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Abstract The purpose of this study is to collect biosignal data in a non—invasive and non—restrictive
manner using a BCG (Ballistocardiogram) sensor, and utilize artificial intelligence machine learning
algorithms in ICT and high—performance computing environments. And it is to present and study a
method for developing and validating a data—based blood glucose prediction model. In the blood
glucose level prediction model, the input nodes in the MLP architecture are data of heart rate,
respiration rate, stroke volume, heart rate variability, SDNN, RMSSD, PNN50, age, and gender, and the
hidden layer 7 were used. As a result of the experiment, the average MSE, MAE, and RMSE values of
the learning data tested 5 times were 0.5226, 0.6328, and 0.7692, respectively, and the average values
of the validation data were 0.5408, 0.6776, and 0.7968, respectively, and the coefficient of
determination (R?) was 0.9997. If research to standardize a model for predicting blood sugar levels
based on data and to verify data set collection and prediction accuracy continues, it is expected that

it can be used for non—invasive blood sugar level management.
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Fig. 1. Unit waveforms in ECG and BCG
(head—to—foot direction)[16].
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Table 1. BCG Sensor Specifications[25]

Attribute Attribute Value
Sensing Axis 1—-Axis
Acceleration measurement range | £ 05 g, 1 g
Sensitivity 427 LSB/g
RF Interface Type IEEE802.11 b/g/n(Wi—Fi)
interface UART
Operating Supply Voltage DC 940.5V

output 1 Hz output rate

40 — 120 bpm

Pulse detection range

Fig. 2. Hospital bed with BCG sensor
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Table 2. Blood glucose meter specifications
(Roche, Accu—chek® Instant)[27]

Attribute attribute value

Accu—Chek Instant system fully conforms to the
requirements of EN ISO 15197:2015 & ISO
15197:2013

ISO Compliance

FAD glucose dehydrogenase (GDH),

Enz -
nzyme system electrochemical

Sample size 0.6ul

Blood Sample Types|Capillary, venous, arterial, neonatal

0.6—33.3 mmol/L,
10.8—599.4 mg/mL

Measurement time |< 4 Seconds

Measurement range

Memory can store 720 tests including 7, 14, 30 &

Memory capacity 90 day averages

Haematocrit range |10—65%

3V lithium battery, 2pcs

battery (Model: CR2032)
Display Backlit LCD

size 77.1x 48.6 x 15.3mm (length x width X height)
weight Approximately 40 g (with batteries)
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Table 3. Computing system specifications

Type Description
CPU Intel(R) Core(TM) i7-9700K
Clock rate 3.60Hz
GPU AMD Radeon RX 5700 XT
GPU Memory 8GB GDDR6 1759 MHz
RAM(memory) 16GB
(O8] Windows 10 Pro. 1903. 64bit
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Fig. 3. Data collection diagram
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Table 4. BCG Al& Az AlAtA[28].

Variable Equation Units

time interval

between th2be) = ti~ ta-1 msec

beat—to—beat

Heart Rate | HR = Avgiosec(60000/tyomn)) 1/min

Heart Rate | HRV = Avgjgsec « msec

Variability | tb2b(u+1) — thb2b(y |
Stroke Volume | SV = Avgiosee (An-1, An, Antt, ...o) a.u.

RR = ( 60000 / tr)
Respiration Rate| t.o—  F(trarq), tror2) 1/min
trorm= t (max A)m — t (maxA)m-1
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Fig. 4. Correlation between BCG
heart rate and PSG heart
rate during sleep[29].
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<059)& F2 3 WAV =S

BT 519 CH(Fig5) [30].
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Fig. 5. Scatter of Heart Rate in ECG
and BCG
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A 3] Aol A= 14342 MSE(Mean Square Error)
& FE AREgh

3) H A< 22F (RMSE, Root Mean Squared

Error)

MSE 32 979] AlfHe Tolus Al o5 Pt
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ARAGF(Re) &= Bak 7o 2 o A58 Brei)
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3.5.3 Clarke error grid

AA I AA o A s A= AHEE
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ARG SAYASI, eld A% 2 o 2ok

BRG Sometic detu ‘ Al machine leamil
Collection = b
model design
Blood glucose meter v
Data Collection l Datapreprocessing
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Create Trainingand Test
dataset

BCG datacollection

Trialand e
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|

No
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Yes
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Al machine learning
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blood glucose prediction
value
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Fig. 7. Blood glucose prediction model and validation
process

4.1 AFhdRE Ak B4 9 5B
4.1.1 A5-dd= 54

Table 5. BCG data age distribution

G | (o6 | gy | M| D
20 7 2
30 5 3
?I?Eig 40 4 2 4495 | 14.48
50 8 6
60 5 1
20 3 0
30 1 3
2?515\/5— 40 9 2 52.91 11.16
50 15 4
60 10 9
*T2DM— : Normal group
*T2DM+ : Type 2 diabetes group (not diagnosed)

