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< 7}8F a1 (Higgins and Marlatt, 1975; Hull and Young, 1983; Pomerleau
and Pomerleau, 1987) &4 Y1 viAl&= dF IA] 2EH A A5
4 EAMo| uwg} F7igttiE 2 (Adam and Epel, 2007)2 W&

AFATEA  FAHUT. =, 2EdAE F34A 0 dsolv

=
ok
WE
2
(-3
&
o
=
of¥
ko
ro
do
o
H

o]t} (Le et al.,, 2005; Koob and

Kreek, 2007; Cleck and Blendy, 2008; Sinha, 2008).

AEHA

>

Fhol A el o AAH x=gE T1EolA

O

Sool oAsA e AR o AFY @& @7 faAe

gofshiz o FEE 9 1 o] AEYA WMoz g ojw
Walshe A4S gAslel ske, o)t ARARClt FWMANAY

ZwolA] ulg ofu] gli= oluk,

Z\——E‘a Z\—stress%:“ ’E‘ﬂ] %jﬂ oﬂ 7]'—8H X] l\f %‘:L] X_—]] ?_ §:]r % E/%—S]'lf

gololt}. o] #ol2 AEAZ e AT T 1 AZow s



WEH wes sEde gom 27 Afd A Ao

=
T
MERA wbgo] Clojub Zlojeba

zl
)
o
o
i
o
ol
O
2
2
2
=2

olnl ¥H AMwarer camon®l Bz ABISAZE FEo] AEe] g
AUPE wf A A WS T3 A7 B ZE 7 bene or
figh’ = OFCFH(Cannon, 1929)3 F33sH v} Qo] /7141 A1A4
e AMEmes AFA] A= ol g A w2 st 4
o) gtef qlojA o HAARSATH

A AEHAE Hu Folo) Jid, AAS] A uiestsise
Amels BE 0oz AEn, AEHAE A Ao W
REYXS AgoA AATE A aossise HZROH dhe A|RE
853 AtH(Sapolsky, 1996). olwl A& uiossisO] & ALA7F

%!

ejF-eg o] wWste] AHgsly] fla] AAR oFAHoR WG oRH

8o]-}zb]-}\é]homeostasis%‘ 7;%0]'7]'{::‘ EL]-XJ (Fher et al., 1998; MCEWGH, 2000)%
wetth, g AEHA REES do7v L%ressordl OIE FoE
FugAAN, AEAU AEds AL AEdA ade 4US

do
incil
ol

]_

AEH B oA AT

rr

AAA 7)ol maARed daazste Agde A

[
2z
olo
o
Jo
(2
)
v
rlr
P
e
i)
o)
o

T A7 2B Aggke] A AE#HA Ap=o] FSlojd ke



F714 dF-elA Aol Ay Hhgo] dojdt}(Ulrich—Lai  and
Herman, 2009). WA 7 Al sympathetic nervous system I A1
o I W Z 9 cpinephrine 2 = E AN H U Z - orepinephrine©] B E = $HH, ¥ 9
A8 nypothatamus & ¥ S A piritary AN A = ZH2E FA19)A 25§22
WE S = oricotrophin releasing  hormone,  CRHZF  FAITA A=
T E L adrenocorticotropic  hormone, ACTHO|  TAFA C®E  FH|Eo I AR

ﬂ ZE]adrcnal cortcxoﬂ }\1 v}—\—EﬂEO]E ii%‘% %?ﬂﬂiﬂ iO]E

1
r

b2 A8 AAe &3 A, A FEol A

did, A SO duA eavr AFEHE gl ZH0R o]Fsi,
a

F71A7E AR AdEelA Hoju AEY A A stA Hi= Zlolth
AEYA WeES AEUA 8 ddo] ARA ARRA AL, fYAl=

TA A by FEE Eolritt,

AEYA A 1A A5 AAE A 5o el 9
A= dHo AE A, dAIFJ ZAoIY AHEld e 244
TFoe ASAA AAEH Fo]l 3]y EEeiA . iAol S E=
a7} Yrk(Anderson, 1976; Cahill and Alkire, 2003). = Zn|3gt
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ZHE O F R catecholamine ©] 1+ FFZIZE O] Egucocorticoid o]
FobAHA 2 A= it ROl oA F Y Huiention,
19 H memory o AA Zlwol FXHEG. 2y Aol seye b
AEYA REES Al AR FEete] wpH R dAlE AEYATE
Ao R fAE w Aol Ar]e dAR AoFol (R WA @A+
T A dAE AEA WES AAVT
B3t o] A B anoswsis®] W3Fehs dAZ F 2 F5) (Selye, 1946),
AEYATE A AV eF et ASHE o] JHA EAZE Egsi
AEA A 9 i} S5 2 Ths Aol FolAl A sl
AA = s H2 T 72A Y A 7sol AskE ¥ oyt
TTABANME 758 D x4 E4o] Ytttk (Sapolsky, 1996;
De Kloet et al., 2005; Schneiderman et al., 2005).
STTABAL] B AEH A vkg AAQD A - 8k A -
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;8—7] 7J§}Z}%10ng term potentiationo] Z:]l'_/;\_é‘]—tq, E’l—)\n‘j Zj' ?_]_ ,}_\.E Eﬂ i\‘oﬂ L—;%E‘___l
7('5] 'CI)A CAS oﬂ Ao '4 'J’] ‘j/]']ﬂ = ]‘ﬂ ——lj——pyramldal cell'J T/\]‘E‘7] ‘ﬂ —le _§_}E>L g'l
M EA e dearn’t D OIHTHEKiIm and Diamond, 2002). A A7 prefrontal

cortex (lﬂ, }\] E'_}\é Z‘jl ] ] ‘l% oFs O]'O% q]—z_ ;ﬂ.;ﬂl{:—?j -O’] /\oy%layers 2—3

dojum], FAE7] M dendriic spine’t FHASFO] S AR o]
s TAhse Aoz EE At (McEwen and Sapolsky, 1995).
A E Aumygdalat= HEFAQ AEF X wZ:E AS & FxEET
Gl 7240 Wluyperropny @O HERETE F B EAlunygaaadl 714

