1593 ZAYSIAT Mp4# H6E 20254 122 (pp.1593~1617) http://dx.doi.org/10.17287/kmr.2025.54.6.1593

HLAT HfRE = LUE IiE oIS
MHIISsE 2IBRIS 718t 7|0{R2l BN
Predicting Post-No-Show Visit Patterns in Health Screenings:
An XAl-Based Analysis of Contributing Factors

HS7|(Fxr - AAT(@maxx
Dongki Kwon(First Author) * Sungsu Kim(Corresponding Author)

ZECHetn AHEE, S=7idE2[@s] School of Business Administration, Kyungpook National University & Korea Association of Health Promotion
(777ssanai@gmail.com)

ZEstn AYsE & BEChsn ofUX[BEZEHMITA School of Business Administration, Kyungpook National University & Research Institute for
Energy, Environment and Economy (RIEEE), Kyungpook National University(sungsukim@knu.ac.kr)

ogr|#e] AREE o7 Mu|A Al JH|9 £ T84 ATE st EAlolH, 53], o o|F 179
W RS o Sshe AL AFHoR FRsit) & AFe dxdd#e g 2020~20224 HolEE &-g-ato] o<k
B o)|3 y7io] Wl nulE 7}-;:@; dZsla, A9 7153 9FA 5 (Explainable Al XAD 7|2 o] &3] 2
710] 2918 B89t Random Forest, Decision Trees, nghtGBM 23 valed 9 e B v astel
o WL o2& LightGBM 24, njH-& Oﬂ—oﬂ Random Forest 2&0] 71 -3 A %% 91‘4 SHAP 71

= 243 A7 FA Aot Ojl—rgr/‘ﬂ" 07 o W7} %Eﬂoi 8¢k 99102 Yeyth, =3 LIME 7= &
g Wgd JakE o] W nt ?5‘8-‘33 AlZtH o7 H“?‘L T AESE A B ATE 57| #e "ﬂ"k "V\E“ 7Hd e 71
sl R o] T u YPFS dESFo N o7 A Egﬁ T By u el A Fd FEE AT

FAe]: depie, A, wAleY, ¥9EEd, A8’ Al

Patient appointment no-shows constitute a significant challenge in healthcare institutions, leading to a
substantial waste of medical service resources and a deterioration of operational efficiency. Consequently,
accurately predicting patient visit propensity following initial appointment absenteeism holds considerable
practical significance for effective healthcare management. This study leverages longitudinal data from
the Korea Association of Health Promotion, spanning 2020 - 2022, to predict the likelihood of patient
visitation versus non-visitation subsequent to appointment defaults. Crucially, the research employs
eXplainable Artificial Intelligence (XAI) methodologies to elucidate key contributory factors. A comparative
analysis was conducted across multiple machine learning and ensemble modeling approaches, specifically
Random Forest, Decision Trees, and LightGBM algorithms. The empirical findings demonstrate that
LightGBM exhibited superior predictive performance for visit prediction, whereas Random Forest achieved
optimal efficacy for non-visitation forecasting. Application of the SHapley Additive exPlanations (SHAP)
methodology revealed that historical rescheduling behavior and new patient status emerged as pivotal
determinants across both predictive models. Furthermore, Local Interpretable Model-agnostic Explanations
(LIME) techniques were employed to provide a visual interpretation of variable-specific influence directionality
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and feature importance magnitudes. This investigation contributes significantly to the advancement of
healthcare appointment management systems and provides actionable insights for efficient medical
resource allocation and personalized patient engagement strategies through predictive modeling of post-

default patient behavioral patterns.

Keyword: No Show, Health Screening (Health Examination), Machine Learning, Operational Efficiency,
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22T oletRE % wE e ofs
&4 Gu 2 x| ela, 149 HIAE o= 1
o= &Aoot} (Deina et al., 2024). T Yolr},
Al 2 A1y 7]uke] oS Rd e theedl WHE o
=5 JolA A w2 A3t ud 54 AL, A
H 2 24 & 5 57| F8 YA &4
o] 7bgete] YL A A=k £ 7|dto] H}
(Amalina et al., 2025: Liu et al., 2022).
B A Me Ao 167] AY =173

