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S E41519 0™, SPSS Macro Process 4.0 T2 &-835fo] o]Fujrlay} 48 A
%At} SPSS Macro Processt= 917239 S atE Rtgsto]l 5ol 7hsatw W wizjaae] 7t
Zrel SAIA Asol 7hsstiA R dhube] YoM SAFAES Fal 270 ool mipir
stz olzwizl ez A Aok YT, 2013). wiZlEHe] FAAY FoAdS FEXEHY
W2(5,0008]) & At AT

l

3. A+23}

Table 1. t)’dzte] dvbd B2 (N:2265)

Variable Categories Frequency %
e k1 1217 53.7%
o 1048 46.3%
= A 1002 44.5%
CATE FAEA] 901 40.0%
wHA 49 351 15.6%
)95 3 62 2.7%
58 351 15.5%
A 8] A e 1072 473%
I Y 5 s} 696 30.7%
)| -2k 68 3.0%
4 Rnans 16 0.7%
Table 2. ToRIF9] 7|&54 2 W5 7 A3
. A Ny
Categories M SD  Range PR PRy gddo k)|
AN F TS 3.06 99 1~6 1
q=3r 2.38 34 1~4 .148%%% 1
et 226 46 1~4 206%** 3325 1
)| 225 24 1~4 165%%% 076%%% 246%%% 1
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Table 3. th/d=te] dEgte] AL AA A st oot 1319 w7}
95% CI
Vari
ariables b SE t P LLCl ULCI
(Constant)
P EA-H LY 0.33 0.11 16.72 <.001 1.59 2.02
R=.33, F=279.52, P=.001
(Constant)
&) X 7k
Indirect gPr 7> 0.08 0.03 3.61 <.001 0.05 0.17
effect R=.25, F=20.11, P=.001
(Constant)
PE7F A H ST 0.09 0.00 4.26 <.001 04 0.10
srgge
A EL 0.14 0.01 6.85 <.001 0.01 0.03
a8l
LA ANEL 0.13 0.01 5.85 <.001 0.04 0.08
R=25, F=50.11, P=.001
(Constant)
N E 7}
Direct Hﬁ'ﬁﬁéﬁ-ﬂﬂﬂ‘éli 0.15 0.02 7.13 <.001 0.08 0.14
effect R=.15, F=50.81, P=.001
bregression coefficient
Table 4. Mediating effect verification
e 95% CI
H = Effect BootSE LLCI ULCIT
Total Direct effect + Indirect effect A1 .02 .08 14
effect
Direct } _ -
ef‘ggt HE ST H kST 07 02 10 .09
. FEA-FP DA A S 04 01 02 05
Indirect effect - Ep——
PE->IE ST HUNSE 01 01 01 01
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(Kim, Ko, Kim, 2016; Gil, 2021) . &AL E &R 12 P55 S8 AT F A= F
93, 1 BAd g ABA Hrle] 7)FEo] HrhPark, 2019). 7t A A9 TheFst o

k, 3

S QPAE wo] yasojop gtal g o]F 9wt A Fo] £Y
4TS VA EE(Han, Kim, 2018) THUALALEE F8sHA i Eojof & Fo|thOh, Kang,
2013).
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2) A2 5Y

S Rd |4 5, 2003)01%1 Mgk Aol 58 4 =
T2 Akt & 4553 5 Likert HEE =79 2l
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olele A Peg AUAd AR SR AEA 2L B ARE AT

Aol el %A

B9 A] - E AFEE SPSS 260 T2 WL o] 83l BAEgon FAA WHe e
¥} 2t

1) raoistAe] dnkd 54 4t 258k WiEE 59 Ve FAEeE EAEAT

2) S5, EAMA Y, a8 = dal W, WEES A6

3) ShHES, TAS AT, SAAE ke AAE Test, ANOVA 59 4 WS AL§5}o]
T3 b AfelE A 38al, Scheffe testE A&t AFSEAS st

4) stFEY, TANESE, d9AHE 9] AB/AAE Pearson’s Correlation coefficientsZ. A}-&-
sto  EA T

31 WA Qd 54

harAke] Ae ofal 1367 (87.2%)°1™, 18-S 20~24417) 9878(62.8%) %t WS ATIH L=
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AN F7) 38 (24.4%), Bl F7ko] 328 205%) 01T SEIFY FE BE UE
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o 2Eledel EAAE FH WTEASE 13(@6.8%) o= TP wekon] dhiAlel ‘o
FAE olggeo] 31%(19.9%), "2=2E SF olEwo] 308(192%), ekl HEFel7F 151
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32. AR SHEY, FANASE § AGAAE
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Aoz ol Aol7k yeiyith EASZ ¥ dig A& W
A Al A E=3.070, p=0.18)%1 4 o] gk Aol 7k HERT o]



AHAZE g 4 =S5 (F=20916, p<. 001), 2ol Al 4% (F=6.897, p<. 001)oll4 <]
gk afol7h yrERSE

4. A3z SaEQ, EANE Y AR A28

w

References

Chaung, S. K. (2011). Critical Thinking Disposition, Problem Solving Ability, and Clinical Competence in Nursing
Students, The Korean journal of findamentals of nursing, 18(1), 71-78.

Chung, A. K., Maeng, M. J,, Yi, S. H, Kim, N. Y. (2010). The Effects of Meta-cognition, Problem-Solving Ability,
Learning Flow of the College Engineering Students on Academic Achievement, Industry electronics, Journal
of the Institute of Electronics Engineers of Korea, 47(2), 73-81.

Gil, C. R. (2021). Relationship between self-directed learning ability, learning flow, academic self-efficacy, and
academic achievement of nursing students, Journal of digital convergence, 19(12), 617-626.

Ha, Y. K, Lee, Y. H. (2021). In COVID-19, Factors Affecting the Problem-solving Ability of Nursing Students
Participating in Alternative Clinical Practicum, 7he Journal of Learner-Centered Curriculum and Instruction,
21(2), 989-1006.

Han, S. J, Kim, H W. (2018). The Relationship of the Subjective Happiness, Ego-resilience and Academic
Achievement of Nursing Students : Focusing on the Giver, Taker, Matcher, Journal of the Korea
Convergence Society, 9(4), 461-467.

Joe, S. S, Ju R. (2020). A Study of Factors Affecting University Students’ Learning Flow in Overall Distance
Learning Situation: The Moderating Effect of Coronavirus Anxiety, Journal of Korean Association for
Educational Information and Media, 26(4), 909-934.

Kim, E. H, Ko, Y. J, Kim, S. N. (2016). Effects of a Capstone Nursing Research Course for Nursing Students,
The Journal of Learner-Centered Curriculum and Instruction, 16(10), 473-492.

Lee, J. E. (2021). Learning Flow, Self-Directedness, Self-Regulated Learning Ability and Learning Achievement of
Nursing Students who in Non-Face-To-Face Learning Environment, Journal of the convergence on culture
technology; 7(4), 511-517.

Lee. S. J. (2010). The Path Analysis of Teacher- Student Relationships, Class Climate, and Learning Flow on
Academic Achievement in Elementary Students, 7he Journal of Elementary Education, 23(4), 207-227.

Park, H. J. (2019). The Relationship of Self-regulated Learning and Learning Flow in the Academic Achievement of
Medical Student, The Journal of Humanities and Social science, 10(4), 917-929.

Park, H. Y. (2023). A Study on the Effect of Academic Self-efficacy on Learning Commitment and Intention to
Continue Learning in Non-face-to-face Online Classes: The Mediating Effect of Self-regulated Learning, 7he
e-business studies, 24(1), 137-152.

Park, M. M., Shin, J. H. (2021). The Effect of Online Substitution Class Caused by Coronavirus (COVID-19) on
the self-directed learning, academic achievement, and online learning satisfaction of nursing students, Journal
of the health care and life science, 9(1), 77-86.

Yoo E. H. (2021). RESPONSE TO COVID-19 IN REPUBLIC OF KOREA, Ministry of Education.



Proceedings of the Korean Data Analysis Society
January 25-26, 2024, pp. 23-23

Hlo|z)ek B3} 7] SgE o)43 3 wlele R E e A9 ARE AE

)1
ebk

58 APEES R ARE o) §ote] AW AWES AESW PR AT5e BAQ A

PA o 2 AE o] BF S 1A AUEE WG 2D 5ol 20, 43
Aol w2 Hud ARE olgdte]l AGY AYES AET uE AR £7 02 A5
AR 58 EAT £ BASAG B2 olgate] BF Ao AR £ A5F ¥ AUE

A

AES 7ok B AFdAE Evet 237 AR wS S e 99
I, i W wWolx|t Al BE 9 1A Sy s Foke] o
o] &gk AFE wuwstArk Aol 2008, 2010, 20159 A-F A B 5l
AFA A=E ol&asitt ¢-8+= LE, AT, LS —r—lr(%}_’ olg}, 1 3tul, i}t o],
104 ¢183(30-3941,....804 ©] ]
AL, AT, WS FEH ﬁ%ﬂE—fn@r s A]’%}%% ’&%6}933}. ojufj, A2 AFEA} 71 021
AL (1) #5E AR F5 IR ol 8sY () AE-UEFE-EAS AR wE 2 AL
FES o838 A 52L& 3) AHEA $E 012 dASALY @) WAt AT BFI (5)
1A BG5S o]&ate] o &3 A AMgAE =2 X3 F AR EFE A AMYES HES
O AE 8wttt 23 vl A WS $F wE HiF Al H 22 2Hroot mean squared error,
RMSE), ¥4t 2 XH(mean absolute error, MAE) 2 33t 2 X (mean error, ME)E ©|&3}3it). A

Ash, Aol A E ol 8% A el WelXe AT BF F A S
BE $EE AU £E THE ol§% PHnn AT 4 A5 AAES vwy =
A AESGT B e B 0% £F Ao AN AuEe] A@sH 2o pun
A AEHE 292 ndud ol B& W% £F YU A% AgEol o} AR £7} 0
Q) o] @] WO oAk WAt AF BYT A & olF Aele wg ol
we Huel A Augel B AEHE FFol vehih of vk B ol§ A AT
He Ade AHE A9 Foury AnE Weler] MEoR oAt FF Agdld o
FE Baol 2 4E ol Fa Arhit AP BE MEFEAE 47T ast 9

7280 717 S5, HolH HH, Hlo|A| ¢t Y, AqH AbgE

"o bz AREIIEHREANE] AUOoR FHAT AR AU ol FPH A7
(RS-2023-00212260).

(AL AR 49267 FAbF A AT AR 262, TS o Ff st QlEALS] oSl
E-mail: ikhan.kim@kosin.ac.kr

249267 FABFeIAl A AR 262, OIS o) E QlEAbE] o St A

E-mail: qogusdk0115@naver.com



Proceedings of the Korean Data Analysis Society
January 25-26, 2024, pp. 25-25

FAAFFAE AT AT5 2 AFHY TN A% 2Y AF

!, o)1=, ANE

AR okdel 7l 1907k S 7b

3ol da Age FasF, AFA

2 AV aFEh g e 2015 S EAIA 2

TVEEA T 2B MM AT B 22AEe 53 w97} olle SRR bk

T R T E eSS Bk W2 getd ¢ oA HAAvh g

ZhEEAC e REQA g EQ1dEH WES WYgd - Bl 4 (semi-dynamic)

2 AdEol gtk ey iR EQ1dE
3

2Ro] sEolA slglen, 7h

o o = 1 of o
DI et

~ W N fo o

fo Hog

(e}

| Pg Hﬁ 2
¢ o ret
) oL _111
- Al
f 2SR
o T2 b
) )
N e Id
- fr
o
X oX,
o oy
oZ el
o
R

o
I

—

o
N

-

off
tlo

10 _11>1A
é
_)L
ot
Hl
' Lo
N
N
-
.
o,
=
R
o,
A o
e
offl
o
)
A
o
=
o,
&
ol
—(N'
)

o 1
)

L
ol
ol

. o
ek

B ATAAE A ATRAZE 2 B
R AR, SR USROG P90 48]
F3 FAhT FAS AT TN dZe] AWFL I & YAk

o
B

o?.\‘. )

oAy X E N R
ol
o
32

s

Fafol: BRANL, NPT, FANFEY, 4745,

o] =wd tIs Wil Fard A che] BB %] 9 (NRF-2022R1F1A1065520, NRF-2021R1F1A1059513)2
Hho} 3 ] Q15

17035 A71% A4 AT v =81, d=relarolusti, = Al5-§ 7. E-mail: tykwon@hufs.ackr

04792 A& AET FUFE 228, dlolE¢lo], vlo]E ¥4 7). E-mail: kkaggunglO@navercom

YA A 35349 T Eobs e 88 Huiehil ALg]¥ste v Y] E o] et v}

E-mail: alwaysns@mokwon.ac.kr



Proceedings of the Korean Data Analysis Society
January 25-26, 2024, pp. 27-27

dzE Yolel st AGUOIE S o] £3 A3 AR} ok A

o]

g, F920°, AR, oA, o T, AP

ofje

Q oF
AT AL Wdeld, A&7t dhs At FE- AN AMY dliks 248 Zlojth A4
RO AR ARG 1E BRF okl A UEE 2034 4 AR 249 274 AL

A A BFHE AHENOH, ob&d AofFrE R VIEoR AREEAT. AT AIYE AW
st HZE HolHY uE mofsta RSy A Ade] Arles AREstlon
2020~20231 F-o] AR AR dlabs 2770 ofAlel wet A Aor ERagith Rl
A NKIS, ‘dAAA’ 9] FadolelE &8sl o 2ddolAe] 7147 E KeyBERTE AH4-a}%)

GwRAS ) A HE A% AY A9 A% % ehel aw wsh 20 S A
A By AEE GAT F AdTh ok E AoFIE &7 A% AN AT dlitel

TE s AHEE e g T AT AT AT AAoA ] TEo] B
s A28 FAAR A7k 22X} dde] o TS stk At Aol Ed &

=
4ol it W3, /% 3 AAS ol ok sk Ao B BY AR 2L Uk =
& 2771 A8 ol AlF) MR F O ol Qi Hopd At b5 Ao Jlug,

F280f AguolE, H2E dolH, it 4], dUAA, KeyBERT

421 30019 A%

skl A EA S w4 E-mail: cllee@korea.ac.kr

hul P ALt 2. E-mail: mojohwang @korea.ac.kr
gl P ALY WS, E-mail: trustkjh@korea.ac.kr
kol A}8] 528k} w¢d. E-mail: jnalee @gmail.com

gkl ¢

AAFA WY AL A, E-mail: tozis72 @korea.ac kr
=l AZEE 2511, skl vl dlo]eAto] a1~ 3 W4 E-mail: korpen@korea.ac.kr



Proceedings of the Korean Data Analysis Society
January 25-26, 2024, pp. 29-29

CNN 7] 914 ojn|z] & 43 5 A+F4

23l AAE B3 AFulolEE kA A BAA, AU HAE BE 5
ot} o] 19934, 200810l Fl¢l 7] F(UNFPA) 9] A
7o &2 FAH Armolr) kAR 199317 2008 9] QlTEE
= Al ULk ool & Aol 2023 E3he] F7F 94 o
AA AT-E AA S92 FAeAh A7 ZAE CNN
RS AEEGint o] RyYge fEvEE e ® CNN REs &
S HEE v B3PS ONNO tiAel ¢agEdl VGGl B
° 1A YR FE ek AF XfolE 2AS)
AHE-3FATE B, ©]%- & PH(neighboring effects)& 5713

of Bde] Aeg MAstdch 2 A A fjuEte] 4 FA9 AT AA Aot E
53ke] Fgy A9 dFE 20089 AMAATS} FAEA FA4H o

o o
rlo

re,
o ol
=

to 1o yp
fy A%

= o

ntr.

(o]
o

>
>
o

-0,

NoH
2 2,
2
o
oo =
ofr
ol
)
Ho
=
Lo
o
o2 [
&
=
oX g
O
B

¢

o)
o

o
-

oo I -
o
o
=

)
B
N
=
e o
ox
o,
=
N
°
N

=

130019 AMZA] AlZER 2511, T8t AAZA NS YA} 3A4. E-mail: wooaaaaa@korea.ac.kr
230019 MIFA] AER 2511, ity AAEA S W E-mail: cllee@korea.ac.kr
AR A AP 30019 AFEA] AFEZ 2511, e thekal Hl hlo]EjAlo]ol A ML W< E-mail: korpen@korea.ac.kr

i
i



Proceedings of the Korean Data Analysis Society
January 25-26, 2024, pp. 31-31

ZAl FE7HAe] FES WRAR Al WAL WA 9T $A

A

S ﬁ%

v el A% <
B Aol %ﬂl

AR FHA e Pl
7]-7—12_ okES. qusl—/\}

=13 7}730

& APl 4%@3;

7_3,
PN
TT

7]7(40i

%% AR LEE

22
‘gi“l“l‘,

o Wt e FEI R IA A Aol Al %S
22 THAAEGVOE st A2 Fastt ol

= Aes ded. 5 42 Aolsl

Bl

b Aol el o] dgel, 24
o Selvkel FES WA A2 1]
Aol Hlsh A SR Aol FEG MFAR e MAE B89
A4 38 2 9 AolE Mg 2

’*1 °<}% 7t 7é°§°ﬂ A= g

o

Fob diRuto PRelm, FA FEAe] ¢

=

o

o2
2
o
1
E,
=1
_?L
Y
W o
o
)
T 3
sg
02
it
oo
=z
?—‘(
>
i
N
R s

23}

e T s FAELE

1}
ueh g
A3, =A S
HolA| ekgkont, =A] o

o2 Ut 8
= A S5 7HAel wls A
Bk, ol tiFete] Seart
FTHANEH, See T T =
gl 7loA I AEE Bl

ALt )y o oAz

o
tlo
HI AN o
rir
S

=2
Ir

il
0
o

O;

2t}

Al

rir

o}

7889/ : international grain prices, grain import prices, assorted feed price for hog, gloval value
chain(GVC), nonlinear auto regression listributed(ARDL) model.

Ro=Ro dx

pu.

(NRF-2022M3J6A1084843)
'41438 dhghyla oA £

(A A 2141438 T

‘ﬂ:?fﬁ

HEhel Ader dmdpAde] AdS ol ATHNE

sy} A A}}LA. E-mail: Ihseon_official @naver.com
57 A 89 245 E-mail: soonbm@cnu.ac.kr



Proceedings of the Korean Data Analysis Society
January 25-26, 2024, pp. 33-36

Exploring Brain Regions Related to Azheimer’s Disease Using Functional
Data Analysis Approach on Resting-State fMRI Data*

Ido Ji, Eunjee Leé

Abstract

Alzheimer’s Disease (AD) is a burdensome and incurable neurodegenerative disease, so
brain study is needed to understand its pathogenesis. Since functional connectivity (FC)
alteration has been shown in among AD patients groups, Resting-State fMRI (RS-fMRI) was
used to explore brain regions. However, the previous study overlooked continuity on brain
regions in FC analysis. From a study who introduced euclidean distance in FC analysis, we
also employed a similar method and obtained FC curves. Since these curves can be
considered to be functions, functional data analysis (FDA) was employed to treat this type
of data. Especially, functional principal component analysis (FPCA) was used to extract
function PC (fPC) scores from each brain region. These scores were used as covariates in
logistic regression models with group penalties. Compared to the former approaches, our
method showed higher classification rate in normal controls and AD patients (AUC = 0.9).
Also, brain regions related to neurodegenerative studies were chosen in our best model.
However, there were cases where only one side of the region was chosen. Hence further
study is needed on these regions in our future work.

keywords : Alzheimer’s Disease, Resting-State fMRI, Functional Connectivity, Euclidean
Distance, Functional Data Analysis

1. Introduction

Alzheimer’s Disease (AD) represents a significant global health issue for which there is

currently no cure or effective treatment, emphasizing the need for intervention development.
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Resting-State functional Magnetic Resonance Imaging (RS-fMRI) is popular in AD research.
The method relies on the Blood Oxygen Level Dependent (BOLD) signal, which is a measure
of the oxygenation changes in the blood. Functional Connectivity (FC), which is usually
computed by Pearson’s correlation coefficient of BOLD signals, has been used in uncovering
intrinsic brain networks and the pairwise relationships of brain activities. Since alterations in
the connectivity among AD and its preclinical groups were observed, it is important to
conduct brain research on FC to uncover the underlying mechanisms and contributing factors
of AD.

