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Non-Invasive Sensor-Based Multi-Output Networks for Predicting
Multiple Blood Components Levels
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In healthcare industries, non-invasive sensor technology has played an important role in gathering biometric
information without blood sampling for each patient. Existing studies have attempted to predict blood
component levels based on non-invasive sensor coupled with machine learning models. However, they focused
on constructing a single output model that predicts only one blood component level. In this study, we propose a
multi-output predictive model that can predict the multiple blood components levels simultaneously based on
non-invasive impedance sensor data. Results show that our method improves predictive performance compared
to the single output models. Furthermore, we use Shapley additive explanation to identify important sensor
variables that achieve efficient sensor design reducing the cost of data collection. To the best of our knowledge,
this study is the first attempt to use non-invasive impedance sensor data to predict multiple blood components

levels.
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Shapley Additive Explanation
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ZA3}= 7)€ 0] th(Castaneda et al., 2018). Kavsaoglu et
1.(2015), Acharya et al.(2019), Liu et al.(2020)> PPG A1 A Z 5
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B g5 HolHE o2 7| A%g RS F3l EF el B
Hl(hemoglobin) % & o] %3} 91 t}. Hossain et al. (2019) Zhang

et al.(2020), Gupta et al.(2021) OE'AI PPG A1 A Ho| B 2 88514
g dEFrd s 53 89 74 BUHH S A =stA &
#H, v}o] 2 Z 3K microwave) Al A‘] = gHof nfo]a 202 B
of dY AL w=o w} SetA = Fo4E SA 8= 7 g0
THDeshmukh and Chorage, 2021). Xiao et al.(2020)9} Deshmukh
and Chorage(2021)& vho] AE 3} Al A vl o] B} & &-8-381o] Z+7t
T} A E 2 (multilayer perceptron, MLP)3} 3] 7] &4 & 53]
g TAE o F3t5 o 1Y, PPG Al A ¢} mlo] A 2 3} Al A
28RV EATFEL YR DY T AT ASA AFH o

Ao EAste oA dF AL d St 72 S4HA
Zat}. A 'S (ballisrocardiogram) A= A& A o=
Y = A A AA A E S THEE AN S 4 Al
AE "‘%é‘}h 71 %o|HChoi and Park, 2021). Choi and

Park(2021)S A BT LA Hlo 2 8 52 o Zah= 2
Ji*élE%ﬂJ 1%—3% AANBH T 2 ol = AR FAl
= EOIL d%”&%fﬂ FO R sto] HIAFGAHJ] G FAE R

A7 §itke @A A o] Stk A A 7]
s -4 g2 —‘?—@.(bloelectrlcal impedance analysis, BIA) Al A & ¢
Aol m A g 2 F AFE A7t AW A e SA 8= 7
% o] th(Hoffer et al 1969) Herlina et al.(2005)& T3 3] A &4
< O] 0}04 BIA A A dlo]E| 2 ©7] E(dengue fever) 3@ P 4
FEHN FA & S8k 18y ol
= TH”O 2ot RHA R Ao Ao o =
ga g giu} Mohktar ef al.(2013)S BIA Al A © o] E1
2HE FAE dF3te OF A EE 7|
| oF3} 3T g]. A gk ol FEH 2HE FAE AAT o
g &7 Bdolghe HollA g3 4
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T e ET AL TEE Y W AA gor 285 <Table 1> A FRE A9, JFAE vef JH 3
Atk Aoz FHo 283 HolHE EEE #4899 e A¥ETE TAA Oi“‘ﬁﬂ Fojtt AW S A%
GAE A, Yol A, AT, AT ARE £Feto] AE A Wee ZF 379 2EUAR A9siien, 4
W 12570, BFE W ol gU 7Y s e 27E T AT RE S A T

