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Abstract
Statistical learning refers to the process by which individuals discover statisti-
cal regularities such as transitional probabilities within a continuous stimulus
stream, first introduced in the classic infant speech segmentation study by Saf-
fran et al. (1996). A substantial body of research has confirmed the ubiquitous
nature of statistical learning, and recent scholarly attention has shifted toward
investigating the specificity of statistical learning and its influence on cognition,
particularly by explicating the cognitive neural mechanisms of statistical learn-
ing from both the learning process and its specificity, and revealing its interac-
tion with language. Future research should adopt a multimodal brain-behavior
data perspective, enrich the behavioral and neural indices of statistical learning
outcomes, examine the dynamic neural activity patterns underlying different
types of statistical learning processes, establish brain-behavior associations in
statistical learning, deepen our understanding of the cognitive neural mecha-
nisms of statistical learning, and based on the interaction between statistical
learning and language, explore statistical learning intervention approaches that
facilitate language learning by targeting adult second language acquisition and
incorporating musical statistical learning training.
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Abstract: Statistical learning (SL) refers to the process by which individuals
discover statistical regularities such as transitional probabilities within contin-
uous streams of stimuli, a concept first introduced in Saffran et al.’s (1996)
seminal study on infant speech segmentation. While numerous studies have
confirmed the ubiquitous nature of SL, recent research has begun to focus on its
specificity and impact on cognition. In particular, investigations have explored
the cognitive and neural mechanisms of SL from the perspectives of both learn-
ing processes and domain specificity, while also revealing its interactive relation-
ship with language. Future research should adopt a multimodal data perspective
encompassing both brain and behavioral measures, enrich the behavioral and
neural indices of SL outcomes, examine the dynamic neural activity patterns
underlying different types of SL processes, establish brain-behavior correlations
in SL, and deepen our understanding of its cognitive and neural mechanisms.
Building upon the interaction between SL and language, future studies should
also examine SL-based interventions for language learning, particularly through
adult second language acquisition and music-based SL training.

Keywords: statistical learning; transitional probability; specificity; language;
multimodal data

Statistical learning (SL) is the process through which individuals gradually dis-
cover statistical regularities in continuous streams of external stimuli. Individual
differences in SL reflect sensitivity to statistical structural information such as
frequency and probability distributions, and SL exerts important influences on
cognitive activities including language (Arnon, 2019; Erickson & Thiessen, 2015;
Saffran & Kirkham, 2018; Thiessen, Kronstein, & Hufnagle, 2013; Wu & Deng,
2012). The concept of SL was first introduced in Saffran, Aslin, and Newport’
s (1996) classic study on auditory speech segmentation in 8-month-old infants.
In this study, infants were presented with a 2-minute continuous speech stream
composed of four trisyllabic nonsense words: bidaku, padoti, golabu, and tupiro.
The results demonstrated that infants could perceive differences in transitional
probability (TP) between syllables within the continuous speech stream, thereby
exhibiting lexical segmentation ability.

TP, calculated as a conditional probability, is determined as follows: Assuming
two syllables X and Y appear sequentially as XY, the probability of Y occurring
given X (termed“forward TP”) is P(Y|X) = P(XY)/P(X), while the probability
of X occurring given Y (termed “backward TP”) is P(X|Y) = P(XY)/P(Y).
Here, P(XY) represents the frequency of XY co-occurrence in the entire stim-
ulus sequence, P(X) represents the frequency of X, and P(Y) represents the
frequency of Y. Unless otherwise specified, TP in SL research generally refers
to forward TP. Consequently, TP between syllables within the same word is
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necessarily higher than TP between syllables across word boundaries. If indi-
viduals can perceive these TP differences, they can achieve lexical segmentation
and recognition (Aslin, Saffran, & Newport, 1998; Saffran, Aslin, & Newport,
1996). Sensitivity to TP has a neurophysiological basis; research has found
that the amplitude of mismatch negativity (MMN) effectively reflects TP differ-
ences in auditory stimulus sequences (Fitzgerald & Todd, 2018; Koelsch, Busch,
Jentschke, & Rohrmeier, 2016).

The classic SL paradigm comprises two phases: a stimulus familiarization phase
and a learning outcome test phase. Using visual SL tasks as an example, the
stimulus materials consist of 24 abstract black shapes (as shown in [Figure 1:
see original paper]) that form 8 triplets. During the familiarization phase, par-
ticipants view a 10-minute stream of visual shapes, with each shape presented
for 200 ms followed by a 200 ms interval. The order of the 8 triplets is pseudo-
random, with the same triplet never appearing consecutively. The sequential
order within each triplet remains fixed, and each triplet repeats 75 times. Par-
ticipants are instructed to attend to the shapes appearing sequentially at the
center of the screen, but are not informed about the existence of triplets. In
the test phase, participants complete 32 trials of a two-alternative forced-choice
(2AFC) recognition test. In each trial, two triplets are presented sequentially:
one is a target stimulus that appeared repeatedly during familiarization (TP =
1), while the other is a foil composed of three shapes from the 24-shape set that
never appeared together during familiarization (TP = 0). Participants must
judge which of the two triplets feels more familiar. Successful recognition of
familiarized triplets from foils demonstrates that participants engaged in SL of
the TP relationships between shapes during familiarization, with recognition
accuracy serving as a crucial behavioral index of individual visual SL ability
(Frost, Siegelman, Narkiss, & Afek, 2013). Batterink and Paller proposed that
SL comprises at least two subcomponents related to perceptual and memory
processing: perceptual grouping and memory storage/retrieval. In auditory SL
of language, perceptual grouping primarily involves combining adjacent stimuli
that repeatedly co-occur (e.g., syllables “tu”and “be”) into a composite unit
(e.g., the disyllabic word“tube”)—a process of lexical segmentation—while mem-
ory storage involves retaining these composites for later retrieval during the test
phase (Batterink & Paller, 2017, 2019).

[Figure 1: see original paper] Visual statistical learning stimulus materials
(adapted from Frost et al., 2013)

Traditional perspectives posit two external characteristics of the SL process:
first, learners receive no external guidance during learning and are not informed
about what to learn during familiarization; second, learners lack explicit aware-
ness of the acquired statistical knowledge. While test performance can reveal
whether learners have mastered the statistical regularities, even successful learn-
ers cannot explicitly report them. Researchers often associate SL with implicit
learning, which refers to learning without external guidance and without ex-
plicit awareness of what has been learned, a concept first introduced by Reber
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(1967) (Batterink, Reber, Neville, & Paller, 2015). Moreover, both SL and im-
plicit learning involve statistical structural information such as sequences and
probabilities, leading many researchers to directly term SL“implicit statistical
learning”(Goujon, Didierjean, & Thorpe, 2015; Jost, Conway, Purdy, Walk, &
Hendricks, 2015; Perkovic & Orquin, 2018). However, some researchers have
questioned the validity of using the single behavioral criterion of “inability to
explicitly report statistical regularities”to judge the characteristic of “lack of
explicit awareness”in SL, arguing that this all-or-nothing metric may be overly
simplistic and strict, potentially underestimating learners’explicit knowledge.
Using subjective confidence ratings for choices made during forced-choice tests
as an external behavioral index of explicit SL knowledge, researchers have found
that individuals’subjective confidence in their test choices correlates significantly
with their SL recognition performance (Batterink et al., 2015; Bertels, Franco,
& Destrebecqz, 2012). Thus, even when individuals cannot report specific sta-
tistical regularities, this does not necessarily indicate a complete lack of explicit
knowledge. Recent proposals suggest that while SL and implicit learning over-
lap, they emphasize different aspects: SL focuses more on learning content, such
as statistical structural information like frequency and probability distributions,
whereas implicit learning emphasizes learning characteristics, including whether
knowledge representations take the form of abstract rules or exemplars and the
degree of learners’explicit awareness (Arnon, 2019). Clarifying the relative
relationship between SL and implicit/explicit learning requires integration of
cognitive and neuroscientific evidence regarding the SL process.

