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The ability of the brain to extract patterns from the environment and predict future events, known as
statistical learning, has been proposed to interact in a competitive manner with prefrontal lobe-related
networks and their characteristic cognitive or executive functions. However, it remains unclear
whether these cognitive functions also possess a competitive relationship with implicit statistical
learning across individuals and at the level of latent executive function components. In order to
address this currently unknown aspect, we investigated, in two independent experiments

(Nstuayt = 186, Nsway2 = 157), the relationship between implicit statistical learning, measured by the
Alternating Serial Reaction Time task, and executive functions, measured by multiple
neuropsychological tests. In both studies, a modest, but consistent negative correlation between
implicit statistical learning and most executive function measures was observed. Factor analysis
further revealed that a factor representing verbal fluency and complex working memory seemed to
drive these negative correlations. Thus, the antagonistic relationship between implicit statistical
learning and executive functions might specifically be mediated by the updating component of

executive functions or/and long-term memory access.

Statistical learning (SL) is a fundamental function of human cognition that
allows the implicit extraction of probabilistic regularities from the envir-
onment, even without intention, feedback, or reward, and is crucial for
predictive processing'~’. SL contributes to the acquisition of language’,
motor™’, musical’” and social skills'’""? as well as habits'*"°. SL can occur
incidentally, without awareness and the intention to learn'**'. SL does not
function in an isolated manner, but in either cooperative or competitive
interactions with other cognitive processes™”. Here, we aim to investigate
the interaction between implicit SL and executive functions, and to deter-
mine which aspects of executive functions show a positive (cooperative) and
which a negative (competitive) relationship with SL.

The competition hypothesis was coined in the framework of interactive
memory systems™ . According to this framework, learning can rely on
either the basal ganglia-based procedural system, or the medial temporal
lobe-based declarative system. Larger reliance on one implies a smaller
reliance on the other. Initial evidence for this hypothesis has come both from
animal’” and human neuroimaging studies’”. Later, studies rooted in
computational neuroscience and reinforcement learning also shed more

light on the role of models in guiding learning in these different systems™. It
was proposed that the distinction between the declarative and procedural
systems might map onto the distinction between model-based and model-
free learning algorithms’”. Model-based learning processes build and
make use of a model of the environment to flexibly guide choice, but are
more computationally demanding. In contrast, model-free learning pro-
cesses are computationally less expensive as they rely only on recent out-
comes; however, this simplicity allows for less flexibility and sensitivity to
contingency changes. The brain is assumed to arbitrate between these two
learning systems in a dynamic fashion both during the completion of
individual tasks”****, and also throughout the lifespan™’. Multiple possible
arbitration mechanisms have been described, including direct neuroana-
tomical connections between basal ganglia and medial temporal cortex,
differential effects of neuromodulators, and indirect cross-inhibition via
prefrontal control processes™. The present study focuses on this last
mechanism.

The top-down cognitive processes necessary for the flexible cognitive
control of behaviour are often collectively referred to as executive functions
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(EF)***. These processes are usually required when we encounter novel,
unusual, or constraining situations. They include cognitive functions such as
attentional control, cognitive flexibility, cognitive inhibition and working
memory updating’™"'. Studies exploring the neural basis of EF consistently
show that these cognitive processes rely heavily on the prefrontal cortex
(PFC)**. Moreover, individual differences in EF ability have been asso-
ciated with individual differences in local prefrontal neural activity46, as well
as functional connectivity between PFC and other brain regions”. Here, we
focus on the question of whether and how individual differences in executive
functions might affect SL.

Prefrontal EF has been implicated in arbitrating between learning
systems by multiple studies. Lee etal.”, for example, showed that lateral PFC
and frontopolar cortex seem to encode the reliability associated with both
model-based and model-free learning systems, as well as the output of the
arbitration process. Importantly, their functional connectivity results also
suggested that the arbitration mechanism might work primarily by sup-
pressing model-free learning, when it deems model-based learning to be
more beneficial. An intriguing possibility is that the procedural, model-free
system is the ‘default’ learner that is overridden by PFC control involvement.
This hypothesis seems to be in line with a series of results that show a
negative relationship between SL and prefrontal lobe control processes at
both the behavioural and the neural level. For instance, disruption of PFC
function by transcranial magnetic stimulation***, by hypnosis®, or by
cognitive fatigue’' and engagement of prefrontal lobe resources using dual
task conditions™ all have been reported to increase SL performance.
Moreover, multiple neuroimaging studies have also revealed that SL seems
to be associated with generally decreased functional connectivity both
within PFC circuits and between the PEC and other networks™”*. Our goal is
to test whether weaker PFC-dependent executive functions could lead to
better SL across individuals. That is, do people with relatively weaker
executive functions have relatively better SL ability?

The little interindividual differences research carried out so far has
suggested that PFC-dependent cognitive functions might relate negatively
to SL ability. For instance, higher EF ability has been found to be negatively
related to SL ability across individuals®®. However, several studies have
indicated that working memory is independent from SL”. Furthermore,
some recent studies have found positive associations between SL and EF
ability™”. Therefore, the relationship between SL and PFC-supported
cognitive functions needs further examination in order to disentangle the
still somewhat puzzling relation between the two neurocognitive
mechanisms®. The relationship between implicit SL and PFC-supported
cognitive functions has been empirically explored in two studies™**; how-
ever, both studies had relatively low sample sizes (22 and 40, respectively)
leading to low statistical power®, and inability to establish reliable correla-
tions between the tasks™. As neither study included a replication sample, the
robustness of their results is also currently unknown. Furthermore, they
only studied the relationship between EF and SL at the task level, without
considering the possibility that a pattern might instead emerge at the level of
latent EF components, tapped into by multiple tasks. Such latent variable
approaches might also lead to relatively higher reliability estimates of cog-
nitive abilities, which is extremely important in inter-individual differences
research®. However, the latent structure of EF abilities is itself a contentious
issue, with a recent large-scale analysis failing to find measurement models
that consistently showed a good fit*™.

In this study, we aimed to investigate the relationship between EF and
SL, using two large, independent samples acquired in two different studies,
offering an internal replication and a far larger overall sample size than
previous studies. Both studies measured implicit SL ability using the alter-
nating serial reaction time task (ASRT) (Fig. 1), a valid and reliable task of
implicit SL***, and EF ability using a wide variety of well-characterized
neuropsychological tasks. Reasoning in terms of competitive neurocognitive
systems, we hypothesized that a negative correlation would be found
between EF ability and SL performance. However, due to the heterogeneous
findings in the literature regarding SL — EF relationships and the structure of
EF itself, we did not formulate strong hypotheses regarding specific tasks

and latent EF components. Instead, we focused on assessing EF — SL rela-
tionships in a data-driven manner, at both the level of individual EF tasks, as
well as the level of latent EF components, tapped into by multiple tasks
assessing EF, extracted by exploratory factor analysis.

