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Abstract

This study investigates whether eye-tracking
measures predict if a word is the final token
of a multi-word expression (MWE), focusing
on two understudied MWE types: fixed ex-
pressions (e.g., due to) and phrasal verbs (e.g.,
turn out). Using mixed-effects logistic regres-
sion, we compared tokens in MWE contexts
with the same tokens in non-MWE contexts.
Results reveal a clear difference in processing.
For fixed expressions, reading-time measures
significantly predict MWEhood. In contrast,
phrasal verbs show no consistent predictive ef-
fects. Additionally, we compared the reading-
time models to models that included GPT-2
surprisal as a predictor. While surprisal does
predict MWEhood, it fails to capture the dis-
tinction between types. These findings high-
light the need to consider MWE typology in
models of formulaic language processing.

1 Introduction

Across languages, certain word combinations,
known as multi-word expressions (MWEs), are
conventional patterns associated with specific
meanings or connotations. MWEs take diverse
forms, ranging from structurally fixed idioms with
figurative meanings (e.g., break the ice), to com-
pounds (e.g., sea water), which vary in composi-
tionality, and phrasal verbs (e.g., carry out), which
can be either compositional or idiomatic and are of-
ten lexically productive (Avgustinova and lomdin,
2019).

MWEs are ubiquitous because they enhance lan-
guage efficiency through predictable transitions be-
tween words. Highly conventionalised MWEs can
be retrieved holistically from the lexicon rather
than incrementally processed, providing a process-
ing advantage over novel sequences (Siyanova-
Chanturia et al., 2017). From a communicative
perspective, MWEs reduce cognitive load for lan-
guage users, serving as devices that streamline pro-
cessing and facilitate comprehension (Conklin and
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Schmitt, 2012). Many studies have demonstrated
the processing advantages of MWEs using eye-
tracking and event-related potentials (ERP). These
studies show that MWE:s are generally read and pro-
cessed more efficiently than novel sequences, with
facilitation influenced by factors such as frequency,
predictability, familiarity, and type-specific prop-
erties (e.g., Siyanova (2010); Carrol and Conklin
(2020); Kessler et al. (2021)).

As shown by Carrol and Conklin (2020), dif-
ferent types of MWEs exhibit different cognitive
processing patterns. In the present study, we fo-
cus on two types: fixed expressions (e.g., due to,
out of ) and phrasal verbs (e.g., turn out, rush in).
These small lexical units have been understudied in
research on MWE processing. Our analysis focuses
on the final token of each sequence because MWEs
are characterized by highly predictable transitions
between constituent tokens. This predictability ad-
vantage is expected to manifest most clearly at the
final token, which is processed more rapidly when
it completes an MWE than when the same token
appears in a non-MWE context. To do this, we
compare tokens appearing in MWEs with the same
tokens when they occur in non-MWE contexts. Ad-
ditionally, we compare the results obtained using
reading-time predictors with models based on sur-
prisal estimates from a large language model, to
examine whether the surprisal behaviour of the fi-
nal token also differs according to MWE type.

2 Related Work

Eye-tracking studies have long shown that gaze
patterns are sensitive to linguistic and contextual
factors, including lexical frequency, verb complex-
ity, and ambiguity (Rayner (1975); Rayner and
Duffy (1986); Rayner et al. (2012)), providing a
foundation for understanding real-time processing
of multi-word expressions (MWESs) and formulaic
language.
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Frequency strongly influences MWE processing.
Siyanova (2010) found that high-frequency MWEs
are processed more efficiently by native speakers,
whereas non-native speakers benefit mainly from
very high-frequency items. Conklin and Schmitt
(2012) review evidence that MWEs are generally
read faster than novel sequences, with speed modu-
lated by frequency, predictability, and transparency.
Pellicer-Sanchez and Perez (2024) similarly high-
light frequency, familiarity, predictability, and de-
composability as robust predictors of processing
ease, especially for L1 readers.

Different MWE types exhibit distinct patterns.
Carrol and Conklin (2020) reported a general pro-
cessing advantage for idioms, binomials, and col-
locations, with type-specific effects: idioms were
sensitive to frequency, familiarity, and decompos-
ability; binomials to predictability and semantic
association; collocations to mutual information.
Kessler et al. (2021) extended this to spoken idioms,
showing listeners fixate predicted completions and
early semantic associates, with ERP data indicating
facilitated processing for correct completions.

