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Statistical learning leads to 
persistent memory: Evidence for 
one-year consolidation
Andrea Kóbor1, Karolina Janacsek2,3, Ádám Takács2 & Dezso Nemeth2,3

Statistical learning is a robust mechanism of the brain that enables the extraction of environmental 
patterns, which is crucial in perceptual and cognitive domains. However, the dynamical change of 
processes underlying long-term statistical memory formation has not been tested in an appropriately 
controlled design. Here we show that a memory trace acquired by statistical learning is resistant to 
inference as well as to forgetting after one year. Participants performed a statistical learning task 
and were retested one year later without further practice. The acquired statistical knowledge was 
resistant to interference, since after one year, participants showed similar memory performance on the 
previously practiced statistical structure after being tested with a new statistical structure. These results 
could be key to understand the stability of long-term statistical knowledge.

Statistical learning is a fundamental mechanism of the brain which extracts and represents regularities of our 
environment. It is crucial in perception1–5, associative learning6, predictive processing3, 6, 7, and acquisition of per-
ceptual, motor, cognitive, and social skills; thus, statistical learning underlies many day-to-day activities during 
the entire lifespan8–11. Moreover, statistical learning could be considered as the basis of language acquisition11, 12. 
Despite the extensive research on this field, the strong implicit assumption that statistical learning leads to persis-
tent memory has not yet been empirically tested in a carefully controlled experimental design, and the dynamics 
of those mechanisms underlying consolidation have remained unclear. Here we show direct evidence for the 
one-year retention and resistance to interference of a memory trace that was acquired by statistical learning in 
humans.

An important challenge of neuroscience is to unravel how plasticity leads to memory formation, what are the 
temporal dynamics of memory formation, and how long-term memory traces are retained. Learning-related plas-
tic changes in the brain take place not only during sessions of practice, in the so-called “online” periods, but also 
between sessions of practice, during the so-called “offline” periods13. Offline processing of learnt information is 
referred to as consolidation, which pertains to the stabilization of memory traces after their initial acquisition14–20.

Although some previous studies investigated the long-term retention of different perceptual-motor skills in 
humans using various tasks21–24, only the study of Romano et al.25 examined the long-term stability of statistical 
learning, but even these findings were limited in validity. Although the retention of statistical memory was found 
after one year in a small sample of perceptual-motor skill experts and older non-experts, the authors did not 
investigate whether statistical memory was resistant to new, interfering information. In fact, the general effect of 
interference on statistical learning has not been investigated within an extended time period. In this way, only the 
retention of memory traces could have been measured rather than their consolidation, which could not unravel 
the core processes underlying long-term memory formation. Therefore, the aim of the current study is twofold 
as follows. First, we explore the nature of those dynamic processes that underpin the long-term consolidation of 
statistical regularities by introducing interfering sequences in the course of learning. Second, we provide a valid 
replication of the study conducted by Romano et al.25 on a larger, homogeneous sample and show clear empirical 
evidence that statistical learning leads to persistent and immutable memory traces that are resistant to forget-
ting over a longer stretch of time. This combined approach enables to examine the adaptive nature of learning 
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processes and the robustness of representations related to statistical regularities, since the change in performance 
measured on the previously practiced and the new, interfering sequence could be quantified.

In the current study, healthy young adults performed a statistical learning task and they were retested one 
year later without further practice between the two tests. Statistical learning was induced by a perceptual-motor 
four-choice reaction time task that, unknown to the participant, included a temporal/serial regularity between 
non-adjacent trials. To test the susceptibility of the acquired statistical knowledge to interference, during the 
testing phases, before and after the one-year delay, we changed the underlying statistical structure of the task for 
short periods. Thus, we administered the task with both the previously practiced statistical regularity and a new 
regularity that partially overlapped with the former one. This design enabled us to test not only the retention 
of the acquired statistical knowledge but more importantly, the resistance to interference before and after the 
one-year delay period.

Material and Methods
Participants. Forty-six healthy young adults participated in the three-session-long study and we collected 
data from all of them at each session. However, in the main text, retention of the acquired statistical knowledge 
(i.e., statistical memory) over the one-year period was only assessed for those participants who exhibited signifi-
cant statistical memory before the one-year delay (see also ref. 26). By restricting the sample to these participants, 
we exclude the possibility of learning the statistical regularities only after the one-year delay. Twenty-nine of the 
46 participants met this criterion; therefore, in the main text, one-year retention was tested in the final sample of 
29 adults (mean age = 19.93 years, SD = 1.98 years; mean years of education = 13.36, SD = 1.72 years; 28 females). 
The criterion for showing significant statistical memory is specified in the Statistical Analysis section. In order to 
consider a possible sample selection bias that could have influenced our findings, we also present the results of the 
full sample (46 participants) in the Analysis of the full sample section of the Supplementary Material.