However, many previous studies have focused solely on investigating the FCs discretely,
overlooking the fact that the brain is physically contiguous, and therefore, FC can also be
considered as a form of continuous data utilizing anatomical distance information. Kelly et
al.(2009) study used RS-fMRI and Euclidean distance to analyze the development of FC in the
anterior cingulate cortex (ACC) across different age groups. Motivated by the study, Euclidean
distance calculations were similarly employed to analyze FC in this work. From this approach,
FC curves are obtained which can be considered to be functional data. Functional data analysis
(FDA) was applied to this new data and covariates from functional PCA are used in logistic
regression models with group penalty.

The purpose of this paper is to explore selected brain regions from the group shrinkage
penalties that influence the classification of cognitively normal individuals and patients with
AD. Moreover, the performance was compared with logistic models in the cases where
traditional FC quantification methods were used as covariates, which was done in the former
work (Jung et al. 2020). This comparison could allow us to assess the relative effectiveness of
our approach against established methodologies in AD studies.

The left precentral gyrus

Functional Connectivity

Th:o:ﬁer brain region; sorted by distances
Figure 1. Sorted functional connectivity of the left precentral gyrus by proximity based on Euclidean
distances with the other seed regions.

2. Materials and Methodologies

Publicly available RS-fMRI data was downloaded at ADNI (Alzheimer’s Disease
Neuroimaging Initiative), and data preprocessing was conducted using tools like MATLAB,
DPABI, SPM12, and R. Then, applying the Automated anatomical labelling atlas 3 atlas, the
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brain was divided into 164 regions to extract BOLD signals. In Figure 1, for example, brain
regions are listed from left to right by proximity from the left precentral gyrus, representing
the calculated FC values with the other regions. Such curves f(d) were obtained for each
patient across the 164 regions. After that, the following B-spline basis expansion to these
curves in smoothing. To prevent overfitting, a roughness penalty was used as follows. Here,

f(d)=Y)¢,B/(d) and X represents a hyperparameter. Figure 2 shows smoothed curves of 30
i=1

patients in the same brain region. In this figure, x-axis is the distance, and y-axis is FC
values.

SSPE, = Z[yj—f(dj)]%mj [D % (d)]2dt = SSE +Ax PEN(f)

]

The left precentral gyrus

ivity

onnect

Functional C

Distances from the other regions

Figure 2. Smoothed curves B-spline basis expansion

For the mth region, the principal characteristics of the smoothed FC curves f" are
extracted through Functional Principal Component Analysis (fPCA). fPCA aims to identify the
principal modes of variation in FC cuves of mth region by resolving subsequent equation:

f C(m)(s’t) ;Cm)(t)dt — )\;C’"L)(ZS](‘:W)(S%

where C'"(s,t) is the covariance function of F™(.), ¢>,ET”)(t) and )\,ET”) are the k-th

eigenfunction and the corresponding eigenvalue. The k-th Functional PC(PC) score is
calculated as

& = [,

which can be regarded as the low-dimensional data having most of the information of FC
curves from mth region. In general, we will assume that there are 7, fPC that explain 90%
of the variation, i.e., there are 164 sets of &, fPCA scores. Hence, a general multivariate
dataset can be obtained. Since those dataset has natural grouping information, to take
advantage of this and to resolve high-dimensionality problem, logistic regression with group
penalty was used in modeling: Group LASSO, Group Exponential LASSO, Group MCP, and
Group SCAD.

Also, in order to compare the former work with rlogistic regression, other FC
quantification methods were applied to RS-fMRI data: Low-Order Functional Network (LON),
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Graph-Theory-Based Measures, and Common Component Analysis (CCA) (Want et al., 2011).
In the comparion, the Area Under the Curve (AUC) was used.

3. Results and Discussion

Table 1 shows classification results from all models that fitted in this study. In the
results, the model using fPC scores demonstrated superior performance with the Group LASSO
penalty, achieving the highest AUC 0.90.

Table 1. Classification results by AUC

Group Penalty fPC Penalty LON Graph CCA
Group LASSO 0.90 LASSO 0.65 0.65 0.81
Group Exponetial .
LASSO 0.72 Elastic-Net 0.61 0.72 0.77
Group MCP 0.81 MCP 0.64 0.74 0.67
Group SCAD 0.83 SCAD 0.59 0.72 0.77

Selected brain regions from the best model were as follows: The left subgenual anterior
cingulate cortex, the right caudate nucleus, the middle cingulate and paracingulate gyri, the
posterior cingulate gyrus, the left inferior frontal gyrus, the right medial orbital gyrus, the left
lateral orbital gyrus, the right inferior parietal gyrus, the right supplementary motor area, the
right and left middle temporal gyrus, and the left intralaminar. These brain regions are
indicative of their potential involvement in the pathophysiology of AD. For example, the
subgenual anterior cingulate cortex showed significant difference in FC analysis among
preclinical AD groups. Also, some studies showed that AD patients had the larger caudate
nucleus volume than it preclinical stage. However, among the selected brain regions, there
were cases where only one region, either on the left or right side, was chosen. Furthermore,
the hippocampus, which have known to be a critical brain region in AD research, was not
selected. Therefore, further study is needed why these regions were not selected in our model.
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Comparison Research for Spatio-Temporal Data Analysis:
Methods, Applications, and Implications

Sung Jae Kint, Boseung Chof

Abstract

The first law of geography states that everything is related to everything else, but
things that are closer are more closely related than those that are farther apart. This paper
aims to explain various spatio-temporal statistical models for implementing Tobler’s first law
of geography. It compares and analyzes their strengths and weaknesses to pro-pose a
research framework for applying these models to empirical data. Firstly, the pa-per describes
the construction of spatial data, which forms the foundation for building spatio-temporal
statistical models. It also outlines methods for addressing missing in-formation frequently
encountered during the data construction process. To build models using spatio-temporal
data, the paper compares Spatial Autoregressive models (SAR), Spatial Error Models (SEM),
and Spatial Autoregressive Moving Average (SARMA) models. The model selection method
is then applied to suggest the optimal model for the given spatial data. The methods
introduced in this study are applied to two empirical datasets. In the first case, the
correlation between the concentration of chlorophyll and neurodegenerative disease is
investigated. The entire Seoul area was divided into 710 grid cells of lkm size to create
spatial grid data. Kriging method was used to predict the concentration of chlorophyll in
each region, and GIS information was utilized to adjust the number of senile patients with
health conditions. The model comparison results revealed that SEM was the most suitable
model for both cases.

Keywords : Spatial correlation, Spatial gridded data, Kriging, SAR, SEM, SARMA.
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Long-term stock price manipulation:
Evidence from the Korean stock market

Jinyong Kinl, Yongsik Kinf

Abstract

We propose four criteria designed to preemptively identify potential stock price
manipulations by analyzing common characteristics among stocks suspected of manipulation.
These criteria encompass the permanent return ratio, the annual change of permanent price
ratio, price informativeness, and the floating share ratio. The permanent return and price
ratios focus on price fluctuations primarily influenced by non-fundamental factors rather than
the intrinsic value of firms. We utilize price informativeness and the floating share ratio to
capture manipulators’ strategies to preserve private profit opportunities created by their price
impacts, concealed from market investors. Upon applying these criteria to recent suspected
cases of price manipulation in Korea, our analysis indicates their effectiveness in early
detection of suspected stocks by categorizing them into potentially manipulated groups.

!School of Economics, University of Seoul, 163 Seoulsiripdae-ro, Dongdaemun-gu, Seoul 02504, Korea.
Email: jinyongkim0409 @uos.ac.kr.
2School of Economics, University of Seoul, 163 Seoulsiripdae-ro, Dongdaemun-gu, Seoul 02504, Korea.
Email: jinyongkim0409 @uos.ac.kr.



Proceedings of the Korean Data Analysis Society
January 25-26, 2024, pp. 43-46

H- 5 A2 (Default to Distance)s &-83F &5 3 (Ohlson Model) A 554

Eyl.
HYATEANN LEALDIL F450 8 FHel o4 2
HelFE @4 B v v BEHD Juh B ATAE /QRFE A
A

nREHRgoR HasA Ry, 1

o rlo

2 o
Ohlson(1995)2] ZZ}e] L 7|Hge] 7} E AFF7Ex] WS, 2Fo|o ¥4 F Jjepgdr |
T2 AWtk F =82 Ohlson RFOA FrEfgdo] 7|97kl A= s #dsr] 9
aff 201104 2021 Abole] HAH Ve i oR REAYS SAs ATEAssith
E918E Merton(1974)°] F-E=A 2] (default to distance) S A& oH], FEHo] HSTE
FEAE goAx, Fredfe] vEas FreAert dojith AEA] Aol & AAt
AARGCAPM)O W2d T2 APErt 2S5 $£oF T3 FopA7] wEd, F=E W
7t 2545 717 B S48 Aotk A, FreAe et FA5E i
& A
]
Al

g BTt o] A<l
oM dEgAuae BEAESE G AREE W BF VI97EAE felvletl ek

Ao kb BEAY Wt EgREd a8 & 9 A

Ohlson(1995)¢] Z3to]ji el mam, 7|47kA= FF7hAsp z3tele] 8 7gdnz A
th ABAl IARR FEIx o} xFpolole W MPAT A 7AIAE AYet=
AR Selsa glod, 7R E
| 78 FRER vk FEAFNA VAR ALSE tlE
HIPRE A S, AN S, AT, o dRaEe] ool B
| @ol AFEEATE SHARE, el W55 Ohlson Rl 23t
omatA B2 Wz SRIHIAY Arrit o 23E Bl
B oo A= Ohlson 289 7[EHARZE 3AAR) ofd 7] Bx93sS v
A}k 7 5.8 (capital asset pricing model; CAPM)ol| w2 Fx[9do] =S5
Ak web FELge] e 7Y FAZ REgde] e v FAANG FA ¥

ot
2,
Ol

102450 A& EHEA BT o= 107 gHrel=roldistal oishe, A
E-mail: yooinsong @gmail.com

YRAAA) 17035 A7) % LA HAF &S U= 81 st Foludu, FA|FFE, wg
E-mail: ywlee@hufs.ac.kr



= AF37] Y8l Merton(1974)0 4 Aot F-=7 g](distance to default; DD)S %
APE 543193, Ohlson Pl A3tste] Hd3|7AwA stk F=A7E AW F 52
< | Wiel FEAge} 7197 22 FodS BolE Flolth
WRol A AES 938 Song, Lee(2023)14 AAE A BS54 74X (real option

value; ROV)E ¥383 Ohlson 23S ALE3}3At). Song, Lee(2023)v 7IEMAHE 3|AIA R} opbd

Fapate] Zigzro 2 Aelstal A &34 23 (real option valuation) ©.2 =433l =], ©]S Ohlson
2o Hgtsle] AFEA S Ay} AE-3A 7} (real option value; ROV)7} Ohlson 22| 7|47}

Ohlson(1995)2] % 3}o]e] & 21w} o] Az},

o714 v el A7, By A ARAA, mpE AR 2309l b A4
e g o,

Merton(1974)& REES READR 245 2aS Axalon, B drdss Ao 2
o] Aejale] A}als

@

71 Ve AT RA, AT AR S] A TEA A 8] AR IEA] () A 123G 7 F A o, B
] GRIA, p= 006+ 7T E(=H LA 59 HFSTE 7U8), v VN 71 1d
b F7F AEAdS stk

Song, Lee(2023) FAAbe] 71tjihs A E34 714 (real option value; ROV)E SA = EES
AABERom, 2 (3)F} o] FAZFh

o]
=
L
U

K

ROV=S+ N(d,) — e N(d,) 3
€
0,2
A7 d, = , dy=dy—oV/Tol3, 57 FHAE AT F7), K FIAHE
oV T
o FAEFIERA FA 59 AFI FAE, o AW WEHAE AndFe
o A V250 & Fate] At MEHoR AMEEALL, TE WA Agtewr sdeR

InP, =B, + BIlnBPS;, + ByInRI, + 3,10 DD, +¢,, 4)



H- =72 (Default to Distance)E 83 2<% (Ohlson Model) 434 45

InP, = 8,+ BInBPS, + B,ln RIPS,, + 3,DD,, + B,In ROV, + B3;ln DPS,, + 3,(M/ B),, &)
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Table 1. Estimates of fixed effects panel regression in eq.(4)
RI+ RI-

Bluechip Midsize Venture Tech Bluechip Midsize Venture Tech
BPS 0.5737***  0.7135%**  0.7689***  1.0931** | 0.6443***  (0.5656*** 0.6544*** (.5879***

RIPS 0.1133***  0.0634***  0.0817***  -0.0304 -0.0022 -0.0100 0.0027 0.0159

DD -0.1139%*%*  -0.2588*** -0.2754***  -0.1157 | -0.1690** -0.2664*** -0.2191***  0.0040

R2 0.3425 0.4406 0.3429 0.3822 0.1983 0.2932 0.2808 0.2196

Note 1: BPS and RIPS represent book value per share and residual income per share as in a basic panel
regression in eq.(4).

Note 2: DD denotes distance to default considered as additional independent variable in panel regression in eq.(4).
Note 3: *, ** and *** indicate significance at 5%, 1%, and 0.1% level respectively.

Table 2. Estimates of fixed effects panel regression in eq.(5)

RI+ RI-
Bluechip Midsize Venture Tech Bluechip Midsize Venture Tech
BPS 0.5371***  0.4317***  0.5934***  (0.9487*** | 0.5556***  0.3586*** (0.5362*** (0.6040***
RIPS 0.0322***  (0.0214***  (0.0219** 0.0135 0.0128 0.0197**  0.0264**  0.0218
DD -0.3695%** 0.5612*** -0.3907*** 02790 | -0.4046*** -0.6629*** -0.4585***  -0.1106
ROV 0.3645***  0.4973***  (.3236*** 0.1653 0.3669***  (0.5803***  (.3783*** (.2775%**
DPS 0.0055 0.0018 0.0054 0.0636 -0.0014 0.0061 0.0134 -
M/B 0.2656***  0.1370***  0.1977***  0.0626*** | 0.2370***  0.0581*** (.1153*** (.0547***
Leverage 0.0002 -0.0017* -0.0005 -0.0021 0.0001  -0.0026***  -0.0013 -0.0003
Beta 0.0821***  -0.0171 0.0214 0.0764 0.0491 -0.0179 -0.0429 0.0872
Index 0.1982***  (0.2287***  (0.2048*** 0.0828 0.2252%**  (0.3180*** (0.3530*** (.3762*%**
R? 0.8580 0.8115 0.8221 0.9313 0.7919 0.7281 0.7639 0.7733

Note 1: BPS, RIPS, and DD represent book value per share, residual income per share, and distance to default,
respectively as in a panel regression in eq.(4).

Note 2: ROV, DPS, M/B, Leverage, Beta, and Index denote real option value, dividend per share, ratio of market
value to book value, ratio of total debt to total asset value, systematic risk as a coefficient of CAPM, and
log return of KOSDAQ, respectively as in a additional panel regression in eq.(5).

Note 3: *, ** and *** indicate significance at 5%, 1%, and 0.1% level respectively.
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Agfoaidsts 503 5 MEIANES S5 39 283S Hekste] AMEE A
2011)9] &Hel=E o] 4w, &3, Fa42012)9] SEmit sde B AREsTh AAE
A F =+ Eom, Wen, & Ashill(2006), 7 X&)% %.(2007), Sun,Tsai, Finger, Chen, & Yeh(2008),
AATF2009)°] ATl £FS F=, FAS A A, BR1-2010)9] FAHETE A
Fom, o] HALEFO 32 F 4ol I EEHAF HLE 47| 9 “i}AYo FA ST
o @IS WA= QQl: 2EY L, IHGEY, A, SFE}E THLE AFEE IuE
g AT 58S B 2 =Y dad ATEEds i HaEds S48 98l 838
A402022)2] AFoA AHEE YKRQ2IETE Algslglon, & F3& 2602 FASYTE whe-k
218 Likert 57 2 L= Y
Table 2. AFWHE, SFAGHEQIAE 9P FE, vERIA M, 5Ere o] A% A5
T sk¢] 8 el 3 S Cronbach o

Ak 1,5,8,14,15,1921 7% 887

A 2,3,7.9,12,18 633 777

AT AR 4,10,11,16 4323 819

SRR = 6,13,17,20,22 538 .803

A4 932

AT @éﬂgg 4 805

wEFQ1 A 2F 1233 697

RS 26 % 707

5. #4723 4 4

D ATVEE, AAD FYYAE, vieklAAS, SBDYY 7] I FEIAN L)
A7 JIA R FPAA R S A=A gotry] 93 GedF AR S A
A3}, F=34287(p<00DO.2 £ 37 mgo] Agsitta & 4= vk R*=0438% 438%°] AWHE
et AERtEEs B=0.662(p<.00) 2 YERE QIAE AR ol S mHtha
& g Qlom, BRETF AmAolBE AIvtEErt Frketd A P HEE EOWE Ao
2 yepgth aga, A ert WEeRRIA e s A=A dotry] S w5
B AN, B4 A F=54.158(p<00)E ® AR Hgsgn & = v R’
=0.552% 552%9 AW eES Yeplth AFUEHEE $=0.743(p<.001) 2.2 Ve HEFQI A Mol
3 JFS AT I F glon, BRIt AHHolnr ATt Frhshd eI
v FoAle AoRE Yyl B, dEWEErt s ReE e TS vH=A Golry] $13)
G P3RS AASA o, A A3 F=24.433(p=0.084) % i 3|7 o] A3tshA] dTh
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Table3. A3, A AL, MERRIA M, s5et=d 7he] vz g} &
s ¥=3}
H] 2 = 2~
28 ol 1EE3H 75 AT t p-value R2
B SE ]
_’;V_E]_Z]: ?_]_X]% Sk
Aese — sz 647 110 662 34287 <.001 438
o] LE A !
Al AaREE - RIS 1747 404 1.685 33414  <001*** 608
AaREE — 3Ry 252 142 182 24.433 084 636
o1 x| ¥
ao@lglc - HAIVEZZ 0677 116 662 34.827  <001%** 438
= H o7l
- o1z ¥
ATEA2 454 qe el Mg 1131 055 1066 388467 <001%** 948
= H OoTI
1A SRS
R | 5 ekE g 045 056 032 257.097 424 948
HERIA A — AFREE 716 0.97 743 54158  <.001%** 552
o)z ¥
ATEA3 vERIA g — W;M];]C 801 039 850 492530 <00l*** 958
= H oTl1
HERIA M — 3|EEEA 0024 048 -018 322.719 619 958
slEetEd — AFuEs 326 097 453 11.342 0027 205
i} 017 &
ArEH4 IREHE - @ogfj] LRl 126 175 6.289 282 226
sl eteld  — wERIA A 311 103 416 4203 0047 231
*-

p<.05, **p<.01, ***p<.001
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U A g dA7F A wESEe mA e Age FE S B4 A e A dE dA
ol fof wel FEEE A ko] FAH Aoz olsk AMe Ho(selection bias)e] EAE il sfjof
shoh, wheba] 2 Aol A= WAl 7]uke] Q13 XA~ E(causal forest)(Wager, Athey, 2018) 7]
S 3 dE AdsY S, W, A B FHQS TASt, 4 AE dA ofFuE A A
g WERe v X e Hd AAZHE BN T Ay AF dA =9} U] vk 7o) #
AE 2oy WEstA 24 8kaal g

ATEA 1L Q1Y EHAEES &85t OiE HdF] iR, oigh A% §A4S A FHelkE
A3} HE Ao et A g e folgk xfol7b YEhETR

ATEA 20 diE FdFe] NS, WiEh A S wet A3 A dA AR A A v
Lol HX= gl zol7k =R

2. A8y

2.1. A7H%

B dPoAE dFugAdrdoel AgsE  EAAYO|FHEFAHGOMS:  Graduates
Occupational Mobility Survey) 2t 5 7 2 289 20199 ARE 240 4313ty 2 o
TAAE dE BdSY At g dAFIE datg o] A e JIFE ZAE] 9
A FdZ|ERe A AAE Fd AHAA~34A)E nEste], gt 2dA4 T A A A

=
Waeleka gH L A Axel Aol ALty $HF SuA F 354 vwe hgow BUS
AN EF B FYE Fucle] Adle] A, A7, A AY A TP el o
W AT ol Fo SHoR T qlol, AFe] Ut AS T AAF AAstel 964792
AgHom 2Ao Bt

