculations in the diabetes control literature. The
general form of the LS-based ARX model used in this paper
is given by Eq. 1

A q21
� �

gt5Bins q21
� �

uins;t2kins
1Bmeal q21

� �
umeal;t2kmeal

1b1et

(1)

where gt denotes glucose concentration at sampling instant
t. uins ;t and umeal ;t are the exogenous inputs, bolus insulin
and meal carbohydrate content, at time t. In general, insulin
dosing is divided into two regimens: basal and bolus insulin.
The basal insulin is required for fasting conditions; while
bolus insulin is calculated to correct for meals or hypergly-
cemia condition. In this work, meal and bolus insulin are
used as the input while basal insulin which stays invariable
is not included in the model for simplicity. b is a constant
bias term, and et is a zero mean, random disturbance at time
t. Note that this ARX model is somewhat unusual because it
is based on physical variables and a bias term, rather than
deviation variables. The advantage of this approach is that it
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. In Eq. 1
the input time delays, kins and kmeal , can be different for
each subject. The time delays are expressed as integer multi-
ples of the sampling period. In this article, the sampling
period is 5 min.

In Eq. 1, A(q21), Bins (q21), and Bmeal (q21) denote polyno-
mials in q21, where q21 is the backward shift operator, that
is, q21gt � gt21. For example

A q21
� �

5a01a1q211a2q221…1anA
q-nA (2)

where nA is the order of the A(q21) polynomial. It deter-
mines the number of previous glucose measurements that are
relevant for prediction. When polynomials Bins and Bmeal are
set equal to zero, the ARX model in Eq. 1 reduces to an AR
model.

The identification of an AR or ARX model corresponds
with specified model orders and can be performed analyti-
cally using standard LS regression15 to estimate the model
coefficients (e.g., {ai}). However, if the training data are
highly correlated, an ill-conditioned or rank deficient prob-
lem can arise. To address this problem, a regularization
modification to the LS calculations was used by Gani
et al.,19,20 to provide a trade-off between the fit to the train-
ing data and the smoothness of future predictions. The net
effect of regularization is the introduction of a small bias to
the standard LS solution.

LV-based AR and ARX models

An LV-based AR/ARX glucose prediction method that
has been recently reported16,17 is also considered in this arti-
cle. The resulting models have the same structures as stand-
ard ARX/AR models. However, the model parameters are
calculated using different principles and algorithms. The LV-
based AR/ARX models are developed from two sets of
data,16,17 predictor variable data X N3Jxð Þ, and output vari-
able data y N31ð Þ where N is the number of observations
and Jx is the number of predictor variables. The predictor
data matrix X consists of past and current glucose concentra-
tions and the two exogenous inputs. The single output vari-
able is the future glucose concentration. For clarity, the

resulting LV-based glucose prediction model is denoted as
an LVX model when the exogenous inputs (bolus insulin
and meal CHO) are included in the predictor matrix X, and
as an LV model when they are not.

For T1DM, the time-series glucose measurements contain
the autocorrelation structure relating past and future glucose
concentration values. Also, the changes of glucose values are
closely related to the exogenous inputs. This provides a good
analysis platform for the LV-based modeling method. In this
method, a few LVs are first calculated and extracted from
the predictor matrix which can capture the important glucose
dynamics as well as the glucose-inputs relationships 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 variety of
LV-based regression methods30,31 have been developed with
the major difference being how the LVs are calculated. The
details of the LV-based methods for this research are sum-
marized in Appendix A. The LV-based glucose prediction
model is briefly described in Appendix B.

Frequency-band separation based modeling

Rahaghi and Gough27 have recently suggested that the
glucose dynamics for subjects without diabetes can be
divided into four distinct frequency ranges with different
periods:
� Band I: 5–15 min, which is a result of pulsatile secre-

tion of insulin and contains very little of the total
energy of the system.

� Band II: 60–120 min, which reflects the intrinsic oscil-
latory behavior.

� Band III: 150–500 min, which contains large fraction of
signal energy and is caused by external perturbations
such as meals and insulin injections.

� Band IV: �700 min, which corresponds to modulation
of other time scales and a circadian rhythm of the blood
glucose baseline.