A1 Fo A 3gk 204 o el oF 1015 719] 4
R dolEE BT dF 2E S 9
Python(¥1 3.12.3)3 Anaconda(¥|A 23.7.4)
7|2 & &gt vileld 2 HFE 2P E 48
3}t Random Forest, Light GBM, XGBoost
oF 2 vy 2 ME 7S AHEEen,
Y g A4 FoS A S8 59 28
Fastart. t-HA A 572? ‘ﬂ"ﬂ pak

t-A3 S

< H o] Maso] AAE o
'3}“‘4 3 A3, ofoiEe
Hato] BA4 F9ata d=go] & 14719
=yt JZXJ o8 AT & AFdA =
20209 ~ 2021 Hleolgl 707,16715 <5 o]
B sflon 20221 dlolE 30374172 2
E HMEE ol B3] dutsl 7154 o3 A

< 78I 2™, Random Sampling 78S &-§
0}04 2o A< Zekatlth(Mamandipoor et

FI

71

A st

A M54A HM6E 20254 12

al., 2022). ¥4 dlo|Hd| F=sA Agse H4
& (overfitting) A& WA StaA 53 waAH S
(K-Fold Cross Validation)< 3391 thH(Varma
and Simon, 2006).
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Sarker, 2021
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e
-
9,
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R
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N
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oXx i
iliA

o

ultiple Logistic Regression
@oﬂ 24616]. /\-]2‘5:] U?‘:ﬂ oz o1
o AME 23l (logit) S AL

o Age) GET WS o
BRE -r3§ stk (Yang et al., 2014).

1 Decision Treest E#] +Z&
12 %5

o, M
)
1o M (R
2, du
= ofy oS ot
— Ol =

|
oX,

fﬁi'

g o do T
r

o
I
5

=

(@)
=
1o

il
N
e
o
= H

H dolHE 2&at 7t wToA 21 &7
3 HF X oA dE5gke A=t (Bagriacik
and Otero, 2024). Random Forest® tre] 4

=
=2

3 ERlE Al o & 5 s, d Ex
9o = A¥E BEX w= g oz Bt
(Breiman, 2001). o]&|3k 7t

o HXE AAE THele o AHS A, B A
;F_g]_ 7]—0] EX]—E]' (’ﬂc—’—],: E EH%.% cﬂ %a’% Eﬂ a
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Aot} L ST E Ao R S o dY F4
4% & (Ensemble learning) & &9 % WFE2 oA £F 725 7NeE FEIH

g3 Agete] @ RdEn o ZEs dS A 7 2P 7129 stolw gebvlEle] gk (Table

T Tdste 7IMoR, 53] HolHst EddstA  3)3 2ol A HUTY

U o] z7b EAlste 7ol freletth & Aol

 Aed &4 S0 et Hrhee B 3.4 oF 28 s Tt

2B 7]dk e 289 XGBoost et Light CBMS

82519 th. XGBoostE Gradient Boosting &aL o7 BF FAll2] A5e &%F 3 (confusion matrix)

gEs 7INe s ot st 7 WE g 2 Bol AEHOE Ut glon, dF 2y

53l ma2A et BAE A g (Mitchell dee FE (Accuracy) A = (Precision), A

5
et al., 2018). LightGBM& &= 4] Eg] &3 d & (Recall), F1 A< (F1 Score), ROC AUC

(leaf-wise growth)= AH&at dtg S8 7iA (Receiver Operatmg Characteristic Area Under
ofa o8- ol AHeld HAstd 125 A|Fe  the Curve), PR AUC(Precision-Recall Area
TH(Hajihosseinlou et al., 2023). o ¢F= = 1 Under the Curve), MCC (Matthews Correlation
T 9 EE &2 SYHUSE 188 duElF B Coefficient) 9 2 A RS AHESto] E4E 90

(Table 3) 2% m7|x| & sfo|Hui2tole HFH

Model Package Hyperparameters

criterion=gini
max_depth=10
n_estimators= 50
min_samples_split=>5
max_depth=15
min_samples_leaf=4

Decision Trees sklearn

Random Forest sklearn

penalty =12
solver=liblinear
C=1.0
max_iter=1000
objective =binary
metric=binary_logloss
reg lambda=>5.0
max_depth=4

Multiple Logistic Regression sklearn

LightGBM lightgbm

objective=binary:logistic
eval_metric=logloss

reg lambda=>5.0
max_depth=6

XGBoost xgboost
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Po=E A4 27 ?}Eﬂ 2% 74
&< <ulgtel, 4 (DA, TPE 44 %4 29
A%
/\ o

(Positive) %“ o8 "ﬂz

Z
@D
(0]}
Q
=
<
e
m\m

TP+ TN (

Aceuracy = N P EN

oA A
H A o =(False Positive)=
= AJAPEAE F7kete  f8st.

