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Abstract

Humans invented reading and have passed down this complex
skill across generations through language. This study pro-
vides empirical evidence of the neural mechanisms underlying
bottom-up (related to high-order linguistic structure) and top-
down (related to next-word predictability) processes, which
interact to guide comprehension during reading. While pre-
vious studies have focused on either the N400 effects of pre-
dictability or lexical categories, research on how predictabil-
ity influences N400 responses across different lexical cate-
gories is limited, mainly due to constraints in publicly available
datasets. Here, we examine how predictability influences brain
responses, recorded at millisecond resolution using electroen-
cephalography (EEG), with a focus on the N400 time win-
dow (300-500 ms post-stimulus) across different lexical and
grammatical categories. Our results indicate that significant
differences in N40O responses between high and low cloze
probability levels were more pronounced for content words
than function words. Among the two primary content cate-
gories, verbs exhibited greater N400 differences than nouns,
while nouns carried more distinct information about their pre-
dictability than verbs. Moreover, we demonstrate that the de-
coding technique is more effective than the event-related po-
tential (ERP) traditional analysis in capturing more detailed
and distinct representations of cognitive processes over time.

Keywords: Cognitive Neuroscience; Reading Comprehen-
sion; Machine learning; Electroencephalography (EEG)

Introduction

Reading comprehension involves two interconnected pro-
cesses: bottom-up and top-down processing (Perfetti & Hart|
2001). While bottom-up processing is often considered an au-
tomatic outcome of accurate word recognition (MacDonald,
Pearlmutter, & Seidenberg, |1994; [Ngabut, [2015)), top-down
processing uses cues to disambiguate and predict upcoming
words (Federmeier, 2007 Kuperberg & Jaeger, 2016)). For
example, we can infer that the statement “I drink my coffee
with cream and ...” is likely to end with “sugar.”. Readers
access linguistic structures (e.g., lexical groups, grammatical
categories) via a bottom-up process to predict that the next
word is probably a noun. Simultaneously, they rely on top-
down cues to anticipate the upcoming word with its correct
meaning before it is fully revealed.

The N400 ERP component is a negative-going deflection
peaking around 400 ms post-stimulus word onset, well known
for its sensitivity to semantic complexity (Kutas & Feder-
meier, 2011). Cloze probability (Taylor, |1953), which es-
timates how likely a particular word is in a given sentence
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and also reflects the top-down prediction process, has long
been considered the primary predictor of N400 amplitude.
The graded attenuation of the N400 as a function of cloze
probability is one of the most widely replicated phenomena
in reading comprehension using EEG, supporting the conclu-
sion that words with higher cloze value elicit a smaller (less
negative) N40O0 response compared to words with lower cloze
value (Federmeier & Kutas|, [1999; Block & Baldwinl [2010;
Michaelov, Coulson, & Bergen, [2022).

Basically, words are grouped into two primary types: con-
tent and function groups. Content words, including nouns,
verbs, adjectives, and most adverbs, convey specific semantic
information about objects and events. Function words, on the
other hand, comprise pronouns, determiners, auxiliaries, and
adpositions and serve as structural elements in phrase con-
struction. Evidence from ERP recordings during reading pro-
cessing supports a lexical-based analysis guided by a bottom-
up process. Results from pioneering studies indicate that con-
tent words elicit a larger N400 amplitude compared to func-
tion words (Neville, Mills, & Lawson, [1992). This finding
was later supported by observations showing that both word
classes could elicit N40O responses, but function words, es-
pecially high-frequency ones, show significantly smaller am-
plitudes (Miinte et al., [2001; |He, Boudewyn, Kiat, Sagae, &
Luck, 2022)). Grammatical categories, particularly nouns and
verbs, also influence N400 amplitude, with larger amplitudes
observed for verbs compared to nouns (Federmeier, Segal,
Lombrozo, & Kutas| [2000; |Lee & Federmeier, 2006).

There is a lack of evidence in lexical-based analysis us-
ing next-word predictability due to the limited availability of
publicly accessible EEG datasets for semantic-level informa-
tion (Deniz, Nunez-Elizalde, Huth, & Gallant, 2019). To gain
deeper theoretical insights, this study aims to test two hy-
potheses: The first hypothesis states that content words elicit
a larger N400 difference effect between high and low cloze
levels compared to function words. The second hypothesis
suggests that the N400 predictability difference between high
and low cloze is more pronounced for verbs than nouns.

