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ABSTRACT

Gawr onsKki et al . (2017) devel oped a CNI mo d
consequences sensitivity, and generalized i
deci sions. However, t he CNI mo cceoln spRENET R G S
norongse ner a hadaeeatopnoef er ences sequentially, wh i
recent evidence. Mor eover, the CNI mo d e | gerl

binary categorU/Nlpedahtaredreieatc ehe tusteodn faonra |l cyosrers
ot hceaonv enrta enaarlch desi gns. To solve these |
al gorithm ntoor meadmomisteggsensesi vi t iacst/i mmdt ovrer
prefealgeksan caalplay al l-ahamg @ eadvr tdlawea roef Gawr o
(201d)test the metho@olrogesalt pre€manameseer
i's appr oxibmatwehegn ENUuamodel and NpAaN aaredgcerri tumm
t he CNI model ap/pio)xiumadeerl yt eequ@ANp at gmei € hm
anAlparameter are Ttelverisapag aa neitner ,0.t5he mor e t
i nacvteir@mtsi on preferemMmparametehe LtAergensebheve
i naction predfirfefnereendely itresgadr ameters bet we
and CAN algorithm |l ed to al most the same st a
algorithm cawmr bel atsieadndloranal yses and mul ti
advantage over t he paramet eraslanfd ome tt laded 0CQ MNlg
i mplications of our study were also discusse

Key wWOrCAN al gor i t hmo rdagocriasld kodn; | €mMNima model
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INTRODUCTI ON
Tradi mooab!| di |l emmas pit utilitarianism ¢
known problem of the tuotcbayntealalt dlmlge aar exar
towards five workers who do not notice this

wor keret hnot noticing this emergency either.

pull the switch and |l et the trolley car run
the sidetrack wild| die and thedfi vdhewprkaers
utilitarianism is followed if the agent <cho

benef it s( Bemtnh ann,s t1s9.9 6T;h eMiplrli,ncli8p712e) of deont o
agent chooses not harmuhb the Bwndochbnbetcaune
mor al (MKarmnms & Gregor,. 1997; Rawl s, 1971)
Howeveaet egr psr eotpaatr ila@ntgfra di t i on alsa nmmembalgadi | em
(Gawronski, Armstrong, Conway, €er gslaohtefr) &
trotbdeyl emmahere coul d thlee tidgiekedpluye btsob he T wévy t c
first agemmwaak € henor,mnidleensssi tatvieeatsye nutoicl i t ar i a
proposal . T h e agelmnaan ds tirso ntgheart ctohnesaenddil ettheee s e n
resudgul loifng ttohemessviidemably benef iagiemdtattoT he t
pul I t heen dawadet tcrhognegreer al i ted wethken generali.:
preference irrespective of itthefTherorpml adhgmc
traditional dil emmmahrcaaenpos dil Bisloict iahe.t h'Bleu s,
norm sensitivity,,ogemee U ¢ meeh g @& fosmio teinvciet ynat

t haegent 6de aniemaaddinn g
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To sonl ambitguGawr onsKki et al . (2017) devel
tree (MPT) model t o diirstsercpsradsteéaattibodn aaboge. péE
expanded the conceptual mani pullheeayd d e d href ut i
mani pulliamiitoaat r adi 0 f o nfdtli Idiitl aermnest ch agr & shuep poobssee
behavior i s sensitive t o consequences, wh i
conseqiDcrond ol ogi cat baprebeppbserved behavi ol
norms, which requires exper. mental mani pul at

Henéeur types of dil emmas bDiutwvoleiqungndietf g
nor me sbte coendd Gdwr onski , et al ., 20.1 7T h aGa wir @I
di |l emmas :(g)rwbBicompani opposes theaeanpgrobhesbanikedh

and

pre

CO0S

avior for owyge®radlhlemwelhleb ecionsgt psa oosfc mbogphnai wieo r
oses the pawmgpgosked behafvi os of beshmdaliear f o
n the costpr esc micgphtaivveend or ye¢s) t hangrbpbese
efits of behavi or grfecatthemwv et alel cwesl lsb eoifn gt
scmioptmi wemdorses thaengprolpesbdnibkerha®omnfobe
| bes magltlheare t he colsn st nd dbaedhavofort he tradi
y one combined situation (proscriptive nc
not the otshearuatthroenes c(opmhboisncerd pti ve nor m e
scriptive norm and benefits greater than
ts) .

Second, amMPy ueedepict the ment al processe

( Furge 1) .
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Consequences

Proscriptive Norms Prohibits Action

Benefits of Action
Greater than Costs

Benefits of Action
Smaller than Costs

Prescriptive Norms Prescribes Action

Benefits of Action
Greater than Costs

Benefits of Action
Smaller than Costs

Drive
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(:.f

Moral |
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N |
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onsequences |
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Moral Norms
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Response
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Preference
for Action

action

inaction

inaction

action

inaction

inaction

inaction

action

action

action

inaction

action

Inaction

action

inaction

action

Fi gurMullt i nomi al processvegsmaceti m edéscp o mge
di | emmeapsr owictrh pti ve and prescriptive norms a
action t hats nmearld eghcedataenr oe eavcetdi ofnr.om Gawr ons |
(2017) .