Results

Descriptive statistics of the samples are presented in Table 1. Histograms
showing the distributions of all variables are presented in Supplementary
Fig. 2 and Supplementary Fig. 3, for Study 1 and 2, respectively.

Factor analyses of EF measures

Besides investigating the relationship between performance on individual
EF tasks and implicit SL, we aimed to investigate the relationship between
implicit SL and general EF ability that might be captured by shared variance
on all tasks. To extract such a common EF measure from the individual
tasks, we used Maximum Likelihood Exploratory Factor Analysis (ML
EFA). We opted for EFA in order to find a set of latent constructs that
capture our specific set of EF measures, while remaining a priori agnostic
about the exact structure of these components. The ML approach allows the
computation of various goodness of fit indices that are unavailable to
principal factor approaches, such as RMSEA, and is the recommended
factor extraction method by multiple authors”*.

Study 1. We established the factorability of the data using 3 approaches.
Firstly, the diagonals of the anti-image correlation matrix of the data were
all over 0.5, which suggests good factorability. Secondly, the overall
Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy was 0.59,
which is somewhat below the cut-off value of 0.6 originally suggested by
Kaiser 7, but above the cut-off of 0.5, suggested by other authors’".
Finally, Bartlett’s test of sphericity was significant (x2 (36) = 145.029,
p <0.001), suggesting adequate factorability. Based on this, the data were
deemed appropriate for factor analysis.

To determine the number of factors to extract, we relied on parallel
analysis, and goodness of fit indices. Parallel analysis suggested that 1 factor
was extractable, based on the comparison of the eigenvalues with randomly
generated data (Fig. 2a). Thus, the single factor solution was selected.

This factor explained 16% of the variance. The 2 test of the null
hypothesis that one factor is sufficient was not significant (x2 (27) = 36.87,
P =0.098), suggesting that the null can be accepted, meaning that our single
factor was sufficient in capturing the full dimensionality of the data.
Goodness of fit indices were also indicative of good fit (RMSEA = 0.044, 95%
CI = [0.000, 0.077]; SRMR = 0.062). Factor loadings are presented in Table
2. Factor 1 had high loadings from the three fluency variables and from
CSPAN, confirming the pattern of bivariate correlations (Fig. 5a). We cal-
culated factor scores for each subject, which are used in the analyses below.

Study 2. We proceeded in the same manner for Study 2. We followed the
same approach to establishing the factorability of data, as in the analysis
of Study 1. The diagonals of the anti-image correlation matrix of the data
were all over 0.5. The overall KMO measure of sampling adequacy was
0.60, meeting both more conservative and more liberal cut-off criteria.
Finally, Bartlett’s test of sphericity was significant (x2 (10) = 54.591,
P <0.001). Based on this, the data were deemed appropriate for factor
analysis.

To determine the number of factors to extract, we again relied on
parallel analysis. Parallel analysis suggested that 2 factors are extractable,
based on the comparison of their eigenvalues with random data (Fig. 2b).
Thus, the 2 factor solution was selected.

These two factors explained 19% and 14% of the variance,
respectively. The total variance explained of the model was thus 34%,
somewhat more than the explained variance of the Study 1 EFA
model. The 2 test of the null hypothesis that 2 factors are sufficient
was not significant (x2 (1) = 1.40, p =0.236), suggesting that the null
can be accepted, meaning that our 2 factors are sufficient in capturing
the full dimensionality of the data. Goodness of fit indices were also
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(37.5 % of all trials) (always high) 3-4-3(12.5%)
kil SIWETE 3-4-4(12.5%)

[

Fig. 1 | ASRT task design. a In Study 1, the task stimuli consisted of yellow arrows
that pointed in one of the four cardinal directions. A fixation cross was presented
between each arrow. b In Study 2, task stimuli were the head of a dog that appeared in
one out of four different positions. ¢ Each stimuli position can be coded with a
number. Here, we have 1 =left, 2 = up, 3 = down, 4 = right for the arrows in Study 1,
and 1 = left, 2 = center-left, 3 = center-right, 4 = right of the screen for the dog’s head
in Study 2. d The stimulus presentation followed an eight-element sequence, in

which pattern (P) and random (R) stimuli alternated. The sequence was presented a
total of 10 times per block. e Sixty-four different triplets (runs of three consecutive
stimuli) could result from the sequence structure. Some of the triplets appear more
often than others. High-probability triplets could end in pattern or random element
whereas low-probability triplets always ended with a random element. High- and
low-probability triplets are denoted in green and yellow, respectively.

indicative of good fit (RMSEA =0.050, 95% CI=[0.000, 0.227];
SRMR =0.020), although the RMSEA had a noticeably larger CI,
compared to the Study 1 EFA model. Factor loadings are presented in
Table 3. Factor 1 had high loadings from the 2 fluency variables and a

somewhat weaker loading from DSPAN. Factor 2 had high positive
loadings from the CSPAN, DSPAN and Corsi tasks. Thus, the factor
structure reflected the dissociation between the fluency and the short-
term memory measures.
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Implicit SL trajectories and EF factor scores

We measured implicit SL ability by the ASRT task (see Methods for details).
In this task, participants have to respond as fast and as accurately as possible
to a series of visually presented stimuli. Each stimulus can appear on four
different spatial locations, corresponding to four different response buttons.
Importantly, there is a hidden underlying structure in which low-probability
triplets (less predictable sequences of three successive stimuli), and high-
probability (more predictable sequences of three successive stimuli) stimuli
are interspersed. Performance differences between the low- and high-
probability triplets indicate implicit SL, and overall performance improve-
ments, irrespective of triplet category indicate general visuomotor skill
learning and task proficiency.

Study 1. Block wise median reaction time was used as the outcome variable
in a linear mixed model including Triplet Type (Factor: high- vs. low-
probability), Block (1-25), and EF factor 1 scores, as well as all their higher
order interactions as fixed effects, and subject-specific correlated intercepts
and slopes for Block, as random effects (see Methods and Fig. 1). The Triplet
Type factor indicates differences in implicit SL, while main effects and
interactions without the Triplet Type factor are interpreted as differences in
general skill learning. Learning trajectories are plotted in Fig. 3a, and full
model results are presented in Supplementary Table 1.