Moreover, we not only explore the nature of top-down pro-
cessing and its relationship to bottom-up information process-
ing during reading comprehension, but we also provide evi-
dence that multivariate decoding outperforms traditional ERP
analysis in capturing distinct neural information across differ-
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ent conditions. By leveraging univariate and decoding tech-
niques to investigate our hypotheses, we further demonstrate
the advantages of multivariate decoding in this context.

Methodology
EEG Recording and Data Preparation

To examine the N400 response to the predictability across dif-
ferent lexical classes, we utilised the DERCo dataset (Quach,
Gurrin, & Healy, [2024)), including EEG data recorded from
22 native English speakers while they were reading The
Grimm Brothers’ Fairy Tales. Two participants “QPF42” and
“USQ95” were excluded from data analysis due to excessive
eye movements in their data. Additionally, word-by-word
cloze values were collected using a cloze procedure via Me-
chanical Turk crowdsourcing platform. High-density EEG
data was recorded using electrode 32-channels placed accord-
ing to the international 10-20 system (Klem, [1999).

Parts of speech were identified using the Python library IPA
[], which allows us to extract and categories the grammatical
function of each word within a sentence. For example, in the
sentence “She quickly reviewed some detailed reports with
her team,” the parts of speech are categorised as follows: She
(pronoun), quickly (adverb), reviewed (verb), some (deter-
miner), detailed (adjective), reports (noun), with (adposition),
her (pronoun), team (noun). In terms of cloze probability, we
utilised the same two distinct groups (high versus low) as in
the DERCo dataset. This decision was based on their valida-
tion, which indicated significant differences in N400s across
most electrodes.

After preprocessing, the number of trials for high and low
cloze probability levels in terms of lexical classes varied be-
tween participants. To standardise the trial numbers for anal-
ysis, we identified the participant with the fewest trials at each
cloze probability level and set these as a baseline. We then
randomly selected an equivalent number of trials from other
participants, ensuring their cloze value distributions closely
matched the baseline. This random selection process was
guided by the Kolmogorov-Smirnov (KS) test, iterating up to
5000 times to find the subset with the lowest KS statistic, in-
dicating the best distribution match. As mentioned, our anal-
ysis focused on binary classifications such as lexical groups
(content versus function words) and content word categories
(nouns versus verbs). The number of trials used as a baseline
for each group per condition is detailed in Table|I]

Univariate Analysis

Traditional univariate analysis involves calculating a differ-
ence wave between two or more conditions for a given ERP
component. The most common statistical approach to deal-
ing with this issue uses data clustering combined with per-
mutation testing (Maris & Oostenveld, [2007). By examining
data across all electrode sites, these analyses ensure compre-
hensive spatial coverage, increase the statistical power, con-
trol for multiple comparisons, and allow for the identification

Thttps://github.com/Riccorl/ipa
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of a cluster of electrodes where the component of interest is
largest (Maris & Oostenveld, 2007; (Groppe, Urbach, & Ku-
tas), 2011; [Luck & Gaspelinl [2017). In the standard univari-
ate approach, the difference in ERP amplitude between the
two conditions is quantified at multiple time points. For the
mass univariate analyses, we have a significantly larger set of
(channel, time) pairs, also referred to as samples, wherein we
aim to examine the N400 effect.

In our analysis, each word-level EEG epoch will have three
dimensions: 32 electrodes x 20 participants x 600 time points
(ranging from —100 to 500 ms after word onset), requiring
multiple comparisons. In comparison to single-sensor analy-
ses, the multiple comparisons problem is significantly more
pronounced in this context: with 32 channels and 600 tem-
poral points, we generate 19,200 ¢-values. The cluster-based
permutation test (10,000 times) used a point-wise indepen-
dent samples t-test to identify clusters with data points below
the alpha level (p < 0.05). For multi-channel analyses, the
approach is similar to single-channel analyses but differs in
clustering: rather than clustering based solely on temporal
adjacency, and we now cluster the selected (channel, time)
samples based on both spatial and temporal adjacency.

A major advantage of this analysis is its capability to iden-
tify the optimal group of electrode sites within a specific time
window. Once clusters of (channel, time) samples are iden-
tified, those with p-values exceeding the critical two-sided
alpha-level (0.05) are considered insignificant. The false dis-
covery rate (FDR) is calculated and used to correct for multi-
ple comparisons (Riffenburgh & Gillen, [2020). Each signif-
icant cluster represents a contiguous block of activity across
time points and potentially across electrode channels. By av-
eraging the difference waves for all participants within an op-
timal cluster of electrode sites, we can approximate the elec-
trode locations that best account for the ERP effect. Note that
if the approach does not yield any optimal electrode sites us-
ing FDR correction, we will select optimal channels without
applying the correction. Table [I] shows the results of the op-
timal clusters of electrode sites in the N400 time window.