Toget her with the MPT model , the model

probabilities of action and inaction in each

for action sprnpdaliyl itthye( agfgpu aotni o n sp,r olsects i pt i v e

costpl) eleect i on | proscrKCcpptie plertm,onb gn efrietssc

norm, beaktfiBd pheti on | prescrkicp}tim@andaomean, be
hereinafter.
pl=C+ (@ [ N 1T I)( 1 (1)
p2= (@ T NY 1T (1 @)
p3=C+ (@ NKF (@ T N 1T (1 (3)
pd= (@ N+ (@ T N{1T (1 (4)
With this model, t hree parmamxetneurns elciolud ad

st at:i sCtoincssequen€e,s Nemms N endaigdi(gengveal sued I

Action irrespective

Df dHemsequdrmeetsh@&dNdd mnwars

model . 0 Gawronski et al (2017) [ rMowsihdegde npr
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2010t)o genCGNlap & r a me wwwrbartramg@awronski.com/documents/CNI
Model_Materials.zip .
Met hodoli ongit @ati hiziNd onfo d e |

The CNI model contributes to the |iterat:
possibilities i f the agent makes decisions i
model <can be used to solve severakideaoobonas$i en
affect moral (GagmemskiandChoway, Ar mst.rong,
However, recently Baron and Goodwin demonstr
t he CNI mopred hi bsiutciho ma so §( fdero nd eBtlaa ig@ling ,&| sGaoao Id v i
2019) n the present study, wealwamtt attda omisg holfi
mod el and to solve them using a new algorith

First, the CNI model cannot be ap@NIied fo
parameters armaxgenuenk akt edoovddd at het pasamet er
group |l evel rather at the individual | evel
to discuss correlations.

Second, the CNdompalree tclalme thwnd &y r ewaec egar a me
one parameter to a specific value. |t is i
conditions need to be made.

Lastly (but mo st i mportantly), t he CNI m
wheetrhcensequdnuarhepbsesledarn @ rben efthiems ah e ttkheer
proposed behavior oirsnsal amwWed imyal Mpy alconsi de

gener al i z enda caicrtoimosnp eocrt i ve of . c opheacgiueon cheess i osr |



CAN ALGORI THM 7

untenable for two reasons. First, if the age
woul d mot eimenlaénda cmpsy ohi bit aecns eqadwhaaeasd eon .

Thagewitlfledi | e mmatisvfc s/ he IS Si mulnbamnmsmdisly
consequemicresciloas | gictt wsaThiuasn t he agent I S m (
simultaneously (rather nbamsaoengsueeqgnireinat@&isy) eac
Second, thersegwardtdi dle prtdieeassi ng patterns e
mi ndset. The sequenti aNYQYt(ofciesst mgo msiitfd enrort s,
then coossaegaedcésnal |y, consi der J/isntacattieogn )e,s
IYCYN (first obtain /anacetnieam!| prefleracnde,n t he
conseqpureinceispl e and, hiompisi gwcY WECH)f s @ sitt olby ati
generatt/izmealct i on preferemoepwrst henptevansd, ifi]
it boonshequreinceispl e) and ot her potEakiimd tslteq

NYCYIpattern as an example, named the ANCI mo

Proscriptive Norms Prohibits Action Prescriptive Norms Prescribes Action

Benefits of Action | Benefits of Action | Benefits of Action | Benefits of Action
Greater than Costs | Smaller than Costs | Greater than Costs | Smaller than Costs

Moral Norms

Drive inaction inaction action action
Response
Nf
: Consequences
Dilemma_J, Drive " action inaction action inaction
c [ Response

I—N - I
oral Norms |
Do Not Drive | General
\ 3
Response { Preference v inaction inaction inaction inaction
1-C \ Consequences [." for Inactior
Do Not Drive
|
Response \

1-T) General
Preference action action action action
for Action
Fi euRClI model . Th&ppoasmeNpasamét eheare excha
on the original CNI mo d e |

With the , NWle madhelgset moodedlepi ct the respo

of the four combined dil emma situati ons, t oo
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pl = Np 1C+ (N T ¢ 1T (1 (5)

p2 = Nj 1T C( 11 (1 (6)

p3 N+ (N) O+ (N T Cx 1T (1 (7)

pd N+ (N) T C( 1T (1 (8)
Gawroeskal . (2017) discussed this in thei

replicated with the NCI model, and the only

effects in the CNI model became statoseé] cahe

did not discuss further the differences betw
CNI mod el and NCI model depiedreatf iighres @b £) vi
equatibgogndg o (8) would beesbati shiec plalr iWNmedent
parameter as an example, it can be(iglr@nsfor m
+p3+pd)/(21 pl+p21 p3+ pd), andalso be transformed from equations (5) to (8) Mte
(Tpl1p2+p3+pd)2.I1f the CNI model and NCI model are statisticadiguivalent these two
N parameters should be equal. After conversion, it turns oupZnatl = p3i p4. In the same
way, to transform th€ parameter based on the equations for the CNI model and NCI model,
it turns out thapl +p2 =p3 + p4. Combining these two transformed equations, it would turn
out thatp2 = p3 andpl = p4. These conversions imply thie CNI model and NCI model
would generate the sanieand C parameters only ip2 = p3, andpl = p4. However, this
precondition obviously has very low empirical possibility.

The first otwoCNIwenbededoaesto that the para
i n glreowepl rathet evieadn iThdi Yadtuabuwtf tCiNd modtel
was due t o tphraets uQiNhoes manglen t was sequentially

consi demorrmmgsc bheeqpureinceispl es. Givahi mheséei mas
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we tried to develop a new nal gn@rdiotnism q t e n d eds
sensitiovdanelsi am/di nacti on preferences.
CAN algorithm

The traditional edorapadevieeeaimaniss byamiani pu
potential moral principles of norms and cons
byworamdonsequreinceisp ivecsains Ehas @b mmabindayibct r act i ng
str atoe gyeQaenNipae a mEhies sstrategy i d ictoemnacnulrye, u s
aJal hcedmputed | oyalty/ nepotism as the amount
t he amount t hey (prwndihseH end .8t htehil rr efsrpifecd met & rh,e
we usegr eapnataegg mean strategyv e oismecatsiuare @rhef er
which is explained bel ow.

