— Fukaya, T. (2013). Explanation generation, not
explanation expectancy, improves
metacomprehension accuracy. Metacognition and
learning, 8, 1-18.
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e gammal <-rbind(c(1,0,1),c(0,1,0),c(0,0,2))
e gammal

> gammal <- rbind(c(l1,0,1),c(0,1,0),c(0,0,2))

> gamma

[.11 [-2]1 [.31]
[1,1 1 g 1
(2,1 0 1 0
13,1 0 0 2

> |

Y

* install.packages("PResiduals")
e library(PResiduals)

e GKGamma(gammal) #vy

> GEGamma (gamma)
E=con
[1]1 >

S=dis=
[1] 1

Sgamma
[1] 0.6666667
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 Analysis of Variance (ANOVA)

11

— explanation<-read.csv(“explanation.csv")

— head(explanation)

» head({explanation)

condition priorknowledge accuracy

1 0

WO N s Lh kg
Bl b s e
DD e

0.
. 000
. 714
. 333
. 000
. 000

==~

0oo
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— attach(explanation)
— table(condition) #
— table(priorknowledge)

> table (condition)
condition
i 2 3
13 13 13
> table (priorknowledge)
priorknowledge
0o 1
28 11
> |
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— mean(accuracy) #
— sd(accuracy) #
— tapply(accuracy,condition,mean) #accuracy

— tapply(accuracy,condition,sd) #accuracy

> mean (accuracy)
[1] ©.4577652

> sdiaccuracy)
[1] O0.51EB546

> tapply(accuracy,condition, mean)
1 2 3
0.4578462 0.2406923 D.6747692
> tapply(accuracy,condition, =d)
1 2 3

0.5602635 0.5323622 0.390022914
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— install.packages("psych")
— library(psych)
— describe(accuracy) #

> de=scribe (accuracy)

vars n mean 2d median trimmed mad min max range skew kartosis se
1 1 358 0.48 0.52 0.5 0.51 0.74 -1 1 2 -0.%81 0.74 0.08
15

— describeBy(accuracy,condition) #

» describeBv (accuracy,condition)

group: 1

wvars n mean 2d median trimmed mad min max range sSkew kurtosis ze
1 1 13 0.45 0.56 0.43 0.54 0.42 -1 1 2 -1.12 0.84 0.16
group: 2

vars n mean 2d median trimmed mad min max range sSkew kurtosis =e
1 113 0.24 0.53 a0 0.28 0.64 -1 1 2 -0.51 -0.04 0.15
group: 3

vars n mean 5d median trimmed mad min max range skew kurtosis =15
1 113 0.67 0.39 1 0.71 a a 1 1 -0.45 -1.6 0.11
> |
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— par(mfrow=c(2,2))

— hist(accuracy[condition==1],xlim=c(-1,1))
— hist(accuracy[condition==2],xlim=c(-1,1))
— hist(aciif:uragu\rﬂ[gmqipditior)==3],xlim=c(—1,1))

togram of ac: n == Histogram of accuracy[condition ==
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condition2<-as.factor(condition)

#factor (conditon 1,2,3
)

fit<-aov(accuracy~condition2)
Hfit

summary(fit) #
> summary (Lfit)

DEf S5um 5gq Mean 5g F value FPr(>F)
conditcion P 1,225 0.6124 Z2.901 0.1
Eesiduals S §.9%3 0.2458

“':-\-I 18




bartlett.test(accuracy™~condition2)

> bartlett.test (accuracy~condition?)
Bartlett test of homogeneity of wariances

data: accuracy by conditionZ
Bartlett's E-sguared = 1.6369, df = 2, p-wvalue = 0.4411

[ J

° ,72

* Ip=_ss, > 1.225/(1.225+8.993)
SS, +SS, [1] 0.1198865

o )rpsychi

e library(rpsychi)

(]

ind.oneway(formula = accuracy~condition2,
data=explanation, sig.level=.05, digits=3)

