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ABSTRACT

Recent empirical results have linked the N400 ERP with predictive language comprehension processes based on statistical
learning (SL). However, links between SL abilities and N400 on the level of individual differences have so far been underex-

plored. The present study tested SL performance in 29 participants using speech segmentation and artificial grammar learning

tasks, followed by EEG recordings of their N400 responses to sentences varying in cloze probability (high, intermediate, low).
Mixed-effects models revealed that better online SL performance (SL-ON) was associated with larger N400 amplitudes across
conditions. Additionally, working memory showed a significant main effect and interacted with SL-ON in modulating N400 am-
plitude, while cloze probability also had a robust, independent effect on it. These results demonstrate that individual differences
in SL abilities contribute to N400 response variability, supporting the view that the semantic operations reflected by the N400
may involve some form of statistical learning as well. Our findings also raise the possibility that SL and CP tap into distinct levels

of predictive mechanisms in language comprehension.

1 | Introduction
1.1 | Statistical Learning

Statistical learning (SL) is a key function of human cognition.
It involves our ability to pick up on regularities of the envi-
ronment around us, such as frequency distributions and tran-
sitional probabilities through observation, without overt effort
(Aslin 2017; Conway 2020; Siegelman and Frost 2015), operat-
ing over all types of stimuli across modalities and domains (e.g.,
Conway and Christiansen 2006, 2009; Lukics and Lukécs 2022).
Humans are equipped with this ability from the very first days

of their lives (Bulf et al. 2011; Teinonen et al. 2009), and SL re-
mains available through the entire lifespan (see e.g., Janacsek
et al. 2012; Lukdcs and Kemény 2015). This function allows us
to keep track of environmental patterns, make anticipatory pre-
dictions based on these regularities, and adapt to changes with-
out a demanding cognitive effort or conscious awareness of the
process, all of which are critical for tasks like recognizing faces,
enjoying music, or understanding language.

The role SL plays in language acquisition and processing is an
especially well-studied phenomenon. As developmental research
shows, infants can identify various linguistic structures at different
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levels of analysis, from phonemes or word boundaries to syntactic
patterns, using only statistical information (Saffran et al. 1996,
1999). Already at this early age, SL allows infants to recognize
transitional probabilities between elements and to effectively
segment both verbal and non-verbal stimuli into coherent units.
Additionally, infants' ability to identify sequential regularities of
nonsensical syllables based on toy grammar rules (Gomez and
Gerken 1999; Marcus et al. 1999) suggests a link between SL and
syntax learning. Beyond sequential learning, SL also plays a role in
non-sequential categorization, helping in phoneme category learn-
ing (Kuhl 2000) and the grasping of word meanings and concepts
(Yu and Smith 2007). The availability of such abilities for learning
various linguistic patterns at critical stages of language develop-
ment highlights the significant role of SL in language acquisition.

Moreover, SL performance seems to be connected to certain as-
pects of language proficiency in adults and children alike. These
include speech perception in noisy environments, lexical abil-
ities, natural language aptitude in adults, syntactic priming
in preschoolers, semantic predictions, comprehension of syn-
tax, and reading skills in typical readers (Conway et al. 2007,
2010; Mainela-Arnold and Evans 2014; Daltrozzo et al. 2017;
Kidd 2012; Kidd and Arciuli 2016; Lukacs et al. under review;
Misyak and Christiansen 2012; Torkildsen et al. 2019; Arciuli and
Simpson 2012; Spencer et al. 2015; see Boeve et al. 2023, for a meta-
analysis). Findings also indicate a neural overlap between SL and
language processing (Christiansen et al. 2012). In summary, these
findings highlight the integral role of SL not only in language ac-
quisition but also in language processing. A key question we set
out to investigate in the present paper is how individual differences
in SL ability may be related to on-line sentence processing.

1.2 | Electrophysiology of Online Language
Comprehension: The N400

The N400 is an electrophysiological event-related potential
(ERP) related to semantic processing. It is negative in ampli-
tude, appears centro-parietally, between 300 and 500ms after
stimulus presentation onset, and peaks around 400ms (Kutas
and Hillyard 1980; Kutas and Federmeier 2011). It is known
to be sensitive to sentence context manipulations (Kutas and
Federmeier 2011), and while it has been proposed to be linked to
semantic integration (Berkum et al. 1999; Hagoort et al. 2009),
more recent analyses suggest that it is more likely to reflect se-
mantic memory retrieval effort (Brouwer et al. 2012; Urbach
et al. 2020). The magnitude of the N400 response has been
shown to be sensitive not simply to semantic violations but to
the predictability of sentence endings, with less predictable sen-
tence final words evoking more negative responses (Kutas and
Federmeier 2011). Such a predictability is often operationalized
as cloze probability (CP) or the likelihood of a particular word
being suggested by readers to finish a particular sentence cloze
(Federmeier 2007; Taylor 1953).

1.3 | N400 Influenced by Statistical Learning?

The N400 has been suggested to originate from a function-
ally diverse set of neural generators (Lau et al. 2008). On one
hand, the N400 is sensitive to surface-level distributional

properties of language, for example, neighbor frequency
(Molinaro et al. 2010), association strength (Van Petten 1993), or
orthographic neighborhood size (Laszlo and Federmeier 2011).
This pattern suggests that the N400 is not strictly post-lexical
(Deacon et al. 2000); rather, it is also influenced by a system that
continuously monitors and responds to probabilistic regulari-
ties in the input. On the other hand, the N400 is also respon-
sive to sentence-level context (e.g., Federmeier 2007; DeLong
et al. 2014; Szewczyk and Federmeier 2022; Van Petten 1993),
and world knowledge (Hagoort et al. 2004; Hald et al. 2007),
including discourse congruence and event structure predict-
ability as well (Kutas and Federmeier 2011; Nieuwland and Van
Berkum 2006). Such effects demonstrate that the N400 reflects
updates to representations at multiple levels of abstraction.

The sensitivity of the N400 to both low- and high-level linguis-
tic factors suggests the involvement of adaptive mechanisms
during language comprehension. These mechanisms can be re-
garded as forms of SL, since they entail adapting to changes in
linguistic frequencies of the environment or within individuals'
language systems. For example, the responsiveness of the N400
to the strength of semantic associations between words (Kutas
and Hillyard 1984; Van Petten 1993, 2014) appears to reflect
the brain's reliance on previously encountered distributional
regularities.

In recent decades, there has been a considerable shift in the
views regarding the role of predictive mechanisms in linguistic
cognition. With mounting experimental evidence on the predic-
tive cognitive processes of comprehenders during communica-
tion (see the review of Pickering and Gambi 2018), based on cues
from both auditory and visual modalities (Hintz et al. 2024),
some propose that prediction is one of the fundamental com-
putations of language comprehension (Clark 2013). Although
the extent and nature of prediction's role remain debated (e.g.,
Kuperberg and Jaeger 2016), it may substantially contribute to
language comprehension and, therefore, statistical learning
abilities may also impact the N400 response.

Evidence supporting the contribution of prediction beyond as-
sociative strength comes from the study of Lau et al. (2013),
which showed that manipulating the semantic relatedness pro-
portions (how often semantically related word pairs occurred in
a given experiment block) modulated the N400 amplitude. This
finding suggests that the N400 response varies as a function of
global contextual statistics and predictability as well: when se-
mantically related word pairs occurred more frequently in the
task, targets elicited reduced N400 responses, indicating sen-
sitivity to learned contextual probabilities beyond local lexical
associations.