Baseline Trials
High
Content | 193 365

Group Optimal Electrode Cluster

Low

P3, P7, CP1, CP2, Pz, P4,
Fp2, F7, F3, Fz, F4

FT10, FC1, FC2, C3, Cz,
C4, Fp2, F7, F3, Fz, F4

P3, P7, CP1, CP2, Pz, P4,
F7,F3, Fz, F4

T8, CP6, FT9, P3, P7, CP1,
CP2, Pz, P4, F7, F3, Fz, F4

Function | 318 155

Noun 125 93

Verb 40 165

Table 1: Baseline trial counts and optimal electrode clusters
in the N400 time window for each condition. High and Low
refer to high and low cloze conditions.



Decoding Analysis

Compared to other Machine Learning (ML) models, such as
linear discriminant analysis and random forests, support vec-
tor machine (SVM) has demonstrated superior performance
in examining N400 effects of prediction and semantic related-
ness (Trammel, Khodayari, Luck, Traxler, & Swaab| [2023).
SVM is particularly effective in decoding EEG/ERP data due
to its ease of implementation, strong performance with small
training sets, and especially its ability to handle non-linear
relationships in high-dimensional spaces (Carrasco, Bahle,
Simmons, & Luck, 2024) by using kernel functions.

The flowchart in Figure [I] illustrates EEG data decoding
using an SVM with an RBF kernel. The process begins with
the collection of neural data from multiple subjects, where
each participant’s data is organised into a 3-dimensional ar-
ray corresponding to trials, electrode sites, and time points.
To reduce the potential bias, the trials are randomly shuffled,
mitigating order effects and ensuring better generalisation.
Single-trial EEG epochs are often too noisy to effectively de-
code subtle stimulus classes. An increased signal-to-noise
ratio (SNR) can be achieved by randomly dividing the data
into M sets of approximately a certain number of trials each,
creating an averaged ERP for each set (Isik, Meyers, Leibo,
& Poggio, [2014} |Carrasco et al., [2024). Many previous stud-
ies (Isik et al.,|2014; |Grootswagers, Wardle, & Carlson, 2017
Carrasco et al., 2024) have used multiple sets of 10-20 trials
and achieved the highest or near-highest performance in clas-
sifier accuracy. Therefore, an average of 15 trials was utilised
in this study. For example, 80 high- and 80 low-cloze for
the content group could be averaged into five sets of 16 tri-
als per condition. This approach also captures within-subject
variability and enhances decoding reliability.

The averaged ERPs are then subjected to stratified K-fold
cross-validation (Bishop & Nasrabadi,[2006)), a technique that
addresses the unbalanced distribution of classes and mini-
mizes overfitting risks (Bae & Luck, 2018} |Carrasco et al.,
2024]), ensuring each class receives fair representation in both
training and validation phases. In our study, the SVM-based
decoding was repeated five times. For each round, an SVM
classifier with an RBF kernel was trained on four folds and
tested on the remaining fold. As in the main decoding pro-
cedure, this procedure was applied to each time point inde-
pendently. Decoding accuracy is defined as the proportion of
test cases that are correctly classified. To increase the reso-
lution of the decoding accuracy, the entire process is iterated
100 times (L) for each participant. For each iteration, we re-
randomised the assignment of trials to averages and trained
new SVMs.

If the neural patterns encode distinct lexical class informa-
tion, decoding accuracy should be greater than the 0.5 chance
level for binary classifications. To compare decoding accu-
racy to the chance at each time point while controlling for
multiple comparisons, we used a cluster-based permutation
technique similar to that in the univariate analysis. We used
a one-sample ¢ test to compare the mean accuracy across par-
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ticipants to chance. However, one-tailed tests were used for
the SVM decoding accuracies instead of two-tailed tests in
the univariate technique because the SVM classifier should
not produce meaningful below-chance decoding.

For a given score (i.e., a voltage in a univariate difference
wave or a decoding accuracy), we selected a random sample
of n of the N participants (sampling from the set of N par-
ticipants with replacement) and computed the effect size for
this random sample. We then conducted 5,000 iterations of
the testing procedure, making it possible to construct the null
distribution of the maximum cluster-level t,,,, with a cluster
p-value.