22. AFET

= ATME AR WMRleR A3 e A RS AAs olE fd 4 A dA=
5 223 @A dADAA SAE Lo W&ol Aol ()i Al AEEHE)I o=
A& gt AZEAUArEEe dedatdioen g @l 2 gtewp, o 2 gt ey
< 12 I8t 1 99 $7E 008 IStk 1 A, A3t de dA g da dw
A Aol alFsh= St 42487 (44%), BUA T2 53997 (56%) = WENITE HEo] 2
Iiglew A date] SRR AAsiglon] A Al e dutHow dvhg g
shar AU EdE dEshth rTe R, 2 dyeMs oA AdddTE Fd da dw
AL datE] kel S MAE Ao® yehd WdES VY, g, 4% g9es 77
ato] THiclor F]laslth A9l welow tE AdFe AW, AeAY, Frde 4 I &
5, otHAle] &8, sabw tiE, ofdh A, A =] A9 oF-E 28d WlE Rl &
¢ gl WQew QT diste i, Eil ofF AYRd, 2449, S AdAE SR, 23
AT 2 AGAE e, A2 e g A} F) 220 o] oFE 288tk vEol
ARIAL 9, A, SRARE AT oRE A4 dE egle R AAsith
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Table 1. Hit A2 g3} F42 3
B2 Tk t p value
THA B4 A 0.496 0.010 24.94 #¥% <.001
TH A & 0.379 0.020 18.897 #++* <.001
***]K. 1
32. 43 AF 4z A 4R SR nx= xpHH x| a2 74
& HJd3e d3 AF A7 3 A wETo] v AHY AX s FAe Ay,
AL, e}, A Wl A frefshA vERd 2PE A A A 3 JJr%: zhﬂf% T dRem olg AHEYA
2 2k 94 A0 Wl FollA] el wE Ui A A 7F 3 darg] ke mA &
7L frelabd e Ao w e om (2335, p=020> T A
Ad u A3 AF A7 A A ‘ﬂiEfﬂl s 37 o 2 RS ou|eit} gk gt W
Sl FolA A AYAZ o] ¢ wet A3t AF A9 HA G} FosH e Ao

2 LR I(=2279, p=023), A9 7@_ o] of B ek Golgk Ao LhEITH=2468, p=014),
ol tE A ZLEAVE digdA Agsts A, sle A T A AR UEEFE
I HE dA7F A A S Ed nR= g3 2 —3— J”d AN Ao ol o] A5
O g F AR AT F otk giEo] dE AW 2R A B A w3 fo8 A
HA A g9E g = dAe=d, A A }?j ) ol wet EAHCR Fod xpEH
AXZ27F et AR SR AR, FRdoly il 22 17t 73] &3 SRR
W=relo] sk TIE AL e 1) ARG Al &3 SEAASE i A A7 A I
W WA= g3 b AQkTH(=-2.255, p=.024).

ole} tlEo] W& Hd ZEAe] £¢ digelA AFgh A AL vEEet E #E A
A AZE HEE e HX gy EEE Figure 13 o] EY (Heatmap)— ’6‘}0% A zrs} gk o,
O xRS FAsth A AdAE e AR A APAE EEE 157

[e)
Aol w} 57 FEoR FEstAon 7t wEked wE A AF YAV A A wEE 1)
e ANEH B 277t F545 A Mow RHAT) Figure 1914 el 3 F 9l5o]
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Scalable kernel balancing weights in a nationwide observational study of
hospital profit status and heart attack outcomes

Kwangho Kinl, Bijjan A Niknanf, Jose R Zubizarreta’

Abstract

Longstanding questions exist about the relationship between profit motives and
healthcare treatment and outcomes, which generally must be examined using observational
studies with covariate adjustment. Weighting is a general and often-used method for
statistical adjustment. Weighting has two objectives: first, to balance covariate distributions,
and second, to ensure that the weights have minimal dispersion and thus produce a more
stable estimator. A recent, increasingly common approach directly optimizes the weights
toward these two objectives. However, this approach has not yet been feasible in large-scale
datasets when investigators wish to flexibly balance general basis functions in an extended
feature space. For example, many balancing approaches cannot scale to national-level health
services research studies. To address this practical problem, we describe a scalable and
flexible approach to weighting that integrates a basis expansion in a reproducing kernel
Hilbert space with state-of-the-art convex optimization techniques. Specifically, we use the
rank-restricted Nystrom method to efficiently compute a kernel basis for balancing in nearly
linear time and space, and then use the specialized first-order alternating direction method of
multipliers to rapidly find the optimal weights. In an extensive simulation study, we provide
new insights into the performance of weighting estimators in large datasets, showing that the
proposed approach substantially outperforms others in terms of accuracy and speed. Finally,
we use this weighting approach to conduct a national study of the relationship between
hospital profit status and heart attack outcomes in a comprehensive dataset of 1.27 million
patients. We find that for-profit hospitals use interventional cardiology to treat heart attacks
at similar rates as other hospitals, but have higher mortality and readmission rates.

keywords. Causal Inference; Observational Studies; Weighting; Convex Optimization;
Propensity Score.
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Forecasting of annual electricity consumption in Vietnam using radial basis

function neural network

Bui Thanh Hoa', ©]<ZAF

2 o

Electricity consumption forecasting plays an important role in short-term load allocation
and long-term planning for new generation and transmission infrastructures in developing
countries. Precise forecast results are difficult to obtain due to the economic system’s
intrinsic complexity. This work proposed a machine learning model based on the radial basis
function neural network (RBFNN) for estimating annual electricity consumption in Vietnam
from 2024 - 2030. Socioeconomic factors such as population, GDP, values of imports and
exports were used as the input for the model. Eight models with different combinations of
input variables were built to determine the proper combination for the final forecasting
model. The collected dataset was split into the training set (1990 - 2015) and validation
set (2016 - 2020) to train and validate the proposed models. For forecasting electricity
consumption from 2024 - 2030, the GDP values followed the GDP growth scenario from
PDP8, and other factors were obtained by linear extrapolation from 2016 - 2020. The
Shapley Additive exPlanations method was used to explain the contribution of each input
variable on the forecasting results. The forecasting ability of the final model was tested by
comparing the predicted consumptions from 2021 - 2023 with true consumption (2021 -
2022) and predicted consumption from EVN (2023). Additionally, the electricity
consumptions predicted by the Power Development Plan VIII (PDP8) were also compared
and discussed. The results showed a good agreement between the forecasted consumptions
by the RBFNN and the true consumptions, whereas the PDP8 overestimated the electricity
consumption in Vietnam.

Keyword : Electricity consumption, radial basis function neural network, Power
Development Plan VIII.
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A Copula Based Unsupervised Domain Adaptation for Image Classification”
Seungmin Lee', Kyupil Yeor®

Abstract

In this paper, we propose an unsupervised domain adaptation algorithm for image
classification using principal component analysis (PCA) and Gaussian copula function
alignment. The method is similar to the CORAL algorithm which aligns the correlation
structure between source and target domains, but different in that it applies correlation
alignment in copula spaces instead of the original variable spaces. Since a copula function
enables us to analyze separately the dependency structure from the marginal distributions, the
proposed algorithm is considered to be robust to a severely skewed characteristic of the
marginals that can distort the correlation structure among the variables. We compared several
feature level domain adaptation algorithms for image classification using office-caltech10 data
set, and verified the proposed method showed better classification accuracy in an
unsupervised domain adaptation framework.

Keywords. copula function, correlation alignment, domain adaptation, image
classification, PCA

1. Introduction

Conventional machine learning assumes that the training and the test data come from the
same distribution, but this is often not the case in reality. Domain adaptation (DA) learning
focuses on building predictive models for source and target domains with differing
distributions. DA often faces limited labeled data in the target domain under which a
supervised learning is not easy to utilize. However, using related information from the labeled
source domain can reduce the need for extra labeling in the target domain. Theoretical
researches in domain adaptation learning, such as the works of Ben-David et al. (2010),

“This work was supported by the National Research Foundation of Korea(NRF) grant funded by the
Korea government(MSIT) (No. 2020R1F1A1A01073456). This research was supported by “Regional
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Mansour et al. (2009), Germain et al. (2016), Redko et al. (2017), suggest that effective
domain adaptation requires high predictive accuracy in the source domain and minimal
distributional differences between domains. Based on these insights, various feature level
domain adaptation algorithms have been developed.

2. Review of Domain Adaptation and Copula Theory

2.1. Unsupervised domain adaptation

In this study we consider unsupervised domain adaptation in a homogeneous setting,
where both source and target domains share the same input and label spaces, but only the
source domain is labeled. The main challenge involves training a classifier for the label-lacking
target domain while addressing distribution discrepancies. To this end, algorithms are employed
to find domain-invariant features in the labeled source domain that are predictive for the
unlabeled target domain. CORAL algorithm by Sun et al. (2016) performs a correlation
alignment to identify new features for classification, constructs a classifier with the aligned
new features of source domain data, and then applies the derived model for predicting the
target domain data. Subspace Alignment (SA) algorithm by Fernando et al. (2013) discovers
latent features by applying PCA to define a subspace, subsequently aligning the principal axes
of the source domain with those of the target domain for domain adaptation. Sun, Saenko
(2015) further improved SA by additionally aligning the variances of the latent features and
referred it subspace distribution alignment (SDA) algorithm.

2.2. Copula functions

In general, a copula function is just a joint cumulative distribution P(U; < u,,--, U; < uy)
of standard uniform random variables U,---,U,. The importance of a copula is well represented
by Sklar’s theorem which states that when we have a d-dimensional random vector
X=(X,,---,X;) with its cumulative distribution function #, and the continuous marginal
distributions #;(z,),---,F,(z,), then a d-copula function C uniquely exists such that

FX(zp"'axd):C(E(zl)v"'de(xd)) (1)

for all z=(z,,z,)ER? A copula links together a joint distribution and marginal
distributions. The theorem also indicates that given a copula C:[0,1]" — [0,1] and continuous
univariate distribution functions £),---,#,, the function Fy defined in (1) is a joint distribution
having its marginals with F£},---,#,. By differentiating the equation (1) we obtain the
multivariate density function expressed with a copula density and marginal density functions as
follows.



A Copula Based Unsupervised Domain Adaptation for Image Classification 71

d

fx(xp"'@d) = C(F1(xl)a"'sz(x(z))H.f,: (33,) (2)

i=1
The Gaussian copula is defined as follows.
C(up"'vu(l) :¢R(@71(u1)7'"a@il(ud))a

where &, is d dimensional Gaussian CDF with a correlation matrix 2 and ¢ ' is the inverse
CDF function of the standard univariate normal distribution. With the given Gaussian copula
C, marginal CDF F, and marginal density f;, for i=1,---,d, the joint CDF and PDF of X are
represented as

d
flz) = ﬁexp{* %z T(R’I*I)Z} 117 )

where z= (6 1(F, (2,)), & (Fy(z,))".

3. Copula Based Unsupervised Domain Adaptation

We propose a copula-based unsupervised domain adaptation for classification, aligning
Gaussian copula correlation matrices to tackle the distortion from skewed marginal
distributions. This approach separates dependency modeling from marginals and it mitigates
some limitations of the CORAL algorithm when faced with skewed data. It can enhance
domain adaptation by focusing on dependency structures using copula functions, regardless of
some skewness of marginal distributions.

Algorithm. Copula Alignment for unsupervised domain adaptation

Given a scaled source domain data matrix X,=(z with a corresponding label

ij)mXp
y:(y1,~-~,ym)T where y,€{1,2,---,¢} and a scaled target domain data matrix X, = (z;;)

n; X p2

(D Obtain eigenvalues and eigenvectors for source domain with d(<p) components.

R = PEP/,
where P, is a eigenvector matrix and E, is a diagonal matrix with d largest eigenvalues.
@ PnnCIPal scores Ss = X?PS = (s;j)nAXdD Sf = ‘XtP? = (sgj)n, xd*

(@ Probability integral transform using empirical CDF F}.---,F; and F!,---,F}.

= F(s) = (B(si) Fy (s (s ) s g = Fils5) =

A
: s = (Fl(st,). Filshy) oo FL(sL, )

J Jrongg

@ Copula features using standard normal scores.
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2=0"() = (0 (Fs;) 0 ' (Fi(s;,)) 2 = 07 (uh) = (0 H(FUS,)), 0 (FLs, )T

where @( - ) is the standard normal cumulative distribution function.

© Let Z =(2}.25,25) = (2))),, «u» 4 = (21,25,-2) = (4,), «, and calculate the
1

n,—1

® Adjust the source data so that Z = Z R, *R!>.

1
n,—1

7'z, R, =

correlation coefficient matrice R, = 77,

(@ Construct a classification model using Z and y,, and predict the target data Z.

4. Data Analysis

We analyzed the Office-Caltechl0 dataset, which consists of images from four domains
(Amazon(A), Webcam(W), DSLR(D), Caltech256(C)) processed by the SURF algorithm. Each
image in the data set is described by 800 standardized features. Our evaluation involved 12
domain adaptation settings, using a random forest classifier for testing. Six models were
compared: non-adaptive 'No_Adapt’, ‘PCA’ based model, and four domain adaptation models
(CCORAL’, ’SA’, 'SDA’, our proposed ’Copula_DA’). For each class in the source domain,
samples were split into training and testing sets in 7:3 and the process was iterated 20 times.
Table 1 shows the average accuracy and standard deviation of models for each DA setting,
The accuracy of the best model in each domain adaptation setting is shown in bold font.

We can verify that the proposed method shows better classification performance than other
methods in most cases, except for D—A and D—W, where SDA is the best. Interestingly,
domain adaptation using correlation alignment has proven to be more effective in copula space
than in original space.

5. Conclusions

We proposed a copula based unsupervised domain adaptation algorithm. The main idea is
to apply dimension reduction and extract copula features adjusted by aligning Gaussian copula
correlation matrices between domains. Since copula functions enable the analysis to separate
dependency modeling and marginal distributions, the proposed method is specifically useful in
case of highly skewed marginal distributions.
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Table 1. Average classification accuracy and standard deviation

Source Target No Adapt CORAL PCA SA SDA Copula_DA
c A 03156 0.4487 04190 04314 04223 04747
(0.0208) (0.0160) (0.0241) (0.0146) (0.0140) (0.0139)
b A 0.2562 0.2584 0.2281 0.2381 0.3114 0.2858
(0.0169) (0.0218) (0.0284) (0.0176) (0.0150) (0.0169)
0.2365 0.2939 0.2393 0.2829
w A 0.0177) (0.0215) (0.0179) ©0211) 03780 (00167) 03388 (00178)
A c 0.2803 03762 03534 0.4064 0.3759 04033
(0.0135) (0.0106) (0.0170) (0.0099) (0.0118) (0.0117)
b c 0.2461 0.2560 02336 0.2401 02913 02957
(0.0127) (0.0160) (0.0186) (0.0154) (0.0121) (0.0127)
W c 02421 02734 0.2345 0.2546 0.2951 0.3045
(0.0137) (0.0134) (0.0188) (0.0153) 0.0112) (0.0152)
A b 0.2385 03111 0.2846 0.3443 03211 0.3834
(0.0277) (0.0254) (0.0359) (0.0310) (0.0234) (0.0261)
c b 0.2269 0.3885 0.2987 0.4507 0.3526 0.4700
(0.0291) (0.0307) (0.0345) (0.0270) (0.0318) (0.0271)
W b 0.5648 0.6869 0.7009 0.7369 0.7500 0.7710
(0.0274) (0.0304) (0.0287) (0.0250) (0.0245) (0.0242)
A w 0.2237 0.3101 02973 0.3447 0.3202 0.3961
(0.0245) (0.0187) (0.0264) (0.0205) (0.0189) (0.0201)
c w 0.2383 0.3200 0.3157 0.3250 0.3270 0.4406
(0.0238) (0.0261) (0.0312) (0.0251) (0.0256) (0.0221)
b W 0.5660 0.6245 0.6155 05602 07037 0.6347

(0.0230) (0.0304) (0.0295) (0.0313)

(0.0286) (0.0232)
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A Study on Deep Semi-supervised learning method using Data-adaptive
Augmentation Technique

Seri Park, Dongha Kinf

Abstract

This study introduces a novel semi-supervised learning approach specifically designed
for tabular data, featuring a unique learnable data augmentation technique that preserves the
labeled data’ information. The approach is mainly motivated by two methods: MixMatch,
known as one of the state-of-the-art semi-supervised learning methods in image data, and
Neutral AD, a self-supervised learning method for anomaly detection. These inspirations are
adapted to tabular data through an innovative loss function comprising three distinct parts:
one for labeled data, one for unlabeled data, and another for deterministic contrastive
learning. This loss function is pivotal in guiding transformations that produce diverse and
informative data augmentations, while preserving the characteristics of the original data. To
validate our proposed method, we perform experiments on three tabular datasets, where our
method demonstrates remarkable state-of-the-art performance, especially on the two datasets.
The results not only show superior test accuracy over several baselines, but also highlight
the importance of each components’ role by the tuning hyperparameters proposed in the
ablation studies.

Keywords: Data augmentation, Deep learning, Tabular data, Semi-supervised learning.

102844 Bomun-ro, 34 Da-gil 2, Seongbuk-gu, Seoul, Korea, Master’s Student, Department of Statistics,
Sungshin Women’s University. E-mail: seri.jpark96 @gmail.com

2(Corresponding author) 02844 Bomun-ro, 34 Da-gil 2, Seongbuk-gu, Seoul, Korea, Assistant Professor,
Department of Mathematics, Statistics and Data Science, Sungshin Women’s University.

