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Abstract— Continuous glucose monitoring (CGM) of patients
with diabetes allows the effective management of the disease and
reduces the risk of hypoglycemic or hyperglycemic episodes.
Towards this goal, the development of reliable CGM models is
essential for representing the corresponding signals and interpreting them with respect to factors and outcomes of interest.
We propose a sparse decomposition model to approximate
CGM time-series as a linear combination of a small set of
exemplar atoms, appropriately designed through parametric
functions to capture the main fluctuations of the CGM signal.
Sparse decomposition is performed through the orthogonal
matching pursuit (OMP). Results indicate that the proposed
model provides up to 0.1 relative reconstruction error with
0.8 compression rate on a publicly available dataset containing
25 patients diagnosed with Type 1 diabetes. The atoms selected
from the OMP procedure can be further interpreted in relation
to the clinically meaningful components of the CGM signal (e.g.
glucose spikes, hypoglycemic episodes, etc.).

I. I NTRODUCTION
Type 1 diabetes is a chronic condition related to the ability
of the pancreas to adjust to normal insulin levels [1]. The
immune system of patients suffering from this disease tends
to destroy the beta cells present in part of the pancreas,
leading to the inability to produce insulin and therefore
resulting in abnormal glucose levels. According to recent
statistics, Type 1 diabetes affects 9.4% of the US population with an overall cost of $245 billion [2]. Despite the
tremendous improvements in treating methods, the mortality
rate of patients suffering from this disease still remains high,
ranging between three to seven times larger compared to
the general population [3]. Furthermore, patients with Type
1 diabetes require a life-long therapy with multiple daily
insulin injections adjusted on the basis of their glucose levels,
rendering the long-term diabetes management laborious and
expensive.
Continuous glucose monitoring (CGM) systems provide
time-stamped series of glycemic data that are being continuously recorded in every-day life. While such systems
have the potential to assist towards individualized glycemic
goals [4], [5], the resulting CGM time-series contain multiple
sources of noise related to sensor calibration and delay
issues, as well as needle drifts. These challenges render
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signal processing steps essential in order to identify the
important signal components and appropriately interpret the
underlying information. CGM time-series depict a characteristic structure over time, since the corresponding signal
increases abruptly after food intake and slowly recovers. We
take advantage of this characteristic shape by representing
the CGM signal through a linear combination of modular
components that capture general glucose levels as well as
glucose spikes.
Sparse representation techniques allow to model a signal
as a linear combination of a small number of exemplar
signals (called “atoms”) selected from an over-complete set
of such sub-signals (called “dictionary”). These techniques
can effectively model the inherent variability of biomedical time-series, such as glucose, and allow accurate and
scalable representations of scientific and translational value
through the use of appropriately selected dictionaries [6],
[7]. We take advantage of the typical shape of CGM signals
and design dictionaries that take into account smooth and
abrupt variations as well as general trends. The design of
the aforementioned CGM-specific dictionary promotes the
interpretability of our models, since the dictionary atoms
correspond to meaningful structural characteristics of the
CGM signal (e.g. glucose spikes) (Section III-A). The CGM
signal is further decomposed into a small set of dictionary atoms using the orthogonal matching pursuit (OMP)
(Section III-B). Results on publicly available data obtained
from the Diabetes Research In Children Network (DirecNet)
Glucagon Study [8] (Section IV) indicate that the proposed
approach can yield up to 0.1 relative reconstruction error with
0.8 compression rate for a 10 hour CGM signal (Section V).
Plots of the CGM time-series and the selected dictionary
atoms are presented and discussed in relation to the interpretability of the proposed framework.
II. P REVIOUS W ORK
Previous research has examined glucose variability metrics
captured through signal statistics (e.g. interquartile range,
area under the curve) to provide measures of glycemic
variation and assess hypoglycemic or hyperglycemic excursions [9], [10], [11]. Other studies have proposed frequency analysis of the CGM signal through Fourier and
wavelet decomposition [12], [13], [14]. Neural networks
have recently been used to predict abnormal glucose levels
from raw CGM data [15], [16]. Finally, a variety of model
identification techniques have been proposed to model CGM
time-series though a system of differential equations that

captures the dynamics between glucose levels and insulin
intake [17], [18]. Despite their encouraging results, some of
the limitations of the previous studies include their lack of
interpretability [15], [16] or their limited ability to represent fine-grain signal fluctuations that might be meaningful
in clinical settings [14], [18]. Given these limitations, we
propose a knowledge-driven framework for representing the
CGM time-series through sparse approximation techniques
and the design of interpretable dictionaries, able to reliably
reconstruct the signal and provide meaningful information
about the glucose fluctuations.
III. S PARSE R EPRESENTATION OF C ONTINUOUS
G LUCOSE M ONITORING (CGM)