Clearly, each band is driven by different physiological
mechanisms and intrinsic blood glucose dynamics. Lu
et al.29 considered the relative importance and predictive
power of the four frequency bands using subject-dependent
AR models for short-term (0–60 min) glucose prediction.
That is, they tried to find out the important bands which
were sufficient enough to represent the raw glucose informa-
tion for model development. Their results indicated that a
combination of glucose data for Band II, and either Band III
or IV, sufficiently represents the underlying glucose dynam-
ics necessary for model development. The developed model
based on the two combined bands is sufficient for prediction
of the full-band glucose signals. These articles provide
meaningful insights into the underlying glucose dynamics
from a frequency domain viewpoint. However, there is very
little literature that considers some important aspects of glu-
cose prediction: the possibility that the glucose dynamics
may vary differently from subject to subject (i.e., different
intersubject variability) for a given frequency band and the
exogenous inputs may impose different influences on glucose
dynamics in different sub-bands. Consequently, in contrast to
previous T1DM papers on frequency domain analysis,29 in
this article glucose dynamics are investigated from an inter-
subject perspective. The objective is to (i) analyze the inter-
individual variability of glucose dynamics so as to explain
the reason of global model across subjects; (ii) study the
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influences of exogenous inputs on glucose dynamics in dif-
ferent sub-bands and thus their relative roles in glucose
prediction.

For frequency band separation, the glucose data are first
filtered in order to divide them into four frequency bands.
Four bandpass filters are used, each of which only passes
certain period band29 of the raw CGM time-series signals.
For example, a first-order low-pass Butterworth filter is
employed after specifying its threshold period 700 min to
get the glucose signals in Band IV. The filter has the form

~x kð Þ5b1x kð Þ1b2x k21ð Þ-a~x k21ð Þ (3)

where, x is the glucose measurement,~x is the filtered value,
and the constant filter parameters are a, b1, and b2. Thus fil-
ter output ~x is a linear combination of the previous filtered
value, and the previous and current measurements.

For subject i, the data in each frequency band are denoted
by x‘i K31ð Þ(‘5I�IV), where K is the number of observa-
tions. These data are generated by passing the original CGM
glucose data through different filters, including low-pass fil-
ter, band-pass filter, and high-pass filter. As suggested by Lu
et al.,29 Band I is lost in the blood glucose signals of type 1
diabetic subjects because their b cells are destroyed and
insulin is not produced for this population. Therefore, the
lower-frequency band glucose signals with longer period
than 60 min are used as the reference values without special
statement. Three different single sub-bands and their differ-
ent combinations are used in this study.

The empirical prediction models can then be developed
based on data for either a single band or combined bands. In
order to evaluate the feasibility of developing a global
model, different models are considered:

1. Global single-band model (GSB): The global model is
identified based on one single band glucose data X‘

i for
one subject. This model is then used to make glucose
predictions for the other subjects.

2. Subject-dependent single-band model (SSB): A separate
model is identified and used for each subject in each
single band.

3. Global multiband model (GMB): The global multiband
model is identified based on glucose data in combined
sub-bands for a single subject. This model is then used
to make glucose predictions for the combined sub-
bands in other subjects.

4. Subject-dependent multiband models (SMB): Individual
multiband models are designed for each subject and
combined sub-bands. Then glucose predictions are
made by adding the individual model predictions
together for this subject.

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

6. Subject-dependent low/high-frequency band model
(SLB/SHB): Individual low/high-frequency band mod-
els are designed and used for each subject and low/
high-frequency band glucose.

These global models are evaluated for different subjects,
where cross-subject and cross-group analyses (CS and CG)
are performed, which are distinguished by whether the test
subjects are from the same group as those training subjects.

When the model developed for training data of one subject
in one group is applied to test data of the other subjects in
the same group, it is called cross-subject analysis, while
when the model is applied to test data of subjects in a differ-
ent group, it is called cross-group analysis.

In order to characterize the glucose prediction perform-
ance, two metrics are used:

1. Root mean-square error (RMSE [mg/dL])19,20

RMSE 5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N

X
i2N

y ið Þ2ŷ ið Þð Þ2
s

(4)

where ŷ ið Þ is the predicted value, y ið Þ is the measurement;
and N is the number of samples. RMSE is a frequently used
measure of the differences between values predicted by a
model or an estimator and the values actually observed,
which serves to aggregate the individual residuals into a sin-
gle measure of predictive power.