However, while co-occurrence or frequency-related effects on
the N400 are well documented (Kutas et al. 2016), they have
not been identified or categorized as SL. One specific model
that explicitly argues for the primary role of implicit learning
in the generation of the N400 response is the Sentence Gestalt
Model (Rabovsky et al. 2018). According to the Sentence Gestalt
Model, each word in a sentence provides clues that constrain the
formation of an implicit probabilistic representation of the sen-
tence content: an internal model that continuously adapts to the
distributional statistics of the incoming linguistic input. In this
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framework, the N400 response is a correlate of a semantic up-
date of the probabilistic event model of the linguistic utterance.
Conversely, a larger N400 response may correspond to more
effective adaptation: words that elicited a larger N40O response
were found to be associated with a higher implicit memory ben-
efit (Hodapp and Rabovsky 2021). Hodapp and Rabovsky (2021)
subjected participants to sentences varying in the expectancy
of the final word, while measuring their N400 responses in the
first part of the study. The second part consisted of a perceptual
identification task of expected versus unexpected sentence final
words to measure implicit memory performance. They found in-
creased implicit memory performance for words that were unex-
pected—and elicited larger N400 responses during the reading
task. They interpreted this finding as an adjustment of the in-
ternal probabilistic representations, triggered by the unexpected
words. The authors suggested that their model generalizes to in-
dividual differences: those with more effective adaptation (i.e.,
better statistical learning abilities) are expected to show larger
N400 responses. In the current study, we set out to test this idea:
while the N400 is subject to individual variation (Van Den Brink
et al. 2012) and sensitive to differences in working memory per-
formance (Van Petten et al. 1997), the link between statistical
learning ability and the N400 response at the level of individual
differences has not yet been tested directly.

In addition, Conway et al. (2010) found that individuals with
stronger SL abilities are better at speech perception in noise, that
is, at identifying probabilistic patterns in language, which al-
lows them to anticipate upcoming words more effectively based
on contextual cues. They argue that SL abilities are essential for
developing long-term representations of the sequential struc-
ture of language, which may guide predictions during compre-
hension. This sensitivity to predictability raises the possibility
that the N400 reflects a similar statistical learning mechanism
on the semantic level. While Rabovsky et al. (2018) Sentence
Gestalt Model suggests that the N400 reflects continuous up-
dates to probabilistic sentence representations, we aim to test
directly whether the predictive semantic mechanisms responsi-
ble for the N400 are associated with individual differences in
SL. If individuals with stronger SL abilities form more accurate
internal models of linguistic probabilities, which allows them to
generate better predictions, they may be expected to show larger
N400 responses when their expectations are not met.

1.4 | Testing the Role of Statistical Learning in
Predictive Semantic Retrieval

In the current study, we set out to investigate how individual
differences in SL may be related to the N400 response, while
controlling for working memory (WM) and processing speed.
Given the multifaceted nature of SL, we used two tasks to assess
individual differences: (1) a speech segmentation task to assess
the learning of lower-level, simple adjacent statistical relation-
ships; and (2) an artificial grammar learning task to assess the
acquisition of more complex regularities characterized by more
diverse transition probabilities and wider dependency spans. In
both tasks, we assessed statistical learning as reflected by reac-
tion times during a training phase (yielding online indices) and
by judgments about the structure of stimulus samples after the
training phase (yielding offline indices).

We also explored whether the effect of SL on the N400 response
can be explained by individual variability in working memory or
auditory and visual processing speed, which have been shown
to influence sentence comprehension and to facilitate predictive
processing (Hintz et al. 2024). During language-vision interac-
tions, comprehenders may need to exploit cues in both the spo-
ken and the visual modality efficiently, to generate predictions
about upcoming words (Ferreira et al. 2013; Hintz et al. 2020).
WM has also been found to strongly correlate with both statis-
tical learning and language comprehension measures (Misyak
and Christiansen 2012), and it is known to affect the N400
response during sentence comprehension. In their landmark
study, Van Petten et al. (1997) demonstrated that higher N400
responses are evoked in people with higher WM capacity, but
only when information is presented in sentence level semantic
context, not in single-word lexical context. This difference was
attributed to higher availability of sentence context for high WM
readers, in contrast to the less efficient contextual processing of
those with lower WM capacity.

To assess the N400 response magnitude during sentence pro-
cessing, we designed an EEG experiment, where partici-
pants’ N400 responses were recorded while they were reading
novel sentences ending in words with varying predictability.
Predictability was quantified by sentence cloze probabilities,
representing the likelihood of a particular target word complet-
ing a given open sentence frame (Taylor 1953). CPs were col-
lected and calculated from questionnaire-based data. To obtain
variability in the magnitude of the N400 response, participants
were shown sentences from three predefined CP categories: (1)
high-CP sentences (80% <CP), (2) intermediate-CP sentences
(20% < CP <55%) and (3) low-CP sentences (CP<20%). The
difference in ERP amplitudes between high-CP and low-CP
sentences was expected to elicit a typical N400 effect, with the
intermediate-CP sentences falling in between.

Our hypotheses regarding the relationship between SL and
the N400 response were twofold. First, based on the pro-
posed role of SL in language processing, along with insights
from predictive language processing models (Kuperberg and
Jaeger 2016; Pickering and Gambi 2018), we predict an asso-
ciation between individuals SL performance and the magni-
tude of their N400 response. We expect larger N400 effects
(i.e., differences) to sentences varying in CP in individuals
showing higher SL performance. If the N400 indicates the up-
dating of a predictive model (cf. Rabovsky et al. 2018), better
statistical learners may be able to make a better adjustment of
their internal model. Second, we hypothesize that this rela-
tionship would impact the N400 response to varying levels of
CP differentially. Specifically, participants with more efficient
SL ability should show a more efficient information extraction
and a greater learning gain. This difference between more
and less efficient learners should manifest as a larger N400
difference between the low-CP and high-CP conditions than
between the intermediate-CP and high-CP conditions. As on-
line (during-learning) measures are more direct reflections
of SL capabilities than offline (after-learning) measurements
(e.g., Lukacs et al. 2021), we expected online indices to have a
larger effect on N400 response than their offline counterparts.
Finally, since both language and statistical learning abilities
are influenced by WM and processing speed, we expect the
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relationship between SL and semantic processing to be par-
tially but not entirely mediated by individual differences in
the above two cognitive capacities. The study was preregis-
tered at https://doi.org/10.17605/OSF.I0/A6HS4.

2 | Methods and Procedure

The detailed task descriptions, experiment materials, model
building procedures, and full results can be found at https://
osf.io/f2r4n/. The study was approved by the Hungarian
United Ethical Review Committee for Research in Psychology
(EPKEB-2018/87).

2.1 | Participants

Twenty-nine students of the Budapest University of Technology
and Economics took part in the study (22 females, age:
19-42years, M=25.15, SD=7.4), all of whom received course
credits in return for their partaking. One participant reported
having dyscalculia, while another reported being late bilingual,
but neither of them was excluded from the study, assuming that
these circumstances are unrelated to the cognitive abilities in-
vestigated here.