With res@patam@tienmeei vi dual s are searsda ti ve
more | abprpyveothe proposaknehdes Hgheartendt h
under the conditions of béhefisesssmali éy ©Dha
under proscriptive norms pldmpxli tain@ng heo wledh sh
consequences under prescriptivpe3iploHemmscet brdit
consequwmemcdidgeiewirtexsent ed by the meaniCeegl(ue of
ip2 pBipd).l 2

With regMhpar anmehteehrssensi ti vity of norms un
greater than cost P3igphultchebe emesprteaewvarntyed fbyo
of benefits small er t hpdi p2cTohsutssno ctangeind iilse v e yr

represented by the meaniNea@dipk pbifp2 t./hZz2 t wo con
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For A mha&r ameter, this I ndex IS used to
action/inaction preferenced ast iaomhion ac triatnh
irrespective of nlbe msaectnido c omredigaileinlhietsyf our s
couldalbeul aAtel p2 ip8 ¢4 ). Wd do not think that the
sense under sequenti al processing in the CNI

| f hCENpar ameter i s Ogreheprrthéeéepa)l)titbapants
sensitive to sumposioroins @ 6 U elnpaestghSNpg & r a met er , t
mor e sarstioosi yeppomodemg se gachtedpar amet er S
significantd,y tdieinf eerheentparti ci baenmagn [airtei vied et
noganonsegul® aetgepar amet erovdrhal lenod erfs etmee t
behapropdddabkepar amet er i's @r,&atthean (tlhees sp artthiac
identifiednoavsracbMiomg (a nacti oM)papaemkéeerendss.
significanolwhidlief faetr eln@dsdr aomestiegfnsi fi cantl y d
t d, the participants are identified as hav
deont olfb gtAlpear amet er i's nott ®di.dhi Fectam@ k hWed,i
par ametreNepar ametigmi fi cah©,l yt hde fgaerrteindi pant s &
answearainmgo ml vy .

To differentiate it fromewheal €¢Nii tmomrdeds M
demonstratredsonoditeirtl hitehydg AN al gori thm and the
CAN algorithm and CNI model, the equations o

Contrasts in parameters INetawgemittthen CNI mo d e
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The equatCpmparsametrert heere i denti cal under t
for the CNI model, we can tr ans fCeplinp2t,h eam db as

transform them based CEp3iepd.uadn o@wself(ggedand (4

iTpdR2This equation is identical to the equati
predict that in each study of GCaaramekiereunad
t he CNI model wi || be al nopsar aenteu aetrhse ocuChAadie e

al gorithm. Gareaanmettheart utnhdeer t he CNhha xmonduemt  we
|l i keli hoatt shetgsbups!|l evel whereas the C par
comput edalwietbhrdagimt r acti ng strategy at the ind
these two parametexsmqmastbiuyabbhelr ut.eby equal
For Npheameter, we can transform eNumati ons
P3 pl p4 p2H(21QI1 However, t h eN peagruaanteitoenr fionr tthh
al gor iNt=Hp® pl sp4d p2/) 2. Tha\tp aira,met ke under the C
di videdl) bwi (L be appr oNpiammaatneeltye re quunadle rt ot hteh eC

i s because the CNI mod el hypotme@rsam® etsh & hbaa s it

of not ccoonnssiedgeureilnhcgess precondi tion is untenabl
for the ageatfmsrostc.onBhare,r the sequenti al pro
model . | f so, we can transfor lN=dpupdtpdons ( 5)

p2/2, which is identical to t Né LCANumderortihennC
al gowit hmbe approxNmat & metluwngduearl tthoe thNel mode
With rekagn@dpdrameters, in the |l ogic of the

the generalized action/inactniooasporseqgeacece P
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Si mi | arN ptaor atmee er , this precondition is not
genedalaiczeon/ i naction preference to the beh:
will be imdrlaoseddo o e dgrginrceispl es so that the che

on the correspondIlpnagr apmei tnecri pul nedse.s Thhhues ,€MNéhdemio k

gave up the endeavor to identify the gener a
norms and consequences. Il nstead, the overall
critical to refl ecthet megemv e rmealkle sp rdeefcea rsa mmess

noramrsadonsequrintceBpwesnl d t empdl woulbdke tlemdchdt o be
norms and consequences principles pplohainbdit o
p4 woul d t e nadu sten otbl®siOn &icpplenes eagmudeinrceispl e ar e ¢«
in terms of prohibiting Aprar adeo @a pd(mpg eaa ¢t i( 0|
p4d)/ 4) should have no differences to 0.5 if
andonsequences principles, or t heAmagreaame tiesr |
can represent the agentds overall action/ina
Overview of the present study