The model resulted in a statistically significant main effect of
Triplet Type (F(18924)=83.53, p <0.001), with faster reaction times
for high-probability triplets than for low-probability triplets
(b=—1.42,95% CI = [-1.73, -1.12], high: 365 ms, 95% CI = [361,369];
low: 368 ms, 95% CI=[364,372]). This effect indicates that on
average, subjects engaged in implicit SL. There was a statistically
significant main effect of Block (F(; 15397 =40.73, p<0.001), with
decreasing overall reaction times throughout the task (b = —0.31, 95%
CI=[-0.41, -0.12]). This effect indicates that on average subjects also

Table 1 | Descriptive statistics for the two samples

Study 1 N =186 Study 2 N =157

Age in years (Mean, SD) 22.06 (2.78) 21.80 (4.33)
Gender (N, Percentage)
Male 78 (41.9%) 24 (15.3%)
Female 108 (58.1%) 133 (84.7%)
a Study 1
3
1.5
1.0
(7]
0]
=
g
c 0.5
[0)
2
- @ P b
0.0 <> <> $
-0.5

Fi F2 F3 F4 F5 F6 F7 F8 F9
Factors
Fig. 2 | Parallel analysis to determine the extractable factors. a In Study 1 and b in

Study 2. The observed eigenvalues are indicated by red dots. These were compared to
the distribution of eigenvalues obtained from simulated data, indicated by violin

engaged in general skill learning, i.e., they became faster overall as the
task went on, irrespective of triplet probabilities. There was a sta-
tistically significant main effect of EF factor 1 (F(j,184.01)=7.99,
p =0.004), indicating overall faster reaction times in participants with
higher EF ability (b=—6.76, 95% CI=[-11.48, -2.04]). There was a
statistically ~ significant Triplet ~ Type*Block interaction
(F(1,8924.00) = 10.24, p = 0.001). This stemmed from increasing implicit
SL with time (steeper decrease in RT for high-, than for low-
probability triplets; high: b= —0.38, 95% CI=[-0.49, -0.28]; low:
b=-0.24, 95% CI=[-0.35, -0.14]; high - low contrast p =0.001).

Importantly, there was a Triplet Type*EF factor 1 interaction
(F(1,8924) = 4.54, p=0.031). EF factor 1 scores significantly negatively cor-
related with average implicit SL learning scores (Fig. 4a, Pearson’s
r=—0.156,95% CI = [-0.293, -0.012], p = 0.034, Spearman’s rho = —0.154,
95% CI=[-0.292, -0.011], p =0.036). The Bayes factor for the one-sided
alternative hypothesis that the two variables are negatively correlated was
BF-0 = 1.683, meaning that the data are ~1.7 times more likely to occur
under the alternative hypothesis, indicating anecdotal evidence in favour of
it. Robustness checks of the Bayes factor to varying prior distribution width
are included in the jasp files in Supplementary Materials. The lack of a
statistically significant Epoch®EF factor 1 interaction indicates that EF
ability did not influence general skill learning. Whereas the lack of a sta-
tistically significant three-way interaction between Triplet Type*Epoch*EF
factor 1 indicates that EF ability influenced overall implicit SL throughout
the whole task and not the learning trajectory itself.

Study 2. Block wise median reaction time was used as the outcome
variable in a linear mixed model including Triplet Type (Factor: high- vs.
low-probability), Block (1-45), and EF factor 1 and 2 scores, as well as all
their higher order interactions as fixed effects, and subject-specific cor-
related intercepts and slopes for Block, as random effects. Learning tra-
jectories are plotted in Fig. 3b, and full model results are presented in
Supplementary Table 2.

The model resulted in a statistically significant main effect of
Triplet Type (F(1,13810.00) = 1289.09, p <0.001), with faster reaction
times for high-probability triplets than for low-probability triplets
(b=—6.25,95% CI = [-6.59, -5.91], high: 371 ms, 95% CI = [367,376];
low: 384ms, 95% CI=[379,388]). This effect indicates that on
average, subjects engaged in implicit SL. There was a statistically
significant main effect of Block (F(;,154.00) = 662.76, p <0.001), with

b Study 2
*x *
1.5
1.0
(7]
(0]
=
3
>
€ 051
2
B <%>
00 i <$>
_0_5-
F1 F2 F3 F4 F5
Factors

plots and boxplots. Stars indicate factors for which the observed eigenvalue is larger
than the 95th percentile of the simulated distributions, and thus were deemed
extractable.
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decreasing overall reaction times throughout the task (b = —1.12, 95%
CI=[-1.20, -1.03]). This effect indicates that on average subjects also
engaged in general skill learning, i.e., they became faster overall as the
task went on, irrespective of triplet probabilities. There was a sta-
tistically significant main effect of EF factor 2 scores (F(;,154.03) = 9.67,
p =0.002), indicating overall faster reaction times in participants with
higher EF ability (b=—9.84, 95% CI=[-16.08, -3.59]). There was a
statistically ~ significant ~ Triplet Type*Block interaction
(F1,13810.00) = 156.70, p<0.001). This stemmed from increasing
implicit SL with time (steeper decrease in RT for high-, than for low-
probability triplets; high: b=—1.28, 95% CI=[-1.37, -1.19]; low:
b=-0.95, 95% CI=[-1.04, -0.86]; high - low contrast p <0.001).
There was a statistically significant Block*EF factor 1 interaction
(F1,154.00) = 8.31, p=0.005), with a significantly smaller decrease in
RT at higher EF factor 1 scores (slope of Block at 25th percentile of
EF 1: b=—1.20, 95% CI=[-1.30 -1.09]; slope of Block at 75h per-
centile of EF1: b=—1.05, 95% CI = [-1.14, -0.95]; contrast p = 0.005).
This indicates that contrary to Study 1, EF ability did influence
general skill learning to some degree in Study 2 and that high EF
ability was associated with somewhat weaker general skill learning in
this sample.

Table 2 | Study 1. Factor loadings and communalities of each
EF measure on the factors, based on the 1 factor ML solution
(16% of variance explained)

Factor 1 Communality
ANT alerting -0.03 0.00
ANT orienting 0.01 0.00
ANT executive -0.11 0.01
BCST 0.08 0.01
CSPAN 0.31 0.10
GNG 0.01 0.00
Lexical fluency 0.60 0.36
Semantic fluency 0.54 0.29
Action fluency 0.82 0.67

Loadings above the threshold of 0.30 are highlighted in bold to aid interpretation.

a
Study 1
380 1
3751
m
z ; 1|“‘ ‘/H\
= 370
=
- } {/
= /
5 L4\
S 3651 Ek ]
[0}
=
360 1
355 1
1 5 10 15 20 25
Block

Fig. 3 | Block-wise median reaction times (RTs) in the ASRT tasks for high- and
low-probability triplets. a In Study 1 and b in Study 2. There was a significant RT
difference between high and low triplets showing statistical learning. SL improved

There was once again a Triplet Type*EF factor 1 interaction
(Fa1,13810.00) = 5.26, p =0.022). EF factor 1 scores significantly nega-
tively correlated with average implicit SL learning scores, and with a
similar effect size, as in Study 1 (Fig. 4b, Pearson’s r = —0.170, 95%
CI=1[-0.319, -0.014], p = 0.033, Spearman’s rho = —0.150, 95% CI = [-
0.300, 0.007], p = 0.060). The Bayes factor for the one-sided alternative
hypothesis that the two variables are negatively correlated was BEF-
0 =1.875, meaning that the data are ~1.9 times more likely to occur
under the alternative hypothesis, indicating anecdotal evidence in
favour of it.