2.2 | EEG Experiment
2.2.1 | Stimuli

For the EEG study, we have created a stimulus set of Hungarian
sentences varying in CP on three levels, using an innovative pro-
cedure to generate highly controlled sentences ending on iden-
tical target words. Identical target words across conditions can
be presented such that each participant views an identical set
of target words, but only once, and each in different conditions,
thereby controlling for all possible psycholinguistic features of
target words across conditions. While sentences with varying
CP are typically constructed with the final word missing and
CP established by sentence completion tasks, we constructed
sentences in sets of three, ending on the same target word (e.g.,
bike), with varying expected CP according to three conditions
(high, intermediate, and low CP)—and then validated our sen-
tences using typical CP questionnaires. To make sure that we
elicit a typical N400 in our participants, we used strongly con-
straining sentence contexts for our high- and low-CP conditions
as well, with a clear violation of expectation in the latter case.
Strongly constraining context sentences raise expectations to a
single most likely sentence completion, as in for example, “Due
to the tire puncture the postman found it hard to push his ...”
(i.e., bike). In contrast, weakly constraining sentences have mul-
tiple, similarly likely completions, as in for example, “The local
courier's vehicle is his trusty ...” (e.g., van, car, scooter, or bike).
Sentential constraint has no impact on the N400, only CP, mean-
ing that unexpected endings elicit an N400 in both constraint
types, however, expected endings of sentences with low con-
straint evoke an intermediate N400 response (Federmeier 2007).
For this reason, we used weakly constraining sentences ending
on one of the expected final words for our intermediate-CP
condition.

As a first step, we generated 360 novel sentences, in sets of three
ending on the same word, in accordance with our three con-
ditions. Next, we assessed their CP using sentence completion
questionnaires; based on the outcomes, we rephrased sentence
frames that did not yield the expected likelihoods for sentence
final words, and then ran another round of sentence completion
questionnaires. Eventually, we selected 67 sentence triplets end-
ing on the same noun that fulfilled all our requirements (201
sentences in total). An additional 44 pairs of sentences were also
selected where the same sentence ending target word appeared
in two conditions out of the three (88 additional sentences), and
created 11 more sentences to have 300 sentences in total, in
three conditions:

1. High-CP: Strongly constraining sentences that end on the
most expected, highest CP final word (n=108). The mini-
mum CP value was 80%, and all sentence final target words
were the most likely completions (e.g., “One of our most
common seasonings is the iodized sea salt.”)

2. Int-CP: Intermediate CP of weakly constraining sentences,
ending on one of their expected endings (1 =89). Neither of
the endings were highly likely, yet all of them were plau-
sible and somewhat expected: the target word's CP was
required to be between 20% and 55%. In 45 sentences the
sentence ending word was the most likely, in 40 sentences
the second, and in 4 sentences the third most expected
ending (e.g., “For a good cake batter, you will need a little
salt.”)

3. Low-CP: Strongly constraining sentences that end on an
unexpected final word (n=103). These sentence final
words were also plausible completions of the sentence
frames, and their CP were required to be as low as possible,
below 20%. (e.g., “The streets in January were covered in
white salt.”)

Each stimulus item was a simple declarative sentence made up
of six units. Words accompanied by articles, prefixes, or suffixes
were taken as a single unit. Each sentence ended on a target word
presented in itself. The target word was always an uninflected
noun, most of the time preceded by an adjective unit, as part of
an adjective+ noun expression. Each target word was presented
only once for each participant, and care was taken that no target
word featured in any other sentences.

CPs of sentences were collected through online sentence com-
pletion questionnaires (Taylor 1953), where participants were
asked to give the most probable ending for open-ended sen-
tences (e.g., “The cheap ball-point pen quickly ran out of blue
________ ’). A total of 95 students of Budapest University of
Technology and Economics took part in the sentence completion
study (82 female, age: 19-46, m=22.7, SD =4.6). They received
course credits for their participation. Every participant received
a unique pseudo-randomized questionnaire, ensuring that par-
ticipants saw only one sentence with the one particular intended
target ending. We obtained a minimum of 29 answers for each
sentence. Based on these answers, we calculated CPs in the fol-
lowing way: CP =(instances of a given answer word)/(number
of all answers)x 100. Next, based on the results, we rewrote
sentences with unsatisfactory CP ratings and ran a second sen-
tence completion study, with a different group of participants
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(116 students, 92 females, age: 19-59, m=25.7, SD=8.9) In the
final stage, we excluded sentences that did not meet our criteria
(n=60), selected 201 sentences ending on the same target word
in all three conditions and 88 sentences ending on the same
target in two conditions, and generated 11 more sentences with
unique target words (4 High-CP, 1 Int-CP, 6 Low-CP), to have
300 sentences in total. Sentences were then assigned into six dif-
ferent pseudo-randomized, 120-sentence-long lists, so that each
list contained a closely matched number of sentences from each
category, while each sentence ending target word appeared in
every list only once. For the full list of sentences and further
details on the stimulus production and selection, see Data S1
(https://osf.io/4nm8v).

2.2.2 | EEG Experimental Procedures

In the EEG experiment, participants read sentences presented
on a computer screen in a dimly lit room, with one word/unit
at a time, while their ERPs were recorded. In each trial a single
sentence was presented. Trials started with a fixation cross, dis-
played for 500 ms at the center of the screen, with sentence units
(words together with pronouns, prefixes and suffixes) presented
centrally one at a time, for 350ms with 150ms blank screen in
between, using yellow (Arial 32 point) font over a gray back-
ground. Every tenth sentence trial was followed by a yes-or-no
question about the contents of the preceding sentence, to ensure
sustained attention. For instance, the sentence “The scarf was
knitted for the grandson by his loving grandma” was (sentences
were presented in Hungarian, for a full list, see Data S1: https://
osf.io/4nm8v) followed by the question “Did the grandma knit a
scarf?”. Participants were asked to respond to these questions by
pressing the designated key on a keyboard.

2.2.3 | EEG Recording and Data Analysis

EEG recording was conducted with BrainVision Recorder
(Brain Products GmbH., Munich, Germany) over 32 Ag/AgCl
electrodes (64 channels EasyCap, EasyCap GmbH, Herrsching-
Breitbrunn, Germany); 1000Hz sampling rate; impedance
<5kQ. Electrodes were placed according to the extended 10/20
international electrode system (Chatrian et al. 1985), with 4
additional electrodes used for the registration of the eye move-
ments. EEG analysis was performed using a custom-written
Matlab script (Mathworks, Natick Massachusetts, USA), based
on EEGLAB functions (Delorme and Makeig 2004). The origi-
nal dedicated reference channels of the Brain Products GmbH
system, the average of left and right mastoid electrodes (M1/M2)
were used as reference. A detailed description of recording and
preprocessing, together with the analysis scripts used, is avail-
able in Data S1 (https://osf.io/4nm8v).

