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Continuous Blood Glucose Concentration Prediction Model Based on Improved

Transformer
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(1. School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China; 2. Jiangsu HPC and
Intelligent Processing Engineer Research Center, Nanjing 210023, China; 3. Jiangsu Yuyue Medical Equipment and Supply Co.,
Ltd., Zhenjiang 212300, China)

Abstract: Diabetes is a common chronic disease, and it is very important to control blood sugar for
preventing diabetes. However, the uncertainty of continuous glucose monitoring (CGM) data extraction
significantly increases the difficulty of blood glucose prediction. Therefore, this article proposes a new deep
learning based blood glucose concentration prediction model, aiming at improving the model’ s adaptability
to sensor extracted data. In this model, the stacked denoising auto encoder (SDAE) is embedded into the
structure of the Transformer encoder to achieve reconstruction, denoising, and feature extraction of input
data. Then, a mixed position encoding strategy is adopted to replace the original single absolute position

encoding embedding, and a lightweight decoder is introduced into the Transformer model to replace the
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original structurally complex decoder, aggregate feature information from different levels, and obtain local
and global features simultaneously. Finally, by constructing an improved SDAE-improved Transformer
network for parallel training of CGM data sequences, temporal patterns and complex correlations in the
data can be more comprehensively captured, thus improving predictive performance. Experimental results
show that the model has achieved significant performance improvement in blood glucose prediction tasks
compared to traditional methods, confirming its effectiveness and robustness in processing CGM data.

Key words: continuous glucose monitoring; neural network; stacked denoising auto encoder (SDAE);

Transformer; attention mechanism
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J5t i Transformer B A9, Btk J 19 58 B AL 75 22
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B WA TR 0% A O B S T LA & | =i WE
JH50H Ak AT 55 v ) PR B RSO B

(1) VA 4 i 5 W RIHRA

78 G % R TR R bR 5 AR Bl BA
SUR N AR DS N S Y i R34 B 5 M 9 Transformer 6 70 4

il B2 T 50 H5CHRE A B R A B A R Fig.5 Architecture of improved Transformer model
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concat( head,, head,, +-+, head, )W"’ (9)
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y=X'+ Multihead (Q, K, V') (11) Fig.6  Multi head attention mechanism
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it .

3 XWESH

3.1 ZIGEE

20234F 7 A 2 9 F K 5 AE B B L0 55 103 &4 2 RUBH IR % 2 1R &, U35 46 44 Lok fn 57 44 1k .
I PAC 5 4 R 48 300 I, i 1 42 Tt B Anytime CT3(Hp [ [ 52 24 W B A8 B Js) (NMIPA) = 28 B 97 4 i 1
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Table 2 Characteristics of this dataset
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T 20 45 T I IR &l 1, I AT 5 RN T 6 IRHE R wser id % id
IR A o R 1 A) A s R A AL R R A device id B4 id
5 CT3fEIRAN 1 3 min 47T — R AR, LR 41 093 itime 1% I 6432 A7 1k i)
521 A IR A% R AE 1 5 168 2R M SR It b A O L AT 4 926 2% iw T AR A 5
L . % 290 T 14 TR E ib 75 F LR (H
- t R
3.2 XumE cno b 1L SR 1L 1 AR
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L Tensorflow2.6.2 T B 27 > HESR , $4 A 7R SCHR HH 0y I 0000 A5 250 0 Lt X 118 21 468 JU AE 2 3 38 i GPU
R DL O
A5 38 0 ) SDAE-ZL i# Transformer I 8% T3 I 455 *3 BAERESHIEE
B R TSR E D AR ZE P A G S50 Table3 Parameter settings for each region of
BANL 3Pk, Hop 8 SDAE 2 B T ReLU £ 4 the model
W )22 19 TG BRI K, O SR F Glorot 5 29 1 46 Ak 2k % 4 T I X 35K M4 SHE
AT, LA JtE S B 32 VA % OB B2 % 0 (R , DA TG i 2 A6 SDAE 2 i g P 0.05
AU A FRE T o 7E MLP fif i 25 J2 v Beod 2 7 i i SDAE M  2(32.16)
JZ TR BE R Re LU A D 3803 pR KR, LS 4 Ml =7 > e ik I3 256
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TRAFH SDAE JZ — B, iy O A B 4 1A B B P PR B e 5% 190 465 TR 4
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FEASE B AR I S5 A0 T30 2o A o ﬁﬁﬁ P A% 18 2% [ A8 Dropout 0.25
SRR Iy BRI S BN T R L, SRHETCRE 128
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T A TP AR SCHR A A T AR R (4 1 B L SR 3 Al T2 ) T A B DA 8 B L 43 ) 17 R
1% 2 (Root mean square error, RMSE) 34 46 Xf 1% 22 (Mean absolute error, MAE) Fl 5@ 1 57 15 22 4 #%
7B (Clark error grid analysis, EGA) , AR L5 ' RMSE \MAE i 5473 28 mg/dL .
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1 n
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PR iy B2 107 S — b ) I 95000 AT 45 DA ) O, 2 3 o 0 (5 S o R 4k A I rh R AT L
ALK TAR 2250 A A (B LC D VE X 54~ X8k, FFLADPEAG it 4% 15000 J7 325 A% o B B, DA 7T B LR L Al T
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I R &5 Sk R ALk, I HL T DL B ELOUL L TPA 5 1 (19 1T &
PEAGE FHE o X3 A R B 2 BRI 1 00 458 Ry o A L b R A BRORLIA T RS A /N L T X 8k C LD AT E
) 7% T B | R G, TR M — A I A R SR B At 45 e I 412 g 9T 13 7 A e R AR T e
3.4 ZWHERSW

