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2 AFAEANA 2Nk e HHoR doh AT Aedh BoplA JPd =9

& Z 2 ¥(true model)o] ofy} FAM . H(approximating model)o]™, 2) B|oJE] =7]7
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(machine learning) H-oFol| A x|els
A= FH(training) FA ) =Z5A] & e

(generalization or prediction error)Z —’F%ﬂ%‘ii*ﬁ B2YS AAsk=d, o= ﬂ]%k HEIS} Eopl A SRR
Aol BUx FAHEQ FAF Qxoverall discrepancy)S FAHTFOEHN BEL AAs|of vt ot
S Asgnt B =R F A 4L, o3 2y 19| 9 rﬂa ol wgoz, A
Holol A Zo]z dlo|Eldl] that “HA BA wao] Xl 72 Hoverfitting) FA9F 1 |2
w=olsle o Ytk E3), 714 S5 BokA 718 g ARRE I glow, A Algd REoliax
FE =97 Ho]&Mosier, 1951) MAEFFA Y5 R (cross-validation) S dWks} Qate] FHTFo|gh=
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2 MEF AE F3 ob)
st Aubol| A EA A FE(statistical inference)
o] o]FoX= HAHL 1) ¥ A A (model
specification), 2) E8 2] FA(model estimation),
3) 28 H7Hmodel assessment)) 5 o}-E=
2¥-3= F4(model-building process) 22 Q&
oFe 4= QJtHChatfield, 1995). ©]z{dF w3+
% Bge PEIRA

dz so] dustd g=3 2.

& (structural equation

modeling)&

EAN #E0| 25

TEYFAEY S A3t ATFAES 4
2 FANE E& 295 7He] #A(H: A
g, nAg, wil, 22 34 5HE ol&stne
At d Bl Aok

2437 faiMe a9l A
Helel: Bt 2E
ojg Fx B Tl digt FAA 7MY,
Mg, 895 7He] B4, ME £3
29 2 7e} Ao} 744
w2 e, 2 ](equations) 83 \)A
B2 mEo] ®Alsof gtk
olglgt #4, &, &5 W Fx9 HA
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238 A Z(model checking)o]tilx 3Fc}.
Zo4 2329 Y (modeling)o] 2 &
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o 1 o rlo

gAstetae Fev

2
=

T+ F2Zbu]E(parameter)
g 7/hter o #gE
g3 B, = Fox
48 stetolg

A]
o e FAste e B FH(model

g2 HE FA4 5= W (estimation method)
dutzo s pFE dHolHet By e E
A& AHost= ¢4 F<4(oss function)E A

A S AR A
H] £3}+
negative

o) g3}

i mlru i; m{
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.
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she g selE F47
Ax} 991 7+ ArIfactor correlations), 891

7 2 A9 (path  coefficient) 5ol 3+ FHX]
o

o2
L
e
2

4) & 7¥o] AHsKmodel fitting)o]etl FEH, B
Aadxe AYgAE] oFlE w1, EES8
A =g FAEA w7] sl B4F FA

Fe 24s gtk
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A4 2y Hrio sl gkt HHS HE AE Y7 (eplication crisis) =] FA] o
T3 2 ke AAE  ded, 89E A dlew, a2 A9l sjAAs oeks 4
Ay} FxHA 2 2o ARWels =Astn  TolA RSt ohKlein et al, 2014; 2018;
HAAE EXsl= EopAE FE RMSEA, Simmons et al. 2011). ¥ =& HAE, A

CFl, TLI, SRMR 59 A% A (goodness-of- & A2, dA 429

fit index)S AR} (Hu & Bender, 1999), 2]  ¥F(thorough) Tl|o]E B4 ooz 7133}

AZ EAAE AIC, BIC 59 AR AFE 1 B2 AFdA AYsta e A4 F&

ARgSE B30l AtHNylund et al, 2007). 3] AxF A AF A7IE U A F s

A BEHgME 32 R? mE 2 Fadjused 2 T JHE ITLubke & Campbel, 2016)°]
KN

R*& AHg-3it. T ol fick

Aejgtolghe gt EokollA HlolH el 43 w =olMe A A As Eokst 7]
W EAF BA, 2 Ave U@ BAF 22 A IF 2okl Ad £ d Sk PES
o] AAsh= A v 2 g 43 371 4

o wmrp gu amr =7 APHFGE B
=

B g5t 9] AL upd wzx), ohersk A= ARSAEClA AAjstauAt Ik olE
% 9 13 EA B¥S ujoq, B4 24 oo @A B2 AsAsc] Agsia =
AZEON BEE AAs T 2Rsp= w  BAT HolH 248 T A4 FE

q
W a9y 2y = = opup EF F7Fe] 3 HlSo] Folo] Aol
Z(model-building) T4 Auke] i) AARS  CTEA WA = ASA =efstarAt gk
FES wen tdzy FEs AA HEL
p-value, AFE7E a3 37], ¥F o3 BY
ol

