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AFA S (Artificial Intelligence)> PIHE 714 A MstAZ A FHOZ 44¢] Antal 7Rl ¢
P2 FFE XL Itk FOlET &8 7hEd dolert S7hsk be vsy g2 719e AklEe
< o] g3t HolHEREH f83 HEE FE31 o JAAA &8t itk AFA Tl B 7
Ve A7 Asstel] 234& T 9o, IS WA Asste A ZAGA YaElE W3 Algorithms bi
AR E Q7Y ZH8(Autonomy)S] SHAIA, T3 AR A 5 A BEEE BoFa o A E
A5 A3E 93 274 A% (Augmented intelligence) &2 A 91713} QIFA ] ol #S+ A7t FE5S
7145 FAE 7] ARSI B AT E AR S 918 29 (Advice) S AlFdHE 204k £8E& AT,
S, 283 A )IEAT @YY Al 7HAE UL, 2029 133 AR AR A EAo] AR R+
S AHREYT 311HY AFAE o2 AR & 28 B Yol & oSE3hs JF-E Jdsigon, a7 24
AAGATE Z2ALE-S St HA A9 F848E A AAFSE Ao ety g oAAARe 44 E
o] 242 FPERE 29 FEAE AAFIL 2US 83t ddl| PiX e IS ATE A3, AN AFAFY
A FeER A5 Azt 44 44 T 249 84S W = A S0 R 2As F8te e
2 Uegth 93RS 9508 &84 Ao A4 B4 T 4AAT 9Fdo] At AAFe] W AAEAATL
29 84S 9 A AAFL 2AS FE3te ASE YRt B d7E JAFATY 9% JAEA S wd
(Decision Making and Judgment) 47 Hoke] 2zt 482 By A AFE SAsIAt= T4 o9y glom,
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aroll A Ztarge] WA A
Atk AAE JAFA T nlefAel
o] ddEH UAHT AE=E, AV
g ApEAkel 2 AlFo] 85
gt Qe o ® A F3WE B
1 Y5 AHEH 22 A4 H‘ﬂi"ﬂ—‘?—
21tKSeo, 2019; Zhang et al., 2021). 21FA
4% g Eel A2 gxlFeE Frlsta
om thefgt FopollA AFA TS &8st
gdo=z Fgd AFS 7FAa AdckHoward
and Rowsell-Jones, 2019). ©]&€ 5% QAFA]52
£ vk 7P AR 7 oJUMEHEE 4
g koA F5S 9l THChoi et al., 2020).
@JH]O]Ei(blg data)«] &4 7 7}%/‘4 o] Z7}t
stAA QJIFA TS HAe oy
2t 27} sh5E B8l 5 A
E 228 e ARl X}Ei}g
A8l o ofo] Ao FAL M E L
Th(Kook, 2019). o]&gt &3l It 7H?j‘«l
Has) vlg A7 agla QI AxF H4s) 5
o] QA THDavid and Vikram, 2014; Yutaca,
2015), BA1E FARE 7R R 17k /MY §l
=g ow PFite= AFA T
AR dads
(algorithmic bias)o.Z <13 ZHEH 4
o] B85 EAFTHLeslie, 2019).
Aol W YA “QIx1o] sh=
A Yo wEA NAEI U
SHolA= Ay Az
© 7131 JTHWEF, 2018; Wilson and Daugherty,
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H(EDE A= fq] TA]
Ag ARE D83 = L3O H(Dietvorst et al,
2015; Onkal et al., 2009; Promberger and Baron,
2006), JJEASY] QFoE QI7ke] QT T
W 751A HE-S-3HCHDietvorst et al., 2015). T3
ojof7]o| A ek, IFAE g 7R E e
st A2 AA BlEY 2o A RIZEo] /IFAE
S F835t= Ao 2y Yok kA AFAT
o] AN BRE A HA| HFof &-83HA|
o] FRLAT =Yoll=

=y
ZFA] 5 (human intelligence)@} <13
Ao BAE FAELY] AN B
olye}t AZEA 52 7357 (augmentation) = 2]
3 JIFA TS ek WA Fotslr] Al
ZItHDanvenport, 2020; Danvenport and Kirby,
2015; Raisch and Krakowski, 2021; Wilson and
Daugherty, 2018). ThFst 4Fd9] <F 1,500 71 7]
< ZA 71:53} T2 2d& giAs] sl <)
A 5= AHgshE 719-S @711 AL
—“?—017\]”}, gl 7}31]' A3Asol st &
o] 59 SHA H U2 AIE BHllt=
A3 TH(Wilson and Daugherty, 2018). <]
BT B G508 ks TG
2'd(deep learning)?t WA/t H
&5 85% 743 (Wang et al.,
2016), O]U]X] Wao AT =4 YET
. 2019). )1EAF Hoke] tiiE 7]
7\]%% 283 JAATe 4
AgE Aestr] AAstdh vlol A=A
IZre] T8 AP S A3slste Ass
T=8 Zolgt 3F9 A (Nadella, 2016), IBM(2017)
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SIBRIS0| AN OlxE B0l B 9T oINEt IFRISCl Hel Y oM 47 S48 F4o=

(Artificial Intelligence) TH4A! 5734 5(Augmented

Intelligence) 0= A Z1-& AT

A AFAEY] FHS AR FHollA
£3] Zx=Ha nk oAEA A A Fagh
F 7K 58 F ARAY 9L dFATo] <
R Hoju = T2 5820 A H(intuition)
< QIzute] 74 = e Aol BE QI Q1F
A5 S Sl HAY JAEA S HE

9171 w&-°]tHColson, 2019; Duan et al., 2019;
Jarrahi, 2018). ¥3}e] £X7} Y WAL =
Aol FokAE A 7193 Aol W
2= AP o HIxet BRAALS S71E Aol
vz oAPAAC o AFATY oS Y
5 Eobd Zo|t} T3 AAR S FelHoE
3b7] 98l AFA TS &8st H2E2l o
3 =97 s Zlo =2 o 4dHnt

ol B AT AFATo] APEA

MAE dEFS dH AA T dhol T4

A 3l
=7, “RUAFA s 57, 2o A JIFA
o] oz Aojata o]y A FHE
A& ZQ(advice)ol] thate] oAPAR A7}
= A= AbEA Ao =
=5 gpofsict m=3k oAPAA
gol A FRF 2A9 AAH
A &gol FEFE vH= 8RAAA
B A= oA PEA I Sk (decision
judgement)d o] ZAAFe] HTS
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2.1. ZoXIRd

719 Welie] $7 Wt S weA A &

3}
2 ool M43 AHo] WastE ojAEA
3 #dE ool Ak AFE 2ol Fo

< TFg oA B R oAt
| A Eea ¥y AEA e
H3l =Ae FetiHarvey and Fisher, 1997;
Tetlock, 1985). BlHlo]Ele] 71843 F84 0]
Eoly o) whe} 2252 Izt U] FEAdo] H

ot darg]Fol FAE st len JilES

(Dawes et al., 1989; Logg et al., 2019; Onkal et
al., 2009; Prahl et al., 2013; Prahl and Van Swol,
2017). £ AT E AFA Tl Al=E, &1

% =29 Fol EPHE ow Br
(Shankar, 2018).

