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Abstract

Semantic association between a word and its context has been identified as an important component of
reading comprehension, even when word predictability is accounted for. Recent research has highlighted the
potential of language model (LM) embeddings to quantify semantic association. Yet, embedding-based semantic
association have been operationalized in a myriad of ways. In this study, we use embeddings from LMs to
estimate semantic association on a corpus of joint electroencephalography (EEG) and self-paced reading of
natural, Dutch texts. Semantic association is calculated in ten different implementations that vary the embedding
model and context lengths. The effects of semantic association across the different implementations on the
N400 and self-paced reading times are examined using Bayesian hierarchical models and Bayes factor. The
results show that the choice of embedding model can alter the estimated effect of semantic association on
both the N400 and self-paced reading times. Furthermore, the results demonstrate a promising potential of
sentence embeddings for capturing semantic association, as only implementations relying on sentence embeddings
indicate reliable results of semantic association beyond word predictability on both neural and behavioral mea-
sures. Together, these findings highlight the importance of methodological choices in quantifying semantic association.

Keywords: semantic association, self-paced reading (SPR), electroencephalography (EEG), N400, sen-
tence processing

1. Introduction

Humans process words in the context in which they
are presented. How predictable a word is given its
preceding context largely impacts the processing
difficulty of the word (Kutas and Federmeier, 2011;
Ehrlich and Rayner, 1981; Wong et al., 2024). For
example, in the sentence pair, “By the end of the
day, the hiker’s feet were extremely cold and wet.
It was the last time he would ever buy a cheap
pair of boot/jeans.”, the final word “boots” is highly
predictable based on the preceding context and is
therefore processed more easily than the alterna-
tive ending “jeans”, which is comparatively unpre-
dictable in this context (example from Federmeier
and Kutas, 1999).

Predictability of a word, or its probability given a
context, has been estimated using a range of prob-
abilistic models, including probabilistic grammars
(Hale, 2001) and, more recently, next token prob-
abilities from language models (LMs) (Broderick
et al., 2018; Ettinger et al., 2016; Xu et al., 2024;
Michaelov et al., 2024; Frank, 2017; Michaelov and
Bergen, 2024). Additionally, word predictability has
been estimated using the cloze task1 (Luke and

1The cloze task is a language comprehension task in
which one or more words are removed from a text and
must be filled in by the participant based on contextual
cues.

Christianson, 2018; Dambacher et al., 2006; Bulkes
et al., 2020).

Word predictability has been able to explain im-
portant aspects of processing difficulty, however, it
doesn’t provide a full account. In addition to pre-
dictability, semantic association presents another
factor that modulates reading comprehension (Ku-
tas and Federmeier, 2011; Brouwer et al., 2012).
Semantic association refers to the degree of se-
mantic relatedness between a target word and the
context in which it is presented. While this mea-
sure is related to the predictability of the word, it
has distinct properties. Using the example context
from above, “By the end of the day, the hiker’s feet
were extremely cold and wet. It was the last time he
would ever buy a cheap pair of sandals.”, the word
“sandals” is unpredictable in the context, however, it
is semantically associated with the context (which
mentions feet). Federmeier and Kutas (1999) show
that this distinction results in different processing
of these target words.

Semantic illusion has been used to study the
effects of semantic association beyond word pre-
dictability. Semantic illusions refer to a phe-
nomenon where unpredictable (or incorrect) words
are temporally unnoticed because the words are
semantically associated with the context. The sen-
tence “For breakfast the eggs would only eat toast
and jam.”, illustrates this effect, where the word “eat”
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fails to elicit the expected neural response to an
unpredictable word (Kuperberg et al., 2003). Stud-
ies on semantic illusion report that words seman-
tically associated with their context are processed
differently (as shown with electroencephalography;
EEG) compared to words that lack such associ-
ations (Kuperberg et al., 2003; Nieuwland and
Van Berkum, 2005; Stone and Rabovsky, 2025;
Aurnhammer et al., 2023). Relatedly, Krieger et al.
(2024) found that word predictability from LMs
doesn’t capture the complete role of contextual infor-
mation in human sentence processing, particularly
with respect to semantic association.