Since its introduction, subsequent research has confirmed the ubiquitous exis-
tence of SL across various cognitive domains (linguistic and non-linguistic), sen-
sory modalities (visual and auditory), age groups (infants, children, and adults),
populations (healthy individuals and those with autism spectrum disorder), and
even species (humans and monkeys) (Arnon, 2019; Kirkham, Slemmer, & John-
son, 2002; Milne, Petkov, & Wilson, 2018; Monroy, Meyer, Schroer, Gerson,
& Hunnius, 2019; Newport, 2016; Raviv & Arnon, 2018; Roser, Aslin, McKen-
zie, Zahra, & Fiser, 2015; Saffran & Kirkham, 2018; Santolin & Saffran, 2018;
Schwab et al., 2016; Shufaniya & Arnon, 2018; Slone & Johnson, 2018; Tang
et al., 2015). Early perspectives suggested that since infants already possess
SL ability, it represents an early-maturing capacity that does not change sig-
nificantly with age. For instance, research found no significant differences in
auditory SL performance between 6-year-old children and adults (Saffran, New-
port, Aslin, Tunick, & Barrueco, 1997). However, recent evidence supports the
view that individual SL ability develops with age while being constrained by
stimulus type and modality. While auditory SL of linguistic stimuli in children
aged 5–12 appears unaffected by age, both visual SL and auditory SL of non-
linguistic stimuli improve with age (Arciuli & Simpson, 2011; Raviv & Arnon,
2018; Shufaniya & Arnon, 2018). In recent years, researchers have begun in-
vestigating the specificity of different types of SL across domains, modalities,
and individuals, as well as their roles in cognition such as language (Frost et al.,
2015; Krogh, Vlach, & Johnson, 2012).
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Recent research demonstrates significant individual differences in SL. Although
group mean performance typically exceeds chance levels, the distribution of in-
dividual SL scores shows substantial variability, with approximately one-third
of participants performing below chance (Arnon, 2019; Frost et al., 2015; Siegel-
man, Bogaerts, & Frost, 2017; Siegelman & Frost, 2015). A study examining
auditory SL across young, middle-aged, and older adult groups found age-related
decline in SL, which correlated with decreased working memory updating abil-
ity (Palmer, Hutson, & Mattys, 2018). Evidence from children’s literacy skills
(Spencer, Kaschak, Jones, & Lonigan, 2015), children’s comprehension of pas-
sive sentences and object relative clauses (Kidd & Arciuli, 2016), and university
students’processing of relative clauses (Misyak, Christiansen, & Tomblin, 2010)
indicates that these individual differences in SL directly affect its role in lan-
guage processing. These findings will be elaborated in the section on SL’s role
in language. Therefore, this review will focus on summarizing and analyzing
new developments in two main areas: the cognitive and neural mechanisms of
SL, and the relationship between SL and language, while proposing directions
for future research.

2. Cognitive and Neural Mechanisms of Statistical Learn-
ing
Following extensive behavioral research confirming the ubiquitous nature of SL
across domains, modalities, and populations, researchers have begun investigat-
ing its underlying cognitive and neural mechanisms, focusing primarily on the
neural mechanisms of the SL process itself and the specificity of SL. These two
aspects will be elaborated below.

2.1 Neural Mechanisms of the Statistical Learning Process

The complete SL process includes both the stimulus familiarization phase and
the learning outcome test phase. In fact, the familiarization phase represents the
truly“pure”online learning process, encompassing both perceptual grouping and
memory storage, while the test phase primarily reflects memory retrieval. Cu-
nillera and colleagues’ERP studies on auditory SL revealed that during familiar-
ization, syllable triplets forming nonsense words elicited a significant N400-like
negative component between 300–500 ms compared to non-word triplets, with
amplitude decreasing as exposure time increased. The researchers identified this
component as a neurophysiological marker of lexical segmentation. Subsequent
fMRI research found significant activation in the posterior superior temporal
gyrus and dorsal premotor cortex during lexical segmentation (Cunillera et al.,
2009; Cunillera, Toro, Sebastian-Galles, & Rodriguez-Fornells, 2006). Batterink
and Paller (2017) compared neural entrainment during familiarization between
streams with consistent word-forming patterns and random streams, further re-
vealing the neurophysiological patterns of perceptual grouping. Using Morlet
wavelet transforms, they calculated a word learning index (WLI) as the ratio of
inter-trial coherence (ITC) at word frequency to ITC at syllable frequency. Re-
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sults showed that WLI was greater for structured streams than random streams,
with this difference increasing as stimulus familiarity grew. Moreover, EEG WLI
during familiarization predicted behavioral performance in the lexical learning
test phase. Additionally, Batterink and Paller (2019) employed a visual cross-
modal interference task to compare neural entrainment differences in auditory
SL with and without interference, finding no significant differences between
conditions. This suggests that perceptual grouping does not require intentional
attention. However, based on current findings, it remains difficult to dissociate
the perceptual grouping and storage sub-processes. Future research should in-
tegrate multimodal neural data to further clarify their relationship and identify
evidence for their temporal or spatial dissociation.

Furthermore, previous research on the test phase has primarily focused on of-
fline recognition accuracy while neglecting the online recognition process itself.
Inferences about SL effectiveness are based on whether learners show differ-
ential responses to stimuli with different TPs during testing, suggesting they
mastered the statistical structure during familiarization. These differential re-
sponses should be evident not only in offline behavioral indices like recognizing
familiarized triplets among foils but also in neural activity patterns during the
recognition process. Research shows that compared to foils, target triplets pre-
sented during recognition elicit a larger late positive component (LPC) between
700–1000 ms. Further comparisons of reaction times and P300 amplitudes when
recognizing syllables at different positions within target triplets reveal that, due
to priming effects, later syllables are recognized more quickly and elicit smaller
P300 effects between 400–800 ms, as stimuli with higher probability and pre-
dictability produce smaller P300 responses (Batterink, 2017; Batterink et al.,
2015).

Moreover, previous examinations of explicit knowledge in SL during the test
phase have relied primarily on offline probability estimation of triplet occurrence,
potentially underestimating the contribution of explicit learning while overesti-
mating implicit learning. Research indicates that the implicit learning/memory
system primarily depends on basal ganglia nuclei such as the striatum, whereas
the explicit learning/memory system relies mainly on medial temporal lobe
(MTL) structures like the hippocampus (Knowlton, Mangels, & Squire, 1996;
Squire, Stark, & Clark, 2004). Consequently, researchers have investigated the
dynamic involvement of explicit and implicit learning systems during different
types of SL by examining activation and connectivity patterns in these brain
regions, revealing that different types of SL involve distinct contributions from
the two systems (Batterink, Paller, & Reber, 2019; Sawi & Rueckl, 2018). Us-
ing sleep monitoring and fMRI, researchers examined the impact of sleep on
auditory tonal SL, finding that test performance after a 24-hour interval with
sleep was superior to performance after only a 30-minute interval. Furthermore,
the amount of slow-wave sleep effectively predicted SL performance and brain
activation patterns. After sleep, connectivity between the striatum and parahip-
pocampal gyrus decreased while connectivity between the putamen and planum
temporale increased, suggesting that SL involves a gradual transfer from hip-
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pocampal to striatal memory systems and that sleep facilitates this transfer
(Durrant, Cairney, & Lewis, 2013). Thus, SL is not governed by a uniform
implicit learning/memory system; rather, the involvement of explicit and im-
plicit learning systems changes dynamically throughout the SL process, with
the specific type of SL modulating this transition.

2.2 Neural Mechanisms of Statistical Learning Specificity

Despite evidence for the ubiquitous nature of SL, recent research has begun
examining the neural mechanisms underlying its specificity—that is, how differ-
ent types of SL in different domains, modalities, and individuals exhibit neural
distinctiveness. Regarding domain specificity, neural activity patterns differ
when the brain processes statistical information from different domains. The
medial temporal lobe plays an important role in extracting temporal statistical
rules (Schapiro, Gregory, Landau, McCloskey, & Turk-Browne, 2014), whereas
during category learning based on auditory statistical regularities, the posterior
striatum shows sensitivity to stimulus statistical structure, with connectivity
strength between this region and the left superior temporal sulcus correlating
with offline category learning performance (Lim, Fiez, & Holt, 2019). ERP re-
search on infant face recognition found that 6.5-month-old infants can engage
in SL based on bimodal but not unimodal frequency distribution information
(Altvater-Mackensen, Jessen, & Grossmann, 2017). Monroy and colleagues’se-
ries of EEG and eye-tracking studies demonstrated that infants can extract
statistical regularities from continuous action sequences to generate action pre-
dictions, which are reflected in their eye movement patterns (Monroy, Gerson,
& Hunnius, 2017). When actions violate these predictions during testing, a neg-
ative potential is elicited at midline electrodes between 250–750 ms (Monroy,
Gerson, Dominguez-Martinez, et al., 2019), and frequency-domain analysis re-
veals that predicted actions are accompanied by suppression of mu rhythm (7–
9 Hz) (Monroy et al., 2019).