214|014 684 Atolol HE3Ic}, *UFJrE glo 1E1
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H ] A= Table 50|t} 71218 A~
7} 126 mg/dLo) S B 12 (T2DM+)
B3 oiAAE 56 o)t

4.1.2 dloly 37}

At 3 dlolHe FIHE HTsr 9=
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T2DM— = 4,733 ; T2DM+ = 5,053) dZ=0o|H, 82

G2 95%0]tt T2DM+2 BH3t 7|Fe dd 47}
126 mg/dL ©]/go]th
Table 6. Statistical analysis result
variable T2DM- (M#£SD) | T2DM+ (M£SD) P—Value
HR 71.83£13.03 76.71£13.22 <.0001
RR 10.89+3.97 11.36+5.07 <.0001
SV 44.30+13.42 46.36+13.24 <.0001
HRV 113.96+75.69 97.21£67.76 <.0001
SDNN 43.65+15.78 34.26+£16.50 <.0001
RMSSD 17.98+5.06 15.96+5.64 <.0001
PNN50 0.031+0.03 0.02+0.02 <.0001

SARORE 7 T k] Wt Ajpole] A A= A
ZH(T2DM—) 3} Gx(T2DM+) 25 7He] HRVEES: o
gk 2] (p<.0001)7} Qlat, B2 152 HRV 4t gko]
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HR(AEFR) 8 9] 3k 2Ho](p<0.0001)7F 1o, 73
’gro] HRe] Hito] 71.83%2 Fic 1y HU} 4.889HF HR
#tol Al yrERskTt.
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Minato 1 AFE S+ (Metabolic
Syndrome)°] A= A28 T (T2DM+) 2K (n=77)
= AbEFro] gle gate] Hs) dd A =(WBV,
Whole Blood VlSCOSlty)ﬂ' O & Ao7 B 351y
©m[33] Ahn?] A Baido] oshd Hd 9] S
(aggregation) 57} M35 (deformability) 2] 7+E <}
ole] wg N HEo] Frtef TR KA

(peripheral flow resistance)°] <7} Et}al 3ot

[34]. T3k 1 Fol] o3k Gl s F7k= AT 1
o] H|ESo|4 AgrS F7HA7]aL HETe] AXFAPL 2

o] E5-5 Welsla goe] A4S 7M. ol
4 9912 Ayl Pl 3Fol| Jgko] gl
&S FEE F 9lon, AUl E(HRV)E o] <

BCG A& &3l 3% BCG dlolgAle] AA] HK.
52 W7 ek e grmsh 9 3E w4 HBH

Table 7. Correlation matrix for BCG data variables

(1=9,786)
gender age HR HRV SV RR BG

gender 1

age -.010 1

HRE -.189 | 079" 1

HRYV | -:118" | .069" | -.178™ 1

SV —231" | 069" | -.025" | 527 L

RR -.057 | -.055 | .150 | -.376" | -.066" 1

BG =132 | .384" | .le4" | -.018" | -.060" | .100" 3
=P <0.01

oHR : Heart Rate, A7 ¥-5<=

®RR : Respiration Rate, &&=

oSV : relative Stroke Volume, A1¥+&2F
oHRV : Heart Rate Variability, 48l o|=
*BG : Blood Glucose, 3

Table 7-= BCG G~ dle]&] <] WQlEol w3t 473y
H3olth BCG =y ulolEl 8] WlE ko] Ate 44
BHAAE Bt o5 AT E HAAHoRE
0.384¢l14 —0.132% frolo-2 P<0.01°04 A4 2
2 ASHA

4.2 G5 52" A
A SRES Fsh7] S8l 2 Aol A ohd
& X3 39 Ed(multivariate linear regression) 3}
He)d A7 (Deep Learning ANN)S o]&3}o] el
< AA s
tle]g Al BCGAIM A B53E Auks: 555, 4
, Aldbdo| et 18 G HE| A 8
| % oo} AHE epilEste] o

g
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(Multilayer Perceptron Model)
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1] AAE S 74 2]l % Table 8elli= MLP(Multilayer
Perceptron)ell tisl M EH & sto]HuletrHE &

Table 8. Hyperparameters

property method
Weight Initialization Normal
Activation Functions ReLU, Linear
Optimiaziton(updater) ADAM
Backporpagation True

Backpropagation Method Mini—batch, gradient descent

Mini—batch 64
Loss Function msle
Regularization true
Number of epochs 120
4.3.92 A3