E-mail: dongha0718 @sungshin.ac.kr



Proceedings of the Korean Data Analysis Society
January 25-26, 2024, pp. 77-78

HAeY A FE ol & A FFE AA A AF

2 o

A S7ksk= MY ddel ks Addshs Al =Y Skt stk ol whE At
ARl Aad Afeltt @AY FARA ALFES et B #ANE B B s
A Ale A g gtk olE ddstr] fal ¥ ATlde e A Y A A
235 d5shs BES N ofE s J-H HolE((rel HMH) 7oz gl
Ygsd 4 s, A AA dlolEE Bgst] A 243 AeE dSshe Haled 2l
& MR 9 RPoRtY mEd 4 243 AeE o 1E19} A dEste] 24%
Aol A AR Al AR HaAE dFehe BEHA E=EET E Ay 98, A A A
delaa mE R 4 HH9 A FH, IHeE HH MY 4F FHol Thesite &
Aol glrt webA Agdedloly FAA A Tad vzys 44 8l gaa #eE H?‘i B
£ Ageta, A2E A A AAE ol HYES wF= H 719F ¢ e Aotk

Fagol: AN BAR A% A2, AY G2 A%, AH 9T L 9

1. A&

BAA TS ARGA Z2AL (FAA, W%A}O‘jxﬂﬂh , 2020, 2024.01.02, A %A o) EA4A
W AR A 06~ ol WEE S AFAA] = 201035 AEH R FUlehs FAE Holagl
ok AA AFGA F AAE) ARG A HFS 80% oS apAEt) shAw, HE FAE HA 9
w A3 oF 3 Fob o] Fol ZEU9 WY HAC AAETAES }O‘jxl Gl “ae Au

. XH# *}O‘jz} 7t % }'SW , FA 59z dJ AFAAE = 90t WS SHslEkE e

BH7} %% 9 T 24T AF AF E—%oﬂﬁ—t« He 97 T2 #Hg DA AT

1l [e)
S gdes g g 7| A(RGTIANFAT T, “S g | 7] 2], 2023.11.23. “https://www.
semas. or.kr/ web/ SUP0O1/SUPO117/SUP011703.kmdc)E A AataL Qlv) % #el #7|x= A 7

galeiatdietal 2] 5 A dlo] el Abe] ol 4~ 8HE SFAL 314, 20210851 @sungshin.ac kr
aeizteta 28] E A gl ol EjAbo] A2~ 8HE- SkAF 74, 20210853 @sungshin.ac.kr
AR sk S22]E A | o] EjALo] A 2~ 8H5- SFAL 2. 20210900 @sungshin.ac.kr
gl aidistal el g A gl o] EAte] A A3 214 dongha0718 @sungshin.ac. kr



78

HﬂNﬂﬁ T T
L do o B B o BT
- . "o ! = o)
WX = ) A S B 3 tow e o 5
Per LEE P T L g o P B memmu®
egﬁmm B3 mmux Wy oo T o ewadrwr Wrﬂrﬂ, [ AT,Hl Bl o] = mﬁ i
ey sV T T AW o mod T T e mx L OE w g ™
ﬂlﬂ,ww.mﬂtuiﬂ ﬂﬂéaloﬂl WM,mo ) iﬂvﬁ w W ,ﬂﬁ mﬂﬂ Bh
EONE R AmAE ST P L of ¥ F cEE ek Zh
%%&rﬂmllo@ x TE Mﬂmto»w@m G B 2T
X oww s IR i Tre gRFyTw w2
o N 550 Bl ! o E) o 5 <0 N " oy 7= B 1_1/_. v " fo S Wb o
d o i w NPT FT T T B o N e N A o
e =g A Vomds T T N oo rHe D s o c W g
- W om B BE N E L w e EE Eo B
R K =K % T o I To n ° "o o W g S =
' L|E1mru Iy {F o| %o o my oo = o = ™ S Wy il
- X T q 0 M T M N MO == Pz g M
-y o 5 M ﬁ X w ° o N WO L DY - W T Ny
Em®gEx ™ o T« B % LoEE L EEEY
— ; 3 oy X 7 o
Mo = X =o I#WEA],DF_ZT o] . Maoor w_.L_zT,mw_a#a_u SXM
no "B oap o T R = U ® A o LT = g (o W g W
ﬂ@.ﬂ,%émxﬂ a o e M Mo gz X AN ﬁmn%m,”mm%ﬂ%, B oo o
P X W T T »THE L% 7o s R
- X B = W m w o 5 . X 2 = ¥ I G Y o
e © oo ® i . o= < o Sl T Lo S
STELEPES s BE FERS SR N Ex g™
Hod|1,Drroo = 9 Etmiqﬁl 5 X 2 E:.ﬂ_%o/ Hﬂﬂaﬂa Mﬂ@ - ~
ﬂ%.{ﬁwt71 e o AR %urﬂﬂ.wmolﬂﬂeg R I
ﬂoﬂEﬂMMwTﬂ lwalﬂoewm% MH.M@% HE%ENDW&V%HT g 7
= K Q@r.MJ].gﬂo BT ﬂie_ﬁx.LL]%EHﬂ AT X
ﬁuozrﬁﬂaiwrw/.AV_z_ﬁﬂo o PN g TThpm o X O TN
il ]PEOA‘IHT_.HJ_AI] N o5 ;oﬂll;o,_lo‘l]x‘.ml,muu VA)A;A_/
Aﬂanﬂxﬂ,%ﬂato BT % dlﬂﬁ]ﬂr ﬂo]xﬂﬂuﬂ Qo _dﬂat
P < Tgeow oy Pop iz AR DG w ook o B P B
1 oy w T T WP R PN ol X — P = Nr Wx_. X
E_uﬁﬂ%%ul?,ﬁ%.iﬁﬂﬂﬂn@ﬂrﬁoﬂ% A T 2 ]
e ,zﬂ%z_éa&mﬂ%ﬂol 5 9@ = o H R =
3 T oy & o F R E wm T2 - mE o BB
T T 5 ) o < = ° FE =T EE w o
W oy o X B BT W oo o T R o= }qsz4wm%1 L .
DEE o b p T o S R KT k2 OB P
m_xura%ﬂyal%ggmﬁgﬁgﬁMﬂo s Tho= L Ao G
noﬂwu_z%moAaﬂ@ S ® O g o X X2 0o T L
o Yo aﬁ}f X =k Mo HJ m.%ut A = = Mo B g0 do 5 o) W o O T < do <
ﬂﬁﬂmA%g%H@um;wm;o%&ﬁi B ﬁﬂwﬂﬁoﬁi%@%a o <D
oy — 1K — W = 7T X o o
.{ux%mﬁvtmw Wﬁmf%ﬂ%%u%%ﬂ? o %erﬂ%gmﬂaa,b ﬂ%ﬂ%
%Hahﬂmmc#%womﬁ@% E#E?%HTLE 7= %%@ﬂﬂ%)ﬂ%ﬂ QEQE
o_aﬂom%éV = %%mawﬁo_aﬂmﬂwmimr ?ﬂwouo%ﬂs&vx_o oW
~ T ~ [ — T —_—
iiﬂé_xJulﬂxwx%m.u.%%woﬁ%ﬂﬂw_mé ,ﬂ ﬁmﬂ“u%ﬂ%W@ﬁT% wa_/..]xrm
~ ‘A# B %o ~o " 1:0 N _zwc HLLHA_IO/ jiv_z#ﬁﬂbl < = © oy q o X
= B E O R v .8 Tww C
— = Mo I R A I I
for- = ot B R <0 do o o
o= X = W ﬂaﬁomo

o

AN 7|2} 8t

ar



Proceedings of the Korean Data Analysis Society
January 25-26, 2024, pp. 79-79

Explainable Automatic Paper Classification System Using
Topic Modeling and SHAP

Nakyung Shin', Yilhee Leé’, "Heesung Moor, Joonhui Kini', Hohyun Jung

Abstract

The advancement of computer and information technology has led to the prolific
publication of numerous papers nowadays. As a result, it has become increasingly
challenging for individuals to search for and categorize research papers on specific topics.
Research abounds on paper classification that plays a crucial role in knowledge management,
interdisciplinary collaboration, and paper recommendation systems. Traditional embedding
techniques for paper classification have faced limitations in the interpretation of results. In
response to this challenge, we propose an explainable paper classification system using topic
modeling and XAl(eXplainable Artificial Intelligence) method. The system employs
LSA(Latent Sentiment Analysis) to extract the topic assignments from abstracts of the
papers. The extracted assignments are then utilized as embedding values for applying a
MLP(Multi-Layer Perceptron) classifier. Additionally, we aim to identify which topic
significantly influences prediction outcomes using SHAP(SHapley Additive exPlanations), one
of the XAI methods. We apply the proposed system to the Web of Science data, consisting
of papers in the nanomaterial field. The system outperforms other baseline methods in the
perspective of metrics such as accuracy, F1 score, and AUC. Also, we demonstrate the
explainability of the system via a case study with noteworthy interpretations.

Keywords. Paper classification, Topic modeling, Shapley value, XAI
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A Time-Varying Worker Ability Time-Series Model for Heterogeneous
Distributed Computing Systems

Daejin Kinl, Suji Le¢’, Hohyun Jung

Abstract

We propose a novel time-series model to efficiently distribute the task of distributed
matrix-vector multiplication, considering workers with varying working rates that may change
over time. The model enables us to assign the most suitable load based on workers’ abilities
to reduce the expected waiting time. The model involves modeling workers’ abilities as
temporal latent variables, introducing a working rate that follows a log-normal distribution
based on the latent variables. To infer model parameters and workers’ abilities, we present
an algorithm that combines the EM algorithm with a particle method, utilizing Sequential
Monte Carlo(SMC) and Forward Filtering Backward Sampling (FFBSa). Monte Carlo
simulations validate the effectiveness of the proposed algorithm in estimating workers’
abilities and model parameters. Furthermore, numerical simulations demonstrate that load
allocation based on estimated workers’ abilities reduces expected execution time by 54%,
compared to the conventional method.

Keywords : distributed computing, EM algorithm, Sequential Monte Carlo, particle
filtering.

“This research is supported in part by a National Research Foundation of Korea (NRF) grant funded by
the Korean government (no. 2021R1G1A109410312).

'Samsung Electronics, Samsung-ro 129, Yeongtong-gu, Suwon, Gyeonggi-do, 16677, Korea.

E-mail: deezay0307 @ gmail.com

"Master’s  Student, Department of Statistics, Sungshin Women’s University, 34 Da-gil, Bomun-ro,
Seongbuk-gu, Seoul, 02844, Korea. E-mail: isuji095 @gmail.com

3(Corresponding author) Associate Professor, School of Mathematics, Statistics and Data Science, Sungshin
Women’s University, 34 Da-gil, Bomun-ro, Seongbuk-gu, Seoul, 02844, Korea.

E-mail: hhjung @sungshin.ac.kr



Proceedings of the Korean Data Analysis Society
January 25-26, 2024, pp. 83-83

Keyword Analysis of Twitter data on New Digital Technology through
Co-occurrence network and ERGM*

Yoonjin Lee', Hohyun Jung

Abstract

Digital technologies, such as artificial intelligence, big data, the internet of things,
autonomous driving, and blockchain, play a crucial role in society of the Fourth Industrial
Revolution. We conducted an analysis of people’s demands by examining Korean and
English keywords related to digital technologies mentioned on Twitter. Co-occurrence
networks are generated to comprehend the interconnection structure of keywords. We observe
the emergence of topics related to metaverse, which gained popularity in virtual
environments as Covid-19 spreads. We apply Exponential Random Graph Models(ERGM) by
utilizing press and research indices as node attributes in Korean keyword co-occurrence
networks. The research index positively influences keyword connections, while the press
index has a negative effect, suggesting that the media may not accurately capture public
trends.

Keywords : Co-occurrence network, ERGM, Social network analysis.
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Ordered probit Bayesian additive regression trees for ordinal data

Jaeyong Lee', Beom Seuk Hwang

Abstract

Bayesian additive regression trees (BART) is a nonparametric model that is known for
its flexibility and strong statistical foundation. To address a robust and flexible approach to
analyze ordinal data, we extend BART into an ordered probit regression framework
(OPBART). Further, we propose a semiparametric setting for OPBART (semi-OPBART) to
model covariates of interest parametrically and confounding variables nonparametrically. We
also provide Gibbs sampling procedures to implement the proposed models. In both
simulations and real data studies, the proposed models demonstrate superior performance
over other competing ordinal models. We also highlight enhanced interpretability of
semi-OPBART in terms of inference through marginal effects.
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Censored Experiment for Average Run Length of General Control Chart

Jahan Lint, Sungim Leé

Abstract

The average run length (ARL), the average number of in-control signals before an
out-of-control signal occurs, is a critical measure of the performance of a control chart.
Estimating the ARL for various control charts has been studied for a long time, with the
Markov chain-based approximation, the integration method, and the Monte Carlo method
being the most popular, especially for time-dependent -charting statistics. Although
computationally expensive, the Monte Carlo method is generic and can be applied to all
control charts. In the Monte Carlo approach, it is recommended to choose the maximum run
length in advance and to discard the iterations that do not produce an out-of-control signal
to accommodate some unusually lengthy runs. However, the discarded runs are also
informative for estimating the run length. In this paper, we propose a new Monte Carlo
approximation that, unlike existing Monte Carlo methods, retains the iterations that fail to be
out of control limits, treats them as Type I censored observations, and uses them in the
estimation. This proposal allows us to use a moderate size of the maximum run length,
which does not need to be large and to estimate ARL accurately enough with signicantly
fewer iterations. Our Monte Carlo method relies on the memoryless expectation of the run
length distribution to have a simple and ecient ARL estimator. This assumption is necessary
for mean estimation for Type I censored data, and we nd that the exiting ARL
approximations for three of the most common control charts, Shewhart, exponentially
weighted moving average (EWMA), and cumulative sum (CUSUM) charts, have or also
often use the same property. We numerically demonstrate the computational and statistical
eciency of our new Monte Carlo method for the four most popular control charts: the mean,
median, EWMA, and CUSUM charts.

Keywords.  Average run length; control charts; Markov Chain approximation;
memoryless property; Monte Carlo method; Type I censoring.
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Evaluation and dynamic prediction of Joint Models for Longitudinal and

Interval-Censored Data”

geq), A’

2 o

i
e
[

(

J
nrlm

Wl i 5
ARt AEAT 10 AR
& FuAns 4EAne Ay

fgobgo A
ofl 053‘.’,

= ] HEL AR 7“‘1 #ﬁ%/] o}7) (marken 24 o] &4 9
o3l Wb 2o] A A F 1T} (Rizopoulos, 2011, 2017). & =59 =22 &
A3 ez B39 7 sedd Z}Eo}oﬂ A AAA w7 eke] 4

Fogol . A% B, EH o= A7 JHH AUC, T3 FE A A, AAH AR
A o2 2
1. A&

o
mt)
)
i
™
1%
o
Ho
:Iog‘

.Z/Z'(t,‘]‘) = ﬂi(tz'j)—i_e,‘j
w(ty) = BT X+ b Z,
b~ N(0,5,), €~ N(0,d7)

v () A RAe A FY P (longitudinal

13 &35 3 (linear mixed effect model)> 7H¢ A 4

oo
[
flr
b

biomarker) ] t}.

H(joint model)e] E¥+= T A E(longitudinal data)e} WE A7 Atolo] AAE Fa
FE & sk Aotk 7P 71 A R MHE two-stage B3 O
S nEEA @i 44 NEAY BES ARSshE

A

J.o.
EE‘r 7] o} /\}74 A g Abolel wAE Ao FAL o vk Aol At (Wulfsohn

o2l

A3

by (i =Ty, = L) BFEF B} 7L 24 0] H 10 AN B A1BE e, S A 9 €,
oAy x3 2= 27 14 53 gob APET 5,9 27 FA(design matrin)ol T A A

“This research is supported by Korean research foundation (NRF-2020R1A2C1A01100755).
'08826, A& 5HA] Fhobt getR] A2t -3, WAlA T A(International Vaccine Institute; IVI)
204310 NEEWEA] S A24774 10008 3H527D S oAt e al £A8k9). E-mail: yjin@sookmyung.ac.kr



94 e e

Aot AR A 94‘% el #AE FA7] AMA BEY ()7 BEARS] AP
(hazard function)o] &¥#o & AL ¥ Cox’s Hd YFEHo| 714 =t

Altlew) = 2(exply” W+ Hw (1))

E

Q)= A oA 714 $18 84 (baseline hazard function)o]™ W= A7 B¥ FwgoR

SIAAF » & B AFELY] ABBAE FA4SA ot o5 T 3 F(longitudinal covariates)

o Z3E RAFE IAAFTE Hlg @)l s o3 37 dElel H(x () E AT
(¢

(Rizopoulos et al, 2017). () Hlx () = (6), () B3 7127) Hn () = (a0, (1)), GiD) *F
A B H(0) = [ () ds. A7, <0019 A Hs () O] FHE A A STl 2

obdE omEtH, p> o0 @ EC] TIHEE oV 77k 09l 77 AR 2 913l o
g Ao &b mustrka M E = oltk A A BEE 0= (8, 5, 7.7, A o) B BHL
2 ANAANA {0 =(y;. L; R, 6, X, Z), i=1,..m) 7t HFETL & W, TEARe} F T A

]

@ AR e AR 329 JHs i 4r(observed data likelihood):= v 2t}

L) = 1AL . 9.16.0)
i=1

= HffT(Lz«RﬂﬁqOi)fy(yim,Oi)fb(bi|0,0i)dbl»
i=1

o 7] A,
/(L. R16.0) = exp[— J L/i(u)d] - exp{ [Fage ™ ””W””du]
0 0
£ T FEAR AR $FUEgolL,
7140,16.0) = TT [ exp ) =10,
i=1 \/@ 20° / /
= ZUAEe dEUEErey] e dgaste) SE YR ol

1 \z -2 1
|5 1m 2exe( - o 57

FAa7] 98 AWl U@ 4

st = 9102 2 Gauss-Hermite 5=

g
=
s
Q
[

o] Basith e 9
MCMC (Markov Chain

SR=ING)
RS
L
.

2. dolube] o5

FAE A3 B FAES ol&dt v&o] 2dR BEFS x;(tls) = P(T, > T,
Q.

2 ;>
N2 vpAR 483} Rizopoulos (2011)S Empirial 574 @2 252 MLES o] &3t W A}



Evaluation and dynamic prediction of Joint Models for Longitudinal and Interval-Censored Data 95

F TS o 83E Mol WU olB3hel TAY AT F4E FAAUG. AT Zo], 44
A S o] xdEH
S.(t16,5)
(tlS) AR A
- (s16,0,)

=

714 5,(s16.5) =exp[—f?0(s)exp[7:TW+;}H( .(s))}]ﬂ At} YoA F3 2AE dFS T
A A (s,t),s <t ol W} gho] Wslst= T vl (longitudinal marker) M (zls) <] |52 (predictive
powen) S H7tel7] 9jal A&Hrh 53], vl ¥ H(discriminative power)s Tak7] 913 54
(dynamic) AUCE fr=stH o7 RIZFE9} ol th53} ZTHKim, 2022).

TPR(c,s,t) = Pr{]lli(s) > ¢ ﬂ*E(s,t];ﬁ},TNR(C,S,l‘) = Pr{]Wi(s)<c\ T;>l‘;9}

o5 o]&3sle], AUC(s,t) = Pr{M-(s)>]Wj(s) |Dz-(s,t)=1,Dj(s £)=0, >s T >s}
AZIA AR s(s <) olA7HA ARAE AEsHA &2 F Akl dial, "]@l‘ o] el Apxde] Ay
& Akl s AN BA% A & AR 22 Al s AN o)
Ant 25 G55 gttt 3t T A ARAAA D(set) =(T,e(s.t].6=1) & BEeHA &
OARE WA AR O F B3 g B3 ol ue geel 492 da ad

)y @) (g )
27, 0 0270 257 (s, £)

S -~ = - o
12 R L; R I R
-— -1 o -— >
L L; R; L;
s t s t s t
P (s, ) 2 (s, 25,0
P > T e——> D e—
VoL ! L; H L;
H -— H —1 - H [ S N
1 Lj v Ly Rj L
s t t s t

Figure 1. 7t =49 J8d|49] 54 AUC

Y. 1{mtls) < mels) x 1{207sn)) x5

i#=jm=1
X Y r(0sn) <"

i#jm=1

~() ~(2) ~3) _ ~ ~4) - ~(5) ~
v =Ly = = ain), g = (1-x0L)), o :(1_”;‘(”L/))”/kv

ij ij jk> 7ij

o = (1- 7 L)) 7 (t1L,) ©leh.

AUC(s,t) =

3. Paquid A& ¥4

HA Az RG] AR ARE Paquid ARZ, T FARAA Aol delx) e A



9 Be, WY

5008 oo s 2017 ¢ AFA ZIE Amolth AITE AT T AHE Aujo]
th 7 JfAE FARAE gt FAZ2AL AIE Al Yol E 7] Eeta Aot dE AAE 3
sl A5 715 Ak Ao 7198, QX Vs, F3 7198, AlA oEme} -3 #3t
Zolty, Amol= vt 4 FAF AHZRA] Aujo] AR e Ag-of Au) S w2 U=
o A& AL7E Atk AAe Sk ddd Asoy $AE 7 T AduH ARk dze] A4
G, L2 vpAE FAZRAL A|Holal R Fetdirl "ok $2ke A, AW FeS v o A
A eto 2 A ZARE AJHo] o] Hi HFoR Au HwhE vk AJHo] o] k. A A
o] A AEES L3} R Abeloll f1xeb Agket i AHe & 5 itk
3 o

wollA ] A= w4 54 AA F 7otk A WAle T npAEA AREE Qo] 7Y
IST (Isaacs Set Test)?} <14 7]'5% 4 MMSE (Mini-Mental State Examination)®] &2 <3
TS Hashs ola F HAE AR dJoint Model; IM), B=rH(Land- marking; LM) L]
3 23Ry W=vl7(Mixed model landmarking; LMmixed)2] &4 oS A5& ¥]usH= Aolth

Table 1. IST9} MMSE®] t]g AUC(s, 84.6) ] 1]l

JM LM LMmixed JM LM LMmizxed
IST MMSE
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mean 0.7355 0.3364 0.6818 0.7391 0.4402 0.4305
mean+slope 0.7266 0.3634 0.6817 0.6438 0.4393 0.6435
cumulative 0.7380 04211 0.5522 0.7841 0.4914 0.4772
AUC(80.8, 84.6)
mean 0.7324 0.5089 0.7006 0.7375 0.4042 0.3856
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Deep Neural Networks for Semi-parametric Frailty Models™
Hangbin Leé', Il Do Ha’, Youngjo Lee’

Abstract

For prediction of clustered time-to-event data, we propose a new deep neural
network-based frailty model (DNN-FM). An advantage of the proposed method is that the
joint maximization of the new h-likelihood provides maximum likelihood estimators (MLEs)
for fixed parameters and best unbiased predictors (BUPs) for random frailties. Thus, the
proposed DNN-FM is trained by using a negative profiled h-likelihood as a loss function,
constructed by profiling out the non-parametric baseline hazard. Simulation studies show that
the proposed method enhances the prediction performance of the existing methods (e.g. DNN
based Cox model) and provides the feature selection using the multi-head attention. A real
data analysis shows that the inclusion of subject-specific frailties to the DNN-Cox model
helps to improve the risk prediction of the DNN based Cox model.