Regarding modality specificity, visual and auditory SL may show different pat-
terns of cerebral lateralization, which may constrain how SL influences language
and other cognitive functions (Karuza et al., 2013; Qi, Sanchez Araujo, Geor-
gan, Gabrieli, & Arciuli, 2018; Roser, Fiser, Aslin, & Gazzaniga, 2011). Roser et
al. (2011) compared learning performance between split-brain patients and con-
trol groups in a visual SL task presented to left and right visual fields, providing
evidence for right hemisphere dominance in visual SL. Karuza et al. (2013) used
fMRI to examine neural activity patterns during an auditory word segmentation
task, finding significant correlations between activation in left inferior frontal
gyrus and SL performance. Qi et al. (2018) further compared how auditory
versus visual SL differentially influences reading development in children and
adults, finding that auditory SL had a greater impact on reading development,
possibly due to the left lateralization of language brain regions involved in audi-
tory SL. However, future research is needed to confirm the relationship between
modality-specific neural mechanisms of SL and the neural specificity of language
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and other cognitive functions.

Regarding individual specificity, while substantial behavioral research demon-
strates significant individual differences in SL, the neural mechanisms underly-
ing these differences remain unclear. Some researchers compared P300 indices
during the test phase of visual SL across adult, 9–12-year-old, and 6–9-year-old
groups, finding no significant differences and interpreting this as neurophysiolog-
ical evidence for developmental invariance in SL (Jost et al., 2015). Conversely,
other researchers argue for neural specificity in SL across individuals. Using
structural MRI (sMRI), investigators examined relationships between cortical
thickness in three regions of interest (left inferior frontal cortex, hippocampus,
and caudate nucleus) and SL performance in children aged 5–8.5 years. Results
showed that left inferior frontal cortex thickness and right hippocampal volume
predicted SL performance. Although thickness and volume in these regions did
not change with age, older children showed stronger predictive relationships
between right hippocampus and SL (Finn, Kharitonova, Holtby, & Sheridan,
2019). Additionally, children with autism spectrum disorder exhibited weaker
N1 and P300 effects during visual SL compared to typically developing children,
with N1 amplitude correlating with nonverbal IQ scores and P300 amplitude
correlating with social adaptive functioning (Jeste et al., 2015).

3. The Relationship Between Statistical Learning and Lan-
guage
The concept of SL originated from classic infant speech segmentation studies.
Early research focused on SL’s influence on language acquisition, while re-
cent work has begun examining their bidirectional interaction. Building upon a
deeper investigation of SL’s specific roles in different language learning domains,
researchers are now exploring how linguistic experience (native and bilingual)
influences SL.

3.1 The Role of Statistical Learning in Language

Research on SL’s influence on language has expanded in two main directions:
examining its impact on linguistic tasks beyond speech processing, and inves-
tigating its role in second language (L2) learning. SL’s role in language was
initially established in speech and lexical recognition, with subsequent research
confirming its involvement in more complex linguistic tasks such as grammar,
spelling, and reading (Elleman, Steacy, & Compton, 2019; Treiman, Kessler,
Boland, Clocksin, & Chen, 2018). University students can learn content words
in artificial grammars based on distributional statistical information, and com-
parisons between young adults (around 20 years) and older adults (over 70 years)
show that while older adults can also learn grammatical categories from statisti-
cal information, their performance is poorer than that of younger adults (Schwab
et al., 2016). Furthermore, individual differences in SL ability effectively predict
performance in relative clause comprehension (Misyak et al., 2010). The correla-
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tion between SL and reading achievement has been confirmed in both child and
adult populations, with SL ability serving as an important predictor of reading
performance (Arciuli & Simpson, 2012). Structural equation modeling has also
revealed SL’s predictive role in early literacy skills in young children (Spencer
et al., 2015). ERP and fMRI studies showing similar neural patterns between
SL and language processing provide supporting evidence for the neural basis of
SL’s role in language (Christiansen, Conway, & Onnis, 2012; Petersson, Folia,
& Hagoort, 2012).

Moreover, SL’s role in language learning has been further confirmed in pop-
ulations with developmental language disorders (Saffran, 2018). For example,
university students with dyslexia perform above chance on auditory SL tasks
but significantly worse than typical controls, indicating a general SL deficit in
dyslexia (Gabay, Thiessen, & Holt, 2015). A meta-analysis comparing auditory
linguistic SL between individuals with and without developmental language dis-
order (DLD) found clear SL deficits in those with DLD, further confirming SL’s
role in language learning (Lammertink, Boersma, Wijnen, & Rispens, 2017). Ad-
ditionally, deaf children with cochlear implants who experience early language
deprivation show poorer SL performance than hearing children, and those deaf
children with better SL scores demonstrate greater language improvement after
implantation (Conway, Pisoni, Anaya, Karpicke, & Henning, 2011).

Beyond these findings, researchers have begun investigating how individual SL
ability influences L2 learning, primarily because L2 learning exhibits specificity
distinct from native language acquisition. Language characteristics and age
of acquisition are two important variables affecting language learning. In na-
tive language research, these factors can be examined separately—for example,
by comparing behavioral and neural commonalities and differences across na-
tive speakers with dyslexia to investigate language characteristics (D’Mello &
Gabrieli, 2018; Hu et al., 2010; Siok, Perfetti, Jin, & Tan, 2004), or by comparing
learners who began acquiring their native language at different ages to examine
age-of-acquisition effects, particularly before and after the critical period. Adult
late-literates and illiterates provide excellent models for such research (Carreiras
et al., 2009; Dehaene, Cohen, Morais, & Kolinsky, 2015). Comparisons of brain
structure among former Colombian guerrilla members who became literate as
adults, illiterate adults, and adults who learned to read in childhood revealed
that literate adults had greater white matter in the splenium of the corpus cal-
losum and greater gray matter in bilateral angular gyri, dorsal occipital gyri,
middle temporal gyri, left supramarginal gyrus, and left superior temporal gyrus
compared to illiterates. Furthermore, compared to those who learned to read in
childhood, adult late-literates showed greater white matter in corpus callosum
regions connecting bilateral angular and dorsal occipital gyri (Carreiras et al.,
2009).

However, these two factors become more complex and difficult to disentangle
in L2 learning research. First, native and L2 learning interact, requiring si-
multaneous consideration of characteristics of both languages. Different types
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of L2 learners vary in the degree of difference between their native and target
languages (de Bruin, 2019), meaning that SL’s influence on native language
learning cannot be directly generalized to L2 learning, especially when the lan-
guages differ substantially. Second, even when learners share the same native
and target languages, the age at which they begin L2 learning affects the cog-
nitive and neural mechanisms of L2 acquisition (Das, Padakannaya, Pugh, &
Singh, 2011). Additionally, compared to native language learning, L2 learners
show greater variability in age of onset, and while post-critical-period native lan-
guage learners are rare (particularly for spoken language), post-critical-period
L2 learners are common. In today’s globalized world with increasing multi-
lingual demands, the number of adult foreign language learners continues to
grow (Cores-Bilbao, Fernandez-Corbacho, Machancoses, & Fonseca-Mora, 2019;
Kramsch, 2014). Therefore, investigating SL’s influence on L2 learning holds
important theoretical and practical significance.

Research on SL’s influence on non-native language processing in infants has
primarily examined how monolingual infants under 2 years process non-native
linguistic stimuli. Studies show that infants can also engage in SL of non-native
language stimuli, but undergo an important transition around 12 months from
cross-linguistic universality to native-language specificity. Infants can learn
sound-meaning associations based on statistical cues in non-native stimuli (Hay,
Pelucchi, Estes, & Saffran, 2011). Kuhl and colleagues’research demonstrates
that infant language acquisition is highly plastic, with the ability to learn new
languages declining rapidly with age. Initially, infants possess cross-linguistic
universal SL abilities: English-learning infants aged 6–8 months can show the
same phonetic discrimination ability as Mandarin-learning infants after brief
exposure to Mandarin phonetic contrasts /t��/ and /�/. However, infants grad-
ually become more sensitive to statistical information in their native language,
showing enhanced discrimination of native phonetic contrasts and reduced dis-
crimination of non-native contrasts. The critical transition period occurs at
8–10 months, with sensitivity to non-native speech sounds declining by 10–12
months (Kuhl, 2004; Kuhl, Tsao, & Liu, 2003). Recent research on non-native
Mandarin tone perception in 88 Dutch infants at 5, 11, and 14 months found
that infants’ability to discriminate non-native tones declined with increasing
age (Liu & Kager, 2017).