7A Sl Aol 27

fr

A4z voly B4 Eejd ¥4
=]

ofe] s ool q ul-vo]El e} 7]

3}

o

(o
1o B

—

6 oF B Aol O A3 EelSAA,
AR dolEl B4 BN ARl

4o} And] Fedelr|E ekn BEd. ol

dolt, vl <& Algnel P53 A ol

B &7] S8l B%E BF AYE AFAVEA B4

& o4z 54 AFAL ohd A AxR e AR Bee das Agsad.

=4 golE BAT EAH 22 3¢ o3 A, “AAF Holy EAold, EAHOR

THL J)70] FUsts Ao] o=} T3 AAE A Auet 2y AJ=E

Eol7] I3 BHow oz Yol S ol

) ] A TR BAS L] MEGl] wui

Aeleh ApAsel ol :=Hel HIFCl sy gaas pase wae AR 96
JAA A%, 28 QAR AlEEe A8k



A= elo] ohchKim,
2019). 71A 8ts5 Eoko A9 &5 (learning)
olgt, A%E Z2awdo] Fojd A &
Bl d HR3F 7 (experience)= T3] 1
A S (petformance)©] A FHE= AL w|dict
(Mitchell, 1997). ZAFE] Z2 1o <53}
HAtask)®] FFE vl chFSE, tEA
2 - (classification) 9} o] S(regression) 4]
S QAEAAAE S 4% FAolth
A ¥ S(machine translation)o]y} 418 7=
7] " Al(fraud detection) 59 IAZ FHE
Aoir GA A = de NASE FA o)
o} sy oA Z2 e FolR HlolH
M| E(dataset)ol] FZ1 Abel] S(examples) S 733
(experience)3HT}. ol 2] AlE| S tidk A
E3) dolg HNEE MAS 35 B

w0 > N M ojo

tlo ot

sl 7 3 (data
generating probability distribution)S 74
A BA 5 5Ee gae Here
SEEES

S BRIN 2SR e dE B
Zo Tl w2 2 == 3
= AHY 8o Wl A= Sh(supervised
learning)¥} H] A% S<f(unsupervised learning) O
2 Ul Bk AT o PR 9
Aol wtet do wietHo s AdshA FEH
71 olger, 44 457 gt o

W, ] EA(clustering) & FAE
=
=

s o [ oox
o

[
o=
o,
o,
ke
(¢}

(principle component analysis) 52 H|X]|
8] 3] EA(regression analysis)> X & S}
$ol o7t @ & glovt, FAE 8T B4
(principle component regression analysis) &< T
F7e o] B A9E ¥ + Ak
ZIA St ZEIaY 4T Wk e
SN AE BHHA FAE A2 Al

(previously unseen dataset)S Ao 2 A dYsl=

g Aotk FATo] W%

FH ZEIfo] SgS e Fdd
olsstA] e AEd AFAES el # =
FoME AFEH TEaY 5o dugSo|z}
= £9] A, 35 & (probability model) =
< 94 Ed(modelo]gh= &0]5 AHEE}]
2 3tk o5 &olol gt AL FENS
B =59 =AM Hojuyr] o] Fd3
oulg AU o= 7F8ka, st A7
AEdA 74 ssittal Add gE 2y

o mEbd 2RSS A TR
=

aFES AA &3 BY, dE
AEA ®

99 24 2yl 2984 28, ZAA)
29 To PR B3 Foz 153
A B Ropld AYHE g ofals)

E oY mgol Helg Aza.