2. The coefficient of determination (R2 [%])35

R2ŷ5 12

X
i2N

y ið Þ2ŷ ið Þð Þ2X
i2N

y ið Þ2�yð Þ2

0
BB@

1
CCA3100% (5)

where �y denotes the mean value of quality measurement.
R2(%), calculated as the comparison of explained variance
(variance of the model’s prediction) with the total variance,
provides a measure of how well future values are likely to
be predicted by the model.
Based on the evaluation of two metrics, comparison is made
between the global model and subject-dependent model,
single-band model and multiband model, AR model, and
ARX model, respectively, with respect to the prediction per-
formance for future glucose concentrations. It checks how
the glucose dynamics change across subjects in different
FBs, whether a global prediction model is comparable to the
subject-dependent models, which band is significantly influ-
enced by the exogenous inputs and what is the relative pre-
dictive power of inputs for online glucose prediction.

Illustration Results and Discussion

Clinical subjects

Two groups of deidentified ambulatory clinical data from
subjects with T1DM are used in this investigation. Both
datasets are retrieved from the Diabetes Research in Children
Network (DirecNet) website,36 which makes continuous glu-
cose data for six different studies. For this article, we used
two different studies entitled “The Accuracy of Continuous
Glucose Monitors in Children with Type 1 Diabetes” and “A
Randomized Clinical Trial to Assess the Effectiveness of the
GlucoWatch Biographer in the Management of Type 1 Dia-
betes in Children.” The subjects gave their voluntary and
written informed consent to participate. They were provided
with different real-time CGM systems, collecting subcutane-
ous glucose concentrations every 5 min for several continu-
ous days. For the analysis in this article, 12 subjects and 14
subjects are included in two different groups respectively
which possess consecutive 3500-min segments (i.e., 700 data
points) without data gaps. We use the first 2000 min (400
samples) of the CGM measurements as training data to iden-
tify the glucose prediction models in different frequency
bands and then the remaining data (testing data) are used for
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validation of model performance. Based on the two groups,
the empirical models can be developed and applied across
different individuals, with different CGM devices and differ-
ent study objectives. Here, for clinical subjects, the feasibil-
ity of global AR model is analyzed to reveal how glucose
dynamics change across subjects in different bands. So in
the following illustration results, the comparison between
global and subject-dependent AR models is focused on.

The AR modeling technique is evaluated as a candidate
for developing FB-based models in the following manner.
First, different threshold filter values are selected for differ-
ent filters. Then the original CGM signals are divided into
four different frequency ranges. Figure 1 illustrates the data
filtering results for a typical type 1 diabetes subject in Group
1 where the glucose profiles in each sub-band and combined
sub-bands are comparatively plotted. In general, it is directly
observed that the glucose signals in the lower-frequency
bands (covering Bands III and IV) seem to be able to cap-
ture the overall glucose trends while the high-frequency sig-
nals (especially those in Band I which are not shown here)
are more oscillatory.

In a preliminary investigation of LS/LV-based AR model
development,17 it was determined that as the model order
(i.e., the predictor length (PL) which reveals the number of
glucose variables included in AR model) increases, glucose
prediction accuracy for subject-specific models did not
improve for PL>7. Therefore, a value of PL 5 7 is used for
model identification. Then for each of the subjects in Groups

1 and 2, training data for a single subject are used to develop
different AR models, single-band and multiband models. The
model coefficients are then averaged across different subjects
in different bands as shown in Figure 2. Also, for compari-
son, the models are also developed for the glucose signals
across full bands (that is, raw glucose signals without any fil-
tering). Clearly, for single sub-band and different combina-
tions of multiple sub-bands, the AR model coefficients show
the similar profile and the standard deviation (STD) across
subjects is relatively small in comparison with the absolute
values of model coefficients. Comparatively, the model coef-
ficients for full-band glucose signals are obviously different
and reveal relatively large interindividual STD.

To evaluate how glucose dynamics change across subjects
in each sub-band, for each subject, different models devel-
oped from the other subjects are applied for glucose predic-
tion. Cross-subject and cross-group analyses are performed
where global single-band models in cross-subject analysis
and cross-group analysis are denoted as CS-GSB and CG-
GSB respectively. For each subject, the prediction results in
each sub-band are evaluated using RMSE index by compar-
ing the sub-band glucose measurements and the sub-band
glucose predictions. The RMSE index values from different
models are then averaged for each subject where the mean
value and STD of RMSE index values are calculated to
reveal the prediction accuracy and its interindividual

Figure 1. Subcutaneous glucose signals of a typical
type 1 diabetic subject in Group 1.

(a) Raw (i.e., reference) glucose signals (b) filtered glu-

cose signals in different single bands and (c) filtered

glucose signals in different combinations of multiple

bands. [Color figure can be viewed in the online issue,

which is available at wileyonlinelibrary.com].