In contrast, research on SL’s influence on adult L2 learning remains relatively
scarce, with most evidence coming from visual SL studies. Frost et al. (2013) pi-
oneered this area by using a visual SL task to examine the relationship between
individual SL ability and Hebrew L2 literacy skills in native English-speaking
adult learners. They found that L2 learners with better visual SL ability were
better able to master Semitic morphological structures in Hebrew words. Addi-
tionally, Wu and colleagues compared brain activation patterns during pseudo-
phonogram orthography-to-phonology conversion tasks between native Chinese
speakers and Chinese L2 learners, calculating correlations between visual SL
performance and activation in six regions of interest involved in orthography-to-
phonology processing. Results showed that native Chinese speakers’visual SL

chinarxiv.org/items/chinaxiv-202005.00027 Machine Translation

https://chinarxiv.org/items/chinaxiv-202005.00027


performance correlated negatively with activation in left inferior parietal lobule,
while Chinese L2 learners’performance correlated negatively with activation in
left inferior frontal gyrus, demonstrating that individual SL ability is closely
related to orthography-to-phonology conversion processes in word recognition
(Yu et al., 2019).

3.2 The Influence of Language Experience on Statistical Learning

Compared to extensive research on SL’s influence on language, studies examin-
ing how language experience affects SL remain scarce. These studies primarily
investigate the impact of native language experience and bilingual experience on
SL. First, SL in speakers of different native languages exhibits language-specific
patterns influenced by their language’s structural characteristics. English and
Korean employ different word order structures: head-initial (e.g., “in Sapporo”
) in English and head-final (e.g., “Sapporo in”) in Korean. This results in
lower forward TP and higher backward TP in English (since many words can
follow “in”but few can precede “Sapporo”), with the opposite pattern in Ko-
rean. Researchers examined how these different word order structures affect
auditory linguistic SL (nonsense syllables), visual non-linguistic SL (abstract
shapes), and auditory non-linguistic SL (pure tones) in adult native speakers.
Results showed that language characteristics constrain individuals’SL prefer-
ences: native Korean speakers were more sensitive to forward TP, while native
English speakers were more sensitive to backward TP, with this preference ap-
pearing only in linguistic SL (Onnis & Thiessen, 2013). Further comparisons
of auditory SL characteristics in English and Korean infants at different ages
revealed that 7-month-old English infants showed no TP direction preference,
but 13-month-old English infants exhibited the same backward TP preference
as English adults. These findings suggest that individual SL preferences develop
gradually under the influence of native language experience (Thiessen, Onnis,
Hong, & Lee, 2019).

Second, bilingual experience facilitates SL of linguistic stimuli. One study
compared four groups of adults—English monolinguals, Chinese monolinguals,
Chinese-English bilinguals, and bilinguals speaking English and a non-tonal lan-
guage (Korean, Spanish, German, French, etc.)—on an artificial tonal language
SL task to examine how prior linguistic experience (native language and bilin-
gualism) affects subsequent learning. Results showed that Chinese monolinguals
performed above chance but not significantly differently from English monolin-
guals, while both bilingual groups performed significantly above chance and
better than the two monolingual groups. This suggests that while native tonal
language experience does not significantly facilitate learning a new tonal lan-
guage, bilingual experience—regardless of whether it includes a tonal language
—enhances learning of a new artificial tonal language (Wang & Saffran, 2014).
A subsequent longitudinal study confirmed the role of bilingual experience in
SL of new linguistic stimuli. Researchers compared Chinese beginners whose
native language was non-tonal before and after six months of Chinese learning,
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examining changes in performance on auditory tonal SL and visual SL tasks
compared to a control group. Both groups showed significant improvement in
visual SL after six months, but only the Chinese learning group showed signifi-
cant improvement in auditory SL (Potter, Wang, & Saffran, 2017).

Additionally, comparative studies of bilingual and monolingual infants further
support the facilitative effect of bilingual experience on linguistic SL. By com-
paring 14-month-old infants’ability to use syllable transitional probabilities for
word segmentation in two artificial languages, researchers found that monolin-
gual infants could engage in SL and show word segmentation when exposed to a
single language stream, but when two artificial language streams were presented
alternately, only bilingual infants could complete word segmentation for both
languages based on their respective statistical regularities (Antovich & Estes,
2018). However, recent research has questioned the facilitative effect of bilingual
experience on SL. One study comparing English monolinguals, Spanish-Catalan
bilinguals, and Spanish-English bilinguals on a visual shape SL task contain-
ing two statistical regularities found that all three groups could discover both
regularities with no significant performance differences, leading the authors to
conclude that bilingual experience does not significantly enhance SL (Bulgarelli,
Bosch, & Weiss, 2019). Comparing these studies suggests that bilingual expe-
rience’s facilitative effect appears primarily in auditory linguistic SL rather
than visual non-linguistic SL. Therefore, the influence of bilingual experience
on SL may be constrained by domain or modality, and future research should
further investigate the factors that moderate this influence and their underlying
cognitive and neural mechanisms.

4. Future Directions in Statistical Learning Research
Despite extensive confirmation of SL’s ubiquitous nature, our understanding
of its underlying cognitive and neural mechanisms remains limited (Sawi &
Rueckl, 2018). Future research should integrate multimodal data across brain
and behavioral levels to investigate the cognitive and neural mechanisms of
SL itself and its interaction with cognitive activities such as language, thereby
better serving the international demand for foreign language learning in today’
s globalized world.

4.1 Statistical Learning from a Multimodal Data Perspective

Previous SL research has focused primarily on confirming its ubiquitous nature
and exploring its specificity, relying heavily on recognition accuracy in the test
phase as a single index while relatively neglecting the familiarization phase.
However, the truly“pure”learning process occurs during familiarization, when
individuals gradually master the statistical structure of stimuli. Future research
should investigate this dynamic process and its changing neural activity patterns
from two main perspectives.

First, beyond offline evaluation, researchers should enrich online assessment
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methods for both learning outcomes and learners’explicit knowledge during
the test phase. For evaluating learning outcomes, in addition to the classic
overall recognition accuracy for triplets, future studies could examine neural
activity patterns during triplet recognition and behavioral and neural patterns
of local processing for stimuli at different positions within triplets (Batterink et
al., 2015). For offline evaluation of explicit knowledge, beyond overall subjective
confidence ratings after testing, participants could rate each individual test trial
(Batterink et al., 2015; Bertels et al., 2012). Batterink et al. (2015) required
participants to classify each test trial choice into three categories: “remember”
(confident memory-based selection), “familiar”(one option feels more familiar
but without specific memory), or “guess”(random selection). Results showed
significant differences in recognition accuracy across these three conditions, with
performance in the“guess”condition not differing from chance. Additionally, re-
searchers could infer explicit knowledge from dynamic changes in neural indices
of implicit and explicit learning systems during testing, which is particularly im-
portant for studying the neural mechanisms of SL in special populations such as
infants, individuals with autism, or even monkeys, who cannot provide external
explicit knowledge reports (Finn et al., 2019).