AFA Tl AA 2AS HEEA] 17to] A
AR Z2A KT oA o] B &-8(utilization) 3}
= 212 o} tHBurton et al., 2020; Castelo et al.,
2019; Prahl and Van Swol, 2017). 714 24 &
gol@ ojaAge] 210 o8] WalE AEE
2] "] g H(Bonaccio and Dalal, 2006). Dietvorst et
al.2015)2 24 AR, S H 5 HE FHo
A RIEG dagFe dF5He] eskrle
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I HHE G E AFAFTET Izt
AN 2AE& ¥ &892 (Onkal et al.,

2009; Promberger and Baron, 2006; Yeomans et al.,
2019), ol¢} WE 4318 ZAKMadhavan and
Wiegman, 2007)¢F ti57t8 9] A5 2 A&
= FAME AFATS o &I rh(Logg

et al., 2019).

pu
L

Azbgol
A TH(Davenport and Kirby, 2016; Duan et al.,
2019; Fiigener et al., 2019; Jarrahi, 2018; Wang et
al., 2016; Wilson and Daugherty, 2018). Dietvorst
et al(2016)> &alE]E P E SE3] 9

o PaelZo] AT 2L zko] BA

L

sl AL AAE % Sk Az AEA S
of el T84 AR FYNM 53] A
253 It} 1 olfre U] af TEd A
3} JIFAFol B JRAY T A4
g 237} oAbAR Y] Ae £Y T 7] Wil

THColson, 2019; Duan et al., 2019; Jarrahi, 2018).
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3k =, 2l , "<l
BA%T ©E" I3 A AFA ] FY
Al 7HE Aelsta v 22 7HE S AA s
Si=g
7Hd 1. 247 o] I JIEAF5e ¥
AY off At B=F == JAFA T &
=Y wrth 29| UAH F8d0]
ol & Zolth
7Hd 2: A2 8] A AFA T ¥
AdY o At & == AFAF &
Y BT oAAA o 2S¢ B
o] &8% Aot}
2.2. ZQ19| OIX[E REN

71&4~8- 29 (Technology Acceptance Model:
TAM) AHEALY] AR7|E 78 LS oS35t
I Hrpehe o ALA 02 ARREHIL Jle B o}
Yzl Teke sHe d9olM = 285 Itk
Chung et al., 2009; Nam et al., 2015; Venkatesh
and Davis, 2000). 7|8 E2 9] A H {84
& Al2E g8 oyt AAlFolv =R A
H| 2> S8 = FEFs vX|+= ZAo= A
TH(Yasa, 2014; Yusoff et al., 2009). £ 7o) A
© 299 JAAH F-84 H7P 2A D8 &
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QISX|S0| SJAIEHE O|X|= dekol| et

= oo =

e

Aol
2.3. QJAIZERIL| 4H8Y

7491 7be] HEL olsak ol ek g
el s jele] 44 olsfahs Aol
(Eysenck and Zuckerman, 1978). 7]/
/34143 (conscientiousness), 2]/ (extraversion), %
3}/ (agreeableness), 417 S(neuroticism) .= T+
“J% big five factor = H3EZQ JHEHJO 2 <l
ZHk T Digman, 1990; Goldberg, 1990; McCrae
and Costa, 1987).

2QHGE AR ANAYAY FEAE
olmE Eolx THW ope} elAERAe] A
3 olslE Q2 St} JAREA AR Q1A A
oL} 74 At 22 B8l JPe FE 8
Qlo]th(Brooks and Schweitzer, 2011; Dalal and
Bonaccio, 2010; Gino et al., 2012; Ronayne and
Sgroi, 2018) 2]Z4d(dependency)e]lyt 1314 o]
A3t A A A E 2AE H HFFH02 &85}
™(Bonaccio and Dalal, 2006; Dalal and Bonaccio,
2010; Digman, 1990), &JAFAA=}Fe] 748 AdEi7} &
AAY o 2A-& o 83K Gino and Schweizer,
2008).

E ATollA = big five factor o] 7|3t 2]
AR ;‘éXH AAEA wel 2AA FFER

9 (openness),

219) AR 847 2 Fgo| ojmst 3}
o7t YEAE AFSuA ek Askol BT
AR 2 30 uglo] AL Bol B

-3} (Bonaccio and Dalal, 2006; Dalal and
Bonaccio, 2010; Digman, 1990), 7l®-4do] 733+ A}
He N2 ARY AVES 45402 £&
St= =2 (Gu and Wang, 2009; Kim et al., 2007;

Walczuch and Lundgren, 2004; Ziegler et al.,

2012), 2AA FHE Aol S defstazt b=
B Ao 1843 AE-S ALsat

M4 AR HASHE 2O 79
3} zQle] AXE -84 kel BAE

Z4% Aolt}.

