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Appendix C: Mind Map “The Sun” in Dutch
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Appendix D: Mind Map “Sea Otters” in Dutch
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Appendix E: Group Comparisons
	
	
	L1 group
	L2 group
	Test-statistic
	p
	p adjusted

	Welch two-sample t-tests
	Age
	20.04 (1.89)
	20.01(2.15)
	t(97.248) = -0.093
	.926
	> .999

	
	LexTALE L1
	87.86 (7.83)
	87.80 (7.59)
	t(97.489) = 0.038
	.970
	> .999

	
	LexTALE L2
	73.70 (11.46)
	73.62 (11.26)
	t(97.665) = 0.035
	.972
	> .999

	Wilcoxon rank sum tests
	Prior knowledge
	2.24 (1.48)
	1.95 (1.42)
	W = 5668.0
	.077
	> .999

	
	Difficulty (content)
	3.49 (1.45)
	3.77 (1.38)
	W = 4417.0
	.148
	> .999

	
	Difficulty (structure)
	2.89 (1.36)
	3.16 (1.26)
	W = 4360.5
	.109
	> .999

	
	Interest
	4.88 (1.33)
	4.60 (1.50)
	W = 5378.0
	.342
	> .999

	
	Motivation
	5.47 (1.12)
	5.44 (1.30)
	W = 5036.5
	.921
	> .999

	
	Estimated performance
	4.46 (1.09)
	4.11 (0.95)
	W = 5993.5
	.010
	.162



[bookmark: _Toc520970119]

Appendix F: Text Comparisons
	
	
	The Sun
	Sea Otters
	Test-statistic
	p
	p adjusted

	Welch two-sample t-tests
	Test Score
	17.01 (4.40)
	14.37 (3.81)
	t(99) = 7.22
	< .001
	< .001

	Wilcoxon signed-rank tests
	Prior knowledge
	2.55 (1.65)
	1.63 (1.06)
	V = 1617.5
	< .001
	< .001

	
	Difficulty (content)
	3.93 (1.42)
	3.33 (1.35)
	V = 2153.5
	< .001
	.012

	
	Difficulty (structure)
	3.02 (1.33)
	3.03 (1.31)
	V = 1272.0
	.812
	> .999

	
	Interest
	4.92 (1.40)
	4.55 (1.42)
	V = 1514.5
	.034
	.538

	
	Motivation
	5.50 (1.23)
	5.41 (1.21)
	V = 307.5
	.203
	> .999

	
	Estimated performance
	4.29 (1.05)
	4.27 (1.02)
	V = 786.0
	.892
	> .999
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Appendix G: Generalised mixed effect modelling

Model without covariates, as reported in the manuscript
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Model with covariates
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Table 4. Generalised Mixed Effects Model: output fixed effects
	
	Estimate
	SE
	z-value
	p-value

	(Intercept)
	-0.534
	0.379
	-1.411
	.158

	Language
	0.168
	0.061
	2.746
	.006

	AO
	0.084
	0.048
	1.726
	.084

	Item Type
	-0.533
	0.114
	-4.662
	< .001

	Motivation
	0.090
	0.062
	1.442
	.149

	Prior knowledge
	0.070
	0.039
	1.784
	.075

	AO * Item Type
	0.283
	0.044
	6.411
	< .001

	AO * Language
	-0.001
	0.037
	-0.028
	.978




In order to account for the heterogeneity of items, formal analysis of memory performance was conducted at item-level (resulting in 30 observations per participant per text). The variable Item ranged from 1-60, each value coding for one of the 30 ideas in the two texts. Using the lme4 package (version 1.1-25) in R (R Core Team, 2020), a generalised linear mixed effect model was fitted with memory performance as binary dependent variable. Items for which at least 50% of the subideas were correctly recalled, were allocated a value of 1; items for which less than 50% were correctly recalled, were assigned a value of 0.
The variables Language (two levels: L1 and L2), AO (two levels: ‘NAO’ when the text was learned without the use of an AO and ‘AO’ otherwise), and Item Type (‘included’ when the item was depicted in the AO and ‘not included’ otherwise) were entered as categorical predictors. Self-rated motivation and prior knowledge of the learning material were entered as covariates. The model contained a full random structure (cf. Barr, Levy, Scheepers, & Tily, 2013), with random intercepts for participants and items, as well as by-participant and by-item random slopes for all five predictors. To allow for the effect of AO to depend on both Language and Item Type, two- and three-way interactions between these variables were also included. In response to convergence issues, however, the three-way interaction was omitted from the final model. Results for the fixed effects are displayed in Table 4; full output of the final model is provided in the Appendix. In line with visual inspection of the data, results indicate a significant interaction between AO and Item Type (p < .001). The interaction between Language and AO, however, was not significant (p = .978).
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# Generalized Mixed Effects Model