= o] - Ry =S . . o
ﬂ = ZiHbasolatcral nuclcusoﬂ /\}]\ L ﬁ% /‘ﬂi = pyramidal—like and stellate ncurons-/]
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<7}ttt (Mitra and Sapolsky, 2008; Roozendaal et al., 2009).
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AT Doretrontar cortex 716 2 71D working memory©] A BFE L A €A
T O] Helective attention®] FA8h= A o2 B Aok (Murphy et al., 1996;
Mizoguchi et al., 2000; Liston et al., 2006). AE# X0 ol& x4,
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A Alnabic  system,  FAE BEIZEAF AAlgoa-directed  system = T EH W,
A7 A AA7E wslA gktk(Doll et al., 2012; Penner and
Mizumori, 2012; Lee, 2013). 2AFE7E F-52 gl B e o
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Aeshs M7t gAasts 2oz yelgon, o FEEo] %59
Ayovt ojEx ocr g Aesi= Zlo] ofyzt Al WA, 94
dekel dist Aed EES VM1 BIAFH FEes v SV
= (Doll et al., 2012).

a8y AEHA HAE 2 FES AE 7hevanaion HEHUE S
o] ge AEHA AHAY AFelM, WEH I A3} F FHM Gontingeney ©]
AstE AY 1 3qso] 7FA7F Fast Bfol®: ol g BEe] HETt
ZolgA  ¥9kov (Dias—Ferreira et al, 2009), °l& A4
sty ol A = &l AT (Schwabe and Wolf, 2009). 53] 5& A+
Ao M= AEHA AR w2 FFolAA FHAQ ABE ol

gxle] T24 wekeh FUHUG. F AEAA T AEES BAT

M, BEAGFH @B Fo gUon ez AFY AV Fow
‘b—— ;lz‘ i—lz—jildorsolateral Striatum‘cﬂ "'?“—547]' %iﬂ(ﬂ 9;)\3)\—]7—, '1}-15\‘3& {%‘}\éﬂ]’

T&%E}ﬂ c/)v]\li‘ 7}4\5—)—i Oa]_Eﬂ;ﬂ %‘LHé }d}—iﬂdorsomedial Striatumij/] 31:]‘51]'15‘

Z7t5lo] A2t (Dias—Ferreira et al., 2009).
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A (DA Ve ¢ dA Aol 5d xE AEFEE W, x9
ZIhA el tiet e, S 7FA deEolth ¢+ 1 WA AJdelM o] x 9
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THHoR dgPoRA, Astetse ol s AAdEEH

71Rko] glw o] gkth(O'Doherty et al., 2007). 53] 52 A3 (R4
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decision task(DaW et al., 2011) (131:]!1_1),% Eﬂ%‘—s—]—oi /\]'%?;SJIJ\E}

8 1-1. 5 BAH Markov SAMZEYE A Fx. (A) A LSl AtA
defel. A EAoMel 54 ME0] ChE THAE O|0X|L, T R THAOAM
H MEf2 of M TR AQH B 30| oo HiFE 2d =HEO OEF 1 o=
3tE. (B) BAXNEFZ. A B HAQ MEE2 F g A £ HE (2

=2 mgk 3tH) F stiiet of Bt AZAE(70%2 =E). (Daw et al., 2011)
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H1-3. 438is 280Me = E 24 FHA A2 WS

RL model 2 RL model 3

Yy A+mf A+mb’r A,mf Aimbf Yeommon Yrare A+mf A+mb A,mf A,mb

sH =

d

25t 023 070 010 012 -041 0.28 0.03 062 010 010 -0.64
Median 047 109 033 048 -014 050 032 103 025 044 -0.26
75th 060 167 080 0.78 0.04 064 053 186 073 080 O
AEGA

zd

25th 056 0.04 -023 -0.10 -0.13 043 034 0.06 -0.25 -0.10 -0.14
Median 073 050 -004 0.02 -0.01 0.67 091 0.59 -0.07 0.02 -0.01
75th 095 106 018 014 011 09 1 110 023 024 016

* AEG A AN EXN A ZF X017 |ol0|gt E™X| (two—tailed t—test, p< .05).
T Amb- A mb O] FZ ZF XO| R2A| (two—tailed t—test, p< .05).
ok gHe ol oAl dE AEAL B & AE

za9] Aol FA 2R =0T (60 = -3.31, p = 0.002).
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RL model 3. RL model 2 & &3t F

g AEH A FeFo] FostA UEhd As 1, SEE caning
rate Ol AAX EE 710 noder-based & 288 BE A model-free XA8F
7Y =, RL model 3 oAM= v & A 72 (A g G ol
b 7 FF70%9 FER dAZE Agd AelMe y common

SO%Q é}%i %ﬁ]7} ;ﬂ%}% )?;.]'io]'(ﬂ]}ﬂﬂ Yrare)i :IIT'E]TQH%, 7 rare O]