Based on thedmstthisdolomgiadove, we can make
Cparameter under the CNI mo d Clp awialmet ke ammumre
CAN al glel) i tNphaer(amet er under the CNI mdNdel wil
(I1C wunder atberH2BANmMmgbdramet er under the CNI n
agent 6s ppaetertmdusgenf er encebpawhmetears tmeer t
al gorithm repr eseancttsy etmis @ 8 apgreenfhedrse moveesr.al Thu s,

par ameters wil/ be idparcametderarios nipd@it @édmet & a rt
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wi || be | oweirc et (Waehr.sOcGABbt hough t he CNI mo d e | i

al gebraiifcfad rl ggnt , t he bsyst e agtdhirt © asksd -ybbehatj vaeoetne d

conditions. Consequeunhbjgct tthieftesesces obetwe

from the CNI model and CAN &d4pgorithm could b
MET HOD

I n orde test thanplgadiedt itdies r awe drag a of C
in which the CNI model was proposed and test

First, we downl oaded t he r awttps/@dfia/xtapw/. Ga wr c
Thewe -aaneal yzed t e thaw CilNat anowiet t o ensure t he
et al . (r2eddr79 d unceirdpeh &ley si s results were 1 den
reported.

Second, we used the C/NApar gmoetidrhan tand ealeg
NN(1C) with the Gaenddp avalmee ®rgf Aftbypohheésesve
stated above.

Finally, O6G/NAmarsemdatheer s generated from the
individual l evedtyl d heseupad aimet ecsrrel ati on

tri mdkehoe Pearson correlation analysis betwee

i n Gawronski et al . (2017)6s Study 4.
RESULTS
With the CNI model , Gawronskormal ast udi2@:
suppl ement al study. Eaclked stomndyr ewasnt r eplnice

reproduci bil ity ofOppesny cShca leongeciec &Clo ITlhanskir rdghsieo re,
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10 studies in total. Study 1a/b dimsakiissged t
because it remained -dmbée gmausa pfprnioeashdeo r{fs,a eq ot ni
& GawronskiStuadyls52a/ b explored thal edéeicsison
maki ndgreesae, Morel Il i, Lowenb.er®t udly s3 a/obm, waks
effect offr agru enggt ibobencause one study demonstr a
deontologic@leerspoBemmer ville, RYOB8Haoachy Datfl
explored the reasludbtcllomsikciap pestywdomprae yo n sevse |
(Bartels & Pizarro, 2011, Kahane, SBwedryet31a/
di scussed the effects of-makairmg s(adee ntclee ome Il
Conway & Gawronski, 2013)

Gawr onski et al . (2017) conducted analy
di ssotCanhwan & Gavarnan g kie, CNO 1 3np d e | -afnoarl yesaicsh,
we replicatleydsiosn|oyf tthhee -aGhll ymedelt h&nd awe dat a
al gomihtehmp.at taenranlsy soifs rreesults were al most i de
we present the results of Stwudy la/1lb; the r

Test tohdrelsyepr Dfugpy esent

Reanal yses of GawiSonmsiki 1at al . (2017) 6s
OFemale @Male OFemale @Male
1 - 1 -
© 0.9 - © 0.9 -
T i @ i
E o2 Eo2
B 0.7 7 0.7 1
W 0.6 - 0 8 W 0.6 1 04951
9L 0.5 : D 0.5 )
204 - 0.33 204 - 0.33
= £ 0.25
© 037 0.2219 037 02219 -
S 0.2 15 $o2] 12 15
0.1 - 0.1 -
O T T 1 O T T T 1

C Parametéd Parameter Parameter C ParameteN ParameteA Parameter N/(1-C)
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Fi gBResudf@awr onski

estt uadly.

1(a2 GotbACNG sn end dEt o Nl ef t )

an

algorithm (right). Error bars represer
Table 1. Test of gendelifferences with the CNI model and CAN algorithm@a wr ons ki e
Study la
Conclusion
Parameters Results Results Parameters
contrast
aG%(1) =1.34p t(199) = 1.08p
C =.247d= identical =.281d= C
0.164 0.153
aG2(1) = 26.00, 1(199) = 2.74p
CNI ) i CAN
p<.001,d= identical =.007,d= )
Model Algorithm
0.726 0.387
aG%(1) = 12.34, t(199) = 2.45p
I p<.001,d= identical =.015d= A
0.504 0.346
Reanal yses of GawilStondkilkket al (2017) 6s
OFemale @Male OFemale @mMale
1A 1 -
L 0.9 A @ 0.9
@© ©
£ 23] £9%]
E 0.7 1 053 E 0.7 1
- 0.6 5 16 L 0.6 - 0.4453
205 1 0.40 L 0.5 4 0.40
(&) (O]
£ 0.4 - g 0.4 0.31
S 034 0.23 26 S 034 023 22 26
802 .16 802 16
0.1 0.1
O T T 1 O T T T 1
C Parametéd Parameter Parameter C ParameteN ParameteA Parameter N/(1-C)
Fi gdResulfGawr ons ki eStt uadly. 1(b2 WmibAGNGIsn end dfed oihl ef t ) an
algorithm (right). Error bars represer

Table 2. Test of gender differences with the CNI model and CAN algoriti@aiwr ons ki e
Study 1b
Conclusion
Parameters Results Results Parameters
contrast
aG%(1) = 6.43p t(195) = 2.39p
C =.011, identical =.018,d= C
CNI d=0.364 0.153 CAN
Model aG(1) =17.43p t(195) = 2.20p Algorithm
N < .001, identical =.029,d= N
d=0.599 0.314
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a&G4(1) =9.12p t(195) = 2.41p
I =.003, identical =.017,d= A
d=0.428 0.344
Acrosssthdi @6, all the ,praesdisEhtog@mn& mMvbeee Vv
Cparameter generated from the CNI model and
Nparameter from the CAN algorithm was sl ight