Figure 2. LS-based AR model coefficients
(Mean 6 STD) developed for 30-min-ahead
glucose prediction and clinical subjects of
Group 1 and Group 2 in different single
bands and combinations of multiple
bands.

[Color figure can be viewed in the online issue,

which is available at wileyonlinelibrary.com].
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variability in each sub-band. As shown in Figure 3, for both
groups, in general, the glucose prediction is more accurate in
lower-frequency band (Band IV) than that in higher-
frequency bands (Bands II and III) as evaluated by mean of
RMSE index. That is, the lower the frequency band, the
more accurate the prediction performance. This may result
from the fact that lower-frequency signals change slower and
more regularly whose time-varying correlations are thus eas-
ier to be captured. Also, in each single band, the small dif-
ferences in mean prediction accuracy for the concerned three
different models are not statistically significant based on a
paired-t-test (a 5 0.05)37, revealing that global model is fea-
sible in each of single bands. For CS-GSB and CG-GSB
models, the interindividual variability of glucose predictions
as evaluated by STD obviously shows the smallest value in
Band IV and the largest value in Band II, revealing smaller
interindividual variability in lower-frequency band. Also the
combination of Bands II through IV is used to develop
global models and compared with subject-dependent models,
revealing that the gaps between different sub-bands are not
necessary for global model development. The results are not
shown here for simplicity.

As shown in Figure 4, the influences of PL are studied for
different single-band models regarding the 30-min-ahead glu-
cose prediction performance. The results demonstrate that
for all models, the prediction performance is not very sensi-
tive to the choice of the PL value. Also, it illustrates that a
value of PL 5 7 is the best for AR modeling. Figure 5
presents an analogous evaluation for the second important
design parameter, the prediction horizon (PH), which indi-
cates the number of steps of ahead prediction. The choice of
PH involves a trade-off. It should be large enough to ensure

adequate time for a necessary intervention or corrective
action, in order to avoid abnormal glycemia. On the other
hand, a larger PH value may result in less accurate glucose
predictions. As PH increases, the prediction accuracy of all
types of models decreases, as expected.

In silico subjects

The simulated subject data are generated for a 5-min sam-
pling period using the FDA-accepted University of Virginia/
University of Padova (UVa/Padova) metabolic simulator.38

They are used to evaluate the relative importance of exoge-
nous inputs for glucose prediction in each sub-band. That is,
how the sub-band glucose dynamics are excited by exoge-
nous inputs. Two different groups of subjects are used,
including 10 adults and 10 children. The simulations include
a three-meal scenario for breakfast, lunch, and dinner taken
at about 7 AM, 12 PM, and 6 PM with 40 g, 85 g, and 60 g
of CHO, respectively. An optimal bolus insulin was given
immediately based on the ideal insulin-to-carbohydrate ratio
(I:CR). This situation is used as the nominal case for model
identification. Then the meal timing and CHO meal content
are varied to represent variations in daily life where a one
hour shift (forward or backward) in meal timing and 675%
variation in CHO amount are implemented. Five-day data
are simulated for each subject and used for model testing.

The training data for model identification consisted of one
day of simulated data (midnight-to-midnight) for the nominal
case. Considering that LV modeling method is more power-
ful to analyze the underlying correlations of multiple varia-
bles and can avoid the ill-condition problem in LS-based
ARX modeling, it is used here to evaluate the relative
importance of exogenous inputs for glucose prediction. For

Figure 3. 30-min-ahead glucose prediction performance (RMSE [mg/dL]) using SSB model, cross-subject global
single-band model (CS-GSB) and cross-group global single-band model (CG-GSB) for (a) twelve clinical
subjects in Group 1 and (b) fourteen clinical subjects in Group 2 in different single bands.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com].
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Figure 4. Effect of PL on glucose prediction performance across subjects evaluated by mean and STD of RMSE
(mg/dL) for (a) 12 clinical subjects in Group 1 and (b) 14 clinical subjects in Group 2 and different models
in different single bands.

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

Figure 5. Effect of PH on glucose prediction performance across subjects evaluated by mean and STD of RMSE
(mg/dL) for (a) 12 clinical subjects in Group 1 and (b) 14 clinical subjects in Group 2 and different models
in different sub-bands.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com].
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all possible predictors, two exogenous inputs and glucose
signals, seven historical samples up to the current time for
each predictor are used for prediction model development. In
this way, the inputs with proper time delays from the current
time are also included in the predictor matrix. By PLS-CCA
algorithm, those predictors which are not closely related
with future glucose concentration can be suppressed for the
extraction of LVs and only the irrelevant predictor informa-
tion is extracted by a few LVs. Therefore, LV-based ARX
(termed LVX) modeling method can avoid the ill-condition
problem which is in comparison with LS based ARX model-
ing. It is easy to understand that since different subjects have
different response speeds and magnitudes to the exogenous
inputs, global LVX model is not feasible. Here, for in silico
subjects, only subject-dependent LVX model is used to ana-
lyze the influences of exogenous inputs. So in the following
illustration results, the comparison between LV and LVX is
focused on.