Y common ] ] OH ]j 6:] 7] ]—i]_]_— model—based -/] }\/\—] O] % 7)4\% 7]’@ Z:S_}_-Tq— O]
Lj—g(:)] 9/] E'{l: _i,_;g] parameter estimation gl/]'b RL mOdel 2 9/] 'il‘%] é‘ﬂ]’ﬂ’
FAFSHAl ek e (GE 1-3) RL model 3 2] A+ =+4 4,

FAA7E A yebd A (¥ AT A, o = 243, p =

019), 4™ e @ Aoz Jept (40 = -3.13, p = 0.003), 7L

N O
#
—r
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learning rate Oﬂ T/HEJ_' v/_\_E.EﬂZ_\_P/] 05]6(}01] 9/]5_}_' 7)’1% O]—HX] :1?4-3].:]11]_

Aok, 7t det FAA AN THFE earning rate 2 FES SAF] A3, (1)

WEp 2AA, (3) A3 WA X Aseln weh F4A e Aol
%}(d+mf—47mf& d+mb—dfmb)%oﬂ EHE‘H l?‘ %‘IEI‘P/] 6—:}_%% learning rate (1_
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H 1-4. RL model 3 9| #Et FFX[S0| ot 324 Aot

2 A FHX Y2 (BE 2% P

A = b0 + bL(1 - Yeommon) + b2:(1 = Vrare) + b3-(stress)

bl -0.35 (0.70) 0.613
b2 0.04 (0.56) 0.938
b3 -0.52 (0.38) 0.175

A = b0 + bL(1 - Yeommon) + 02:(1 - Vrare) + b3-(stress)

bl 0.25 (0.26) 0.340
b2 -0.22 (0.21) 0.292
b3 -0.37 (0.141) 0.011

A,™ = b0 + bl(1 - Yeommon) + 02:(1 - Yrare) + b3:(stress)

bl -0.51 (0.51) 0.318
b2 -0.15 (0.41) 0.720
b3 -0.50 (0.28) 0.084

DA™ = b0 + bl(1 - Yeommon) + b2:(1 - Yrare) + b3:(stress)

bl
b2
b3

-0.37 (0.25) 0.142
0.35 (0.20) 0.086
0.27 (0.14) 0.051

A A ™ =0 + bl(1 - Yeommon) + D2:(L - Yrare) + b3:(stress)

bl
b2
b3

- 0.60 (0.72) 0.405
0.27 (0.58) 0.648
-0.15 (0.39) 0.704

A, —A ™ = b0 + bL(1 - Yeommon) + b2:(1 - Vrare) + b3-(stress)

bl - 0.14 (0.65) 0.827
b2 - 0.50 (0.52) 0.346
b3 —-0.76 (0.36) 0.037
—E‘}S} @‘ﬂ]‘, 94*]‘@@ }\] llj-—écz} 7] E]_]_— model—based -g% 73%(4+

_d—mb)‘ﬂ]' E—}B}O] %j\% U;HPJ E—sé J'?“ZH model—free _(E% 7(-5]60]:(4;“{) oﬂ ﬂ}
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ZYsittE =750] A (Gold et al., 1975; Sauro et al., 2003; Domes

et al., 2005; Roozendaal et al., 2009; Salehi et al., 2010). =3+ 714
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3 AEA FHA

AT~ 1olA AFESE 7 &AIS] vEA St JARAA HAlo-giage reversal
learning  decision task®, AN Bwi T F 192701 HAR FA 5
ARERITH(EH 2-1). & T 1~ 45 A5 1olA e o] 40
Aol BF EEEM, e 55 32 A&RE I, T Tha 6+
ke AA F 19270 Al 4 7R Hanl® uHda 7}
o P 48 Al3o] X HAT. e ARD #- A Alevent-relatea
desin™ A E O], & A & FH AR JAEA, F WA JAEAH, A3
gRlol F Al FF ARdo] AstH(Id 2-1B). 7 2AHEA
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41 542 41 542
37kl 06 0.2 06 0.2
3742 0.8 0.2 02 0.2
—_|-|-7J 3 0.2 0.2 0.3 0.2
17t 4 0.8 0.2 0.2 0.2
37t 5 02 02 0.8 02
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A7k (repetition time, TR) = 1900ms, o3 AlZtecho—time, T = 2.36,
Oé}g— Hé‘?%ficld of view, FOV = 256 x 256mm, —/—:1:?:117—|1‘f1ip angle, FA — 90, J‘?‘S—qi

3—7]\/C)Xel size — 1 x1x 1Imm. T1 701-}. Ooﬂ}\]' }\C}oﬂ}\i }‘:]9/] ‘?‘i@ O]/\O]'

A echo—planer imaging (EPD d2A 45 A&3od, &Y
WA o537 g2k TR = 2000ms, TE = 30ms, FOV = 240 x 240,
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7158 A5 ¥ 2 A= AA- Y preprocessing 2 A= SPM 8
(Welcome Department of Imaging Neuroscience, Institute of
Neurology, London, UK) & AR&-3th o33 & dxzE dA g ok

D fMRI 29 A 2% AFFeix=e] v s492 6719 B4s

2

HhAl el = A gAY AIF 2E RA; 3) 7 FoAke] Ve
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X{J%ﬁ]—é’]—vh—‘— Hollﬁv(—b—i :g—z_]_—z“—l] E%ﬂ X_lL(ﬁspatial normalization% }\] 6(])4_ %ﬁ]]ﬂ]

B2 AR} BAS Y A5 AAHEE 3 x 3 x 3mm A7) 9

ojr

4 g

ol

=1
-

iz AFEIL, BEF FHoE A 7]