Sk T B UE AR SC T 4 Bk 0 TIOR8 T K3z Ak RE g 38 R Y R RN A BIA [R] A B i o
IR AT K 43 5 R 5,10 .15 1 20 25 (0 WU Sk 58 o 2 S0 rh AR Al ot B s o 20 R o 0 B0 4 8 AT 43 2 il
BE L7056 520 13 B2 7 90 E R IR 4. L 30 %0 2 3 1 3% B2 17 A A A MR 4R, 3 bl 2R 4 A 4% 62 651 2
WA M A AE 27 1320 . R 4B T 10 44 AR 52 8038 2 0 43 91 /2 15,30 .45 F 60 min B 1Y
RMSE #1 MAE Hl il 45 84301 . 1B 8 J@ 7R 1% 52 4k 3% 28 o AR SRR 43 51 42 115 15,3045 1 60 min B (19 35
G DX S8R IR B S o £k
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Table 4 Comparison of blood glucose prediction evaluation indicators for ten users at different times in advance

mg/dL
. Hﬂi{‘ L IRURIIEN RIS . ﬂzﬁj S TEURIIIN RS

itz 15min 30min  45min 60 min e bR 15min  30min  45min 60 min
RMSE 18.681 19.847  20.007  20.168 RMSE 19.958 21.925 22.335 26.651

! MAE 14.214 14.991 15.143  15.219 ° MAE 14916 16.571 16.786 20.526
RMSE 17.296 18.902  20.452  21.445 RMSE 18.823 20.018 20.926 21.980

’ MAE  13.023 13.970  15.537  15.062 ! MAE  14.883 15.968 16.147 17.535
RMSE 15.034 16.245  18.694  21.038 RMSE 13.781 14.287 15.187 16.568

’ MAE 11.271 12.421  14.577  16.605 ’ MAE  10.257 11.246 12.285 13.258
RMSE 23.937 25,529 26.095  28.255 RMSE 14.826 15.381 16.431 18.6763

! MAE  17.2381 18.330 19.488  20.322 ! MAE 11.371 12.009 12.730 15.316
RMSE 16.301 16.207  17.281  20.002 RMSE 15.195 20.927 25.314 23.939

° MAE  13.067 12,501  13.464  14.109 0 MAE  12.367 16.553 20.428 19.003
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MAE FEAK T 1.091 mg/dL, w] W, Transformer # #4 (%) 317 £k b B A 35 B 4% T o 5 b 790 00 A Sk it 1 7k S
AR Ak e TR Hie AR SOy I 58 X Transformer #E AT oCE i 45080 15 0 2% R A5 28] 1 i — D8R T, Horp
RMSE &K T 2.922 mg/dL ,MAE F#f T 2.496 mg/dL . X Fh et A9 Transformer f5 %1 §E 5 4 16 H B £
B 50 v i A5 B, JE T T AL R Y R A ASE R TR i R RO M R A 2 S Ik, DA TG ek
AT SN AR 25 o AN I AR R i SDAE B BE— L BEAR T RMSE fl MAE, 4 5 1 #5228 X £ 4l
Rk AR N R Y B A BE o & LR UL AR SCHR 9 SDAE-E Transformer 1 47 4 3 751 0 452 7 (1
ORI T AL, I LA R 25 358 4 1 oA AT B T M A 0 4% 2R 1R

H1 2 6 MO AT 1, it A R0 94 0300 5 249 7 A VB DX I8 P, AR BRI, A X3 5 [ 95.74 %, B IX K
f EE 4,26 %6, 3 B IR G A o R T AR . AT DL, A A AR T I A 445 SR PR Al A AR i 0 ek SR B
AKX CGM B35 )7 91 19 35 47 A6 U1 25 R B8 4 1 b 43 32 B4 mh i 5 S R0 R 2% S It 4 v T
PERE

RS BEBITM L R X LE & BHE M ISR #6 FARAEBEMNEGAHA BRI L
Table 5 Comparison of various evaluation indica- Table 6 Proportion of regions A and B in EGA of
tors for predicted results of each model different models
mg/dL %
(el RMSE MAE e X 35,
|
CNN 25.746 20.057 A B
~ | [
LSTM 20206 15.781 CAN .25 2215
LSTM 88.05 11.95
GRU 20.124 15.845
GRU 87.12 12.88
Transformer 18.849 14.754 Transformer 90.94 9.06
It Transformer 15.927 12.258 B3 Transformer 9493 5.07

SDAE-## Transformer 13.781 10.257 SDAE-# #t Transformer 95.74 4.26
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