Processing difficulty is commonly indexed us-
ing behavioral measures such as reading times,
as well as neural measures derived from EEG, in-
cluding the N400 and the P600 event-related po-
tential (ERP) components. Word predictability has
been shown to have robust effects on reading times
and the N400 (Kutas and Federmeier, 2011; Ehrlich
and Rayner, 1981; Frank et al., 2015; Shain, 2024;
Pimentel et al., 2023; Frank and Aumeistere, 2024;
Federmeier and Kutas, 1999). In contrast, seman-
tic association between target words and their con-
text has been investigated primarily in ERP studies,
with fewer studies examining its relationship to read-
ing times.

ERP studies of semantic association have mostly
focused on the N400 component, where semantic
association decreases the negative amplitude of
the component (Fischler et al., 1983; Kuperberg
et al., 2003; Federmeier and Kutas, 1999; Xu et al.,
2024; Broderick et al., 2018; Frank and Willems,
2017). However, studies have found that the effect
of semantic association on the N400 disappears
when there is a delay between the semantically
related context and the critical word (Chow et al.,
2018; Stone and Rabovsky, 2025). Furthermore,
Salicchi and Hsu (2025) found that semantic as-
sociation didn’t explain variance in the N400 com-
ponent when surprisal was accounted for, while
it did in the P600 component, suggesting effects
on later processing stages. Evidence of the effect
on reading times is less explored. While some
studies have found that stronger semantic associ-
ation decreases reading times (Pynte et al., 2008;
Mitchell et al., 2010), other studies indicate that se-
mantic association has no effect on reading times
when excluding the variance explained by word
predictability (Traxler et al., 2000; Frank, 2017).

Studies of semantic association have mostly re-
lied on stimuli consisting of handcrafted contexts
and target words, where they are either semanti-
cally similar or not (Federmeier and Kutas, 1999;
Fischler et al., 1983; Kuperberg et al., 2003; Stone
and Rabovsky, 2025). However, recent studies
have attempted to estimate the semantic asso-
ciation using embeddings from LMs (Broderick

et al., 2018; Ettinger et al., 2016; Xu et al., 2024;
Michaelov et al., 2024; Frank, 2017; Michaelov and
Bergen, 2024; Frank and Willems, 2017; Parviz
et al., 2011). Thereby, enabling the quantification
of semantic association as a continuous measure
and facilitating analyses that can extend to natural-
istic stimuli.

Embedding-based estimates of semantic associ-
ation have been conceptualized in a myriad of ways.
Firstly, studies deploy different embedding models
for extracting the embeddings of the context and
the critical word. Most studies use word embed-
dings, e.g., GloVe, word2vec or fastText (Broderick
et al., 2018; Ettinger et al., 2016; Xu et al., 2024;
Michaelov et al., 2024; Frank, 2017; Michaelov and
Bergen, 2024; Frank and Willems, 2017), however,
these models vary in model architecture, embed-
ding size, and training data. Secondly, the con-
text embedding is defined in a variety of ways.
Most commonly an average of the word embed-
dings are used, however, which words are included
in the average varies: some studies use all the
words in the context (Michaelov and Bergen, 2024;
Michaelov et al., 2024; Xu et al., 2024; Broderick
et al., 2018), others only content words (Mechten-
berg et al., 2025; Frank and Willems, 2017) or a
manually select subset of the words (Frank, 2017;
Ettinger et al., 2016). Additionally, the length of the
context varies. While most studies rely on sentence-
level stimuli and use all the preceding words as the
context, other studies relying on stimuli consisting
of longer text have defined context windows. Frank
(2017) defined the context in two separate ways: i)
only the sentence preceding the critical word and ii)
the four content words immediately preceding the
critical word. Similarly, Mechtenberg et al. (2025)
examined local and global effects of semantic asso-
ciation by defining context windows of one, two, five,
and ten words preceding the critical word, excluding
stop words. Finally, different functions for calculat-
ing the similarity between the embeddings of the
critical word and the context have been employed:
While the vast majority utilize the cosine similarity
(Ettinger et al., 2016; Xu et al., 2024; Michaelov
et al., 2024; Frank, 2017; Michaelov and Bergen,
2024), Pearson’s correlation has also been used
(e.g., Broderick et al., 2018)

The present study investigated whether semantic
association derived from LM embeddings captured
aspects of language processing not accounted for
by word predictability alone. To accommodate al-
ternative formalizations of semantic association,
we defined multiple implementations, varying the
embedding model and the size of the contextual
window used to compute semantic association. We
evaluated these implementations using Bayesian
model comparison (Bayes factor) and assess their
effects on self-paced reading times and the N400
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ERP component. The results of the study showed
how the choice of embedding model and the con-
ceptualization of the context can alter the conclu-
sions across neural and behavioral signals.