6mm FWHM Gaussian kernelZ H3 3} 00thing 2 T

7 BT AF 4

A AR 2 F AEAA ANE A FHH A=A JE
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GLM 1: Y = b0 + bl * (R ®A JAFEA) + b2 * (F WA JAHEH) + b3 *

(B3 AAD

GLM 1& %d Ak 7l FFodA A 9Ax x 44 A<
AATE Fsk] T 2ol F UM A4S AR
(1) 2EdHA FAHA 219 AR 21 3 #olE 45,
2EHA dUAAE g A WA AR AR #-
243 e wEE gAY 24 A9 AAE pucorrected
<0.001, &3 A7 k> 50 4k
(2) 9 24 Ay T 2EUA dUAAA 2ol FHA 2HHG
A HA A AR Al AR ST 3 el 99 S
A DY region of interest, rROICE A AT, P FAIE9
HAR Y57 AEH A o]FHA] XA AStEEA o F-E
ROI ¥4 oz v, 4 A= Ags ROI delA
Family—wise W2lo® WA perreced < 0.05 FF2
AT Agtom #H F719 A= k> 500% 3HTh
= GLM 1el4 3 ®iA JAbdd Abds Ad AA] AR

Z_I]_Z_l]_ UH }\] {%49/] /‘\qu 8§%‘94 7] EH;_(] expected value of a chosen action, chosen Valueﬂ'
= = = 2= -
O:" é i"‘l‘prediction error &= ET }— Zé tE T parametric modulatm’i X] 61:! E}H
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7]-Z] ﬁﬂ%‘{l\—regressor% %7}@— (GLM 2)% é Oq;\E\IiI—-

GLM 2: Y = b0 + bl * (X A& AFEA) + b2 + (A AA GAEA) * (A
FFY 1A + b3 * (F A JAHEA) + ba x (A} AA]) +
b5 * (B3} AAD * (IF &7)

o] RFoME AsetE RFQ RL model 25 F3 Wi Alwict

—_

AArE = e s 71X chosen vaweSt NS LT prediction error/t A1
73 Thime course®ll TS A AT A k= ATt S AATE FH
weba olelst RS FaEll ME WO VA chesen vawe D N5
@ Forediction errors WFQ 3= BOLD 2137 ot oS &Ad &
ATk A8 BEE 7N A chosen vawe®l AT S ARTFE} oAlS 2 Fprediction
eror ARTFE EF YT 93 FFhemodynamic response  functionE
27 convolve SF L T
ez 8w Ao AY BE 7 A chesen vawe S
@ Fprediction error AIAE Aol ZF A By FAAXE o] LY. =
Al AR 2dellA FAE Al AES] BEF FEAXE= AMEStY], 7
M8 A= A8 FE 7l HA chosen vaeSF NF 2 F prediction
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T4 A ¥ P As B4 A sl A
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(O'Doherty et al., 2004; Daw et al., 2006; Schénberg et al., 2007).

iy

Iq—ﬁ]-/ﬂ }‘\jE_q 6(134%94 71 \j];‘(] chosen valueﬂ' cﬂ]% Q—%Drediction error% Z‘!]_ }\E]éu
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AxAA A F A (E 2-Deol g AEHA X &3 9
, olFHAN Y Ayt R

Sotiz] e, FHH AEHS AVIHI SHAVAS ), A

AEHUA AR FRGFA A, GAdHA

FH T 3 AA A9 Al B vk ARE ¥ Ay FH, 7 2~

5 oM et 5 AE vge] el AEHA AX FRE QR

shof QARAEAL AAFE B AT A 2719 F

i
)

AEYA
A7NHA SR (Foss = 172.51, p<.001), WA ZH(Foss = 4.21, p
< .02), FEs A4 A8 &E Fess = 3.31, p < .048)°] Uit
AEHA HH @adrt P, A 8 Ay FA s AEHA

AR 'k oA et (Fess = 0.03, p<.973).

AEYA chy ES
=Py AEY AKX AEHANK]
FEE™ AEHA (VAS) 0.69 (0.14) 5.93 (0.42) 12.37 (0.65)
HES A|ZH 0.64 (0.027) 0.65 (0.030) 0.74(0.026)
I+ At 5 9130.77 (338.05) 9238.46(468.71)  9125.00(321.965)
fE8t M ME 2E 0.63 (0.02) 0.57 (0.03) 0.52 (0.03)

dAFA A Al s AFEACE Turkey's HSD ASE
AA Ay, FHE 2EYA AR SZAE F983E p

< .001 el Al =3 3 Aol7k FofJth. =, AEHA o] T3 A
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GAH X g} o] FHA Ik Ao|7p FRHA AEHA FEd wIHASES
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UOAA DA e oM AAFEA ] s 9EE Abe] loiA =
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=& AA BAREA A mixed design anova (18 2—4), o] 59
A (R oF) 8 FaAIE K5 A o® YEhg L (Fass = 32.20, p
< 0.001), o= #A sl B 31Ol modei-tree FE= AE o= S8
AAZY FFS v HSS AASTE ESE FF o A (RAF o) gF A
TEEA Ag dE) 3k Az Egol FovletAl UEbR L (Fass =
11.73, p = 0.002) °lx= A F3oll B FA nodei-tree BT AAE

O]—\%Fﬂ— E—% 7]}{1—9/] model—based 8§% iﬂﬁ] C‘)—ﬂlj\] ng‘g:% U]ﬁ%% }\]/\]—?:5_]-]“4—