7Hd 4-1: QAPAAALS] AR 2AA F
I 219 JAAH {84 k] A
E 24T Aotk

7Hd 4-2: A AL} A2 =AAE
I 219 JAAH {84 2] A
E 24T Aotk

7V 43 APAA A AAFS 2=AR

£ =4 Aot

M3 E=A FBT 2ABE BAG 9
of 29| UAR 84 WAEAE ot}
T M 4= 24§33 YA B4
$EAGo] £ AAH FEAHN IFE v

A E sho} s& oA AY 5

]

ol ol 2dHd 2=A9 dAHE 840l =
=
=

7Hd 5 24 F3 20
APARA JAE
&89 wiaERE 2HE Zloth

7Hd 51 204 #3%

«W@%X}«l AL 29 <
A9 &89 whaEdE 24T
ﬁOIE}.
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Decision
Maker’s Trait
(Big Five factor)

Advisor

Advice
Perceived
Usefulness

Advice

Type

0 : Human

-

: Artificial Intelligence
2: Human-Al Collaboration

Utilization

(Figure 1) Research Model

A
7 53 %=

9]

A

g 2%) o:w 158 tﬂ(so 8%)01

EHE 0T 118 ™(38.0%), 30 T 106 D5}(34.1%), 40
O] o]/Fo] 87 H(27.9%)°1™ HALA} 198 8(63.7%),
SHAY 56 H(18.0%), AAFH
o2 YEhyth

2 71e} 57 H(18.3%)
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3.2. AlgExt

na

A AT AR & AF9 Ul B o35
PS4 WA AT 1 DA AR

2 Uolg 4 Bt AdZ(FHz )
%, 29014 @9E 2% 3ol et 4
3} ZAA7E AABHE ol a2 ghE)ol
AFHAT <table 1> A7 2 BANA 2R
SolA ANY 2904 ) U olch

Al
=

e

o ot B rr

ZAx F3e AY 2Tl A o= a5
sgom, 999 2904 53 9)9) 2ol o
@ e uE AT Gstth 2 e 30
o) ofulA] o2 dwelZEg gk Lol o
53 5 1 PAGPOE o] g3Gh BE 2%
T8 (AL, AFAE 28 A3 1FAF 9
ol FLsH o] fte = o= AAMSA
ok o= = & A7 v 5 Qe 9 T
At Ageltt. &, 4 b= Al 7 =
A 48 F WM FYOE Yo FYEL,
shtel =1 g SYsA AT
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Bisol Bel U oAEIRel ¥ SY2 BYo=

H X

(table 1) Description of Advisor type

Advisor type Description
Human The advice is provided as the average prediction value that participants who the top 10%
predictive performance in the experiment to predict the age of the face in the photo.
The advice is provided as the prediction values presented by the artificial intelligence-based
Al prediction system developed in cooperation with the world's leading universities, companies and
research institutes.
Human- Al The advice is provided as the age prediction value presented by the artificial intelligence-based
. prediction system developed by the world's leading universities, companies and research institutes are
Collaboration . .. . . .
reviewed by participants who the top 10% predictive performance in the age of face in the photo.

(Welght of Advice)E A& THGino, 2005;
Gino and Moore, 2007; Logg et al., 2019; Yaniv,
2004).

|HF A58 — 2% o5
| AR ol 58k — 2 = o 58k

WOA =

WOA #2031 ARele] s 7HAH 0 o 7}

=75 Az A5 golA ¥ A2 o=
AE FEA FE= rlsiaL 1ol 77k
T = 8ol F eItk WOA ol
509 Hzx o= g3 =dAe AF #e 5
H3 Aoz & 4 3lon, 05K &
Aze & FeIoa Agdd - 3l
Oh WOA = oAbaAze] 7] A5 gt =

—

7ke) Fkol FLE A= BRI 0 o] 2 ¥ oy
g} 209 FEFS gt g floEE Ao A
A L)stAT. WOA ¢ 33t k2 0 o= EA 814
AR e EAISHA A=tk WOA #rel 11
O 2 A5t =2 EAE o 12 A
A 9] gt} (Gino, 2008; Harvey and Fischer, 1997).

3.3, W9l XA HI|

Ten-Item Personality Inventory(TIPI)+ big five
factor =0 W& ?,QE} 7+e] zpol= Hr)al uj
83HAl AHEEE 33 =7 E(Gosling et al.,
2003) TheFet Aol w3kl HEE ol
THNunes et al., 2018). tH3EZ<1 10 7Y Z3o
Z big five factor & 7 SPEE A7 A efe]
= 8olA &t B A= «IAPQW X}«l
AAEL A= UJrE} z19] AAH F+847%
2AG8e| Aol s Aol F34 01 |
dol eaklew olToMUE Bael 57} v
It ol 71 AS SEHE0] Wol A At
Ko] ol 4 Q1&g Telsko] TIPL WH S o
B3tk A" 184 S (Davis, 1989;
Lee et al., 2005)3 A4 542 g7 =(Likert) 7
A HEE ZA3}A T <Table 2> AAH AA|
H 849 BT dBd A3E B QA
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(Table 2) Validity and Reliability Test for Perceived Usefulness

Factor loading matrix )
[tem Communality
Factor
PUI The information provided by advisor improved my estimation 905 819
performance
PU2 The 1nf'orma'1t10n provided by advisor enhanced my effectiveness on 808 806
the estimation task
PU3 The information provided by advisor made it easier to perform 887 287
my estimation.
Eigen value 2.413
Variance (%) 80.439
Cumulative Variance (%) 80.439
Reliability (Cronbach’s Alpha) 0.899

KMO=0.742, Bartlett’s x*=505.329(p<.000)

r ¢ A S BE &0l 0.8 o1
1 FEA(Communality) = 0.7 ©]40. 2 E}G
< TZFHNeH, AEE ¢ulgk(Cronbach’s

alpha)= 0.899 2 A= FZEH AT

M

4. 2MAY

HFE
od

4.1.

HI
1z

ALE] 38t Lopol| A ZY et FEM4
A 78S 218 w7l (mediator) L} ZHEH S
(moderator)$¥ ofz} wiZHre}t 2HWMTE A
&3 A77F FHLISHA o] FoIA AL U TH(Hayes
and Preacher, 2014; Hayes and Scharkow, 2013;
Jung and Seo, 2016; MacKinnon et al., 2012).
Hayes(2013)= wiZ/l&Es} zdasi opye}
et SHEHES AAHCE HAST F Ue
PROCESS & 7W'¥3l31aL o] AoHe 483 A
TEo°] 571kl 9 th(Jung and Seo, 2016; Kang,
2018).

