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Hybrid Neural Network Model Based on Sparrow Search Algorithm and Its

Application in Blood Glucose Prediction
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Abstract: Diabetes is one of the most common diseases that endanger human health. Effective
management and control of blood sugar is very important for patients. Traditional blood glucose prediction
models are mostly single deep learning models, which have the defect of insufficient accuracy or low
efficiency, restricting their effect in practical application. Therefore, a hybrid neural network model based
on sparrow search is proposed and applied to blood glucose prediction. The proposed model combines a

temporal convolutional network (TCN) and a gated recurrent unit (GRU) , and it is a sequential neural
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network trained in an end-to-end manner to predict blood glucose based on a patient’ s blood glucose level
history. In order to ensure the generalization ability of the model, data sets from two different sources are
used for validation. Firstly, the feature sampling frequency of multi-source timing monitoring data is set at
a time interval of 5 min, the data is smoothprocessed and standardized, and the timing pattern and
dependency characteristics are captured by TCN. Then, by constructing a GRU model based on the
attention mechanism (GRU-Attention) , features are further extracted and modeled. Finally, the sparrow
search algorithm 1s used to optimize the hyperparameters of the TCN and GRU-attention models to realize
the blood glucose prediction model. To prove the validity of the proposed model, its prediction results are
compared with those of other models, including LSTM, ARIMA, RNN, etc. The results show that the
proposed TCN and GRU-Attention models based on the sparrow search algorithm perform well in the task
of predicting blood glucose value. The root mean square error (RMSE) and mean absolute error (MAE)
of the two datasets are 0.552 and 0.402, 0.531 and 0.388, respectively, which are all better than other
models.

Key words: blood glucose prediction; sparrow search algorithm; attention mechanism; temporal

convolutional network (TCN); gated recurrent unit (GRU)
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Fig.1 Structural diagram of hybrid neural network model based on sparrow search algorithm
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TS B B, 1 N PR ARCBE S 5 B 32 22 (Mean absolute error, MAE) .

SSA B HR AR A .

(1) BALAE B — 4L (—FERRAE ) , B — D S EAL A WA 2 — FURRAE W0 dn k48 R 25 18, o 4
SR BUE L

(2) WA SR A VI IS B PR, 3 I R R U, R R X S B A RO AR TE | S AR R A i
AR F0I0 4T 55+ A9 1 6

(3) X 38 N7 B H A A7 1) S8 A 2l i Jm T 3 R A AL S B A R B AR T

(4) TCN A1 GRU B B v #8815 7 T S AL, 20K S 80 3, 24 1k 213k A0 45 1k 5068 N7 B 7k 81— 2 19
455 1k 18 2R e i H i P 38 0 R 45 SR DA ROt B R S B A -

F VML 2 HRE/R T TCN A GRU BRI 1Y 32 22 2 50Hi R |, 3% 26 S 808 38 oF SSA #4711k 11 S g
Ao B o %A R R A () Bh S VR L X S SR, DA S KRR I b B TV ol 44 T 5% TR R 04T 55
WY fE

SSA AL T-GA IR A Pl 4 W 45 B AL B9 AZ D SR T

N &1 TCNEEBSHHIR
FhEERLAE N, FIEEN, B pos, R IKEL T, Bl  Table1l Description of TCN main hyperparameters
HRCE PD, S A & B SD, BUEH R, % 42 SH i i it
B ST, num _channels 18 18 %X [16, 32, 64]
) 1 kernel _size B U RN (2,3, 4]
e I 7 # pos_TCN 1 pos_GRU ., # I & %2 GRUFEBSHIHHA
N . Table 2 Description of GRU main hyperparameters
(1) #¥hak e i 1 [l
(2)  pos_TCN : 'num_channels’: [16, 32,  hidden_size 58 YT [32, 64, 128]
64] 'kernel size’: [2,3,4] num_layers GRU 2% (1.2, 3]

(3) pos_GRU: 'hidden_size': [32, 64, seq_len RICERS (10, 20, 30]
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128] .'num _layers': [1,2,3].'seq_len’: [10,20,30]
(4) While t<<T
(5)  THIRRR 2 FhAE 3 107 B2 JFHE Y, M0 4 i e D0 o0 i 2 36 107 B8 19 JRR 86 6
(6) R=rand(1)
(7) T R,<<ST
(8) fori=1:PD
(9) BB 4 B4 5 B pos . TCN [ ] Ml pos_GRU [{]
(10) Attention (new _hidden _state) # B GRU B CIR &1 58 Attention Hi 1
(11) end for
(12) for i=(PD+1):N
(13) O R E 57 & pos_ TCN [i]#1 pos_GRU [ 7]
(14) Attention (new _hidden_state) # B ¥ GRU BB & 118 Attention Hi
(15) end for
(16) for j=1:SD