2. Methods

2.1. Data

The study used data from the Tilburg corpus of Nat-
ural Dutch Texts (TiNT; Østergaard et al., 2025).
The corpus consists of joined recordings of EEG
and self-paced reading (SPR) from 71 participants
(whereof 56 participants were included in the analy-
sis of the current study). All participants read eight
medium-length (approx. 600 words), natural, Dutch
texts of different genres. Seven texts were read us-
ing a SPR paradigm, while a single text was read in
a rapid serial visual presentation (RSVP) paradigm
(the exact text changing from participant to partic-
ipant). In this study, we only used data recorded
during SPR.

Preprocessing of the EEG signal and extraction
of ERPs were identical to that of Østergaard et al.
(2025). Preprocessing included rereferencing of
the electrodes, band-pass filtering, and artifact de-
tection and exclusion. The N400 was defined as
the mean amplitude of centroparietal electrodes in
the time window 300-500ms after word onset.

2.2. Semantic association

Semantic association was defined as the similar-
ity between the embedding of the context and the
embedding of the critical word. Thus, three method-
ological decisions were required: (1) How to repre-
sent the embeddings of the context and the critical
word, (2) what context length to use, and (3) which
similarity function to apply. In this paper, we defined
multiple implementations of semantic association
by varying the first two factors, while we used the
cosine similarity as the similarity metric across all
implementations. Cosine similarity was used, as it
is the standard similarity measure for distributional
embedding models (Yamada et al., 2020; Reimers
and Gurevych, 2019).

(1) Embeddings of the context and the word:
Multiple approaches exist for deriving embeddings
of text using LMs. Embeddings can be uncontex-
tualized, such as, GloVe, word2vec, or fastText
(Pennington et al., 2014; Mikolov et al., 2013; Bo-
janowski et al., 2017). Such models produce a
single embedding for each word in isolation. Alter-
natively, embeddings can be contextualized. Con-
textualized embeddings can be derived from trans-
former models, including both encoders such as
BERT (Devlin et al., 2019) and generative models
such as GPT and LLama (Radford et al., 2018; Tou-
vron et al., 2023) by retrieving embeddings from the

last hidden state. However, embeddings derived
directly from pre-trained models typically perform
poorly, and thus it has become the norm to adapt
contextualized transformer models for embedding
tasks, such as semantic text similarity (Reimers
and Gurevych, 2019; Gao et al., 2021; Li et al.,
2025).

An initial exploration of implementations of se-
mantic association using different embedding mod-
els was conducted with simple sentences where
the differences in semantic association were hand-
crafted. The results of the exploration indicated
that both contextualized and uncontextualized em-
bedding models were able to differentiate words
semantically associated with the context from un-
related words. The results from the models were
similar within embedding type (i.e., contextualized
or uncontextualized).2 As such, we selected two
candidate models: an uncontextualized word em-
bedding model and a contextualized sentence em-
bedding model.3

For the uncontextualized model, we used
the word2vec model wikipedia2vec_nlwiki_

20180420_300d4 (Yamada et al., 2020). This
model was chosen as the training procedure
matched previous literature (Broderick et al., 2018;
Ettinger et al., 2016; Frank, 2017; Frank and
Willems, 2017) and its training data overlaps with
the TiNT corpus (Østergaard et al., 2025). As
the model only produces one embedding for each
word, we used two methods for obtaining the em-
bedding of the context: i) the average of the em-
beddings of all the words in the context (denoted
WE), and ii) the average of all the content words in
the context (denoted CWE). We used the nl_core_
news_sm model from spaCy to extract the part of
speech (POS) tags. Content words were identified
as words with the POS tags noun, verb, adjective,
or adverb.

For the sentence embedding we used e5-

large-trm-nl (Banar et al., 2025) as it per-
formed well on the Dutch embedding benchmark
(MTEB(nld, v1); Banar et al., 2025; Enevoldsen
et al., 2025). Sentence embeddings are trained to
produce an aggregated embedding over multiple
words, thus, it didn’t require post-hoc averaging to
obtain the embedding of the context. Implementa-
tions with sentence embeddings are denoted SE.