EF factor 2 scores did not have a strong association with implicit SL,
as reflected by the lack of significant Triplet Type*EF factor 2 or Triplet
Type*Block*EF factor 2 interactions. EF factor 2 scores did not correlate
significantly with average implicit SL learning scores (Factor 2: Pearson’s
r=—0.034, 95% CI=[-0.190, 0.123], p=0.672, Spearman’s rho=
—0.023, 95% CI =[-0.179, 0.134], p=0.771, BF-0 = 0.145). Robustness
checks of the Bayes factor to varying prior distribution width are
included in the .jasp files in Supplementary Materials. They also did not
seem to influence general skill learning, as reflected in the lack of a
significant Block*EF factor 2 interaction. The lack of a statistically sig-
nificant three-way interaction between Triplet Type*Block*EF factor 1
indicates that, like in Study 1, EF ability influenced overall implicit SL
throughout the whole task and not the learning trajectory itself, vali-
dating our use of whole task learning scores in the correlational analyses
for Study 2 as well.

Table 3 | Study 2. Factor loadings and communalities of each
EF measure on the 2 factors, based on the 2 factor varimax
rotated ML solution (34% of variance explained)

Factor 1 Factor 2 Communality
CSPAN 0.03 0.32 0.10
DSPAN 0.28 0.52 0.34
Corsi 0.08 0.54 0.30
Lexical fluency 0.33 0.23 0.16
Semantic fluency 0.88 0.03 0.77

Loadings above the threshold of 0.30 are highlighted in bold to aid interpretation.

b
Study 2 )
Triplet
High
4201 4+ Low
)
£ 4004
|_
o
5
=5 3801
o}
=
360 1

1 5 10 15 20 25 30 35 40 45
Block

significantly over time. Error bars indicate standard error of the mean. Note the
different scales of the y-axis.
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Fig. 4 | Relationship between ASRT learning scores and EF Factor 1 scores across subjects. Solid line is the linear fit, shaded area corresponds to the 95% CI. One datapoint

per participant. a In Study 1 and b in Study 2.
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Fig. 5 | Bivariate correlations between the individual EF measures and average
ASRT learning scores. a In Study 1 and b in Study 2. More negative and more
positive correlations are indicated by red and blue backgrounds, respectively. The
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working memory and verbal fluency measures correlated moderately positively with
each other, and weakly negatively with the ASRT task. P-values are not corrected for
multiple comparisons. **¥p < 0.001, **p < 0.01, *p < 0.05, +p < 0.10.

Correlations between implicit SL ability and individual EF tasks
Study 1. Bivariate Pearson’s correlations between individual EF tasks and
average ASRT learning scores indicating implicit SL ability in Study 1 are
presented in Fig. 5a. EF measures tended to be weakly or moderately
positively correlated, the strongest relationships seemed to be between
the fluency measures, and between the fluency measures and CSPAN.

Implicit SL ability had generally negative correlations with individual
EF measures, the strongest of these was with Action fluency (Pearson’s
r=—0.165, 95% CI = [-0.302, -0.021], p = 0.025, Spearman’s rho = —0.162,
95% CI = [-0.299, -0.018], p = 0.027).

Study 2. Bivariate Pearson’s correlations between individual EF tasks and
ASRT learning scores indicating implicit SL ability in Study 2 are pre-
sented in Fig. 5b. EF measures tended to be weakly or moderately

positively correlated, again the fluency measures correlated with each
other the strongest.

Implicit SL ability had generally negative correlations with individual
EF measures, the strongest of these was with Semantic fluency (Pearson’s
r=—0.167,95% CI = [-0.315, -0.011], p = 0.037, Spearman’s rho = —0.145,
95% CI = [-0.295, 0.012], p = 0.070).

Continuously cumulating meta-analysis

Besides testing the hypothesis of a negative association between common EF
ability and implicit SL in our two samples separately, we also ran a fixed-
effect meta-analytic model, in order to pool evidence from both of our
studies into a single effect size, while estimating their heterogeneity. Het-
erogeneity metrics revealed little between-studies variability in the effect,
validating our choice of a fixed-effect model. The between-study

npj Science of Learning| (2024)9:30



https://doi.org/10.1038/s41539-024-00243-9

Article

Fig. 6 | CCMA of the two studies. Pearson’s r Study
between EF factor scores and implicit SL learning

scores, along with its 95% CI is shown next to each Study 1
individual study. Below, the pooled effect size from a Study 2

fixed-effect meta-analytic model and its 95% CI is
shown. Individual and total sample sizes are also indi-
cated, as well as study weight. Factor scores were derived
only from tasks that were shared by both studies.
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heterogeneity variance was estimated at =0, with an I* value of 0%,
Cochran’s Q test was also not statistically significant, Q(1) = 0.60, p = 0.440.
The pooled effect size was negative and significantly different from zero,
r=—0.115, 95% CI=[-0.218, -0.008], p=0.035 (Fig. 6). The weights of
Study 1 and Study 2 in the pooled effect were 54.3% and 45.7%, respectively.
We also carried out this analysis using factor scores derived from all EF
measures in both tasks, instead of just the shared ones (Supplementary Fig.
1). This analysis also yielded a pooled effect size, significantly more negative
than 0, r = —0.162, 95% CI = [-0.264, -0.057], p = 0.003.

Discussion

In this study, we explored how implicit SL relates to multiple components of
prefrontal lobe-dependent EF. At the level of individual tasks, SL correlated
negatively with most EF measures, the strongest of these correlations being
with verbal fluency. At the level of latent EF components, an EF factor
comprising verbal fluency and counting span scores in Study 1 and verbal
fluency and digit span scores in Study 2 also correlated negatively with SL,
with a modest, but similar effect size in both studies. Our results imply that
individuals with better verbal fluency and working memory ability have
lower implicit SL ability, suggesting that specific prefrontal lobe functions
might interfere with implicit SL while still allowing for the acquisition of the
underlying regularities. We aimed to improve upon previous studies and
extend their results in several ways. We made use of far larger samples
(Nstudy1 = 186, Ngwuay2 = 157), giving us larger statistical power than any
previous study in the field”'. Our successful internal replication, using a
second sample and a cumulative meta-analytic approach, speaks to the
robustness of our results”. Our measurement of EF components at both the
task and the latent variable level using exploratory factor analysis allowed for
a more thorough characterization of this complex cognitive function™, and
attenuated measurement error”, while remaining agnostic about the mea-
surement model of EF*, Finally, we used an implicit SL task that has been
shown to be both valid® and reliable*’, which is crucial, given the recent
debate about the psychometric properties of commonly used implicit
learning tasks”.