Comparison of Performance Between Methods

Both SVM-based decoding and univariate analysis showed
significant N400 amplitude differences between lexical
groups but could not quantify effect magnitude or directly
compare ERP amplitude variations. A common solution is
to use effect size or statistical power via Cohen’s d, (Cohen)
2013). Effect size measures the magnitude of the differ-
ence between outcomes. This approach allows researchers
to present the magnitude of reported effects in a standardised
metric, which can be understood regardless of the scale used
to measure the dependent variable (Lakens}, |2013)).

This metric quantifies the ability of each approach to pro-
duce statistically significant results while accounting for vari-
ation in wave difference (in univariate analysis) and decoding
accuracy (in SVM-based decoding analysis) across partici-
pants as well as the mean. A larger effect size reduces the
Type II error rate, thereby increasing the proportion of signif-
icant effects (loannidis| |2005). Thus, the approach that gen-
erated a larger Cohen’s d, exhibited greater statistical power
for detecting differences between experimental conditions in
a within-subjects analysis. The Cohen’s d, is calculated as:

X —chance

d, =
Z Oy

In our analysis, regarding the SVM-based decoding ap-
proach, X represents the mean decoding accuracy across par-
ticipants, with a chance level of 0.5, and 6x denotes the stan-
dard deviation of these accuracy values. For the univariate
analysis, X represents the mean wave difference between two
conditions across participants, with a chance level of 0, and
ox denotes the standard deviation of these difference values.
Bootstrapping (10,000 iterations) is then used to estimate the
standard error of the effect size.

Results
Content vs. Function Words

Traditional Univariate Analysis Figure 2] summarizes the
performance of the N400 differences (measured in uV) be-
tween high and low cloze in both lexical classes. Results from
the temporal permutation cluster test show that the N400 dif-
ferences are statistically significant for content words from
150 to 500 ms after word onset (p < .05). In contrast, no
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Figure 1: Flowchart of the EEG decoding process using an SVM with an RBF kernel. The process begins with EEG data from
each participant, organized into 3D arrays by N trials, C electrodes, and T time points. Trials are randomly shuffled to reduce
bias, and the SNR is increased by averaging certain EEG trials per set to create data with M sub-trials, C electrodes, and T time
points. Stratified K-fold cross-validation is applied to balance training and testing data, followed by SVM training and testing
on each fold. The process is repeated L times per participant, with a total of S participants.

significant difference in N400 predictability effects was ob-
served for function words relative to word onset after correc-
tion for multiple comparisons. Indeed, function words have
privileged access to prediction, especially when they are very
frequent (Bell, Brenier, Gregory, Girand, & Jurafsky}, [2009),
making their N400 responses less sensitive to cloze proba-
bility differences. Conversely, content words, being gener-

ally less frequent and more concrete in meaning (Bell et al.}
[2009), show greater sensitivity to such differences.

Decoding Analysis Figure [3]shows that word class was de-
codable from the neural responses during the entire epoch
(p < .05). Interestingly, the SVM decoding demonstrated
strong performance, with accuracy consistently exceeding
chance levels (0.5), except for a very few time points in the
early time course where it slightly dropped below chance,
likely accounted for by random noise rather than systematic
misclassification.

Decoding accuracy for content words increased notably
over time, peaking at 300-500 ms after word offset, with a
maximum accuracy of around 0.65. Although function words
were also encoded in neural activity, their decoding accu-
racy remained around 0.55. This difference between content
and function words was possibly accounted for by cloze pre-
dictability of the upcoming word, in which neural activity in-
creasingly differentiates between high and low cloze content
words, while function words, which are more syntactically
oriented and carry less semantic weight, generate less dis-
tinctive neural responses based on cloze probability.

Comparisons Both approaches effectively detect neural
differences between high and low cloze probability words but
offer different insights. The univariate analysis highlights the
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amplitude difference of the N40O component but struggles to
differentiate between content and function words. In contrast,
SVM-based decoding provides a more dynamic and precise
measure of how the brain processes word predictability over
time. The raincloud plots (rightmost) showing the absolute
N400 amplitude (Figure |2)) and the decoding accuracy (Fig-
ure3) indicate that the distinction is easier to observe through
decoding results than through traditional ERP analysis.