All participants in the final sample as well as in the full sample had normal or corrected-to-normal vision 
and none of them reported a history of any neurological and/or psychiatric condition. All participants provided 
written informed consent before enrollment and received course credits for taking part in the experiment. The 
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 Eötvös Loránd University, Budapest, 
Hungary. The study was conducted in accordance with the Declaration of Helsinki.

Task. The Alternating Serial Reaction Time (ASRT) task was used to induce statistical learning18. In this task, 
a stimulus (a dog’s head) appeared in one of four horizontally arranged empty circles on the screen27. Participants 
were instructed to press a corresponding key (Z, C, B, or M on a QWERTY keyboard) as quickly and accurately 
as possible when the stimulus occurred. Unbeknownst to the participants, the presentation of stimuli followed 
an eight-element sequence, within which predetermined (P) and random (r) elements alternated with each other 
(e.g., 2 − r − 1 − r − 3 − r − 4 − r; where numbers denote the four locations on the screen from left to right, and r’s 
denote randomly chosen locations out of the four possible ones; see Fig. 1A). There were 24 permutations of the 
four possible spatial positions. However, because of the continuous presentation of the stimuli, for each partici-
pant, one of the six unique permutations of the four possible ASRT sequence variations was selected in a pseudor-
andom manner28, 29. For details, please see the Description of sequences section of the Supplementary Material.

The alternating sequence in the ASRT task makes some runs of three consecutive elements (henceforth 
referred to as triplets) more frequent than others. In the example above, 2X1, 1X3, 3X4, and 4X2 (X indicates the 
middle element of the triplet) occurred often since the third elements could have either been a predefined or a 
random element (see Fig. 1B). At the same time, 1X2 and 4X3 occurred less frequently since the third element 
could have only been random. The former triplet types were labeled as “high-probability” triplets while the latter 
types were labeled as “low-probability” triplets30. The third element of a high-probability triplet was more predict-
able from the first element of the triplet than in the case of low-probability triplets. For instance, in the example 
shown on Fig. 1B, Position 3 as the first element of a triplet is more likely (62.5%) to be followed by Position 4 as 
the third element, than either Position 1, 2, or 3 (12.5%, each). In accordance with this principle, each item was 
categorized as either the third element of a high- or a low-probability triplet, and the accuracy and reaction time 
(RT) of the response to this item were compared between the two categories.

This task allows us to separate pure statistical learning from general skill improvements. Statistical learning is 
defined as faster and more accurate responses to high conditional probability events compared to that to low con-
ditional probability ones (Fig. 1B)18. In contrast, general skill improvements refer to the speed-up and changes in 
accuracy, which are independent of the conditional probabilities of the events. These improvements reflect more 
efficient visuomotor and motor-motor coordination due to practice10.

In our study, participants were unaware of the underlying conditional probability structure of the stimulus 
sequence, and they did not even know that they were in a learning situation. Thus an implicit, non-conscious form 
of learning was tested31, 32. This has also been confirmed using a short questionnaire and the Inclusion-Exclusion 
Task (see the Testing the implicitness of the acquired statistical knowledge section).

Procedure. One block of the ASRT task contained 85 trials (stimuli). In each block, the eight-element 
sequence repeated 10 times after five warm-up trials consisting only of random stimuli. The ASRT task was 
administered in three sessions. During the Learning Phase, the task included nine epochs, each containing five 
blocks (45 blocks in total). Both the Testing and the Retesting Phase included only three epochs (i.e., a total of 15 
blocks of stimuli in each session), and these sessions had identical structure (Fig. 1C).

The middle epoch (5 blocks) of both of these sessions (Epoch 11 and 14) served as interference. An inter-
ference sequence was defined as a previously unpracticed repeating sequence that was different from the one 
appearing in all other epochs. For instance, if the original sequence was 2 − r − 1 − r − 3 − r − 4, the interference 
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sequence could be 2 − r − 1 − r − 4 − r − 3. Thus, there was partial overlap between the original sequence and the 
interference sequence. Twenty-five percent of the originally high-probability triplets remained high-probability in 
the interference sequence, while the remaining 75% became low-probability. This means that of the 16 originally 
high-probability triplets, four remained unchanged (“high-high” triplets: HH) and 12 high-probability triplets 
became low-probability ones in the interference sequence (“high-low” triplets: HL). Of the 48 low-probability 
triplets, 12 became high-probability ones in the interference sequence (“low-high” triplets: LH; replacing the 
12 originally high-probability, HL, triplets) and the remaining 36 were low-probability ones in both sequences 
(“low-low” triplets: LL). Examples and frequency statistics for each triplet type are provided in the Description of 
sequences section of the Supplementary Material.