O &F /Xl #HE

B wg B4 wx] Zat
T AEZA HA

a8 2-4. M N8 I E 84S M

iy o RX-TE A4 M. AEY A BH
?;—; o A T (MT 2AZ), AEHA DA
o ZA(SH 2E8F), AEYH L O|SAA|
L ZAGHEN S DEAS0AM ojF #FO0
| HANE 2d, 2H R o2t SX &

Hawe Hab kx| 2% = 28 Hd Al E HA9 EE

0|F AEY A HX|

’ 5 A&t st



o] 7 Q92 7t As#Ag gyt AEHA HY] AL fFosH
UEREA] 9hgtom (Fess) = 2.05, p = 0.144), o3 Fol st =4
oo AEYA P A3AE gy FoAsH HEbReH (Fos =

5.30, p = 0.010), o] AEHA FAX ZoA RATS PEo

AR HlEo] vhE 3ol vls 2 Aol 7|dske JloR Beln

2) 73 stgel diE AL 2¥ A&

o x2= HPAEE] JAEAY 73 ARl Asess 28 F RL
model 2 & A &3sto], IPA H gArAY EAC dist R4S
F 3ok RL model 2 9] 25 HSEF A maximum likelihood estimate & 2
Ay 21 H ARES #Eel & 2-2, EeFAAEY ¥F
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HE 2-2.RL model 2 24 FHORE F=HXEQ

xH B AR UE

y A+mf A+mb A_mf A_mb A+mb_ A_mb A+mf_ A_mb
XX
25th 0.45 0.31 -0.14 -0.17 -0.19 -0.15 0.66
Median 0.54 1.76 -0.01 0.06 -0.13 0.01 1.04
75th 0.93 2.32 0.29 0.35 0.05 0.22 2.17
CHUX X
25th 048 0.38 -0.06 -0.05 -0.69 0.11 -0.07
Median 0.68 0.69 0.12 0.24 -0.40 0.61 0.36
75th 0.90 1.16 0.92 0.97 -0.10 1.34 0.86
O| X X
25th 0.66 0.01 -0.13 0.03 -0.23 -0.02 -0.06
Median 0.82 0.45 0.01 0.28 -0.16 0.09 043
75th 0.89 1.02 0.16 042 0.02 0.30 0.70
B 2-3. 242 R FEXEN 5 SZYXE 749 A+
p_correct outcomes subblock_2 P_mf P_mb
r -.32 (.047) .00 (.983) -.34 (.039) -.14 (418) -.26 (112)
At .27 (.098) .34 (.038) .32 (.049) .46 (.003) -.09 (.584)
A,me .36 (.026) .10 (.553) .38 (.020) -.40 (.012) .70 (<.001)
At .19 (.262) .39 (.017) .12 (476) -.44 (.006) .23 (.156)
A -.39 (.017) -.65 (<.001) -.31 (.056) .23 (.161) -.50 (.001)
Ame- A .44 (.005) .36 (.026) 447 (.005) -41 (.011) 75 (<.001)
A mf_ A_mf
+ 17 (.316) 123 (461) .25 (.125) .70 (<.001) -.22 (183)
P_correct: 717t 2 ~ 5 OfMQ| Q2|8 S M MEH H|E; outcomes: -7t 2 ~ 5 QA 2
M4 B8 773~ 59 2 27 U SuRoMel SIS S84 M HBEH oL

HMEEPmf=(@+b)-(c+d);P.mb=

(@+d)-(b+0c (3 2-4 ExX)
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el A i) EE ZIRE odel-based WA CE HEES HAIsteE A
A" (Foss = 3.68, p=0.035) 3 ii) 28 7% nodel-based B5 FdS
Rkdsks 4™ oF 4™ g 2ol (4™ 4™ Foss = 3.87, p
0.030)% i) 2 A nogei-rree BE FFE WA= g™ g g™
2 2o (4™ —d ™ Foss = 3.91, p=0.029) 9] FAXEA 71 3F
zpo] 7} el Al rERSETH

AFFEA 07 Turkey—HSD #HES T uvFulwd A}
AEHA FAA U ddAA 2@ wlE] g™ FHAIE =
Uetgom (p = 0.034), 4™ — 4™ Fol fo&A *da(p
0.048), 4+™ 7 4™ gk =th(p = .041). A AEHA o]FHA

z79 AFPAES FAHA el wlE] 4. - 4™ gho] B

A7} =4 RO ™ (1 = 2.38, p = 0.027), 4™ — 4™ Zfo)
fFelstAl ZA ekt (e = -2.19, p = 0.039), 4™ 4™ & &

Aoz Ve (e = 2.65, p = 0.015). WFd AEZA o]FX X
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Ao JAAELS dAdHA] Aeke] vld) 4. — g™ Fro] 28k
A GERE L (63 = 2.30, p = 0.031), 4+™ 9 g™ FAA] b Aol =
fFoetA] 9t = —0.23, p = 0.822). A FA2] o]z 71|

WE bER (AR y FAAAE Aw 7 Aol el

j’]sthx}lé:‘% ‘ﬂ‘?:l q _] ]?:]_‘1% jj,]ﬁdx}%oﬂ H] 6“ Eﬁé 7] l:ﬂ-ﬂ model—based -g%
ol AsHee T F AEdAb AN FEel weh 2y
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AN, AEHA GUAHH 7ol AEFHA F
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(amedial prefrontal cortexj'—l‘ gé"lz‘ﬂsuperiortemporal cortex %Igl' (qu 7_(|: Puncorrected < .001, %““Zl 3.7|

> 50; BA: Brodmann Area)