N(1C) in the CAN algorithmNwasamppeoxi mathkeéyc(
Theparameter under Apaera@&dti emodmrederandhe CAN a
reversed around 0.5 because theirrgsetrdttitse i c
parameter means the vmeosaetsgemempaleifzedniceact iwd
t hAepar ameter denotes viehmsnmot eonveealdkenaceson
di fferences i n pasamee etr swearmed icas isnoolss t wedeem t i C .
model and CANaslgmawn.hini m@leelpleen dlé-tn& s 2sCANp tl e

parameters was maxri ghusk aliinlgeeend C/N/lthaatniasmeitces s. T
a few marginall ysigingdiifciamdntr esmud tlsownder th

significant under the CAN algorithm (see the

Demonstrating the statistical advantage of C

Mor eover, t he CAN alsgdr iitnhnt oocawllddti on an
this statistical advantage over the CNI mo d e
of Study 4. Il n the l atter, participants we

psychopathysedndntitdhres rbascores on Peapsyonhory
correlation analysis betCGANpmrtalmeitrer msy d mo [Ba ti
psychopathy score was noCpamameillanl@ ,.91,@hi f i

correlated sighmpdnazmaettidry 13t h)0,3&aend not cor
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significaApdryannettdir@phe)l.52These results are ¢
on di ff e0JABNnpcaersa mien er s, but Il ncongr uerch wi t h
parameters (see Table A5 in the appendices).
signi fihc aCbptalrya meiife. r3@7 ,.)0 0&pdr a meiler3m@E4 ,.)001

but not correl at éAg as iagresit BOr. gld0n3t)1.4 9Tvhietshe trhees u |
supported the test results on differences bes

test resul ts bpnardainiefteerre n(cTeasblien At6he n t he Appe

Overall, the correlationeandlrysned heupmpdifte
wi CWNparameters while a little variG@Nled com
par ameters. Met hodol ogically, CAN allgweli tshan

that the parameteraticonl dntteouused commaemr ae
advantage over the CNI model
DI SCUSSI ONS

All the hypotheses were verified, and we
that the parameters obtained from the CAN al
(which 1is an advantag€ANMparamedtee rGNI aareo dghl e u
individual |l evel, so that they can be used f
of research designs.
Conception manipul ation devel opment

Th@AN algorithm is basetthenrehec&NI ampdel
tradidtiileemarda only considered a scenario in wlt

greater t han «c osctasr, psaféaalo &ygsa n1dd éf7otort dbirliydge p
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(Thomson, DkEZa@es | ater, Conway and Gawrons|
samari os: consi stent edi tion (proscriptive
inconsistent edition (proscriptive norms and
varied the norms and conseguencesuruntdyepdesyi o
scenari os: proscriptive/ prescriptive norm v
devel opment of conception mani punhaaktiinogn. deepe
However, criticismaditemai coakept i tome mlamu mp
Goodwin (2019) gueried that, among the four
underlying the proscriptive editiones naonrdalt he
nor m. For exampl e, in the dil emma of wteranspl
should not harwhenrdas tprepher m oWwepsksoldpsi

someoinmsgodnet hi ng har nifhuels eticdo wost heerresu @ s sent i al |

mor al nor ms.
Neverthel ess, wedi t honk c©heepftauwrn mani pt
meaningfully. The conwoepteindedmbduit pwlod teimbme dil s

I n the four edithensevehteashcdnkbéesmmant acros
norms and consequencesenawlyernwdhlee hemde hley iamg @
consequences change on the same event is i mp
morality are very important in peopleds dai l
(JadBaf fman, Shei kBh., TRhukeppwe 2a0¢r% e t hat pr os
prescriptive scenarios have differentofnor ms,

norsmnsitivity
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Thmet bdodgi ceavt el opfme@AN al gor it hm

The CAN algorithm reepntved tmaeitphud art e toinc a
al so fixed the meafh @dhod mgd ela.l Theni @MNIt i nndke |
correlation analysis or multiple comparisons
represented at the group | evel rat her t han
al gebrgaeincearlaltye sent 1e Pprad apn@t amet ers data ar e
| evMolr.eover, the CNI mo d e | I's suitable only
algorithm can al so-sbal appht €4N@ghreamdtbea et ousr!
used i Bcapwidé research designs and data ana

The most serious met hodol ogprce sluspnptohsaet i @ m e
agent sequentially considers consequences, n
irrespective oédnaom®s msThingd pgoecemadi ti oN i s qu
par ameter being overesti naantaeldy sarst idf e nbbi nasltlrya:
parameter under the CNINMbOG elunagpr dxxiemaCtAeN ya
The valilCeunodfer( 1t he CANO .3, | Dsodptahenmevtaessr under
model was systemaNpiac almey elramngaerrThdeares €QhdNe al ig
process pfe€Npplmedd cdipak easnet eas diutbiiosuscl ai med
extent of the agentés generalized inaction/ :
consequeocmBer ef ore, the CAN algorithm adopt
strategy Ca oNlpgaernaemeatdeert 21 parmad oeeismEsBtt aohi pnef e

i ndeXparheeter.
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Even though the agenmakbrowgesegsembirall gect
more credible than the CNI model. As demonst
people react emotionally first and revise t

norms intuitively at first grHaidd.nsT2dweOrle)fcmrmnes
t he NCI model I's more r easotniadll epreoveeas s fma kh
However, increasing evidence implies that em
i ndependent rat b €us hrhaam, sYoquunegn,t i &l Gr eene,

Hut cher so#wouMesmtraseWoodwar dP,a x& oRa n&g .edrTehalrdel, 5
the CAN algorithm is more appropriate for (

espe Ciaalp ygr amet er s.