Hayes(2013)= F-E22E 33 (bootstrapping)”|
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ofs

ks

HE ol &3 IHER AS WS A
gl HO]-

7]122] Baron and Kenny(1986) 3 ©A| 7
7} Sobel HSH e Ashs B} 4= 3tk Baron
and Kenny A5 AAAAE B3l vzl &=
£ ASske WHoE AHAoR IPHEANE

=

AgetstA] 7]l HeHd ol

E K

ofN

ol iz
7} Faas
As 9 o BFx7e oY T(Cerin and
Mackinnon, 2009; Hayes, 2009; 2013). ulj7/l &3}
A71E AF 4HE3h= Sobel S-S FEEE] A
TS 718714 02 SR THPreacher and Hayes,
2004; 2008; Sobel, 1982), Hayes(2013)7} #] A3
ASHS HEsT HZolth Hayes 7} AAIgE
Process 71" w7l &3 A5 B 5 7HE 94
g Roln OLS 34 235 S 24 2
R EY ifEs, 2dEy) Jea 249 )

Nad 52 2RHoz 42T 5 9on 71
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(Table 3) Descriptive statistics of Perceived Usefulness and WOA

Perceived Usefulness WOA
Advisor type
N Mean SD N Mean S.D
Human 103 4.149 1.407 102 0.447 0.354
Al 105 4.403 1.331 104 0.545 0.364
Human-Al Collaboration 103 4.621 1.153 100 0.524 0.351

(Table 4) Analysis Results (Process Macro model=4, H1, H2)

Cl 95%
Independent variable Depe.ndem b S.E t p
variable LLCI UcCLl
Al Perceived 2264 11802 1.6413 .1019 -.0588 6502
Advisor Usefulness
H -Al
type uman-A 4000 | .1819 28720 | .0044 1645 8805
Collaboration
R*= 0267 F=4.1522 p=0.0166
v Al 2749 0497 1.9800 .0486 .0006 1961
'V1SOr
_ WOA
type Human-Al 2161 0502 15417 | 1242 | -0214 1761
Collaboration
R?= 0141 F=2.1631 p=0.1167
Al 2309 10490 1.6848 0931 -.0139 1791
Advisor q N WOA
type uman-A 1384 | .0500 9912 | 3225 | -.0488 1479
Collaboration
Perceived Usefulness .1943 .0156 3.4186 .0007 .0226 .0839
R’*= .0508 F=5.3885 p=0.0013
89E A3 4=dT= o] UThHayes, 42. IIdAHS
2009; Jung and Seo, 2016; Kang, 2018; MacKinnon )
42.1. AR
2008).
B 3= Hayes(2013)7} A A1$F Process 71 <table 3>°l] A|AE =AA FFE AAH F
Z ey, 2day a8y 249 wpias |4 HGriel 2 89 72FA B4 294E
AES $18] 'Model=4'9} "Model=7"2 #8331 A EH QIAEH 84 Hrke < 1-EA

o 249 wilas dE5S AT a2
gt Wk Wi ETE golsle HeEA %
B 2+ & FH(conditional indirect effect)S &5

ol 8
)

2
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(Table 5) Analysis Results (Process Macro model=4, H3)

; Cl 95%
Independent variable Depeﬁdent Mediator Indirect SE
variable Effect LLCI ucLl
Al 0.0440 0.0115 -0.0042 0.0414
Advisor q A WOA Perceived
type Hman-s Usefulness 0.0777 0.0134 0.0061 0.0587
Collaboration

05 oVdoE 2R F e o VTS
R0 Q1718 A S AAgAe] 27 o
o }

o 2ABEL AH 27 S Ao
U, AE5A3 1 xpolrt =2 #3E
2]

0rO O o 2=
oS & F AUt

AE F8A] MiNaERE HSS AHE A%
<Table 5> HH 217t3} <l 3
Eink 7P Ao HREXE|] 4lE]%10] [0.0061.

— HEXE#W Al 7} -
p=0.044) F = #H7a [0.1645, 0.8805] 0.0587]= 0 x3slA gormz 7Md3 e A
o 0o EgEo] A W AR VAT o
o] Fle] Felsk Maohd 15 1zkel s '
o9 WylE 9 A w
—1—01_1_-0/] ?_]_X] <! Tl‘o/%] %317]'2 Tl‘-o/lu]o]'}ﬂ %37]' 423 _Q_lA};Eigxl_ ga%ggl Eéiﬂl'
stz 71 1 & AAHJG
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(Table 6) Analysis Results (Process Macro model=7, H4-1)
) Cl 95%
Independent Variable Coeff SE t p
LLCI UCLI
Advisor Al -1.9588 7492 2.614 0.009 -0.433 -4844
type Human-Al Collaboration -.2960 7971 -3713 710 -1.865 1.273
Conscientiousness -.1943 1236 -1.571 117 -.438 .0490
Al X Conscientiousness .5140 .1665 3.087 .002 186 .8416
Human-Al Collaboration X 1891 1762 1.073 284 -158 5357
Conscientiousness
R’= .0602 F=3.8414 p=0.0022
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(Figure 2) Interaction effect of Advisor
type and Conscientiousness

p=0.002). FEZ=E=] AIEFZF [0.186, 0.8416]
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AL L
& AR7ee 184 ¢
3t} (Bano et al, 2019; Lakhal and Khechine,
2017; Svendsen et al., 2013). ¥ A2 A=
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frejmlstAl 2dg Ao 2 YERT (b=0.3513,
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(Table 7) Analysis Results (Process Macro model=7, H4-2)

Independent Variable Coeff SE t p Ol 95%
LLCI UCLI
Advisor Al -1.1106 0.5704 -1.9471 0.0525 | -2.2331 0.0119
type Human-AI Collaboration -0.7598 0.5571 -1.3638 0.1737 -1.8561 0.3366
Extraversion -0.2401 0.1052 -2.2821 0.0232 -0.4471 -0.0331
Al X Extraversion 0.3834 0.1472 2.6051 0.0096 0.0938 0.673
Human-AI Collaboration X Extraversion 0.3513 0.144 2.4399 0.0153 0.068 0.6346

R? =0.0533 F= 33760  p=0.0055
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(Table 8) Analysis Results (Process Macro model=7, H4-3)

) Cl 95%
Independent Variable Coeff SE t p
LLCI UCLI
Advisor Al 1.5832 0.5528 2.864 0.0045 0.4953 2.671
type Human-AlI Collaboration 1.0682 0.5661 1.8872 0.0601 -0.0457 2.1822
Neuroticism 0.3096 0.1325 2.3365 0.0201 0.0488 0.5704
Al X Neuroticism -0.4345 0.1772 -2.4518 0.0148 -0.7832 -0.0857
Human-Al Collaboration X 0.177 0.1835 -0.9647 03355 | -0.5381 0.1841
Neuroticism
R’= 0. 0474 F= 4.0393  p= 0.0075
: AT Fehoh AT D5 A= 29 H44
Perceived — — — -_—t % l.:“’.;;‘_‘ﬂ] ?_X]t:)—:]—% ?‘E!_— ‘5’: 9»7]\1:]'.
Usefulness —
s ‘--.--.-._-‘-~
o Perceived
Usefulness
Extroversion g =" —
3 \".
Low High il
4 .
= = = Human e— A o o ammms Human-Al Collaboration I -
(Figure 3) Interaction effect of Advisor
type and Extroversion 3 Newrticin
Low High
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(Figure 4) Interaction effect of Advisor
type and Neuroticism