7 BT QRE PEE Ak SAE Te 220
£ FsE £ Soth
https://machinelearningmastery.com/difference-between-a

lgorithm-and-model-in-machine-learning/
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OEHE! / & ilO[Ef2t 7| A 3f52f At alefsh 7 2ol Eot

714l St Boroll X 2y Hr):

aii

[0

A1}

Qursl ool i 9 Felol waw,

=)}
QJursl o} 28 M7} vol x5t *H & Aol B
o] 4TE, FAHE RIoZHEH =¥ A
M, 71 sk R s B7Kessessment)  Fl7p @S 2a-sER S, M
E g FAHAME APsA EUdd AR BRE Q2 AlEEERE Jde 2138849 U
= AHEIE e R Fdstal AFEET. & sjugke pgozs Uusl 90 ke
o= 7P Shwel AL NS AR g 4 g ag. 241 mgozyy A
23 Agsts Aol WEolth AW oo gz do a8 A|ugle] =os
(generalization) & =& o] Al F(performance)©] 8} 2 guisl o3} eé;( = wolxi, 1 uhy 9]
& HAGNA APHA £ A2 Ak ol 7} Ao ol 93 (ki ol wok o
A ol Amet §@ & drkHastie, O T 0 X SRR
et ol, 2009 BB AW HE(biliy co A7 o4y JRe TR R k=1,2,3)%
generalize) &= duksl @ ]—(generahzation errorn) S Wdez Aes wudod, o T I
g3t AT = Ak AW Adleamply T 7P RS S 35 24
o] Weeno 2 o]2ol7l oy AE= p, = A%shE Aol M AEA Seh
kA &g 233 seeEE 44 M9
0, KA ZE EZYPORFH Holg AE 2¥o] AA"W FuEE 2PAGE AL o
DE #3% F55 p(Dh,,M,) ek 344, nat, 657} 249 seuee e o
Mo} dubsh @Ak ofdfsh 2ol AR F g 2o 22y wye 2PATE Ao 7
AT o] dlolE X& 7oz mde AA® u

4714 X9k Y 9T GHEX fERH
de M2 EY-A F HES dolHE Yeh
w9, 0¥ F& A E(raining seoghyl F2E

E3E A {2y ...z} E 7IRCE F
d 289 Mo g e e

8) AEsHAl AYshd, X Ye A= 5HoH
L fa 2= 38 WS (random variable)
e AR 549 oalE F7] Y3l &

W] AAgEOH)oR HFEa =g A
335

A

9 A7 ZEE FATT= e, X

i
N

JHto g
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ZHr]E Q1 Q VA (factor loading)9} 74 2 Al <(path
Aok 2e grlse, ol
WgFe #4942 2 a9 AFE ek

o
IS
g
a
2
ojf
o
X

19kel QA= o= Q@ XH(prediction error) S

=
Al @ ZHtest erronTAE H-Ech Iukzl oz}

£ A o wi=A 23-3F 55 AR
oF 3= A& ofum, A2 Atdlel wist #F
# BF 7k FAZE Alo]9 AfolE o]83te
oll: zFol9] AF ZL zbolo Aok T) Uk
3} QA5 B = Utk 2, B =7
Ae AEE Ao 714 Bo| AL 9=
2y 34 Rl Hdlvss FAHT A4
ol #o] Y& ZI-FE F42 ALt o
sl QA5 Hostth. AR o] 2(information

theory) Eoto A= o]FA AHoj® Yuksl o=}

= w2} E Z J(cross-entropy) 2}l 20}



59 2 AF Jeig Ropol A
23 P7k A8 oF

CEEEE L i
(mathematical & quantitative psychology) #OFS
FHoE Ais l5d REe AHa] 9
g FAZ 71 vhdell tigk =97t L
B 28 = AtHZucchini, 2000; Cudeck & Henly,

A A

1991; MacCallum & Tucker, 1991; Linhart &
Zucchini, 1986). ¥ A A= 8 2 A
Ag)E BoloA A" =98 st 7]

A e okl el gofsh ulmste] At
ik

oA

A=, &2

02

AR

o2

wA, HelHE AAY &8 E¥E(daa

generating probability ~distribution) &
% 4 glow, of W g, HE
A2}olElE e, @ R
(true distribution) 2-& ZFE 8 (true model)©]
S gol oA HolHE 44T 48 BES
Aol Agsiel. @
71A ShgellA Bk ohyel Aelek EofellA
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o
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=
(=]
o

oA oo
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o
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)

frtl
oY Y

o

jﬂ, -

T golEE AAE FET To ApFe =
Aale AL o FAE Fdste ¥ Uutg
o] JET 1 AADE W& a3t o T}
A & 4 ok dAgHE FrIdLe o
e A /I uﬂ%oﬂ TRI H=
A

o
(approximating mode)o]gtal HEH, LHA|
AL 2L g.(0,)F UER S 9tk

?z_]i](overall discrepancy, OD)Z}=
Moz Eolgel G0 24 2 g, (6,)9

0 23 gk;(éi;()

o] FEXE fERE e AEL At AE

e wulgolzd A

(Kullback-Leibler distance; ©|3} K-L #Z)2E
olg3lel Bela olelst .