HIAGH A AL Jad 2 AN E To wovg A H ASE @(Weighth) v S E1d Aol AFT %

HEE AZshe FAolt HPAT J &3 o 272 (Weigh2) F /1Y W2 FAET o] wet A9 A=
A A E F 8 AT AAY wod, WA= AAo] v Weightl > 53 A Q&= ¥ Weight2® o] AH 4 F
A A7E FAANZL o) TS AR dad s gd goR JYHH, AA F S AFo| T et 24
B X(reactance) & AT AL AEH < AA YA A B2 ko]l AT AAFASF A od A
whebA Y 20 YR A B 97} AT, R, 7o 2 AL B = of whel BMITF BMI2 7 79 W R
kA o2 o2 d 2R 020y doE)HEE U FAE BMILE Weightl &, BMI2E Weight2S 242 7 %0
Aok B, 34 Foie EE}EW Yo 2eE 67kA e = Aot ALE QU

l‘

|

(1kHz, SkHz, 50kHz, 250kHz, 500kHz, IMHz), & &l 2~ 37} N ASA 3 AR SASATHY PHA A AHE
A O 9 (5kHz, 50kHz, 250kHz) H42 UHTh $A A58 53l F A E 558 B4ste AA ot A= HE U4
2908 9 2okl 0 o, R A Bolo] BANE A ] FAS Y4 AT A4 o7 BAA o3l A5
GAFE YU 2 ARPOE e S WSE F7H5HG o8 BT 5 Y AT AYlA AP o/ F AEHQ
o ol%h S, I RATRE o], B8, A, AFH ALY AE B BYL A £ ATY FH |5 BEA A A @
2] 4=(body mass index, BMI), A A ¥ (body fat mass, BFM), Al T A£9] =& SNG4 dF 559 A 338 4
A& (body fat percentage, BFP)¥ 22 A A E ARE 9g 3 EFHA= <Table 2> FAHLE A&sit A &
7 vk 4 B (meta-information) 2 TG £ A7t FAL vEE AP0l AP Hd we} ARt o g FEIt S}
FE YA AEE AT F&ot] 5 BE TEE A5 Ao} dadte M FE FEA BT 4, EF A
= &% SRZ 7)o A AR} PAE e FREE RIS UE FIFAREYG R B9 A, $9F A
W02 BEIGT, 83 o4 607 3 @A Bako] 2 ko] EA| BT}
Table 1. Characteristics of Variables
Variables Values
Male 29, 4833
Gender (n, %)
Female 31, 51.67
Age (years) Collected by subject questionnaires 32.22+7.88
Height (cm) Collected by subject questionnaires 167.40+7.28
Weight!l (kg) Measured once before the whole measurement 65.31+10.32
Weight2 (kg) Measured after each measurement 65.59+10.29
BMI1 (kg/mz) Calculated based on Weightl 23.20+2.60
BMI2 (kg/m®) Calculated based on Weight2 23.3242.59
BFM (kg) Measured after each measurement 16.33+4.80
BFP (%) Measured after each measurement 25.11+6.96

Table 2. Mean and Standard Deviation for Each Measurement of Blood Components. The Standard Deviation is Indicated in

Parentheses
Measurements
Target
1 2 3 4 5 6 7
Component 1(mg/dL) 102.19 129.33 176.25 203.78 216.22 198.03 164.02
P § (60.13) (66.06) (89.48) (118.81) (137.24) (134.51) (121.20)
5.38 5.55 5.55 5.50 5.44 5.41 5.33
Component 2(mg/dL)
(1.34) (1.29) (1.28) (1.28) (1.25) (1.29) (1.30)
0.74 0.77 0.73 0.72 0.71 0.71 0.73
Component 3(mg/dL)
(0.15) (0.15) (0.14) (0.14) (0.14) (0.15) (0.15)
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£ B8 12§ HolHAL 2 41942 TAHACH, o]uf A
EOE ALY T G HAE AR FEOR BT &
A9l &e5o] o] Fold & UEE ~A Y (scaling) S 7] 4

O 2 g dole AAYE TP B AFAA =
2AYY 71 F BES 0, EEHUAE 19 2 HoE g =
Aohe T3 7S A&t siTh

AA 7t 459 Ho]EE leave-one-subject-oute] &J3l &
< ©lo]El(training data)9} H 7} Bl o] E(testing data) 2 E3}
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Input layer
126

Hidden layer Output layer

Figure 1. Architecture of the Proposed Multi-output Networks. The
Number Above Each Layer Refers to the Node Size