(2) Context length: Contexts of varying length
were defined to examine local and global effects of
semantic association. Four distinct context lengths

2Results of initial exploration can be found in appen-
dices.

3For historical reasons, we call these sentence em-
beddings, as they initially were trained to embed sen-
tences. However, they have since been expanded to
embed entire documents.

4Model revisions can be found in appendices.



63

were used. First, a naive context consisting of
all words preceding the critical word was used
(All). Second, we defined a context consisting of
all words in the preceding sentence, as well as in
the sentence to which the critical word belonged
(Sentence(N=1)). Finally, we defined a windowed
context, where the context consisted of a fixed num-
ber of content words before the target. Here, we
used windows of one and two (Windowed(N=1) and
Windowed(N=2)). The windowed implementation
was only defined with (content) word embeddings.

In addition to the contexts of different lengths,
we defined a weighted average of the word embed-
dings. The weights followed an exponential forget-
ting curve, thus, assuming words appearing closer
to the critical word were more important. This was
implemented as in Equation 1:

WE, Weighted =

N∑

i=1

2
−i

4 · similarity(wc, wi) (1)

Here, wc is the word embedding of the critical word
and wi the word embedding of the word i words
away from the critical word. The equation sums
over all words preceding the critical word. The de-
nominator (4) determines the half-life of the decay
and was chosen such that words at a distance of
ten or more from the critical word receive minimal
weights. As for the other implementations, the
similarity was calculated with the cosine similarity.
The weighted average was implemented with word
embeddings of all words and word embeddings
of content words only. All the implementations
of semantic association are summarized in Table 1.

Correlations between semantic association for
content words in the corpus extracted using the
different implementations are shown in Figure 1.
Implementations based on the same type of em-
bedding (i.e., word or sentence embeddings) are
strongly correlated, suggesting that they index sim-
ilar sources of variance. In contrast, correlations
across embedding types are substantially weaker.

2.3. Regression models and model
comparison

Bayesian hierarchical models were fitted to exam-
ine the effect of the different implementations of
semantic association on the two dependent vari-
ables: self-paced reading times and the N400. The
models were fitted in Stan (version 2.32.2; Stan De-
velopment Team, 2023) using the brms package
(version 2.22.0; Bürkner, 2017) in R (R Core Team,
2024). All predictors were z-score standardized.
Words with reading times lower than 100 ms or
greater than 3000 ms were excluded from analysis.
Only content words (i.e., nouns, verbs, adjectives,

Figure 1: Pearson’s correlation coefficients be-
tween implementations of semantic association,
log-probability of words, and Zipf word frequency
for all content words in the corpus.

and adverbs) were included in the analysis. As
embeddings extracted from the word2vec model
only exist for a finite number of words, the data loss
slightly differed across different implementations of
semantic association.5 The models were fitted on
complete cases across all implementations.

The models were run with two predictors, log-
probability lp, estimated by the average word prob-
ability from four GPT models (see Østergaard et al.,
2025), and semantic association sem. One regres-
sion model for each of the two dependent variables
and each of the 10 implementations of semantic
association was fitted, resulting in 20 separate mod-
els. Uncorrelated group-level intercepts and slopes
for both lp and sem were estimated for each partic-
ipant, document, and word. For the reading time
(RT) model, a log-normal likelihood was used, while
for the N400 model, a Gaussian likelihood was used
(See Equations 2, 3, and 4).

RT ∼ LogNormal(µ, σ) (2)

N400 ∼ Normal(µ, σ) (3)

µ =α+ uparticipant,0 + udocument,0+

uword,0 + (β1 + uparticipant,1+ (4)

udocument,1 + uword,1) · lp+ (β2+

uparticipant,2 + udocument,2 + uword,2) · sem

5Data loss across all implementations is reported in
appendices.



64

Name Embedding model Context Words

SE, All Sentence Embeddings All preceding words All
SE, Sentence(N=1) Sentence Embeddings One sentence before the target

sentence
All

WE, All Word Embeddings All preceding words All
WE, Sentence(N=1) Word Embeddings One sentence before the target

sentence
All

WE, Weighted Word Embeddings All preceding words (weighted) All
CWE, All Word Embeddings All preceding words Content words
CWE, Sentence(N=1) Word Embeddings One sentence before the target

sentence
Content words

CWE, Weighted Word Embeddings All preceding words (weighted) Content words
CWE, Windowed(N=2) Word Embeddings One content word preceding the

target
Content words

CWE, Windowed(N=2) Word Embeddings Two content word preceding the
target

Content words

Table 1: All implementations of semantic association used in the current study. The implementations will
be referred to by the name in the name column.