We interpret our results in the PFC-mediated competition model of
declarative-procedural interactions’***’, and suggest that the observed
negative relationship between EF and SL might be due to the suppression of
model-free, procedural learning by prefrontal EF. Support for this theory
has come not only from the effects of PFC disruption on learning™™ and
from computational modelling™ studies, but also from neural data. For
example, a meta-analysis of multiple primate studies by Loonis et al.”* has
revealed distinct patterns of post-choice oscillatory synchrony within PFC
during implicit versus explicit learning, such that Delta/Theta band syn-
chrony increased after correct choices during implicit learning, but after
incorrect choices during explicit learning. Moreover, their results also
suggested that whereas explicit learning was associated with increased
synchrony between PFC and hippocampus in the alpha and beta bands,
implicit learning was associated with decreased synchrony between PFC
and caudate in the theta band. A similar pattern of results was revealed in
humans by Voss et al.”®, who showed that the use of a flexible, declarative
learning strategy was linked to the interaction between the medial temporal
lobe and the fronto-parietal attentional network, whereas the use of a more
rigid, procedural learning strategy was linked to caudate nucleus fronto-
parietal network interactions. Furthermore, neuroimaging studies also
indicate that SL is associated with decreased functional connectivity within
PEC circuits and between the PFC and other networks™.

In Study 1, the most parsimonious model consisted of a single factor,
comprising fluency and counting span performances. The link between
verbal fluency and working memory tasks is not surprising. Fluency scores
have constantly been found to relate to verbal working memory’**’. Higher
working memory capacity may aid in handling the cognitive load in fluency
tasks®', while lower capacity may lead to more perseveration errors®. Shao
et al.*’ have also found that both category and letter fluency scores were
uniquely predicted by updating in working memory. Similar findings that
relate updating to verbal fluency performance were found by Gustavson
etal.*. The factor structure uncovered by Fisk and Sharp * is also suggestive
of this relationship. Although they loaded onto a separate factor more
strongly, a factor representing updating also had quite high loadings from
word fluency tasks. Thus, the factor in Study 1 may reflect updating. This
makes sense when considering the demands of verbal fluency and counting
span tasks. Both tasks require tracking and updating sequences of items. In
verbal fluency tasks, individuals generate words fitting a specific category,
requiring constant updating of working memory. Without updating, they
may repeat words or struggle to generate new ones, affecting performance.
Counting span tasks involve maintaining and updating a number sequence
while performing a secondary task. Without updating, individuals may lose
track of the sequence, negatively impacting performance. Updating appears
to be a suitable explanation for the common factor in verbal fluency and
counting span tasks. Although inhibition and set shifting have been pro-
posed as significant factors in fluency tasks®, the absence of positive cor-
relations between our measures of shifting (BCST) and inhibition (GNG)
and other executive function tasks makes it challenging to consider them as
appropriate explanations for factor 1.

While our general findings, suggestive of a negative relationship across
individuals in EF and SL are in line with the competitive neurocognitive
systems framework’>”%, the fact that it is primarily for the updating
component that this association was uncovered runs contrary to some
previous results showing a positive relationship between working memory
and SL**¥*. The central idea of these studies was that larger working
memory capacity might open up a larger “window” for serial order learning.
However, as noted by Janacsek and Nemeth (2013)7, these effects seem
primarily observed in explicit learning conditions and consolidation, rather
than implicit learning of probabilistic representations per se. Our results
imply that under implicit learning, EF updating might instead compete with
SL. A possible explanation might be that updating might disrupt the sta-
bilization of a simple predictive model allowing triplet learning in the ASRT
task. However, we note that the nature of this kind of “updating” of implicit
probabilistic representations is likely quite different from the explicit
updating of items in working memory that is involved in EF tasks. Cognitive
control, executive functions and working memory are related to a model-
based computational strategy”*”. So our results might be interpretable as
showing that more automatic, model-free learning is antagonistically related
to model-based updating associated with goal-directed processes.

An alternative explanation to updating is that both working memory
and fluency are strongly related to long-term memory access. Numerous
theories and empirical evidence support the former”, while the fluency test
merely involves retrieving words from the mental lexicon”. From this, we
can speculate that if access to our long-term representations and models is
poorer, it significantly enhances model-free learning because there is no
interference from previous models in learning new patterns and predictions.
This explanation aligns with the explanation provided by Ambrus et al.*,
who attributed their results of inhibitory TMS-enhanced SL to difficulties in
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long-term memory access or the suppression of top-down processes. This
might also explain the finding in Study 2, where only factor 1 exhibited a
negative association with statistical learning, while factor 2 did not. Given
that factor 2 is predominantly influenced by short-term memory tasks
(specifically counting span, digit span, and Corsi block), it is conceivable that
it predominantly reflects maintenance of information rather than executive
long-term memory retrieval. This distinction suggests that the tasks com-
prising factor 2 may capture cognitive processes more focused on the
immediate retention of information, rather than the retrieval of information
from long-term memory stores. However, this hypothesis needs to be
validated through studies that examine long-term memory access, cognitive
control, and predictive processes not only through behavioural but also
neuroimaging techniques within a single experimental design.

While our study has notable strengths, including the incorporation of
two large, independent samples, multiple EF measures, and the use of data-
driven latent component extraction, there are some limitations that need to
be mentioned, and addressed in future research. Firstly, the effect sizes were
relatively small. The correlations between individual EF tasks and implicit
SL were especially small, with only one fluency task in each dataset reaching
statistical significance. This likely stems partially from the wide array of
factors that influence EF and SL ability, and partially from attenuated cor-
relations due to measurement error. We have recently estimated the relia-
bility of the ASRT task in similar settings as the current study, to be between
0.754 and 0.791. If we correct our correlation coefficients for attenuation
with the lowest reliability value from that study, we obtain r = =215 —

J0.754
—0.179 and r = =22 — —(.196, which are likely better estimates of the

V0754

true relationships. Secondly, to replicate the results obtained in Study 1, we
re-analysed data from a sample previously collected by us, and first
described in Kébor et al. (2017)"*. While we note that as this is an earlier
study, which was not designed with the research question of this study in
mind, we believe the differences between protocols do not meaningfully
diminish the informativeness of our replication attempt. Indeed, the two
primary differences are the different set of EF tasks, and the longer ASRT.
Regarding the first, the results of Study 1 show that tasks tapping into the
updating component of EF (CSPAN and verbal fluency) showed the clearest
relationship with implicit SL. These are exactly the tasks that were shared
between studies. Regarding the second study, we have previously shown that
longer ASRT tasks lead to more reliable learning scores”, which are crucial
for correlational research designs. Thus, if anything the longer task should
increase the power of our replication attempt. However, the different
response to stimulus intervals of the two studies does decrease their com-
parability. As a result, it would be beneficial for future studies and replication
attempts to show a greater consistency across studies in the protocol. Finally
and relatedly, the incomplete nature of our EF battery should also be
addressed by future work. Our set of EF tasks did not cover the most widely
accepted theoretical model of EF components in an equal manner, as for set
shifting and inhibition, we only had the BCST and GNG tasks, respectively'.
Thus, our results should be extended and confirmed by future studies with a
more complete set of EF tasks, and a more theory-driven assessment of
latent EF components, for example with Confirmatory Factor Analytic
models. We note however, that the ubiquity of the Unity and Diversity
model has been questioned recently®.