h<
=
>
[3:
o
rir
oX
olr

Ay (0,07) = Ey{logf (Y, 6,)IX}

7EY{loggk( Y, ékx) |X}

12) E49-g}o] B8] rKKullback-Leibler divergence)]
gus ok
13) Ey{logf(V;0)lx}= FHExe o3 AF o]
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(

S

=1,2,.,K) FoM FAH ELA
x(0,00)7F 7P e mES s

Aol 7V gl Hele & 4 otk

Fe/AF A Boplde FA4 B
X7} Al ZAF L ZHerror of approximation)
9} A Q ZHerror due to estimation) T F-E
o2 d & dve Aol & 4#A Aot
(Bozdogan, 2000; Cudeck & Henly, 1991; Browne
& Cudeck, 1989). 714 85 Hofd <3 =
A 95 ARRE A, 24 249}
24 oA 27 WF 2As 24 oA
HeRE e oldld 4 Arkchug «
al., 1996; Arlot et al. 2001).

AA AL AT xhe FREe}
A R 294 RS depdth ve
FRIARY fE w2 8 W5, 0
FREFARY 5 ARAE FAHvH, g,
E 0,2 BEvHZ z2he pWA AR

(approximaing modeDo]2}al & w, g, 9} f<]
YA A== KL 7gE ol&sto] ol
2ol 3849 & Utk

A(0,,0,) = Ey{logf(Y.6,)}

— Ey{logg,(Y.6,)}

d71A 0,5 FEEGY AYE Hig

= A} (constant) o] B2
(

L2
)
N
X
£

approximation) 2, &7 5

Aol W& Q Zbias erronZ B = Aol 9l
o fellA Fojd A eabe A dol #®
S 7K, A B2¥3 F 2] dX|(¢17]
Me 0, =08 A5t 0o #e 7HE

5, ZE9 A7t AXGA X FAF 23k
7b FOlEE A& oflthh. A} oA &
Ak oxe= W} B f-d3 2359

Herror due to estimation)=

o
otelst 2ol ol % 9k

14) FEEAL] Lokl Asd ESxoA ¢ s
3t RMSEAZHE A|527} A 31 o 7]t
3} R AT X|4=0]tHBrowne & Cudeck, 1993).
RMSEAT root mean squared error of approximation
o] ofARQld], &7]ollA error of approximation®]
uhg 24 0RE Tl

15) 2389 EZAX(model complexity) =
(flexibility)’s ThFeF WA o2 Ho=
71 A ol ld & e e, E¥el A%
® getelE e 7 o g1 HAE BAE vt
Am ME ABe] 555 Y9 E1=7
AA= ALE A J3THBozdogan, 2000; Preacher,
20006).

il
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= EY{lOggk( Y, 914))}

7EY{IOggk( Y, ékX”X}

SEREE
=3 2 9] —;5H HL,\(})}@}.
oJu|E wrgste] /A A
g eAapela FE2v, 74
t&5 Holo| Aol Bl Q@ X(variance error)ol] T
+ 7Nd o] tHChung et al, 1996; Arlot et
al., 2010).
Qe ATAEO] ALsshe Ry 2
A Fd ME X={z,29...,2, } ¥ 7
7t ARGEE 01 0,0 2RI 71

¥
7]

=2
=
:O.L_"
Calass
ottt S
= W
H—IN_Q,O_L,
[0033—551-0
o,
A R R

E
L
i)
o,
to B
L oX, O

i) N
o -y i mx N
o g A o
=d or
ML %
¥o 2 O Eoji o o X 9 M o

16) YA F4 Hconsistent estimator) 7} o]kl dhch

Hol&

oX,
olf
tlo

7Hth ol FE A
(), .., 2, } B 72 A8 24} 2
2R F4 Yoled 23 g 22
2G5 olgd ol Lo A £
At

il

7IA g EokllMe &
agja F/AY Adst

oA HE EYX|(sample discrepancy)2}
9]