C_)—l_}w\j 6(3% Z}'J{:}— Tllj.‘%jl oﬂj‘i E!__ﬁ(:)] 7]%modelfbased f%]%ol Z\_Eﬂﬂf\_
GAA A Al FIHR G oS A A Al vl A Ao g yed daE

g o, 9 F B F9elMY AEHA ddAAR QA%
73

A3t AolE F B D Hregion of interest N4 FHF (AT A
AEHA olFAHA 2L GUdAA] Zdel wls| F w9 e
WS AAFBuedial prefrontal cortex ™ TS5 ST Usuperior  temporal  cortex
FANA AAFEAs 7 Axe Ao Z YEFS Y (Peorrectea < .05, family —
wise error correction) (1% 2-7A, B).
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4) Z3EE 2y 7o o g B4
738t 23 RL model 2 & 7|0 & w] Age] e
ZTHAD chosen vae 2 A3 A5
A A 7FH 7k ZJo]) =
wekel HedE 2t
PR ZhA o Al A 8o

oﬂ% 27‘%" prediction error % 7‘-]])1\_1——6—]'7] 'C'quv Z]V—

»9-%‘ prediction error(}l\j_E—lu —g%g] 7]‘:“;‘(]94'
Fael, W9 ol P NABE

A gaska el da 27 7
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G A

E!—'/F\‘ ——%@i]fﬂ J—i;g] }_3‘-‘7’]' fixedeffect% 7]';@8]‘0%,

¥ +HAA} (asymptotic

covariance estimator = A&k Hessian 998142 tztAd L AE9]
Aatol sl et EA x 2—4A o AAFY o] A¥, 5 xd
Aolsl 24 Ul nAEAE A9 wH 4 ARG w1 9%

#=3481.37, BIC=7095.91)+, AA AL Yo nA4ays 7p%

¥ HFH 21 % F=3534.99, BIC=7114.38, % 2—4B)°] H]3l,
BE Agel e BE AFert £2 Aow vewth
B 2-4. 5 G4 BAM2 A8 24 £ AL
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A Zt M8 =4 HE FHE 2K £ ZFEHEAL
-log likelihood y A A,mb A A_mb
2R K| 2471 0564003  1.28+009 0.08+008 032:006 -0.07+0.05
ChRI A A| 2482 0.71£002  0.74+007 0.18+005 0.38+0.05 -0.15+0.05
Ol =X %| 2224 0.80+0.02  0.68+006 -0.11x0.05 031005 -0.09+0.05
B. MA| mEXIM FHE 24X £ FEHEAL
-log likelihood v A, A,mb A Amb
A 7177 0.69+001  0.89£0.04 0.05£0.03 0.34+0.03 -0.09+0.03
A FFo /X #E H FY3o gjer 2EHA g7 A3EtE
23 RL model 2914, Al A¢ 24 HE F43 ZFEAE5S o] §319]
7 NG5 A FF A AR AT BB
7V A rial—by—trial expected values of an action selected 2 NS LT prediction error e
AX I, o] FXES ZZ BOLD Ao tfst 3w oAEdd

]— 1roev ent‘l/]’ @. J’]’ X‘ﬂ }\]

}‘HE"'_ §]:H Tregressori el ]i}?_

]' I_eventP/] —%—

A AY Z2A(REGA Fx
At —AFS AASY A9
kS sholdt Ayl AEYA
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gyrusﬂ' TS

Valueﬂ' ZC—)]Z}] }\C}‘Tﬂ_’?_

Y
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parietal cortexvo/] }1\173 g_}\é §]"E‘
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o
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_] chosen

;| .
H superior

QI Aol FoRu (¥ 2-8, B). ¥



2Ed 2 @dHR] "W o]FAA A= AA AAHRBACE ot
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AAgdstele] §24 AdAATE Foldvh (e 2-8,C, D).

Y=-2 X=34 Z=-4 Y\\ti xj
B({\N‘n C oA J N D S AR

a7 2-8. A = E MY @S9 7|ojx| 23 BOLD A&7 RSHAH LEHL FH.
A 2EHA RHR ZHOM ZH2E {FOSHA LEHE ST 3 precentral ayrus (S ZHE
MNI [64, =2, 50], z=4.51), 3l Otnippocampus (S &1 ZtE MNI [34, —38, —4], z=4.16); B.
2E A FANR M FH2ZE ®SHAH  UEHH dF FEYsuperior paretal
corex (S & ZHHE MNI [-38, —68, 52], z=3.73); C. 2E& & HAXMX| ZHNM FH2Z
FOISHA LEHE #7192 Hpecuncous (S EE MNI [14, —56, 24], z=4.14); D.

LEB A O|SHMA =AM FH2Z FSHA LEHt HI|FLH(SHEE MNI [16,

_66, 28], Z=4-21); AR Puncorrected < .001, =& 37| > 100, z—value > 3.5.
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C D
4 4 -
B B r=033 p=0041
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-4 L L -4 T ]
0 5 10 15 0.2 0.4 0.6 0.8 1
FaM ASHA FHA (VAS) 22 U FuRoHel R2F wE MU BE

a8 2-9. ME #Z9| TJ|ChX] 2H MHEGSIE UEH Y9 & d4" =4 7+ X0[7}

'IQI'Q-I?_I' %'Cﬁ A. —?—é 6I'Il:ll'hippocampus (MN _XA—"E [36 _30, 2], 1% < 001, E§37| k

23), B. % dlOhippocampus® EHAH = FHXES AE =A 78 BZ (A U=
EZE QAD, » p=.053, xx p=.007, *** p < .001. C. 5 ll OhrippocampusOI Al F=EH
sA4 FPAY FUN AsHA SEA 7 2H AUWA. D 95
HOhopecanous Ol M B SITIAS 2YAIG P2 U) FURON S2l8 vSE Hu g