Data preprocessing and artifact rejection was conducted in four
phases. First, the continuous EEG data were visually inspected
to remove channels which contained non-stereotyped artifacts
that would affect the quality of ICA (Independent Component
Analysis) decomposition (Mognon et al. 2011), applied in the
subsequent step. EEG was band-pass filtered offline (0.1-40 Hz)
using zero-phase shift forward and a reverse-IIR Butterworth-
filter. A 48-52Hz Parks-McClellan stop-band Notch-filter in

ERPLAB (Lopez-Calderon and Luck 2014) was used to remove
electric-interference from the 50 Hz line. Second, the data were
subjected to ICA decomposition using the EEGLAB function
“cudaica” (Raimondo et al. 2012) to extract independent com-
ponents based on the segmented EEG records. Third, based on
the extracted independent components, to identify and remove
stereotyped artifact-related components (e.g., eye-blinks and
eye-movements) from the EEG, we applied ADJUST (Mognon
et al. 2011). In case of segmented data, ADJUST conducts an
analysis based on consecutive 900ms windows for the pur-
pose of computing the temporal features (Mognon et al. 2011).
Fourth, noisy channels were rejected and interpolated using a
spherical method. After all artifact-removal, stimulus-locked
epochs were derived by segmenting the EEG data into 900 ms
windows, starting from 100ms pre-stimulus. Segments were
baseline-corrected over a 100 ms pre-stimulus window and then
averaged for each participant in each conditions, to obtain the
ERP waveforms. Mixed-effects modeling (Baayen 2008; Baayen
et al. 2008) analysis of the ERP data was carried out over the
mean microvolts for each trial of each participant averaged
in the N400 time window (300-500ms) over a centro-parietal
region-of-interest (ROI: Cz, C3, C4, CP5, CP1, CP2, CP6, P3, Pz,
P4), following Kutas and Federmeier (2011).

2.3 | Statistical Learning Measures
2.3.1 | Word Segmentation Task

To assess participants’ SL ability, we first used a modified ver-
sion of the study of Saffran et al. (1996). The stimuli consisted
of twelve consonant-vowel syllables generated from Hungarian
phonemes (cé/tse:/, csa/tfa/, ha/ha/, gda/ga:/, gye/sel, jii/ju/, lo/1o/,
pe/pe/, ri/ri/, so/fe/, tu/tu/, vi/vi/) and combined into four trisyl-
labic words (csagyejii/tfajejy/, cévigd/tseiviga:/, lohari/lohari/,
sopetu/[opetu/). Syllables were 270 ms long with 30 ms ISIs be-
tween them and had a uniform pitch of 215Hz.

2.3.1.1 | Online Training Phase. During an online train-
ing phase, we assessed statistical learning by looking at how
effectively participants can process upcoming elements in
structured speech streams. They were presented with speech
streams consisting of the four words with no pauses or other
cues for word boundaries between words. Thus, in the streams,
syllables within words followed each other with a transition
probability of 1 (TP=1.00), while transition probability on word
boundaries was 0.33 (TP=0.33). The training phase consisted
of three training blocks (blocks TRN1 to TRN3, 15X 4 words in
a pseudorandom order), a fourth random block (RND4) where
the twelve syllables were presented without being combined into
words (15x% 12 syllables in a pseudorandom order), and finally, a
recovery block (RECS5, 15x 4 words in a pseudorandom order). A
target element was assigned to each participant (the last syllable
of a word, counterbalanced between participants) which par-
ticipants had to detect by pressing a button throughout the five
blocks of the training.

2.3.1.2 | Offline Two-Alternative Forced Choice
Task (2AFC Task). In the 2AFC task, we used trigrams
and bigrams which were more or less structured based on
the training material. Structured trigrams were words (with
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TP=1.00 between all syllables based on the training streams),
structured bigrams were bigrams from words (with TP=1.00
between the two syllables), partly structured trigrams were
part-words (spanning a word boundary in the stream, with
a TP=1.00 and a TP=0.33), and partly structured bigrams
were bigrams from part-words (spanning a word boundary in
the stream, with TP=0.33 between the two syllables). Unstruc-
tured trigrams were non-words obtained by reordering the syl-
lables (with TP=0.09 between all syllables), and unstructured
bigrams were bigrams from non-words (with TP =0.09 between
the two syllables). In each trial, participants were offered a more
and a less structured trigram or bigram (e.g., a trigram word
versus a trigram part-word, or a bigram part-word versus a
bigram non-word) and had to make a familiarity decision based
on the training material (“Which sequence was more similar to
the previously presented speech stream?”). Altogether, the task
consisted of 36 trials.

2.3.1.3 | Production Task. In the production task, we used
the four words from the training phase. In each trial, a syllable
was missing in one of the three positions from a word, and par-
ticipants had to choose the missing element in a 3AFC task.
There were 12 trials altogether.

2.3.2 | Artificial Grammar Learning (AGL) Task

As another assessment method for statistical learning, we used a
modified version of the AGL task of Knowlton and Squire (1996).
The grammar used in the present task is illustrated in Figure 1.
The vocabulary of the grammar consisted of five consonant-
vowel-consonant nonwords made up from Hungarian phonemes
(péfipe:t/, rud/rud/, gan/ga:n/, ket/ket/, zot/zot/). They had a
uniform pitch of 125Hz, the duration of words was 400 ms and
they were presented with an ISI of 50ms within sentences and
750ms between sentences. Altogether, 34 grammatical strings
were generated following the rules of the grammar, yielding 3
three-word sentences, 6 four-word sentences, 5 five-word sen-
tences, 7 six-word sentences and 13 seven-word sentences. 8
sentences were selected for test strings only used in the offline
tasks, and the remaining 26 strings were used in the online
training phase.

2.3.2.1 | Online Training Phase. The online training
phase consisted of five training blocks: Blocks TRN1 to TRN3
and Block REC5 contained the same training sequences, while
block RND4 contained 26 random sequences which were

zot

FIGURE1 | Theartificialgrammar used in the study (after Knowlton
and Squire 1996).

generated by arranging the words of the grammar in a pseudo-
random order. Sequences within all blocks were presented in
a randomized order. A target element (péf/pe:f/) was assigned
to all participants, which they had to detect by a button press
throughout the five blocks of the training.

2.3.2.2 | Offline Two-Alternative Forced Choice Task
(2AFC Task). Inthe 2AFC task, we used sentences, trigrams
and bigrams which were (1) well-formed versus ill-formed,
or (2) more frequent versus less frequent in the training mate-
rial. In each 2AFC trial, participants were offered a more and a
less structured sentence, trigram or bigram and were asked to
make a grammaticality decision based on the training material
(“Which sequence was more similar to the previously presented
language?”). In the sentence trials, 12 trials contained transition
violations (involving bigrams that did not occur in the training
materials) in the ungrammatical sentence. These constituted
transition probability (TP) based trials. In 4 sentence trials,
no transition violations were present, so participants had to rely
on the rules of the grammar to make their decisions; these were
classified as rule based trials. In the bigrams and trigram condi-
tions, 12 trials could be resolved based on transition violations,
(TP based trials), while 10 trials required reliance on bigram
and trigram frequency in the training material (frequency based
trials). Altogether, there were 38 trials.

2.3.2.3 | Production Task. In this phase, participants saw
incomplete sentences on the computer screen, and they had to
choose the missing element in a 3AFC task. The 24 test trials
contained eight grammatical trigrams and the eight test sen-
tences. Each test sentence occurred in two trials, while the tri-
grams were presented only once. Trials varied in the position
and the identity of the missing item within the sequence.