Keywords : Deep neural network, Frailty model, H-likelihood, Random effect.
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Semiparametric accelerated failure time models under unspecified random
effect distributions

Agey, s’

Abstract

Accelerated failure time (AFT) models with random effects have been widely used for
analyzing clustered (or correlated) time-to-event data as an alternative to frailty models . In
the AFT model, the distribution of the unobserved random effect is conventionally assumed
to be parametric, often modeled as a normal distribution. Although it has been known that
the model is robust to misspecfied random-effect distribution, in some cases, the impact
caused by such misspecification is not negligible. Particularly when our focus extends to
quantities associated with random effects, the problem could become worse. In this talk, we
propose a semi-parametric maximum likelihood approach in which the random-effect
distribution under the AFT models is left completely unspecified. We demonstrate the
efficacy of the approach through some numerical studies.

Keywords : Clustered survival data, Frailty model, Nonparametric MLE, Nonparametric
mixtures, Semiparametric AFT mdoels.
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S A E8ksth AAo] Karpf and Mandel (2018)2 =41 e] a7} o] &2 =434 o
27he 8o EAS FASACE ol & AelAs 2018 SRR 2023 TE/HA] FE91€13] ]

AAZIEA R AR A 2ol s dubAS viete] s 2] EAE
wAetazt gk 53], 20219 1290 = SARFAAC dxE A, 2022978 21 o] 7]
o wE] ojabgo] A & wdste] £A 717HS 20189 SUHE 20219 129, 2022 1€
FH 20239 7ER bl AR Zejvle] EAS SjletaAt dhvh Eg 2022 FH o)At
o] “vf}% T e AANAA =2ddo] ARl we} ol& ATE el wrdstaAt . w
2 7]E ATolA Bol AR A At iy WS AMgets AAGA B
=40 HEE AL 71E ATk AEFeE & vk

E

2. 24 Ao} wq A

Table 12> & A7olA AREE &= Az E i3 7|2 ARE HolF=r] dx7 il &
T A Sy, G, s Ha vk SAES F2 A} 552
ByE L vk 7 FE Aol HA = G ee] of 90% 7hFe AAStaL glo] B AT
M= o] F T Ade dder .

Table 1. Green bond information
(unit : %, billion won)

The number of The number of .
. Issued amount Issued amount ratio
bonds issuers
Corporate bond 180 58 16,850 0.64
Financial bond 71 18 7,000 0.26
Specific laws bond 20 9 2,420 0.09
Municipal bond 4 3 210 0.01

Note : This table presents green bond information. Each column shows the number of bond and issuer, amount of
issue, and issued amount ratio by issuer type in green bond issuance.

2 AFolA A& =Aa)E w2 WH-2 Ehlers and Packer (2017), Zerbib (2019), Wang et al.
(2020), Larcker and Watts (2020), Flammer (2021)¢] Wi 23} fA1eHd] 4233 S z7 HU3h
A FollA FERT], oA FFT], AlEEwol s AAS vl Table 2+ =44
A Wy A3E HoFrh

Table 2. Matching Results

2018.05-2023.07 2018.05-2021.12 2022.01-2023.07
mean median mean mean median mean
Green 2.93 3.04 1.94 2.08 4.08 4.01
Non-Green 2.68 2.67 1.99 2.16 3.49 3.20
Difference 0.25** 0.36%** -0.05 -0.08 0.59%** 0.81%**

Note : This table presents the mean and median interest rate differentials between the green and non-green bonds,
along with paired t-tests (mean) and Wilcoxon tests (median) for the statistical significance in differences between
the matched sample. Ours match two samples with same issuer, rating, maturity, interest payment cycle, and nearest
issue date. Statistical significance at the 1, 5 percent level is indicated by ***, and **.
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S AT} ofo] wiAE dukajde] walgE e Hd Fihgkel fren gk xfolrt AEA ttest
9} Wilcoxon testZ itk 2 Azl 2022 1958 20233 797HA] 7 7bell s ZAAE a g
7} A E dRbAERg =2 S Yaghego]l YERTh ol 2021 12900 S =AY

FAAZE HREAIL 202235 w7 Asste & ot AXAEAY B e] A u}
E} olgigt QRlEo] Al wagelo] Jks v = vk mEA s Ade] 543 A

ABA EHEEE SAT B S FEl Y Zev e EA oS Selstaat .

A wAFE B ARG G Bl 7] Wl FH AFH G AL A
o 543t ANGA 4TS BAT Bk Uk oF WP B RYL v 2k

interest rate;, = r + Biamount;, + Bymaturity;, + Bytype,;, + Byrating;, + B RF,
+ B4FER, + 3,KOSPIL + 3, VKOSPL + 3,BR, + 3,ymove, + e;,

A7) = AALHAL, = AALBAIA, interest rate= L FE], r= AFAo|t) amount
= QAR maturity= FEWY), type = A AE rating S AE5FoE NE JAEALS
Uehdith, rFE FH85Y9E, EERE AE3HE, KOSPI= I29AS, VKOSPR= FAA W%
4, BRE ﬂ*}zﬂ FoE, mover ANAUEFA Hi ol ANBAEFE FAsts WMotk
o7|A FEIE e A5 oA ole A 54 dAgle] ARG Al AE3fof o=
w2 4T VEs B otk mEbA 9o BES sAAd v dukadel s
|AEAS 3 & ZA7he] Aed ] Aol TEl HAA Zeivdde] EAE g1 qdth
2022 1955 20231 797hA 9] £A) A3} Table 391 A stk

Table 3|4 ol ¥ Aae ta3 2l A, /E Afde 54 Bl st 4
S MAA gtk A S dekAe] d (1) AHE B 7JEEE] At 9
St S Hol=d ZAAfEe] o] dukalAe] 4 #%EE} =t} o] Table 29] i3 2 w}ol A
HZo] mAsA faylee] EAE At B4, AXNBARTE SAS e SA45)
A ZEude] EA 7FsAde] vehdth SARAY dekafAe] g (2)9F (3)9] A= AAAAW
TE A Ayolt). o] A9k TlEaE el et AFTel FHsloF skl dnkajEe]
A (3)9] o] fostA ol & (2)9] Ao FHsth & (2)9] ARoA AU VRS
27} dukaAe] 712 gele] v ok 0.11%7F ol HAAE ZEnde EAE 8E 4 9tk

>~l

)

oheel BAMS] BE vk ket Ak ANFANSE F ARVEN FHNG £80] 4
7w duAEe] wAFEE S5 Folt Aoz tehdth ANAGY £ W
e AR BATAT fo5H] ol RABFYES AnAA] FATIW F2)3)
ol Aow Urhdth Ed FAAG MEAL HAAA) BT BEE wvle] dua
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Table 3. Regression Results for bond rate from 2022.01 to 2023.07

Green bond Non-Green bond
M (@) 3 @ ()] 3
Constant 6.6052%*% 0.4413%* 0.4280%* 4.1766%+* 0.5476%* 0.4042
(9.4629) (1.8716) (1.8017) (5.3478) (1.7795) (1.297)
-0.1881 -0.0009 -0.0005 0.0373 -0.0548 -0.0657
amount (:0.2694) (-0.0039) (:0.0019) (0.0478) (0.178) (:0.2107)
maturity -0.3913 -0.1439 -0.1418 -0.0851 -0.1700 -0.1504
(-0.5603) (:0.6105) (-0.5969) (-0.1089) (:0.5523) (-0.4826)
Type -0.0381 0.1361 0.1284 -0.0679 0.2665 0.2542
(-0.0546) (0.5770) (0.5404) (:0.087) (0.8658) (0.8157)
Rating -0.1003 0.0018 0.0025 0.1325 0.1306 0.1272
(:0.1437) (0.0077) (0.0106) (0.1696) (0.4245) (0.408)
RE 0.1408 0.1302 0.8621%+* 0.8809%+*
(0.5971) (0.5481) (2.8013) (2.8265)
EER 4.5006%+* 5.2366%** 1.6207+* 2.9995%#*
(19.0861) (22.0426) (5.2663) (9.6237)
KOSPI 8.4312%%% 6.5685+** 6.9808%%*%  12.1378%**
(35.755) (27.6489) (22.6833) (38.9436)
-0.5520%+ 1.3650%+*
VKOSPI (-2.3237) (4.3796)
BR 0.8786%+* 0.8888+* 0.2841 0.2991
(3.7259) (3.7413) (0.9231) (0.9597)
0.4896** 0.1607
fmove 2.0611) (0.5157)
Adj_R2 0.17 091 09 0.003 0.85 0.84

Note :

Statistical significance at the 1 and 5 percent level is indicated by *** and **.

This table presents estimation result from January 2022 to July 2023. Numbers in parentheses are t-value.
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Cryptocurrencies as Hedges and Safe-havens:
A Flexible Semi-parametric Approach

Myeong Jun Kimt, Meiling Jirt, Sung Y, Park

Abstract

In the linear regression models, cryptocurrencies do not exhibit hedging properties
against stocks. However, they demonstrate hedging -capabilities against bonds. When
employing a time-varying regression model, our findings indicate that the hedging
characteristics of cryptocurrencies vary across periods for stocks and gold. During the
COVID-19 pandemic, when stock and gold market volatilities experienced significant
increases, cryptocurrencies did not exhibit hedging properties against either asset. These
periods are identified as the period between the end of 2020 and the end of 2022 for stocks
and between early 2019 and the end of 2021 for gold. In contrast, the linear and
time-varying regression models suggest that cryptocurrencies act as bond hedge assets. The
estimated results from the time-varying regression model reveal that when market conditions
are exceptionally poor, as indicated by the 0.01 quantile level, more than half of the
cryptocurrencies tend to function as safe-havens for assets. Our findings highlight that the
relationship between cryptocurrencies and stocks can vary over time, particularly during
market shocks, such as the COVID-19 pandemic. While cryptocurrencies initially lost their
hedging capability for stocks during the pandemic’s turbulent period, they regained their role
as hedging instruments as market conditions stabilized. This suggests that the impact of
market shocks and the factors driving uncertainty play crucial roles in shaping the
correlation between cryptocurrencies and stocks. Furthermore, our analysis reveals intriguing
patterns in the relationship between cryptocurrencies and gold. The correlation between
cryptocurrencies and stocks influences the correlation between cryptocurrencies and gold.
During certain periods, cryptocurrencies exhibit no relationship with gold, indicating a
potential diversification benefit. However, the hedging behavior of specific cryptocurrencies
can vary significantly, underscoring the need for careful consideration of market conditions
and individual characteristics of different coins. Our study contributes to the existing
literature by employing semi-parametric methods that capture smoothly changing parameters
over an entire sample period. This approach enables us to provide more reliable information
for long-term investors and policymakers, particularly when considering the unique
characteristics of cryptocurrencies, such as transaction costs and illiquidity.
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Determinants of Managerial Pay:
The Relative Contribution of Compensation Predictors

Su-In Kinl, Jinsuk Hed', Injoong Kin?

Abstract

Firm characteristics that determine CEO pays are closely interrelated with one another
and make the partitioning of variances among correlated multiple predictors difficult. We
decompose the interrelated predictors by orthogonalizing the influence of each predictor
based on Tonidandel, LeBreton’s (2015) relative weight analysis on both normal and crisis
period. In the process, we can rank the relative importance of each predictor and investigate
its evolution over the economic crisis period. Firm size is the most dominant determinant,
occupying over 60% relative weight. Wage discrimination against small company is obvious.
ROA contributes 8.7% for the normal period and 10.8% for the crisis, which implies that
CEOs’ ability to generate profits in crisis is particularly valued high and companies reward
managers accordingly. The prolonged good performance is especially valued higher (13.9%)
than the short-term performance. Risk and cash flow volatility occupy 3.6% and 1.8%,
respectively, and the use of funds, such as capital expenditure and interest payment triggered
by leverage occupy only marginal portions. This suggests that firms may lower CEO pays to
reserve cash when they face greater risks or new investment opportunities, but the amount
of extraction may not be high. In crisis, credit information can potentially outweigh the
importance of many other typical predictors.

Keywords : CEO, compensation, relative weight analysis, credit rating, Covid-19
1. Introduction

This paper analyzes the link between the CEO performance and the corporate
compensation policy on a representative sample of the exchange traded firms in both the
normal and the economic crisis period. Firm characteristics, such as firm size, ROA, cash flow
volatility, risk and etc. that influence the CEO pays are closely interrelated and the traditional
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statistics, such as correlations and standardized regression weights may yield faulty or
misleading information about the variable importance. Relative weight analysis enables us to
disentangle the interrelated compensation predictors by partitioning each explanatory variable’s
unique marginal contribution (Tonidandel, LeBreton, 2015). Consequently, we can rank the pure
marginal contribution of each predictor and make more accurate inferences. We extend the
traditional compensation model of Fermandes, Ferreira, Matos, Murphy (2013) and Gao, Li’s
(2015), and examine the relative contribution of constituent compensation predictors and its
evolution over the Covid-19 period.

2. Data and Methodology

We analyze CEO compensation policies of both KOSPI and KOSDAQ firms in TS2000
data base over the sample period of 2011-2021. The following compensation model is
estimated. (see Fermandes, Ferreira, Matos, Murphy, 2013; Gao, Li, 2015)

Ln(CEO Pay) = a + B Ln(total assets) + B,Per formance measures €))
+B,O0ther firm characteristics + Industry FEs+ Year FEs+e€

The relative weight analysis (RWA) of Tonidandel, LeBreton (2015) is a method to
partition explained variance among multiple predictors to better understand the role played by
each predictor in a regression equation. The individual weights should add up to the total R*
and it can be presented in terms of the percent of predictable variances by each predictor.

BY,| = E[ Y| = {E[X,] - E[Xp]} 5"+ B[ X, (84— B*)+ E[ Xp] (6% 5p) @

Additionally, to clarify the contribution of credit ratings in isolation from the traditional
compensation predictors, we adopt the decomposition method (see Jann, 2008; Elder,
Goddeeris, Haider, 2010). Pay differentials can be dividend into the portion explained by the
traditional compensation model and the residual part attributable to credit group effect.

3. Empirical Results

In Table 3. we analyze the relative contribution of explanatory variables. It reports the
estimates of coefficients together with the relative weights of each predictor over the normal
and the Covid-19 period.
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Table 3. Relative weight analysis of the CEO compensation model
Panel A. Traditional model

Predictors Coefficient ~ Std. Error R“I:I ormal IE:sr;Zi 1 RW R‘?VOVId lngZZI:IZ 4 RW
Intercept 5.789* 0.227
Size 0.328* 0.005 0.2691 0.684 0.2470 0.670
Capex 0411% 0.074 0.0014 0.004 0.0040 0.011
Cash 0.370% 0.071 0.0054 0.014 0.0081 0.022
CF volatility 6.275% 0.352 0.0069 0.018 0.0070 0.019
RE/TE 0.153* 0.007 0.0545 0.139 0.0519 0.141
Leverage -0.105% 0.031 0.0039 0.010 0.0022 0.006
Risk -0.035* 0.012 0.0141 0.036 0.0059 0.016
ROA 1.354% 0.082 0.0342 0.087 0.0399 0.108
Stock return -0.013 0.008 0.0034 0.009 0.0022 0.006
Sales growth 0.010 0.012 0.0007 0.002 0.0004 0.001
R? 0.393 1.000 0.369 1.000
Panel B. Augmented with Credit rating
Predictors Coefficient ~ Std. Error RVI\;I ormal ;;r(l;)i 1 RW R\?Vowd 19;;:;: 1 RW
Intercept 6.180* 0.228

Size 0.319* 0.005 0.2639 0.661 0.2326 0.619
Capex 0.325% 0.074 0.0013 0.003 0.0040 0.011
Cash 0.308* 0.071 0.0056 0.014 0.0085 0.023
CF volatility 6.107* 0.350 0.0064 0.016 0.0071 0.019
RE/TE 0.134* 0.008 0.0489 0.123 0.0431 0.115
Leverage -0.119* 0.043 0.0101 0.025 0.0054 0.015
Risk -0.027* 0.007 0.0131 0.033 0.0054 0.014
ROA 0.723* 0.096 0.0254 0.064 0.0271 0.072
Stock return -0.014 0.009 0.0034 0.008 0.0020 0.005
Sales growth 0.011 0.020 0.0005 0.001 0.0004 0.001
Credit rating -0.069* 0.006 0.0207 0.052 0.0399 0.106
R? 0.399 1.000 0.375 1.000

Note: RW stands for the raw relative weight of each predictor in the compensation regression. Within
rounding error, raw weights will sum up to R?. Rescaled RW represents the rescaled percent of
predicted variance attributable to each component so that they can sum to 100%. * denotes the
statistical significance at 1% level.

The model’s explanatory power drops during the crisis period. Knowing traditional firm characteristics
such as ROA, leverage, firm size and etc. may not be sufficient to accurately forecast CEO salaries.
The credit information seems to compensate the losses in the explanatory power of the traditional

compensation model.
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Table 4. Decomposition of the compensation difference

Ln(Pay) Exponentiated Ln(Pay) Exponentiated

High credit 12.565 286,345.6 Mid credit 12.351 231,154.1

Mid credit 12.351 231,154.1 Low credit 11.966 157,240.5
. 0.214* 1.239% . 0.385* 1.470%
Difference (0.017) (0.020) Difference (0.026) (0.038)
Endowmment 0.156* 1.169* Endowment 0.235* 1.264%
(0.016) (0.018) (0.023) (0.029)
. 0.058* 1.059* . 0.151% 1.163*
Residual 0.017) (0.018) Residual (0.028) (0.032)

Proportion of 0.731 Proportion of

explained part ) explained part
Note: Total effect consists of the firm characteristic endowment effect and the residual effect of credit
ratings. Bootstrap standard errors are reported in parentheses and * indicates the significance at 1%
level.