A more reasonabl e multinomial process tree m

Processing tree models are power f ul fran
cognitivdd Cataneéssas , River s, Kl auer , & Sher
Hence, an alternative MPT was constructed I

evi demicgebsa m(d named t heBafighoiNohe nmyEdyed poos@rdr eact i ve

duprocess model béecamosal t tegnf buond t hat par
utilitari-naeswonée apdmwadi gm. Furtéedheagemteds tfhie
mor al judgment was dependent upon the absol

deont ol ogi cal and Bagbol i&t aDrei aMeTyhsn, ¢ ud G inD)tshe N
hypot hesized that the dri vi ngcefsorweerse fpraorma | nh

that the response pattern was dependent wupon
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Proscriptive Norms Prohibits Action Prescriptive Norms Prescribes Action
Benefits of Action | Benefits of Action | Benefits of Action Benefits of Action
Greater than Costs | Smaller than Costs | Greater than Costs | Smaller than Costs
General
A Preference for " action action action action
Action
Moral e
Principles Do [
1-D / not Drive . General . . . . . . . .
/ 1-A Preference for 1naction 1naction naction naction
/ Inaction
Moral |/
Dilemma .
\ N Moral Norms inaction inaction action action
D" Drive Stronger <
\ Moral T
Y Principles |
Drive gy
I-N Consequences action inaction action inaction
Drive Stronger
FigbhAmr alternative multinomial pr ocessprnogc etsrse emontoedl

of mobaémnmdthewde agent @si wboi bgsmaral princi N es (No
denathes agent 6s choi c Nor asleN) dlen cvtbees sageonhder chpi ces
stronger byACemsth@uageas 6s ¢ h oo vceepsa kafreer ednrciev efno rb ya ca

Toget her with the DNA model, four equati o

pl=( 1D) A+DI {N) 9
p2=( 1D) Al (1P
p3=( 1D) A+DI N+DI 1{N) (1}
pd=( 1D) A+DI N (12

Il n the DNA model , the consegquences sensi
cal cwll ggteecbd: aiCoalsleyyuences sensi DIviMpecansbe
t he agent should be at first Coasusintcievse ptro nncoi
Thal gebxpi esBli oiM)coafn be r emptien2 editpéd/ Pybadsed ¢
equations (9) to (12). Si mi | arOlyNa nndo,r nfsu rstehne:
transformed from equatp3iopbhspdi(p2).Th@sel2)wo i nhdy
were exactly identical he DNMA mAWNe lal gorréd tdpy
depicts themalbirmag pirecssd®nac¢Bandong De Nbgs|

Neys & Pennycook, 2019)
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As t bparhaeemet er i n threo ICINd marwiacesdipee citt i it s f r c
perspectiDNA onfodéhe I n the DNA model , t he ¢
irrespective of mor al p(ri B)c Wp,] eanc oiutl s preo

depicp2edacaor di ng p@2p otytse a encgeu atriodomasb.i el ni dt oyr swehse n

the behavioral proposal which is prohibited
Theref(®bDe,AH) (is more in line with the implic
behavior al proposal irrespecttive gdeénamoalmsprae
for inaction irrespective of I1Do(ldR )p,riarcd pil te
probabil ity Tp3s) . dppli ppedrays(1he probability
behavioral propedaldy whatchh noer mgd vorccatconsequet
(1D) (I11A) ) is more in |line with the implicat:i
proposal i rrespective of norms and conseque.l

acti onncper eifrerreespecti ve ofp2nomwims | @and heogeagu al

preference irrespectiveipdf Armgpanhecionsdqhb
et al . (2017) , the sum of t hegRe +i pBol p=r elf,e rien
t umph,ps. It means p2 hpdt ©OMhéyswimeaf the probab
action and inaction preferences could be 1.
t hat | patrhaemet er in the CNIct moedhel genairméd zed
preferences irrespective cofedn addnest haen d& ocnot nrsaer

parameter of the CAN al gorictrhendiidbodmethbeéoleagi
connotatidan deweraalsli am/ei nacti on preferences .

mor al di |l emma.



CAN ALGORI THM 23

CONCLUSI ON

In summary, we addressed the methodol ogi c:
these Iimitatiohm: wthbh E€ANewThéeégE@NI model pr
sequentially considers <consequences, nor ms,

irrespective of consequencesakamdg mpoomesisn MWMe
theoretidealate viheharklccasg spooacess is more | ikel.
and consequences, and devel oped the CAN al
parameters at the group | ealedeladadnigy] ave t©hécuh
| eweol t hat the CAN algorithm was suitable f

conventional statistical anal yses
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Reanal yses

APPENDI CES
of GawiStomdyki2at

a

(2017) 6s

OLow Load @High Load

OLow Load mEHigh Load

1- 1-
@ 0.9 1 © 09 -
© ©
T 0.8 1 S 0.8 1
= 0.7 = 0.7
W 0.6 1 0.252 W 0.6 1 0.53 49
205 - : 205 - '
E 041 0.250.25 E 041 0.25.25
S 031 03 2o $037 0 21 :
5 P18 IE 5 2418 0.2 T
& 02 g 0.2 I
0.1 - 0.1
O T T 1 O T T T 1

C Parametéd Parametelr Parameter

Fi gAtRe suo@aswr ons ki
al gorithm

C ParameteN ParameteA Parameter N/(1-C)

eStt uadlyb 2@2 0rd) 6s om CNI
(right).