2.3.3 | Statistical Learning Indices

Statistical learning indices were calculated in two steps. As the
first step, we calculated indices from the online and offline tasks
in both the speech segmentation and AGL tasks. From the on-
line target detection tasks, we calculated SEGM and AGL me-
dian RT difference: [(Block RND4 median RT—Block TRN3
median RT)+ (Block RND4 median RT—Block REC5 median
RT))/2]. The following offline indices were calculated from the
2AFC tasks: 2AFC accuracy rates in the speech segmentation
task in trigram and bigram trials, yielding SEGM 2AFC bigram
and SEGM 2AFC trigram, 2AFC accuracy in the AGL sentence
rule- and TP-based trials, yielding AGL 2AFC sentence rule and
AGL 2AFC sentence TP, 2AFC phrase accuracy in the AGL fre-
quency- and TP-based bigram and trigram trials, yielding AGL
2AFC phrase frequency and AGL 2AFC phrase TP, while from
the offline production tasks the mean accuracy rate of 3AFC tri-
als was calculated for both the speech segmentation and AGL
tasks, yielding SEGM production and AGL production. As a
second step, based on the results of a factor analysis in another
study (Lukics et al. 2021), we combined the statistical learning
measures into two scores (the AGL median RT difference index
was omitted because of its low level of reliability, and the two
AGL 2AFC phrase indices were omitted because they did not
converge with other measures of statistical learning, see Data S1
for further description: https://osf.io/4nm8v):
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1. Offline statistical learning (SL-OFF): mean of SEGM
2AFC bigram, SEGM 2AFC trigram, AGL 2AFC sentence
rule, AGL 2AFC sentence TP, SEGM production, and AGL
production.

2. Online statistical learning (SL-ON): SEGM median RT
difference.

2.4 | Tasks Assessing General Cognitive Capacities
2.4.1 | N-Back Task

In the n-back task, different letters were presented individ-
ually in the middle of the screen, and participants were in-
structed to press the spacebar for items identical to the one
presented one, two or three steps earlier (in the 1-back, 2-back,
and 3-back conditions, respectively), and button ‘A’ for any
other stimulus. The task consisted of four (one 1-back, two 2-
back, one 3-back) blocks, and each block consisted of 60 trials:
10 targets, 10 lures and 40 foils. Participants were instructed
to give a response for each trial. Blocks started with the pre-
sentation of a fixation cross for 1000 ms, which was followed
by the presentation of the individual trials for 500 ms, with an
ISI of 1500 ms.

2.4.2 | Processing Speed

2.4.2.1 | ReactionTime (RT). We used areaction time task
that measured the speed of stimulus processing in the acoustic
and visual modalities. In the first, visual block participants were
instructed to look at a blank screen and focus on the appearance
of an image on the screen, and to press the spacebar as fast as
they could each time when the image appeared. The visual block
was followed by an acoustic block, in which participants had
to focus on a tone presented via headphones. For both modal-
ities, 32 trials were presented. ISIs varied randomly between
1223 and 4988 ms for the visual modality, and 1041 and 4883 ms
for the auditory modality. Trials were presented in a random-
ized order.

2.4.2.2 | Decision Speed. We used a same/different deci-
sion task to further assess visual and acoustic processing
speed. In the visual condition, we used a pair of visual grat-
ings and participants had to decide whether the orientation
of two gratings were the same or different. In the auditory con-
dition, we used pure tones (73 tones between 150 and 870 Hz),
and participants had to decide whether the tones were identi-
cal or different. There were 146 trials altogether in this task,
and participants had to complete as many trials as they could
in 60s. Trials were presented in a randomized order. In both
decision speed tasks, participants below 0.75 accuracy were
excluded from the analysis.

2.4.3 | Indices of Working Memory
and Processing Speed

Participants’ WM capacity was estimated by a composite index
from the n-back task, calculated as the mean of the d-primes

from the 2-back 3-back blocks (as we did not expect the scores in
the 1-back block to exhibit variability resulting from individual
differences of WM in the case of adult participants). Processing
speed indices were also calculated: based on the results of the
earlier factor analysis, we calculated the visual processing index
as the mean of visual RT (median RT of trials) and visual de-
cision speed RT scores (median RT of correct trials). Auditory
processing speed was calculated as the median RT of trials,
while auditory processing decision speed was calculated as the
median RT of correct trials.

2.5 | Statistical Analyses

Statistical tests were conducted over single trials using linear
mixed-effects modeling (Baayen 2008; Baayen et al. 2008), in
R (Core Team R 2017) and using the Ime4 package (Bates 2016)
with trial-level N400 amplitudes in the 300-500ms time win-
dow averaged over the centro-parietal ROI as the dependent
variable, with CP-Category (with three levels, high, intermedi-
ate, and low), SL indices (online and offline separately, to avoid
collinearity, as these measures correlate) as main, and working
memory and processing speed (auditory and visual) as control
fixed-effect predictors. Since there is no clear agreement for
keeping predictors maximal (Barr et al. 2013) or parsimoni-
ous (Bates et al. 2015) (i.e., building models bottom up to avoid
overfitting vs. top-down to avoid underfitting), we started with
a basic model that included CP-Category and SL as fixed effect
predictors and introduced a maximal random effect predictor
structure (of slopes and intercepts) initially that was reduced
stepwise if the model failed to converge. Eventually, no random
slopes and intercepts were possible to include in either of the
models.

Outlier data points >3 SD away from each individual's mean
ERPs were removed prior to statistical analyses to conform
with mixed-effects modeling presumptions. Model build-
ing for each research question followed a multistep process
with introducing predictors of N400 amplitudes stepwise, in
a gradual fashion. As a preparatory step, we first introduced
the order of trials (trial) as a fixed effect and simple random
effects of participant ID and item ID (i.e., identifiers of tar-
get nouns), against a model of random effects only, to check
whether responses were modulated by fatigue. It was included
in subsequent models only if it significantly improved them,
as a fixed effect.

The baseline model was set up to predict N400 responses by CP-
Category (High-CP, Int-CP, Low-CP) as a fixed effect, and par-
ticipant ID and item ID (i.e., identifier of target nouns) as random
effects [i.e., baseline_ N400 =1mer(N400 ~ CP-Category + (1/Par
ticipantID) + (1/ItemID))|. Next, SL scores for online and offline
SL performance were introduced to two separate models. As a
last step, indices of cognitive abilities (i.e., measures of process-
ing speed and WM) were also introduced as fixed effect predic-
tors. Where appropriate, the measure of the extent of the model
fitting the data, AIC, served as the basis to compare models and
selected the better fitting one. We present here below only the
statistical outcomes of the final models, and only those models
where covariates were found to have a significant effect. Model
residual plots did not exhibit visible deviations from normality
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FIGURE2 | The evoked N400 ERP responses across the three CP-conditions over two prominent exemplar electrodes. Scalp topographical maps

show contrasts between CP-conditions in the N400 time-window.

and homoscedasticity. To calculate the reported p-values, the
Kenward-Roger approximation was used from the mixed()
function (Singmann and Kellen 2017). For better readability, we
report in the main text only F-values and p-values (but not beta
coefficients and their estimated error).

3 | Results

3.1 | The Effect of Sentence Ending Predictability
on the N400

In the baseline model, to confirm the success of our N400 ma-
nipulation, we tested the effect of CP-category on N400 am-
plitudes [N400~CP-category + (1llparticipant)+ (1ltrial)]. The
analysis revealed that the CP-category had a significant ef-
fect (F[2, 1077]=20.9, p<0.001); to explain it, we conducted
pairwise comparisons. We found a significant difference be-
tween High-CP versus Low-CP, F(1, 1474)=41.2, p<0.001, a
typical N400 effect; and also between High-CP versus Int-CP:
F(1, 425)=8.11, p=0.005; and Low-CP versus Int-CP: F(1,
549)=12.3, p<0.001 as well, demonstrating a graded N400 re-
sponse (Figure 2).

In an exploratory analysis, we ran our main tests with target
word CP-values included as a continuous variable instead of the
categorical CP-variable, using the Z-transformed CP scores of
sentence ending target words, which yielded the same pattern of
results: independent main effects, with no interaction between
the two. (For the details, see Data S1: https://osf.io/4nm8v).