Participants were not told about the change in the underlying sequence during interference blocks. In addi-
tion, they were unaware of the fact that they were going to practice the same task with the same interfering 
sequence one year later.

Statistical Analyses. We followed the data analysis protocol established in previous studies using the ASRT 
task18, 27, 33 and collapsed the blocks of the task into epochs of five blocks. Therefore, the Learning Phase consisted 
of nine epochs, while the Testing and Retesting Phases consisted of three epochs. Epochs are labeled consec-
utively (1, 2, …, 15) in the remainder of paper (see Fig. 1C). Mean accuracy (ratio of correct responses) and 
median RT only for correct responses were determined for each participant and epoch, separately for high- and 
low-probability triplets. Learning scores in the Learning Phase and memory scores in the Testing and Retesting 
Phases were then calculated as the difference between triplet types in RT (RT for low-probability triplets minus 
RT for high-probability triplets) and accuracy (accuracy for high-probability triplets minus accuracy for 
low-probability triplets). Greater score in both measures indicates larger statistical learning/memory. To evaluate 
statistical learning and retention of the acquired statistical knowledge, we conducted repeated measures analyses 

Figure 1. Design of the experiment. (A) In the Alternating Serial Reaction Time (ASRT) task, a stimulus 
appeared in one of four horizontally arranged empty circles on the screen. The presentation of stimuli followed 
an eight-element sequence, within which predetermined (P) and random (r) elements alternated with each 
other. (B) The alternating sequence in the ASRT task makes some runs of three consecutive elements (triplets) 
more frequent than others. High-probability triplets are denoted with yellow coloring and low-probability 
triplets are denoted with green coloring. (C) The ASRT task was administered in three sessions. During the 
Learning Phase, the ASRT task included nine epochs (one epoch was a cluster of five blocks, and each block 
consisted of 85 stimuli). Both the Testing and the Retesting Phase included only three epochs with identical 
structure. The middle epoch of both of these sessions (Epoch 11 and 14) served as interference with the 
repeating sequence being different from the one appearing in all other epochs.
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of variance (ANOVAs) and paired-samples t-tests. Greenhouse-Geisser epsilon (ε) correction was used when 
necessary. Original df values and corrected p values (if applicable) are reported together with partial eta-squared 
(ηp

2) as the measure of effect size. Analyses and results concerning accuracy are only reported in the Analysis of 
accuracy data section of the Supplementary Material; here we focus on RT measures.

Only those participants were included in the final sample who showed significant statistical memory in the 
Testing Phase. This was evaluated blockwise in the following way. (1) We considered only those 10 blocks of the 
Testing Phase in which we presented the same repeating sequence to participants as in the Learning Phase. These 
blocks are henceforth referred to as non-interference blocks or epochs (the cluster of five blocks; Fig. 1C). (2) In 
the Testing Phase, median RT for correct responses was calculated for each participant, block, and triplet type. (3) 
Then we calculated the statistical memory score (difference in RTs for low- vs. high-probability triplets) for each 
participant and each block. This yielded 10 memory scores per participant. (4) A one-sample t-test against zero 
was run on these scores for each participant separately to confirm whether a participant showed any significant 
statistical memory. (5) If the mean of the 10 blocks deviated significantly from zero (in the positive direction), the 
given participant was included in the final sample. A deviation from zero was regarded as significant if the p-value 
was less than 0.050. Twenty-nine participants met this criterion (mean score = 18.68 ms, SD = 7.96 ms).

As the focus of the current study is on the retention of statistical memory, we performed Bayesian 
paired-samples t-tests and calculated the Bayes Factor (BF) for the relevant comparisons (see the Results section 
below). The BF is a statistical technique that helps conclude whether the collected data favors the null-hypothesis 
(H0) or the alternative hypothesis (H1); thus, the BF could be considered as a weight of evidence provided by the 
data34. It is an effective mathematical approach in consolidation studies where it is expected that the acquired 
evidence supports H0 rather than H1

35–37. In this case, H0 is the lack of difference between the two means, and 
H1 states that the two means of memory scores differ. BFs were calculated using the JASP (version 0.8, see refs 
38 and 39). Here we report BF01 values. According to Wagenmakers et al.34, BF01 values between 1 and 3 indicate 
anecdotal evidence for H0, while values between 3 and 10 indicate substantial evidence for H0. Conversely, while 
values between 1/3 and 1 indicate anecdotal evidence for H1, values between 1/10 and 1/3 indicate substantial 
evidence for H1. If the BF is below 1/10, 1/30, or 1/100, it indicates strong, very strong, or extreme evidence for H1, 
respectively. Values around one do not support either H0 or H1.