This study represents a comprehensive examination of the
relationship between implicit SL and EF by integrating multiple
datasets and analyzing large participant cohorts. We found that
general executive function has a negative relationship with implicit
SL, suggesting that individuals with better EF functions might be
worse at acquiring probabilistic models of visuospatial information.
Our results fall in line with the theoretical framework stating that
implicit automatic processing works in competition with PFC
functions. This study takes a step further by exploring which
components of executive functioning might be at the core of this
competition. Our results are indicative that it is the updating
component that is driving this relationship. Our study highlights
the importance of exploring the relationship between different

cognitive abilities using larger sets of subjects and in a data-driven
manner.

Methods
Participants
For Study 1, conducted in France, participants took part in a 2-day
experiment. One hundred eighty nine healthy young adults members of the
general public were recruited through online advertisement with the fol-
lowing criteria: participants were right-handed, aged under 35 years, and
with no or limited musical training (as measured by practice inferior to
10 years). Participants declared not having active neurological or psychiatric
conditions, and declared not to be taking any psychoactive medication.
Among the 189 participants, two did not come back for the second session
and one did not comply with the task instructions on the first session. Thus,
the data from the remaining 186 subjects is presented in this study. All
participants provided signed informed consent agreements and received
financial compensation for their participation. The relevant institutional
review board (i.e., the “Comité de Protection des Personnes, CPP Est I” ID:
RCB 2019-A02510-57) gave ethical approval for the study.

In Study 2, conducted in Hungary, 180 university students took part in
a multi-session experiment. Criteria were the same as in Study 1, with the
exception of being under 35 and the limitations on the musical expertise.
From this pool, we excluded 23 subjects who had missing data on any of the
EF tasks. This study was approved by the United Ethical Review Committee
for Research in Psychology (EPKEB) in Hungary (Approval number: 30/
2012) and by the research ethics committee of E6tvos Lorand University,
Budapest, Hungary. Descriptive statistics of both samples are presented in
Table 1.

Measure of statistical learning: Alternating serial reaction time
(ASRT) task

In Study 1, implicit SL was measured by a modified version of the ASRT
task®™” (Fig. 1a). In this task, participants were presented with a yellow
arrow on the center of the screen pointing in one of four possible directions
(left, up, down or right) for 200 ms. The presentation of the arrow was
followed by a presentation of a fixation cross for 500 ms. Using a four-
button Cedrus RB-530 response box, participants were instructed to press,
as quickly as possible, the button corresponding to the direction of the
arrow. Finger placement on each of the buttons of the response box was as
follows: the up button had to be pressed with the left index finger; the down
button had to be pressed with the right thumb; the right button had to be
pressed with the right index; and the left button had to be pressed with left
thumb. If participants responded correctly, the fixation cross would remain
in the screen for another 750 ms. If participants did not answer or answered
incorrectly, an exclamation mark or an “X” would appear for 500 ms,
respectively, followed by a 250 ms fixation cross.

Unknowingly to the participants, the appearance of the stimuli fol-
lowed a predetermined structure where pattern elements (P) alternated with
random elements (R) (e.g. 4-R-2-R-3-R-1-R, where the numbers represent
the predetermined position of the stimuli, and “R” represent a random
position) (Fig. 1c, d). Due to the pattern elements (P) alternating with
random elements (R) in the ASRT task, some triplets (runs of three trials)
had a higher probability of occurrence than others (Fig. 1e). For example, in
an 4-R-2-R-3-R-1-R sequence, the (4-3-2) or (3-4-1) triplets have a higher
probability of occurrence compared to (2-3-2) or (4-3-1) triplets, as the
former type of triplets can be found in P-R-P or in R-P-R structures whereas
the second type of triplets can only occur in R-P-R structures. As a result, the
former type of triplets are five times more likely to occur than the second
type of triplets. Thus, the two types of triplets are referred to as high- and
low-probability triplets, respectively. Previous studies using the ASRT task
have consistently shown that, with increasing practice in the task, partici-
pants’ responses to the last element of high-probability triplets become faster
compared to responses to the last element of low-probability triplets'*”*.
Importantly, this phenomenon occurs without the emergence of an explicit
knowledge of the sequence structure as reported by the participants'**"*.
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Thus, implicit SL in the task can be measured by computing the difference of
reaction times between the last elements of high-probability triplets and the
last element of low-probability triplets.

This first session consisted of 25 blocks of the ASRT task. There were
85 stimuli in each block, of which the first five were randomly ordered for
practice purposes followed by 10 repetitions of the eight-element alternating
sequence.

The ASRT task employed in Study 2 had four notable differences to the
version used in Study 1. Firstly, in this version of the task, the stimuli (here, a
drawing of a dog’s head instead of arrows) could appear in one of four
horizontally arranged empty circles on the screen, instead of the four car-
dinal directions (Fig. 1b). Secondly, the responses corresponded to the Z, C,
B, and M keys on a QWERTY keyboard (with the rest of the keys removed).
Thirdly, the task consisted of 45 blocks. We previously observed that
although acceptable levels of reliability emerge even with 25 blocks, longer
tasks lead to more reliable learning scores, which might be crucial for the
correlational analyses we planned here®. Finally, the timing of the stimuli
differed. The task in Study 2 was self-paced (i.e., the target stimulus
remained on the screen until the correct response key was pressed) with a
response-to-stimulus interval of 120 ms. Despite the differences, as detailed
below, robust learning was observed in both studies, with similar distribu-
tion of learning scores, except an overall lower mean learning score in

Study 1.

Neuropsychological tests for Study 1

The neuropsychological assessments conducted in Study 1 aimed to com-
prehensively capture Miyake’s conceptualization of executive functions,
specifically focusing on cognitive flexibility, inhibition, and updating’'. To
operationalize these constructs, a battery of established and reliable cogni-
tive tests was employed. The attentional network test, the Berg Card Sorting
Test, the Counting Span Task, the Go/No-Go Task, and three verbal fluency
tasks were administered to systematically evaluate the targeted executive
functions. The selection of these assessments was based on their well-
documented validity and reliability in previous research®’**,

Attentional network test (ANT)

The ANT allowed us to measure the capacities of three distinct networks of
attention: the alerting, orienting and executive networks”. This task
required participants to determine, as fast as possible, whether a central
arrow, presented in a set of five arrows, points to the left or to the right. The
set of arrows can appear above or below a fixation cross and can be preceded
or not by a spatial cue indicating their following location. Furthermore, the
central arrow can be congruent (pointing in the same direction) or incon-
gruent (pointing in a different direction) to the other arrows. We followed
the standard calculation of network scores”. The alerting component of
attention was calculated by subtracting the mean RT of the central cue
conditions from the mean of the no-cue conditions for each participant. Ina
similar manner, the orienting component of attention was calculated by
subtracting the mean RT of the spatial cue conditions from the mean RT the
center cue conditions and the executive component of attention was cal-
culated by subtracting the mean RT of all congruent conditions from the
mean RT of all incongruent conditions. In this task, higher scores for the
alerting, orienting and executive scores indicate better attentional perfor-
mances in these three aspects of attention.