N1 A EAE UEFH = big five factor 5
AAA, &, AT 2R F3o] AFA
T A, vl 25 Q17 diEl 2919
AAE 84S 2dste 222 Yeyth 1
Aot QIZHY IFA5o] FAZ A= A
A B F Fdnt 29 1AE 784 3
7t 2-s= Ao® UERTh



SISAIS0| QAEYo| Ojx|= Jgkol| 23t it olZty

b el3RISe el

=

9 oMzl 42 SHE Buo=

(Table 9) Analysis Results (Process Macro model=7, H5)

Index of CI 95%
Trait Advisor Type moderated SE
mediation LLCI UCLI
o Al 0.0274 0.0135 0.005 0.0569
Conscientiousness
Human-AlI Collaboration 0.0101 0.0107 -0.099 0.0328
. Al 0.0204 0.0108 0.0025 0.0433
Extraversion
Human-AI Collaboration 0.0187 0.0094 0.0019 0.0389
o Al 0.0231 0.0116 0.0027 0.0481
Neuroticism -
Human-AI Collaboration 0.0094 0.01 -0.0094 0.0306

(Table 10) Result for Moderated Mediation by degree of Decision-maker trait in advisor type Al

Trait Degree of Trait Effect BootSE ol 9%
LLCI UCLI
Mean - 1S.D -0.0126 0.0157 -0.0461 0.016
Conscientiousness Mean 0.0164 0.0113 -0.0026 0.0413
Mean +1S.D 0.0454 0.0204 0.0111 0.0915
Mean - 1S.D -0.0093 0.0157 -0.0427 0.0202
Extraversion Mean 0.0161 0.0115 -0.0039 0.0413
Mean +1S.D 0.0416 0.0195 0.0086 0.0838
Mean - 1S.D 0.0403 0.0189 0.0085 0.0815
Neuroticism Mean 0.0168 0.0113 -0.0027 0.0427
Mean +1S.D -0.0067 0.014 -0.0372 0.0199

AR HASAHe o5 2HB e
WAL 8] 2 I a&?j%%ﬂ

H A &et z@@_/,:,] #ﬁli gk =

H w7l A S¥(index of moderated mediation) &

gt 2dE iR aee] AETRte] 0 X
P gem =49 WEsyt fofvshehal
3K Hayes 2013). <Table 9>2] A3& B H
ANFA TS gAY AR ERAIS
0.0274, A1 ZT7F [0.005, 0.0569]), 1A
A 4=0.0204, 2= F37F [0.0025, 0.0433]), AEZ

o

ro _{N,

("H7RA4=0.0231, 21577k [0.0027, 0.0481])]]

BLES EET B IOEE R
ETER

o
=

0.0389]) 5t

ATt

Qt} 17ty QTR
= AFANA4=0.0187, A&t [00019
=49 a7t Fovd A=
Uebgth 714 541, 5-2, 532

A7 30l <

el %

S5 ke

—r‘-—r‘ ( ‘EL‘FI

AT &=
ol whet UH7HEJ+«I H3LE v E
FE (Jé# - EFERA, B, e
FHAHE TRt AHE A
7} <Table 10>°ﬂ AR =] Aot FAdT 93

e )7 5

s 2028 AN FolrI

o] ¥AP3 A

AANEE & F



5. 42 % =]

2 AT 582 AFATS YAEA o
S S48 48 F Ae BFYE Al
= Aoltt. AT J& At HZ A4l
o] Z7keta v XA AFAFY e T
Hdow T ZH iR A (decision

making and judgment) F-oFo] =
T2 A8 EN AFEoEE Al T
ol
=

A%

3 oo} ek EF A1) AFAS BE
2 AT 915 Lefsor T HES A
rks o AT oot gk

24278 gkl 2dA £8 A7} 2
Azgol AHA GFe FA Yo Az
CRFEXE Tr% 12 <l 161101:14 g3t
ZAo] Ix=H
oz 447“474}4 9254
g1 ]|

HAER ) wat =
olstr 1of we} =

F ol A B %
Aol SIgdel BsAd A7Fel
JNARALFE F-8517] A5l
$9 ol @ ARE ERE AT
3 ge ANEE £ 5 Ak

Zlge geldel oapage 9l

[‘E
:{o

244

Ll
o
2
2o
o|\
flo
o
et
I o
£ 7]
XL >
[

Al 22gle] E8]o] F gty ofn
ZAFTE AFAS 719 Al
2 5]‘3]15}“5}7] Aaide 7S 35 =
o}t A3 ATl AAE H
A" (digital) HEE Ah=Z ofsfstar ¥l TAL
(non-digital) A H.= 17}&04 QIA}QWQ &
9l= ko) =AU
g Aol Hu AF
AZte] who] 23
< 71g0l= Aol F
Se} ofn] o7 2Bk ® iRl
ARl Stitch Fix &= &AM A o] F
S A Aae Z3EE3
AlEte] anaol| Al AR Al s
‘R)IE]-(Logg et al., 2019). T3 QAFA| 52
31