20




> ind.oneway (formula
fanova.takble

55 df
Between (&) 1.225 2
Within 8.993 36
Total 10.218 38

Somnibus.es

etasg etasg.lower etasg.upper

0.120

0.0

Sraw.contrasts

mean.diff

e3 lower

1-2 0.217
1-3 —-0.217
2-3 -0.434
Sztandardized
1-2 0.434 -0
1-3 -0.434 -1
2-3 -0.888 -1
Spower

small medium
0.073 0.252

lower
-0.180
-0.615
-0.832

contras

361 1.
L2259 0.
664 -0.

large
0.572

= accuracy~conditionz , data=explanation, =ig.level=.05

M5 F
0.612 2.451
0.250

i)

0o 0.287

upper std
0.615 0.198

0.181 0.19&
-0.036 0.1%6

[¥3]
[%3
I
0
b
ot
i
[}
(")

ts

upper std Iimﬁﬁﬁm“&\

230 0.392 Hedges ¢

073 0.392
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« ANCOVA(Analysis of Covariance)

(covariate)
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e plot(priorknowledge,accuracy)

* abline(Im(priorknowledge~accuracy))
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— summary(aov(priorknowledge~condition2))
— #
- 2 t

> summary (aov (priorknowledge~condition?) )

Df Sum 5gq Mean 5gq F wvalue Pr(>F)
condition? 2 1.282 0.8410 3.488_0.0412 *
FEesiduals 368 6.615 0.1838

S5ignif. codes: 0O '&&*f 0,001 ***f Q.01 **f 0,05 *." 0.1
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e fit3<-aov (accuracy ~ condition2 *
priorknowledge)

e summary(fit3)

> summary (Eit3)

Df Sum S5g Meanm S5q F walue EBr (>F)
conditionz 2 1.225 0.6124 3.4594 0.042040 =
priorknowledge 1 2.980 2.9802 17.003 0.000237 ##&%
condition2ipriorknowledge 2 0.229 0.13145 0.653 0.526855
REesiduals 33 5.784 0.1753
Signif. codes: O '***f 0,001 **=f 0,01 **f 0,05 *.* 0,1 " 1 31

— Im(accuracy~priorknowledge)
— #

32




— summary(Im(accuracy~priorknowledge))#

> summary (lm(accuracy~priorknowledge)

Call:
Imi{formula = accuracy ~ priorknowledge)
Residuals:

Min 1Q Median 3Q Max

-1.29%92 -0.29%2 0.12%8 0.2008 0.7008

Coefficients:

Estimate S5td. Error t wvalue Pr(>|t]
(Intercept) 0.29918 0.08633 3.466 0.00138 **
priorknowledge 0.56228 0.16255 3.459 0.00138 **

Signif. codes: 0O Y*#%*f 0.001 “#*** Q.01 ‘% 0,05 *.' 0.1 " 1
Residual standard error: 0.4568 on 37 degrees of freedom

Multiple R-squared: 0.2444, kdjusted R-squared: 0.2238
F-sztatistic: 11.97 on 1 and 37 DF, p-value: 0.001381
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e fit2<-aov ( accuracy ~ condition2 +
priorknowledge ) #

e summary(fit2) #

> summary (Eit2)

Df 5um 5q Mean 5g F wvalue Pr (>F)
condition? 2 1.225 0.6124 3.565 0.0389495 =
priorknowledge 1 2.980 2.9802 17.347 0.000193 #=#=

BEe=siduals 35 ®.013 0.1718

Signif. codes: O Y&#*#f 0.001 *=~*f 0.01 *** O0.05 *.7 0.1 * 1
~ |
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* install.packages("effects")
 |library(effects)
o effect("condition2" fit2)

> effect ("conditionZ2™,fit2)

conditiong effect
conditionZ

1 2 3
G.?EET&TE 0.3267418 0.7e08187

> tapplyv{accuracy,condition, mean)
1 2 3
0.4578462 0.2406923 0.67476592

e plot(effect("condition2",fit2))