For different predictors, different SSB LVX models are
developed. SSB-Glucose indicates the prediction model
developed using only historical glucose signals. SSB-Insulin
indicates the prediction model identified using only historical
insulin input signals. SSB-meal indicates the prediction
model identified using only historical meal input signals.
SSB-G1I1M indicates the prediction model identified using
the combined information of historical glucose, insulin, and
meal input signals. Clearly, as shown in Figures 6a and b for
subjects in both groups, without exogenous inputs, the 30-
min-ahead glucose prediction accuracy using SSB-Glucose
model is good enough in Band IV only using glucose infor-
mation, approximately 100% as evaluated by R2%. When
exogenous inputs are included, the glucose prediction per-
formance, in general, is not improved for all subjects by
comparing SSB-Glucose model and SSB-G1I1M model
in Band IV. Moreover, based on the results obtained from

SSB-I and SSB-M models in Band IV, the glucose predic-
tions based on insulin and meal information, which have
been beyond the normal variation range of R2% (0–100), are
much worse than those based on only glucose information,
revealing that the exogenous inputs are unable to excite the
glucose information in Band IV. Comparatively, in Band II,
it is clear that exogenous inputs have the most significant
influences on future glucose prediction as shown by predic-
tions of SSB-Insulin and SSB-Meal models. Also, the inclu-
sion of insulin and meal in the prediction modeling can
greatly improve the prediction performance by comparing
SSB-G1I1M and SSB-Glucose models. In Band III, the
predictive power of exogenous inputs is not as significant as
that in Band IV. Based on the results, the relative importance
of exogenous inputs for glucose prediction can not be
neglected in Band II and Band III while they are meaning-
less and can not excite the glucose dynamics in Band IV.

Figure 7 shows the prediction accuracy for different pre-
diction methods and PH values up to 12 samples (60 min) in
Band II and Band III, respectively. The RMSE values are
averaged for 10 subjects in each group and five days of test-
ing data. As expected, in general, the prediction accuracy
decreases as PH increases for SSB-Glucose and SSB-
G1I1M models in both bands. However, for SSB-Insulin
and SSB-Meal models in Band II, the prediction accuracy is
first improved and then decreased while for the two models
in Band III, the prediction accuracy is improved as PH
increases. The prediction accuracy of SSB-G1I1M model,
resulting from the inclusion of the exogenous inputs, is
always better than that of SSB-Glucose model especially for
larger PH values when exogenous inputs begin to be more
influential. In general, the exogenous inputs can not influ-
ence the future glucose dynamics until 20–30 min after the
current time. Moreover, it is noted that SSB-Insulin and
SSB-Meal models in Band II begins to show better

Figure 6. 30-min ahead glucose prediction performance (R2%) using different SSB models for (a) 10 in silico adults
in Group 1 and (b) 10 in silico children in Group 2 in different sub-bands.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com].
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prediction accuracy than that of SSB-Glucose model when
PH increases up to 7 samples (35 min), revealing that the
glucose-inputs relationship is more influential than glucose
autocorrelations from now on. Comparatively, in Band III,
the predictive power of SSB-Glucose model is always better
than that of SSB-Insulin and SSB-Meal models. Based on
the results in Figure 7, the predictive power of input infor-
mation are more significant in Band II, less important in
Band III and almost inessential in Band IV.

To further check the influences of exogenous input for glu-
cose prediction, three different subject-dependent modeling
methods are compared, including the combination of LVX and
LV models, single LVX model, and single LV model. Three
different threshold values, 120 min, 500 min, and 700 min,
directly related with Band II, Band III, and Band IV, respec-
tively, are used for frequency band separation. Then, LV model
is developed based on lower-frequency band glucose, and LVX
model is developed based on higher-frequency band glucose
and two exogenous inputs, termed L-LV1H-LVX model here.
The combined prediction is then compared with that obtained
by using single LVX model and single LV model, respectively,
which are both developed based on lower-frequency band glu-
cose with 60 min as the threshold value. In Table 1, the predic-
tion accuracy of the three prediction models is compared for
PHs of 30 and 60 min based on RMSE evaluation index.
Clearly, the LVX model is more accurate than LV model for
both Groups 1 and 2. Furthermore, when 500 min or 700 min
is used for FB separation, the predictive importance of exoge-