Late gaze measures, including regressions and
re-reading, reliably distinguish MWESs from novel
sequences. Rohanian et al. (2017) showed that
combining gaze features with part-of-speech and
frequency enables computational models to predict
MWESs, consistent with findings that early gaze
measures are less informative (Siyanova-Chanturia,
2013).

The predictability of a final MWE element can
also be formalized with surprisal, the negative log
probability of an event (Shannon (1948)), with
higher surprisal leading to longer fixations. Onnis
and Huettig (2021) applied this to MWEs, showing
that frequent and predictable sequences are easier
to integrate, whether stored as chunks or composed.
Moreover, Alves et al. (2025) show that the nega-
tive surprisal slope over token sequences is a strong
predictor of MWEhood.

In this study, we focus on two under-studied
MWE types, using regression models to examine
whether reading-time measures predict MWEhood.
We also compare these effects with surprisal esti-
mates from a large language model, which have
been shown to predict reading times (Wilcox et al.,
2023).
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3 Methodology

3.1 Data

We used two eye-tracking corpora: UCL (Frank
et al., 2013) and Provo (Luke and Christianson,
2018).

The UCL dataset includes self-paced reading
times and eye-tracking data from 361 English sen-
tences drawn from three novels. The participants
were native speakers and first-year psychology stu-
dents (104 self-paced readers and 42 eye-tracking
participants; mostly native speakers). Reading-
time measures include word-by-word response
times, first-fixation, first-pass gaze duration, and
total fixation.

The Provo Corpus contains eye-tracking data
from 84 native English-speaking adults reading
55 short passages (134 sentences, 2,745 words)
from news, fiction, and popular-science texts. Mea-
sures include fixation durations, number of fixa-
tions, skipping, regressions, and cloze-based pre-
dictability norms. Unlike isolated sentence corpora,
Provo captures more naturalistic, continuous read-
ing, making it particularly suitable for studies of
predictive processing.

Sentences from both corpora were automati-
cally annotated using the Universal Dependencies
framework with Stanza (Qi et al., 2020) and the
combined English model. Fixed expressions and
phrasal verbs were identified from tokens labeled
as fixed and compound: prt, respectively, and as-
signed a value of 1 (MWE), while tokens with
the same surface form but different labels were
assigned 0 (non-MWE).

3.2 Reading-time Measures and Surprisal

In this study, we focus on three widely used
reading-time measures (Rayner, 1998). First fix-
ation duration refers to the duration of the initial
fixation on a word during first-pass reading. Gaze
duration is the sum of all first-pass fixations on a
word, while total fixation duration represents the
total time spent fixating on a word, including re-
gressions.

First fixation duration reflects early lexical ac-
cess, gaze duration captures lexical and syntactic
processing during initial reading, and total fixation
duration indexes later comprehension stages such
as reanalysis and integration difficulties (Rayner,
1998).

For the comparison of reading-time measures
with surprisal, we estimated the surprisal of each



word using the smallest GPT-2 model! (Radford
et al., 2019). We use GPT-2 because prior work
has shown that surprisal estimates from larger
transformer-based language models often provide
a poorer fit to human reading times than smaller
models, likely because increased capacity leads
to representations that diverge from human incre-
mental processing (Oh and Schuler, 2023). Sur-
prisal values were extracted using the surprisal?
Python library. Word-level surprisal was computed
by summing the surprisal values of the constituent
subword tokens.

3.3 Regression Models

We performed logistic mixed-effects regression
analyses in R, using Ime4 library (Bates et al.,
2015), to examine whether reading-time (RT) mea-
sures, tested one at a time, predict the likelihood
that a word is part of a multi-word expression
(MWEhood). Our analysis focusses specifically
on the final tokens that occur either in fixed expres-
sions or in phrasal verbs, comparing their behaviour
when they appear in MWE contexts versus non-
MWE contexts. For each token, we fitted a logistic
mixed-effects model with predictors including the
current word’s RT, word length, their interaction,
spillover RTs and word lengths of the two preced-
ing words, and random intercepts for participants
(Equation 1).