Second, in the absence of external behavioral measures, future research should
integrate multimodal brain data—including fMRI, sMRI, ERP, DTI, and MEG
—to reveal dynamic changes during the familiarization phase. This approach
could include three aspects: (1) Comparing neural patterns across different
stages of familiarization to reveal dynamic changes in online learning, such as
using MEG to show that revising learned statistical knowledge requires more
time than learning new statistical knowledge (Daikoku, Yatomi, & Yumoto,
2017). (2) Establishing direct links between neural indices during online learn-
ing and learning outcomes in the test phase, such as correlations between con-
nectivity strength of dorsal auditory and premotor cortices during the second
learning phase and auditory lexical learning performance (Lopez-Barroso et al.,
2015), activation in left inferior frontal gyrus and SL performance (Karuza et
al., 2013), and event-related potentials between 500–1000 ms during visual SL
and grammatical judgment reaction times (Daltrozzo et al., 2017). (3) Exam-
ining relationships between neural involvement of implicit and explicit learning
systems during online learning and explicit cognitive evaluation results in the
test phase, such as the gradual transfer from hippocampal to striatal memory
systems during SL (Durrant et al., 2013) and relationships between brain struc-
ture in implicit and explicit memory regions and SL performance (Finn et al.,
2019). Based on these investigations, comparing dynamic learning processes
across different types of SL in different individuals, domains, and modalities
will enhance understanding of SL specificity and further enrich the cognitive
and neural mechanisms of SL.
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4.2 The Role of Statistical Learning in Adult Second Language Learn-
ing

Current globalization demands greater multilingual competence from adults.
We propose that an important future direction for SL research is to reveal
its unique mechanisms in adult L2 learning to facilitate language acquisition.
Research in this area remains in its preliminary stages, and future studies should
integrate multimodal data to further confirm the cognitive mechanisms and
neural basis through which SL influences adult L2 learning.

First, not all bilinguals are equivalent; individual differences in linguistic experi-
ence and cognitive abilities constrain SL’s role in L2 learning. A key question is
how to enhance learners’sensitivity to statistical regularities in different types of
L2 stimuli under these constraints, particularly when the L2 differs substantially
from the native language. Bilingualism research requires detailed description
and assessment of bilinguals’linguistic experience and individual differences in
cognitive factors including SL, cognitive control, working memory, and intelli-
gence (de Bruin, 2019; Hung et al., 2019; Kuo et al., 2015). Reading provides a
clear example: its neural mechanisms are influenced by language characteristics
and age of acquisition. Due to different degrees of orthography-to-phonology
and orthography-to-semantics mappings in alphabetic and logographic scripts,
English readers with dyslexia show atypical activation in left temporoparietal
regions, while Chinese readers with dyslexia show structural and functional ab-
normalities in left middle frontal gyrus, though whether they also show atypical
temporoparietal activation remains debated (D’Mello & Gabrieli, 2018; Hu
et al., 2010; Siok et al., 2004). Even among alphabetic scripts, orthographic
transparency varies: reading transparent scripts like Italian and Hindi enhances
activation in dorsal pathways involved in phonological processing, while reading
less transparent scripts like English enhances activation in ventral pathways in-
volved in semantic processing. For Hindi-English bilinguals, differences in neural
activity patterns when reading Hindi versus English relate to English learning
duration (Das et al., 2011). Therefore, when native and target languages be-
long to different writing systems (logographic vs. alphabetic) or differ in tonal
characteristics, native language transfer may cause L2 learners to show different
sensitivity to statistical regularities in various types of visual and auditory SL,
thereby affecting SL’s role in L2 learning. Additionally, what is the relationship
between individual differences in different types of SL abilities across different
stimuli and modalities and various language skills (listening, speaking, reading,
writing)? How much variance in L2 learning outcomes can be uniquely explained
by SL ability compared to other cognitive factors such as intelligence, cognitive
control, and working memory? These are questions that future research must
address.

Second, existing research demonstrates that adult L2 learning has important
neurobiological underpinnings (Kuhl et al., 2016; Mamiya, Richards, Coe, Eich-
ler, & Kuhl, 2016). Mamiya et al. (2016) used DTI to track white matter
structural changes in Chinese university students studying in the United States
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before and after an English language course. They found that longer course
participation was associated with higher fractional anisotropy (FA) and lower
radial diffusivity (RD) in the right superior longitudinal fasciculus. Further-
more, individuals’catechol-O-methyltransferase (COMT) genotype modulated
the relationship between L2 learning duration and white matter changes, with
COMT genotype and FA together explaining substantial variance in language
course performance. Similarly, Kuhl et al. (2016) used DTI to examine relation-
ships between white matter structure and duration of residence and English use
in adult Spanish-English bilinguals living in the United States. They found that
FA in left inferior fronto-occipital fasciculus correlated positively with years of
residence in the U.S. and years of speaking English, while RD in this region
correlated negatively with years of residence and years of listening to English.
What role does SL play in these brain structural changes that accompany L2
learning? What are the brain-behavior relationships between SL and adult L2
learning, and how do these relationships dynamically change across different
types of L2 learners and different stages of L2 acquisition? These are also criti-
cal questions for future research.

Finally, SL is a capacity with plasticity that is constrained by factors such
as age, modality, and stimulus type. Future research should identify effec-
tive factors for promoting SL and design targeted intervention protocols for
different populations with different language needs to enhance language learn-
ing and other cognitive abilities (Deocampo, Smith, Kronenberger, Pisoni, &
Conway, 2018). SL interventions aim to improve relevant cognitive abilities
by enhancing sensitivity to statistical structural information. Intervention ap-
proaches could consider both direct and indirect methods. Direct interventions
might design SL materials and presentation methods based on individual SL
preferences. Research shows that bimodal distribution information facilitates
infant SL of speech sounds and faces more effectively than unimodal distribu-
tion (Altvater-Mackensen et al., 2017; Song & Meng, 2012), and that secondary
cross-modal cues consistent with stimulus statistical regularities can effectively
enhance SL. For instance, when visual shape-color associations are consistent
with auditory speech statistical regularities, auditory SL performance improves
(Forest, Lichtenfeld, Alvarez, & Finn, 2019). Therefore, future research could
combine language information distribution characteristics with audiovisual inte-
gration to explore optimal combinations for promoting linguistic SL in different
populations. Indirect interventions could employ cross-domain music training
to enhance linguistic SL. Research shows that music training improves general
auditory recognition and prediction abilities, thereby facilitating linguistic SL
(Francois, Chobert, Besson, & Schon, 2013; Francois & Schon, 2011; Zhao &
Kuhl, 2016). ERP studies found that adult musicians with over 12 years of
professional training showed better auditory SL performance in a new artificial
language compared to non-musicians (Francois & Schon, 2011). A two-year
longitudinal study of 8-year-old children receiving music training revealed that
trained children showed better speech segmentation ability in both behavioral
and EEG measures (Francois et al., 2013). Zhao and Kuhl (2016) further used
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MEG in an oddball paradigm to examine music training’s effects on music and
speech processing in 9-month-old infants, finding that music- and speech-deviant
stimuli elicited larger mismatch responses (MMR) in auditory and prefrontal cor-
tices of musically trained infants compared to controls. Future research should
further examine how traditional music training promotes speech SL and investi-
gate its underlying cognitive and neural mechanisms to establish optimal music
training protocols for language learning, including training format and duration.
Additionally, direct comparisons of SL training using speech versus music ma-
terials across different populations could test the applicability of different SL
training approaches.

References

Tang, Y., Zhang, Z., Zeng, M., Huang, K., Liu, W., & Zhao, Y. (2015). Visual
statistical learning based on visual features and semantic information of celebrity
faces. Acta Psychologica Sinica, 47(7), 837–850.

Song, X., & Meng, X. (2012). The development and mechanisms of infant speech
perception. Advances in Psychological Science, 20(6), 843–852.

Wu, Q., & Deng, Y. (2012). The cognitive mechanisms and neural basis of
statistical learning. Progress in Biochemistry and Biophysics, 39(12), 1167–
1173.

Altvater-Mackensen, N., Jessen, S., & Grossmann, T. (2017). Brain responses
reveal that infants’face discrimination is guided by statistical learning
from distributional information. Developmental Science, 20(2), e12393.
doi:10.1111/desc.12393

Antovich, D. M., & Estes, K. G. (2018). Learning across languages: Bilingual
experience supports dual language statistical word segmentation. Developmen-
tal Science, 21(2), e12548. doi:10.1111/desc.12548

Arciuli, J., & Simpson, I. C. (2011). Statistical learning in typically developing
children: The role of age and speed of stimulus presentation. Developmental
Science, 14(3), 464–473. doi:10.1111/j.1467-7687.2009.00937.x

Arciuli, J., & Simpson, I. C. (2012). Statistical learning is related to reading abil-
ity in children and adults. Cognitive Science, 36(2), 286–304. doi:10.1111/j.1551-
6709.2011.01200.x

Arnon, I. (2019). Statistical learning, implicit learning, and first language ac-
quisition: A critical evaluation of two developmental predictions. Topics in
Cognitive Science, 11(3), 504–519. doi:10.1111/tops.12428

Aslin, R. N., Saffran, J. R., & Newport, E. L. (1998). Computation of condi-
tional probability statistics by 8-month-old infants. Psychological Science, 9(4),
321–324.