Results
The prerequisite of memory consolidation. Before memory consolidation can be assessed, significant 
statistical learning needs to occur preceding the long delay period, i.e., during the Learning and Testing Phases. 
As we report data of those participants who showed significant statistical memory in the Testing Phase, here in 
this analysis we only confirm that these participants – as a group – indeed exhibit significant statistical learn-
ing before the one-year delay period. Statistical learning during the Learning Phase was tested with a two-way 
repeated measures ANOVA for RT with TRIPLET (high- vs. low-probability) and EPOCH (1–9) as within-sub-
jects factors. The ANOVA revealed significant statistical learning and general skill improvements (significant 
main effects of TRIPLET, F(1, 28) = 96.71, p < 0.001, ηp

2 = 0.774, and EPOCH, F(8, 224) = 72.08, ε = 0.303, 
p < 0.001, ηp

2 = 0.720). Participants were increasingly faster on high- than on low-probability triplets as the task 
progressed (TRIPLET*EPOCH interaction, F(8, 224) = 7.51, ε = 0.617, p < 0.001, ηp

2 = 0.212; see Fig. 2).

Figure 2. Temporal dynamics of statistical learning across epochs and sessions. Group-average (n = 29) RT 
values for correct responses as a function of the epoch (1–15) and trial type (high- vs. low-probability triplets) 
are presented. In the interference epochs of the Testing and Retesting Phase, LH and LL triplets corresponded to 
high- and low-probability triplets, respectively. Error bars denote standard error of mean.
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Thus, there was evidence for both statistical learning and general skill improvements during the Learning 
Phase. Significant statistical learning and general skill improvements before the one-year delay also took place 
during the Testing Phase, as this was the criterion for participants to be included in the final sample.

Resistance to forgetting. To test the one-year retention of the learned statistical contingencies, we first 
checked whether there is any change in statistical memory performance between the non-interference epochs 
of the Testing and Retesting Phases (i.e., resistance to forgetting; see Fig. 1C). An ANOVA was conducted for RT 
with SESSION (Testing vs. Retesting), TRIPLET (high- vs. low-probability), and EPOCH (10, 12 vs. 13, 15) as 
within-subjects factors. We found evidence for retained statistical memory after one-year delay (non-significant 
SESSION*TRIPLET interaction, F(1, 28) = 0.08, p = 0.774, ηp

2 = 0.003, BF01 = 4.873) with similar memory scores 
during Testing and Retesting Phases (see Fig. 3A and Table S1).

Irrespective of the retention of statistical memory, the same ANOVA revealed partially decreased general skills 
over the one-year delay. Participants were significantly slower in the Retesting Phase compared to the Testing 
Phase (significant main effect of SESSION: F(1, 28) = 24.32, p < 0.001, ηp

2 = 0.465, BF01 = 0.001; cf. Fig. 2 and 
Table S1). These results suggest that while statistical learning leads to persistent memory representations over the 
one-year delay, some aspects of general skills undergo forgetting over this period.

The effect of the interference sequence. Testing Phase. The effect of interference sequence on statis-
tical memory was evaluated in three steps. First, we tested whether significant learning of the changed statistical 
regularities occurred in the interference epoch. As the interference sequence was partly overlapping with the 
practiced sequence, some triplets in the interference epoch changed (from low- to high-probability or vice versa) 
and other triplets remained the same as in the non-interference epochs. To determine the extent of learning these 
changed probabilities, we calculated the difference in RTs and accuracy (i.e., memory scores) between those tri-
plets that remained low-probability throughout the whole task (LL) and those ones that became high-probability 

