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ABSTRACT Continuous glucose monitoring is important in the management of diabetes. According to statistics, diabetes is the third
chronic non-infectious disease that seriously endangers people's health, followed by tumor as well as cardiovascular and cerebrovascular
diseases. In 2019, globally, there were a total of 460 million diabetics aged 2079 years, which accounted for 9.1% of the total
population in this cohort. Each figure is projected to increase to 592 million and by 10.1% respectively by 2035. Currently, the methods
of blood glucose monitoring can be divided into invasive, minimally invasive, and noninvasive. The main methods for blood glucose
monitoring include irregular sampling of fingertip blood or consecutive measurement of interstitial fluid glucose based on implantable
sensors. However, these methods have some limitations, which include pain sensation, high cost, short service life, and susceptibility.
Patients need to measure their blood glucose frequently. Invasive and minimally invasive monitoring will cause physical and
psychological pain. Therefore, noninvasive monitoring is one of the most promising techniques for continuous monitoring of blood
glucose, and it has a broad market prospect. In this study, the electrocardiogram (ECG signals) were used to achieve the noninvasive

monitoring of blood glucose levels. First, 756160 ECG periodic signals of 12 volunteers for 60 d were obtained from the experiment.
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Second, the ECG signals were preprocessed using an infinite impulse response filter. Furthermore, a method combining convolutional

neural networks and long short-term memory networks (CNN-LSTM) was proposed for blood glucose monitoring. In Addition, two

modeling methods (individual modeling and group modeling) were investigated in this study. The results show that the precision of

blood glucose monitoring under the condition of individual and group modeling is 80% and 88%, respectively. The F1-score of the group

modeling can reach 0.95, 0.88, 0.91, 0.85, 0.92, 0.88, 0.86, 0.86, 0.87, and 0.86. Therefore, this study indicates that the proposed method

based on ECG signals can provide powerful theoretical support and technical guidance for real-time and accurate blood glucose

monitoring.

KEY WORDS ECG signal; continuous glucose monitoring; convolutional neural network; long and short term memory network;

blood glucose prediction
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Table 1 Quantity of volunteers with different body information

Gender Age bracket BMI
Male Female <24 (24,40) =40 <18.5 (Low weight) [18.5,23) (Normal weight) =23 (Overweight)
5 7 4 5 3 6 3
Eﬁi%@ﬁ{iﬁﬁ %#ﬁ%y‘j 1000 Hz. IK/H? ?ﬂi 251 fThe definition of an ECG signal
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Fig.3 Images of ECG signals before and after filtering: (a) unfiltered
ECG signal; (b) ECG signal followed by IIR filter
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Table 2 Blood glucose classification labels and data volumes upon

group modeling

Data
Blood glucose classification/(mmol'L™")  Labels

Size  Ration/%

<5.6 0 70164 10.1

>5.6 and <6.2 1 75424 10.9
>6.2 and <6.6 2 66765 9.6
>6.6 and <7.2 3 75247 10.8
>7.2 and <7.8 4 66346 9.5
>7.8 and <8.4 5 61272 8.9
>8.4 and <9.1 6 68823 9.9
>9.1 and <10.4 7 68464 9.9
>10.4 and <14.9 8 66292 9.5
>14.9 9 75616 10.9
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Table3 Parameter setting of the CNN-LSTM model
Layers Type Neurons Filters Kernel-size Strides Padding Pool-size
1 Convld (1,1,700) 8 3 1 0 —
2 BatchNorm1d (8,1, 698) — — — — —
3 ReLU (8,1, 698) — — — — _
4 MaxPoolld (8,1, 698) — — — 0 2
5 Convld (8,1, 348) 16 5 1 0 —
6 BatchNorm1d (16,1, 344) — — — — —
7 ReLU (16,1, 344) — — — — —
8 MaxPoolld (16,1, 344) — — — 0 2
9 Convld (16,1, 172) 32 8 1 0 —
10 BatchNorm1d (32,1, 165) — — — — —
11 ReLU (32,1, 165) — — — — —
12 MaxPoolld (32,1,165) — — — 0 2
13 Convld (32,1, 83) 128 2 1 0 -
14 BatchNorm1d (128,1, 82) — — — — —
15 ReLU (128,1, 82) — — — — —
16 LST™M (128,1, 82) 128 — — — —
17 Fully-connected (1,128) — — — — —
18 Fully-connected (1, 64) — — — — —
19 Output 10 — — — —

BRERN 2% 2] R 3 $% Adam DAk 8 K32 U 5
BAE R R AL, A Tk B PR A YR BIOE E, 2 2]
FUE R 0.001, BEAEAC AR AL R 40P, A BFSE
B B 5% B W DA R oy 2 BB A S L Y 4y
91 35 VPR 4% ekt 5 R B A RN R 4% B PR B S R R
HEAT AR AT | 12 24 3R B3 B AR e A5 43 oIl 1P A 43
JtknE.
3.2.1 AR

JrHILL AL, A2, B, B2 /E M4, 280
3Gt A CNN—LSTM [ A W A5 R0 epr ) o) 4 28
W28 AT I G Ak, JEME B PTG I3k 4 Frs.
25 ) 2% % 4 44 75 T IOME W I B4 RS A R o i
79% . 80%. 81% F 86%.

F#4 Al A2, Bl #1 B2 5 BT MA@ L B PR AY
Table 4 Individual modeling performance evaluations for Al, A2, BI,
and B2

Volunteer Precision Recall Fl-score
Al 0.79 0.79 0.79
A2 0.80 0.80 0.80
Bl 0.81 0.79 0.79
B2 0.86 0.86 0.86
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Table 5 Confusion matrix for blood glucose prediction under group modeling
Labels Predict 0 Predict 1 Predict 2 Predict 3 Predict 4 Predict 5 Predict 6 Predict 7 Predict 8 Predict 9
0 1083 45 9 10 0 0 0 0 0 0
1 37 1021 35 29 0 0 0 0 0 0
2 9 35 1093 31 0 1 0 0 0 0
3 10 90 98 926 34 0 0 0 0 0
4 0 0 0 20 1119 47 12 1 1 2
5 0 0 1 0 65 945 77 2 8 40
6 0 0 0 0 3 4 1010 99 24 50
7 0 0 0 0 2 0 19 966 87 71
8 0 0 0 0 2 0 6 43 982 105
9 0 0 0 0 5 10 24 3 27 1051
RO MBS HEAE | S S FR B S 4RO I ﬁWM¢

Table 6 Performance evaluation of the proposed glucose prediction
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Table 7 Comparison of glucose prediction models
Related work Classification Using signals Modeling method Model Precision/%

ELM 83.5

Literature"® 6 ECG+PPG Individual modeling CNN 81.2

Fractional order system 77.3

Individual modeling CNN-LSTM 81.5

This paper 10 ECG Group modeling CNN-LSTM 88.4
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