% T}, Leave-one-subject-out T-9] 3| @25 5 & 9 FA2
Ry SHE AES b dHoEE AAsn 1 9 ggaE AL FRE I o= B9 Y 32hv] E (parameter) & &3t
ZRH SAY AZL 84 fojEHE AAsld ndL &5 = WS 58 9351 s tdE EAS ggste A
EAR o8 7 IyAtuit wrEeM 2de AAds 3 A o8 i 3 BAZA aA o g RAHE £ 9ln
ot} O]‘; } APAREE FHE S0 85 EHlolE  (Reyes and Ventura, 2019). WebA @ thds 52 fjuit
Aol ol ek, RE g Pto] tha A 3 MY Hr} 74se HAEES WASL, o U E ¥ (representation) T A4 E&
WHoE o8 tﬂ olf] BA il AF AHLHE dHolg A& EAWTHBorchani ef al., 2015).
28 oty 2 A= 609 J3AZ 74 dolH B AT AHER HY of 2 E RE L O3 HAEESR
AL AL ER Z 60719 2ol AA4AT 7t mde dd  FAH AT E}Z JV"EEO ALY o & A AE R Ze
ANH e H7L HolHE 8% Bt o] FolA, HE He ?_"S'L AR 3 FPOE o NAT FolA 7HE 7|2 A
07H ndo FAHF A5 Oi Azt AZ olHaE o) & ¢ Fejolnh. Y3 Z(input layer), =2 ZF(output layer), 18] 1
HolE 9 10%E F39 32 3 B8eto] ALe9 3 A8} 285 ’\}O] of EA)st= &Y% (hidden layer) .2
FH02607) 7 RS HrhdolE 6N AR & 2d ol FoA Y T A EEdE EAHA e 4TS
S Ak, AA 419709 AZ F <5 dHolE 3714, AF 7€YY EA % }(feature space)= M2 54 F7Ho 2 W3
dlol €] 417, B 7} dlo|E] 7] & FA =T e B4 32 7](feature extractor) = AFEH T o] = B A
t o] E] 9} 0] Z(noise)E A 2| 7He3sH 3, v Y ZAE
11 EY2 7z A -’F' »]\E_ 7%04??} 297 25357 6l_hjr(Gaidener et al.,
1998). =3 043 HAIEE-E tlo|H &gl Exof o 7}
AA 9 G Yol = A& Adete 71Eo2 Fgste . Aol EAEA ¥7]d FHAY A 8ol 7hestthe oA &
F3 dF Ro| ZAFT) oo wt o7 IF ARE FY A EY 52 8 7ASE B e AEE o] o] A
ANHo Btz oz uEe 4= glojof ot WM B A7 T AG REL EF AL 5 oS fofnd g4 24 F
dZatazt st A 7HA AR F BEE A 28 ES A SHST S HAT ) o) AHEst A dHglTh o] <
£ 9E ob-LF(multi-output) RBE A ekst, 2= <Figure T, HlolH & 2 FA G WA E nesto] HFHOE A )
>3 2tk AEAQ JARA Rl EL dd 28 BAS ¢ 9 2HFTS AET OF HHEES A&t oW, Al &
Aste b AE3 G o] FolA ok 2, B A HF =& FE 126709 4 M Woll A Al F o1 g57
A% A 9101/\‘]‘73 thargk 99lo] BAo] dS Ao A EH FE2 el 1269 Al 630 & FUsHA HAEA
gt tE 28 2AS 9% 5 9= FHo mdo) Bes o 2YFY L FE dFsHe T AL sEY s
th(Xu et al., 2020). °l a S Ao A Zokgh W] o} $-F wdl e uEd 308 HAEGT
e YEYAR F ol W WMFE A d3se 2 ATA Adshs REE FHH O <Figure 29 &
Skip connection
X —| Lmnear > MLPBlock [—*| MLPBlock [—* MLPBlock %4’ Linear
Linear [ I%chn: | RelLU [—* Dropout

Figure 2. Architecture of the Multilayer Perceptron with the Skip Connection
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o] 45 HAEE 23 A (skip connection)= 4 &
o 23} AgAdold Aol wheh A&A Q0 FE 9 F3t
o] obd, sfu} o] F(layer)e AUHE AAS v
(He et al., 2016). 0= AEE WA H BHHoE £ A
< EO]E 299l ResNet & ZHH ﬂ'?ﬁf} TEE HeY T
g nodle 7 A8 =9 4 9] ;O_-L_\,}x% 0] H]-lﬂ oF
’\}%%E}(Gorlshmy et al., 2021). £ od:r“’ﬂ A AHEEaL
0% HAEE 299 Zo|7t & Jad F20 Hle|
%l;(]lﬂ-’ zdo] Zojo 2= AP A7) AW AL A
03 HAEE RdRT F73 29 S5 9 H A3
ol d & Utk wWEbA 4 (1)} 2ol b5 HPYEESE 74
TZE 7|HOE ResNetoll &85 27 Av Mo vl
e JEE F 85T &, 4 ()9 2ol 4ETA =
S 7 3o A4E F7lsH