Batterink, L. J. (2017). Rapid statistical learning supporting word ex-
traction from continuous speech. Psychological Science, 28(7), 921–928.

chinarxiv.org/items/chinaxiv-202005.00027 Machine Translation

https://chinarxiv.org/items/chinaxiv-202005.00027


doi:10.1177/0956797617698226

Batterink, L. J., & Paller, K. A. (2017). Online neural monitoring of statistical
learning. Cortex, 90, 31–45. doi:10.1016/j.cortex.2017.02.004

Batterink, L. J., & Paller, K. A. (2019). Statistical learning of speech
regularities can occur outside the focus of attention. Cortex, 115, 56–71.
doi:10.1016/j.cortex.2019.01.013

Batterink, L. J., Paller, K. A., & Reber, P. J. (2019). Understanding the neural
bases of implicit and statistical learning. Topics in Cognitive Science, 11(3),
482–503. doi:10.1111/tops.12420

Batterink, L. J., Reber, P. J., Neville, H. J., & Paller, K. A. (2015). Implicit and
explicit contributions to statistical learning. Journal of Memory and Language,
83, 62–78. doi:10.1016/j.jml.2015.04.004

Bertels, J., Franco, A., & Destrebecqz, A. (2012). How implicit is visual sta-
tistical learning? Journal of Experimental Psychology: Learning, Memory, and
Cognition, 38(5), 1425–1431. doi:10.1037/a0027210

Bulgarelli, F., Bosch, L., & Weiss, D. J. (2019). Multi-pattern visual statisti-
cal learning in monolinguals and bilinguals. Frontiers in Psychology, 10, 204.
doi:10.3389/fpsyg.2019.00204

Carreiras, M., Seghier, M. L., Baquero, S., Estevez, A., Lozano, A., Devlin,
J. T., & Price, C. J. (2009). An anatomical signature for literacy. Nature,
461(7266), 983–986. doi:10.1038/nature08461

Christiansen, M. H., Conway, C. M., & Onnis, L. (2012). Similar neural
correlates for language and sequential learning: Evidence from event-
related brain potentials. Language and Cognitive Processes, 27(2), 231–256.
doi:10.1080/01690965.2011.606666

Conway, C. M., Pisoni, D. B., Anaya, E. M., Karpicke, J., & Henning, S. C.
(2011). Implicit sequence learning in deaf children with cochlear implants. De-
velopmental Science, 14(1), 69–82. doi:10.1111/j.1467-7687.2010.00960.x

Cores-Bilbao, E., Fernandez-Corbacho, A., Machancoses, F. H., & Fonseca-
Mora, M. C. (2019). A music-mediated language learning experience: Students’
awareness of their socio-emotional skills. Frontiers in Psychology, 10, 2238.
doi:10.3389/fpsyg.2019.02238

Cunillera, T., Camara, E., Toro, J. M., Marco-Pallares, J., Sebastian-Galles,
N., Ortiz, H., . . . Rodriguez-Fornells, A. (2009). Time course and functional
neuroanatomy of speech segmentation in adults. Neuroimage, 48(3), 541–553.
doi:10.1016/j.neuroimage.2009.06.069

Cunillera, T., Toro, J. M., Sebastian-Galles, N., & Rodriguez-Fornells, A. (2006).
The effects of stress and statistical cues on continuous speech segmentation:
An event-related brain potential study. Brain Research, 1123(1), 168–178.
doi:10.1016/j.brainres.2006.09.046

chinarxiv.org/items/chinaxiv-202005.00027 Machine Translation

https://chinarxiv.org/items/chinaxiv-202005.00027


D’Mello, A. M., & Gabrieli, J. D. E. (2018). Cognitive neuroscience of
dyslexia. Language, Speech, and Hearing Services in Schools, 49(4), 798–809.
doi:10.1044/2018_LSHSS-DYSLC-18-0020

Daikoku, T., Yatomi, Y., & Yumoto, M. (2017). Statistical learning of
an auditory sequence and reorganization of acquired knowledge: A time
course of word segmentation and ordering. Neuropsychologia, 95, 1–10.
doi:10.1016/j.neuropsychologia.2016.12.006

Daltrozzo, J., Emerson, S. N., Deocampo, J., Singh, S., Freggens, M., Branum-
Martin, L., & Conway, C. M. (2017). Visual statistical learning is related to
natural language ability in adults: An ERP study. Brain and Language, 166,
40–51. doi:10.1016/j.bandl.2016.12.005

Das, T., Padakannaya, P., Pugh, K. R., & Singh, N. C. (2011). Neuroimaging
reveals dual routes to reading in simultaneous proficient readers of two orthogra-
phies. Neuroimage, 54(2), 1476–1487. doi:10.1016/j.neuroimage.2010.09.022

de Bruin, A. (2019). Not all bilinguals are the same: A call for more detailed
assessments and descriptions of bilingual experiences. Behavioral Sciences, 9(3),
33. doi:10.3390/bs9030033

Dehaene, S., Cohen, L., Morais, J., & Kolinsky, R. (2015). Illiterate to liter-
ate: Behavioural and cerebral changes induced by reading acquisition. Nature
Reviews Neuroscience, 16(4), 234–244. doi:10.1038/nrn3924

Deocampo, J. A., Smith, G. N. L., Kronenberger, W. G., Pisoni, D. B., &
Conway, C. M. (2018). The role of statistical learning in understanding
and treating spoken language outcomes in deaf children with cochlear im-
plants. Language, Speech, and Hearing Services in Schools, 49(3S), 723–739.
doi:10.1044/2018_LSHSS-STLT1-17-0138

Durrant, S. J., Cairney, S. A., & Lewis, P. A. (2013). Overnight consolidation
aids the transfer of statistical knowledge from the medial temporal lobe to the
striatum. Cerebral Cortex, 23(10), 2467–2478. doi:10.1093/cercor/bhs244

Elleman, A. M., Steacy, L. M., & Compton, D. L. (2019). The role of statistical
learning in word reading and spelling development: More questions than an-
swers. Scientific Studies of Reading, 23(1), 1–7. doi:10.1080/10888438.2018.1549045

Erickson, L. C., & Thiessen, E. D. (2015). Statistical learning of language:
Theory, validity, and predictions of a statistical learning account of language
acquisition. Developmental Review, 37, 66–108.

Finn, A. S., Kharitonova, M., Holtby, N., & Sheridan, M. A. (2019). Prefrontal
and hippocampal structure predict statistical learning ability in early childhood.
Journal of Cognitive Neuroscience, 31(1), 126–137. doi:10.1162/jocn_a_01342

Fitzgerald, K., & Todd, J. (2018). Hierarchical timescales of statistical learning
revealed by mismatch negativity to auditory pattern deviations. Neuropsycholo-
gia, 120, 25–34. doi:10.1016/j.neuropsychologia.2018.09.015

chinarxiv.org/items/chinaxiv-202005.00027 Machine Translation

https://chinarxiv.org/items/chinaxiv-202005.00027


Forest, T. A., Lichtenfeld, A., Alvarez, B., & Finn, A. S. (2019). Superior learn-
ing in synesthetes: Consistent grapheme-color associations facilitate statistical
learning. Cognition, 186, 72–81. doi:10.1016/j.cognition.2019.02.003

Francois, C., Chobert, J., Besson, M., & Schon, D. (2013). Music training for
the development of speech segmentation. Cerebral Cortex, 23(9), 2038–2043.
doi:10.1093/cercor/bhs180

Francois, C., & Schon, D. (2011). Musical expertise boosts implicit learning
of both musical and linguistic structures. Cerebral Cortex, 21(10), 2357–2365.
doi:10.1093/cercor/bhr022

Frost, R., Armstrong, B. C., Siegelman, N., & Christiansen, M. H. (2015). Do-
main generality versus modality specificity: The paradox of statistical learning.
Trends in Cognitive Sciences, 19(3), 117–125. doi:10.1016/j.tics.2014.12.010

Frost, R., Siegelman, N., Narkiss, A., & Afek, L. (2013). What predicts suc-
cessful literacy acquisition in a second language? Psychological Science, 24(7),
1243–1252. doi:10.1177/0956797612472207