# Set contrasts
options(contrasts = c(�contr.sum�, �contr.poly�))



# Make "Score" binary
final.data <- Data %>%



mutate(MemoryScore = factor(ifelse(Score < 0.5, 0, 1)),
Idea = factor(ifelse(Text == "The Sun",



Idea_Nr, as.numeric(Idea_Nr) + 30)))



# Check contrasts
contrasts(final.data$Language)



## [,1]
## L1 1
## L2 -1
contrasts(final.data$AO)



## [,1]
## NAO 1
## AO -1
# Fit full model with three-way IA
fit.3way <- glmer(MemoryScore ~ Language + AO + PresenceAO +



(AO:Language) + (AO:PresenceAO) +



(AO:PresenceAO:Language) +



(1 + Language + AO + PresenceAO | Idea) +



(1 + Language + AO + PresenceAO| Participant),
data = final.data,
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control = glmerControl(optimizer = "bobyqa",
optCtrl = list(maxfun=2e5)),



family = "binomial",
verbose = TRUE)



## start par. = 1 0 0 0 1 0 0 1 0 1 1 0 0 0 1 0 0 1 0 1 fn = 7580.965
## At return
## eval: 2718 fn: 7071.1672 par: 0.366159 0.0367639 0.0143777 0.110214 0.461020 -0.0700268 0.0208866 0.143303 0.174365 2.04252e-07 0.524089 -0.0494771 0.143296 -0.169861 0.118974 -0.0294174 0.209845 0.158072 0.582366 0.163347
## start par. = 0.3661591 0.03676386 0.01437766 0.1102136 0.4610199 -0.07002681 0.02088665 0.143303 0.1743648 2.042521e-07 0.5240893 -0.04947708 0.1432963 -0.1698613 0.1189742 -0.02941738 0.2098453 0.1580725 0.582366 0.1633466 0.1169653 0.198722 0.07345883 -0.4784654 0.01228738 0.2713791 0.06971368 -0.009186345 fn = 7071.167
## At return
## eval: 2726 fn: 7071.0111 par: 0.367140 0.0367450 0.0139561 0.110330 0.460470 -0.0702516 0.0209233 0.143557 0.174730 5.45383e-06 0.524355 -0.0495786 0.143344 -0.169526 0.119248 -0.0294871 0.209082 0.157998 0.582336 0.163372 0.122480 0.205750 0.0732201 -0.495911 0.0136895 0.281499 0.0758948 -0.0128111



## boundary (singular) fit: see ?isSingular
summary(fit.3way)



## Generalized linear mixed model fit by maximum likelihood (Laplace
## Approximation) [glmerMod]
## Family: binomial ( logit )
## Formula:
## MemoryScore ~ Language + AO + PresenceAO + (AO:Language) + (AO:PresenceAO) +
## (AO:PresenceAO:Language) + (1 + Language + AO + PresenceAO |
## Idea) + (1 + Language + AO + PresenceAO | Participant)
## Data: final.data
## Control: glmerControl(optimizer = "bobyqa", optCtrl = list(maxfun = 2e+05))
##
## AIC BIC logLik deviance df.resid
## 7127.0 7314.6 -3535.5 7071.0 5972
##
## Scaled residuals:
## Min 1Q Median 3Q Max
## -3.8192 -0.7363 0.3700 0.6916 3.1821
##
## Random effects:
## Groups Name Variance Std.Dev. Corr
## Participant (Intercept) 0.13479 0.3671
## Language1 0.21338 0.4619 0.08
## AO1 0.02574 0.1604 0.09 -0.43
## PresenceAO1 0.04314 0.2077 0.53 0.14 0.75
## Idea (Intercept) 0.27495 0.5244
## Language1 0.01668 0.1291 -0.38
## AO1 0.04638 0.2154 0.67 -0.38
## PresenceAO1 0.43826 0.6620 -0.26 0.39 0.43
## Number of obs: 6000, groups: Participant, 100; Idea, 60
##
## Fixed effects:
## Estimate Std. Error z value Pr(>|z|)
## (Intercept) 0.12248 0.12954 0.945 0.34442
## Language1 0.20575 0.06934 2.967 0.00301 **
## AO1 0.07322 0.04623 1.584 0.11325
## PresenceAO1 -0.49591 0.11716 -4.233 2.31e-05 ***
## Language1:AO1 0.01369 0.03553 0.385 0.70001
## AO1:PresenceAO1 0.28150 0.04348 6.475 9.49e-11 ***
## Language1:AONAO:PresenceAO1 0.07589 0.05183 1.464 0.14315
## Language1:AOAO:PresenceAO1 -0.01281 0.05328 -0.240 0.80998
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## ---
## Signif. codes: 0 �***� 0.001 �**� 0.01 �*� 0.05 �.� 0.1 � � 1
##
## Correlation of Fixed Effects:
## (Intr) Langg1 AO1 PrsAO1 L1:AO1 AO1:PA L1:AON
## Language1 0.008
## AO1 0.301 -0.162
## PresenceAO1 0.121 0.071 0.349
## Langug1:AO1 -0.067 0.004 0.014 0.009
## AO1:PrsnAO1 0.290 -0.014 0.294 0.343 -0.011
## L1:AONAO:PA 0.091 0.228 -0.022 -0.043 0.312 -0.081
## L1:AOAO:PAO 0.079 0.218 -0.008 -0.041 -0.029 -0.095 0.268
## convergence code: 0
## boundary (singular) fit: see ?isSingular
# Fit full model with two-way IAs
fit.2way <- glmer(MemoryScore ~ Language + AO + PresenceAO +