nous inputs is well modeled in the higher-frequency band so
that L-LV1H-LVX model is observed to have the same degree
of prediction accuracy as that of single LVX model. When 120
min is used for FB separation where only Band II is used for
LVX modeling in combination with LV model in lower-
frequency band, the prediction accuracy is worse than that of
single LVX model. Representative comparisons of the meas-
ured and predicted glucose profiles for the three different mod-
els are shown in Figure 8 where 500 min is used for frequency
band separation. The 60-min-ahead glucose prediction results
are for the first subjects in Group 1 and Group 2, respectively
and a representative day of test data. In general, the evolving
glucose trends are captured by both L-LV1H-LVX and single
LVX models and the difference in prediction accuracy is not
statistically significant based on a paired t-test (a 5 0.05). Also,
they both show better prediction performance than that of sin-
gle LV model.

Conclusion

In this article, a combination of frequency-band separation
and empirical models has been developed for investigation
of interindividual glucose dynamics and the predictive power
of exogenous inputs regarding the prediction of subcutaneous
glucose concentrations in T1DM. The proposed assumptions
and augments are illustrated in two groups of ambulatory
subjects and two groups of in silico subjects. The results
clearly explain the interindividual variability of glucose

Figure 7. Effect of PH on glucose prediction performance for 10 in silico adults in Group 1 (top subplots) and 10 in
silico children in Group 2 (bottom subplots) and different models in (a) Band II and (b) Band III.

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

Table 1. RMSE Results (mg/dL) (Mean 6 MAD) for Different LVX/LV Glucose Prediction Models and Two Groups of In

Silico Subjects

Methods

PH 5 6 (30 min) PH 5 12 (60 min)

Group 1 Group 2 Group 1 Group 2

LVX 2.4 6 0.8 4.5 6 1.9 9.0 6 3.0 20.0 6 11.0
LV 5.1 6 1.8 11.6 6 6.6 13.1 6 4.2 29.4 6 18.6
L-LV1H-LVX (700 min)a 2.7 6 0.8 5.0 6 2.2 9.5 6 3.0 21.0 6 12.2
L-LV1H-LVX (500 min)a 2.7 6 0.8 5.1 6 2.3 9.6 6 3.1 21.0 6 12.2
L-LV1H-LVX (120 min)a 3.8 6 1.1 7.5 6 3.7 12.7 6 3.8 27.2 6 15.7

aThe values in bracket are used for frequency band separation; three options are used in this table, 700 min, 500 min, and 120 min.
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dynamics in different FBs and the relative importance of
exogenous inputs in each FB to excite the glucose signals. In
general, for short-term (PH< 60 min) glucose prediction, the
cross-subject and cross-study analyses demonstrate that
global model developed in each of Bands II, III, and IV
exhibit the same degree of prediction accuracy as that of
models developed for individual subjects. Thus, these illus-
tration results also help to explain the fact that a global AR
model can be developed from one subject and then apply the
models to other subjects based on low-frequency glucose
information (60 min as the threshold value for frequency
band separation) as shown in our previous work.22 Further-
more, the relative importance of exogenous inputs for glu-
cose prediction in each FB is investigated, which explains
that they are influential in Band II, less important in Band
III, and almost inessential in Band IV. These promising anal-
yses results should encourage extensions of this research
methodology. For example, a critical problem concerns the
generation of hypoglycemic event alerts and glucose control-
ler based on online prediction of future glucose.
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Appendix A: LV-based Statistical Analysis

The LV-based models for this article are empirical, linear
dynamic models that predict an output variable, future glu-
cose concentration, from past glucose measurements, bolus
insulin, and meal CHO estimates (the predictor variables).
Because these predictor data tend to be highly correlated,
multivariable statistical methods are a natural choice since
they have the ability to analyze large amounts of highly cor-
related data. The underlying assumption is that the predictor
data can be described by a small number of orthogonal LVs
that can be directly linked to the output variable via regres-
sion analysis.

A variety of LV-based regression methods30–34 have been
developed with the chief differences being how the LVs are
calculated. A general comparison of LV-based methods has
been reported by Burnham et al.31 In this research, the LV-
based modeling method is a PLS-CCA approach,18 where
CCA33,34 provides post processing of PLS30–32 modeling
results. It involves two modeling algorithms, PLS and CCA.
The LV-based methods used in this paper are briefly
described below.