Error bar s

Table Al. Test of differences in cognitive load with the CNI model and CAN algoriti@awronski et

al (g 2a) 6 s
Conclusion
Parameters Results Results Parameters
contrast
aG%(1) =1.35p t(192) = 1.22p
C =.245, identical =.223,d= C
d=0.168 0.175
aG?%(1) = 0.01, t(192) = 0.22
NI 1) p o (192) p CAN
=.927, identical =.827,d= N .
Model Algorithm
d=10.013 0.031
aG%(1) =5.19p t(192) =2.01p
I =.023, identical =.045,d= A
d=0.328 0.289

Reanal yses of

OLow Load @EHigh Load

GawiStomdyki2kkt al

(2017)0s

OLow Load mHigh Load

mo del
represer

(

1 1
9 0.9 1 9 0.9 A
© ©
L9 L
n 20 n 21
W 0.6 1 0.55 W 0.6 A 0.52 -
g o0s5- 0.4 8 051 i
g 0.4 1 0.2 g 0.4 1 0.28
T 0.3 - 0.23 7 28027 S 0.3 0.23,, 022 022 027
& 0.2 1 : g 02 : T
0.1 A 0.1 1
O T T O T T T 1
C Parametéd Parametelr Parameter C ParameteN ParameteA Parameter N/(1-C)
Fi gA2Re s udlf@aswr ons ki eStt uadly. 2(b2 mibAGgAGIsn end dfed oinl ef t ) ar
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algorithm (right). Error bars represer

Table A2. Test of differences in cognitive load with the CNI model and CAN algoriti@awronski et

al . (Sudgzb) 6s
Conclusion
Parameters Results Results Parameters
contrast
aG%(1) =2.08p t(192) = 1.45p
C =.149, identical =.149,d= C
d=0.209 0.209
aG2(1) = 0.05 t(192) = 0.
CNI @) P L (192) =0.09p CAN
= .826, identical =.927d= .
Model Algorithm
d=0.032 0.013
aG(1) = 13.77p t(192) = 2.97p
I <.001, identical =.003,d= A
d=0.535 0.428
Reanal yGawr wriski etudy. 362017) 06s
OJudgment @Action OJudgment @Action
1 - 1 -
£ 09+ @ 0.9
e 0.8 A g 0.8
E 0.7 4 0.61 = 0.7 -
= 8-2: 0. W 0.6 A 0.52
T g4 0833 £ 051 44 0,39
£ ] 25 £ 0.4 1 0.31 33
g 031 0. = 25 25
8 021 =037 0.20 '
0.1 o 0.2 1
0 . . . 0.1 -
C N | 0 . . . .

ParameterParameterParameter C ParameteN ParameteA Parameter N/(1-C)

Fi gABRe s ulGtaswwr @fn s ki
algorithm

eStt uadly. 3(a2 mibACNGIsn end dEt ofnl ef t ) an
(right). Error bars represer

Table A3. Tests of differences in questibaming with the CNI modeand CAN algorithm in

Gawronski eStudy8& . (2017) 06s
Conclusion
Parameters Results Results Parameters
contrast
aGy(1) = 2.44p t(184) = 1.39p
C =.118, identical =.168,d= C
d=0.230 0.203
&52(1) = 3.31, t(184) = 1.47
CNI @ P basically (184) P CAN
=.069, ) : =.144d= )
Model identical Algorithm
d=0.268 0.013
aG?(1) = 35.18p t(184) =4.43p
I < .001, identical <.001,d= A
d=0.713 0.650
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Reanal yses of GawfilStiondki3ket al. (2017) 06s
OJudgment @Action OJudgment @Action
11 1 A
© 0.9 A Q 0.9 -
© ©
£ 28] E 2%
n Y1 17 -7
o6 0.58 06 053
T 05 - 0.4 S 051 45
(O] (O]
£ 0.4 0.32 £ 04 0.32
© 0.3 0.2822 23 S 034023 022 0-2417 22
& 02 g 02 '
0.1 1 0.1
O T T 1 O T T T 1
C Parametéd Parameter Parameter C Parametéd Parametek Parameter N/(1-C)

Fi gA4Re s ulGtasvr wfns ki  eStt uadly. 3(b2 (ibGRbisn end dfed ol ef t ) ar
algorithm (right). Error bars represer

Table A4. Tesof differences in questieframing with the CNI model and CAN algorithm in
Gawronski eStudyd8b . (2017) 6s

Conclusion
Parameters Results Results Parameters
contrast
aG%(1) = 0.09p t(187) = 0.36p
C =.767, identical =.721d= C
d=0.043 0.052
aG%(1) = 6.15, t(187) = 1.46
NI 1) p _ (187) p CAN
=.013, discrepant =.147,d= N )
Model Algorithm
d=0.363 0.212
aG%(1) = 29.50p t(187) = 4.62p
I <.001, identical <.001,d= A
d=0.799 0.673
Reanal yGawr wrfski etudy. 462017) 6s
OLow Psychopathy @High Psychopathy OLow Psychopathy mHigh Psychopathy
1 - 1 -
@ 0.9 A @ 0.9 -
@© ©
£ 28] E 0%
il 06 - 0853 D 06 - ,
T 05 - T 05 - 0.460.48
g 0.4 1 g 0.4 4
E 0.3 - 0.20"3.20 0.25 E 0.3 - 0.2&20 0.19 0.25
& 021 12 g 0.2- 10 12
0.1 - 0.1 A ’—I—T—I—‘
O T T 1 O T T T 1
C Parametéd Parametelr Parameter C ParameteN ParameteA Parameter N/(1-C)