Gabay, Y., Thiessen, E. D., & Holt, L. L. (2015). Impaired statistical learning
in developmental dyslexia. Journal of Speech, Language, and Hearing Research,
58(3), 934–945. doi:10.1044/2015_JSLHR-L-14-0324

Goujon, A., Didierjean, A., & Thorpe, S. (2015). Investigating implicit sta-
tistical learning mechanisms through contextual cueing. Trends in Cognitive
Sciences, 19(9), 524–533. doi:10.1016/j.tics.2015.07.009

Hay, J. F., Pelucchi, B., Estes, K. G., & Saffran, J. R. (2011). Linking sounds
to meanings: Infant statistical learning in a natural language. Cognitive Psy-
chology, 63(2), 93–106. doi:10.1016/j.cogpsych.2011.06.002

Hu, W., Lee, H. L., Zhang, Q., Liu, T., Geng, L. B., Seghier, M. L., . . .
Price, C. J. (2010). Developmental dyslexia in Chinese and English populations:
Dissociating the effect of dyslexia from language differences. Brain, 133(Pt 6),
1694–1706. doi:10.1093/brain/awq106

Hung, Y. H., Frost, S. J., Molfese, P., Malins, J. G., Landi, N., Mencl, W. E.,
. . . Pugh, K. R. (2019). Common neural basis of motor sequence learning
and word recognition and its relation with individual differences in reading skill.
Scientific Studies of Reading, 23(1), 89–100. doi:10.1080/10888438.2018.1451533

Jeste, S. S., Kirkham, N., Senturk, D., Hasenstab, K., Sugar, C., Kupelian, C.,
. . . Johnson, S. P. (2015). Electrophysiological evidence of heterogeneity in
visual statistical learning in young children with ASD. Developmental Science,
18(1), 90–105. doi:10.1111/desc.12188

Jost, E., Conway, C. M., Purdy, J. D., Walk, A. M., & Hendricks, M.
A. (2015). Exploring the neurodevelopment of visual statistical learn-
ing using event-related brain potentials. Brain Research, 1597, 95–107.
doi:10.1016/j.brainres.2014.10.017

chinarxiv.org/items/chinaxiv-202005.00027 Machine Translation

https://chinarxiv.org/items/chinaxiv-202005.00027


Karuza, E. A., Newport, E. L., Aslin, R. N., Starling, S. J., Tivarus, M.
E., & Bavelier, D. (2013). The neural correlates of statistical learning in a
word segmentation task: An fMRI study. Brain and Language, 127(1), 46–54.
doi:10.1016/j.bandl.2012.11.007

Kidd, E., & Arciuli, J. (2016). Individual differences in statistical learning
predict children’s comprehension of syntax. Child Development, 87(1), 184–
193. doi:10.1111/cdev.12461

Kirkham, N. Z., Slemmer, J. A., & Johnson, S. P. (2002). Visual statistical
learning in infancy: Evidence for a domain general learning mechanism. Cogni-
tion, 83(2), B35–B42.

Knowlton, B. J., Mangels, J. A., & Squire, L. R. (1996). A neostriatal habit
learning system in humans. Science, 273(5280), 1399–1402.

Koelsch, S., Busch, T., Jentschke, S., & Rohrmeier, M. (2016). Under the
hood of statistical learning: A statistical MMN reflects the magnitude of
transitional probabilities in auditory sequences. Scientific Reports, 6, 19741.
doi:10.1038/srep19741

Kramsch, C. (2014). Teaching foreign languages in an era of globalization: In-
troduction. The Modern Language Journal, 98(1), 296–311. doi:10.1111/j.1540-
4781.2014.12057.x

Krogh, L., Vlach, H. A., & Johnson, S. P. (2012). Statistical learning across
development: Flexible yet constrained. Frontiers in Psychology, 3, 598.
doi:10.3389/fpsyg.2012.00598

Kuhl, P. K. (2004). Early language acquisition: Cracking the speech code.
Nature Reviews Neuroscience, 5(11), 831–843. doi:10.1038/nrn1533

Kuhl, P. K., Stevenson, J., Corrigan, N. M., van den Bosch, J. J. F., Can, D. D.,
& Richards, T. (2016). Neuroimaging of the bilingual brain: Structural brain
correlates of listening and speaking in a second language. Brain and Language,
162, 1–9. doi:10.1016/j.bandl.2016.07.004

Kuhl, P. K., Tsao, F. M., & Liu, H. M. (2003). Foreign-language experience
in infancy: Effects of short-term exposure and social interaction on phonetic
learning. Proceedings of the National Academy of Sciences of the United States
of America, 100(15), 9096–9101. doi:10.1073/pnas.1532872100

Kuo, L. J., Kim, T. J., Yang, X., Li, H., Liu, Y., Wang, H., . . . Li, Y. (2015).
Acquisition of Chinese characters: The effects of character properties and indi-
vidual differences among second language learners. Frontiers in Psychology, 6,
986. doi:10.3389/fpsyg.2015.00986

Lammertink, I., Boersma, P., Wijnen, F., & Rispens, J. (2017). Statistical
learning in specific language impairment: A meta-analysis. Journal of Speech,
Language, and Hearing Research, 60(12), 3474–3486. doi:10.1044/2017_JSLHR-
L-16-0439

chinarxiv.org/items/chinaxiv-202005.00027 Machine Translation

https://chinarxiv.org/items/chinaxiv-202005.00027


Lim, S. J., Fiez, J. A., & Holt, L. L. (2019). Role of the striatum in incidental
learning of sound categories. Proceedings of the National Academy of Sciences of
the United States of America, 116(10), 4671–4680. doi:10.1073/pnas.1811992116

Liu, L., & Kager, R. (2017). Statistical learning of speech sounds is most robust
during the period of perceptual attunement. Journal of Experimental Child
Psychology, 164, 192–208. doi:10.1016/j.jecp.2017.05.013

Lopez-Barroso, D., Ripolles, P., Marco-Pallares, J., Mohammadi, B., Munte,
T. F., Bachoud-Levi, A. C., . . . de Diego-Balaguer, R. (2015). Mul-
tiple brain networks underpinning word learning from fluent speech re-
vealed by independent component analysis. Neuroimage, 110, 182–193.
doi:10.1016/j.neuroimage.2014.12.085

Mamiya, P. C., Richards, T. L., Coe, B. P., Eichler, E. E., & Kuhl, P. K. (2016).
Brain white matter structure and COMT gene are linked to second-language
learning in adults. Proceedings of the National Academy of Sciences of the
United States of America, 113(26), 7249–7254. doi:10.1073/pnas.1606602113

Milne, A. E., Petkov, C. I., & Wilson, B. (2018). Auditory and visual sequence
learning in humans and monkeys using an artificial grammar learning paradigm.
Neuroscience, 389, 104–117. doi:10.1016/j.neuroscience.2017.06.059

Misyak, J. B., Christiansen, M. H., & Tomblin, J. B. (2010). On-line individ-
ual differences in statistical learning predict language processing. Frontiers in
Psychology, 1, 31. doi:10.3389/fpsyg.2010.00031

Monroy, C. D., Gerson, S. A., Dominguez-Martinez, E., Kaduk, K., Hun-
nius, S., & Reid, V. (2019). Sensitivity to structure in action sequences:
An infant event-related potential study. Neuropsychologia, 126, 92–101.
doi:10.1016/j.neuropsychologia.2017.05.007

Monroy, C. D., Gerson, S. A., & Hunnius, S. (2017). Toddlers’action prediction:
Statistical learning of continuous action sequences. Journal of Experimental
Child Psychology, 157, 14–28. doi:10.1016/j.jecp.2016.12.004

Monroy, C. D., Meyer, M., Schroer, L., Gerson, S. A., & Hunnius, S. (2019).
The infant motor system predicts actions based on visual statistical learning.
Neuroimage, 185, 947–954. doi:10.1016/j.neuroimage.2017.12.016

Newport, E. L. (2016). Statistical language learning: Computational, matu-
rational, and linguistic constraints. Language and Cognition, 8(3), 447–461.
doi:10.1017/langcog.2016.20

Onnis, L., & Thiessen, E. (2013). Language experience changes subsequent
learning. Cognition, 126(2), 268–284. doi:10.1016/j.cognition.2012.10.008