01[‘ Loy 3

[e)

by ;3 |
o Fy > rlr

e i
ofN [
fi i

MLPBRock(z)
MLP(z) = Linear (Linear (z)

= Dropout (Re LU( Batch Norm/(Linear (z)))) (1 )
+ (MLPBlock(...(MLPBlock))))  (2)

Ao £3] A4-5 = mean squared er-
24 (3)F 2ol T+ 2 o E
‘35]17(]% FelolH, Sk Al A S Tt
Bl 3fEs derE(e,,)% 935 thaE gete g
¥t} Optimizer 42+ Adam¥} PCGrad(project
conflicting gradients) &1 2l5< AH&3FATh PCGrad €]
Zo o Y EAFTE HAS A 4t gradient7} A
BFHE U 271 Aol = s 2717k A2 gradient7}
FAEHE A5 Beatr] A3 Eolth(Yuetal,, 2020). B
of o) Fataiat st F Y Bl ik EAFETE A (4)%
Zol Aod o, ol g A2 oS At FFHE = dAuE 0,
o o & tidE gy 6, 0,2 48 old, srH
0,,° 3l 7 o5t/ gradient= ZHAke] W3S 7 o wh
gk ZAR] FAEE ol 3t ZA=E AT T F gra-
dient®] Zt%7}90°0] o] A vl kg 7hof whet 2 (5)¢k
Zo] A9 gradientE o] &3t Ber|E ¢, E QU0 E
o o5 53 duo|E | etulE ¢, &= 7 Bl 2A 7 R A
YIS Hastote FoE A5 Holtk &+ 9l

= oy

T
Loss =min Y, L,({6,,, 60,},D) (3)
i=1
min 7 ({0, 0,) D)+ L,({6,,, 6,} . D) (4)
g;lz :osh _proijl(gsh) _pTOijZ(gsh) (5)
o B =, AQt RS AgstdA A 45& e
spol5 sheulE1 2 galahed B 3Tk WA 271 640,
8<%+ E(learning rate)< 0.013} 0.0012 A A3t A3 A3
HFHOE 0.001 AdstAtt EFoFx(dropout) HlES

0017} 0.12 AL3ld A3 A5 HFHo 7 (1S A3}
At} o9t A, A HolHE | &4 48 Fo| & &9ls)

o Hd 1,500 o Z(epoch) < 3+ 3F A Th

3.4 ¥

3.1 %71 A%

B AT s At a3 vu PHES 5 AR TR
& %S Hrsky] Ys) 5oj& A A4 (Pearson correla-
tion coefficient, p)2 ¢ AU WEE 2 2 (mean absolute per-
centage error, MAPE)E AH-8-3t Atk I oj & A a3AIFE 4 (6),
Wyt A MEE Qb= A (1) Tt A& 5}01“4' ojm ¢

oAy, y, y, gE 27 AA L AA gk B, A3 g,
o2 7k FS . FIHHOE 0 F HEFA FE
ofugit}, & ATl s Hoj& g AleE T3l B2 9
=28 Brt oy A Al 2 dF AR FE W3 F
ol & 7 motsl= A 72 T A 02 e 4 ), B3 3
T HAY HEE QAL Tl A B AR =Y A=A
GEEARHoZ H LT 4 Ut
=My =)y, —v)
P= n 2 n, ~\2 (6)
VE =) VE My — )
Mapp=200 3|4 (7)
n =l Y
32428 A7 g Y
At WHES H7tety] Yl & Aol e 71 A g7 9

QY
Ogd AR ES Hla YHECE ALIHT At
(regularization) @ W A&o] 7153k lasso(least square
shrinkage and selection operator), elastic net, ] S &-ofol| 4 &
o] ALE-5 &= 9 AAA U (decision tree), 1B HEH O =2
T2 TS Hole PFEAGY HFE 8 2~ E(random forest),
XGBoost(extreme gradient boost)S A}-&3} % Th(Sathyadevi,
2011). o1&} $HA| £ ATl A AdstE v 28 dSEE Y
YT O35 AP EE 725 7HAAT sty A fks
o Z3t= &Y Z¥(single-output) S EH S F7FFH 07 A
LAtk AF HolE & B3l /M 5@ 5 45 Bole
3} 13 3}2hol | (hyperparameter)ﬁ AARste HF A5 Bd e
Z3tAtt o] &, 75 RS 7|H o2 Ht v o E & 53
01]5— s AT B3 A E v EY
A Abol 7t o dA FRlsky] sl F 53] WHE AP E
Pt SiTt.