0.609

4. Conclusion

Firm size is the determinant of CEO pays occupying over 60% of the weight. ROA
occupies 8.7% weight during the normal period and its portion increases to 10.8% during the
Covid-19 period. The ability to generate profits during the economic crisis period is
particularly valued high and companies seem to reward managers accordingly. RE/TE occupies
13.9% of the total weight, which implies that managers showing prolonged good performance
is likely to be paid higher than the managers showing short-term performance. Risk and cash
flow volatility occupies relatively small portion. Firms may lower CEO pays to reserve cash
when they face risks but the amount of extraction may not be that great. Similar pattern is
observed in the capital expenditure and leverage. Credit rating occupies 5.2% weight and
during the crisis, this portion increases to 10.6%. Similar result is derived when we decompose
the mean difference of CEO pays. A potential CEO who is afraid of salary cuts in crisis may
be better off by considering credit information when searching for a job.
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Table 1. Simulation result for Poi(3)
D=1 D,=2 D=2 D,=2 D,=3 D=3 D.=4 D,=4 D,=5

B

231 452 223 434 367 .385 543 .689

Method T 19000 0248%) (1069 a8 22O qury @15 @1y (3653
.306 .543 232 416 384 378 .678 1.058
Method 2 100 21) o6y ase7y PO o7 ars0m 673 0 (133
Table 2. Simulation result for Poi(4)
D=2 D,=2 D,=3 D,=3 D=4 D,=4 D.=5 D=6 Dy=7
466 401 330 448 497 .440( .683 .897
Method T 356e (745 (606 507 PO omer 1400 1222 @25
.668 373 355 432 521 451 .660 978
Method 257y is1) ©s1)  assty PO Se  (567%) 4809  (3044%)
Table 3. Simulation result for B(5,0.3)
D=0 D,=1 D,=1 D=1 D=1 D=2 D.=2 D=2 D=3
Method 295 .070 102 280 237
| 1O Gy @ssn 40D 35O 236D el phe (o)
Method 127 .082 107 223 107 248(193
2 a689)  TAD osg)  @ary POy see)  0OD o
Table 4. Simulation result for Geo(0.5)
D=1 D=1 D=1 D=1 1=<D = Dy=2 D,=2 D=3 D,=4
Method .00013 214 333 445 .890
X s 00250)  0280) 1600 3010) (O (aogy (1502 (o174
Method .00010 .0016 022 .149 301(0) 211 382 491 1.231
2 ) @5% (3601 (12139 (1158%)  (367)  (1822%)  (2424)

Table 5. Simulation result for Discrete Uniform over {1,2,3,4,5,6}
D=1 D,=2 D,=2 D,=3 3<D.= D=4 D,=5 D=5 D=6
Method 370 .506 424 426 .507 370

1 -208(0) (2022%) (621) (1491%) ~506(0) (1578%) (651) (2028%) -20200)

Method 147 427 470 430 506(0) 433 472 428 142

2 (2085%) (869) (2208*) (1183) ) (1146) (2191%) (920) (2066%)

3. %L - AE - A FA FEETA T FEANAA

ojfty XVt A% X tE A F shie BFE Ags(ea 00 HER) FAE
Stgo] EAETHE Holth Table 6 Poi(3) #XE2 4% 10,0003 HoAdy F A& F
s a3, Y454, AiFAS NeE DA po] Aol s veRd otk o] oA
T o] Ay $Ud HoAFoRNE A2 Zlo] ofyal 1000034 0] HOAFE HHA O
2 747y st A Ao - FrelAl AAEAZF gkl
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Table 6. Frequency distribution concerning estimation of D, and D, for Poi(3)

D, =1 D, =5
under- exact over- under- exact over-
estimation estimation estimation estimation estimation estimation
Method 1 2580 5371 2049 2218 2953 4829
Method 2 2630 5370 2000 2249 2635 5116

(1) FohFEs

Poi(7): D, =1(p-3k<0.001), D, =9(p-%k=0.008), D, =10(p-%k<0.001)
Poi(10): D, =6(p-3%<0.001), D, =7(p-3t<0.001), D, =S8(p-t=0.032),
Dy =11(p-3=0.011), D, =12(p-3=0.007), D, =13(p-#£<0.001),

Dy, = 14(p-%k<0.001)

Q) olFEE
B(5,0.3): D, =3(p-#t=0.029)

(
B(5,0.5): D, =3(p-%£=0.006)
(
(

B(10,0.3): D, =1(p-#=0.002), D, = 5(p-74<0.001)
B(10,0.5): D, =3(p-#=0.008), D, =7(p-7+=0.033)
G3) 713HEE

Geo(0.3)' 1 < Dy < 2(p-#=0.038), D, =4(p-3=0.001), D, = 5(p-#£<0.001),
= 7(p-%£<0.001)
Geo(O 5): Dy =4(p-%k<0.001)

(@) NFTRE

DU({1,2,3,4,5,6}): D, = 3(p-7t=0.022)
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¥e=o Yol muid 3 deolEd 289 F A=A gt
Aate] AJg Hk NEH o2 MFEE=2] N (Benford’s Law),& AP A5
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distribution) & WE2+& dlo|EdE 285x et g Aol e AHMolth 1y AA 2
EFAAT] BAUCE Y} A HH 2 £ g3 Wx= WH Aggol stk 4 Ak
oo ¥ At 20024 122 294E 2023d 129 309744 o 21 ko) o
A ARE FH5t, 5]1 S=N-1 l_,]i AR, Hd— 3ate) FAE gERSI} 9

=
eel 7 wRe] B9 NE S B WEmel WA 2wy
of

- U h= l =
| e e AFH wad g AaS BAL g9 wEsel YA Qo) A g7 7
W EAE Al wARA o mokw, ML= YA ZEEAL WE 5 4l 2E W
FE AEH o AFHOR AT FH AAste] WARNE e Fel sk

FR2E0 . WX =9] HA(Benford’s Law), 7Fo]A|H 737 (Chi-squared test), Z#|o]™-V A4
(Cramér’s V), 35+ 2 E(normal distribution), 7Y 3 (uniform distribution), =

1. A—]i

Aol Woist b vlolHollA TR AEs =ate] 28 veAAS B oW, EE =AY &
g FEo] Tt AL 7]EAQ AAolth & Eo] 15H 97tA] 9 Faks s Be A
S, 1L11%2 25 59 Zojt). 3}#|7t Simon Newcomb(1835~1909)> 4% dlo]Efo]A] ¢ <]e]
S WS u, 28 gEo] sUIA @2 AS I, AAddA B 7o AA 2 A
gEo] 7MY ¥, 97F e &S M AA voH, 7Y 2 @S Fa A Ay
& A 7bs stk 7S 1881 American Journal of Mathmaticsol] 2331 o}, o]
v FAoR FHEHA Fod7ld A= AURE AR i APFE AT
o]% w=re] ZE|EAl Frank B enford(1883 1948)+= 19381 Simon Newcomb?] 3T o]&5

7o) wol, e, A S T 2099 7lEoket 2rke A 7t SE A5 o]
= SEI AF HIO]EVP ot dAske A

o Hetel &3 =9 7“11] A7k d d

£l
&
%
)
)
=
&
i)
s
RN
2
=
(¢}
Z
@
=
g
5
o

105553 A& F9 SYIE 212 CF 22072, e
E-mail : reussirgroup@naver.com



o
dlo
1o
o
e
M
bkl
et
=)
et
£
:Oé
oft
m@
o
=
bkl
[
1o
it
e
tlo
=)
il
v
=1
=)
st
v

P(d) = logyg(d + 1) — logy(d)
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A logarithmic scale bar

The formula of Benford's law

Figure 1. The formula and logarithmic scale of Benford's law
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Figure 2. Probability and distribution of first digit numbers in Benford’s law
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Num/ | Lotto- |Benford | Lotto- (Benford | Lotto- Benford | Lotto- |Benford | Lotto- (Benford| Lotto- |Benford| Lotto- Benford| Lotto- |Benford| Lotto- (Benford| Lotto- |Benford | Lotto- |Benford
Times | 100th | -100th | 200th | -200th | 300th | -300th | 400th | -400th | 500th | -500th | 600th | -600th | 700th | -700th | 800th | -800th | 900th | -900th | 1000th |-1000th| 1100th |-1100th
1 m an 361 -100th 524 832 " 843 872 1054 1033 1264 1228 1475 1420 1688 1605 1836 177 2107 1952 218
2 163 123 318 47 amn = B54 483 842 {113 04 740 117 863 1324 926 1483 1108 1662 1233 1820 1356
3 186 L E) 179 545 %62 B892 30 863 437 1034 525 1191 612 1364 693 1548 6t 1726 il 1an %2
4 102 68 224 136 32 203 435 271 553 33 66 407 ) 475 a5 543 434 610 1 678 1207 6
5 11 55 25 " Lo 166 5 22 % il 8 33 14 388 125 444 138 433 150 554 162 610
6 23 a 3 L4 48 140 iz} 187 0 234 a7 281 108 328 125 37 138 a2 183 a8 17 515
i 4 18 L 2 | 51 122 B 182 ® 203 9N 24 14 284 130 325 140 35 157 408 1m u7
8 15 £} 3 T2 4 108 B4 183 & 173 % 215 18 251 130 &7 180 323 151 Ee 181 394
9 1 ® 5 2 3# 9% 8 128 65 160 7 192 85 22 a7 256 14 283 129 21 140 3
Total 700 700 1400 a7e 2100 2100 2800 2800 3500 3500 | 4200 | 4200 4900 | 4900 5600 5600 6300 | 6300 7000 | 7000 7700 | 7700

Table 1. A comparison table of the cumulative lotto winning numbers and Benford's law by 100 units
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winning number 600 winning number ‘winning number
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Distribution of Lotto winning numbers accumulated up to 100 times: Distribution of Lotto winning numbers accumulated up to 500 times  Distribution of Lotto winning numbers accumulated up to HOD times

Figure 3. Comparison of Lotto Winning Number Appearance Distribution and Benford Law Graph, which accumulated up to 100th, 500th and 1100th rounds

Value Value

Figure 4. Test of Similarity between the 100,500,1100 Lotto Accun ion A ion Statistics and Benford's Law Values

(Chi-square Test and Cramer V Coefficient Analysis Results)
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A Unified Regularization Paths of L1-penalized SVM models R-package:
L1svmpath”

Hyungwoo Kint, Seung Jun Shir®

Abstract

Support vector machine (SVM) is a powerful binary classification tool and has gained
massive popularity in many applications due to its high accuracy and flexibility. In this
article, we develop an R-package ‘Llsvmpath’ that effectively computes the entire
regularization paths for three types of SVM models combined with L1 norm penalty:
L1-penalized SVM (Zhu et al., 2003), L1-penalized ROC curve-optimizing SVM (Kim et al.,
2021) and Ll-penalized fraud detection SVM (Park et al., 2023). The standard SVM finds
the decision boundary by maximizing the margin of the classifier to increase the accuracy.
The ROC curve-optimizing SVM, referred to as ROCSVM, directly maximizes the area
under the ROC curve (AUC) by the hinge loss used for SVM. In fraud detection SVM, the
term ‘fraud detection’ refers to a process identifying and preventing unusual data points in
the dataset, and it finds the decision boundary by detecting outliers. Three path algorithms
performed by ‘Llsvmpath’ are extremely fast compared to the existing things that solve the
optimization problem via linear programming, especially in a large number of samples and
variables.

Keywords : Support Vector Machine, ROC curve, Fraud Detection, L1 norm penalty,
Regularization Paths
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Deep neural network based non-crossing multiple quantile regression estimator

Jungmin Shin', Seung Jun Shir?, Sungwan Bang’

Abstract

In this paper, we present the deep neural network based non-crossing multiple quantile
regression estimator (DNN-NMQR), which uses a deep neural network structure to solve the
multiple quantile regression problem. When estimating multiple quantiles, our method uses
the structural characteristics of DNN to improve the estimation accuracy by accommodating
a shared strength among different quantiles. In addition, this method effectively addresses the
quantile crossing issue by applying the penalization method. To preserve theoretical
completeness, we introduce a convolution-type quadratic smoothing loss function to ensure
that the objective function remains differentiable across the support. In addition, we briefly
discuss the convergence analysis of DNN-NMQR, based on the idea of neural tangent
kernel. We verify the proposed method through numerical experiments and real-data analysis.

Keywords : Deep neural network, multiple quantile regression, non-crossing penalization,
neural tangent kernel.
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Nonparametric Variable Selection for Mixed Model

Yijin Hwang', Jun Song

Abstract

In response to the challenges posed by high-dimensional datasets incorporating both
numerical and categorical variables, this research focuses on developing theories and methods
for nonparametric variable selection within mixed models. Our methodology employs
b-splines for numerical data and introduces adaptive group lasso, focusing on nonparametric
variable selection. Our approach, rooted in the ADMM algorithm, ensures adaptability to
diverse relationships, including non-linear ones. We address the intricacies of
high-dimensional scenarios, particularly emphasizing cases where the number of categories
expands as the sample size grows, such as in document datasets. Ongoing work involves
comprehensive simulations and real data analysis. The developed methodology is
complemented by non-asymptotic error bounds, applicable in finite sample scenarios,
ensuring the practical relevance of our findings. This work contributes a versatile tool for
uncovering complex relationships in mixed models, offering a refined approach to variable
selection in high-dimensional settings.

Keywords : adaptive group lasso, high-dimensional analysis, nonparametric approach,
variable selection
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slem: An R Package for Multiple Latent Class Variables

Youngsun Kimi, Hwan Chung

Abstract

Latent Class Analysis (LCA) is a prominent mixture model utilized for population
segmentation. However, beyond simple population segmentation, there are also advanced
versions of this model. These versions handle multiple variables that can represent different
aspects of individuals or changes over time. For instance, Latent Transition Analysis
connects these variables in a sequence over time. Other approaches, like Latent Class Profile
Analysis (LCPA) and Joint Latent Class Analysis (JLCA), organize these variables in layers,
adding more complexity to the analysis. There are even more intricate models that combine
these approaches. Moreover, there are some complicated models combining those several
models. In this research, we introduce an R package named ‘slem.” This package is
designed to estimate a variety of these complex models. It’s built to be user-friendly,
making it easier for people to set up and understand the complex latent structures these
models use. ‘slem’ also includes tools for checking how well your model is working and
adjusts for outside influences that might skew your results. This package is a helpful tool
for researchers and practitioners who need advanced methods for analyzing population data.
It simplifies these sophisticated analyses, making them more accessible and practical for a
wide range of studies.

keywords : latent class analysis, R package, EM algorithm, multivariate analysis.
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CUDA: Convolutional Unet based Defense Architecture for Adversarial Patch Attack
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Developing Robust Performance in Korean Speech Recognition Using JASPER-GRU
with Similarity Loss Function®
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MCHeart: Multi-Channel-Based Heart Signal Processing Scheme
for Heart Noise Detection Using Deep Learning*

Soyul Han', II-Youp Kwak

Abstract

In this study, we constructed a model to predict abnormal cardiac sounds using a
diverse set of auscultation data collected from various auscultation positions. Abnormal heart
sounds were identified by extracting features such as peak intervals and noise characteristics
during systole and diastole. Instead of using raw signal data, we transformed them into
log-mel 2D spectrograms, which were employed as input variables for the CNN model. The
advancement of our model involves integrating a deep learning architecture with feature
extraction techniques based on existing knowledge of cardiac data. Specifically, we propose
a multi-channel-based heart signal processing (MCHeart) scheme, which incorporates our
proposed features into the deep learning model. Additionally, we introduce the ReLCNN
model by applying residual blocks and MHA mechanisms to the LCNN architecture. By
adding murmur features with a smoothing function and training the ReLCNN model, the
weighted accuracy of the model increased from 79.6% to 83.6%, showing a performance
improvement of approximately 4% point compared to the LCNN baseline model.

Keywords : Heart Murmur Detection; Smart Healthcare; Convolutional Neural Network;
Multi-head Attention; Deep Learning.
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Search for R-parity violating supersymettry in pp collisions at center of mass
energy 13 TeV in the CMS detector

SungHwan Kint, Seok-Mo Hed’, SeongJun Jung’, YongHo Jeong', HyeonMin Gwak,
SeongMin Yang, YongHak Le€

Abstract

Results are reported from a search for new physics, the Minimal Supersymmetric
Standard Model (MSSM) in proton-proton collisions at the center of mass energy . This
analysis focused on the signature of a large multiplicity of jets and b-tagged jets without a
missing transverse energy requirement. The data sample consists of an integrated luminosity
of recorded by the CMS detector in the Large Hadron Collider (LHC). The results are
explained in terms of limits for the R-parity violating supersymmetric extension of the
Standard Model in the gluino pair production benchmark model where each gluino decays
via . The gluino with are excluded at 95% confidence level.
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Automated Technology for Strawberry Size Measurement and Weight
Prediction Using AT’

Haejun Jeong', Haejun Moor?, Heejac Kworf, Yonghak Leé’, Seongmin Yang,
Chanyeong Kint, Sunghwan Kint

Abstract

In this study, we propose an automated system for measuring the size of strawberries
and predicting their weight using AI technology. The system combines computer vision
techniques with LiDAR sensor data to accurately estimate the dimensions of strawberries and
infer their weight. By integrating deep learning models, such as HRNet for keypoint
detection, and leveraging the capabilities of LiDAR sensors, we minimize human intervention
and achieve precise size measurement. The relative errors for the width and height of the
strawberries are 3.84% and 5.20%, respectively, with the width exhibiting a lower error rate.
The standard deviation for the width and height of the strawberries are 0.28% and 0.26%,
this indicates that the individual strawberries had very low error rates in terms of their
measurements for the width and height. Weight prediction was performed through regression
analysis with width and height estimation. Experimental results demonstrate that our
approach enables accurate weight prediction with an accuracy rate of over 90%. This
automated technology holds great potential for strawberry harvesting and classification tasks,
facilitating the automation of these processes.

Keywords : Deep Learning, Strawberry size, LiDAR, Point Cloud.
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A Simple Test for Financial Speculation in the Cryptocurrency Markets

Myeong jun Kini, Meiling Jif, SungY, Park

Abstract

This study uses a time-varying coefficient version of the model proposed by Llorente,
Michaely, Saar, andWang (2002) and quantifies the level of speculative behavior using a
functional-coefficient method to investigate whether speculative trading plays an important
role in the cryptocurrency market. Using daily price data for the eight major
cryptocurrencies by market capitalization, we find that neither the speculative motive nor the
hedging motive dominates the cryptocurrency market over the study period, with the
exception of Ethereum, where speculative activity was strong after COVID-19 (towards the
end of 2020), and Bitcoin, where the hedging motive dominated towards the end of 2019,
despite being temporary. Moreover, the empirical results do not support the argument that
speculative activity contributed significantly to the substantial price increase in the
cryptocurrency market in the period after COVID-19.

Keywords : Cryptocurrency; Speculation; Hedging; Semi-parametric model; Functional

coefficient model.
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Optimal Indicator of Death for Using Real-World Cancer Patients’ Data
From the Healthcare System

Suk-Chan Jangl, Sun-hong Kwon', Serim Min',
Ae-Ryeo Jo', Eui-Kyung Lee', Jin Hyun Nanf

Abstract

Information on patient’s death is a major outcome of health-related research, but it is
not always available in claim-based databases. Herein, we suggested the operational
definition of death as an optimal indicator of real death and aim to examine its validity and
application in patients with cancer. Data of newly diagnosed patients with cancer between
2006 and 2015 from the Korean National Health Insurance Service-National Sample Cohort
data were used. Death indicators were operationally defined as follows: 1) in-hospital death
2) case wherein there are no claims within 365 days of the last claim. We estimated
true-positive rates (TPR) and false-positive rates (FPR) for real death and operational
definition of death in patients with high- (lung, liver, and pancreatic), middle- (stomach,
skin, and kidney), and low- (thyroid) mortality cancers. Kaplan-Meier survival curves and
log-rank tests were conducted to determine whether real death and operational definition of
death rates were consistent. The TPR was 97.08% and the FPR was 0.98% in the high
mortality group and the overall TPR and FPR were 96.68% and 1.27%, respectively. We
showed that there is no significant difference between the real and operational definition of
death in the log-rank test for all types of cancers except for thyroid cancer. Defining deaths
operationally using in-hospital death data and periods after the last claim is a robust
alternative to identifying mortality in patients with cancer. This optimal indicator of death
will promote research using claim-based data lacking death information.

Keywords : Operational definition of death, real-world data, claims data, cancer
patients.
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Systemic Networks for High-Dimensional Exposures,
Mediators, and Outcomes”

Jai Woo Leé', Jiang Guf

Abstract

Developing methods for identifying associations in high-dimensional data and evaluating
the methods to detect these in both statistical simulations and real data applications is an
area of growing importance in many domains of biomedical science. Network analysis is
becoming increasingly recognized as a vital tool for analyzing high-dimensional biomedical
data in order to: 1) understand the complex interaction of factors in a single dataset, 2)
enable integration of heterogeneous datasets in order to elucidate the impact of factors from
one dataset on the other, and 3) predict outcomes based on our understanding of complex
structures of variables within datasets. We developed statistical methods to address these
issues and tested them through simulations of generalized cases and applied them to real
data. The goals of the thesis were to: (1) develop an unsupervised network method that
better identifies patterns of dependency and association of features in the data and apply this
method to concentrations of trace elements measured in the human placentas, (2) detect the
impact of trace elements on the interacting network of metabolites by developing a data
integration method, and (3) predict a health outcome using complex structures of elemental
and metabolites as mediators by comparing prediction methods with different grouping
strategies. The methods developed here can be applied to analyze complex mechanism of
other similarly structured biomedical data.