Berg card sorting task (BCST)

We measured set shifting or cognitive flexibility using the computerised
version of the BCST.64 available in the Psychology Experiment Building
Language (PEBL) software'”. In this test, a set of four cards on the top of the
screen are presented to the participant. Each card has three characteristics:
the colour, the shape and the number of items on the card. The participant
was told to match new cards to the cards on the top of the screen according
to one of the three characteristics, but they were not told which one; how-
ever, they received feedback about whether each choice they made was right
or wrong. Thus, the participant was required to find the correct rule

(matching characteristic) needed to match the cards as quickly and as
accurately as possible. The participant was informed that the rule could
change during the task. Cognitive flexibility in the BCST was measured by
counting the perseverative errors, meaning the amount of errors reflecting
lack of adaptation following a rule switch.

Counting Span (CSPAN) task

Updating or working memory capacity was measured by the CSPAN'"". In
this task, different shapes (blue circles, blue squares, and yellow circles)
appeared on the computer screen. The participants’ task was to count out
loud and retain the amount of blue circles (targets) among the other shapes
(distractors) in a series of images. Each image included three to nine blue
circles, one to nine blue squares and one to five yellow circles. At the end of
each trial, participants repeated orally the total number of targets presented
in the image and if counting was correct, the experimenter passed to the
following trial. When presented with a recall cue at the end of a set, parti-
cipants had to rename the total number of targets of each image in their
order of presentation. If the recall was correct, participants started a new set
containing an extra image. The number of items presented in each image
ranged from two to six. When participants made a mistake in the recall, the
task was stopped and a new run, starting from a set with two trials, would
start again. Each participant completed three runs of the task. Memory span
capacity was computed as the mean of the highest set size the participant was
able to recall correctly in the three runs.

Go No-go (GNG) task

We measured cognitive inhibition with the computerised version of the
GNG task available in the Psychology Experiment Building Language
(PEBL) software'®. In the GNG task, participants were instructed to
respond to certain stimuli (“go” stimuli) by clicking on a button as fast as
possible and to refrain from clicking on other stimuli (“no-go” stimuli). In
this version, participants were presented with a 2x2 array with four blue
stars (one in the centre of each square of the array). Every 1500 ms, a
stimulus (the letter P or R) would appear for 500 ms in the place of one of the
blue stars. For the first half of the task, the letter P would be the “go” stimulus
and theletter R would be the “no-go”. This rule would be then inverted in the
second half of the task. Participants completed 320 trials. The ratio between
“go” and “no-go” trials was 80:20, respectively. Cognitive inhibition capacity
in the GNG task was measured by the d’:

d' = Z(hit rate) — Z(false alarm rate) (1)
A higher d’ indicated better cognitive inhibition.

Verbal fluency tasks

Verbal fluency was measured with three subtasks testing the lexical,
semantic and action components of verbal fluency. In the lexical fluency
subtask, participants were required to say as many words as possible starting
with the letter P. The letter P is often used in the French version of the
phonemic fluency'”. In the semantic fluency subtask, participants were
required to name animals, and in the action fluency subtask, isolated verbs
describing an action realisable by a person. In each subtask, participants
were instructed to say as many words as possible within 1 min while
avoiding word repetitions, words with the same etymological root and
proper nouns. Every time the participant disrespected one of these rules, an
error would be counted. Each verbal fluency subtask has a score computed
by subtracting the amount of errors from the total amount of words pro-
duced within 1 min. A higher score in each component of verbal fluency
indicated a higher verbal fluency capacity.

Neuropsychological tests for Study 2

In Study 2, our attention shifted to a specific aspect of prefrontal lobe
function, specifically targeting working memory. To comprehensively assess
this cognitive domain, we employed a battery of well-established tasks,
including the Counting Span Task, the Digit Span Task, the Corsi Block
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Tapping Task, and two verbal fluency tests. The careful selection of these
tasks was grounded in their widespread utilization within the field and their
demonstrated reliability in prior studies™”*'”.

Counting Span (CSPAN) task
The procedure for measuring working memory capacity with the CSPAN
task was identical in the two studies.

Digit Span (DSPAN) task

Phonological short-term memory capacity was measured using the DSPAN
task'™. In this task, participants listened to and then repeated a list of digits
enunciated by an experimenter. The task comprised seven levels of difficulty
ranging from three to nine items. Each level comprised four different lists. If
participants correctly recalled all items for at least three out of the four lists,
they were permitted to move up a level. If participants could not recall at
least three lists from the four lists correctly, the task ended. Memory span in
the DSPAN task was considered to be the level (three to nine) at which the
participant was still able to recall three from the four lists correctly. A higher
memory span score is indicative of a better phonological short-term
memory capacity.

Corsi blocks tapping task (Corsi) task

Visuo-spatial short-term memory capacity was assessed using the Corsi
task'®. In this task, nine cubes were placed in front of the participant in a
fixed pseudo-random manner. The blocks were labelled with numbers only
visible to the experimenter. The experimenter tapped a number of blocks in
a specific sequence after which the participant had to tap the same blocks in
the same order. Similarly to the DSPAN, the Corsi task comprised seven
levels ranging from three to nine items. Four sequences were presented
within a level. Memory span in the Corsi task was considered to be the level
(three to nine) at which the participant was still able to recall three from the
four lists correctly. A higher memory span score is indicative of a better
visuo-spatial short-term memory capacity.

Verbal fluency tasks

Verbal fluency in Study 2 was measured with the Hungarian version of the
task'®. Procedure was similar to the one used in Study 1 with two main
differences: the lexical fluency was tested using the letter K and the action
fluency was not measured in this study.

Procedure

In Study 1 the experiment was organized over two sessions. During the first
session, the ASRT task was administered. Participants were informed that
the aim of the study was to study how an extended practice affected per-
formance in a simple reaction time task. Therefore, participants were
instructed to respond as fast and as accurately as they could. Participants
were not given any information about the underlying structure of the task.

Participants completed the ASRT task in a soundproof experimental
booth with a computer screen observable through a window and a four
button (up, down, right left) response box placed over a table. Prior to the 25
blocks of the learning phase, the participants completed a three-block
training phase where stimuli were completely random. Thus, the first three
blocks contained no underlying sequence. This ensured that participants
correctly understood the task instructions and familiarized themselves with
the response keys. At the end of each block, participants received feedback
on the screen reporting their accuracy and reaction time on the elapsed
block. This was followed by a 15 s resting period. Participants were then free
to choose when to start the next block.