Different priors were used for the reading times
and the N400 model, as the scales of the depen-
dent variables were different, i.e., reading times
in ms and ERP components in µV. For all models,
regularizing priors were used to ensure stable and
plausible estimates (Nicenboim et al., 2025). The
priors for the reading times model were as follows:

α ∼ Normal(5.5, 1)

β ∼ Normal(0, .1)

u ∼ Normal(0, sd)

sd ∼ Normal+(0, .5)

σ ∼ Normal+(0, .5)

The priors for the models of the ERP components
were:

α ∼ Normal(0, 20)

β ∼ Normal(0, 10)

u ∼ Normal(0, sd)

sd ∼ Normal+(0, 10)

σ ∼ Normal+(0, 10)

To assess the influence of the various implemen-
tations of semantic association on reading com-
prehension (i.e., reading times and the N400), we
used Bayes factors. Bayes factor provides a frame-
work for Bayesian hypothesis testing by quantifying
evidence in favor of a model (M0) given another
(M1). This is calculated as the ratio between the
marginal likelihoods of the two models, which in
turn responds to two hypotheses. (see Equation
5).

BF01 =
p(y|M0)

p(y|M1)
(5)

As such, a Bayes factor of one indicates no evi-
dence for either model, a Bayes factor of 10 would

be strong evidence for M0, and a Bayes factor of
1/10 indicates strong evidence for M1. We used the
Savage-Dickey density ratio method to calculate
Bayes factor, as it provides a convenient method for
computing Bayes factor for nested models with a
point null hypothesis (Dickey and Lientz, 1970). We
specifically tested the null hypothesis that there’s no
effect of semantic association in the models when
log-probability is included. The Savage-Dickey ra-
tio was calculated separately for each model as in
Equation 6.

BF01 =
p(β2 = 0|y)

p(β2 = 0)
(6)

Here, y denotes the observed data and β2 is the
coefficient for semantic association.

As Bayes factor is sensitive to the choice of
prior, we conducted a sensitivity analysis by vary-
ing the width of the prior for β2 while keeping
the priors for all other parameters fixed. For the
reading times models, we used additional priors
of β2 ∼ Normal(0, .05) and β2 ∼ Normal(0, .5),
and for the N400 models, β2 ∼ Normal(0, 1) and
β2 ∼ Normal(0, 2). For a more elaborate explana-
tion of Bayes factor and the Savage-Dickey ratio,
see Nicenboim and Vasishth (2016).

Most models were fitted using four chains with
2,000 iterations, where half the iterations were
warm-up samples. However, six models required
3,000 iterations to ensure stable posterior sampling.
The models reported in this paper had no divergent
transitions, R̂s ≤ 1.03, and the number of bulk and
tail effective samples was at least 119 and an aver-
age of 1,477.
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Figure 2: Regression coefficients and 95% credible
intervals for semantic association β2 as estimated
by the different implementations. Every point rep-
resents β2 from a separate regression model. The
models with N400 as the dependent variable are
measured in µV, while the reading times models
are measured in ms (thus, the scales of the x-axis
differ across the two).

3. Results

Figure 2 displays the coefficients for semantic as-
sociation (β2 in Equation 4) estimated by the 20 re-
gression models using the values from the different
implementations of semantic association to predict
the N400 and self-paced reading times. Bayes fac-
tor for β2 across the regression models reported in
Figure 3. The results from the Bayes factor showed
anecdotal evidence (BF01 ∈ {1, 1/3}) for an effect
of semantic association in only two models (SE,
Sentence(N=1) for the N400 and SE, All for read-
ing times). Across the rest of the models for both
dependent variables, there was the most evidence
for the null hypothesis, i.e., no effect of semantic
association.