N

l> OFO

E‘ﬂ =0

ANEA =

2
of
tlo o Fj dlo

Eo|7] SEiAE AR A AL
aejaop & et ek EH A <l
gk o & A28 B8g 9j8) 22 A
A 2Zoly ArV|E T3 22 45 AF
Fe FasAEL 22 AQlAd A
A aEstd o S AH3E 2
gt AEH oS EW Bx Xl
<l kel =2 oy 2l l
2 2= 571400l e

i
A L
Woox 12 M

mlo
ﬂl
Mo

X

o r
Rl %o

.
O

©
r;
ﬁ*.&i

kﬂ

¢
oX

a2/
S
=

4
Of
[0k
fl
o o
X,
AN
NN
o o

® s
>
[>
i
b
hinss
o
v
Mot
Qoo
o 2
= 30

oH
N
off
>
[>

T
>

o
2

o X
o
fo

£ > fr N
N
o
t

b o
ol 1o
X oox Hoox e gk 2 (2o R

e
1o

0 of e do ot ro o
BN
N
rjg
flo

i ofo ol r



SIBRIS0| AN OlxE B0l B 9T oINEt IFRISCl Hel Y oM 47 S48 F4o=

Aol k. AaqdFol = G5 F3 o wet
ZAA FHEE A4S HAET Folge &
g Atk Y EE gAEH JFE F o Y
SHA 3t vlwshs AR A Fago] 9l
oo gAekEnt =3 JAEAR A5 bt
oFS T jo Bgow TAH A%
2 g3ttt oA AR A A4
o] AAHE 8487 8o YFE
o] AFEHUI ol YAEHSE &§
factor &} sH- Q%1 EA74A] Hete] 7t
A ETE E83tH £ o &8 JhsAe

oL _]mt
o2l

N
o
o B
e e

AN
rr
fo

&
g
=

ig
i

o
ok

o
O
b
)
-
i
o
o
(e} ﬂ.lﬁ
poU)
o
il
)
avS
i
v}
H —
o o
R TR T

Y
N
ol
-
r
A

Et 251 (References)

Bano, S., U.U. Shah, and S. Ali, "Personality and
technology: Big five personality traits as
descriptors of universal acceptance and usage
of technology UTAUT," Library Philosophy
and Practice (e-journal)(2019). Available a
t https://digitalcommons.unl.edu/libphilprac/2
773/.

Baron, R. and D. A. Kenny, "The moderator-mediator
variable distinction in social psychology:
Conceptual, strategic, and statistical con-

siderations," Journal of Personality and
Social Psychology, Vol.51(1986), 1173-1182.

Bonaccio, S. and R. S. Dalal, "Advice taking and
decision-making: An integrative literature
review, and implications for the organizational
sciences," Organizational Behavior and

Human Decision Processes, Vol.101, No.2
(2006), 127-151.

Brooks, A. W. and M. Schweitzer, "Can nervous
Nelly negotiate? How anxiety causes nego-
tiators to make low first offers, exit early,
and earn less profit," Organizational Behavior
and Human Decision Processes, Vol.115
(2011), 43-54.

Burton, J. W., M. K. Stein, and T. B. Jensen, "A
Systematic Review of Algorithm Aversion
in Augmented Decision Making, " Journal
of Behavioral Decision Making, Vol.33,
No.2(2020), 220-239.

Castelo, N., M. W. Bos, and D. R. Lehmann,
"Task-dependent algorithm aversion," Journal
of Marketing Research, Vol.56, No.5(2019),
809-825.

Cerin, E. and D. Mackinnon, "A commentary on
current practice in mediating variable analyses
in behavioral nutrition and physical activity,"
Public Health Nutrition, Vol.12, No.8(2009),
1182-1188.

Choi, K., M. Kim, M. Kim, and D. Moon, Korea
Artificial Intelligence Forecast, 2019-2023,
IDC, 2020.

Chung, D., J. Jang, H. Shin, G. Han, D. Kim, and
H. Yoon, "The Usage Intention of USIM
Application Services in Mobile Environments:
Focusing on the Extended Technology
Acceptance Model (TAM)," The Journal of

245



ol - ME

fl

i
[o]
Jo

Industrial Innovation, Vol.25, No.4(2009),
105-144.

Colson, E., "What Al-Driven Decision Making Looks
Like," Harvard Business review, July(2019),
2-8.

Dalal, R. S. and S. Bonaccio, "What types of advice
do decision-makers prefer?," Organizational

Behavior and Human Decision Processes,
Vol.112, No.1(2010), 11-23.

Davenport, T.H. and J.
automation,"
Vol.93, No.6(2015), 59-65.

Kirby,

Harvard  Business

"Beyond

Review,

David. S. and M. Vikram, "Intelligent Automation:
A New Era of Innovation,” Deloitte Insights
(2014)

Davis, F. D., "Perceived Usefulness, Perceived Ease
of Use, and User Acceptance of Information
Technology," MIS Quarterly, Vol.13(1989),
319-340.

Dawes, R. M., D. Faust, and P. E. Meehl, "Clinical
versus actuarial judgment," Science, Vol.243,
No0.4899(1989), 1668-1674.

Dietvorst, B. J., J. P. Simmons, and C. Massey,
"Algorithm Aversion: People Erroneously
Avoid Algorithms after Seeing Them Err.,"
Journal of Experimental Psychology: General,
Vol.144, No.1(2015), 114-126.

Dietvorst, B. J., J. P. Simmons, and C. Massey,
"Overcoming Algorithm Aversion: People
will Use Imperfect Algorithms If They Can
(Even Slightly) Modify Them," Management
Science, Vol.64, No.3(2016),1155-1170.

Digman, J. M., "Personality structure: Emergence

246

of the five-factor model," Annual Review of
Psychology, Vol.41(1990), 417-440.

Duan Y, J. S. Edwards, and Y. Dwivedi, "Artificial
intelligence for decision making in the era
of Big Data-evolution, challenges and
research agenda," International Journal of
Information Management, Vol.48(2019), 63-71.

Flgener, A., J. Grahl, A. Gupta, and W. Ketter,
Collaboration and Delegation Between Humans
and Al: An Experimental Investigation of
the Future of Work, ERIM Report Series,
2019.

Gino, F., "Do we listen to advice just because we
paid for it? The impact of advice cost on
its use," Organizational Behavior and Human
Decision Processes, Vol.107, No.2(2008),
234-245.

Gino, F., A. Wood Brooks, and M. E. Schweitzer,
"Anxiety, advice and the ability to discern:
Feeling anxious motivates individuals to
seek and use advice," Journal of Personality
and Social Psychology, Vol.102(2012), 497
-512.

Gino, F. and D. A. Moore, "Effects of Task
Difficulty on Use of Advice," Journal of
Making, Vol.20,

Behavioral Decision

No.1(2007), 21-35.

Goldberg, L. R., "An alternative description of
personality: The big-five factor structure,"
Journal of Personality and Social Psychology,
Vol.59, No.6(1990), 1216-1229.

Gosling, S.D., P.J. Rentfrow, and WB. Swann Jr,
"A very brief measure of the Big Five
personality domains," Journal of Research



SIBRIS0| AN OlxE B0l B 9T oINEt IFRISCl Hel Y oM 47 S48 F4o=

in Personality, Vol.37(2003), 504-528.