(17) T 16 8 B 6 B pos_ TCN [ ] H1 pos_GRU [ ]

(18) Attention (new _hidden_state) £ B # GRU RUBUIR ST Attention i
(19) end for

(20) end if

(21) end While

(22) Function Attention (hidden_state) :

(23) WA A E R AL TE 51 3 attention_weights
(24) fori=1:inputs:

(25) TR 1 7380, U N ) attention_weights
(26) J4—4k attention_weights

(27) X AT B #EAT IR A

(28) end for

(29) & [l A

3 XWELW

3.1 ZHHHE

Uik S-T-GA BERY A R ANz A , AW 58 A TP A A [ >F 15 i) 1t 4 A5 08 46 | 43 0l o it S e
N T 0 LA S 4R N BR B P 4R Ak ) A% JR g I AR S 4R

O TR A R 5 i 2 1A W T SR e B T SR R A RS R R . DE IR R ALEE 16 44 AR IR TE
35654 ZH) MMETHE IR IR NS5 FH R IEAT T 8~10 KA I o % 22 1 b s I 43 45
5 min P & — YA %988 IR BE (mg/dL %% mmol/L) , i i 8 =X AT 28 803 28 0 L) 64 Hz R A6 AR B 10 vk
(Photoplethysmography, PPG) .4 Hz K #t 7 ik 5 7% 3 (Electrodermal activity, EDA) 1 57 fik & &
(Temp), DA K 32 Hz 2R FE = Flin ot 5 o o 3% 26 R 48 2] 09 504 35 A0 48 7 SR 1E , o0 % (Heart rate,
HR) il 1l 75 # ik #F (Blood volumn pulse, BVP) {55 & Fb 4 it — ¥k, 1.0 Bk [8] B (Interbeat interval, IBI)
T X S5 S AR R . ARSI IR 16 B2 5FH M 1~7 REHE XL 16 225
AR 8~10 KRB , (i FH A5 418 S B0 T-G A TR & Pl 28 X 28 455 18 7 S o I 0% T30 v %) 4 e 38 A o

£ BR AR VA 1 A% SR 2 B 4 455 6 44 3 2022 4F 10 1 20 H 1 MW B8 A1 5 44 BB % 20224F 11 1 H i
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MUORERCE o 32 TR T 475 A% SR I A I ) AR R A5 51 25 R A 5 (L PRI S o If W (R
AR AR 5 I H 00 2 L MW 530 v 9 B S B v AL IR (mmol /L) o FESERseit b I 2R AR i
10 H 20 H Kot MR RE T 11 A 1 H AR i P g 28 2 B0 T-G A R 5 1l 28 190 245 468 10 7 52
P B T TP A PR BE AR AR o 3% 3 ANER 4 20 i BRI 1 2 TR AR R R A A o G AR S AR IR A

x3 AFABEEHEFLEMRIL R4 BRBFEEBFEFEHR
Table3 Description of data features of public dataset Table4 Description of data features of YuWell dataset
K df 1t Ejiipus B dfs 1t Eiiipus
Timestamp B R B ] Time 15 ] %
=hn B (45 AAGZ g R w TAEH R
acc_a,acc_y,acc_z .
BHMR) B = H IR
BVP L S o 5 5 t BRI
EDA B T v i 1 CNO 8 IR R ML A 3 Y 52 B B VR S
HR R CRE 2 B0 BB BG e IR S A
IBI AU Bk 6] IW net SCBR T AEHL I
Temp B R IR Base ref CGM He Jig
Glucose I AEE Ref A 2 1Y I A

P4 FPEL S 0 ) J 7 1 WA 500 2 1 IO AR I o BRI S B T A PR IR 2 R P 2k G & Hvh
B VA A o ) AR R B P ) A R 5 TR A 2 8 R P S 1 A AR A R P o A A O, TR R
Al s 2 71 B B4 UL PR, A A8 3 7% X 7 (L 91 L DAY 80 A 500 it %

2.8 187 | Gl -E
249 | &2 | eagl E
; ;Qd.‘,i

-

acc_x  Glucose

acc z acc y

EDA BVP

M | Seted (LAY VRS B ; ! . s &S
5 10 -50 0 50 -50 0 50 -500 50 O 5000 20 50 100150 0.50.11.5 30 35
Glucose acc_x acc_y acc_z BVP EDA HR IBI Temp

P4 2 T B 46 i 0 R R
Fig.4 Scatter plot matrix of public dataset
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Fig.5 Scatter plot matrix of YuWell dataset