Embedding models: The results of the regres-
sion models indicate that the choice of embedding
model when calculating semantic association im-
pacts the estimated effects on neural and behav-
ioral measures. This pattern was particularly pro-
nounced for the models of the N400. The estimated
effect of semantic association on the N400 when us-
ing sentence embeddings (SE) was positive, mean-
ing that less semantically associated words elicited
a more negative N400 amplitude, consistent with
previous literature (Fischler et al., 1983; Kuperberg
et al., 2003; Federmeier and Kutas, 1999; Xu et al.,
2024; Broderick et al., 2018; Frank and Willems,
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Figure 3: Bayes factor. BF01 > 1 indicates more
evidence for the null hypothesis (i.e., no effect of
semantic association) and BF01 < 1 indicates
more evidence for the alternative hypothesis (i.e.,
an effect of semantic association). Each Bayes
factor was calculated for separately fitted models
with different standard deviations (SD) for the prior
of β2.

2017). In contrast, when semantic association was
calculated using word embeddings (WE), the direc-
tion of the effect reversed, i.e., a negative estimate.
When semantic association was calculated using
the same word embeddings but only embeddings
of the content words in the context (CWE), the esti-
mated effect of semantic association was close to
zero. For reading times, only the model of semantic
association from the SE, All implementation indi-
cated an effect. This model estimated a positive
effect of semantic association on reading times;
thus, reading times increased when words were
more semantically associated to the context. The
estimated coefficients for semantic association for
the rest of the models were smaller and generally
close to zero.

Context length: The results show that the length
of the context matters only for the semantic associ-
ation defined with sentence embeddings. The im-
plementations of semantic association using word
embeddings (both WE and CWE) showed similar
effects on both the N400 and reading times across
all contexts (All, Sentence, Weighted, and Win-
dowed). For the implementations relying on sen-
tence embeddings, the effect of context appeared
to play a more substantial role. On the N400, the
effect of semantic association was largest for the re-
gression model with SE, Sentence(N=1), while the
largest effect of semantic association on reading



66

times was estimated by the model with SE, All.

4. Discussion

In this study, we employed both uncontextualized
word embeddings and contextualized sentence em-
beddings to estimate semantic association. These
two embedding types appear to capture distinct
patterns in the text. This is both apparent from the
correlations between the different implementations
of semantic association (Figure 1) but, more impor-
tantly, for the estimated effects of semantic asso-
ciation on self-paced reading times and the N400
too (Figure 2 and Figure 3). The results of the re-
gression models show that the type of embeddings
used influences the estimated effect of semantic as-
sociation. This finding is most pronounced for the
N400, where the estimated effect reverses direc-
tion depending on whether semantic association is
computed using sentence or word embeddings. A
positive effect of semantic association on the N400
is found when using sentence embeddings, while
the opposite (i.e., a negative effect) is estimated
with word embedding-based semantic association.
In contrast, previous literature using similar uncon-
textualized word embeddings to calculate semantic
association reports a positive effect of semantic
association on the N400 (Broderick et al., 2018;
Frank and Willems, 2017; Xu et al., 2024). It is
important to note that the Bayes factor indicated
no evidence for the negative effects estimated for
word embedding-based semantic association, how-
ever, anecdotal evidence for one of the models
with a positive effect for semantic association from
sentence embeddings.

What could be possible explanations for the ob-
served difference in semantic association when
computed with different types of embedding mod-
els? One important distinction between sentence
embeddings and word embeddings when using
them to create context representations lies in how
information was aggregated. Although sentence
embeddings output an aggregation of embeddings
too, the model has been trained to produce a se-
mantically coherent representation in which more
informative words receive greater weight. In this
study, the implementations of semantic associa-
tion using word embeddings from word2vec relied
on a naive approach, where an unweighted aver-
age was utilized, inspired by previous approaches
(Michaelov and Bergen, 2024; Michaelov et al.,
2024; Xu et al., 2024; Broderick et al., 2018; Mecht-
enberg et al., 2025; Frank and Willems, 2017;
Frank, 2017; Ettinger et al., 2016). As such, im-
portant information could be lost in the context
representations derived from the word embedding
implementations — especially for the implemen-
tations of longer contexts (i.e., WE, All and WE,

Sentence(N=1)). Studies finding positive effects of
word embedding-based semantic association on
the N400 have generally relied on shorter contexts
(either because sentence-level stimuli were used or
because they defined short context lengths), thus
minimizing the information loss when averaging
over embeddings. This speculation is supported
by our initial exploration, where both sentence and
word embeddings produced effects in the same di-
rection using sentence pairs from Federmeier and
Kutas (1999).6 While the weighted implementa-
tions of semantic association (WE, Weighted and
CWE, Weighted) were cognitively motivated im-
plementations, discounting the influence of word
embeddings on the overall average based an expo-
nential forgetting curve, this approach didn’t seem
promising given the results of the current study.
The weights were solely based on distances to the
critical word, thus words were not weighted based
on their semantic relevance.