Figure 3. Retention of the acquired statistical knowledge. (A) Resistance to forgetting. Group-average (n = 29) 
of memory scores measured by RT for the non-interference epochs of the Testing (mean of Epochs 10, 12) and 
the Retesting Phase (mean of Epochs 13, 15). (B) Resistance to interference. Memory scores measured by RT for 
the non-interference (Epoch 10, Epoch 12, Epoch 13, Epoch 15) and interference (Epoch 11, Epoch 14) epochs 
of the Testing and the Retesting Phase, respectively. In subpart B, in the interference epochs, LH and LL triplets 
corresponded to high- and low-probability triplets, respectively. In the non-interference epochs, HL and LL 
triplets corresponded to high- and low-probability triplets, respectively. Error bars denote standard error of 
mean.
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in the interference epoch (LH). If participants have successfully adapted to the changed probabilities, we should 
find faster RTs/higher accuracy for LH triplets compared to the LL ones. Note, that the only difference between 
these triplets is that LH triplets became high-probability in the interference epochs, while the LL triplets did not, 
but otherwise both of them were low-probability in the original, practiced sequence (occurred with a similar 
frequency in the non-interference epochs). Again, analyses and results concerning accuracy are only reported in 
the Supplementary Material.

Second, if statistical memory acquired during previous practice was robust against interference, performance 
on the non-interference epoch (Epoch 12) following the interference epoch (Epoch 11) should be comparable 
to that on the non-interference epoch (Epoch 10) preceding the interference epoch. To determine whether the 
acquired statistical knowledge was robust against interference, we calculated the difference in RTs and accuracy 
(i.e., memory scores) between those triplets that remained low-probability throughout the whole task (LL) and 
those ones that were high-probability in the non-interference epochs but became low-probability in the interfer-
ence epochs (HL). This way, we excluded those triplets from this comparison that were high-probability in the 
interference epoch (HH and LH). Importantly, significant statistical learning on the interference sequence was 
not a prerequisite of testing the resistance of the original statistical knowledge against interference.

First, we found statistical learning on the interference epoch as the statistical memory score for RT (LL 
minus LH) significantly differed from zero (M = 5.40 ms, t(28) = 2.58, p = 0.015, BF01 = 0.316; see Fig. 3B). 
Second, we compared statistical memory performance in the two non-interference epochs of the Testing Phase, 
and found resistance to interference since there was no significant difference between Epoch 12 and Epoch 10 
(MEpoch12 = 17.86 ms vs. MEpoch10 = 18.72 ms; t(28) = 0.33, p = 0.742, BF01 = 4.814; see Fig. 3B). In the case of the 
non-interference epochs, HL and LL triplets corresponded to high- and low-probability triplets, respectively.

In summary, the significant statistical learning during interference is evidence that participants acquired new 
statistical information in the Testing Phase as they became faster on those high-probability triplets that has orig-
inally been low-probability ones (LH). In addition, we found efficient resistance to interference as before and 
after the interference, statistical memory performance remained similar on those triplets that participants rarely 
practiced during interference (HL).

Retesting Phase. To examine the effect of interference after one year has elapsed, we followed those two analysis 
steps described above in relation to the Testing Phase. First, we did not find statistical learning on the interference 
epoch as the statistical memory score for RT (LL minus LH) did not differ significantly from zero (M = −1.26 ms, 
t(28) = −0.54, p = 0.593, BF01 = 4.429; see Fig. 3B). Second, we compared statistical memory performance in 
the two non-interference epochs of the Retesting Phase, and found resistance to interference since there was no 
significant difference between Epoch 15 and Epoch 13 (MEpoch15 = 18.47 ms vs. MEpoch13 = 15.72 ms; t(28) = −0.76, 
p = 0.457, BF01 = 3.901; see Fig. 3B). Again, in the case of the non-interference epochs, HL and LL triplets corre-
sponded to high- and low-probability triplets, respectively.

In summary, results suggest that participants did not acquire new statistical information on the interference 
sequence in the Retesting Phase as they responded with similar RTs to LH and LL triplets. At the same time, par-
ticipants showed efficient resistance to interference as statistical memory performance remained similar on those 
triplets that participants rarely practiced during interference (HL).

Comparing the effect of interference sequence across Testing and Retesting Phases. First, in order to directly test 
whether the degree of learning new statistical information differed between the Testing and Retesting Phases, 
we compared the statistical memory scores between the interference epochs of the two sessions. The statistical 
memory score was significantly higher after 24 hours than after one year (5.40 ms vs. −1.26 ms, respectively, 
t(28) = 2.39, p = 0.024, BF01 = 0.452; see Fig. 3B).

Second, we examined whether the acquired statistical knowledge was resistant to interference across the 
Testing and Retesting Phases in a similar level. Particularly, we tested whether the difference in statistical mem-
ory scores between Epoch 12 and 10 and the difference in statistical memory scores between Epoch 15 and 13 
were similar. Again, we compared performance on HL and LL triplets. We found evidence for the same level 
of resistance to interference in the Testing and Retesting Phases (MEpoch12-10 = −0.86 ms vs. MEpoch15-13 = 2.74 ms; 
t(28) = −0.72, p = 0.476, BF01 = 3.986; see Fig. 3B).