3.2 | Statistical Learning and Sentence Ending
Predictability Effects on the N400

Next, we analyzed the effect of CP-categories and online sta-
tistical learning (SL-ON) on N400 amplitudes (N400~CP-
categoryXSL-ON + (llparticipant)+ (1ltrial)). The analysis
revealed a main effect of both CP-category, F(2, 1076.4) =20.93,
p<0.001, and SL-ON, F(1, 27.0)=5.43, p=0.027; however, the
interaction between the two terms was not significant, F(2,
3383.2)=0.09, p=0.911. Follow-up pairwise comparisons of
CP-category revealed the same graded N400 response pattern
(High-CP vs. Low-CP: p<0.001; High-CP vs. Int-CP: p=0.005;
and Low-CP vs. Int-CP: p<0.001). To further examine the inde-
pendent main effects, we tested for correlation between SL-ON
and the typical N400 effect (calculating the difference between
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FIGURE3 | The interaction of SL-ON and WM on N400 responses. In the low SL-ON group, WM performance had no effect on N400 responses,
while the analysis revealed a marginally significant effect of WM on N400 responses in the high SL-ON group.

ERPs to Low-CP vs. High-CP sentences for each individual) and
found no significant correlation (r=0.036, p=0.85) between
the two.

We ran the same analysis with SL-OFF as above, which re-
vealed again a significant main effect of CP-category (F(2,
1111)=20.98, p<0.001), but no main effect of SL-OFF, F(1,
29)=0.04, p=0.853, and no interaction between the predic-
tors either, F(2, 3660)=0.25, p=0.780. Pairwise compari-
sons of CP-categories revealed the same pattern of results
again (High-CP vs. Low-CP: p<0.001; High-CP vs. Int-CP:
p=0.008; and Low-CP vs. Int-CP: p<0.001). Relative to the
SL-ON, for the SL-OFF indices, we had data from two addi-
tional individuals (sample size n=31); however, excluding
these two participants from the analysis did not change the
above pattern of results.

3.3 | Effects of Working Memory
and Processing Speed

In the following analyses, we focused on the potential explan-
atory effect of WM and processing speed. In the following
analyses, we did not include the CP-category X SL-ON interac-
tion term, to avoid overfitting, as the interaction was not sig-
nificant in the above analyses. WM was entered in the models
in interaction with both CP-category and SL-ON, because it
was expected to influence both factors. Auditory reaction time
and visual processing speed were entered in interaction only
with SL-ON.

3.3.1 | Working Memory

The analysis of the effect of WM (N400 ~ CP-category X WM + SL-
ONXWM + (1|Participant)+ (1/ltem)) revealed a significant main
effect of WM (b=—-0.28, SE=0.13, F(1, 25.0)=4.62, p=0.041) on
the N400, while both CP-category (F(2, 1086.4)=20.27, p<0.001)
and SL-ON (F(1, 25.1)=5.42, p=0.028) remained significant. The
interaction between WM and SL-ON also turned out to be sig-
nificant (F(1, 25.0)=5.26, p=0.030), but there was no interaction
between CP-category and WM (F(2, 3423.2)=0.18, p=0.836).
Follow-up analyses revealed that all CP category comparisons re-
mained significant.

In order to explain the interaction of SL-ON and WM, we me-
dian split the data by SL-ON (into low SL-ON and high SL-ON
subgroups). The analysis revealed a marginally significant ef-
fect of WM on the N400 amplitudes in the high SL-ON group
(F(1, 12.0)=3.24, p=0.097) but no effect of WM in the low
SL-ON group (F(1, 13.0) =0.63, p =0.442). Results of the anal-
yses in the case of high SL-ON and low SL-ON are illustrated
in Figure 3.

3.3.2 | Auditory Reaction Time

The auditory reaction time (aRT) model (N400 ~ CP-category +
SL-ON X aRT + (1lParticipant)+ (1Iltem)) revealed the signifi-
cant main effect of CP-category (F(2, 1077.9)=20.88, p<0.001)
and of SL-ON (F(1, 25.0)=6.61, p=0.016), with no main effect
of aRT or any interactions between aRT and SL-ON (b=0.05,
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SE=0.17, F(1, 25.0)=0.08, p=0.785) found. CP-category
comparisons all remained significant (High-CP vs. Low-CP:
p<0.001; High-CP vs. Int-CP: p=0.005; and Low-CP vs. Int-CP:
p<0.001).

3.3.3 | Visual Processing Speed

Entering visual processing speed (VPS) in the model (N400 ~ CP-
category + SL-ONXVPS + (1lParticipant)+ (1/item)) re-
vealed again a significant main effect of CP-category (F(2,
1077.9)=20.89, p<0.001) and SL-ON (F(1, 25.0)=5.52,
p=0.027), while no effect of VPS or any interactions were found.
Differences between CP-categories remained the same.

3.3.4 | Exploratory Analyses of Specific SL Indices

In an exploratory follow-up analysis, we examined whether
rule-based and chunk-based SL can be dissociated, and whether
segmentation and artificial grammar learning (AGL) tasks en-
gage different underlying mechanisms; and if so, whether this
distinction is reflected in different patterns of relationship with
N400 responses. Results showed partial divergence of specific
indices in their association with the ERP signal: the aggre-
gated SEGM-OFF score, the SEGM production, the aggregated
AGL-OFF, and the AGL 2AFC sentence rule indices showed an
interaction with CP-Category: the SEGM-OFF and SEGM pro-
duction indices showed a stronger negative, while the AGL-OFF
and AGL 2AFC sentence rule indices showed a stronger posi-
tive relationship with N400 responses in the Low-CP condition
compared to the High-CP condition. However, the interaction
between SL and condition did not reach statistical significance
in the case of AGL-OFF and AGL 2AFC sentence rule. Due to
the limited number of trials contributing to these measures and
suboptimal model diagnostics, these findings are reported in
Data S1 (https://osf.io/4nm8v), where they are intended to in-
form future research rather than to serve as the basis for firm
conclusions, and are therefore not discussed further in the
main text.

4 | Discussion

In this study, we set out to investigate whether the sensitivity
of the N400 ERP response to statistical linguistic information
(e.g., Molinaro et al. 2010; Laszlo and Federmeier 2011) in-
volves statistical learning mechanisms in predictive processes
during sentence comprehension (cf. Rabovsky et al. 2018). The
purpose of our experiment was twofold: first, we aimed to ex-
amine what role statistical learning abilities may play in N400
amplitudes evoked by the processing of sentences of varying
predictability, and second, to provide a clearer characteriza-
tion of the mediating effects of cognitive capacities related to
statistical learning (such as working memory, auditory and
visual processing speed) in language comprehension and spe-
cifically the mechanisms behind the N400 ERP response. We
predicted that the amplitude of the N400 response may be af-
fected by individual differences in statistical learning abilities,
based on reported associations between SL and various behav-
ioral aspects of language processing (Christiansen et al. 2012;

Conway et al. 2007, 2010; Mainela-Arnold and Evans 2014;
Daltrozzo et al. 2017; Kidd 2012; Kidd and Arciuli 2016; Misyak
and Christiansen 2012; Torkildsen et al. 2019; Arciuli and
Simpson 2012; Spencer et al. 2015) and by recent results and
theoretical models emphasizing the role of predictive processes
in language comprehension (Federmeier 2007; Pickering and
Gambi 2018).