PLS30–32 is a common LV-based regression method. The
LVs are linear combinations of the predictor variables
XðN3JxÞ that result in maximal covariance with the output
variable yðN31Þ. Thus, the first LV (or score) t1 can be
expressed as

t15Xw1 (A1)

where XðN3JxÞ is the predictor data matrix and the N is the
number of samples and Jx is the number of predictor varia-
bles. The first weight vector w1 is a value of w that maxi-
mizes the objective function

arg max
w

wTXTyyTXw
� �

subject to wTw51

(A2)

where vector yðN31Þ denotes the output variable data. Thus
w1 is the eigenvector that corresponds to the largest eigen-
value of matrix XT yyT X.

The second weight w2 is calculated in a similar manner
after X and y have been deflated by t1

pT
1 5 tT

1 t1

� �21
tT
1 x (A3)

E15X2t1pT
1 (A4)

q15 tT
1 t1

� �21
tT
1 y (A5)

f15y2t1q1 (A6)

where p1 and q1 are the PLS loadings for the predictor varia-
bles and the output variable, respectively. In order to calcu-
late w2, the calculation in (A2) is repeated with E1 and f1

replacing X and y, respectively. The remaining weight vec-
tors are also calculated using this iterative procedure. The
number of LVs in the PLS model, RLV, is an important
design parameter that can be as large as the rank of X. In
this article, an appropriate value of RLV was determined by
cross validation.

Next, the weight vectors w1, w2,… are collected in a
weight matrix W while the loadings for the predictor varia-
bles and the output variable are collected in matrix P and
vector q, respectively. Finally, the score vectors t1, t2,… are
arranged as the columns of matrix T. Then the output vari-
able prediction is given by

ŷ5XRq5Tq (A7)

where,

R5W PTW
� �21

(A8)

A classical PLS calculation procedure is described by
Lindgren et al.31

One problem associated with the PLS method requires
special attention. The PLS objective is to model the varia-
tions in X and maximize their covariance with y. But large
covariance does not necessarily mean strong correlation.
When the predictor matrix X contains a considerable amount
of process variations that are uncorrelated with y, it is possi-
ble that the PLS LVs may capture the major systematic var-
iations in the predictors X but only have relatively weak
correlation with y. This situation leads to a complex model
structure and an over-fitting problem.

Unlike PLS, canonical correlation analysis, CCA,33,34

inherently ignores the variations in X that are uncorrelated
with y and directly maximizes the variations that are corre-
lated with y. The CCA objective function is to determine the
weight vectors w so that

arg max
w

wTXTy
� �

subject to wTXTXw51

(A9)

The first weight vector w1 is the eigenvector correspond-
ing to the largest eigenvalue of matrix XTX

� �21

XTy yTyð Þ21
yTX The maximum number of CCA LVs can be

up to Lcca 5 min (Jx, Jy), where Jx and Jy are the numbers of
predictor and output variables, respectively. In this paper, a
single output variable is considered and thus Lcca 51. A
comparison of Eqs. A2 and A9 indicates that the CCA objec-
tive is to maximize correlation while the PLS objective is to
maximize covariance.

For CCA the single LV and loading for the output vari-
able are calculated as

t5Xw (A10)

q5 tTt
� �21

tTy5tTy (A11)

4238 DOI 10.1002/aic Published on behalf of the AIChE November 2013 Vol. 59, No. 11 AIChE Journal

http://www.imt.liu.se/~magnus/cca/tutorial/tutorial.pdf
http://direcnet.jaeb.org/ViewPage.aspx?PageName=PreviousStudies


Finally, the output prediction is given by

ŷ5Xwq5tq (A12)

Unfortunately, directly applying CCA to the {X, y} data
can lead to ill-conditioned problems resulting from the
XTX
� �21

term in the calculations. To avoid this problem,
Yu and MacGregor18 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, their PLS-CCA
algorithm is employed in this paper to develop the empirical
model for glucose concentration prediction. Compared with
the conventional AR and ARX modeling methods, the y-
related variability in the predictor data is modeled by only a
few LVs, which are calculated in order based on their rela-
tionships with future glucose values.