To our knowledge, no previous works have used
sentence embeddings for studying semantic associ-
ation in sentence processing. The present findings
suggest that this approach provides a promising
method for estimating semantic relations between
contexts and target words. Implementations based
on sentence embeddings showed the most reliable
effects on both the N400 and self-paced reading
times, as reflected by the size of the regression
coefficients and Bayes factors. Post-hoc qualitative
analyses further indicated that sentence embed-
dings are more sensitive to the general themes
of the texts compared to averaged word embed-
dings. Figure 4 illustrates a difference between
sentence embeddings and word embeddings for
calculating semantic association in two examples
of sentence pairs from the corpus. In the first pair,
the word “dragon” appears in both sentences. Only
the SE, All implementation captures the associa-
tion between “draak” (English: “dragon”) and the
story “Mijn Heer Zak met Rijst”7 in the first sen-
tence, while SE, Sentence (N=1) detects the as-
sociation when the word reappears in the second
sentence. In contrast, none of the word embedding
implementations indicate a strong association for
“dragon” in either instance. In sentence pair B from
the text “Nomadisch pastoralisme”, a similar pat-
tern is observed with the two words “Nomadisme”
(English: “Nomadism”) and “nomadische” (English:
“nomadic”). While these examples were selected
for illustrative purposes, they suggest that sentence
embeddings capture a thematically coherent repre-
sentation of semantic association in natural texts.

Naturally, this interpretation depends on the
operationalization of semantic association. In the

6Results of initial exploration can be found in appen-
dices

7A fairy tale about a Dragon King.
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Figure 4: Semantic association (as estimated by different implementations), log-probability, and Zipf
frequency of words in two sentence pairs from two different documents in the corpus. Highlighted are
the words “draak” (English: “dragon”) in sentences A and “Nomadisme” (English: “Nomadism”) and
“nomadische” (English: “nomadic”) in sentences B. All variables (i.e., log probability, Zipf frequency, and
semantic associations) are z-score standardized.

present study, semantic association was defined
as the similarity between embeddings of the
context and the critical word, following prior work
(Broderick et al., 2018; Ettinger et al., 2016; Xu
et al., 2024; Michaelov et al., 2024; Frank, 2017;
Michaelov and Bergen, 2024; Frank and Willems,
2017). This operationalization assumes that the
embeddings encode multiple aspects of meaning,
including both shared features (e.g., nurse and
mechanic as occupations) and thematic relations
(e.g., nurse and hospital as related). Consequently,
embedding similarity captures similarities in the
features of the word as well as their relatedness.
Following this definition, repeated words will
inflate semantic association, as the similarity
between two identical embeddings is one (i.e.,
maximum semantic association). However, this
property applies for all the implementations of
semantic association considered in the current
work, thus, the effect of repetition can’t account for
the differences observed in example A in Figure 4.

The results of the current study are exploratory,
and further work is required to identify under

which conditions specific implementations of LM
embedding-based estimates of semantic associa-
tion differ. The analysis was based exclusively on
texts from a single corpus (TiNT; Østergaard et al.,
2025), which consists of medium-length, Dutch
texts. Not only does this corpus stand in contrast
to previously used stimuli by the length of the texts
(as touched upon above), but also in the language.
As Dutch has been less extensively studied than
English, the quality of the embedding models may
differ, potentially affecting their performance. As
such, semantic association as estimated by the
different implementations in this study should be
validated on other corpora to determine whether it
is possible to replicate previously reported effects
of semantic association.

The most prominent finding of this study lies in
the importance of the embedding model for es-
timating semantic association. Only one word
embedding model and one sentence embedding
model were included in the analysis, as initial ex-
plorations indicated minimal differences between
models within each embedding type. However, in
light of the results of the current study, further ex-
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ploration of different embedding models would be
interesting.