L TP
Precision = TPL P (2)

APEE AA gk F 2F o] SutEA oS3 v
)

< YEhiH, 4 (3)dM ¥ e

Al Rdlo] o] &

[e}
it AL go] ok A AAE EAte
~ES &

o
&
Positive) =

/\

G Aol
sgit,
TP
Recall TP+ N (3)
F1 Score= AUE9) A& E 719 73S $3=2

o
)l ZLEL {Pﬂ dP< aefete], d5 ol
=] aL
=

AYAA #AG BE W 28T F Sle

HYSHATL ®543 ®MeE 2026 124

. F'1 Score #to] 1o 745 A =9} A
of ZF £ S ovisi, 0l 7PEs=
B AL F S} olgel S ke
F1 Scorew AAAQ] &7 4
A el 4 Yk F28 ARZ A5 AeH
Precision X Recall

=2X
Flscore =2 Precision+ Recall @)

2 & AFAFMCC)E E&319tt. MCCE d
23t AA gk ke ARBAES ke g g 3
o3t 9 H(TP, TN, FP, FN)e Hl%% F3Hor

2]
F o= A7 21% P717} 7}L h:}{— AoA 3
3% (Accuracy) Y F1 HgEth 43 54

oh MCCY & -1eA +1 Afoldl

)

Iy lﬂ
o
rlo
—d
i =
o
2,
|\
r
FIN

WhEsE d5Eel &

-1 $d3] vgiE = oS A2E ofvlditt. ek
MCCE ©d] 3 54 v&dd AR &2
2d Abke] 73 A3 Hes JFH o Hrlshe
o] f£3tH(Chicco and Jurman, 2020).

TPx TN— FPX FN
V(TP+ FP)(TP+ FN)(TN+ FP)(TN+ FN)

(5)

MCC=

PR AUCE 4 2o tdt o Z9 2l =e}
EFE FHE T 53] dlolE YA ¢ A
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Zo] F38] A2 4%, PR AUCE ROC AUCH.L}
o] A444< 45 37t AR= ¥ PR AUC
= olglgt I ofef WAE FA e oz, 19
PSS Bdlo] A P2 did] =& AUE
ot A& Sl @48t A ol gitt,

Cu

o,

=

oL

lo

N, o

rEi 2
O

HU HU

iy

e g

ﬂ*g

)

é
(@5}
T
>
av]
rlr

Ao ek 2@ ol AA AL
(Lundberg and Lee, 2017).
Shapley #-2 &2 AdellA
stAl ka7 9lgk W
Me 7t Hlolg] 540] ¢ Al
Hrlsle d AFSEY. 24 E49] Shapley &<
o] o Zof tig 1 549 A 7|AEE e,

;L

= m_xq H—]

=

8
H 352

RE 549 Shapley US] T 299l 433 <
Z|gke}, Tl 239 x{ﬂ}x%cﬂ A 7L SAS
£ f830 54 FLES A7sa] 1Y 2
AP WAL WrE u+° & % slon, 54 79
3584 B7het 4 gltk(Nohara et al., 2022).

LIME (Local Interpretable Model-agnostic
Explanations)& 53¢ 71485 239 d 35
olafsta e Astr] Sl /e 7ol °l 2
2Z0] oStk AnS ATToEN IHH &
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Accuracy), ROC AUC, PR AUC “H%
T(MCC) 59| 7t A%E & 4
o A3E Yehdnh, o9 Class ?
isit? No Visit-> 72} d|<F
2 e ARE A A
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(Table 4) 24 7t M5 24 (Precision, Recall, F1 Score, Accuracy, ROC AUC, PR AUC, MCC)