In sum, results suggest that statistical learning was weaker on the interference epoch in the Retesting Phase 
than in the Testing Phase. However, statistical knowledge was resistant to interference in a similar degree in the 
Testing and Retesting Phases.

Testing relearning the statistical regularities after one-year delay. To rule out the possibility that 
the one-year retention of statistical memory is due to relearning in the Retesting Phase, additional ANOVAs were 
run with SESSION (Learning vs. Retesting Phase), TRIPLET (high- vs. low-probability), and EPOCH (1 and 2 vs. 
13 and 15) as within-subjects factors (see Fig. 1C and Table S1). The significant SESSION*TRIPLET interaction 
(F(1, 28) = 25.34, p < 0.001, ηp

2 = 0.475) showed larger statistical memory after the one-year delay than at the 
beginning of the Learning Phase (MEpochs13,15 = 18.10 ms vs. MEpochs1,2 = 7.26, BF01 = 0.001). In sum, the learning 
measure confirms that participants did not relearn the task after the one-year delay, which provides further evi-
dence for the one-year retention of statistical memory.

Testing the implicitness of the acquired statistical knowledge. To test whether participants gained 
explicit/conscious knowledge about the statistical regularities underlying the ASRT task, which could have influ-
enced both learning and consolidation processes, first we administered a short questionnaire18 at the end of the 
Retesting Phase. This questionnaire included increasingly specific questions such as “Have you noticed anything 
special regarding the task? Have you noticed some regularity in the sequence of stimuli”? The experimenter rated 
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subjects’ answers on a 5-item scale, where 1 was “Nothing noticed” and 5 was “Total awareness”. None of the par-
ticipants reported noticing any regularities in the task.

In addition, we administered the well-established “Process Dissociation Procedure”, PDP40, using an 
Inclusion-Exclusion task41–45. First, we asked the participants to generate a sequence of key presses that follows 
the regularity of the ASRT task, using the same response buttons as the ones they used in the ASRT task. There 
were four runs of the task with this inclusion instruction, and each run was finished after 24 key presses were 
made. Second, participants were asked to generate new sequences of key presses by excluding all information they 
(might have) consciously gained about the regularity of the ASRT task and trying to press the response buttons 
according to a new regularity they had never practiced before. There were four runs of the task with this exclusion 
instruction, and each run was finished after 24 key presses were made.

According to the PDP, successful performance in the inclusion condition can be achieved by using solely one’s 
implicit knowledge, since participants are asked to do the exact same thing as they did during performing the 
main task that contained the statistical regularities. Explicit knowledge in this case can further improve perfor-
mance but it is not necessary for being able to perform the task successfully. Thus, in the inclusion condition, both 
implicit/non-conscious and explicit/conscious knowledge can lead to successful performance.

In contrast, in the exclusion condition, implicit and explicit knowledge work in opposition since only the con-
scious knowledge of statistical regularities can make it possible for participants to generate a different sequence 
of key presses and hence perform the exclusion task successfully. Generation of (thus, failure to exclude) the 
learned statistical regularities in the exclusion task indicates reliance on one’s implicit knowledge, which cannot 
be controlled consciously.

To test whether participants gained conscious knowledge of the statistical regularities, we calculated the 
percentage of producing high-probability triplets in the inclusion and exclusion conditions separately. Then we 
compared these percentages to chance level, which is 25% in this case, because out of the 64 possible triplets that 
participants can generate, only 16 triplets are more predictable in any of the ASRT sequences. If participants 
generated more high-probability triplets in the inclusion task than it would have been expected by chance, it can 
indicate either implicit or explicit knowledge about the statistical regularities. In contrast, if participants gener-
ated more high-probability triplets in the exclusion task than it would have been expected by chance, it can only 
indicate implicit knowledge and lack of conscious control over their knowledge because they failed to exclude this 
knowledge.

Participants generated 7.76% more high-probability triplets in the inclusion task than it would have been 
expected by chance (t(28) = 5.37, p < 0.001, BF01 = 4.789 × 10−4). More interestingly, they also generated more 
high-probability triplets in the exclusion task than it would have been expected by chance (6.19%; t(28) = 4.28, 
p < 0.001, BF01 = 0.007), showing that they lacked the conscious control and were unable to exclude the acquired 
statistical knowledge to successfully perform this part of the task. The above chance percentage of high-probability 
triplets did not differ between the inclusion and exclusion conditions (t(28) = 0.78, p = 0.442, BF01 = 3.834), sug-
gesting that participants were relying on their implicit knowledge about the statistical regularities both in the 
inclusion and exclusion conditions.