Fi gABSRe sudf@aswr ons ki eStt uadly b t4@2 0 £ BG:Nbls oo d e | (left) an
algorithm (right). Error bars represer
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Table A5. Test of psychopathy differences with the CNI model and &gbtithm inGawronski et

al ( 2dyuy ) 6 s
Conclusion
Parameters Results Results Parameters
contrast
aGy(1) =2.77p t(182) = 1.56p
C =.096, discrepant =.121d= C
d=0.247 0.230
aG2(1) =12.35 t(182) =1.89
CNI @ P basically (182) P CAN
<.001, . . =.060,d = .
Model identical Algorithm
d=0.521 0.279
aG%(1) =3.15p 1(182) = 1.22p
I =.076, discrepant =.223,d= A
d=0.262 0.180
Reanal yses of GawilStonmdkidet al (2017) 6s

OLow Psychopathy @mHigh Psychopathy

1 -
Q 0.9 A
< 0.8 -
e
= 077 0.59
4 0.6 1 .53
@ 997 0.36
© 047 457
g 034 =
= 0.2 .13
O 0.1 .00
O T I T 1
-0.1- C N | Parameter

Parameter Parameter

Fi gABRe sudf@aswr ons ki

algorithm

OLow Psychopathy mHigh Psychopathy

1 -
0.9 A
0.8 1
0.7 A
0.6 A
0.5 A

0.36
0.4
03] 027 0.27
0.2 A 13
0.1 -0.01 -0.01
0 T % T L 1

-0.1 4C ParameteN ParameteA Parameter N/(1-C)

Parameter Estimate

eStt uadly.b t4@2 O £ HENbls ano d e |
(right). Error bars

(left)

Table A6. Test of psychopathy differences with the CNI model and CAN algorit@avimonski et al.
( 2 0 1Studyddb

Conclusion

Parameters Results Results Parameters
contrast
aG%(1) = 23.13p t(196) = 4.40p
C < .001, identical <.001,d= C
d=0.695 0.629
5 t(196) = 6.12p
CNI aG(1) = 111.80p . . CAN
identical <.001,d= i
Model <.001,d=1.48 Algorithm
0.875
aG?(1) =8.90p t(196) = 1.28p
I =.003, discrepant =.202,d= A
d=0.406 0.183

ar

represer

4 evenewassitgns f<iOc@®m)Y, (suggesti negvawiiclnactei cans soufmptt h eo ne. ¢
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Rean al

yses

of

OLow Salience @High Salience

1 -
0.9 A
0.8 A
0.7 A
0.6 A
0.5 A
0.4 A
0.3 A
0.2 A
0.1 A

Parameter Estimate

0.25 0.26

0.520.49

Parameter Estimate

0

Fi gATRe suol@aswr ons ki

C Parametéd Parameter Parameter

eStt
algorithm

GawiStolndyk i S kda

al

(2017)

OLow Salience mHigh Salience

1 -
0.9 1
0.8 -
0.7 A
0.6 -
0.5 A
0.4

031 029, 0.20 022

0.49 0.51

0.25

0.2 A
0.1 A
0

C ParameteN ParameteA Parameter N/(1-C)

uadly.
(right).

S(12a0 1o Mdebhsi nreadd & Ir o(mM ef t )
Error

bar s

0s

0.26

a
represer

Table A7. Test of differences in harm salience with the CNI model and CAN algorit@amvironski et

al.( 2 0 1Studydsda

Conclusion
Parameters Results Results Parameters
contrast
aG%(1) =2.15p t(193) = 1.42p
C =.143, identical =.156,d = C
d=0.211 0.204
t(193) = 0.39
CNI aG%(1) =0.10p i ) (193) P CAN
identical =.696,d = )
Model =.758,d=0.044 Algorithm
0.056
aG%(1) =1.60p t(193) =0.97p
I =.206, identical =.334d= A
d=0.182 0.139
Reanal yses of GawilStondkiSkh al (2017) 6s
OLow Salience @High Salience OLow Salience mHigh Salience
1 - 1 -
@ 0.9 A @ 0.9 -
@© ©
£ 28] E 0%
n U] a VT
W 0.6 A 0.54.51 L0.6 + 0.480.49
% 0.5 4 0.41 % 0.5 - 0.41
g 0.4+ € 0.4 - 0.33
© 034 022 28 © 034 021 .23 28
go2{ =16 S 024 16
0.1 - 0.1 A
O T T 1 O T T T 1
C Parametéd Parametelr Parameter C ParameteN ParameteA Parameter N/(1-C)
Fi gA8Re s udf@aswr ons ki eStt uadly. S(120 la7h@ebhsi nread dIr o(m ef t ) a
algorithm (right). Error bars represer
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Table A8. Test of differences in harm salience with the CNI model and CAN algorit@Gawironski et

al ( Qi1 6 s
Conclusion
Parameters Results Results Parameters
contrast
aG(1) =4.40p t(189) = 2.20p
C =.036, identical =.029,d= C
d=0.305 0.204
t(189) = 2.11
CNI aG?(1) = 15.79p o (189) P CAN
identical =.036,d= .
Model <.001,d=0.580 Algorithm
0.305
aG%(1) =0.97p t(189) = 0.58p
I = .325, identical =.563,d= A
d=10.144 0.084




