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Prediction of Blood Glucose Concentration in Diabetic Patients
Based on PBI-CLLA Model

XIAO Zegiu', LI Yong', WANG Xia®
(1. School of Computer Science and Engineering, Northwest Normal University, Lanzhou 730000, Gansu, China;

2. Department of Pharmacy, Gansu Provincial People’s Hospital, Lanzhou 730000, Gansu, China)

[ Abstract] Diabetes, one of four major global noncommunicable diseases, has seen an increase in mortality rates
over the years. Patients with diabetes and chronically high blood glucose levels may experience various
complications and serious adverse consequences. The accurate prediction and control of blood glucose levels are
critical for the diagnosis and treatment of diabetes. “Although Continuous Glucose Monitoring (CGM) technology
has alleviated some challenges associated with manual detection, it remains costly and vulnerable to external
interference. This study proposes the PBI-CLA model, which is based on deep learning, for predicting blood
glucose concentration levels in patients.. First, the Convolutional Neural Network (CNN) layer extracts data
features from blood glucose concentration and insulin dose sequences through one-dimensional convolution.
Subsequently, the Long Short=Term Memory (LSTM) layer learns the correlations between time series
increments. Finally, the attention layer assigns different weights to the insulin dosage injected at each time node to
measure the blood glucose concentration and outputs the predicted blood glucose concentration value. In extensive
experiments, the model reduces the Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and Mean
Absolute Percentage Error (MAPE) substantially. Compared with other glucose concentration prediction models,
the RMSE and MAPE values achieved by PBI-CLLA for one-hour glucose concentration prediction decrease by 12. 82
and 10. 24 percentage points, respectively.

[Key words) diabetes; blood glucose concentration prediction; deep learning; Convolutional Neural Network
(CNN); Long Short-Term Memory (LSTM); attention mechanism
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LSTM J3 - [ /
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Attention 2 drop_out 0.2 [0.1,0.2,0.3,0.4]
num_epochs 100 [50,100,150]
PBLCLA learning_rate 0.001 [0.001,0.005,0.01,0.1]
batch_size 32 [16,32,64]
optimizer Adam [SGD, Adam]
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Table 3 Comparison of predictive model results
. S ﬁ'\iﬂﬂ I fia) ﬂf‘\iﬂﬂ I Jia) ﬁ'\‘iﬁl'l 'HT (1]
J1h J2h 43 h
RMSE 56.506 3  64.3156 75,2625
MLP MAE 37.343 8  49.563 2  56.628 4
MAPE/ % 34.9351 44.1624  49.516 4
RMSE 47,6751  56.7412  61.2315
GRU MAE 29.1824 33.5492 39.1359
MAPE/ % 30.2554  34.648 5  38.956 4
RMSE 58.277 4  71.5621  74.246 2
Autoencoder MAE 34.7520  58.652 3  65.546 8
MAPE/ % 28.8520  36.5604 48,2654
RMSE 101.018 6 105.326 4 112.653 2
AdaBoost MAE 73.3819 78.3651 84.623 5
MAPE/ % 74.0895 76.4152 81.634 1
RMSE 48.542 2 53.628 9 62.625 4
BiLSTM MAE 31.954 0  38.9545 49.2651
MAPE/ % 33.227 1+ /37.6285  47.612 3
RMSE 35.7241 40.5167 47.3156
PBI-CLA MAE 19.8459 26.8719 35.9591
MAPE/% "~ 18.6125 23.9453 30.1739
x4 HRERBDTNERILE

Table 4 Comparison of ablation experiment model

prediction results

T s ]

T s i)

T st 6]

LAY TN FE bR
E" N1h  H2h . H3H

RMSE 35.7241 40.5167 ' 47.3156
PBI-CLA MAE 19.8459 26.8719 35.959 1
MAPE/%  18.6125 - 23.9453 30.173 9
RMSE 52.4811 65.954 8  78.264 8

PBI-CLA
w/o LSTM MAE 35. 7475 43.578 4  53.790 6
MAPE/%  35.3364 41.6285 49.945 6
RMSE 47.6751  59.648 4  74.246 2

PBI-CLA i

w/0 CNN MAE 29.1825 42.8908  51.648 1
MAPE/%  30.2554 36.560 4 48.265 4
RMSE 41.5519  49.089 1  59.767 2

PBI-CLA
. MAE 22.452 4  29.7635  38.198 2

w/o Attention

MAPE/%  20.9727 28.0835 37.890 8

3 5 AT LA Y, PBI-CLA A% 70 35000 o 5 25 1
i T HABA Y, 5256 Clarke 15222 WK G REAS
SUMTE A KEF A B L HRCh . 1
ZAS /NI BTN 15 22 A LAt 3 AR A T
/N, PR, PBI-CLA RS Hr ) CNN B8 [ LSTM 4
PUFN Attention BEHRHRA AT sl ik,

T 343 BT T S 5 1 5 R SR I B T A B R
204 1) PBI-CLA FBYAE S0P g L i Ay s A

rh LSTM #5551 45 A4) B8 F5 W ASE AL B 4 b 47 12 1 A
e JEE Fy B N E) R G R s AR B CNIN A B A
Attention FEHRXAFIE A EIURAT HZAEH
£S5 HPISEE Clarke iR2E MEREA & &5 L EEE
Table 5 Comparison of the percentage of sample points in

the Clarke error grid of the ablation experiment model %;

BRI 10 ST 817 =1 S R g

TBEAY X 3§ W1k %2 h %5 h
A 94. 10 89. 45 83. 94

B 5.01 3.15 10. 43

PBECLA C 0.23 3.76 3.45
D 0. 66 3. 64 2.18

E 0. 00 0. 00 0. 00

A 79,24 74.08 67. 25

PRLCLA B 16.94 17. 74 14. 63
w/o LSTM C 2.18 3.85 3.68
D 1.32 3.97 8. 96

E 0. 32 0. 36 5.48

A 82.15 77. 85 71.17

PRLOM B 14. 60 9. 67 16.75
wio OKN C 2. 40 4,68 5.43
D 0.85 3.76 4,60

E 0. 00 4. 04 2. 05

A 85.78 83.16 75. 20

PRLCLA B 13.12 11.47 14. 34
w/o Attention C 0. 34 1. 60 3. 60
D 0.42 2.57 4. 86

E 0.34 1.20 2. 00

3.8 HWESRESH

A I AR SR I R RO R s T
R[] 3 AR BRiEAT RE 120 o B A7 B B 4 7 ] — %X
PEAEATIR . H3k 6 T LUA AR PR IER AL 1% 22
FFER L PBI-CLA R RI7E 77 i 4002 53 Fs 47 N
] PE AR 2 ~) BT BLAT DI 3, PR 280
it [ MLP 2R 22 — 48, 3O TR RUZ 195
BRI B2 TR SEOE . SCRa Rk
], PBI-CLA K7 5 % B2 A1 BB 58 1 I A vk JEE
OIS AE I P [ A 55

x6 WEGRENTER
Table 6 Model complexity analysis results

B SRR/10° FRANGERIRL/107 BRI /s
MLP 1.35 1.28 65.3
GRU 1. 56 1. 47 70. 6
Autoencoder 1. 41 1. 56 67.5
AdaBoost 0. 86 0. 87 56. 9
BiLSTM 1.95 1.93 97.5
PBI-CLA 1.35 1. 27 64. 4
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