We found that online SL abilities influence the N400 response.
This effect is statistically independent from the classical N400
manipulation of varying sentence ending predictability. We
found no evidence for the modulation of the N400 by auditory/
visual processing speed, and working memory only had an in-
fluence on it in learners with high online statistical learning
performance. These results corroborate the observation that the
N400 is likely a multi-faceted, multi-generator ERP, and that
SL abilities are associated with N400 amplitudes on an individ-
ual level.

These significant, but statistically independent main effects of
SL-ON and CP are consistent with the view that the N400 re-
flects the contribution of multiple predictive processes. One of
these relies on the statistical learning abilities of the individual
to track transitional probabilities in the input, while the other
involves higher-level representational structures (i.e., world
knowledge) reflected in sentence-ending predictability as in-
dexed by CP. These predictive processes may be understood in
more than one way.

Although we do not assume that prediction is a necessary com-
ponent of statistical learning (SL), we consider it likely that
predictive mechanisms were engaged during the sequential SL
tasks employed here, particularly as reflected in the online mea-
sures, which may explain its connection to the N400. This inter-
pretation is supported by previous findings showing that SL can
give rise to predictive processing in similar linguistic task con-
texts (e.g., Batterink et al. 2015; Karuza et al. 2014). At the same
time, SL does not inherently involve prediction or anticipation,
especially in the case of non-sequential visual statistical learn-
ing: the relationship between SL and predictive processing likely
varies depending on task characteristics and cognitive domain
(e.g., Siegelman et al. 2018; Fiser and Aslin 2001; Turk-Browne
et al. 2005).

While the effects of SL-ON and Cloze Probability appeared to be
statistically independent, as indicated by the absence of interac-
tion or correlation, this does not necessarily imply that separate
predictive mechanisms are at play. One possible interpretation
of semantic predictability, as indexed by CP, is that it is influ-
enced by statistical regularities inherent to language (Conway
et al. 2010; Miller and Selfridge 1950). In this light, SL-ON and
CP may reflect different kinds of probabilistic predictability.
This perspective aligns with probabilistic models of language
processing (Kuperberg and Jaeger 2016) which suggest that pre-
dictive processes operate at multiple levels within the language
system.

Further support for this integrated view comes from recent ad-
vances in generative Al, where models trained on large-scale
language corpora demonstrate that sensitivity to distributional
regularities is sufficient to produce contextually coherent and
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semantically meaningful output (Radford et al. 2019; Contreras
Kallens et al. 2023). Such findings suggest that even complex
semantic processes can emerge from predictive mechanisms
grounded in statistical associations. This view is consistent with
Rabovsky et al.'s (2018) Sentence Gestalt Model, which concep-
tualizes the N400 as reflecting continuous updates to probabilis-
tic semantic representations based on incoming linguistic input.

The absence of a significant interaction between the effects of
SL-ON and CP-controlled sentence ending predictability does
not necessarily imply that the two effects are functionally un-
related or independent: expectations during language compre-
hension may be shaped by SL-based processes, which, over time,
shape expectations during sentence comprehension, suggesting
some degree of connection between the two, even if this rela-
tionship is not directly reflected at the level of online sentence
processing. It is in this sense that N400 amplitudes may be influ-
enced both by the predictability of individual lexical items (CP
main effect) and by individual differences in sensitivity to the
distributional structure (SL main effect) of language.

Within the framework of the Sentence Gestalt Model (Rabovsky
et al. 2018), the N400 reflects the update of an internal prob-
abilistic representation during comprehension. In this context,
the magnitude of the update and the amplitude of the N400
response may be shaped by both external input (e.g., predict-
ability as captured by CP) and internal factors (e.g., the com-
prehender's statistical learning ability). While Rabovsky et al.
argue that N400 amplitude can, in principle, be accounted for
by statistical learning-based prediction, the independent effect
of CP observed here suggests that additional mechanisms may
be involved. One possibility is that SL-ON and CP index distinct,
though potentially complementary, predictive processes: SL-ON
may reflect sensitivity to local transitional probabilities, while
CP captures the influence of higher-level contextual or semantic
constraints.

Another possible interpretation is that while the N400 is influ-
enced by statistical information, other generators process com-
plex semantic knowledge, irrespective of statistics. The SL main
effect captures the former, while CP effects are also influenced by
the latter. For example, semantic taxonomy, the complex hierar-
chical organization of semantic concepts, is known to influence
N400 amplitudes (Federmeier and Kutas 1999). Within-category
violations of expected sentence endings (e.g., “Along the high-
way they planted rows of pines” as opposed to the expected
“palms”, in San Diego) elicit smaller N400 responses compared
to between-category violations (e.g., definitely unexpected “tu-
lips”). This effect can be dissociated from association- (i.e., fre-
quency-)based thematic information, which is a raw-material of
statistical learning (Honke et al. 2020). World-knowledge also
directly impacts the N400 amplitude (Hagoort et al. 2004), even
of fictive worlds (Troyer et al. 2020; Troyer and Kutas 2020).
The N400 responds differentially to the typicality of the loca-
tion (e.g., “arena”) of actions (“skating”) in different past tenses
(Ferretti et al. 2007), and it is impacted by quantifiers such as
most/some (Urbach and Kutas 2010), and pronouns such as a/
an, as well (DeLong et al. 2005; Urbach et al. 2020). While pre-
diction likely plays a role in CP, our findings suggest that the
N400 cannot be fully reduced to prediction as defined by an-
ticipatory pre-activation. Not all forms of prediction are rooted

in statistical learning; some may arise from explicit knowledge
or isolated exposure. Moreover, the ongoing debate on whether
the N400 reflects expectancy, prediction, surprisal, integration
or contextual facilitation (e.g., Hodapp and Rabovsky 2021;
Krieger et al. 2024; Lai et al. 2021; Rabovsky et al. 2018;
Szewczyk and Federmeier 2022) lies beyond the scope of this
study. Importantly, the statistical independence of SL-ON and
CP effects indicates that some generators of the N400 may en-
gage semantic knowledge in ways that are not strictly statistical
or predictive in nature.

The absence of a statistically significant SL-ON x CP-measured
predictability interaction may also stem from our choice of SL
measures. Given that SL is a componential capacity of multiple
abilities which are known to vary across modalities even within
individuals, for operational reasons, SL is best described as a
factor of multiple different measures. The inherent complexity
and variability of SL components, coupled with the fluctuating
reliability of assessment tools, complicate the formulation of a
comprehensive SL metric that accurately reflects an individual's
complete set of SL capabilities. Consequently, it is plausible that
the SL indices employed in our study failed to capture certain
statistical predictive cognitive functions that were incidentally
assessed by CP metrics.

In sum, our findings suggest that N400 amplitude reflects the
combined influence of multiple processes, which may operate at
different representational and computational levels, supporting
the multi-componential view of this neural response. While SL-
ON and CP-based predictability effects emerged independently,
this pattern likely reflects the complexity of both statistical
learning and predictive mechanisms in language comprehen-
sion, rather than a strict functional separation.