Keywords : Machine Learning, Probabilistic Graphical Models, Computational
Algorithms, Statistical Analysis, Exposomics
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!(Corresponding Author) Department of Big Data Science, College of Public Policy, Korea University,
Sejong, Republic of Korea; E-mail: jaiwoolee @korea.ac.kr
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S Rol: EBITDAE Xold 3|ARF 7 So|d) AR A= Fo5)
ARG = FoFF 10% stellA ]38k S (p-value : 0.06), ©]
TAIe}E FAFS

<# 2> 7 BPd g3 AT F4A

5] S Yol 3FRY =ol3 3R ukstaols 371y
T a9 3 -1.14* (0.06) -1.13** (0.08) -1.10™ (0.08)
AE 0.00 (0.06) 0.07 (0.09) 0.09 (0.1)
ey PRI 0.08° (0.03) 0.10 (0.08) 0.86 047)
B 49 0.13* (0.06) 0.11 (0.09) 0.13 (0.1)
ij 49 = -0.10 0.07) -0.07 0.11) -0.02 (0.14)
Snljpnn JEATEA £3 0507 | o) | 0487 ©.1) 047 0.1)
T kA 29RY 007 (0.06) -0.02 (0.09) 0.01 (0.09)
J)%ole Lk s 0.10 (0.06) 007 (0.08) -0.06 (0.08)
Y sdE4 g 021" (0.05) 020" (0.08) 020" (0.08)
oy | TTEHIE 0.04 (0.05) 0.02 (0.08) .03 0.1)
T g 0.04 0.07) 0.02 ©.1) 0.00 0.11)
oy TAEE -0.02 (0.08) -0.05 0.13) -0.04 0.15)
SO0 kg ER -0.06 (0.08) -0.03 (0.12) 0.03 (0.11)
FYeldE 0.01 (0.03) 0.13 (0.09) 0.19 (0.11)
494 |ROA -0.04 (0.06) 0.11 (0.09) 0.07 (0.14)
A5 EA7HE -0.07 (0.06) -0.03 ©.1) -0.05 ©.11)
AL gy AAR W& 0.06 0.05) 0.04 0.08) 0.04 0.07)
2700 InEAgE de -0.04 (0.05) 0.02 0.07) 0.02 (0.08)
dF5E |EBITDA 0.06 (0.06) -0.05 (0.11) 0.37 0.2)
T ST 0.11° (0.03) 0.16 (0.08) 0.17 (0.11)
434 e FUHe 0.12* (0.04) 0.13 0.07) 0.14 (0.08)
F9ele T+ -0.01 (0.05) 005 0.07) .05 (0.08)
NEA Gihdlk ] 0.28" (0.04) 029" (0.08) 030 (0.09)
T g BAp 0.17° (0.07) -0.10 (0.09) .10 (0.11)
A X 0.45"*"* (0.06) 0.94" (0.13)
<3 3> 7} Ry ASA R 6|
ik ey Eolg AR e ) i AUty olf 3|7 Y
log-likelihood -839.01 -733.04 73273
AIC 1726.02 1516.08 1515.48
<¥ 3>2 7} 28 W AT AF Zarle% g3 AIC (Akaike Information Criteria)e] 2 }o]t}.
27V E gk duksl EolFs| AR o] LA Aol P Adl, fold I|FRY, EolF 3
ARY] Fo= gho] Fopxng, dntsl xolFs]| AR At o] /Mg g3t AIC @t 9
Al ol ZHEYe] Fudoer &

fhe Boln, 5old IFRY} dntsiyold IR G L
Hl5zgk o)A uh, dnkslyold R0l AT Aol& A2 & AV wite] M A

o] Ttk & Ebek: #t AIC TAF 7le BT dutst opEs|F o] e 7 R ]
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Figure 1. Dynamics of global housing price index.
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AEZA(GDP) 339 49 23y ddste A3 Ko FEITFPM, UN) 8219 44 W
& o] 23} AAel Betain, o st ] o)
2 ReuigcvD)E Fe7t
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N
N
)
XN

j
t}. Table 3.2 AR(1)-GARCH(L,1) 23 7

o =
juivy
2y

Heds o2 AR(1)-GARCH(LD) 23s 4
T BYS Aee BAEANE BT FEVPAAS BEYyd FFS vA = Aguaed
7] FE7ME WE(Yel) AlFR0e FAA ool ERldn &, [7e FErE HEo] ©¥r)9
FEZHA ] Q&S v A= dAdo] AAgtia AR yoprt Eabig Aol A A=y e B
T HeAd T4 AHY d4S Uehe B1a2 98 YElhdth (y+BDA- 099012 19 <
AFSHAl YEfUB R 1 A9 A& digh St a7 Fgeitt
Table 2. Regression analysis result of basic model
Dependent variable = HP HP - Covid dummy
Coef. t-stat VIF Coef. t-stat VIF
Intercept -0.6280 -1.023 - -0.7235 -1.470 -
U S GDP -0.1993 -1.165 1.498 -0.2458 -1.837* 1.540
AALEAT EP 0.2459 0.734 1.442 0.0949 0.283 1.447
FHd RS HL 0.7567 2.879%% 1.147 0.7681 3.382%% 1.147
FHAAMAE 7 PM -0.0037 0.732 1.152 -0.0039 -0.795 1.152
1] FL kel UN -0.0073 -1.114 1.260 -0.0063 -1.000 1.302
el A g 2k VL 0.0093 1.714* 1.221 0.0101 1.870* 1.275
] o r CVD - - - 2.365 3,587 1.101
Ad. R 0.519 0.583
D-W 2.01 1.89
e owww kw7 = V7Y 1%, 5%, 10% oA stk AL FA g
Table 3. Result of GARCH analysis
Mean equation YV,=a,+B3,Y,_,+e , €lL_,~ NOh,)
Variance equation hy=ay 76+ Bihy
HP (A=) HP met (=7)
Coef. SE z-stat Coef. SE z-stat
Mean a0 Intercept 0.5251 0.2118 2.478%+ 0.4405 0.3740 1.238
equation B0 AR(1) 0.7285 0.0671 10.86***  0.7695 0.0558 13.78%*
) al Intercept 0.0173 0.0187 0.921 0.0361 0.0243 1.482
Z(?ﬁ‘gg ¥ Resid(-1)2 0.4148 0.1925 2.155%+ 0.3283 0.2097 1.669*
Bl GARCH(-1) 0.5753 0.1171  4910%%*  0.5966 0.1459  4.087+**
Ad. R 0.388 0.286
Log likelihood -69.61 -88.02
D-W 2.20 2.50
Ljung-Box Qs’s p 0.97 0.32
ARCH LM’s p 0.97 0.33

o e, e % 750 A7 1%, 5% 10% 2o Rolst A8 EA R,
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U} Table 4. Johansen &4 H74 ZA¥E HoEth 34 E3A A4 AATAZA sl
5% relae Vel ® FAE AV vk ATUHE S Z1ZdE . g, U olske] S AR Al
7} stk AR AAZEA ol Holx Az e FAR WA EARTL BFE F 9
o}

Table 4. Johansen &4 A4 A3
AF A Eigenvalue Trace Critical value(5%) p-value
None 0.44939 66.4304 47.8561 0.00040
<1 0.21526 25.8535 29.7970 0.13320
<2 0.10982 9.3700 15.4947 0.33230
AF 7+ Eigenvalue max-eigen Critical value(5%) p-value
None 0.44939 40.5769 27.5843 0.00060
<1 0.21526 16.4834 21.1316 0.19790
<2 0.10982 7.91067 14.2646 0.38780

TG Fo ¥ 1 AT HAE gl ek & A5t VECM(vector error correction
model, ME| 0 A5 1 ) WA HEeHel FEUMAMP FaRRIEHD, FHAE57Hem,
n]EokFE(UN) 7F BElE AHaAS oS Table 5. 9 o] AT W 7 A7) dFBAS
HojFe TAR BN tEw FUZIAMPS ol FEIFAMP). FEHAASZHPM), MRS

Table 5. ] @ 27 & & (VECM) 77443}

e HP(F€714) HLEFE U E) PM(FE714) UN(H] &8
Cointegration 1.0000 -0.2581 0.2001 0.1256
Equation [7.8847]** [5.7414]%%* [5.3854]
AES SRS D(HP) D(HL) D(PM) D(UN)
Error Correction -0.1106 -0.0395 -1.7039 1.5838
ECT(-1) [-4.427]%%* [-3.330]%** [-3.457]%** [3.848]***
D(HP(-1)) 0.4085 0.1386 -1.7228 3.3238
[4.226]%%* [-3.020]%** [-0.903] [2.088]**
D(HL(-1)) 0.2254 0.7736 1.1425 1.4606
[1.415] [10.220]*** [0.363] [0.556]
D(PM(-1)) 0.0263 0.0173 -0.0580 0.0038
[3.971]%%* [5.521]%** [-0.444] [0.035]
D(UN(-1)) 0.0131 0.0081 0.2281 0.0451
[1.425] [1.939]* [1.314] [0.311]
C 0.5106 0.1875 7.8484 -7.3595
[4.415]%%* [3.415]** [3.442]7** [-3.864]%**
Adi. R2 0.5681 0.6783 0.1496 0.2369
D-W 2.06 2.58 2.00 222
Log-likelihood 571.12

F[ ] tBAGOR, o wx % J15 = 242 1%, 5%, 10% T4 fFolsithE AS BAE
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Regression Trees for Zero-Inflated Count Data

Jeonghwan Kinl, Hyungjun Cho'

Abstract

The decision tree is a data mining method that divides data into a tree structure for
regression or classification. It involves creating a single decision tree by repeatedly
partitioning the space concerning a given response variable and making predictions. Due to
its characteristic of categorizing in a rectangular form, the decision tree is user-friendly and
can analyze data regardless of whether it is linear or nonlinear. This advantage has led to
various types of research being conducted. Some studies have also been carried out on count
data with zero inflation. However, the existing decision tree methods for zero-inflated count
data have the limitation that they are only applicable to data where the zero generation
process is distinctly divided into two stages. This presents a drawback in that they cannot
clearly explain the process of zero. Therefore, this paper proposes a decision tree to analyze
data where the process of zero is categorized into a single form. Additionally, in the
proposed tree model, a residual analysis method was implemented, which does not require
checking all possible cases when selecting categorical variables. The model’s performance
was verified through simulation experiments, and the proposed model exhibited the best
performance. The model’s utility was also confirmed through the application to real data.

Keyword : Decision tree, Zero-Inflated count data, Residual analysis

'Korea University(Naval Force Analysis Test Evaluation Group), 145, Anam-ro, Seoungbuk-Gu, 02841,
Seoul, Korea, E-mail: kjhsjy0215@korea.ac.kr
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Additive Regression under Low-Rank Structure’
Kwan-Young Bak', Donghwi Nanf, Ja-Yong Koo’

Abstract

This paper reports on our study of a multivariate nonparametric reduced-rank regression
method within an additive model framework. The nuclear norm of component functions is
penalized to incorporate inherent low-dimensional structure into the estimation process. The
proposed penalization scheme introduces sparsity to the singular values of coefficient
matrices of basis functions, reducing the rank of the coefficient matrices. The proposed
method is implemented with the backfitting and the alternating direction method of
multipliers algorithm, an efficient convex optimization algorithm that addresses the complex
constrained problem by decomposing it into simpler subproblems. Simulation studies are
conducted, and the results are compared with the least squares estimator to demonstrate the
effects of considering low-dimensional structure. To demonstrate the practicality of the
proposed method, we apply it to the gene expression data.

Keywords. Low-rank structure, Additive model, Reduced-rank regression, Alternating
direction method of multipliers algorithm.
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Linear quantile regression for doubly-censored data
via adaptive loss function’

Seohyeon Park, Yeji Kinf, Sangbum Chor

Abstract

In many biomedical studies, we frequently encounter doubly-censored data, which
includes exact, left-censored, and right-censored observations. To address the challenges
posed by the heterogeneity of data, a linear censored quantile regression has been widely
explored. This paper introduces a newly modified loss function across various quantiles for
the doubly-censored data. The proposed approach considers both fully observed and censored
samples, incorporating censoring arguments into the usual check function. Thus,  this
integration enhances efficiency due to the exploitation of all available information, even in
scenarios with high censoring rates. Moreover, this method accommodates both
covariate-independent and dependent censoring by utilizing the Beran estimator to estimate
the conditional survival probability of censoring. To mitigate issues related to non-convex
loss functions leading to local minima, we wuse a slight variation of the
Majorization-Minimization (MM) algorithm to estimate parameters. Inferences are made using
a percentile bootstrap approach, and asymptotic properties are established. Extensive
numerical studies demonstrate the finite sample performance and German administrative
unemployment duration data is applied to illustrate the practical applicability of our method.

Keywords : Beran estimator, Censored quantile regression, Double censoring,
Majorization-Minimization algorithm, Survival analysis
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Scalable Algorithm for kernel machines via lower rank Linearization

Yikung Kint, Jeongeun Sinf, Seung Jun Shir

Abstract

The kernel trick has been a canonical and general tool for learning complicated models
from data. In the era of bigdata, however, the kernel machine becomes often infeasible due
to its prohibitively large computation cost. For example, the kernel support vector machine
(SVM) requires $O(n"3)$ flops to learn the machine from the data whose sample size is
$n$. There are various studies to reduce the computational cost of the kernel machine, and
Lan et al. (2019) proposed a lower-rank linearization approach to develop a scalable
algorithm for the kernel SVM. In this article, we apply the idea of Lan et al. (2019) to
various kernel machines, such as kernel ridge regression, kernel quantile regression, kernel
logistic regression, and kernel support vector regression. Our numerical experiment shows
that the lower-rank linearization approach greatly reduces the computational cost of various
kernel machines while preserving prediction accuracy.

Keywords : Kernel Machine, Large-scale Learning, Supervised Learning.
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Artificial Intelligence Techniques for Outcome Prediction
in Marketing Strategies and Big Data Analytics for Businesses’

Minho Sun', Seung Woo Kint, Jai Woo Leé

Abstract

Machine learning algorithms are innovatively transforming the field of business,
attracting deepened interest from researchers. In this project, we review marketing research
and develop machine learning methods useful in building marketing strategies. We provide
an overview of machine learning methods, and compare them with statistical methods that
marketing researchers have traditionally used. Machine learning methods can be used to
process large-scale data, providing flexible analysis models and yielding solid predictive
performance. We present an integrative conceptual framework to extract insights from
large-scale tracking, and network data to represent descriptive, causal, and inferential
analyses. Customer purchase journeys with decision-support capabilities can connect the
machine learning methods to marketing theories and human insights.  The specific
applications of machine learning methods in many marketing segments and their contribution
for marketing sectors have been validated. The proposed methods can be applied to analyze
dynamic mechanism of marketing data with diverse customer features.

Key words: Machine Learning, Business Intelligence, Large-scale data, Marketing,
Customer Data
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Identifying topics and future trends of CCUS technology:
a BERT-based iterative topic modeling

Jungmin Ahn', Byeongju Park, Juyong Leé

Abstract

CCUS refers to Carbon Capture, Utilisation, and Storage technology for achieving
carbon neutrality. CCUS technology can be subdivided into various detailed technologies and
fields according to the capture, utilisation, and storage methods. Therefore, it is important to
choose specific areas to focus on for development and investment. This study leverages the
Bertopic algorithm to scrutinise 10 years of patent data from 2013 to 2022 to predict future
trends in CCUS technology. Bertopic categorises the 4,988 patents into 10 distinct topics,
which are in turn organised into two distinct sub-technology groups to provide a deeper
understanding of the technology trajectory. Further analysis is performed on yearly patent
trends to facilitate future trend forecasting. The analysis shows that two topics have seen a
distinct increase in development over the past three years: efficiency enhancement technology
and BECCS (Bioenergy with CCS). Thus, this study performed an additional topic modeling
only for the BECCS technology. The analysis finds a significant surge in blue hydrogen
among the BECCS topics, empirically and ultimately confirming that the low-carbon
hydrogen production will be one of the future trends among the sub-topics of CCUS
technology. One of the most heavily invested and demonstrated CCUS technologies in 2023
is hydrogen production, which validates the predictions of this study. In this respect, this
study goes beyond traditional patent analysis methodologies such as topic modelling and
technology segmentation to demonstrate the applicability of patent analysis for predicting
future trends and innovative technologies.

Keywords : CCUS, BECCS, Topic modeling, BERTopic, Hydrogen
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Figure 1. Cramer’s V Figure 2. PCA
Table 1. Variables after selection
variable type
dependent Estimated_monthly_revenue factor
host_response_time factor
host_is_superhost factor
host_identity_verified factor
room_type factor
independent available factor
review numeric
host numeric
owning numeric
booking numeric

Table 2. Performance comparison

accuracy sensitivity specifity
logistic regression 0.6569 0.7778 0.4419
discriminant analysis 0.6946 0.6975 0
random forrest 0.8757 0.8589 0.9270
booking ]
owing o
host e
review ©
host_identity_verified o
I I T | I I
0 10 20 30 40 50

Figure 3.
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Bagzzi, Warshaw, 1992). 12> A <ol Azt §-84, A7te &0]
d PSS AZ ARz AEHAH ALY vES fEste 4

53 31 tH(Davis et al., 1992; Novak et al.,, 2003; Moon, Byun, 2020).
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23. FAE ARA2Y ATERY

DeLone, McLean(1992)& AR A| 28] A3o] kS njx]=
BA|2E ARE ALE2E W Q1A guh 224 g9 BRela, 1E Alold AHAE Y
317] $13F ARA 28 Ay ZHU(S success model)S A A 53T} DeLone, McLean(2003)2 IT 4]
of Mul2~ F(service quality) FH-S F7HeE FEE ARAIAE JFEAS AASATE o7A
A 2El AL o] a7} Hrek AlzEl FAS oulEy 7lEA HSA So] xeyy, AR A
2 Aadlo] AlFdlE AR F4S YeERNH(Kim, Kyung, 2009), AH| 2 FH-E FHA|2E FA
2 3d Al A o] &7t AlEE FHE on| g th(Delone, McLean, 2003). A8 #4, A
HOEA Mula Fdo] AHAxEY] ANbH AES A5 9T Tod HMFER gAY
(DeLone, McLean, 2003). o]ol] 2 AT = APATFE o2 HRA|~H] 37k4] AYe BF
A g3t AL Sqre] 7]E=F8acld dgt ]

<=0 sz sz
MRS Axd B4, 4w B4, 4

L)
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24. AEA AHSOE

A&A AR AR | AES ARG & o| Anag s B FE 2
ALE 7187tk A&A AlLor= 1A AlA

AEe lé }% AU 1 Au|a2 WA
i &t

Al %
%—t« R RS J

%1 tH(Garbarino, Johnson, 1999). uwlg}A 7]go] o]&
Zke] A &A Ao EE FAIStL AEstA Fhetdob  $trh(Bhattacherjee,
2001) oA 1 i—t« A& ALgo = E F40K2019), Bhattacherjee(2001), AR, o] (2017)2]
1ol —374 sto] AFQET AME T, ARSAE StoRE AR AE FE §lo] AlEEtH TE AlE

A FA940] g FEZ 45

3.1. 97

Zhao et al.2019)2] &2 QA2 SNS E&o| T Ao AHH, A|2" Mu|x £2
S

o
>
N
N,

s.o]AéJ/} Os.H U‘Zoﬂ xq(.,.) 0:16]:0 U]Z]T‘E Z—il'%: ‘}i‘i} ﬁ./ﬂ(2013)._ Ji%}:é?—% OJI/\].
olEsh o] g ol ¥k ATolN Azgl A, Aus FAS A7 EA%l Fo8 T4 o
g nAE Aow Uehdeh mea A8dTE veow spd 13 744 2, 744 38 AAsslr)

. %Z:_]""ETAJ‘ST _l% ‘g‘ % = 7)'\] q
H2: FA5AS A4E F84 Bl d&F= A Aol
H3: F4E54S A74d A% 49 93 v 3ot