(a) Original Bateman atoms

We present the proposed sparse representation framework
for modeling a CGM signal.
A. Dictionary Design
The dictionary consists of two types of parameterized
CGM-specific atoms that capture the main components of
CGM signals in a knowledge-driven way. The first type
represents the general glucose levels through straight lines,
while the second captures the glucose fluctuations (e.g.
glucose spikes) expressed as Bateman functions (Fig. 1a).
Straight lines are expressed as φ1 (t) = ∆0 + ∆t, where
∆0 and ∆ are the offset and the slope, respectively, while
Bateman functions are written as:


φ2 (t) = e−b(st−t0 ) − e−a(st−t0 ) u(t − t0 ), a < b (1)
where u(t) is the step function centered at t0 , a ∈
{.2, .4. . . . , 2} and b ∈ {.4, .8. . . . , 2} are parameters related to the steepness of recovery and onset of a CGM
fluctuation, s ∈ {.6, .12. . . . , .60} is the time scale, and
t0 ∈ {0, 2, 4, . . . , N } captures the time-shift of an atom
within an analysis frame of length M . We further included
time-reversed Bateman atoms, i.e. φ3 = φ2 (M − t) to
capture multiple shapes of CGM fluctuations (Fig. 1b). The
parametric nature of the dictionaries yields from the use of
a specific functional form (e.g. Bateman) for representing
the dictionary atoms. By varying the parameters of this
function, we are able to obtain high variability in the shape
of the corresponding atoms, which promotes the ability of
our model to capture variable CGM shapes.
B. Signal Approximation
We approximate an input signal f (t) as a weighted sum
of finite number of atoms selected from the aforementioned
CGM-specific dictionary, as follows:
f (t) ≈ fˆN (t) :=

N
X

an gn (t)

(2)

n=1

where gn represents the selected atoms and an the corresponding scalar coefficients. The problem of selecting a
small number of atoms from an overcomplete dictionary is
NP-hard and hence several approximation algorithms can be
used to achieve a suboptimal solution. For our purposes,
we used the Orthogonal Matching Pursuit (OMP) because

(b) Time-reversed Bateman atoms
Fig. 1. Example of Bateman atoms used to capture continuous glucose
monitoring (CGM) fluctuactions.

of its low computational cost and theoretical guarantees of
correctness [19]. OMP is an iterative greedy approximation
algorithm. At each iteration n, OMP selects the atom which
has the maximum correlation with the current signal residual
Rn f . The maximum absolute correlation value is not used
as a criterion, because this would result in negative atom
coefficients negatively impacting the interpretability of the
model. The residual gets updated by applying the following
orthogonal projection operator which includes all the atoms
that have been selected until the current iteration n:
Rn f = f − fn , fn = Gn (Gn T ∗ Gn )−1 Gn T f

(3)

where Gn is the matrix of atoms selected until the nth
iteration, f is the discretized version of the continuous input
signal f (t), and fn is the approximation of the input signal
after n iterations of the OMP.
C. Evaluation criteria
We evaluate the ability of the proposed model to reliably
represent the signals of interest. First we report the relative
RMS error, defined as:
s
K
(k)
1 X kf (k) − fN k2
RelErr =
(4)
K
kf (k) k2
k=1
(k)

where f (k) denotes the k th signal frame, fN denotes the
approximation of the k th frame using N OMP iterations,

and k · k is the l2-norm. Low relative RMS error values
reflect high-quality signal representation.
Assuming prior knowledge of the parametric functions
of the dictionary (Section III-A), each atom can be represented through an 6-dimensional vector of parameters (each
encoded using 32-bits), where the first element includes
the atom coefficient, while the remaining five capture the
parameters of the selected atom. If a straight line is selected,
these include the offset ∆0 , slope ∆, and three zero-elements,
whereas if a Bateman atom is selected, these include the time
shift t0 , time scale s, steepness of recovery and onset a, b,
and whether the corresponding Bateman atom is reversed
in time. Distinction between the type of selected atom (i.e.
straight line or Bateman) is performed based on whether
the last three elements of the corresponding vector are zero,
noting that this can never occur for the Bateman atoms based
on the way they were designed. Taking these into account,
the compression rate can be calculated as follows:
(M − 6 · N )
(5)
M
where M is the analysis frame length in samples and N is
the number of selected atoms. High CR values reflect the
model’s ability to efficiently encode the underlying data.
CR =