9 XKtraining  error),

FY/AF A okl A AgHo] & =
oo wEw, TR 2Yx & Fd oxp}
ol et FAA At /Mg e BES A3
st Ao vigAsitts e 4A ol 4
Atk FE BYA7E ¢ Fe 2ol 3
A FAH BYA 9 O dre B3 ¢l
o FAH BYAE AP LAy ohe),
F4 23t YFiME JFE whedH|, B0
BRAAFE 24 Laks EAAEAW 4
QA= AXE Aol Ao F2A E¥S o
B gtes A FAE Q35 Eole
b Tl HA gk webs], ZAF LApe}
4 229 #¥S %E F e FHE F
Fo] BRALE 7MW B¥S APshs Aol 2
T FAH BYAE FHAE  de ol
o} oj9} e 2y ﬁzﬂ AL 71A S5 B
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OEHE! / & CllOJEf2L 7|H 3f52f At &2lsh A7 28| Hot #AInt S

Aeet gorel «EAY
dolel £4¢ $F FAH FE

SPSS, Mplus, R/RStudio, Jamovi )02 Tj-&%F
Aget B RS o w Rd G5 7
AL Agstar A& APE 5 A HA
ot 2d-5 3o fHestal A&t
Aol Fat7] oHe FAE S F Ue
U, ol A Hlstd a¥A HAt= %
ojtt. AegAE AT vig & g 23
2]-HAkscree-tes) S AFSFAY  Catell(1966)-
Ao =Fel A “wjof zteo] 2l A
“ood Eet e B AES Wen =9

Qe ook 2021do] whlAZ AgT

=
= L
A= dAl, Ast A7 WMo 2o &
o] AL AAEHE H SFHE A =Y
S AZE BEogd, g 27 ARestka 9l
< AFHY AXteEd 54 z2ae #A
S GA vlFo] JFE E 4 Ao

s 59, FES A HFES o=
AAEE g BN A9E V|RE FR o=
HES 38 Yo, o852 ez vl &

At 45 A8 U T4 B4E A0
AL Holx EA AZEY 0] A ARE
de dee 28 oW AlFte] a3dkA| &
ot o] FHAHA o)A Fhoucliers; Lee et al.,

2015; Bollen & Arminger, 1991; Yuan & Zhong,
2008)0| 1} A Z=X](missing values; Lee & Shi,
2021; Enders & Mansolf, 2018)E ZA3] #|g
&5 AR ANSAY dF 89 AR

(Dempster et al., 1977) 5 79 HFEE9
Al 2ZEYod FRPe=H TAZ
Aoy 7 S Ad Aleg LRz
-7} % 4 ¥H(maximum likelihood estimation)
= A AR A HdT S F2
34 Wiow 2ea HAosbsE 24
Agatel 2ol AR ol T %
2 Sl dlolel Sl MeE el

ol
ol
g R

N

17) 9 = & (flexible termination rule)o] 2} %
£ ool e 9% SASAAE AE

= i
ToEA) ez B sksAe] sleu

Holg 4 Bgelq ge z7le) 9% A
43 2} $AHCE folsddE v

B 45 FHeiMe ekdn) oy e
& =

2 £ a7 4A
Qvoln, £4 AN P& AR HolHE
#2498t 2 Iinterim data analysis)7} S A 02
fFofsielets, $30] grEo A A Hel
HE $4T 2% 94 wEA SA4OE §9
st BAS ¢l7] ufFo]thSimmons et al,
2011).
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oAl Hrke  Sle “EA
(thorough) B|O]E] A }AS Aldala Hi

sHA P = A H A

HE

ofefd “HA Holy w4 Ao A&
Sl ABE F e 870 FEFEA F

A= HL/%]%]'H] F A}t =, HARKing!8(Kerr,
1988), S p-hacking(Wasserstein, et al., 2019),
33 QRP(questionable research practice;
Simmons et al, 2011; Wiggins & Christopherson,
2019) o2 g FAxE SA 24 B
ol nAHT A | E 277 2N 59
2Ag0] Z7eA Hedeh 2R, 747
o2 o A} o LASEA U ol
7b Basty, sfd weke leAd W =

o= Fasity v AN e Hd 23-

o

T FPHE FHoE oo UE o

18) Hypothesizing after rescarch results are known®] ©F
X}i/ﬂ Folzl dloleel| gk &2 £A 2
ol grao] Aefo] AT 7HES FAHAY A