EE Gao(2020)= HE9| AEA ARG 2
2 AR o] Fo3 o A= Ao2 YET Heo(2016)= &
of gk AFolMe Azd EAF0l AEH ARg ke frog 4
upebd APATE v o 7hd 431 7hds, 7HE 65 A

t
=
=)
o
-1
=
X
N
N
N
p
o& ofo
o,
oX,
H
Ho
oo
oX,
kg
-
R
b

Ha4: A7 gl A &4 Ag-o e H+)9] Jas n2 Aot

H5: A7te 842 AEH ALgo ke H+el 93-S 12 3otk

H6: A 7te SASS A&A Algo ko A+l 9GS nZ otk
32. ZA} AA

B AT E ARLET AHIAE AR Aol e TRl e R ZARITE HAIEH
AR 3 AUl AN EAAEE) o]&3ste] 20231 9¥ 64 N-E 20231 9¥ 15474
etk 2ol oAl F 4602 HEAZ 3)Faty 150 *}%é}ﬂ 23 $ge A9
st s4d F 445 FE REoR Astu Bl ARgSslth & AvE fld #HE Aw
= SPSS 23.07 AMOS 23.0 54 Z2 1S o]&ato] HIERA, A]EJEH/H 3ol QolhA u
TP BYEAES HAET
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41. SHAY 54

o

AT i AR S A AREARS] AFEAITA BEAS

g, Hir A5 thek M= EM(frequency analysis)S A3t F o] thek QTS A A
S B, WA AgEe ool 287H(63.2%), B¢l 1678(36.8%)5 AASt AUTE A#HEL 20~
29417} 2157 (47.4%) 0.2 71 =2 v &S AASHA AL, 304 ~394] 19678(43.2%), 204 o]t 217
(4.6%), 40~49A4|7F 178 (3.7%), 504 ©o]*o] 5%(1.1%) 2. & et dHEHA5S 30018 ¢H~6,000
9Joko] 15878(34.8%), 3,00081¢t ©]3} o] 135 (29.7%), 6,001%]<H~10,0009]¢to] 87(19.2%), 10,001
219F~15,000912te] 4078(8.8%), 15,00091F o] o] 3478(7.5%) o= YERSLTE

i &
o, 93‘1‘

o 1
4

Table 1. 7Fd A= Ay}
EED EE3
H4 Az e I I T EEEE
Hi-1 | A% 32 —  A7% 218 061 200 3593+ | A
HI2 | A28 #4 — 159 055 163 2.881%* ) &
HI-3 | Ao~ 24— 84 306 060 283 5066%* | A
H-1 | AR Fd —  A7= 368 063 318 5802%% | A
H2-2 | A28 4 — 149 056 144 2,648 | A=
H2-3 | AHl~ 4 - 8ol 309 061 270 | 50200 | A
H3-1| AW 34 — 2741 304 064 270 4740+ | AE
H3-2 | A28 F4  — 134 058 132 2.318* ) e
H3-3 | AHl~ 4 > AW 253 062 227 4055+ | A9
H4e | AZ4E 84 —  A&H 184 039 236 4.680%* ) &
H5 | AZ" o]y — 107 037 146 2914%* | A
H6 | A2E AE — A= 283 040 375 7.103%* | €l

[=]

Note: *p<.05, **p<.01

42. AP 9 B 4

A dd = 918te] Cronbach’s a & &t Al#dS Hr7Hek A%, Be ¥ ge
8 o]do® AFe Ao uriylth 114 8 %

CMIN=638.395, df=539, p=.002, CMIN/df=1.184(7]%: <3), GFI=.929, NFI=940, TLI=989, CFI=.990,
RMSEA=0205 H.of B%F 7|FEX|o| F%3= 2102 el (Hair et al, 2006), 728> A gs}
o FHEg QA - A G 756-886 0.2 7| FX](=.5)° A 3slal, AVE(Average VarianceExtracted)

o

1HX-I

1374

o
ol of\

¢

£ .610 721 7]FA (=55 F53 o1, CR(Construct Reliability)> .887~.920 7|=X(=>1NE
sle] A FEdAS #13 EtHHair et al, 2006). 3 AVES] AlF 3 781-.8490|1, 29l b

SEIAGT G 299-4552 FRIE] BE A#AAG Fho] AVEL] AlF el wlske] 2] wlE
of FdElIA SRt & = gk
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Educational Python for Big Data Analytics™
Juyong Ko', Donggeun Kint, Jai Woo Leé

Abstract

Big data analytics made outstanding achievements in the fields of business, science,
public policy, etc. While experts are familiar with the theory and software, it has been
challenging for non-experts to use software programs which require skills in programming,
mathematical background, and statistical knowledge. In this project, we present a big data
analytics tool, an educational Python resource designed for a public willing to learn
fundamental ideas in performance-oriented software and utilize data analytics tools in
real-world problems. Big data analytics contains an educational application programming
interface, educational procedures from data cleaning to machine learning techniques for
individuals who learn or develop from scratch. The big data analytics tools paved the way
for analyzing simulations on high-dimensional data with step-by-step instructions. Big data
analytics tool is an open-source tool which manages and assesses the investigations of
high-dimensional data.

Keywords. Big Data Analytics, Educational Python, Machine Learning, Statistics,
High-Dimensional Data

“This article is financially supported by the 2023 College of Public Policy at Korea University.
'Department of Big Data Science, College of Public Policy, Korea University, Sejong, Republic of Korea
%(Corresponding Author) Department of Big Data Science, College of Public Policy, Korea University,
Sejong, Republic of Korea; E-mail: jaiwoolee @korea.ac.kr
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Development of an Machine Learning Model for Advanced Query Response
in Bioinformatics for Microbiome Research

Da Som Park, Hyo Ri Shin', Na Yeun Kinl, Do Youn Lee', Gi Moon Nani, Tae Gyun
Kinf, Hyung Take Chd’, Kang Wook Lee' ,Ji Youn Hong, Jae Kyeom Kinl'

Abstract

Background: The rapidly expanding field of bioinformatics increasingly relies on the
effective analysis and interpretation of data. This project aims to develop an machine
learning model capable of responding to complex, professional queries from bioinformatics
researchers, utilizing a dataset of microbiome-related research papers.

Methods: The project encompasses several critical phases: data review, data cleaning,
text analysis, and model development, followed by testing and evaluation. In the data review
phase, an in-depth analysis of microbiome-related papers is conducted to understand the data
structure, basic statistics, data quality, relational analysis, and text content. The data cleaning
process involves addressing missing values, outliers, and duplicates, and standardizing
formats to prepare for model training.

During the text analysis phase, key steps include keyword extraction and frequency
analysis, topic modeling, and analysis of related concepts and associations within the text.

Results: The development of the AI model incorporates advanced Natural Language
Processing (NLP) techniques to process the complex queries typical of bioinformatics
researchers. The model is trained on a dataset of microbiome research papers, with a focus
on accuracy and depth of analysis for performance evaluation and optimization. The model’s
performance is rigorously tested and assessed using the F1 score metric, which considers
both precision and recall, providing a balanced measure of the model’s classification
accuracy.

Conclusion: This project demonstrates the feasibility of developing a specialized Al tool
for the bioinformatics research community. This tool can respond with high accuracy to
intricate research queries, showcasing the potential of advanced text analysis and machine
learning techniques in paving the way for more sophisticated, data-driven tools in scientific

research.

“Department of Food Biotechnology, Korea University, Sejong 30019, Republic of Korea

'The Bioinformatix, Gwangmyeong 14348, Republic of Korea

"Department of Food Regulatory Science, Korea University, Sejong 30019, Republic of Korea
3Department of Behavioral Health and Nutrition, University of Delaware, Newark, DE 19707, USA
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Predicting Hypoxia and Estimating the Interactions of Ewe Metabolites
Using Machine Learning Techniques*

Sangjin Kint, Chan Gyu Jeon', Jai Woo Leé

Abstract

Hypoxia, possibly leading to increased oxidative stress, is a consequence of metabolic
alterations and can influence fetal growth as well as lifelong health. While various methods
have been utilized to identify associations of ewe metabolite concentration values with an
outcome, hypoxia, studies assessing how the coexistence of ewe metabolites impacts the
onset of hypoxia are at a nascent stage. Here, we present a statistical approach to identify
the associations of ewe metabolites and classify the outcome by including the interactions of
ewe metabolites in the network. After using metabolite sub-networks as clusters, we
implement lasso for logistic regression to determine the onset of hypoxia. We tested
different clustering methods in order to validate the associations of ewe metabolites which
may infer the mechanism of significant metabolic processes. We validated, in terms of
accuracy and balanced F-score, the performance of classification method to determine
whether the onset of hypoxemia is correctly identified. Our study shows that there exist
strongly interacting ewe metabolites and that specific metabolites are strongly associated with
hypoxia. The proposed approach can be applied to similarly structured metabolite datasets to
predict health outcomes.

Keyword s. Machine Learning, Big Data analytics, Statistics, Metabolomics, Hypoxia

“This article is financially supported by the 2023 College of Public Policy at Korea University.
'Department of Big Data Science, College of Public Policy, Korea University, Sejong, Republic of Korea.
%(Corresponding Author) Department of Big Data Science, College of Public Policy, Korea University,
Sejong, Republic of Korea; E-mail: jaiwoolee @korea.ac.kr
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AN L AN 2 o) & o] ake] ofm] e’

Q 3
= 654 o] welelTE AA 9T 184%E, T AL ZFrlete] 2025\ d0lE 2uE A}
3z 3 = EE x

1919 Aoz Addd), oA 20081 5-E "]535]# A =AUV 8FRE A
9] AR H AL S BRI O 78] BEs dolFow2A THAOE IRl 49
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AIALE TRt 2o 5HA dIALe A5 H(B=-0.11, p<0.00D)F o E §l= 71EA
A ZE(B=-0.06, p<0.001), TVE w7 A& ¢l 5 ddATl 2Hdto] gl A1 (B=-0.06,
p<0.001), B2 FFS AFstL W AL ALe He £ e B0 gl 471 SH(E=-0.04,
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Table 1. Factors associated with life satisfaction

Variables B t SE P
Vision (ref.=Not discomfort) Discomfort ~ -0.06 -4.92 0.02 <0.001
Hearing (ref.=Not discomfort) Discomfort 0.02 1.23 0.02 0.219
Chewing (ref.=Not discomfort)  Discomfort  -0.04 -3.17 0.02 0.002
Physical Muscle strength (ref.=good) Not good -0.01 -0.39 0.02 0.695
function Bast‘;egliﬁfaéiggﬁr)nent Difficult ~ 0.06  -6.01 002 <0001
ADLs (ref.=independent) Dependent ~ -0.11 -9.00 0.04 <0.001
IADLs (ref.=independent) Dependent -0.02 -1.78 0.03 0.075
.. Body mass index (ref.=normal) Abnormal 0-.04 -4.05 0.01 <0.001
Nutritional Nutritional screening initiative .
status — Risk -0.14 -12.65 0.02 <0.001
(ref.=good)
R’ / Adjusted R® / F(p) 0.190 / 0.189 / 114.52(<0.001)

Note: ref.=reference; Adjusted vaiables: sex, age, education level, living arrangement, house ownership,
household income, chronic disease, taking medicine
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Table 1. Binary logistic regression of nutritional risk according to depression and physical function

Nutritional risk

Variables B P OR 95% CI

Depression (ref.=not risk) Risk 0.70 <0.001 2.01 1.699-2.389
Physical function

Eyesight (ref.=good) Limitation 0.14 0.181 1.15 0.937-1.410

Hearing (ref.=good) Limitation -0.11 0.337 0.90 0.716-1.121

Chewing (ref.=good) Limitation 0.56 <0.001 1.76 1.435-2.146

Repeated chair stands Limitation -0.05 0.623 095 0.775-1.165

(ref.=good)

Basic (fgg i‘gcglo d‘;cumy Limitation 030 0.009 1.35 1.078-1.701

ADLs (ref.=independent) Dependent -0.16 0.549 0.85 0.499-1.447

TADLs (ref.=independent) Dependent 0.95 <0.001 2.59 1.847-3.630

#x*(p)=460.46(<0.001), Nagelkerke R?=0.197, Hosmer & Lemeshow x*(p)=9.24(0.323)
*ADLs=activities of daily living, IADLs=instrumental activities of daily living

*Adjusted variables: age, educational level, house ownership, annual income, chronic disease,
taking medicine, BMI
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Figure 2. The category of the new generated dementia prediction response variable
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Table 1. The diagnosis accuracy of dementia risk for three machine learning methods

Model Accuracy Recall Specificity AUC

Random forest 0.92 0.69 0.96 0.83

Xgboost 0.91 0.77 0.93 0.85

Logistic regression 0.82 0.85 0.81 0.86
4 299 A2

2 AT BFRIA AT AR AE A SR e golZE T HolHE VNeR
9 7K s dnelEES AHgstel udEd A APES Aol dZ3kn o5 Al
AEE $81d 4 & ugAs 17 #EE WS AAE] 8 ATE s
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RrE FoM 242y ARl b 4% 45 Holy, o IiXYiE vy, A
HEH2E By o7 4o $5EE & F ATt
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Open Computer Vision Software for Healthcare
and Urban Mobility Research in the Big Data Era*

Donghyeok Chot', Sangjin Kinl, Jai Woo Lec

Abstractact

There have been great advancements in the fields of computer vision with the
development of data analysis techniques and computational efficiency. In this project, we
have built a user-friendly image processing tools using the tkinter libraries in Python by
defining functions for each computer vision method and implementing pre-processing,
filtering, feature extraction, and clustering on images collected from various fields such as
environmental sciences, medical sciences, and mobilities. We have sought to assess the
utility of automated image processing software to improve image classifiers even by
non-professionals with no coding and no machine learning expertise. Thus, this program can
be easily utilized by researchers without programming experience. This program can be used
for various purposes by scholars in academic fields such as education, environmental
sciences and medicine. This project describes open access, source, and integration to serve
various research and education purposes of cutting-edge techniques. These strategies have
been implemented in a computer vision software environment and achieved broad and

significant impacts.

Keywords : Computer vision, User Interface, Machine Learning, Healthcare, Urban
Mobility
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Predicting the customer of cafeteria using unstructured data

Kyeongjun Lee'

Abstract

This study aimed to predict the number of meals served in a group cafeteria using
machine learning techynology. Menu feature variables were created through the Word2Vec
technique and clustering, and a stacking ensemble model was constructed using Random
Forest, Gradient Boosting, and Cat Boost as sub-models. Rejsults showed that Cat Boost
had the best performance, and the ensemble model showed an 8% improvement in
performance. The study also found that the date factor had the greatest influence on the
number of diners in a cafeteria, followed by menu characteristics and other factors. The
implications of the study include the potenjtial for machine learning technology to improve
predictive performance and reduce food waste, as well as the removal of subjective elements
in menu classification. Limitations of the research include limited data cases and a weak
model structure when new menus or foreign words are not included in the learning data.
Future studies should aim to address these limitations.

Keywords. Ensemble model, machine learning, food waste, prediction, word embedding.
1. Introduction

Accurately predicting the number of diners in a cafeteria is essential for optimal
production and cost management. Inaccurate predictions can lead to problems with ingredient
supply and storage, decreased customer satisfaction due to inefficient employees, and loss of
profits (Cheng et al., 2003). However, many cafeteria operators rely on subjective experience
to make estimations due to budget constraints and a lack of experts (Lim, 2016; Jeon et al.,
2019). To address this issue, research is needed to objectively and quantifiably anticipate the
number of customers, considering the developiment of big data and artificial intelligence
technology.

Estimating the exact number of diners in a cafeteria is complex due to various factors.
Firstly, there is no absolute standard, since the factors affecting the count of diners are diverse
and vary depending on the restaurant type, geographical location, and characteristics of the
surrounding area. Secondly, individual social activities change over time, making it difficult to

'Department of Mathematics and Big Data Science, Kumoh National Institute of Technology, 61
Daehak-ro, Gumi, Gyeongbuk 39177, Korea. E-mail: indra_74 @naver.com
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update data and models. Finally, since restaurants predominantly manage unstructured data,
including text, rather than structured data, researchers require expertise and skills in the
preprocessing process (Jeon et al., 2019). Given these challenges, accurately forecasting the
count of diners necessitates overcoming them through advanced data analysis and modeling
techniques.

Studies on forecasting the number of customers can be categorized into statistical models
and machine learning models based on the methodology. In most previous studies, variables
such as the menu, date, weather, etc., were identified as major predictors in estimating the
volume of meals. Additionally, studies have utilized unstructured data to classify menu
ingredients and recipes into the Dewey Decimal Classification (DDC). The Dewey Decimal
Classification system was devised in 1873 to organize the collections and catalogs of the
Ambherst University Library in the United States, and it is currently the most widely used
classification system worldwide. However, this approach has limitations, as it involves
subjective judgment from the researcher. Therefore, this study aims to mimimize the
researcher’s partial intervention and improve performance by applying the word embedding
technique, commonly used in text mining.

The composition of this paper is as follows. First, we will review previous studies related
to estimating the count of customers in the cafeteria to derive significant variables and
unstructured data to generate derived variables. Next, we will build a predictive model,
validate and compare it with other models. Then, we will present the results and implications
and discuss the study’s limitations.

The results are expected to be used as a basis for estimating the number of diners at
cafeterias operated by both public and private sectors. Furthermore, the findings can be utilized
as research data for cost reduction in companies and as the basis data for establishing policies
to reduce food waste in local governments.
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AT 22 BFH B Ae BFo| agla 5 3t dHske BEFE 2 AlZslE o otk
F342 256Hzol A 128Hz, 64Hz, 32HzE WIS u 7M&EeA 9 e 62 AlA <]
TAAES S5/ deE=2 8okt Tablelo|th. WA= FHAAE 7HEEA Y BE FaoA
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59.03%(32Hz) = 3= W3fol] w2 Ao o7} & Holt) &2 o]i= AE|o A= 256Hz] WG|

128HzoN 4 89.64%, 64Hzol 4 78.20%, 32Hzoll A 60.69% = %
sreiolth. 447 GA W3

ol= X
A=

() uosod 2

el Hla) &2 ol=

Figure 1. 256Hz data visualization using “3D tracking with IMU”

Table 1. The overlap ratio for each frequency and motion state

)= genct A&wAe Aol
N4 frAbgol ssket.

. 256Hz 256Hz 256Hz 128Hz 128Hz 128Hz
motion sure| MU 6DOF | PV, | BER | POE | e | et | s
accleration_x 99.74% 99.62% 99.52% 99.77% 99.65% 99.77%
accleration_y 99.70% 99.54% 99.33% 99.69% 99.45% 99.50%
accleration_z 99.55% 99.29% 98.86% 99.48% 98.90% 99.19%

stop sub total 97.02% 96.68% 96.26% 98.80% 98.40% 98.83%
gyroscope_x 90.23% 81.90% 71.52% 86.09% 76.68% 74.72%
oyroscope_y | 82.37% 83.85% 76.09% 87.60% 80.10% 89.26%
oyroscope_z | 98.31% 93.96% 93.56% 94.19% 93.97% 98.26%

sub total 78.67% 67.99% 59.03% 80.26% 66.94% 65.01%
accleration_x 93.79% 77.68% 61.16% 80.25% 63.26% 69.94%
accleration_y 95.86% 89.04% 73.42% 91.31% 75.16% 77.02%
accleration_z 85.19% 67.68% 52.49% 71.85% 54.78% 65.42%

move sub total 89.64% 78.20% 60.69% 81.90% 65.62% 70.03%
gYroscope_x 92.79% 84.71% 67.00% 86.11% 69.30% 71.43%
oyroscope_y | 84.70% 67.48% 46.86% 71.43% 49.37% 57.50%
oyroscope_z | 92.78% 83.80% 70.76% 85.80% 71.71% 75.32%

sub total 75.40% 56.68% 39.20% 64.66% 39.20% 48.37%
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Figure 2. 128Hz, 64Hz,
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AGEE olFlolEle] 7hEEA S} ZhE T ] 3 AA(xy,z)E AlZH3telH Figure 20]t} +4
QAE Fet7] 918l 256HzE Vo2 7} Fubee] A A A AlEARE ek 1 Ay
126Hz= 419, 64Hz= 467, 32Hz= 5295 Fi7b woldas X9 AgdErt wolxa 9l
Th.Chung 5(2021)°¢] 32Hz= % gho]Z =21 dlo|EloA] GPSe IMUE ©]&3te] Al7tsl std
Figure 30|t} GPS #3545 E & 992 #5Eo] AP o)Fo] AHor xdy o APArt
483 ojul ARE FAUEA &7] oY IMUE o] &3 o5 4 2E o5wek 9 oA}
A ZkeE H Qo vhe FakeR Qe o] 9] FgAdo] vt

trajectory

(a) GPS (©) IMU
Figure 3. The visualization of GPS and IMU data.
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Comparing Scan Statistics For Zero-Inflated Spatial Count Data:
A Case Study Of Arson Data

Jiwon Leé', Yejin Kinf, Jiae Park, Yijin Of', Donghwan Lee

Abstract

In the analysis of count data such as crime and disease incidence, the excess of zero
counts are commonly observed so that the conventional Poisson model has a limit to explain
the data. To identify significant areas of event occurrence, we consider the Scan-Poisson
statistic, based on the Poisson model, and the Scan-ZIP (Zero-Inflated Poisson) statistic,
which accounts for zero inflation. By conducting the simulation studies, we compare the
results of both approaches. We demonstrate that the Scan-ZIP statistic is more effective in
identifying clusters in zero-inflated spatial data. Also, the results show that Scan-Poisson
statistic steadily deteriorates as the number of zeros increases, producing biased inferences.
To illustrate the usage, we applied these methods to arson incident data from 426

administrative districts in Seoul (2012-2021) to detect significant areas of arson risk.

Keywords. spatial scan statistics, zero-inflation, multiple cluster detection, arson data,
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