Gu, L. and J. Wang, "A Study of Exploring The
"BIG FIVE" and Task Technology Fit in
Web-Based Decision Support Systems,"
Issues in Information Systems, Vol.10, No.2
(2009), 210-217.

Harvey, N. and 1. Fischer, "Taking Advice:
Accepting Help, Improving Judgment, and
Sharing Responsibility," Organizational
Behavior and Human Decision Processes,

Vol.70, No.2(1997), 117-133.

Hayes, A. F., "Beyond Baron and Kenny: Statistical
Mediation Analysis in the New Millennium,"
Communication Monographs, Vol.76, No.4
(2009), 408-420.

Hayes, A. F., Introduction to mediation, moderation,
and conditional process analysis: A regression-

based approach, Guilford Press, 2013.

Howard, C. and A. Rowsell-Jones, 2019 CIO Survey:
CIOs Have Awoken to the Importance of
Al, Gartner, 2019

IBM, Transparency and trust in the cognitive era,
IBM Think Blog, 2017, Available at https:/
www.ibm.com/blogs/think/2017/01/ibm-cog
nitive-principles. January 17.

Jarrahi, M. H., "Artificial intelligence and the
future of work: Human-Al symbiosis in
organizational decision making," Business
Horizons, Vol.61, No.4(2018), 577-586.

Jung, S. and D. Seo, "Assessing Mediated
Moderation and Moderated Mediation:
Guidelines and Empirical Illustration," The

Korean Journal of Psychology: General,

Vol.35, No.1(2016), 257-282.

Kang, S., "Interactive Justice as a Moderated Mediator
between Open Comnmunication and Knowledge-
sharing Intention," Quarterly Journal of
Labor Policy, Vol.18, No.1(2018), 1-38.

Kim, B., J. Ahn, and Y. Choi, "A Study on the
Relationship among Personal Characters of
Consumer, Human Brand Attachment, and
Loyalty : Focused on Big Five Model,"
Advertising research, vol.77(2007), 173-195.

Koo, K., "Attificial Intelligence Technology and
Industrial application case," IITP Weekly
ICT Trends, Vol.3(2019), 15-27.

Lakhal, S. and H. Khechine, "Relating personality
(Big Five) to the core constructs of the
Unified Theory of Acceptance and Use of
Technology," Journal of Computers in
Education, Vol.4, No.3(2017), 251- 282.

Lee, C., H. Yun, C. Lee, and J. Lee, " Factors
Affecting Continuous Intention to Use
Mobile Wallet : Based on Value-based
Adoption Model," The Journal of Society
for e-Business Studies, Vol.20, No.1(2015),
117-135.

Leslie,D., Understanding artificial intelligence
ethics and safety: A guide for the
responsible design and implementation of
Al systems in the public sector, The Alan
Turing Institute, London, 2019.

Logg, J. M., J. A. Minson, and D. A. Moore,
"Algorithm appreciation: People prefer algo-
rithmic to human judgment," Organizational
Behavior and Human Decision Processes,
Vol.151(2019), 90-103.

247



ol - ME

fl

i
[o]
Jo

MacKinnon, D. P., C. M. Lockwood, and J. Willians,
"Confidence limits for the indirect effect:
distribution of the product and resampling
methods," Multivariate Behavioral Research,
Vol.39(2004), 99-128.

Madhavan, P. and DA. Wiegmann, "Effects of in-
formation source, pedigree, and reliability
on operator interaction with decision sup-
port systems,” Human Factors, Vol.49, No.5
(2007), 773-785.

Nam, S., S. Shin, and C. Jin, "A Meta-analysis and
Review of External Factors based on the
Technology Acceptance Model:Focusing on
the Journals Related to Smartphone in
Korea," J. Korea Inst. Inf. Commun. Eng.,
Vol.18, No.4(2014), 848-854.

Nunes, A.,, T. Limpo, C. F. Lima, and S. L.
Castro, "Short scales for the assessment of
personality traits: Development and wvali-
dation of the Portuguese Ten-Item Personality
Inventory (TIPL)," Frontiers in Psychology,
Vol.9, No.461(2018).

Onkal, D., G. Paul, T. Mary, G. Sinan, and P.
Andrew, "The relative influence of advice from
human experts and statistical methods on
forecast adjustments," Jouwrnal of Behavioral
Decision Making, Vol.22, No.4(2009), 390-409.

Prahl, A., F. Dexter, M. T. Braun, and L. Van
Swol, "Review of experimental studies in
social psychology of small groups when an
optimal choice exists and application to
operating room management decisionrmaking,”
Anesthesia & Analgesia, Vol.117, No.5
(2013), 1221-1229.

248

Prahl, A. and L. Van Swol, "Understanding
algorithm aversion: When is advice from
automation discounted?," Jowrnal of Forecasting,
Vol.36(2017), 691-702.

Preacher, K. J. and A. F. Hayes, "Asymptotic and
resampling strategies for assessing and
comparing indirect effects in multiple
mediator models," Behavior Research Methodls,
Vol.40, No.3(2008), 879-891.

Preacher, K. J. and A. F. Hayes, "SPSS and SAS
procedures for estimating indirect effects in
simple mediation models," Behavior Research
Methods, Vol.3, No.4(2004), 717-731.

Promberger, M. and J. Baron, "Do patients trust
computers?," Journal of Behavioral Decision
Making, Vol.19(2006), 455-468.

Raisch, S. and S. Krakowski, "Artificial Intelligence and
Management: The Automation- Augmentation
Paradox," Academy of Management Review,
Vol.46(2021), 192-210.

Ronayne, D. and D. Sgroi, "Ignoring Good Advice,"
CAGE Online Working Paper Series, 359
(2018)

Seo, H., "A Preliminary Discussion on Policy
Decision Making of Al in The Fourth
Industrial Revolution," Informatization Policy,
Vol.26, No.3(2019), 3-35.

Shankar, V., "How artificial intelligence (Al) is
reshaping retailing," Journal of Retailing,
Vol.94, No.4(2018), vixi.

Sobel. M. E., "Asymptotic confidence intervals for
indirect effects in structural equation models,"
Sociological Methodology, Vol.13(1982),



2ISA|IS0| SjAREHol| O|x|= kol 243t ¢

o1 22k PIBAISO Bl U oMZHRISl 4 SHE Buo=

= o

290-312.