MODEL Label | Precision| Recall | F1 Score | Accuracy | ROC AUC | PR AUC MCC
LightGBM Visit 0.8249 | 0.8498 | 08371 0.8394 0.8921 0.8836 | 0.6791
1 . . . .
g No Visit | 0.8540 | 0.8296 | 0.8416
isi 82 8432 .
Random Visit | 08288 | 0.8432 | 0.8359 | )¢90 | 0.8014 | 0.8830 | 0.6785
Forest No Visit | 0.8494 | 0.8355 | 0.8424
Decision Visit 0.8214 | 0.8500 | 0.8355
0.8374 0.8887 0.8753 | 0.6752
Trees No Visit | 0.8538 | 0.8254 | 0.8393
Visit 0.8189 | 0.8532 | 0.8357
XGBoost Sl 0.8371 | 0.8919 | 0.8847 | 0.6748
No Visit | 0.8556 | 0.8219 | 0.8384
Multiple logistic Visit 0.8030 | 0.8613 | 0.8311
. 0.8300 0.8859 0.8746 | 0.6620
regression No Visit | 0.8594 | 0.8004 | 0.8288
(Table 4)¢] Z&H o3 A5 vlu 2ol mp2d, o]y E98 AoMz Andt oS J5s Hol
WE 2 FE5HE9] 9 F1 Score(0.8371), = 280 449 £ 9t 2v52 & Random
ROC AUC(0.8921), MCC(0.6791) A& Forest MCC 0.6785% 53 52 ByoH,
LightGBMe] 71 43 55 Bt} nE Decision Trees7} 0.6752% o420 57 3 S
o] & FE5HL| tisA = Fl Score(O 8416), MCC gl 4= 9l
(0.6791) A %94 Random Forest’} 8 A%
oA Hold A2 Jepit dubdlo g maley 4.2 oS g8 0l 24
Hold| & F1 Score7} 0.8 o4 7% AU%
AdE 7F Aol & o] Folxl $43 o F 5oz 73487 A FEE o] & uAe] WE oRE dF
ZHEtHAsimopoulos et al., 2024). F1 score 3l o 9k nAE 898 EAEE Aot} o

N

|- & LightGBM(0.8371), Random Forest
0.8359), XGBoost(0.8357) w22 43 A%
< B3tk ROC AUCE °J7 &fellA 2do] 2%
S xot B S 2E Aot aH R 7
TAE Yehlle %7k Al ROC AUC 71Ee2E
LightGBM(0.8921), XGBoost(0.8919), Random
Forest(0.8914) 2.2 93+ A%< H3t}h MCC
T =1q HolHdAE A= & e 97t 7t
5% 212 (Chicco and Jurman, 2023). LuH4
02 0.6 oY A5 AZEE 2te AR 17

t}. o]o] me} MCC gte] 0.6791¢! LightGBM-=

—

BHSATL ®54A HM6E 20254 12¢

HE 283

4.2.1 & (Visit) TEHF

LightGBM =3

Tree A€ dug]Foz, 53]

< (Gradient Boosting Decision

WY WS A2l
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AL 7, dlole WA E HasbetaAE & Wk Al MAR Fe9 MEs 3 oot F
2 o3 A Y BA Y EOJE} olgd  (0.01373)gt. ol nAQ] oA v o]Fo] g
EAQOR o8 oot HoleAy WY Mert e TR AR d3d IS viAE 2ddS 9@
T4 dolg Ao avtgoz H49 & Yrh(Yan o ] WA 83 Wi 34 ook 24:(0.01242)
et al., 2021). Atk 9] o871 dof AYo] WE AFE 4=
(Figure Dl 718 29159 5450l 54 29 o= © Slo] Foug Ju= 2832 ofn|sin,
oSl DA JlddheA BoFa 74 71zt vl d < o]ge] iy nAUFE oS A
S 295 AR FAGT A Ao ofF A I nFIvke A& e o]9fef o<
(0.31973)7} 7V 28t W2 Yeiddh slg ¥ A9(0.00714), 1e](0.00594), <12F2(0.00409)
FE 2 7PE 2 43S v, Adok old o dZd Fa3 4R 283}
o] & uAYFE HEY 7psAol Atte He & (Figure 2)°1A 77 W&ol FHA2 7loe 2
A & Sdeh. ole HA Aol Aol FF PFo] 2| HAH L FHA 7] E s 8AE 9F
8T dFS vAdE AL guent. thFoz 4l o FAEH 2 HdE & 7leddA Fawst o
T o5(0.02243)7F F HAR T HFER Boe AL @ BE M8 B0l L
v 3 I slei Jsa 2% do AE(0.0500), F7 o< A5

et 2Hgsk, dfd el 27lde] of& A9 7+ (0.0250), H](0.0155), «l2F€(0.0146) o] &
Q 18

7tz 3 HEd] 9T AL F2 299E U zaom. oE WRE dol ¥24E BT A5GS

0.31973

Past Rebooking
New Client | | 0.02243
Number of past no show || 0.01373
Number of past reservations || 0-01241
Reservation channel(Website, Phone, Visit Reservation) J 0.00714
Age(20s, 30s, 40s, 50s, 60s, 70s, 80s, 90s or older, } 0.00594