5. Conclusion

This study examined the effects of LM embedding-
based semantic association on the self-paced read-
ing of medium-length, Dutch texts. The findings
demonstrate that the conclusions critically depend
on how semantic association is implemented, par-
ticularly with respect to the embedding model.
While uncontextualized word embeddings (e.g.,
word2vec) have previously been used to examine
semantic association in sentence processing and
showed effects on the N400 (Xu et al., 2024; Brod-
erick et al., 2018; Frank and Willems, 2017), we ob-
served no effects on either the N400 or self-paced
reading times. In contrast, semantic association
estimated with sentence embeddings was found to
be predictive of processing difficulty. These results
suggest sentence embeddings to be a promising
approach for examining the effects of semantic as-
sociation in natural reading.

6. Code availability

Code for reproducing the analysis is publicly
available from GitHub at https://github.com/

saraoe/semantic_association.

7. Ethics Statement

The study utilized human data from the Tilburg
corpus of Natural Dutch Texts (TiNT) collected by
Østergaard et al. (2025). The data has received an
ethics approval and is licensed under a CC-BY-NC-
SA license.
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A. Appendices

A.1. Hugging Face References and Revision

Hugging Face Reference Revision

Word2vec/wikipedia2vec_nlwiki_20180420_300d
(Yamada et al., 2020)

f7c83ecdf955a4f482a12517ca52a1f4b81e43cf

clips/e5-large-trm-nl (Banar et al., 2025) 683333f86ed9eb3699b5567f0fdabeb958d412b0
Word2vec/wikipedia2vec_enwiki_20180420_100d
(Yamada et al., 2020)

7e4d6d224b95a5c351e2a47232701c4403ffbc16

fse/word2vec-google-news-300 528f381952a0b7d777bb4a611c4a43f588d48994
sentence-transformers/all-MiniLM-L6-v2 c9745ed1d9f207416be6d2e6f8de32d1f16199bf
intfloat/multilingual-e5-large (Wang et al., 2024) 0dc5580a448e4284468b8909bae50fa925907bc5
spacy/nl_core_news_sm (Honnibal et al., 2020) b9d28fe480eeacf9809fbd5ead5ef1ff27d9394e

Table 2: Overview of Hugging Face models used for the analysis.

A.2. Data loss

The data loss for the different implementations of semantic association, i.e., the number of words in the
corpus for which semantic association could not be calculated. The use of sentence embeddings resulted
in a lower data loss compared to the word embedding implementations, as word embeddings extracted
from a word2vec model only exist for a finite number of words. The data loss is largest for the CWE,
Windowed(N=1).

Implementation Data loss
Overall Content words

SE, All 0.17% 0.08%
SE, Sentence(N=1) 0.17% 0.08%
WE, All 1.78% 2.06%
WE, Sentence(N=1) 1.78% 2.06%
WE, Weighted 1.78% 2.06%
CWE, All 2.09% 2.33%
CWE, Sentence(N=1) 2.17% 2.38%
CWE, Weighted 2.09% 2.33%
CWE, Windowed(N=1) 3.91% 4.25%
CWE, Windowed(N=2) 2.21% 2.39%

Table 3: Data loss caused by the different implementations of semantic association. The table shows
the overall data loss across all words in the corpus, and the data loss for the current analysis that only
considers content words.

A.3. Validation of semantic association

To validate the implementations of semantic association, we used data from Federmeier and Kutas (1999).
As seen in Ettinger et al. (2016), we wanted to validate that the model identified expected targets as more
semantically similar to the context compared to the within-category and between-category target words. In
addition to the original stimuli, we added an unrelated target word (identical to an expected target in another
context). Moreover, using OpenAI’s GPT-5.2 (OpenAI, 2025), we generated longer contexts of approx. 100
words to validate the models on contexts longer than the two-sentence context provided in the original data.
The results of the validation are shown in Figure 5. All the implementations identify the correct ordering of
semantic association between the target words and the contexts. The sentence embedding models, all-

MiniLM-L6-v2 and intfloat/multilingual-e5-large, generally exhibit less variance overlap
between target words (and most notably between the expected and unexpected target) as compared to
the word embedding models, enwiki_20180420_100d and word2vec-google-news-300.
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Figure 5: Average semantic association between context and target words (expected, within, between, and
unexpected) from Federmeier and Kutas (1999) given different implementations of semantic association.
The plot is divided by the embedding model and the implementation of semantic association. The x-axis
indicates the context the target was associated with, where “long” means the original and the generated
longer context, “original” means the original context, “5 sentences” means the two sentences in the original
context and three more from the longer context. The error bars indicate the standard deviation. Note that
the y-axes are different across plots.
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