In hindsight, the absence of a significant effect of SL-OFF
performance on N400 response size was not surprising in the
light of criticism regarding offline SL measures (e.g., Isbilen
et al. 2017). It is increasingly apparent from the SL literature
that SL is not a monolithic, unified ability, but rather constitutes
a componential capacity of multiple facets or even a collection
of various abilities. This implies that sensitivity to environmen-
tal probabilities may vary across different modalities even on
the level of the individual. Consequently, SL ability may be best
described by a factor of performance indices on multiple tasks
measuring implicit abilities. Certain tasks and indices employed
to measure statistical learning exhibit larger consistency and re-
liability in representing individual abilities than others. Offline
measures provide information on the outcome of the learning
process, and mostly rely on grammatical well-formedness judg-
ments that participants have to make after the training phase.
On the other hand, online tasks and measures, with metrics
such as reaction time and accuracy, allow the researcher to tap
into the learning process as it is ongoing (Lukécs et al. 2021),
arguably providing more reliable and detailed indices than of-
fline methods (Batterink et al. 2015; Lammertink et al. 2019;
Lukics and Lukdacs 2021). The lack of a significant association
between SL-OFF and N400, both in the primary model and with
the addition of general cognitive covariates, and the presence of
such associations with SL-ON measures offer further support
for the notion that online measures provide more sensitive indi-
ces of SL abilities than offline ones.
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As predicted, the effect of SL-ON on N400 was modulated by
WM performance, which also had a significant effect on N400
responses. Additional analysis into this interaction revealed that
in participants with better SL-ON capabilities, higher WM per-
formance was associated with a larger evoked N400 response.
These findings further refine those of Van Petten et al. (1997),
who demonstrated that in sentence-level semantic context,
higher WM capacity in good readers generates a larger N400
response compared to poorer readers with lower WM perfor-
mance. Our results reveal that the relationship between WM
and the N400 holds only for individuals with better SL-ON abil-
ities. A larger WM capacity may allow for the manipulation of
more sentential context information at any given time, which
in turn enables the comprehender to make improved updates to
their internal predictive models, which is reflected in a larger
N400 response compared to less skilled statistical learners.
Conversely, an increased WM capacity may not benefit individ-
uals with lower SL-ON abilities by setting a “predictive ceiling”:
despite having sentential context information available in WM,
they cannot utilize it in a way that would further improve their
internal predictive models.

In this study, we observed no significant effects of auditory re-
action time or visual processing speed on N400, nor were there
any interactions with either of the SL metrics. During a conver-
sation, minute details of communicative information have to be
tracked continuously and simultaneously in visual and auditory
modalities. Recent results have shown that both visual and au-
ditory processing speed facilitate sentence comprehension when
participants are presented with predictable sentences, but not in
the case of unpredictable ones (Hintz et al. 2024). These findings
highlight the primary role of automatic stimulus processing (and
its speed) in cases when upcoming elements are predictable in
sentences, but not in cases when predictive processing has a less
important role. Our results, however, suggest that processing
speed differences do not have an additional explanatory effect
on the probability-based language comprehension processes we
measured on the individual level by the evoked N400 responses.

5 | Limitations and Future Directions

The present study has limitations which invite further research.
First of all, we failed to find any effect of offline statistical learn-
ing indices on individuals' N400 ERP responses. Besides the
earlier discussed methodological concerns—namely, that online
metrics are deemed more reliable and detailed indices than their
offline counterparts (Batterink et al. 2015; Lammertink et al.
2019; Lukics and Lukdacs 2021)—our results could be indicative
of a deeper divergence of offline and online SL metrics, in what
they actually measure. If one considers that sentence compre-
hension involves active, statistical learning based predictive
processes, which can be tapped into by online SL measures, but
not by offline ones, it begs the question: is it because there are
qualitative differences on a cognitive level measured by these
separate metrics?

One possible explanation for the differential effects of the on-
line and offline SL measures lies in the level of explicitness each
task entails. The online task assesses implicit processing during
exposure, whereas the offline task requires explicit judgment.

Previous studies have shown that implicit learning can give rise
to measurable behavioral or neural effects even when indices
of explicit recognition fail to reveal such effects (Reber 1989;
Nissen and Bullemer 1987; Isbilen et al. 2020; Batterink
et al. 2015). The observed pattern may therefore reflect differ-
ences in how implicit and explicit learning mechanisms relate
to neural responses such as the N400. It is also possible that the
active SL-based processes that we observed affecting the N400
response via online metrics cannot be tapped into by offline
metrics because they do not have a large enough effect outside of
sentence comprehension, thus acting in a more localized man-
ner than we initially expected. So the lack of SL-OFF effect on
the N400 found raises not only methodological but conceptual
questions about the SL-based predictive processes involved in
comprehension.

Another possible limitation of this study is its use of CP as the
only measure of N400 mechanisms and predictability. While CP
served effectively to define categorical conditions and generate
stimuli that elicited graded N400 responses, recent findings by
Szewczyk and Federmeier (2022) suggest that distributional
models such as GPT-2 may offer a useful complementary met-
ric, especially for capturing variability among low-predictability
sentence endings. Incorporating such models in future research
could help clarify how stimulus-based predictability shapes the
engagement of predictive mechanisms. At the same time, the in-
herent noisiness and interpretive ambiguity of CP should be con-
sidered when selecting and comparing predictability measures.

Building on this, the increasing availability of large language
models (GPT-3, RoBERTa, and ALBERT; Michaelov et al. 2023)
presents an opportunity to use potentially less noisy and more
fine-grained metrics of sentence predictability. Recent behav-
ioral and electrophysiological results (e.g., Goldstein et al. 2022,
2024) draw attention to parallels between predictive process-
ing in the human brain and in deep language models (DLMs),
demonstrating that both systems generate probabilistic expecta-
tions about upcoming words prior to their onset when processing
sentences. Goldstein and colleagues also found compelling elec-
trocorticographic evidence showing that these pre-onset predic-
tions are evaluated against the incoming word to calculate the
post-onset surprise response, which peaks around 400 ms after
stimulus presentation (Goldstein et al. 2022). These findings, to-
gether with the results reported here, suggest that pre-onset pre-
dictive processes involved in language comprehension rely on
the individual's SL abilities. The extent to which these predictive
processes influence the N400 response and whether SL-based
predictive processes contribute to post-onset integration are all
important questions worthy of pursuit in future research.

While the present study focused on the N400 and its relation-
ship to statistical learning (SL), previous research has identified
other ERP components sensitive to statistical regularities. A
mid-latency positivity resembling the P300 has been reported in
several studies (Daltrozzo et al. 2017; Eghbalzad et al. 2021; Jost
et al. 2015; Singh et al. 2017, 2018), interpreted as reflecting an
attention-dependent predictive mechanism. These findings sug-
gest that SL may engage multiple neural processes beyond those
indexed by the N400. Future work could explore how these com-
ponents interact to provide a more comprehensive account of
prediction and adaptation in language processing.
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6 | Conclusion

Our findings demonstrate that individual differences in statis-
tical learning abilities affect N400 ERP magnitudes, providing
support for a predictive generator component of N400 and sug-
gesting the active engagement of statistical learning processes
during language comprehension. Additionally, they indicate
that in the case of skilled statistical learners, who can utilize con-
textual information effectively, working memory performance
may contribute to this effect by setting the limit to the amount of
contextual information available for such predictive processes.
Observations of independent effects of statistical learning and
CP on the N400 may index different aspects of a hierarchically
organized predictive processing system. SL performance likely
captures sensitivity to local transitional probabilities, and CP
may reflect broader contextual constraints. Taken together, the
results are consistent with the view that the N400 reflects the
combined influence of predictive processes operating at multi-
ple levels of representation.
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