In summary, these results confirm that participants did not gain explicit knowledge about the statistical regu-
larities but used their implicit knowledge to perform the Inclusion-Exclusion Task.

Discussion
In this study, we have shown clear evidence for the long-term consolidation of statistical memory in a carefully 
controlled experimental design, which involved interference manipulation. Moreover, we have highlighted how 
learning processes underlying statistical memory changed over a longer stretch of time. Statistical memory scores 
were similar after 24 hours and one year, irrespective of the type of learning measure (i.e., accuracy or RT, see 
Supplementary Material). Participants successfully acquired and stabilized the previously learned material, and 
after 24 hours, they learnt new, interfering statistical information. Statistical memory performance on the primar-
ily practiced sequence was resistant to the interfering effect of adding a new sequence after 24 hours and one year 
in a comparable degree, which indicates that the acquired statistical knowledge remained persistent over time19.

Previous studies have shown that some aspects of skill acquisition are based on probabilistic perception 
and probabilistic learning1, 11, 46, 47. However, it has not been proven that statistical learning alone can lead to 
long-lasting representations, because in other studies and observations, several confounding factors were pres-
ent: For instance, practice after the initial acquisition of statistical regularities together with the intervention of 
higher-order cognitive processes (as a result of the person intending to learn the given skill) could lead to reacti-
vation, reconsolidation, and substantial alteration of the original memory traces. Therefore, our study took five 
possible confounds of consolidation into account. First, we controlled for short-term (i.e., 24-hour) consolidation 
of the acquired knowledge of conditional probabilities by inserting a Testing Phase. Second, we used identical 
design in the Testing and the Retesting Phase by inserting an interference epoch in both sessions in order to test 
both resistance to forgetting and resistance to interference after one year. In addition, learning on the interference 
sequence and resistance to interference were directly tested by quantifying how successfully participants have 
adapted to the changed probabilities in the interference and non-interference epochs. Third, we ruled out the 
possibility of relearning by showing better performance after the one-year period than at the very beginning of 
the Learning Phase. Fourth, there was no intervening practice during the one-year period, minimizing the pos-
sibility of reactivation of the acquired statistical memory during this time window. Fifth, learning was implicit 
because participants were unaware of the learning situation, the statistical structure of the stimulus stream, as well 
as of the fact that they will be tested one year later, controlling for any confounding effects of explicit strategy use 
during memory encoding and consolidation. Moreover, our results are supported by Bayesian statistics besides 
general linear models (cf. Materials and methods). Although our conclusions are based on a restricted sample 
of participants with robust statistical memory before the one-year delay, results of the full sample also indicate 
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that the acquired statistical memory trace was resistant to interference as well as to forgetting after one year (see 
the Analysis of the full sample section of the Supplementary Material). With the latter analyses, we could ensure 
that the results are not influenced by a possible sample selection bias. Therefore, in regard to the applied rigorous 
methodology, results of the present study further extend the findings of Romano et al.25 about the long-term 
retention of statistical regularities.

The retention of statistical knowledge after the long delay extends the findings of Nemeth and Janacsek14 and 
Meier and Cock16, who found comparable retention of sequential memory across 12-hour, 24-hour, and one-week 
delay intervals. It is conceivable that those processes related specifically to the retention of statistical knowledge 
do not change already after 12-hour delay (see also refs 29 and 48), which is also in line with our finding that the 
acquired statistical knowledge was equally robust to interference both after 24 hours and one year. Our results 
are also comparable to the findings of Arciuli and Simpson49 showing stable, consistent, and sleep-independent 
statistical learning over the medium term (30 min, 1-, 2-, 4-, and 24-hour) in a different statistical learning task 
(embedded triplet paradigm).