LB R 4 0T LA S B0, 25 JT 808 4 B9 54 BVP CEDA B 17 I 52 3% o0 B AE 9 43 4, HR \IBI, Temp
5 Al REAIE 08 R S IS o A R B A B R AR G R . [WIEE, R BT 5 rhnT LW S 3 BR AU 4E
MRFE CNO 5 1B fil 2 B AR SR A AR R MG R o i T GRU B AUAT B i AR 2 M @ g g, IR e vl LA
Tl B8 B R AR 22 0] A B 2% 56 R o A 0L 5 B v i A 2 A

AN AR AR A S T T, 2 TR 4 v B9 Glucose 5 AW 22 1] 3% 5 5 1F A 4k, EDA 5 HR |
Temp 55 F¢ i 22 [ 77 75 55 09 A OGP, 130 W1 2R 3145 5 Z (8] o] B A7 76 — € A AH B OCHK . Glucose 5 IBI,
acc_z 22 [A] A AR G M 2R B0t AT et A s o LS R 00T, = o o I P A B A A R B
DRI, 28 FF 00 4 16 28 A DI 2R A LA FRAS 50 £, 046 BVP .EDA JHR  Temp . IBI. $d RAEEAH N
5 min — ¥R, F 10 28 S B R AE S B TEORG o A a0 B T

1 BB 4 TP Y 1B 5 CNO 2 i) B A R H 61, TW . IW _net \Base_ref \Ref 5 CNO 2 [A] 77 75 %2 58 1)
M, (02 Base _ref Al Ref J& i A% J8 28 0 3180 0 S HH AR AR, TR G S BBV S IR AiE o IR, £
SR 50 H 4 1 R 1 U 2R R A A 45 TW U IB JIW _net Fll 7o B840 %k 3 min — K, J& T3 6 56 B 7 AF 50 B
R I %) B S0

N T LRGP AR 22 8] (14 22 2k H DGV RTRE BB R i R AR R AR S H AR AR B 2 YOG R
TCN 15 5K 46 BU0) U AR BUT 51 8508 h (R AE , I DL 22 2 3 2 1) )y X0 S A 80 1 /R BE 7, AR A0 3 A
Tl B2 BB b ) B AR O 2R, DTG it v % T £ 8 A R T R

3.2 G E
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1E R G ; i A2 1R = Python3.10, 45 #2 ¥ 3% Pycharm , ffi | Pandas . NumPy . Matplotlib % J%£ 1 Py Torch
BB E S HELE i ] GPU fnjdtit 53 .
3.3 EMIERR

BEX AR PEAR A SO ] RMSE A MAE W #3748 b7 1 S-T-GA B3I £ i . RMSE Il MAE
8 g RN W 7l )

1 N 2
RMSE—/NiZ(ym,(i)ypm(i)) (13)
1 N
MAE =%y (1) 3y (1) (14)

=1
Ay Ay e A3 SRR FEAS 4 B LSS AT AE , N RR FEA KR
3.4 EWIFTEERSW

R T B UEAS SCHR ) T-GA TR G B T AS 5 (9 O 8 M | 38 1158 Z FP S AL ) RMSE A MAE, IS T
S TR Bk A S RO 4R B R I AR, 045 TCN-GRU ,\ TCN-LSTM ,LSTM ,ARIMA I RNN £ % |
o 25 R a0 3 5 TR .

RS AEIR B ST REY I b TN S 06 45 R AT b

Table 5 Comparison of blood glucose prediction experiment results by different deep learning models

i NIFEE S RMSE NIF R MAE 0 BB 4 RMSE 1 IRE I MAE
TCN-GRU 0.594 0.483 0.582 0.470
TCN-LSTM 0.607 0.491 0.592 0.483
LSTM 0.793 0.563 0.788 0.526
ARIMA 0.662 0.512 0.670 0.522
RNN 0.896 0.591 0.906 0.647
T-GA 0.571 0.430 0.546 0.419

EATFEYE 4 F, T-GA BB RMSE 5 0.571, #1% T TCN-GRU M1 TCN-LSTM % %I 52 3
0.023 #10.036 Fy 44k , [ R4 ) Fb LSTM A1 ARIMA 2 7+ 7 0.222 F10.091., RNN 7E [fi 85 F00 4 45 b
fefx 2. £ MAETR bR 7, T-GA RIS T HA4F 80, 405tk TCN-GRU #1 TCN-LSTM 46 T
0.053 #10.061, 23 54k T LSTM fil ARIMA i MAE {8 0.133 F1 0.082., 7 fi BRACHE 5 I, 4% A6 %0 i) 15
BOR S FR AL, T-GA BLR A T 845 (1) PE AR R B, RMSE Ml MAE 43 51l )& 0.546 1 0.419, ¥4 F HiAth
BERY () PEAl 45 5