Nouns vs. Verbs

Traditional Univariate Analysis Figure [4] examines how
nouns and verbs are processed under varying levels of pre-
dictability (high vs. low cloze probability) within their op-
timal electrode clusters. Using the permutation cluster ap-
proach at a threshold of p < .05, we did not find significant
clusters for either nouns or verbs. However, at a more lib-
eral threshold of p < .1, verbs showed a significant differ-
ence in the N400 time window, whereas nouns still showed
no neural differences between predictability conditions. This
finding suggests that verbs may be more sensitive to contex-
tual predictability than nouns, likely due to the greater com-
plexity and flexibility of verb semantics in varying contexts
(Mitzig, Druks, Masterson, & Viglioccol, 2009} [Earles & Ker-|
2017). To obtain more robust results, we plan to col-
lect additional cloze data in the next version of the DERCo
dataset, increasing statistical power for ERP analyses across
grammatical categories.

Decoding Analysis The results in Figure |3] indicate that
nouns acquired a higher decoding performance than verb,
suggesting that neural signals for nouns carry more distinct
information regarding their predictability across high and low
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cloze word groups, particularly during the N400 time window
(accuracy > 10%). This richer representation might be due to
the generally more stable and predictable nature of nouns in
language, making them easier to decode at the neural level
(Vigliocco, Vinson, Druks, Barber, & Cappad, 2011). Verbs,
however, show lower overall decoding accuracy, reflecting
more complex and distributed processing required for inte-
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grating verbs into the sentence structure (Bird, Howard, &/
[Franklin| 2000} [Earles & Kerstenl [2017).

Comparisons Nouns, despite showing a less pronounced
N400 amplitude differences between high and low cloze in
the univariate analysis, carry more distinct and accessible
neural information than verbs, as outlined in decoding accu-
racy. This discrepancy arises because traditional ERP analy-
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ses quantify neural response differences between conditions
while assuming a consistent scalp distribution across partici-
pants. In contrast, decoding analyses assess the amount of in-
formation about a condition present in the recorded signal for
each participant individually without assuming uniform brain
activity across participants. This approach allows decoding
to uncover more aspects that might be missed by applying
traditional ERP methods.

Results of Size Effects
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Figure 6: Effect size (Cohen’s d;) plotted on the same scale
for each analysis in the N400 time window, comparing the
traditional ERP analysis and the decoding technique, with (a)
all electrodes and (b) optimal electrodes. The error bars show
+1 standard error.

Figure [6] provides a comparative analysis of N400 ef-
fect sizes between SVM-based decoding and traditional ERP
analysis across four cases: high versus low cloze probabili-
ties for content words, function words, nouns, and verbs. In
the univariate approach, the difference in ERP amplitude be-
tween the two conditions was quantified at a single electrode
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site. To increase effect size in conventional ERP analysis, we
averaged the difference waves across 32 electrode sites.

In Figure [6] (a), SVM-based decoding consistently outper-
formed conventional ERP analysis in effect sizes across all
cases. To increase the effect size of traditional ERP anal-
ysis, we used the optimal group of electrode sites that best
accounts for the N400 effect (see Table[T). As shown in Fig-
ure [6] (b), the decoding technique still demonstrated superior
sensitivity and effect sizes despite a significant improvement
in ERP effect sizes. These results highlight the potential ad-
vantages of employing multivariate decoding techniques in
neurocognitive language research.

Discussion and Conclusion

By leveraging both traditional ERP analysis and decod-
ing techniques, we have provided compelling evidence for
the neural mechanisms of next-word prediction in reading
through N400 analysis. Our results show that content words,
carrying more semantic information, evoke stronger N400 ef-
fects than function words, which primarily aid in syntactic
structuring, supporting prior research on the greater engage-
ment of semantic processing in content words. Moreover, the
decoding technique offers valuable theoretical insights, re-
vealing that although verbs exhibit greater N40O differences
than nouns, nouns carry more distinct predictability infor-
mation. The comparison between two techniques highlights
the advantages of multivariate techniques in capturing neu-
ral complexity. While univariate approaches identify broad
patterns, they often miss subtle differences in brain activity.
While this study focused on the N40O component, our on-
going research explores additional ERP components, such as
the P600, to gain further insights into syntactic processing
(Gouvea, Phillips, Kazanina, & Poeppell, 2010) and provide
a more holistic understanding of the neural mechanisms in-
volved in reading comprehension. Likewise, future research
should consider using additional decoding techniques to com-
pare their results and potentially gain a more comprehensive

understanding of the neural data (Trammel et al, 2023}, [Car-
rasco et al., 2024).
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