MWEhood;; ~ RT;; x WordLengch-j
+RTi7j,1 —+ RTZ"]‘,Q + WOI'dLel’lgthi,jil
+ WordLength; ;5 + (1 | Subject;)

)

The same type of regression was conducted in
a second step, replacing the reading-time measure
with surprisal estimates derived from a GPT-2 lan-
guage model for the occurrences of the MWEs in
the Brown corpus (Francis, 1965).

Finally, to complement our analysis, we calcu-
lated the pointwise mutual information (PMI) for
each fixed expression and phrasal verb identified
in the corpora’. The idea is to test whether PMI
values can account for the differences observed be-
tween the reading-time models and the surprisal
models.

"https://huggingface.co/openai-community/gpt2

2https ://pypi.org/project/surprisal/

3All MWEs extracted from the corpora for this study were
bigrams.
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4 Results
4.1 MWE Identification

From the parsed sentences of both corpora, we
extracted several MWEs. In the case of fixed ex-
pressions, six were identified in the UCL corpus;
however, for four of these, the final token did not
appear in a non-MWE context (e.g., at least, in
order). Consequently, only instead of and out of
were considered, with the preposition of as the
analyzed token. In the Provo corpus, nine fixed
expressions were identified, but only due fo and out
of had final tokens that also occurred in non-MWE
contexts.

Regarding phrasal verbs, seventy were extracted
from the UCL corpus. The ones retained for our
analysis included three with the particle on (knock
on, go on, and caught on), six with in (e.g., fill
in, step in), and seventeen with out (e.g., let out,
knock out). In the Provo corpus, fifteen phrasal
verbs were extracted, of which one had the particle
in (rush in) and five had out (turned out, help out,
dig out, built out, looked out).

4.2 Reading Time as MWEhood Predictor

Table 1 shows the significance and AIC values of
first fixation, gaze, and total fixation for the final
tokens of fixed expressions and phrasal verbs in the
UCL and Provo corpora, in predicting whether a
token is part of an MWE. Stars indicate statistical
significance (* p < 0.05, ** p < 0.01, *** p <
0.001, ns = not significant), and numbers in the
adjacent column represent the corresponding AIC
values of the regression models.

It is can be observed that reading-time measures
are statistically significant predictors of MWEhood
for fixed expressions in both corpora. The coeffi-
cients indicate, consistent with previous work, that
tokens are read faster when they form part of an
MWE. However, in contrast to earlier findings (cf.
Siyanova-Chanturia (2013)), we also find signifi-
cant and consistent effects for first-fixation dura-
tion, suggesting that MWE processing advantages
can emerge at earlier stages of lexical access than
previously reported.

On the other hand, for phrasal verbs, we ob-
served no significant effects (with the exception
of the particle out in the Provo corpus). Al-
though Kissane et al. (2024) reported that phrasal-
verb particles tend to be read more rapidly than
verb—preposition bundles, our results align with the
findings of Yaneva et al. (2017), who showed that


https://huggingface.co/openai-community/gpt2
https://pypi.org/project/surprisal/

Corpus Token MWE Type First Fix. AIC Gaze AIC Total Fix. AIC
Provo to Fixed Expression *ok 294 * 294 HAE 1959
of Fixed Expression * 107 ns 113 ns 491
UCL of Fixed Expression *k 522 *k 525 ns 531
Provo in Phrasal Verb ns 57 ns 57 ns 508
out Phrasal Verb ns 230 * 224 ns 1045
UCL on Phrasal Verb ns 513 ns 493 ns 504
in Phrasal Verb ns 655 ns 658 ns 661
out Phrasal Verb ns 806 ns 805 ns 805

Table 1: Significance and AIC values of reading-time measures for fixed expressions and phrasal verbs across
corpora. Stars indicate statistical significance (* p < 0.05, ** p < 0.01, *** p < 0.001, ns = not significant).

the final word in verb—particle combinations does
not differ in processing between MWEs and con-
trol phrases for either native or non-native speakers.
This is likely because readers often extract suffi-
cient information about particles before directly
fixating on them, resulting in high skipping rates.