<Table 3>& 2 A7) A Agkahs e vl @ g 2
612 4% el Folth, A Adte] hEW Ak PHE



24 Fol4 - 224 - 239 WA -

4749 - 24

Table 3. Comparison of Results for Three Blood Component Level Predictions. Boldface Values Represent the Best Performance

Component 1

Component 2

Component 3

Algorithm
p MAPE p MAPE p MAPE
Lasso 0.55+0.00 54.32+0.04 0.64+0.04 15.5240.90 0.34+0.00 17.39+0.00
ElasticNet 0.58+0.00 53.10+0.04 0.67+0.00 15.09+0.13 0.320.00 17.4240.00
Decision Tree 0.53+0.00 52.26+1.82 0.55+0.03 17.26+0.84 0.60+0.04 13.15+0.65
Random Forest 0.46+0.00 54.97+0.33 0.56+0.01 17.1240.31 0.66+0.04 12.43+0.13
XGBoost 0.42+0.02 52.81+1.68 0.570.00 16.97+0.23 0.62+0.01 13.55+0.05
Single-output MLP 0.46+0.02 52.82+2.41 0.56+0.01 17.63+0.46 0.61%0.02 13.9140.29
Multi-output MLP 0.53£0.03 53234201 0.68+0.02 15.020.43 0.660.02 12.31£0.39
(Proposed method)
2HF AR 24 T AR IS dSster do M Hold HAEER tF 29 tF HAEEY oF s vlud
d& 45 Btk FAHY S A2 5 AL 255 Hoth 9Y 2YH UF HAEEY AF 23 AYHE 4§
of g goj& FAATTE 0.68, B At WEE A7 SRS W A A EF HE FEY dF A50 BT FEH
15.020]9, &5 A& 300 o3t soj & FAATIE0.66, B UTh Al 7 A&l 3 g & FAATE BAHCE
Ao WEE QA7) 12313 o] A4EHAT F AR 12 0.04, i Ao 9B & o= HHFOZ 030 st
elastic net 22 & A &3S o) 9]oj & FARAF710.58, o AHE Z 29 03 A EE 9A 27 AYA S F &3t 1
AUE 2dS A0S u) FF Ao MBS 037152260 F AR 1S AYT YA FEE AR 52 o= A%
ZEPHE g P Hold S A s Bt ole 8F o] BT FAHUG A EF ALt Foj& FRATE
AR 1 AY WEE BAE v dete A doR @ HAEHOR 004, e AU WEE QA= HHHOE 023 4
T F2E R RN £2 45 Bty E ot Stk mebA A B ELS o5 HAEE 27 AY)
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Table 4. Comparison among Models in Terms of Skip Connection(s/c). Boldface Values Represent the Best Performance

. Component 1 Component 2 Component 3
Algorithm
p MAPE p MAPE p MAPE
Single-output MLP
Heteonpt 0.41£0.03 53.3542.72 0.5540.05 18.10+1.01 0.56+0.03 14.08£0.34
without s/c
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with s/c
Multi-output MLP
. 0.50+0.04 51.74£3.93 0.62+0.02 16.21£0.61 0.63£0.01 13.29+0.31
without s/c
Multi-output MLP with s/c
0.53£0.03 53.23£2.01 0.68+0.02 15.02+0.43 0.66+0.02 12.31+0.39
(Proposed method)
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Figure 3. Important Impedance Sensor Variables Selected from the
SHAP. The Variables are Composed of Three Labels
Connected. The First Indicates Whether it is Impedance(Z)
or Reactance(X). The Second Indicates the Measurement
Position. The Third Represents the Measurement
Frequency
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Table 5. Comparison among Models in Terms of Important Variables Selection(v/s). Boldface Values Represent the Best Performance

Component 1

Component 2 Component 3

Algorithm
p MAPE p MAPE p MAPE
Multi-output MLP with v/s 0.55+0.04 50.29+2.43 0.62+0.02 17.24+0.61 0.65+0.04 12.77+0.47
Multi-output MLP without v/s 0.53+0.03 53.23£2.01 0.68+0.02 15.02+0.43 0.66+0.02 12.31+0.39
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