Palmer, S. D., Hutson, J., & Mattys, S. L. (2018). Statistical learning for speech
segmentation: Age-related changes and underlying mechanisms. Psychology and
Aging, 33(7), 1035–1044. doi:10.1037/pag0000292

chinarxiv.org/items/chinaxiv-202005.00027 Machine Translation

https://chinarxiv.org/items/chinaxiv-202005.00027


Perkovic, S., & Orquin, J. L. (2018). Implicit statistical learning in real-world
environments leads to ecologically rational decision making. Psychological Sci-
ence, 29(1), 34–44. doi:10.1177/0956797617733831

Petersson, K. M., Folia, V., & Hagoort, P. (2012). What artificial grammar
learning reveals about the neurobiology of syntax. Brain and Language, 120(2),
83–95. doi:10.1016/j.bandl.2010.08.003

Potter, C. E., Wang, T., & Saffran, J. R. (2017). Second language experience
facilitates statistical learning of novel linguistic materials. Cognitive Science,
41(S4), 913–927. doi:10.1111/cogs.12473

Qi, Z., Sanchez Araujo, Y., Georgan, W. C., Gabrieli, J. D. E., & Arciuli, J.
(2018). Hearing matters more than seeing: A cross-modality study of statisti-
cal learning and reading ability. Scientific Studies of Reading, 23(1), 101–115.
doi:10.1080/10888438.2018.1485680

Raviv, L., & Arnon, I. (2018). The developmental trajectory of children’s
auditory and visual statistical learning abilities: Modality-based differences in
the effect of age. Developmental Science, 21(4), e12593. doi:10.1111/desc.12593

Reeder, P. A., Newport, E. L., & Aslin, R. N. (2013). From shared
contexts to syntactic categories: The role of distributional information
in learning linguistic form-classes. Cognitive Psychology, 66(1), 30–54.
doi:10.1016/j.cogpsych.2012.09.001

Roser, M. E., Aslin, R. N., McKenzie, R., Zahra, D., & Fiser, J. (2015). En-
hanced visual statistical learning in adults with autism. Neuropsychology, 29(2),
163–172. doi:10.1037/neu0000137

Roser, M. E., Fiser, J., Aslin, R. N., & Gazzaniga, M. S. (2011). Right hemi-
sphere dominance in visual statistical learning. Journal of Cognitive Neuro-
science, 23(5), 1088–1099. doi:10.1162/jocn.2010.21508

Saffran, J. R. (2018). Statistical learning as a window into developmental disabil-
ities. Journal of Neurodevelopmental Disorders, 10(1), 35. doi:10.1186/s11689-
018-9252-y

Saffran, J. R., Aslin, R. N., & Newport, E. L. (1996). Statistical learning by 8-
month-old infants. Science, 274(5294), 1926–1928. doi:10.1126/science.274.5294.1926

Saffran, J. R., & Kirkham, N. Z. (2018). Infant statistical learning. Annual
Review of Psychology, 69, 181–203. doi:10.1146/annurev-psych-122216-011805

Saffran, J. R., Newport, E. L., Aslin, R. N., Tunick, R. A., & Barrueco, S.
(1997). Incidental language learning: Listening (and learning) out of the corner
of your ear. Psychological Science, 8(2), 101–105.

Santolin, C., & Saffran, J. R. (2018). Constraints on statistical learning across
species. Trends in Cognitive Sciences, 22(1), 52–63. doi:10.1016/j.tics.2017.10.003

chinarxiv.org/items/chinaxiv-202005.00027 Machine Translation

https://chinarxiv.org/items/chinaxiv-202005.00027


Sawi, O. M., & Rueckl, J. (2018). Reading and the neurocognitive
bases of statistical learning. Scientific Studies of Reading, 23(1), 8–23.
doi:10.1080/10888438.2018.1457681

Schapiro, A. C., Gregory, E., Landau, B., McCloskey, M., & Turk-Browne, N. B.
(2014). The necessity of the medial temporal lobe for statistical learning. Jour-
nal of Cognitive Neuroscience, 26(8), 1736–1747. doi:10.1162/jocn_a_00578

Schwab, J. F., Schuler, K. D., Stillman, C. M., Newport, E. L., Howard, J. H.,
& Howard, D. V. (2016). Aging and the statistical learning of grammatical form
classes. Psychology and Aging, 31(5), 481–487. doi:10.1037/pag0000110

Shufaniya, A., & Arnon, I. (2018). Statistical learning is not age-invariant
during childhood: Performance improves with age across modality. Cognitive
Science, 42(8), 3100–3115. doi:10.1111/cogs.12692

Siegelman, N., Bogaerts, L., & Frost, R. (2017). Measuring individual differ-
ences in statistical learning: Current pitfalls and possible solutions. Behavior
Research Methods, 49(2), 418–432. doi:10.3758/s13428-016-0719-z

Siegelman, N., & Frost, R. (2015). Statistical learning as an individual abil-
ity: Theoretical perspectives and empirical evidence. Journal of Memory and
Language, 81, 105–120. doi:10.1016/j.jml.2015.02.001

Siok, W. T., Perfetti, C. A., Jin, Z., & Tan, L. H. (2004). Biological abnormality
of impaired reading is constrained by culture. Nature, 431, 71–76.

Slone, L. K., & Johnson, S. P. (2018). When learning goes beyond statistics:
Infants represent visual sequences in terms of chunks. Cognition, 178, 92–102.
doi:10.1016/j.cognition.2018.05.016

Spencer, M., Kaschak, M. P., Jones, J. L., & Lonigan, C. J. (2015). Statistical
learning is related to early literacy-related skills. Reading and Writing, 28(4),
467–490. doi:10.1007/s11145-014-9533-0

Squire, L. R., Stark, C. E., & Clark, R. E. (2004). The medial temporal lobe.
Annual Review of Neuroscience, 27, 279–306.

Thiessen, E. D., Kronstein, A. T., & Hufnagle, D. G. (2013). The extraction
and integration framework: A two-process account of statistical learning. Psy-
chological Bulletin, 139(4), 792–814.

Thiessen, E. D., Onnis, L., Hong, S. J., & Lee, K. S. (2019). Early developing
syntactic knowledge influences sequential statistical learning in infancy. Journal
of Experimental Child Psychology, 177, 211–221. doi:10.1016/j.jecp.2018.04.009

Treiman, R., Kessler, B., Boland, K., Clocksin, H., & Chen, Z. (2018). Statis-
tical learning and spelling: Older prephonological spellers produce more word-
like spellings than younger prephonological spellers. Child Development, 89(4),
e431–e443. doi:10.1111/cdev.12893

chinarxiv.org/items/chinaxiv-202005.00027 Machine Translation

https://chinarxiv.org/items/chinaxiv-202005.00027


Wang, T., & Saffran, J. R. (2014). Statistical learning of a tonal language:
The influence of bilingualism and previous linguistic experience. Frontiers in
Psychology, 5, 953. doi:10.3389/fpsyg.2014.00953

Yu, A., Chen, M. S. Y., Cherodath, S., Hung, D. L., Tzeng, O. J. L., & Wu, D.
H. (2019). Neuroimaging evidence for sensitivity to orthography-to-phonology
conversion in native readers and foreign learners of Chinese. Journal of Neu-
rolinguistics, 50, 53–70. doi:10.1016/j.jneuroling.2018.07.002

Zhao, T. C., & Kuhl, P. K. (2016). Musical intervention enhances infants’
neural processing of temporal structure in music and speech. Proceedings of the
National Academy of Sciences of the United States of America, 113(19), 5212–
5217. doi:10.1073/pnas.1603984113

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.

chinarxiv.org/items/chinaxiv-202005.00027 Machine Translation

https://chinarxiv.org/items/chinaxiv-202005.00027

	Cognitive Neural Mechanisms of Statistical Learning and Its Relationship with Language
	Abstract
	Full Text
	Preamble
	2. Cognitive and Neural Mechanisms of Statistical Learning
	2.1 Neural Mechanisms of the Statistical Learning Process
	2.2 Neural Mechanisms of Statistical Learning Specificity

	3. The Relationship Between Statistical Learning and Language
	3.1 The Role of Statistical Learning in Language
	3.2 The Influence of Language Experience on Statistical Learning

	4. Future Directions in Statistical Learning Research
	4.1 Statistical Learning from a Multimodal Data Perspective
	4.2 The Role of Statistical Learning in Adult Second Language Learning