Svendsen, G. B., J. A. K. Johnsen.,, L Almas-
Serensen, and J. Vittersg, "Personality and
technology acceptance: the influence of
personality factors on the core constructs of
the Technology Acceptance Model,". Behavior
& Information Technology, Vol.32, No.4
(2013), 323-334.

Tetlock, P. E., "Accountability: The neglected social
context of judgment and choice," Research
in Organizational Behavior, Vol.7(1985),
297-332.

Van Swol, L. M., J. E. Paik, and A. Prahl, Advice
recipients: The psychology of advice utili
zation, The Oxford handbook of advice (p.
21-41). Oxford University Press, 2018

Walczuch, R. and H. Lundgren, "Psychological ant
ecedents of institution based consumer Trus
t in e-retailing," Information & Manageme
nt, Vol.4(2004), 159-177.

Wang, D., A. Khosla, R. Gargeya, H. Irshad, and
A. H. Beck, Deep learning for identifying
metastatic breast cancer, arXiv, 2016,
Auwailable at https://arxiv.org/ pdf/1606.05718.

Wilson, H. J. and P. R. Daugherty, "Collaborative
Intelligence: Humans and Al Are Joining
Forces," Harvard Business Review, July-
August(2018).

World Economic Forum, The Future of Jobs Report,
2018.

Yaniv, 1., "The benefit of additional opinions," Current

Directions in Psychological Science, Vol.13
(2004), 75-78.

Yasa, N. N. K., "The Application of Technology
Acceptance Model on Internet banking
Users in the City of Denpasar," Journal of
Management and Entrepreneurship, Vol.16,
No.2(2014), 93-102.

Yeomans, M., A. K. Shah, S. Mullainathan, and J.
M. Kleinberg, "Making
Recommendations," Journal of Behavioral
Decision Making, Vol.32(2019), 403-414.

Sense  of

Yusoff, Y. M., Z. Muhammad, M. Zahari, E.S.
Pasah, and E. Robert, "Individual Differences,
Perceived Ease of Use, and Perceived
Usefulness in the E-Library Usage," Comput.
Inf. Sci., Vol.2(2009), 76-83.

Yutaka, M., Artificial Intelligence and Deep Learning:
Changes and Innovations in the Industrial

Structure of Artificial Intelligence, Dong-a
mnb, 2015.

Zhang, D., Z. Daniel, M. Saurabh, E. Brynjolfsson,
J. Etchemendy, G. Deep, G. Barbara, L.
Terah, M. James, C. N. Juan, S. Michael,
S., S. Yoav, C. Jack, and P. Raymond, 7he
Al Index 2021 Annual ReportarXiv preprint
arXiv:2103.06312, 2021

Ziegler, M., E. Danay, M. Heene, J. Asendorpf, and
M. Biihner, "Openness, fluid intelligence,
and crystallized intelligence: Toward an
integrative model," Journal of Research in
Personality, Vol.46, No.2(2012), 173-183.

249



Abstract

A Study on the Impact of Artificial Intelligence
on Decision Making
: Focusing on Human-Al Collaboration and
Decision-Maker’s Personality Trait

JeongSeon Lee* * Bomil Suh** - YoungOk Kwon***

Artificial intelligence (Al) is a key technology that will change the future the most. It affects the
industry as a whole and daily life in various ways. As data availability increases, artificial intelligence finds
an optimal solution and infers/predicts through self-learning. Research and investment related to automation
that discovers and solves problems on its own are ongoing continuously. Automation of artificial
intelligence has benefits such as cost reduction, minimization of human intervention and the difference of
human capability. However, there are side effects, such as limiting the artificial intelligence’s autonomy
and erroneous results due to algorithmic bias. In the labor market, it raises the fear of job replacement.
Prior studies on the utilization of artificial intelligence have shown that individuals do not necessarily use
the information (or advice) it provides. Algorithm error is more sensitive than human error; so, people
avoid algorithms after seeing errors, which is called “algorithm aversion.” Recently, artificial intelligence
has begun to be understood from the perspective of the augmentation of human intelligence. We have
started to be interested in Human-Al collaboration rather than Al alone without human. A study of 1500
companies in various industries found that human-Al collaboration outperformed Al alone. In the medicine
area, pathologist-deep learning collaboration dropped the pathologist cancer diagnosis error rate by 85%.
Leading Al companies, such as IBM and Microsoft, are starting to adopt the direction of Al as augmented
intelligence. Human-Al collaboration is emphasized in the decision-making process, because artificial
intelligence is superior in analysis ability based on information. Intuition is a unique human capability so

that human-Al collaboration can make optimal decisions. In an environment where change is getting faster
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and uncertainty increases, the need for artificial intelligence in decision-making will increase. In addition,
active discussions are expected on approaches that utilize artificial intelligence for rational decision-making.
This study investigates the impact of artificial intelligence on decision-making focuses on human-Al
collaboration and the interaction between the decision maker personal traits and advisor type. The advisors
were classified into three types: human, artificial intelligence, and human-Al collaboration. We investigated
perceived usefulness of advice and the utilization of advice in decision making and whether the
decision-maker’s personal traits are influencing factors. Three hundred and eleven adult male and female
experimenters conducted a task that predicts the age of faces in photos and the results showed that the
advisor type does not directly affect the utilization of advice. The decision-maker utilizes it only when they
believed advice can improve prediction performance. In the case of human-Al collaboration,
decision-makers higher evaluated the perceived usefulness of advice, regardless of the decision maker's
personal traits and the advice was more actively utilized. If the type of advisor was artificial intelligence
alone, decision-makers who scored high in conscientiousness, high in extroversion, or low in neuroticism,
high evaluated the perceived usefulness of the advice so they utilized advice actively. This study has
academic significance in that it focuses on human-Al collaboration that the recent growing interest in
artificial intelligence roles. It has expanded the relevant research area by considering the role of artificial
intelligence as an advisor of decision-making and judgment research, and in aspects of practical
significance, suggested views that companies should consider in order to enhance Al capability. To improve
the effectiveness of Al-based systems, companies not only must introduce high-performance systems, but
also need employees who properly understand digital information presented by Al, and can add non-digital
information to make decisions. Moreover, to increase utilization in Al-based systems, task-oriented
competencies, such as analytical skills and information technology capabilities, are important. in addition,
it is expected that greater performance will be achieved if employee’s personal traits are considered.

Key Words : Human-Al Collaboration, Artificial Intelligence, Augmented Intelligence, Advice Utilization,
Personality Trait
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