BgoRt A A¥ 27 7 Aol BAHY) 98] ANOVA #413
}\E]}\]iﬁq—- 1 éj", %é‘ éﬂu}hippocampusg ﬁ%%)\gﬂq]/q Aﬂ -—IZ—Zj Zl‘
zhol7b frolulst Aoz YelTH(IH 2-9, A). ©] JAA Ik
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9= 27 #HE H FY3}ore 2EFHL EF A HE 7
Attt oS @ Fprediction errore AlIRFSFO] BOLD AlS 9pe] 7wk akA| 7}k
Fo% J9S AUt (2E 2-10, E 2-5). 1 AP, AEHA
FA A 2= 35 FF Pinterior occipital cortexs A5 TS B anterior cingulate
cortexs o= N3 middie cinguiate cortexs = 7B posterior cingulate  cortex,
A T catcarine suleuss 28 angutar gyrus, P17 B eaudate nucleus, = T8 Rinferior
parietal  cortex N A ABBAAZE FsHA WERSGT (Y FEolA
family—wise error correction 2Al A peorrectea < 0514 -2]).
2EHS GUHA] 2 E X wF F p < .05 FFAAA FoT

O [e) 5 = 5 . . o=
églﬂt‘ %i())si—o—]/]'y U1}?)]—6l|] caudate nucleus, Z(j_ = Tﬂ}b]—éll]anterlor cingulate cortex, ~T —1

A} &R . . 3 A= =& o . . Sl=
EH C]-§—1poster10r cingulate cortex, “‘qz—hmtamen, C}"l T;g] H superior parietal cortex, O]'

5 = A~ o =
:IO;T?:ﬂlinferior occipital cortexoﬂ}\i DPuncorrected < 001 T%P’] Wﬂtﬂ’ X(S]Z—W]

v Al -2-1]



DAY SRS, AEHA olF AHA Fd

cortex-o/] 75] 2_1] }1\_]76—)] %}\é §']'7]' %%Q %q }‘ﬂ -JZ—Zj_

%EH/gilmiddle cinculum, ‘?‘EH}C\;ilposterior cingulum, r’-|7—||'putamen, |]|JCK)I-6H
sy B, AEBIA THHAXMKA ZA: Oz ojAdE Zts], MECHAS
™ FQomital medial frontal gyus; C. 2EBA O|FBXHA Z=:

<.001, && 37| > 100, z—value > 3.5.
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E2-5 A8 2 d ol 2F #Y AFYs UEG SHE: 5 HE t-
4z 2y
MNI
o BA k Z 3
X y z
AEYA BHX ZH (Peorrected < .05, FWE; k > 15; z > 4.5)
1% 25 Hinferior occipital cortex 17 390 -26 -90 -6 5.88
MZE CH & 2 anterior cingulate cortex 32 933 -8 44 4 5.77
ZEH T calcarine 357 20 -90 0 5.24
5 &2 midie cingulate cortex 24 105 2 2 32 5.23
=& T &3] posterior cingulate cortex 280 2 -44 28 5.06
O] &} BH caudate nucleus 17 10 8 -2 5.01
St 573 Binferior parietal cortex 40 37 -60 -44 46 493
2} 2| angular gyrus 39 24 -50 -68 38 475
2EY A TAXKX] EH (Puncorrected < .001; k > 20)
O] &3 caudate nucteus 80 10 8 -2 449
O] &8 caudate nucleus 121 -8 6 -2 427
HE T Gsuperior parietal cortex 7 550 -36 -72 50 4.26
M YA anterior cingulate cortex 32 458 -6 48 6 3.96
== T A S| middie cingulate cortex 31 314 -8 -46 34 3.85
5tE 25 Binferior occipital cortex 433 -22 -92 -4 3.72
I 2} putamen 27 24 8 -8 3.62
AEHA O|ZHK| =A (Puncorrectea < -001; k > 20)
FE Z 5 Bimiddie occipital cortex 172 24 -80 2 3.80
5t% Z 5 Binferior occipital cortex 18 224 -34 -86 -12 3.71
BA: EZERF FA k: #& AT
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O AAgEH VA 2EUAY AR wE WS AT Hneda

1 A
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NEE AAACH ot AEAemi WA Stk Asdw e,

1) 2EHASY I £ ade AFEsH 71A

o
[UO

~EY A7 AX AR we 7)o )5 oren  oggke
PRITE Zle Ad Ad darEelM EERl vk 9l (Gold et al., 1975;

Diamond et al., 1992; Sauro et al., 2003; Roozendaal et al., 20009;

rlr

Bulg drd o 71 Vs

Salehi et al.,, 2010). & XAEd#X
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APAE] Al AL s BN o) AW Aess gHel o
AdAE AxE] aAdon g ARBAsee] AunAs

Aty 1 A, A9 PEY AT wgshs gow b o
B F 95 Wb AABATE, AEdAT Q8] B4
et geHE Aow Ut = 93 dnlAe Au a5

"41 j] chosen value ‘T’fl' E‘i BOLD jx\li’t‘ AE Eﬂ fa 72% j] Oﬂ [q"j/}‘
A

o)
o
Int

oM (PAR > WAAA > oFAA), AFAEY FnH

REHA 5%

O_u

Alvas score @bz BIEIFTE o]2 7t Aab= GAPEAA A o

C/)J]\ Oi /q 6H t’]‘hippocampus*ﬂ 0—1 —%Loﬂ i\-EEﬂ i\-7]' l?‘x(j X——l] ?_ Oé 6012% U] 7}:]! %