IV. DATA D ESCRIPTION AND P RE -P ROCESSING
Our data come from the publicly available Glucagon Study
of the DirecNet repository [8]. The dataset contains 25
participants (8-19 years old) with Type 1 diabetes wearing a
continuous glucose monitor for 6-7 days at a sampling rate of
Fs = 0.0033Hz. At the end of this period, patients re-visited
the lab, where they performed a hypoglycemic clamp test in
order to assess plasma glucagon responses to hypoglycemia.
Data from each participant were segmented per test day,
resulting in 328 total segments. The missing samples from
the beginning and the end of the recordings were removed,
while the rest were interpolated using linear interpolation.
V. R ESULTS
Our experiments are performed with various analysis window lengths, i.e. 4, 6, 8, 10, 12 hours (hrs), corresponding to
48, 72, 96, 120, 144 samples, respectively. The window shift
was empirically set to one third of the analysis frame. As
expected, reliable reconstruction is achieved using short analysis windows and a large number of OMP iterations, while
the opposite holds for compression rate (Fig. 2, Table I). The
error curve depicts a steep decrease in the first four iterations
and becomes smoother afterwards (Fig. 2), suggesting that
including a very large number of atoms might be not be as
beneficial: 4 iterations can represent 10 hrs of CGM data with
.8 compression rate and 0.1 reconstruction error. Selection of
the appropriate window size and number of OMP iterations is
tightly associated with the specific application, however, our
results indicate that reliable representations can be achieved
using 8-10 hrs of CGM signal with 4-6 OMP iterations.
Examples of CGM time-series along with the selected
Bateman atoms and the reconstructed signals that result

Fig. 2. Relative reconstruction error with varying number of orthogonal
matching pursuit (OMP) iterations.
TABLE I
S IGNAL REPRESENTATION RESULTS FOR DIFFERENT ANALYSIS WINDOW
LENGTHS AND ORTHOGONAL MATCHING PURSUIT (OMP) ITERATIONS .
window
size(hrs)
4
4
6
6
8
8
10
10
10
12
12
12

# OMP Iterations (N )
2
4
2
4
4
6
4
6
8
4
6
8

Reconstruction
error (RelErr)
.0946
.0553
.1276
.0778
.0961
.0725
.1118
.0858
.0706
.1265
.0987
.0820

Compression
rate (CR)
.750
.500
.833
.666
.750
.625
.800
.700
.600
.833
.750
.666

from the linear combination of these atoms are presented
in Fig. 3. Through visual inspection we understand that
Bateman atoms of different parameters and amplitudes can
be used to represent abrupt CGM spikes (Fig. 3a), as well
as smoother glucose fluctuations (Fig. 3b). By knowing a
priori the parameters of the selected atoms, we are able to
infer the shape of the corresponding fluctuation, which has
been related to several factors of interest, such as nutrient
intake [20]. We further note that the proposed models can
also capture decreasing glucose trends, such as the ones
observed after a hypoglycemic clamp test (Fig. 3c). Despite
these encouraging results, our models fail capturing fluctuations that occur right after an abrupt signal drop, which
is mostly due to the fact that negative coefficients are not
allowed during the OMP decomposition (Section III-B).
VI. C ONCLUSIONS AND F UTURE WORK
We proposed a sparse representation framework for modeling CGM time-series through the use of appropriately
designed dictionaries, that capture general levels and fluctuations of glucose signals. Results obtained through signal
reconstruction and compression rate indicate that the proposed model achieves reliable signal representation, while
visual inspection highlights the interpretability of the selected
atoms in relation to the underlying signal components.
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(c)
Fig. 3. Example of original and reconstructed continuous glucose monitoring (CGM) time-series and the selected Bateman atoms.
[16]

As part of our future work, we plan to quantitatively
assess the interpretability of our approach through clinicallyrelevant factors and outcomes (e.g. prediction of abnormal
glucose levels, meal composition). We further plan to examine the feasibility of our framework with different types of
dictionary atoms, as well as to explore automated dictionary
learning techniques.
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