3l Clarke Error Grid AnalysisZ o]-&3}e] 1gjglo g
FAIBFATHFig.91135].
stols] denEE M sHAA 2
dstaL S5AIZ T 18 HE A
x| et FEE GS5EDS 53t =)
o] AAAG(R)E T3St HA 9 oS mdejA A4
3

Table 9. Prediction and performance Results in MLP

TTHNEE G 5 times Average

hidden layers MAE MSE RMSE R2
Learn 0.5796 0.7699 0.8681

H4 Valid 0.6151 0.9162 0.9482 0.9996
Learn 0.5405 0.6193 0.7763

o Valid 0.5734 0.7193 0.8382 0.9997
Learn 0.5150 0.7026 0.8263

He Valid 0.5329 0.7461 0.8510 0.9997
Learn 0.5226 0.6328 0.7692

H Valid 0.5408 0.6776 0.7968 0.9997
Learn 0.5752 0.8652 0.8885

e Valid 0.6103 1.0021 0.9533 0.9996

Table 9= MLP B2 7idbo]] AL25 = 24 5o ojsh
= 45S AP Ugold MLP 29| o= '
Y% M5 747} 53] SaAs BaE glolth, e
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dEr= k& HR, SV, RR, HRV, SDNN, RMSSD,
PNN50, o], /dHolt}. 2495 77HE AH&3F MLP of
718X AHgg AARY O Hed dare]FelA A
‘/] /H 9_ Eoﬂ;lr z];(% /H EO] % HE /\],}l
S MLP o |81x 25 3#%6}04 53] gk slsdlo]
B9 i MSE, MAE % RMSE 4=]+= 212} 0.5226,
0.6328 ¥ 0.769201% HZdlolE Ht FX= 27t
0.5408, 0.6776, 0.7968°112H, ZAAF(R2) FA]+=
0.9997¢] A¥E HTh HA s Bl g5olH
o] MSE, MAE ¥ RMSE “x]:= 27} 0.3715, 0.3891
2 0.62370]W A=deolHE zHzt 0.3717, 0.3785,
0.61520] o, AXAF(R?) G2 0.9998°] AT
[Fig.9]> USHAEZ(MLP)S o]&3 Hed g
FA oS 2] G5 Qe Al gl A
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Table 10. Input node group for verifying variables that
affect the predictive model

node Labeling vairiables purpose

Check the influence of HR, SV, RR,
and HRV variables in the predictive
model

Check the influence of HR, SV, RR,

EP1 HR, SV, RR, HRV

HR, SV, RR, HRV,

EP2 ender. age HRYV, gender, and age in the
g » a8 predictive model
HRYV, SDNN, Check the influence of HRV, SDNN,
EP3 RMSSD, PNN50, RMSSD, PNN50, gender and age in
gender, age the predictive model
HRYV, SDNN, Check the influence of HRV, SDNN,

EP4 RMSSD, PNN50, RMSSD, PNN50 and age in the
age predictive model

HRV, SDNN, Check the influence of HRV, SDNN,

EP5 RMSSD, PNN50, RMSSD, PNN50 and gender in the
gender predictive model

HRV, SDNN, Check the influence of HRV, SDNN,

EP6 RMSSD, and PNN50 in the

RMSSD, PNN50 predictive model

Table 11. Blood Glucose level predictive performance
results by input node

Input 5 times Average
node MAE MSE RMSE R
Learn 19.60418 1066.1827 32.6304
EP Valid 22.7392 1441.2547 37.9518 0.4722
. Learn 5.4949 127.4955 11.2102
Ep2 Valid 6.6319 212.8921 14.5501 0.9220
. Learn 2.3229 26.4907 3.5355
B Valid 2.3634 27.2337 3.5917 0.9900
Learn 0.9272 2.1382 1.3571
EP4
Valid 0.9492 2.3238 1.4175 0.9991
N Learn 2.7399 39.0014 4.4516
Bpo Valid 2.8479 44.4533 4.7198 0.9837
Learn 3.3639 47.3397 5.7787
EP6 Valid 3.4765 52.2783 6.0730 0.9808




G| oS BdoA JEtof og i 4]
odZF A5 S vk A= Table 110 A28t

Table 119] 98 »==d g8y sh54A72 1Y
“EP4”¢1 HRV, SDNN, RMSSD, PNN50 %2 t}o] ¥4
£ #g3lo] 53] AFg slsy HlolEjol] tigk Ht MSE,
MAE 2 RMSE: 72} 0.9272, 2.1382, 1.35710] 7
Z|olE] = 247 0.9492, 2.3238, 1.4175 ©]L,
A dolE e AAAG(RY)E= 0.99912 thE H]alat
Hu-of njs) 7 -Faklch(Fig 10).
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