0.00308
0.00156

)
Schuduled appointment month(January~December) | 0.00409
Schuduled appointment time(Morning hours, Afternoon hours)

)

Gender(Male, Female

Lead time | 0.00152
Number of past no show / Number of past reservations] 000130
% Lead time (regularization)
Schuduled appointment day(Monday ~ Saturday) | 0.00028
)

Public holidays(Visit one day before and after the holiday) | 0.00006

Traditional holidays(Visit one day before and after the holiday) | 0-00001
0.00 0.05 0.10 0.15 0.20 0.25 0.30

(Figure 1) EM Z2% Tai=(LightGBM Model)
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Prediction probabilities

No vist [ 055
Visit No Visit Visit

New_Client<=-0.17 4 0.0967

Reservation channel(Website, Phone, Visit Reservation) <= 0.47

Number of past reservations > 0.14 4

Schuduled appointment time(Morning hours, Afternoon hours) <=-0.41 4
-0.57 < Age(20s, 30s, 40s, 50s, 60s, 70s, 80s, 90s or older) <= 0.06
Traditional holidays(Visit a day or two before or after the holiday) <= -0.08 4
Schuduled appointment month(January~December) <=-0.78

Number of past no show <=-0.39 1

-1.15 < Gender(Male, Female) <= 0.87 1

Public holidays(Visit one day before and after the holiday) > -0.18 4

Lead time <=-1.354

Schuduled appointment day(Monday ~ Saturday) <= -0.75

Number of past no show / Number of past reservations] |
x Lead time (regularization) <=-0.89

Past Rebooking <=-1.41

(Figure 2) LIME aliM Zz}(LightGBM Model)

S7H71E ke R Agetglon, 53] oo Ad g 4= 9)+= Random Foreste] §4do] 2 Fg€t}.
oA oo BPE A g o] &l Slo] T EI ASHe dUiHor Ao, b 2 E
A P Ao M 5 ok g E 289 e g 7 RYoR, JAYS
At 174(0.0967), «leF A1zE(0.0195), e F  Foln 2 dF HId=E FET 5 tH(Tang
d A% o5(0.0149) T2 W& 7FsAd= ¥FE  and Ishwaran, 2017).
A a9lor gt o]F MaE A%k (Figure 3)°ll4 Ao «15(0.32470) 7} 7+
& A2ATE WEgoR Jldskn, 5o At 1A ¥ g ER Yepkon, ol s Mt 179
T U 4] #Eo T hede wole R 7S dSeke Ul Slo] MR AEd As
g9lor Aget= Aoz A 2 e A2 gy, Adof ojge] gle
IALFE QA vEE 7ol Atk AldlA,
4.2.2 n¥E(No Visit) E45HF B Aok ol ofR7t FF YT S T
FFE e AL Ak

=4 FHAR F93 A
F 7 R UEhgon ol Al
ol o
=] =

Sobd F540] 9

HYSHATL ®543 ®MeE 2026 124 1607



718 A z=]ol el A, dof of WAl § AAlY A e 282 ¢ 3k 53], A
ool £717 $EE 4 dlol, Mg FaEd W o ool fAY A 1A Agele oot 34
" Ao et Aol dd vAAE skl 4 Ajekel At
2 JeE el (0.00103), 3 diE 95 8 I 59 9EY 0% YA AAFORA
(0.00100), =€} (0.00054), lF9(0.00048)  HESS B3E 6 71918 & SlTH(Atta et al.,
SE JUAOR Be SRolAW d3d 94 £F  2024). P, QAHE A EE A9E AE(Ma
o /|9 E 3 Yk W UeTh 59 A o et al, 2019)8 $9) BE G2 Zoee A
P A5k A9 old BHS e Fw 9A B3AQ Wele 0ol & gt
54 5 d35= 7heotA s, 43¢ e B (Figure 4)ellX 282 7lde A& FAH
ol aATS Adste U & FJEE HHT 31 FHAA 7S st 89S LEZ FAEN
T U BY2 dopie o]F nyEd 2Eo] 0.70, ¥
g ook e, FRHY T TRE ghol A9 0l & FEo] 0.302% d3FFon, nYE Thede
FHo, & oS BYcME ddHom Tloert F7MTE 8leme Al 274(0.5829), A<k
Se WgR BohE. ol g Mese] e B o13(0.2423), ok A9 (0.0695), == B
7oy 27 WAL gl ADAAL drldh (0.0244) MR Uehdth WE AFeAE Folk
olelg B4 AT o1 RE S A ez 1o](0.0598), A ook A5(0.0457),
Past Rebooking . 032470
New Client || 0.00990