In terms of AIC, models trained on the Provo
data show better predictive accuracy compared to
UCL models for first fixation and gaze duration.
However, when total fixation duration is used as a
predictor, the Provo-based models are less predic-
tive of MWEhood, suggesting that the status of the
token as part of an MWE has a stronger influence
during earlier stages of cognitive processing.

When replacing the reading-time measures in
equation 1 with surprisal estimates from GPT-2
(also for the previous tokens), we observe a signif-
icant effect (*** p < 0.001) for all tokens except
in. This suggests that surprisal does not distinguish
between MWE types in a way that reflects the cog-
nitive patterns observed in the eye-tracking data.
Additionally, the AIC values for models using sur-
prisal as a predictor are relatively high, over 3,000
for fixed expressions and over 1,200 for phrasal
verbs, indicating lower predictive accuracy com-
pared to models using reading-time measures as
predictors.

The differences observed in the reading-time
models may be due to structural differences be-
tween fixed expressions and phrasal verbs. While
the former function as grammatical units, the latter
behave as lexical items, which entails differences
in their overall cognitive processing. Moreover,
reading time reflects multiple stages of processing
such as lexical access, syntactic integration, and
comprehension, whereas surprisal is more limited,
capturing only how predictable a token is given the
preceding context. Table 2 presents the mean PMI
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values for the fixed expressions and phrasal-verb
particles included in our analysis.

Token MWE Type Mean PMI
to fixed 2.53
of fixed 3.81
on PV 3.42
in PV 1.65
out PV 3.94

Table 2: Mean PMI values for fixed expressions and
phrasal verbs.

Analysing the PMI values of the fixed expres-
sions and phrasal verbs shows that fixed expres-
sions and verb—particle combinations with out and
on generally show the highest PMI scores, although
some variability is evident (e.g., the low PMI of not
to, 0.81). In contrast, phrasal verbs with in show
the lowest PMI values, which may help explain the
lack of significant effects when using surprisal as a
predictor. Overall, these results indicate that PMI
alone cannot account for the differences observed
in the cognitive processing of fixed expressions and
phrasal verbs.

5 Conclusion and Future Work

This study examined whether eye-tracking mea-
sures predict whether a word is the final token of a
multi-word expression (MWE), focusing on fixed
expressions (e.g., due to) and phrasal verbs (e.g.,
go out). Logistic mixed-effects regression analyses
were used to compare reading-time measures for
tokens appearing in MWEs versus the same tokens
in non-MWE contexts.

The results reveal a clear processing distinc-
tion between these MWE types. For fixed expres-
sions, reading times, including early measures such
as first-fixation duration, significantly predicted



MWEhood. In contrast, phrasal verbs showed no
consistent reading-time differences. Additionally,
while surprisal estimates from GPT-2 generally pre-
dicted MWEhood, they did not capture this type-
specific distinction, and PMI values also failed to
account for the observed processing differences.

These findings highlight that MWE type matters:
fixed expressions, which function as grammatical
units, and phrasal verbs, which behave as lexical
items, engage distinct cognitive mechanisms de-
spite both being formulaic.

Although the present study focuses specific
classes of English MWEs, the proposed approach
is not inherently language-specific. It could be
extended to other languages by leveraging tokens
labelled as fixed in the Universal Dependencies
(UD) framework, which capture a wide range of
multiword expressions cross-linguistically. More-
over, while phrasal verbs are characteristic of En-
glish, the same methodology could be applied to
other MWE types, such as light verb constructions,
which are prominent in many languages.

Future work should extend this investigation to
additional eye-tracking corpora and other types of
MWEs not included in the present study.

Limitations

The findings of this study should be considered
in light of its limitations. First, the analysis re-
lies on data from only two eye-tracking corpora
(UCL and Provo), which constrains the number
and variety of multi-word expressions (MWEs)
available for examination. Consequently, many
fixed expressions and phrasal verbs were excluded
because their final tokens did not appear in com-
parable non-MWE contexts, reducing statistical
power and generalisability. Second, the findings
are specific to two MWE types (fixed expressions
and phrasal verbs); other important categories were
not tested with the same regression approach. Con-
sequently, idiomaticity, transparency, and semantic
compositionality are not examined in this paper.
Ideally, future eye-tracking experiments would in-
clude compounds in both compositional and non-
compositional contexts, enabling direct comparison
of reading-time measures.
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