Fi e RNIN 7E 4b B K 8 571 s AT R 25 % A5 B B 90 2 T BT X LA A 2003l 408 < I 8 ) 8 A 6 3R A R
JE L GRU M T 2 16145 45 vhoBh B8 1) 30 iy Jmy B, 11 LS TM AH#R T GRU YN 255 PR BE 18 . ARIMA #5481 5
FH T Ab B Famt [a) 7 50 B00E o 2R vk O &R o TR, 7 TCN-GRU B RS o TCN FI F 47 5K PR 2R 35 BB 0
FF (6] 7 210 5000 o 1 5 2 AR O 2R, L A% 26 245 4 el T S R ST L 7 GRU R T 3 S AL L A8
TR0 B8 B - il ST AN ) B[] ) B e, 8 o 0T It B A X A 2 b ) R . P AR R 208, T-G A R
FE B 7 A5 1 0B FIUMAT: 45 h R R T B R, B T HEEA TREM R E %  TCN.GRU
VSN =-WIk N i N R =

Ry itk — 2L 05 UE SSA TE IUBE 15 AE: 55 Hh i A R0k | 18 SSA [RIEFHE AL T-GA Al iR LSTM 4§ X L
BERY FFFAG G Ak 5 0 455 8 78 i 8% S0 AT 55 b B PR RE . 2R 6 B R T il it SSA R AR S Y A [ AR AL 1Y
RMSE 1 MAE 45 3 |
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FR6 SSAMALARERESSIRE K I #E TN L3645 R AT L
Table 6 Comparison of blood glucose prediction experiment results of different deep learning models after

SSA optimization

LY ANTFEAE S RMSE NI SE MAE 0 BRECHE 4 RMSE 0 BRAE A MAE
S-TCN-GRU 0.579 0.445 0.561 0.422
S-TCN-LSTM 0.580 0.465 0.579 0.469
S-LSTM 0.763 0.514 0.744 0.501
S-ARIMA 0.585 0.483 0.626 0.497
S-RNN 0.766 0.536 0.872 0.608
S-T-GA 0.552 0.402 0.531 0.388

230 R SSA HEAT B S E AL IG L 28 TF 5dE 4 A fa BRECE 48 0 1% a4 00 4SS 7R P R 2 45 ) S 4R
F o EAFFEIRE I, S T-GA B () RMSE 5 0.552, MAE 5 0.402, #H %8 T R UL AL BT 4> 42 7+ T
0.019 #10.028; M 7E B B4R 4 |, S-T-GA #i5I i) RMSE Hl MAE 43 51 4 0.531 #1 0.388, #F — 4271 T
0.015#10.031, [FIB}, Z3d SSA PEAL)E 19 LSTM Hl ARIMA #5804 9 A~ o 48 L iy R AT B 2 ok
% ,S"TCN-GRU I S-TCN-LSTM # AU FE P A B a4 B #0 A%k Z o S-RNINTE IS B 46 1 &k
M 2%

SSA J&E—Fh A 4 18 R AR ik B PR R 0 P AL SRR BRI R TS HbE N 2 Fh IR AR 2T BRI
TR, B g R U0 E T SSA Ak 50 ik A ke ik i s BUMAT: 55 oh A A kbt B v TR R X PR RE .

NTFBARE LI 54 S 55 N6, aEREE4E D b — 2 850 11 A 1 H 8l A6, 4350 ot
50 & I B T 25 SR 96 AS ) G ol 220 0 2 A5 R0 A It S 45 SR L 22 Sk AT T . TR 6 TR 7 4
JEE TR T VAR SR S I A N ) EL AR B, G R AR AR R s B T G\ A R 2 e IR

10 | True glucose ~S-TCN-GRU —-S-TCN-LSTM
S-LSTM - S-ARIMA ---S-RNN ""-s-T-GA gt
S8 B
s ~ 6r
= -
= = 4 L
~ 4 - ~
o o
= " | o,
= =
of ok
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HAE R HAE R
F6 AN 6 26 7E A TF R A 1 A SR E5 SR L L7 TR P 2 o0 265 7 i BR AR 4 B 1) S0 6 25 SR X 1
Fig.6 Comparison of experimental results of different Fig.7 Comparison of experimental results of different
neural networks on public dataset neural networks on YuWell dataset

& 6.7 iy 0 ) 2 AR 3R S B OB, 21 0 2R AR 3R S-T-GA TR A BE R 1 T 45 4L . W% &1 6 B
UL TE S TE RO B 0 MR LA 25 R b, SET-GA BEARLFE K 2 80 Ol T 5 B S i A (A AR 5 23, S
LA AT AE J1, S"-TCN-GRU ,S-TCN-LSTM il SSARIMA Rk 22, S-LSTM (K49 3 104 %50 R
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TR BLEROR 5 A TR S 25 AL
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