(AO:PresenceAO) + (Language:AO) +



(1 + Language + AO + PresenceAO | Idea) +



(1 + Language + AO + PresenceAO| Participant),
data = final.data,
control = glmerControl(optimizer = "bobyqa",



optCtrl = list(maxfun=2e5)),
family = "binomial",
verbose = TRUE)



## start par. = 1 0 0 0 1 0 0 1 0 1 1 0 0 0 1 0 0 1 0 1 fn = 7583.196
## At return
## eval: 2367 fn: 7073.6999 par: 0.372184 0.0333439 0.0134323 0.107698 0.455516 -0.0663207 0.0199658 0.141574 0.175662 8.39697e-08 0.489435 -0.0587263 0.151009 -0.186617 0.115432 -0.0113107 0.173430 0.151068 0.588114 0.244132
## start par. = 0.3721836 0.03334386 0.01343232 0.1076983 0.4555156 -0.06632067 0.01996582 0.1415745 0.175662 8.396971e-08 0.4894353 -0.05872632 0.1510094 -0.1866167 0.1154325 -0.01131071 0.1734297 0.151068 0.5881135 0.2441316 0.1062355 0.1838944 0.07485628 -0.4726681 0.2742864 -0.004625614 fn = 7073.7
## At return
## eval: 1559 fn: 7073.5696 par: 0.373451 0.0332287 0.0129202 0.107768 0.454727 -0.0664754 0.0199907 0.141770 0.175978 3.53645e-06 0.488816 -0.0590355 0.151302 -0.186619 0.115564 -0.0107122 0.172088 0.150750 0.588832 0.244126 0.111425 0.190142 0.0747951 -0.489894 0.284530 -0.00507840



## boundary (singular) fit: see ?isSingular
summary(fit.2way)



## Generalized linear mixed model fit by maximum likelihood (Laplace
## Approximation) [glmerMod]
## Family: binomial ( logit )
## Formula: MemoryScore ~ Language + AO + PresenceAO + (AO:PresenceAO) +
## (Language:AO) + (1 + Language + AO + PresenceAO | Idea) +
## (1 + Language + AO + PresenceAO | Participant)
## Data: final.data
## Control: glmerControl(optimizer = "bobyqa", optCtrl = list(maxfun = 2e+05))
##
## AIC BIC logLik deviance df.resid
## 7125.6 7299.8 -3536.8 7073.6 5974
##
## Scaled residuals:
## Min 1Q Median 3Q Max
## -3.8557 -0.7394 0.3698 0.6918 3.0969
##
## Random effects:
## Groups Name Variance Std.Dev. Corr
## Participant (Intercept) 0.13947 0.3735
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## Language1 0.20788 0.4559 0.07
## AO1 0.02468 0.1571 0.08 -0.42
## PresenceAO1 0.04298 0.2073 0.52 0.13 0.77
## Idea (Intercept) 0.23894 0.4888
## Language1 0.01684 0.1298 -0.45
## AO1 0.04573 0.2139 0.71 -0.37
## PresenceAO1 0.47076 0.6861 -0.27 0.35 0.40
## Number of obs: 6000, groups: Participant, 100; Idea, 60
##
## Fixed effects:
## Estimate Std. Error z value Pr(>|z|)
## (Intercept) 0.111425 0.129199 0.862 0.38845
## Language1 0.190142 0.066684 2.851 0.00435 **
## AO1 0.074795 0.045971 1.627 0.10373
## PresenceAO1 -0.489894 0.117112 -4.183 2.88e-05 ***
## AO1:PresenceAO1 0.284530 0.043208 6.585 4.55e-11 ***
## Language1:AO1 -0.005078 0.033435 -0.152 0.87928
## ---
## Signif. codes: 0 �***� 0.001 �**� 0.01 �*� 0.05 �.� 0.1 � � 1
##
## Correlation of Fixed Effects:
## (Intr) Langg1 AO1 PrsAO1 AO1:PA
## Language1 -0.023
## AO1 0.298 -0.157
## PresenceAO1 0.124 0.084 0.339
## AO1:PrsnAO1 0.294 0.015 0.295 0.334
## Langug1:AO1 -0.100 -0.055 0.019 0.014 -0.002
## convergence code: 0
## boundary (singular) fit: see ?isSingular
# Compare both models
anova(fit.3way, fit.2way)