In our design, general skill improvements refer to general speed-up, independent of the statistical structure 
of the task, reflecting more general learning mechanisms. Previous studies14, 16 found improved general skills 
both after 24 hours and one week compared to the end of the training session, but the degree of improvement did 
not differ between the two delay intervals. Moreover, retained general skills were also found after one year25. In 
the present study, general skills were retained over the one-year period measured by accuracy (see Resistance to 
forgetting section of the Supplementary Material) but were decreased measured by RT (i.e., slower overall RT). It 
is possible that the lack of practice on the ASRT task might have affected only the speed and not the precision of 
visuomotor coordination, which resulted in slower RTs after the one-year delay. This finding suggests that some 
aspects of general skills undergo forgetting over one year if no further practice is intervened. However, overall 
accuracy and RT were decreased after one year as compared to the beginning of the first session (see the main 
effects of SESSION in Table S1), suggesting that the general skill was retained at least in some degree (cf. ref. 25). 
The latter evidence also corroborates our previous statement about the implausibility of relearning the ASRT 
task after the offline period. Nevertheless, future studies need to disentangle how these aspects of general skills 
consolidate over a longer stretch of time (cf. ref. 21). In the neuroscience of skill learning, a long-standing issue 
is that general skill learning mechanisms are heavily intertwined with statistical or sequence-specific learning, 
which hinders the possibility to draw conclusions about statistical learning itself. Following the protocol of pre-
vious studies50, 51, here we separated pure statistical learning from these mechanisms and directly investigated the 
one-year retention of pure statistical learning.

Our results suggesting that the representation of the original statistical structure is immune to interference 
and learning a similar but new statistical structure is more demanding extend the study of Gebhart et al.52. In an 
auditory statistical learning task where two different statistical structures (artificial languages) determined the 
presented stimuli, Gebhart et al.52 showed that participants could learn only the first structure of speech streams 
if no explicit information was given about the change in structure during the task or the second structure was 
not presented for a longer duration. Accordingly, it is conceivable that more blocks of the interference sequence 
in our design could have increased the chance to relearn the interference sequence after one year elapsed, and 
the primacy effect (see also e.g., refs 53–56) of the first statistical pattern could be disrupted. We should note that 
the difference in learning scores in the interference epochs between 24 hours and one year was relatively small 
in the restricted sample, which might have changed if more chance to practice had been provided. In the full 
sample, the acquisition of new statistical information on the interference sequence after 24 hours was limited, 
and no difference was found in the learning scores of the interference epochs between 24 hours and one year. 
Therefore, we could not show robust evidence for the change in learning a new statistical structure over a long 
delay. Importantly, as the Gebhart et al.52 study showed, learning a new structure did not attenuate performance 
on the original structure, which was also the case in our study after the 24-hour delay (i.e., resistance to interfer-
ence). Nevertheless, it still remains unclear whether far more practice on the interference sequence could cause 
performance deterioration on the non-interference sequence, or the different representations of the two statistical 
structures could be maintained at the same time and individuals could flexibly switch between them.

An advantage of having a more stable or elaborated primary structure is that the underlying cognitive/per-
ceptual mechanisms remain sensitive to this structure later, even if the organism has to learn other statistical 
regularities in the meantime52. Meanwhile, it has been shown that stable initial memory representations disabled 
learning transfer between different memory tasks57. The long-term impact of the primarily acquired statistical 
structure and its predictive power have also been demonstrated in the perception of the auditory environment58, 59  
and in processing native and non-native phonetic features of word stress60 as indicated by event-related brain 
potentials (e.g., the mismatch negativity). In line with the previous studies, our results suggest the more influential 
role of the primarily learnt statistical structure.

Results of the present study are also compatible with the strong impression coming from daily experience 
that skills, such as speaking a language or playing tennis, once acquired, are persistent throughout life. Moreover, 
by giving insight to the dynamic change of underlying learning processes, we could provide an experimentally 
well-controlled design and a possible explanatory framework for other studies investigating the long-term reten-
tion of statistical structures embedded in other perceptual/cognitive domains under more natural circumstances. 
For instance, on a small sample of participants, Frank et al.12 found retention of large-scale artificial languages 
even after three years, although participants were only exposed to these languages for 10 days without directly 
paying attention to the presented chunks of languages. The authors claimed this was evidence that statistical 
learning skills related to speech segmentation could be applied to the lexicons of natural languages. A simple 
paradigm such as the ASRT task might be used over an even longer time period to test the upper bound of the 
retention of statistical knowledge, and to obtain a clearer insight to the characteristics of processes determining 
consolidation in such a large-scale as language acquisition (see also ref. 61).

http://S1
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Taken together, the present study shows that probabilistic mechanisms are not only present in perception 
and learning but also that their results remain stable over longer periods of time. Specifically, we demonstrated 
that statistical knowledge was resistant to interference and also to forgetting after one year. Our experimental 
design also enabled to test how the neurocognitive processes underlying statistical learning changed over this 
time period. In the long run, these results can help build a better computational framework46 of systems-level 
brain mechanisms that underlie learning and memory.
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