1.0 7

accuracy

0.2

condition2

36




'—]2

O_t O_A-I- O_c+ O_e

e condition?2 N?%=1.225/(6.013+1.225)=0.169
* priorknowledge N?=2.98/(6.013+2.98)= 0.331
summary (fit2
’ T ]Df Sum 5q Mean 5q F walue Br(>F)
condition? 2 1.225 0.6124 3.565 0.038885 =
priorknowledge 1 2.980 2.9802 17.347 0.000183 ##=
Ee=ziduals 35 w.013 0.1718
;;;nif. codes: 0 “YEEEF 0.001 0.01 0.05 0.1 1

~ |
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* Hp M=M= H3

TukeyHSD
Bonferroni
Holm
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o
— TukeyHSD(fit)
» TukevHSD(fit)
Tukey multiple comparison=s of means
95% family-wise confidence lewvel
Tit: aov(formula = (accuracy ~ conditionz))
sconditionz
diff 1lwr upr p adj
2-1 -0.2171538 -0.69633538 0.2620277 0.5156206
3-1 0.2169231 -0.26225845 0.6961046 0.5163317
3-2 0.434076% -0.04510461 0.9132585 0.0823057
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— 20MFZ—EHEIER
— (F=—EB1 OEK)P=(-1) X, + (0)X; + (1)X;

install.packages(“multcomp”)
#

library(multcomp)

#
contrast<-rbind(“dummy1”=c (-1,0,1), “dummy2” = ¢
(0;_111) )
> Ccontrastc
contrast [,1] [,2] [,3]

dummyl -1 0 1
d'J.}'rIr.yE 0 -1 1
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summary(glht(fit2, linfct= mcp (condition2 =

contrast)))
> summary (glht (fit2,linfct= mcp (conditionZ=contrast)))
Simultaneons Tests for General Linear Hypotheses

Multiple Comparisons of Means: User-defined Contrasts

Fit: aov(formula = accuracy ~ conditionZ + priorknowledge)

Linear Hypotheses:
Eztimate 5td. Error t wvalue Pr(>|t])

dummyl == 0 0.4751 0.1740 2.73 0.0186 *

dummy2 == 0 0.4341 0.16268 2.87 0.0216 *

Signif. codes: 0 ‘e&&r 0.001 “#*%f 0,01 *=Ff Q0.05 " 0.1 * Ff 1
(Adju=sted p walues reported —- single-step method) 43

e X HPITCOZELROVRES. 9EL
SiréRRIZEHTES
- 1EHDHBERITOIRE.
] TEDE
e T —LSh EERS

— dummyl: 0.4751/sqrt{0.1718)=1.15
— dummy2: 0.4341/sqrt{0.1718)=1.05
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compute.es

install.packages("compute.es")
library(compute.es)

d

. 1
— mes2(0.7608187, 0.2857472, sqrt(0.1718), 13, 13)
J 2
— mes2(0.7608187, 0.3267418, sqrt(0.1718), 13, 13)
* mes2(a ,b ,
,a b
)
com pute.es
* mes2 cohen’s d
— d ( )
—nl<-13
—n2<-13

— mes2(0.7608187, 0.2857472,

sqrt(0.1718*((n1+n2-2)/(n1+n2))), n1, n2)

— mes2(0.7608187, 0.3267418,

sqrt(O.1718*((n1+r~T2—2)/(n1+n2))), nl, n2)

_ Nl —1)SP1Z + +(n2 - 1}SBZ  f(ml — 1)SD12 + +(n2Z — 1)5D22

vnl +n2

L
Vil +nZ -2 '“d*xJ

nl +n2

nl+n2—2

d=

FIEOE

nl4+n2 —=Z
JMSEF nl +n2




compute.es

e Compute.es
— Cohen d Hedges g
— Hedges g Hedges g

> mes2 (0.7608187, 0.2857472, sgrt(0.1718), 13, 13)
Mean Differences ES:

d [ 95 #CI] =_1.15 [ 0.27 , 2.02 ]
var(d) = 0.18

p-value (d) = 0.01

U3(d) = 87.41 %

CLES5(d) = 79.12 %

Cliff's Delta = 0.58

g [ 95 3CI] = 1.11 [ 0.26 , 1.96 ]
wvar({g) = 0.17

p-value(g) = 0.01

T3(g) = Be.65 %

CLES(g) = 78.37 % 47
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