## Data: final.data
## Models:
## fit.2way: MemoryScore ~ Language + AO + PresenceAO + (AO:PresenceAO) +
## fit.2way: (Language:AO) + (1 + Language + AO + PresenceAO | Idea) +
## fit.2way: (1 + Language + AO + PresenceAO | Participant)
## fit.3way: MemoryScore ~ Language + AO + PresenceAO + (AO:Language) + (AO:PresenceAO) +
## fit.3way: (AO:PresenceAO:Language) + (1 + Language + AO + PresenceAO |
## fit.3way: Idea) + (1 + Language + AO + PresenceAO | Participant)
## npar AIC BIC logLik deviance Chisq Df Pr(>Chisq)
## fit.2way 26 7125.6 7299.8 -3536.8 7073.6
## fit.3way 28 7127.0 7314.6 -3535.5 7071.0 2.5584 2 0.2783
# Compute odd ratios instead of coefficients on logit scale
exp(fixef(fit.2way))



## (Intercept) Language1 AO1 PresenceAO1 AO1:PresenceAO1
## 1.1178698 1.2094210 1.0776633 0.6126911 1.3291373
## Language1:AO1
## 0.9949345
# Visualize random effects by catterpilar plots
lattice::dotplot(ranef(fit.2way, which = "Participant", condVar = TRUE),



scales = list(y = list(alternating = 0)))
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Generalized linear mixed model fit by maximum likelihood (Laplace Approximation) [‘glmerMod']
Fanily: binomial ( logit )
Fornula: MemoryScore ~ Language + AO + PresenceA0 + Motivation + Priorknowledge +
(AO:PresenceA0) + (Language:A0) + (1 + Language + AQ + PresenceAd + Motivation + Priorknowledge | Tdea) + (1 + Language + AO +
PresenceA0 + Motivation + Priorknowledge | Participant)
bata: all.data
Control: glmerControl optimizer

obyga”, optCtrl = list(naxfun = 2e+05))

AIC  BIC loglik deviance df.resid
71337 7468.7 -3516.9 7033.7 5950

Scaled residuals:
Min 10 Median 30 Max
-3.5716 -0.7366 0.3643 0.6849 3.5133

Random effects:

Groups Name Variance Std.Dev. Corr
Participant (Intercept)  1.941603 1.3934

Languagel 0.163323 0.4041

0L 0.029002 0.1703

PresenceAOL  0.038215 0.1955 0.54

Motivation  0.060348 0.2457 -0.19 -0.93

Priorknowledge 0.011119 0.1054 0.31 0.80 -0.75
Idea (Intercept)  0.724217 0.8510

Languagel 0.015638 0.1251  -1.

0L 0.047432 0.2178 0.

PresenceAOL  0.467124 0.6835 0. 0.32

Motivation  0.005565 0.0746 0. -0.52 0.03

Priorknoledge 0.015988 0.1264 -0.
Nurber of obs: 6000, groups: Participant, 100; Idea, 60

0.40 0.30 0.46

Fixed effects:
Estimate Std. Error z value Pr(>1zl)

(Intercept) ~ -0.53429  0.37853 -1.411 0.15810
Languagel 0.16802  0.06119 2.746 0.00603 **
A01 0.08361  0.04843 1.726 0.08427 .
PresenceA0l  -0.53340  0.11442 -4.662 3.14e-06 ***
Motivation 0.08979  0.06228 1.442 0.14935

1
Priorknowledge 0.06988  0.03917 1.784 0.07446 .
AOL:PresenceAOl 0.28251  0.04407 6.411 1.44e-10 ***
Longuage1:A01  -0.00101  0.03671 -0.028 0.97804

Signif. codes: © ‘*+*’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ' 1

Correlation of Fixed Effects:
(Intr) Langgl AOL  PrsAOL Motvtn Prrknw AOL:PA

Languagel  0.078

01 0.085 -0.273

PresenceA0l 0.028 0.065 0.256

Motivation -0.927 -0.091 -0.048 -0.040

Priorknwldg -0.122 0.016 0.172 0.129 -0.063

A01:PrsnAOL 0.051 0.006 0.286 0.234 0.024 -0.013

Langugl:A01 -0.042 -0.043 ©0.028 0.022 -0.008 0.014 -0.004

convergence code: 0

boundary (singular) fit: see 7isSingular
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