The ANT, BCST, CSPAN, GNG and verbal fluency tasks were admi-
nistered in the second experimental session. This session took ~1 h. In order
to avoid a possible fatigue effect in a particular task, the order of presentation
of each task was randomized over participants.

The procedure for Study 2 was similar. The ASRT task was adminis-
tered in the first session and CSPAN, DSPAN, Corsi and verbal fluency tasks
were administered in a second session.

Statistical analysis

Factor analyses. We first aimed to determine the potential latent structure
of our sets of EF measures in a data-driven manner. Therefore, we investi-
gated the factor structure of the EF measures in both of our datasets sepa-
rately, using maximum likelihood exploratory factor analysis (ML EFA)
with varimax rotation, as implemented in the psych package in R'”, with
default settings. To aid interpretation, the scores that reflect error percen-
tages were subtracted from 100, so that higher values represent better per-
formance in all variables. To assess the factorability of the data, we utilised 3
complementary approaches’’. Firstly, we inspected the off-diagonal ele-
ments of the anti-image covariance matrix. If the dataset is appropriate for
factor analysis, these elements should be all above 0.50”". Secondly, we
computed the Kaiser-Meyer-Olkin (KMO) test of sampling adequacy”®. The
higher the overall KMO index, the more appropriate a factor analytic model
is for the data. The original cut-off recommended by Kaiser, 19707 is 0.60,
but other authors have also suggested 0.50”". Finally, we performed Bartlett’s
test of sphericity, which tests the hypothesis that the sample correlation
matrix came from a multivariate normal population in which the variables
of interest are independent'®. Rejection of the hypothesis is taken as an
indication that the data are appropriate for analysis.

We determined the number of factors to extract using Horn’s parallel
analysis'”. This approach is based on comparing the eigenvalues of factors
of the observed data with those of random data from a matrix of the same
size. Factors with higher eigenvalues in the observed, than in the random
data are kept. We used a more stringent criteria, and compared the observed
eigenvalues to the 95th percentile, instead of the mean of the simulated
distributions. Furthermore, our use of ML EFA also allowed us to calculate
multiple fit indices of the applied factor analytic models. Following the
recommendations of Fabrigar et al.* and Hu & Bentler "', we chose to focus
on the Root Mean Square Error of Approximation (RMSEA) and the
Standardized Root Mean Squared Residual (SRMR). According to a com-
monly used guideline, RMSEA values less than 0.05 constitute good fit,
values in the 0.05-0.08 range acceptable fit, values in the 0.08-0.10 range
marginal fit, and values greater than 0.10 poor fit. Similarly, SRMR values
below 0.08 are generally considered indicators of good model fit'"'. After we
determined the number of factors to extract, participant level factor scores
were calculated for all factors, based on Thomson’s '* regression method.

ASRT learning trajectories. ASRT task performance was assessed by
calculating the median reaction times (RT's) of correct responses for high-
and low-probability triplets separately in each epoch. We then computed
learning scores for each epoch by subtracting the median RTs of high-
probability triplets from the median RTs of low-probability triplets. A
greater difference between high- and low-probability trials indicates
greater learning. We excluded from the analysis trills (e.g., 2-1-2) and
repetitions (e.g., 2-2-2) as participants show pre-existing tendencies to
answer faster in these types of triplets. The first five trials (five warm-up
random) of each block and trials with RTs below 100 ms were also
removed from the analysis. These criteria led to the exclusion of 23.0% of
all trials in study 1, and a comparable 23.3% of all trials in study 2.

To evaluate the trajectory of implicit SL and its relationship with the
latent EF factor scores, we fit linear mixed models. Linear mixed models
were fit with the mixed function from the afex package'”, which enabled
appropriate effects coding and accounted for interactions in the models'"*.
The models predicted block-wise median RT's (ms) from three independent
variables of Triplet Type, Block and EF factor scores, and contained all main
effects and higher order interactions as fixed effects, as well as subject-
specific correlated slopes for Block. Triplet Type was a factor variable, effects
coded to reflect the high- and low-probability triplet categories, with Low-
probability triplets being the reference category. Block and EF factor scores
were treated as continuous variables and were mean centered before analysis
to aid interpretation. Assumptions regarding linearity, homoscedasticity
and normality of residuals were evaluated by scatterplots and QQ plots of
residuals and were met in each case. Sample sizes in terms of total number of
data points and of sampling units, random effects estimates, Nakagawa’s
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marginal and conditional R*'"”, and the adjusted ICC are all consistently
reported in summary tables'.

Post-hoc contrasts were conducted with the emmeans R package'"’. For
inference about fixed effects, we used Type III tests, relying on comparing
nested models with the effect of interest either included or removed. For
these tests, we used the Satterthwaite approximation of degrees of
freedom'"®. Figures were created with ggplof2'”’. An alpha level of 0.05 was
used throughout and all significance tests are two-tailed. Data were analysed
with R version 4.2.3. and JASP version 0.16.3.
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Correlations

For the correlational analyses, a single index of implicit SL score for each
participant was obtained by averaging the learning scores across blocks.
Previous results from our group have indicated that while the reliability of
learning scores is low for individual blocks, averaging across at least 25
blocks leads to acceptable levels of reliability*’. Correlations between this
score and the individual EF tasks were then assessed. For the ASRT - EF
factor score correlations that were of primary interest, we also calculated
Bayes factors, using JASP (JASP Team, 2019), with default priors (stretched
beta distribution with a width of 1). We tested the alternative hypothesis that
the two variables are negatively correlated. We also tested the robustness of
our Bayes factors to different prior widths.

Meta-analysis

In addition to testing our hypotheses in each of the two samples separately,
following the recommendation of Braver et al.”?, we also carried out a
continuously cumulating meta-analysis (CCMA) of the two studies. A
meta-analytic approach allows us to pool individual effects sizes into a single
estimate, while quantifying their heterogeneity. In order to make the two
studies comparable, in the two datasets separately, we extracted factor scores
from a single factor ML EFA applied to the set of EF tasks that were shared in
both studies. These were Lexical fluency, Semantic fluency and CSPAN. We
then calculated the Pearson’s correlation between these EF factor scores and
the implicit SL learning scores and ran our meta-analytic model on these
effects. We fit a fixed-effect meta-analysis model implemented in the ‘meta’
R package'*”'”, using the inverse variance pooling method. We expected
little between-study heterogeneity in the effect, therefore a priori, we decided
on a fixed-effect model to test the average true effect in the two studies. We
nevertheless estimated between-study heterogeneity using the REML
estimator'”. As reported below, commonly used measures of heterogeneity
indicated little between-studies variability, validating our choice of a fixed-
effect model. We relied on the REML estimate of the variance of the dis-
tribution of true effects, 12, on the percentage of variability in the effect sizes
that is not caused by sampling error, 12'*, and on Cochran’s Q'*, which can
be used to test whether there is more variation than can be expected from
sampling error alone.
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