2L 7S A de AS HREer 97

= golojtt. A= olFA ARE TNew
=23 7Md(data-driven hypothesis)S v}x] o] 23
02 TZH 7Md(theory-driven hypothesis)?] ]
o oEe AollA T

ol V2wl AHET e AFs i F
o Surt Aol 2aAlsE FAHelT. ¥
i 2a7bsE 8% Folxl volHd ¥
e A X = {z, ...z, }7} 24 273
§9 AUsshe Te WYz 29 2198
(negative log-probability) S HALi sl e I
gy A2 2Astar, ol 23 =¥
< Hrkske Wolth ol#EA A2 FAHAE

AW ZI-7}eE F4 X](maximum likelihood
estimate; MLE)&}1l F-21 ofge} Zo] #7]
& 4 Stk

g mie) = argmin{ - % E {logp(z,10), ]Wk)}}
i=1

ol 29 ZaslsE HAZ S oyl

o] 71 4 gtk
"L ( 1 - ~ mie

syt = — EZ{lng(%W;c Z‘),M,‘;)}

% s oA melaldd dutsl o1}
fEe A BIA A 0,079 2,
Fo7 "oy {z,...z,} 5 7|¥ez F4
" M7 A {zy ., follA Bole s
2 Yehls A2 ¥ 4 Ao & sE
#4892l s HPIN R Aol
H Hole A5g FAEW, A s o}
o A 9 Acuining eon, AF el Bo}
9] FE EAX|(sample discrepancy)S 7] 7)<
AYdS & F Utk weps, Jdl 237 %
FAWHE, GRkst oA} oy}, T eAE
Hastele FHHelE & 4 Aot
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gk Aol 7] wjEoltt

FojA Al o Tt EA5t= ‘—o]zy};q &}
Foozd Mz AHI7E FoHE o
o 5ol o88 sgete RS I
(overfitting)o| 2} dhc}. & Z3shd, o
gol S HAoIN BT AdlE A
b AUXA HEste] g wao) A9
o] A2 Akolle guksle ] Xsh=
HA3 A (overfitting  problem)7} WA 3
ok F A 28 M Mol e,
5, < 5,01 A0 ek > %S AL M, e #HF

3+ & &(overfitted model) 0.2 ]3| & 4 Ut

_lZi m

r_%

S SR o xS T

T ooy ooz o

st QA T 04 1 ol WAk
AR FEAAE A Y £ A

H(ability to generalize)®] 55 AHE H|ZET
= 2ol RS F Aok 7] HEEddA
0 HSE Y Aol A A 5

HAHolA 73
El (pattern) —‘9}%
2 Ab Rk %Xﬂé}

properties)7}A] B

)e
_‘T_Oli(nome)i/\i, sk Alglel o
, & wo|Z/A WrlEhe A

W fo Koo 30 & KR K O§2 ox
o o H o Mo o rok rfr mlﬂ
oy Ay ) £ ot
por W R > o om g
LU T
I o
- g0
to S 4o [z & |
oo g 2
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Principles and methods for model assessment in psychological

research in the era of big-data and machine learning

Taehun Lee
Department of Psychology, Chung-Ang University

The objective of the present article is to explain principles of estimation and assessment for statistical models in
psychological research. The principles have indeed been actively discussed over the past few decades in the field
of mathematical and quantitative psychology. The essence of the discussion is as follows: 1) candidate models
are to be considered not the true model but approximating models, 2) discrepancy between a candidate model
and the true model will not disappear even in the population, and therefore 3) it would be best to select the
approximating model exhibiting the smallest discrepancy with the true model. The discrepancy between the true
model and a candidate model estimated in the sample has been referred to as overall discrepancy in
quantitative psychology. In the field of machine learning, models are assessed in light of the extent to which
performance of a model is generalizable to the new unseen samples, without being limited to the training
samples. In machine learning, a model ’s ability to generalize is referred to as the generalization error or
prediction error. The present article elucidates the point that the principle of model assessment based on overall
discrepancy advocated in quantitative psychology is identical to the model assessment principle based on
generalization/prediction error firmly adopted in machine learning. Another objective of the present article is to
help readers appreciate the fact that questionable data analytic practices widely tolerated in psychology, such as
HARKing (Kerr, 1998) and QRP (Simmons et al., 2011), have been likely causes of the problem known as
overfitting in individual studies, which in turn, have collectively resulted in the recent debates over replication
crisis in psychology. As a remedy against the questionable practices, this article reintroduces cross-validation
methods, whose initial discussion dates back at least to the 1950s in psychology (Mosier, 1951), by couching

them in terms of estimators of the generalization/prediction error in the hope of reducing the overfitting

problems in psychological research.
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