M ippocampus = BE A TER|] VIRbelE Astes 9
ortA el A ies] BEL B oFE 7|Yske A ol F8%
gtS stk (Dickerson et al.,, 2011; Foerde and Shohamy, 2011).
=4 gArEd HAlel o] IXH w¥o] eTHE FF AYS
Ty o=, B 2 Aol st Aol AFE 7Y episodic
memory & FAE = Zlo] FQsirh. wf Alge] Ao Aol
ojde] ¥ AREZIH FTFHA FAHH ta e A9
HH Eojob st ®, U8t 719 7] episodic memory©l 7 B8 reintorcement
learning®l T2 FTS T F vt o8} #HEte], AW Aol =
= Mhnippocampus ] CALOl ZF3F8FEF  E ¥ eintorcement learning mode1®llA]
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selected AHAIO] T8 257 25 bl o] shelx 9t (Lee et al., 2012).
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852 7Fchosen vae®s WFGFol E1¥ Sl oW (Adcock et al., 2006;
Wimmer et al.,, 2012), ol&1st A A= 388 F cinforcement learning
A4 T APk AEIE ;M Thippocampus A FFE O] s A
d&Es Kot FHE FEAVE 2AEH Qe M Phippocampust

AEY A WS
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ftlo

ZAstE T ¥ FAd FAle, AEH AR JEE
TRASZY JsA g g wdt ol (McEwen and Sapolsky,
1995; Lupien and Lepage, 2001; Kim and Diamond, 2002). &
ATeM= 2EHA AAZ A3 Hhippocampus NI4T A E W59
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Fool wE HRAE AAR oidzt fd4 Fe AAY dTEH=

(o]

=] - = L=
}—3—;‘]_0]'7: 7/4\—(2—i E—?_D]' E‘ od:[L ﬁﬂ}"i ‘41% ﬁzj'l‘ émedialprefrontalcortex,

53] 55 FYvenvomedial prefrontal cortex®] SEU RO FRFFA FFow
A3l HxAFA FF AAYd F# AT AA I AFE WA=
T2 99d 7Fsde AT

AT A b2 Aok AT 1olA] vEbd AEH A 3
SFF Blearning rare A8, A I =W & S@YF O] FIb ol AT
2014 APEA A, 22 A F OAEHA JFY #hP

ZI:
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Abstract

The effects of stress
on decision—making

Heyeon Park
Department of Psychology
The Graduate School

Seoul National University

Previous computational and lesion studies suggested that behaviors
might be controlled by at least two partially separate neuroanatomical
systems. Habit or model—free reinforcement learning incrementally
shapes behaviors by trial and error, whereas goal—directed
behaviors or model—based reinforcement learning rely on the
internal model of the decision maker’ s environment and motivation.
Stress appears to influence the arbitration between a goal—directed
and a habit processing during decision making. However, it is unclear
how stress might modulate the arbitration between them. In addition,

although too much stress impairs performance in a variety of tasks,
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it can also improve cognitive performance when a certain level of
arousal is beneficial, as often referred to as the Yerkes—Dodson law
(inverted U). However, whether and how such bidirectional effects
of stress manifest as a potentially shifting balance between habit
versus goal—directed systems has not been investigated.

Here, I examined the multiple effects of stress on model—{ree
and model—based decision making at both behavioral and neural
levels. Firstly, in Study 1, I tested whether stress biases the
contribution of model—free and model—based reinforcement learning
processes and alters the rate of incorporating new information from
the environment. Participants were randomly assigned to stress and
control conditions, and performed a two—stage reversal learning task
in which the reward probabilities underwent reversals without notice.
By applying computational models to participants’ choices, I
quantified the extent to which choices were influenced by model—
free and model—based processing and the degree to which choices
were updated with new information, the learning rate. The results
showed that under stress, the contribution of model—based RL to
decision—making was diminished while the tendency to switch after
negative feedback as predicted by model—free RL was enhanced.

Moreover, the size of these two effects varied independently across
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different participants. Also, the learning rate, at which decision
variables in RL models are updated by new experience, was
decreased due to stress.

Secondly, in the study 2, I examined the dose—dependent
effects of stress on model—free and model—based reinforcement
learning, using computational models and functional magnetic
resonance imaging. Participants were randomly assigned to one of
the three conditions, no—stress, single—stress—treatment, and
double—stress—treatment. Two types of psychological stress
protocol were employed in the study, which was immediately
followed by a two—stage Markov decision—making task in which the
reward probabilities for the choices in the second stage underwent
reversals without notice. Analogous to the Yeskes—Dodson
hypothesis, the parameter estimates representing goal—directed
behaviors increased in a single—stress—treatment condition but
decreased in a double—stress—treatment condition. Similarly, BOLD
signals in the medial prefrontal and superior temporal gyrus during
decision making were accord with the inverted—U shaped behavioral
results. Also, the chosen value related signals in the right
hippocampus were decreased in the two stressed conditions, which

was related to the impairment of reversal learning.
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In this study, I suggest that first, stress can play a critical role
in arbitrating the two controllers (habit and goal—directed) of
decision making and second, the effects of stress on decision making
might be bidirectional depending on the level of stress currently
experienced by the decision—maker, and finally, the role of
hippocampus in adaptive behavior in a changing environment be
impaired under stress. These results have implications for the
underlying neural mechanism mediating the effects of stress on the
formation of maladaptive habits, such as addictive behavior, as well

as dysfunctional behaviors associated with stress—related disorders.

Keywords : acute stress, reinforcement learning, reversal learning,

computational models, fMRI
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