Appendix B: LV/LVX Prediction Model

In order to apply the LV-based modeling technique, the
predictor and output datasets must be organized in an appro-
priate manner. For both the simulation and clinical studies,
the predictor data were available for multiple days using a 5-
min sampling period. The CGM glucose data can be repre-
sented as a data vector g K31ð Þ where K is the number of
samples. The recorded bolus insulin and estimated meal
CHOs are denoted by uI K31ð Þ and uM K31ð Þ, respectively.
It is desired to predict the glucose concentration PH time
steps ahead where PH is the PH. These predictions are based
on recent values of the predictor variables. A key question is
how many past values of glucose and the two exogenous
inputs should be included in the model? Let LG, LI, and LM

denote the numbers of past samples for glucose, insulin and
meal CHO, respectively, that are used to make the predic-
tions. These parameters are referred to as the PLs which
indicate how much historical information on which the
future output depends.

For the model development, the training data is organized
as follows. The predictor matrix is defined as

X N3Jxð Þ5 G N3LGð Þ;UI N3LIð Þ;UM N3LMð Þ½ � (B1)

Where N is the number of glucose measurements to be
predicted, N5K 2L2PH 11, L5max LG;LI1DI21;LM1ð
DM21Þ, and DI and DM are the input time delays for the
bolus insulin and the meal CHO, respectively. Note that
N<K due to the initialization period required to acquire the
past data for the first glucose prediction. Model parameter
Jx5LG1LI1LM is the number of variables in the arranged
data matrix, that is, the model order.

The bolus insulin predictor data are arranged as

UI N3LIð Þ5

uI;1
T 13LIð Þ

uI;2
T 13LIð Þ

�

uI;K-L-PH11
T 13LIð Þ

2
666664

3
777775 (B2)

Each row vector uI;i
T 13LIð Þ (i51; 2;…;N) contains the

bolus insulin information from time i1L2LI to i1L21. Simi-
larly, the analogous predictor matrices for the other two

predictor variables are denoted by UM N3LMð Þ and
G N3LGð Þ, respectively.

The model output data are arranged as

y N31ð Þ5

gL1PH

gL1PH 11

�

gK

2
666664

3
777775 (B3)

where gL1PH is the glucose measurement at time L1PH.
Based on the above data arrangement, the regression data-

set is available, {X, y}. The training data {X, y} are normal-
ized to have zero mean and unit variance, respectively,
which reduces the data nonlinearity to some extent. After
applying the PLS-CCA approach18 to the normalized data,

Figure B1. A schematic representation of the LVX/LV
modeling method (L*: For LVX modeling, it
includes the values of LG, L1 and LM; as
well as the input time delay D1 and DM;
while for LV modeling, it only includes the
value of LG).
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the final LV-based regression model can be readily
calculated

tc5Xwc (B4)

qc5 tc
Ttc

� �21
tc

Ty (B5)

ŷc5tcqc (B6)

where wc Jx31ð Þ is the single PLS-CCA weight vector. LV
tc is a linear combination of the predictor variables and
weight vector wc Jx31ð Þ, indicating the systematic variations
in predictor variables that are closely related to the output
variable. The vector of prediction errors f is defined

f5y2ŷc (B7)

The two-step modeling method can be summarized as fol-
lows. First, the PLS LVs are calculated and then CCA is
used to further process them and to calculate the final predic-
tions in Eq. B6. In this article, only one PLS-CCA LV can
be used due to the single output variable and CCA algorithm
itself, regardless of the number of PLS LVs. Thus, only the
underlying systematic glycemic variability that is closely
related to the output variable (predicted glucose concentra-
tion) is captured by the single PLS-CCA LV. The loading
coefficient for the output variable, scalar qc, is obtained by

regressing y on tc which indicates how much tc contributes
to y. Then the future glucose prediction ŷc and the prediction
error f N31ð Þ can be calculated after.

A flowchart for the proposed modeling strategy is given in
Figure B1. The developed LVX/LV model is then used for
online application to new data. During the online application,
the newly available predictor vector xnew

T 13Jxð Þ at each
sampling instant can be expressed as gnew

T 13LGð Þ;½
uI;new

T 13LIð Þ;uM;new
T 13LMð Þ� where LG is the number of

current and past glucose measurements and LI and LM are
the corresponding values for the bolus insulin and meal
CHO estimates, respectively. The data normalization of
xnew

T is based on information obtained from training data;
then the normalized xnew

T is projected onto the LVX/LV
model in order to make the PH-step-ahead prediction, ŷnew .
The prediction error fnew can be calculated after PH samples
when the new measurement ynew becomes available

tnew 5xnew
Twc (B8)

ŷnew 5tnew qc (B9)

fnew 5ynew 2ŷnew (B10)
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