Age(20s, 30s, 40s, 505, 60s, 70s, 80s, 90s or older) || 0.00103

Number of past no show ] 0.00100

Lead time | 0.00054

Schuduled appointment month(January~December) } 0.00048

Number of past reservations | 0.00030

Reservation channel(Website, Phone, Visit Reservation) | 0.00023

Number of past no show / Number of past reservations] 0.00011

x Lead time (regularization)

Gender(Male, Female) | 0.00009

Schuduled appointment time(Morning hours, Afternoon hours) | 0.00008

Schuduled appointment day(Monday ~ Saturday) | 0.00002

Public holidays(Visit one day before and after the holiday) | 0.00001

Traditional holidays(Visit one day before and after the holiday) | 0.00001

0.000 0.010 0.020 0.325
(Figure 3) §4 2% 2= (Random Forest Model)
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Prediction probabilities
No Visit 0.70)
Visit 0.30

New Client <=

Past Rebooking <=-1.41

Reservation channel(Website, Phone, Visit Reservation) <=

-0.57 < Age(20s, 30s, 40s, 50s, 60s, 70s, 80s, 90s or older) <=
Number of past no show >

Schuduled appointment month(January~December) (=

Lead time <=

Schuduled appointment day(Monday ~ Saturday) <=

Public holidays(Visit one day before and after the holiday) »
Schuduled appointment time(Morning hours, Afternoon hours) <=

Traditional holidays(Visit one day before and after the holiday) <=

-0.174

-0.78 1
-1.354
-0.754
-0.18 4
-0.41
-0.08 A

0.47 4
0.06 4
0.144

0.5829

No Visit

Visit

-1.15 ¢ Gender(Male, Female) {= 0.87 -

Number of past reservations <{=-0.39 H
[Number of past no show / Number of past reservations] ]
% Lead time (regularization) <= -0.89

(Figure 4) LIME 31X

o2F(0.0437), 7152(0.0120) W42 HeRGT
ATt 1A, Al o7, dof Ad WEE nEE
G52 I7HI7IE T8 8908 Yeyt. 987
e dlok o] & MAS A 414 He] utez
578 & Ao ¥, o], BA o< FF o of
22 dS AT A WP E 7t S WFEE 1
M| g g Ee 41F] 7]uke] W o] & T
A& el e 2T SFY A9l ook o] g S
71fﬂf§ T e Jdoz ned 4 drh(Ferro et

., 2020). (Figure 2)¢} (Figure 4)¢] Visit <l
% & 0.559 0.70 Ato]9 Afole 72 §4 AL
Jol tigh 2de] il oS gEo]7] wfEel A
dolEeA AtEdt HHE&(48.6%) % A4 HluEd
T otk 24 dSge Al W 239 2d 7
Zof| wet MEHBER 2T §
% 111E 3 HA de

fri)

AGSA Mp4A wMeE 20254 128

Z1H(Random Forest Model)

V.2 E

7B e 2 o R EE o8 AH|x A
GHZ ojojd g gemR, ofF Hadlel] §13
AAA A sk AEAR] wmglo] g}, doftE

= e 7 el fJe 2, o= 9=

71
=9 H & F7eh ok AlzEl HESE e
gk olet, o & el Faet mAEo] AAld A
Aol A5 5 wg 71318 9 e 295 z¢
set. o] & Qs =7 u BRoA &4}
AL Ha) 7t S 4= itk (Bech, 2005).
o] et 7”01 EW oﬂ‘*" Altﬂ A, e
dofo] HF &

A
4o
o &7] e 94 Er%‘% VAN E T ‘ﬂﬂ‘r(Hu et

al., 2020).
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